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Abstract. Medical image visualization requires volumetric rendering al-
gorithms that preserve anatomical fidelity while maintaining high ren-
dering speeds. To address the high computational cost of large volumet-
ric datasets, we propose a Gaussian-based volumetric representation for
efficient visualization of dense medical volumes without compromising
structural and radiometric details. We optimize the proposed represen-
tation using Monte Carlo volumetric estimation, which enables training
on a highly sparse subset of voxels while maintaining consistency with
the dense volumetric objective. In addition, we introduce a curriculum
learning strategy that progressively incorporates structured slice-based
sampling during training. Sparse voxel samples provide an early global
coverage of the volume, while slice samples capture spatially correlated
regions that aid geometric structure and texture continuity. This combi-
nation enables the Gaussian representation to learn anatomical details
of various structures and corresponding textures from sparse supervision
while significantly reducing the computational cost associated with dense
voxel processing. The learned representation supports slice-based ren-
dering methods such as shear—warp volume rendering, enabling efficient
visualization of multimodal medical datasets including MRI and Cryosec-
tion volumes while preserving anatomical structures. Using sparse super-
vision, our method achieves up to 43.86 FPS rendering with a compres-
sion ratio of 11.31:1.

Keywords: Gaussian representation - Volume representation - Monte
Carlo estimation - Curriculum Learning

1 Introduction

Medical volumetric data like MRI, CT, and Cryosection data are high-dimensional
datasets and resource-hungry during real-time visualization. The ray march-
ing [8}[12] volumetric visualization technique renders each pixel by sampling and
interpolating along a camera ray through the volume, making it computationally
expensive for high-resolution views and large volumetric datasets.

Current methods encompassing the domain of volumetric representation and
compression comprise conventional [1,/14,22] and learning based techniques |24}
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29,{35]. Conventional methods such as tensor decomposition [14], discrete co-
sine transform |1, and octree-based |22] compression aim to reduce storage re-
quirements of volumetric data by approximating the voxel grid using compact
representations. While these methods provide efficient compression, they pri-
marily operate on voxel-level signal approximations and do not explicitly model
the volumetric structure required for rendering operations. As a result, these
approaches are not well suited for applications that require flexible reconstruc-
tion of volumetric signals under varying rendering configurations, particularly
for real-time visualization of large medical volumes.

Learning-based techniques such as feedforward networks [24], convolutional
neural networks (CNNs) [4], and Transformers [36] have been used to represent
volumetric data through learned embeddings. Although these approaches can
capture fine details, modeling large volumes often requires a large number of
parameters, making them computationally expensive. Optimization-based ren-
dering techniques [9,26] have also been proposed for real-time reconstruction;
however, most of these methods are surface-based and focus on reconstructing
object boundaries rather than modeling the full volumetric interior. As a result,
they fail to capture the fine cross-sectional structures present in dense volumetric
datasets such as MRI and Cryosection.

Efficient learning of volumetric representations therefore, requires training
strategies that approximate the dense voxel objective while minimizing compu-
tational cost. Gaussian splatting [104/33,39] is primarily optimized for surface-
like scene representations, and therefore struggles to directly model voxel-based
medical volumes where meaningful information is distributed across internal
cross-sectional structures rather than only on visible surfaces. To address these
limitations, we propose a Gaussian-based volumetric representation that learns
a compact approximation of dense medical volumes. Inspired by the recent suc-
cess of Gaussian splatting in real-time rendering, we extend this representa-
tion to volumetric medical data for efficient reconstruction and visualization.
We optimize the proposed representation using a curriculum learning strategy
that combines sparse voxel sampling and structured slice-based sampling during
training. Sparse voxels provide global coverage of the volume, while slice sam-
ples capture spatially correlated regions that encode geometric structure and
texture continuity. This combination enables the Gaussian representation to ef-
ficiently learn both global volumetric consistency and local anatomical details.
Since shear-warp rendering operates on stacks of 2D slices, incorporating slice-
based supervision during training naturally aligns the learned representation
with the rendering process.

The proposed framework is applicable to multimodal volumetric datasets
including MRI and Cryosection volumes. By learning a compact Gaussian rep-
resentation of organ structures, the method enables efficient reconstruction and
supports real-time selective visualization of individual organs. Our contributions
can be summarized as follows:

— A Gaussian-based volumetric representation that approximates a dense med-
ical volume using a sparse set of learnable Gaussian kernels.
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— A training strategy that utilizes Monte Carlo voxel sampling for efficient
optimization of the volumetric representation from sparse supervision.

— A curriculum learning-based approach to training Gaussians using a mix
of volumetric and planar slice-based sampling strategies. Incorporating slice
samples provides spatially correlated supervision that improves reconstruc-
tion of anatomical structures compared to isolated voxel samples.

— A fast GPU-based Gaussian volume renderer based on the Shear-warp algo-
rithm for real-time visualization.

Furthermore, the learned representation naturally supports slice-based ren-
dering techniques such as shear—warp volume rendering, enabling high frame-rate
visualization of large volumetric datasets.

2 Related Work

Learning-based methods in volumetric representation: Learning-based
approaches have been explored for representing volumetric data using continuous
implicit functions. Neural Radiance Fields (NeRF) [7],/11,[25,[30,[341|40] approxi-
mate a volumetric function that maps 3D spatial coordinates and viewing direc-
tions to color and density values using a multilayer perceptron (MLP). Rendering
a single image requires evaluating the network multiple times along each camera
ray, making the rendering process computationally expensive due to repeated
MLP inference and dense ray sampling.

Although NeRF can capture detailed volumetric signals, the use of large
neural networks and dense sampling along rays leads to high computational
overhead during both training and rendering. For high-resolution volumetric
datasets such as medical scans, the number of network evaluations required to
reconstruct fine spatial structures can become prohibitively expensive.

CNNs [81/12//21138] have also been used to learn volumetric representations by
operating directly on voxel grids. While CNN-based models can capture spatial
context through convolutional filters, they often require dense volumetric inputs
and large memory footprints when applied to high-resolution volumes.

More recently, Transformer [2}[3}/6]/17,/19,|32,|35//41] models have been ex-
plored for volumetric representation learning by modeling long-range spatial
dependencies across volumetric data. Although transformers can capture global
context effectively, their computational complexity grows rapidly with the size of
the input volume, making them challenging to scale for large medical datasets.
GNT-MOVE [6] extends NeRF-based novel-view synthesis using Transformer-
based view aggregation. CVT-xRF [41] is a NeRF-based technique that uses
Transformers to build a more consistent 3D radiance field from multiple input
views. It applies cross-view reasoning, where the Transformer exchanges and ag-
gregates features across images of the same scene, assigning higher importance
to the views that provide more useful information for reconstruction. These lim-
itations motivate the need for compressed volumetric representations that can
efficiently capture volumetric structure while reducing the computational cost
associated with dense neural representations.
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Surface rendering with Gaussians: Surface-oriented Gaussian Splatting
methods have been widely explored for novel-view synthesis and visualization
[54/104/134/16,18(33[39]. Kerbl et al. [10] introduced 3D Gaussian Splatting, where
a scene is represented as a set of anisotropic Gaussian primitives parameterized
by position, covariance, color, and opacity. These Gaussians are projected onto
the image plane using a visibility-aware rasterization procedure, enabling real-
time novel-view synthesis with high visual fidelity. Liang et al. |18] proposed
Analytic Splatting to reduce aliasing artifacts observed in Gaussian Splatting.
Their method analytically integrates the Gaussian contribution across the pixel
footprint, producing smoother renderings and preserving fine structural details.
FreeSplatter [39] is a Gaussian Splatting framework that predicts 3D Gaus-
sian primitives and camera parameters from uncalibrated sparse view images
using a Transformer-based multi-view feature exchange technique. The Trans-
former exchanges and aggregates information across multiple input views, help-
ing infer consistent 3D structures from sparse observations. Tang et al. 33|
introduced iVR-GS for interactive visualization of volumetric medical data. The
method groups Gaussian models associated with different transfer functions to
enable interactive exploration and editing of volumetric structures. Kleinbeck et
al. [13] proposed a layered Gaussian representation for immersive visualization
of anatomical structures. Each Gaussian layer corresponds to a specific anatom-
ical component and is trained sequentially to reduce overlap between structures.
ClipGS [16] extends Gaussian splatting for interactive visualization of medical
scans by introducing clipping operations that allow users to explore internal
structures through dynamically adjustable slicing planes. Recent work [5] re-
formulates Gaussian primitives as volumetric density functions and performs
ray-based integration through the Gaussian field to solve the radiative trans-
fer equation. This enables physically consistent volumetric rendering but intro-
duces additional computational cost compared to rasterized splatting methods.In
contrast to surface-oriented Gaussian splatting techniques, our work focuses on
learning a Gaussian representation that models the interior volumetric structure
of medical datasets while enabling efficient reconstruction and visualization.

3 Method

As shown in Fig. [T} our method represents volumetric data using a set of Gaus-
sian kernels that approximate the underlying continuous volumetric signal. The
Gaussian representation enables reconstruction of the entire voxel grid while sig-
nificantly reducing the number of primitives required for its representation. The
reconstructed color at any spatial location is obtained by evaluating the Gaus-
sian mixture. To efficiently optimize this representation, we initialize Gaussians
from a sparse set of voxels and update their parameters using sampled super-
vision. Instead of computing the reconstruction loss over the full voxel grid, we
use a Monte Carlo volumetric estimator 20| to approximate the dense objec-
tive using a subset of voxels while preserving consistency with the full-volume
optimization. We further improve the learning of anatomical structures by com-
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bining sparse voxel sampling with slice-based sampling by progressively training
these sampling strategies using Curriculum learning [37]. In each training itera-
tion, a plane with arbitrary orientation is sampled, and sparse pixels are selected
on the plane. Each pixel corresponds to a three-dimensional voxel coordinate,
allowing the Gaussian representation to learn spatial continuity across neighbor-
ing regions. This sampling strategy aligns with shear—warp volume rendering,
which generates images from stacks of two-dimensional slices extracted from a
three-dimensional volume. In the following sections, we first present our Gaus-
sian representation designed for the shear—warp renderer, followed by an analysis
of the performance improvements achieved by the proposed method.

3.1 Gaussian representation

Consider representing a given voxel grid with a set of Gaussian kernels [10] esti-
mated from m voxel samples. We initialize one Gaussian kernel centered at each
sampled voxel position and define the set G = {G1,Go, ..., G, } of m Gaussians.
Each Gaussian has associated learnable parameters: mean p € R3, covariance
matrix X € R3*3, RGB color C € R?, and opacity a € R that are estimated
during optimization. The Gaussian mean p determines the spatial location of
the colored blob, while the covariance matrix X controls the spatial spread and
orientation of the color contribution. Although each Gaussian has a constant
color parameter C, the Gaussian weighting function formulates its spatial influ-
ence, producing a continuous volumetric color field when multiple Gaussians are
combined. This Gaussian representation defines a continuous volumetric field f
of colors computed as the weighted contribution of all Gaussian kernels in the
mixture

10 = Y- arCroxp( 50— ) 5 - ) ) 0

i=1

3.2 Monte Carlo volumetric estimation

Let £2 denote the set of all n voxels in the volume and x be the 3D coordinate of
a voxel. Our reconstruction objective is to minimize the voxel-wise mean squared
error over the entire volume V'

Liose =5 Y U050),  (050) = Vo) - VB, (2)
x€en

where V(x) is the ground-truth voxel color at coordinate x and Vg is the
Gaussian-based continuous volume representation parameterized by ©. Opti-
mizing the Gaussian volumetric representation using all voxels of a volume is
computationally expensive for high-resolution grids, since every iteration re-
quires computing the predicted color and gradient for each voxel that incurs
significant memory and computational overhead. Therefore, directly minimizing
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Fig. 1: Overview of the proposed Gaussian-based volumetric representation for real-
time rendering. Sparse voxel and slice samples are used under a curriculum sampling
strategy to optimize a continuous Gaussian volumetric representation, which is sub-
sequently used to generate arbitrary view-based slice textures for shear—warp volume
rendering.

the dense loss Lgense is impractical for large volumetric datasets where grid sizes
of 5123 are common.

A common alternative is to compute the loss using a subset of voxels sampled
from the volume. One naive approach is to randomly sample a set of voxel posi-
tions in each epoch and compute the reconstruction loss only on these samples.
That is, randomly sample m < n voxel positions from a sampling distribu-
tion ¢(x) defined over (2. In practice, this sampled voxel set corresponds to the
sparse supervision set M introduced in Section [3.2] The resulting loss can then
be estimated as

1 m
Lnaivc = — 4 iy y e .
U0 xial) ®)

This estimator matches the dense objective when the sampling distribution is
uniform, i.e., ¢g(x) = % While uniform sampling produces an unbiased estimate,
it is often inefficient for volumetric data since large regions may contain redun-
dant or low-information voxels. In practice, it is beneficial to sample informative
voxels more frequently, such as those with large reconstruction error or high
spatial gradients. Therefore, such random subsampling does not guarantee that
the estimated loss corresponds to the dense loss, particularly when the sam-
pling distribution is non-uniform or when informative regions of the volume are
sampled more frequently than others. In these cases, the optimization effectively
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minimizes a modified objective that depends on the sampling distribution rather
than the actual volumetric reconstruction error.

Mounte Carlo estimation |20] provides a principled framework for approxi-
mating the dense volumetric objective using a sparse subset of samples while
preserving consistency with the original objective. By incorporating appropriate
importance weights based on the sampling distribution, the Monte Carlo estima-
tor produces an unbiased estimate of the dense loss. Consequently, the expected
value of the estimated loss and its gradients match those of the dense loss, allow-
ing stochastic optimization to converge to the same optimum while significantly
reducing computational cost. A naive subsampling from a non-uniform distri-
bution leads to a biased estimator of the dense objective. To correct this, we
use importance-weighted Monte Carlo estimation. The Monte Carlo estimator
is defined as

R I e 1
Lye = — ; np(xz')g(xi» 0),  xi~px). (4)

Taking expectation with respect to p(x),
A 1
E[L = — {(x;0 :LCHSC@7 5
[Lyc] HXEZQ(X,) dense(O) (5)

showing that the estimator is unbiased. The corresponding gradient estimator is

m

A 1 1
Veluc = — > Vel(x;0), (6)

2 plx)

that satisfies E[V@I:Mc] = Vo Ldense(O).

Thus, stochastic gradient descent using this estimator converges to the same
optimum as dense training under standard assumptions. In practice, informa-
tive voxels often correspond to regions with high reconstruction error or strong
spatial gradients. Sampling such voxels more frequently improves optimization
efficiency, which naturally leads to an importance sampling formulation where
the sampling probability p(x) is proportional to a measure of voxel information.

p(X) = )‘% + (1 - >\) Pimportance (X)7 (7)

where A € [0, 1] balances uniform coverage and importance-driven sampling. The
importance distribution is estimated from the reconstruction error

pimportance(x) X g(x; 6) + €, (8)

where € > 0 ensures non-zero probability.
This strategy prioritizes high-error regions while maintaining unbiased esti-
mation and global coverage of the volume. Reconstruction error directly depends
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on the correctness of the boundary of various features in the volume and thus
can be represented by high-gradient samples in the volume. A subset of voxels
with high gradient magnitude are selected based on their reconstruction error,
while another subset of voxels is sampled randomly from the volume. Both types
of samples are periodically refreshed every few training iterations. The details
of our sampling and the corresponding probability estimates are given in the
supplementary material.

3.3 Curriculum sampling strategy for structured supervision

Our approach targets efficient shear-warp volume rendering, which composites
stacks of 2D slices sampled from a 3D volume. To learn the Gaussian volumet-
ric field while keeping training efficient, we use two complementary supervision
techniques which include sparse voxel samples drawn for Monte Carlo volumetric
estimation (Section and pixel samples on randomly oriented slice planes. We
optimize the Gaussian field parameters © using sparse voxel coordinates x € (2
sampled from the Monte Carlo distribution p(x) (Section [3.2]). For slice-based
supervision, instead of computing the loss over the entire image grid, we evaluate
it only on a subset of sampled locations on the slice. In each iteration, we ad-
ditionally sample a plane with arbitrary orientation, and select sparse 2D pixel
locations on that plane. Each sampled pixel corresponds to a 3D coordinate x
in the volume, and the set of samples from the same plane provides supervi-
sion on multiple points that share the same plane. Compared to isolated voxel
samples, these planar samples introduce structured constraints that encourage
spatial coherence within each slice plane, and thus directly improves the fidelity
of the generated slices later used by shear-warp compositing. Both voxel and
slice supervision update the same Gaussian volumetric function, the difference
lies only in how the supervised 3D coordinates x are sampled and paired with
ground-truth color y(x). This approach of sampling of coordinates from the
slices enables the Gaussians to learn better spatial correlation while maintaining
the sparsity of the input, which further makes this technique highly memory
efficient.

Rather than switching supervision abruptly, we blend the two losses with
weights that vary over training progress. The weights A, (¢) and A4(t) are sched-
uled over the training iteration ¢ to gradually introduce slice supervision while
maintaining strong voxel supervision during early optimization. To gradually in-
troduce planar supervision during training, we define a smooth activation sched-
ule for the slice loss

() = As,maxa(t ;s%> L ) =1 -0, ()

where o(-) denotes the sigmoid function for curriculum learning [37], As max is
the maximum weight assigned to the slice loss, s represents the iteration at
which slice supervision becomes significant, and s controls the smoothness of
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the transition. The voxel loss weight A\, (t) can be defined similarly or gradually
decreased during training.

‘C(t> = /\v (t) IA/MC + /\s (t) leicey (10)

where L£(t) denotes the total loss at iteration t. The term Lgjc represents the
slice supervision loss computed on pixel coordinates sampled from slices. For a
set of sampled slice pixels S, the slice loss is defined as

1
Latiee = 15 D IIEG) = y(0)l3,

xeS

where y(x) denotes the ground-truth voxel color at x.

Although pixels are sampled from 2D slice coordinates, each pixel corre-
sponds to a 3D voxel location within the volume. Therefore, both voxel and
slice supervision update the same Gaussian parameters through gradients of
the predicted volumetric function fg. This curriculum strategy combines sparse
voxel supervision for global volume coverage with structured planar sampling
that provides spatially correlated supervision across slices. Together, these com-
plementary sampling strategies improve the learning of spatial coherence and
geometric structures within the Gaussian volumetric representation.

3.4 Shear—warp volume rendering using Gaussian representation

To enable efficient real-time visualization of the learned Gaussian volumetric rep-
resentation, we adopt a shear—warp volume rendering [15] strategy. Shear—warp
rendering is chosen due to its computational efficiency for slice-based compositing
and its suitability for structured 2D slice extraction from 3D volumes. Conven-
tional shear—warp rendering takes as input a voxel grid and extracts three stacks
of slices aligned with the principal axes of the volume. For an arbitrary viewing
direction, a shear transformation is applied to align the viewing rays perpendic-
ular to the selected principal stack, followed by slice-by-slice compositing. The
ray marching [8/12] algorithm is a prevalent real-time rendering technique that
involves sampling along every ray passing through the volume, and each ray
corresponds to a pixel position on the rendered image from a camera viewing
direction. The sampling operation is followed by interpolation for all the samples
along all the rays for a single rendered view. These operations are computation-
ally expensive for higher-resolution rendered views and larger volumetric data.
While efficient, this approach assumes a voxel representation which is dense by
nature and requires maintaining axis-aligned slice stacks. In contrast, our ap-
proach integrates shear—warp rendering directly with the Gaussian volumetric
representation. Our GPU-based renderer makes use of the fact that the Gaus-
sians are not oriented along principal axes (unlike voxels) and therefore does
not need to maintain three stacks of parallel slices but just one. We sample slice
textures from the Gaussian representation along the current viewing direction,
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shear and combine these using the standard front-to-back alpha compositing
scheme to generate an image. The stack is reused for subsequent frames as long
as the camera orientation remains within a specified angular threshold. When
the camera rotates beyond this threshold, the slice stack is refreshed and re-
oriented to match the new viewing direction. This adaptive stacking strategy
reduces memory consumption by avoiding multiple precomputed stacks while
maintaining rendering efficiency.

The existing Gaussian Splatting-based renderers are mainly surface-oriented,
while our goal is internal volume rendering. We therefore use shear-warp ren-
dering, which supports slice-based compositing of volumetric interiors and is
computationally cheaper than ray marching. Its slice-based memory access and
incremental compositing strategy enable high rendering throughput. On the
Cryosection dataset, our method achieves an average rendering speed of 43.86
FPS, compared with 15.05 FPS for ray marching achieving a 2.91x speedup.
Table [I] reports organ-wise frame rates and volume compression. These results
show that the Gaussian-based shear-warp formulation enables efficient real-time
rendering while preserving structural fidelity and maintaining a low memory
footprint.

4 Implementation details, results and analysis

We evaluate our approach on volumetric datasets from multiple imaging modal-
ities, including MRI and Cryosection volumes. For grayscale MRI data, we eval-
uate performance on the T2 BraTS dataset [23] and the MRI dataset of em-
bryonic and neonatal mouse |28]|. The color dataset used in our experiments is
the Cryosection dataset from the Visible Korean Project [27]. We further eval-
uate our approach on multiple organs from this dataset, including lungs, liver,
heart, and brain, where the organ-level volumes are extracted using the pro-
vided segmentation masks. The ground-truth supervision consists of a sparse
voxel set sampled from the dense voxel grid using a hybrid strategy based on
gradient magnitude and random sampling. We select the sparse voxel set such
that the total memory footprint of the Gaussian representations remains within
25% of the original volumetric data size. Within this sparse set, 60% of vox-
els are selected from high gradient magnitude regions, while the remaining 40%
are randomly sampled across the volume. Optimization is performed using the
Adam optimizer with a learning rate of 5 x 107%, and the Gaussian parameters
are trained for 120 epochs. We evaluate reconstruction accuracy by comparing
the Gaussian-reconstructed volume with the original dense voxel grid. Rendering
quality is evaluated by comparing shear—warp rendered images generated from
the Gaussian representation with rendered images from the dense voxel grid.
The reconstruction accuracy and rendering quality are analyzed for both the re-
constructed voxel grid and arbitrary rendered views obtained from the Gaussian
representation.

4.1 Comparisons
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Fig. 2: Visual comparison of rendered views for different organs, including brain, liver,
heart, and lungs from Cryosection data, BraTS MRI data, and mouse neonatal MRI
data.

Datasets The evaluation metrics are computed for grayscale MRI modali-
ties, including the BraTS dataset and the embryonic—neonatal mouse MRI
dataset. The RGB modality corresponds to the Cryosection dataset, along with
organ-level volumes including lungs, liver, heart, and brain. The qualitative anal-
ysis of our approach on the BraT$S dataset is shown in Fig. 2} The visual results
illustrate the dense volume reconstructed from the sparse Gaussian represen-
tation. It can be observed that the proposed technique successfully generates
rendered views using the shear—warp rendering algorithm from the Gaussian-
based volumetric representation. Furthermore, the method efficiently preserves
structural details in both the rendered views and volumetric cross-sectional
slices across all modalities. Performance is quantified using Mean Squared Error
(MSE) [31], Peak Signal-to-Noise Ratio (PSNR) [31], Structural Similarity Index
(SSIM) [42|, and Multi-Scale SSIM (MS-SSIM) as shown in Table [I} The
results demonstrate that our technique consistently achieves low MSE values
and high PSNR, SSIM, and MS-SSIM scores across all modalities, indicating
that the sparse Gaussian representation effectively captures the structural and
textural characteristics of the target volumes.

Sparse representations We compare our approach with several high-capacity
deep learning models used for learning complex data patterns, including MLPs
24|, Transformers , and UNet . These models rely on large numbers of
learnable parameters and are evaluated for reconstructing dense voxel grids from
sparse voxel observations. As shown in Fig. [3| we evaluate MLP-based represen-
tations using two supervision strategies: voxel-based and slice-based supervision.
In voxel supervision, the MLP maps sparse voxel coordinates sampled from the
dense volume to their corresponding color intensities in the Cryosection data.
In slice supervision, sparse voxel coordinates are sampled from cross-sectional
planes and mapped to the color intensities of those planes. In both settings, the
MLP fails to preserve fine structural details and struggles to reconstruct high-
quality rendered views. For the Transformer-based representation, we train
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Table 1: Quantitative analysis on different datasets.

Dataset PSNR SSIM MS-SSIM FPS Compression ratio
Brain [27] 32.10 0.943 0.991 45.5 9.34:1
Liver |27 43.16 0.981 0.996 50.18 9.45:1
Heart |27 32.19 0.958 0.990  48.57 10.09:1
Lungs [27] 34.93 0.952 0.989  39.77 4.73:1
BraTsS |23| 40.88 0.988 0.998 44.82 11.31:1
Mouse Neonatal [28] 33.48 0.956 0.987  46.56 9.94:1

the model using sparse 8 x 8 x 8 3D patches sampled from the volume. However,
the Transformer struggles to preserve fine anatomical structures and introduces
synthetic artifacts in regions with weak anatomical signals. For the UNet-based
approach |4], we use a local 3D voxel neighborhood of size 8 x 8 x 8 and predict
voxel intensities using 3D convolutional layers. While this captures local context,
3D convolutions increase computational overhead, and the model underperforms
in capturing complex color variations and anatomical structures. We also include
GNT-MOVE 6], CVT-xRF [41], and FreeSplatter [39] as recent Transformer,
NeRF, and Gaussian Splatting-based reconstruction methods. These approaches
are representative of modern high-capacity rendering architectures that use at-
tention mechanisms, radiance-field modeling, or Gaussian-based scene represen-
tations to reconstruct complex visual data. Since these methods were not orig-
inally designed for sparse volumetric reconstruction of dense Cryosection data,
we adapt their input representations, training hyperparameters, and minor ar-
chitectural settings to fit our problem while keeping their core model designs
unchanged. As shown in Fig. they do not consistently preserve fine inter-
nal anatomical structures or dense color variations in the Cryosection volume,
whereas our approach directly fits a compact volumetric representation for inter-
nal 3D visualization. We further evaluate reconstruction and rendering accuracy
using PSNR, MSE, SSIM, and MS-SSIM, as shown in Table 2] Our Gaussian-
based representation consistently achieves lower MSE and higher PSNR, SSIM,
and MS-SSIM than the deep learning baselines, indicating better preservation
of structural and textural details. The table also reports efficiency in terms of
training time, memory usage, FLOPs, and FPS, which are critical for real-time
volumetric visualization. Compared with neural baselines, our method achieves
high visual fidelity with substantially lower computational cost, demonstrating
that the sparse Gaussian representation supports efficient reconstruction and
real-time rendering. TFPS is not reported for GNT-MOVE [6] because its ren-
dering pipeline requires view-dependent neural inference with a large number of
parameters, making real-time rendering infeasible under our evaluation setup.

4.2 Ablation study

We perform an ablation study to analyze the contribution of the proposed sam-
pling strategy and curriculum learning—based supervision and evaluate recon-
struction quality using PSNR, MSE, SSIM, and MS-SSIM.
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Fig. 3: Comparisons with learning-based volumetric representation methods.

Table 2: Quantitative comparison with baselines. Top results are highlighted as 1st ,
2nd , and 3rd .

Method Reconstruction | Rendering | Efficiency

PSNRT MSE| SSIMTMS-S|PSNR1T MSE| SSIM{MS-SEpochs Time Mem FLOPs FPS
SIMT SIM* (hours) (GB)

24 23.63 0.000434 0.772 0.871| 46.610 0.000176 0.968 0.980| 200 6.7 15 9.50x10'? 18.99
Slice MLP |24/ 30.02 0.000995 0.920 0.969| 36.32 0.000248 0.973 0.983| 300 35.0 14 1.88x10'3 14.27
Transformer 9.60  0.052000 0.631 0.404| 29.73 0.014900 0.873 0.481| 200 33.3 30 1.91x10% 0.11

UNet 26.70 0.002130 0.798 0.943| 42.10 0.000520 0.982 0.985| 200 16.7 36 2.05x10%2 15.00
CVT-xRF 18.98 0.012657 0.591 0.560| 15.09 0.033922 0.536 0.551| 500 19.3 22 2.84x10%° 30.17
FreeSplatter [39] 14.74 0.033608 0.483 0.515| 16.24 0.023822 0.569 0.426| 700 0.13 11 1.27x10'2 36.01
GNT-MOVE 11.28 0.074417 0.046 0.317| 15.11 0.030866 0.084 0.413| 300 39.2 12 1.05x10'° N/Af
Ours 34.81 0.000398 0.956 0.993| 54.87 0.000021 0.995 0.993| 120 6.0 28 9.17x10° 43.86

Voxel MLP [24]

Cross-
section

Rendered

Rendered

Fig. 4: Visual comparisons of the ablation study on cross sections and rendered views
from the shear-warp renderer.




14 M. Mathur and O. Sharma

Table 3: Quantitative results of ablation on reconstruction and rendering quality.

Method Reconstruction quality Rendering quality
PSNR1T SSIM1T MS-SSIMt PSNR1{ SSIM1{T MS-SSIM*

Ay 33.46  0.956 0.990 50.7 0.962 0.964
A, 12.16  0.060 0.214 27.10  0.826 0.789
As 22.64  0.727 0.850 40.59  0.932 0.937
Ay 14.350  0.646 0.512 33.18  0.878 0.887
As 32.40  0.943 0.988 52.34  0.968 0.991
Ours 34.81 0.956 0.993 54.870 0.995 0.993

A;(Random voxel supervision): In this experiment, we optimize the Gaus-
sian representation using randomly sampled voxel coordinates together with
high-gradient-magnitude voxels. At each iteration, a new set of voxel samples
is selected, and the reconstruction loss is computed against the dense volume.
In contrast, our approach initializes Gaussians over a sparse voxel set and ap-
proximates the dense volume using MCE. Our method captures finer structural
details in both reconstructed volumes and rendered views. The evaluation met-
rics further confirm improved reconstruction under sparse voxel supervision.

A, (Curriculum learning with random voxel then random slices): This
setting introduces slice supervision together with voxel supervision under ran-
dom sampling during Gaussian optimization. While slice supervision progres-
sively incorporates finer structural details through curriculum learning, random
voxel sampling leads to unstable global approximation and further destabilizes
the learning of Gaussian parameters.

Aj; (Curriculum learning random slices then random voxel): In this
ablation, slice supervision is applied first, followed by voxel supervision under
random sampling with dense approximation. Since slice supervision is introduced
before stable global voxel constraints are established, the Gaussian parameters
are initially optimized using limited planar information. This results in unstable
learning of the volumetric structure, and the later introduction of random voxels
does not sufficiently correct the global approximation.

A, (Only slice supervision): This configuration uses only slice supervision
without voxel supervision. Although slices provide structured planar constraints
and capture local spatial continuity, they cover limited regions of the volume at
each iteration. Without sparse voxel supervision across the volume, the Gaussian
representation lacks global spatial guidance. This limits accurate reconstruction
of the full volumetric structure.

A; (MCE voxel based supervision): In this setting, MCE is used for voxel
sampling while optimizing Gaussian parameters using voxel supervision only.
Importance-weighted sampling improves coverage of informative regions while re-
maining consistent with the dense reconstruction objective. This updates Gaus-
sian parameters using more representative voxel samples and stabilizes opti-
mization. However, without slice supervision, the model lacks structured planar
constraints and shows lower performance in rendered views than our method.
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5 Limitations

The proposed representation has limitations due to the smooth nature of Gaus-
sian primitives. Since each primitive models the signal using a smooth spatial
kernel, the reconstructed volumetric field may exhibit slight blurring near sharp
boundaries or high-frequency details. This behavior is inherent to Gaussian-
based representations that approximate volumetric signals using smooth basis
functions. Additionally, small bright dot-like artifacts in certain regions of the
reconstructed volume appear occasionally. These artifacts likely arise from the
highly sparse supervision used during optimization, where only a limited subset
of voxel samples guides the Gaussian parameter updates. Although the current
framework produces visually consistent reconstructions even under strong spar-
sity constraints (as shown in the supplementary material), improved sampling
strategies or regularization could further reduce these artifacts in future work.

6 Conclusion

In this work, we present a Gaussian-based volumetric representation for efficient
reconstruction and visualization of high-resolution medical volumes. The volume
is modeled as a continuous Gaussian field that can be evaluated at arbitrary spa-
tial coordinates, enabling dense reconstruction from sparse voxel supervision. To
optimize this representation, we use Monte Carlo volumetric estimation to ap-
proximate the dense reconstruction objective using a sparse voxel subset while
remaining consistent with the full objective.We further introduce a curriculum
learning—based sampling strategy that combines sparse voxel samples with pla-
nar slice samples during training. While voxel samples provide global volumetric
coverage, slice supervision introduces structured spatial constraints that improve
the learning of anatomical structures. The learned Gaussian representation sup-
ports efficient shear—warp volume rendering for high-quality visualization of vol-
umetric medical data across modalities such as MRI and Cryosection. The effec-
tiveness of our approach is demonstrated across multiple modalities, compared
with learning-based volumetric reconstruction methods, and validated through
comprehensive ablation studies.
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