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Abstract

3D Gaussian Splatting (3D-GS) has recently emerged as a
powerful technique for real-time, photorealistic rendering by op-
timizing anisotropic Gaussian primitives from view-dependent im-
ages. Unlike neural implicit methods such as NeRF, 3D-GS avoids
the need for a neural network forward pass at inference, making
it significantly faster while maintaining high visual fidelity. While
3D-GS has been extended to scientific visualization, prior work
remains limited to single-GPU settings, restricting scalability for
large scientific datasets on high-performance computing (HPC)
systems. In this study, we present a distributed 3D-GS pipeline
tailored for scientific data on HPC. Our approach partitions data
across nodes, trains Gaussian splats in parallel using multi-nodes
and multi-GPUs, and merges splats for global rendering. To elim-
inate artifacts, we add ghost cells at partition boundaries and ap-
ply background masks to remove irrelevant pixels. Benchmarks
on the Richtmyer—Meshkov datasets (about 106.7M Gaussians)
show up to 3X speedup across 8 nodes on Polaris while preserving
image quality. These results demonstrate that distributed 3D-GS
enables scalable visualization of large-scale scientific data and
provides a foundation for future in situ applications.

Introduction

3D Gaussian Splatting (3D-GS) [Kerbl et al.(2023)] is a re-
cent technique that enables photorealistic, real-time rendering of
complex 3D scenes by optimizing anisotropic Gaussian primitives
from view-dependent images. Unlike neural implicit methods
such as NeRF [Mildenhall et al.(2021)|], 3D-GS avoids the need
for a neural network forward pass at inference, making it signifi-
cantly faster while maintaining high visual fidelity.

Recent work has begun to apply 3D-GS to scientific visu-
alization [Ai1 et al.(2025), [Tang et al.(2025), |Sewell et al.(2024),
Yao and Wang(2025)]. These approaches have shown promise,
but existing pipelines are typically limited to single-GPU exe-
cution. This limitation hinders the scalability of large complex
datasets produced by high-performance computing (HPC) sim-
ulations, which are often distributed between multiple compute
nodes in subsets that cannot be centralized in a single node’s
memory.

To address this limitation, we propose a distributed
3D-GS pipeline tailored for HPC environments.  Our ap-
proach is based on the isosurface-based method of Sewell et
al. [Sewell et al.(2024)] and adapts the distributed training con-
cept of Grendel-GS [Zhao et al.(2024)], but with critical modifi-
cations to handle distributed scientific datasets on HPC. Instead
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of loading the full dataset onto a master node, we allow each
node to process only its own subset of data, parallel train Gaus-
sian splats independently on each node, and then combine splats
for global rendering. Additionally, we incorporate ghost cells and
background masking to address rendering artifacts such as gaps
and white streaks. Our contributions are as follows.

* Distributed 3D-GS for HPC: A multi-node, multi-GPU
pipeline for large-scale scientific visualization, designed for
datasets partitioned across HPC nodes.

* Scalability Benchmarks: Performance evaluation with dif-
ferent datasets and across different image resolutions and
node counts.

* Foundation for In Situ Visualization: A first step toward
scalable in situ workflows using 3D-GS for scientific data
visualization.

A preliminary version of this work was presented as posters
at the IEEE eScience 2025 conference (covering the multi-GPU
experiments) and at Super Computing 2025 (covering the multi-
node experiments). In this paper, we extend those results with
a unified presentation and introduce new contributions, includ-
ing a load-balancing strategy along with comprehensive anal-
ysis and discussion. The source code for our distributed 3D-
GS pipeline is publicly available at https://github.com/
MengjiaoH/Grendel-GS-SciVIS.

Background and Related Work
3D Gaussian Splatting

3D-GS [Kerbl et al.(2023)] is a recently introduced tech-
nique for high-fidelity, real-time rendering of complex 3D scenes.
Instead of relying on volumetric grids and implicit neural repre-
sentations such as NeRF [Mildenhall et al.(2021)], 3D-GS repre-
sents a scene as a collection of anisotropic Gaussian primitives
and each primitive is parameterized by its position, scale, ori-
entation, color, and opacity. During the training process, a set
of 3D Gaussians is first initialized to represent the scene. These
Gaussians are then projected into 2D to reconstruct images, and
their parameters are optimized through differentiable rasterization
against ground truth views. The process also includes Gaussian
removal and densification to adaptively refine Gaussians to get
closer to the ground truth views.

A key advantage of 3D-GS is its efficiency at both train-
ing and inference. Kerbl et al. [Kerbl et al.(2023)] have shown
that 3D-GS can be at least 10 times faster than NeRF on the
same scene. In addition, since rendering requires only rasterizing
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Gaussians rather than evaluating a deep neural network, 3D-GS
achieves interactive to real-time performance while maintaining
visual quality comparable to NeRF. However, the original study
only supports single GPU training, which limits the usage of 3D-
GS for large-scale scenes.

To extend 3D-GS training beyond a single GPU, Zhao et
al. [Zhao et al.(2024)] introduced Grendel-GS, which demon-
strated that Gaussian Splatting can be scaled using data-parallel
training across multiple GPUs. Grendel-GS distributes training
images across GPUs and synchronizes Gaussian parameters dur-
ing optimization, allowing datasets too large for a single GPU
to be trained effectively. This work established the feasibility of
scaling Gaussian Splatting to multi-GPU systems and highlighted
the potential for broader adoption in HPC contexts.

Nevertheless, Grendel-GS remains requiring loading all ini-
tial Gaussians and images on the master GPU and then distributed
to the workers. In addition, synchronization of Gaussian param-
eters during optimization relies on images of the global domain,
which is not feasible for scientific data visualization on HPC sys-
tems. In practice, HPC simulation outputs are already spatially
decomposed across nodes, could reaching terabyte scale, and can-
not be trivially centralized. Instead, visualizations are typically
performed independently on each node and later composed into a
final result [Moreland(2011)|]. This limitation motivates our dis-
tributed 3D-GS pipeline, which applies to scientific visualization
and introduces new strategies, including ghost cells, background
masking, and load balancing to ensure scalability and quality on
HPC systems.

3D-GS for Scientific Visualization

Owing to the efficiency and rendering speed of 3D-GS, re-
cent research has begun to explore the application of 3D-GS in
scientific visualization. Sewell et al. [Sewell et al.(2024)|] pio-
neered this direction by adapting 3D-GS to reconstruct isosurface
visualizations of scientific data. Tang et al. [Tang et al.(2025)]
introduced an inverse volume rendering approach using 3D-GS,
enabling interactive editing such as dynamic transfer function ad-
justments. Ai et al. [Ai et al.(2025)|] further extended this concept
by integrating Large Language Models (LLMs) to facilitate user-
driven editing of visualizations through natural language input. In
another line of work, Yao et al. [Yao and Wang(2025)]] proposed
a segmentation and tracking framework for dynamic volumetric
scenes using 3D deformable Gaussians.

Despite these advances, none of the existing studies have
addressed the use of distributed HPC environments for 3D-GS-
based scientific visualization. Given the scale and complexity of
scientific datasets, which are often generated on HPC systems us-
ing multiple nodes, there is a pressing need for scalable visual-
ization solutions. In this study, we present an initial investiga-
tion into distributed 3D-GS training and rendering of isosurfaces
across multiple compute nodes, aiming to facilitate efficient 3D
reconstruction of large-scale scientific data.

Method

Our distributed workflow (Figure [I) is designed to enable
scalable training of Gaussian Splatting models on large-scale sci-
entific datasets without requiring central data aggregation. The
pipeline consists of six major stages:
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Figure 1: Workflow of our distributed 3D-GS pipeline for large-
scale isosurface visualization on HPC systems.

Parallel Training  Merge splats &
reconstruction

on multi-nodes
and multi-GPUs
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Isosurface Extraction: We first extract isosurface point
clouds from volumetric simulation data using ParaViev&El
These point clouds are used as the initial Gaussian primi-
tives.

Camera Setup: To maintain rendering consistency across
nodes, we generate a structured orbital set of synthetic cam-
era views. Each node uses an identical set of camera config-
urations, including position, orientation, field-of-view and
image resolution. This ensures that Gaussian splats are
trained under uniform conditions for correct final merging.
The orbital setup also provides comprehensive angular cov-
erage, which is critical for avoiding reconstruction bias.
Data Partitioning: The dataset is divided into n spatial par-
titions, one for each compute node. To mitigate boundary
artifacts, we extend each partition with ghost cells (refer
to Section Rendering Improvements), which include over-
lapping data along shared boundaries. These ghost regions
guarantee continuity of geometry, reducing visual seams in
the final rendering.

Image Rendering and Masking: On each node, visualiza-
tions are rendered for its assigned partition using the pre-
defined cameras. Alongside RGB images, we generate bi-
nary background masks that delineate the occupied geome-
try (refer to Section Rendering Improvements). These masks
prevent the creation of splats in empty regions and ensure
that computational resources are focused only on relevant
structures. This significantly improves visual fidelity, as ar-
tifacts from splats from background are avoided.

Parallel Training: Each node independently trains a Gaus-
sian Splatting model using a multi-GPU data-parallel strat-
egy [[Zhao et al.(2024)]. The independence of training min-
imizes communication overhead and allows nodes to scale
nearly linearly with available GPU resources. Since each
partition corresponds to a physically local subset of the data,
this design aligns naturally with HPC domain decomposi-
tion strategies commonly used in simulation codes.

Global Reconstruction: Finally, trained splats from all
nodes are collected and merged into a single global model.
The merged splat set can then be used for high-quality ren-
dering or further analysis.

This design removes the need to centralize large-scale
datasets, instead relying on in-place training across distributed

Yhttps://wuw.paraview.org
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partitions. By aligning with the spatial decomposition commonly
available in HPC simulation outputs, the workflow makes dis-
tributed Gaussian Splatting tractable and scalable for large sci-
entific visualization tasks on HPC.

Load Balancing

The size of the data assigned to each node directly impacts
training performance, making balanced partitioning essential for
scalability. We evaluated two strategies for dividing the domain
(refer to Section Load Balancing in Results). The first strat-
egy partitions the domain uniformly along spatial axes by spec-
ifying the number of divisions per axis. While straightforward,
this approach does not guarantee balanced workloads, since dif-
ferent partitions may contain significantly different numbers of
points. The second strategy explicitly aims to achieve load bal-
ance. Given a desired number of partitions, the algorithm recur-
sively splits along the longest axis so that each partition contains
approximately the same number of points. This results in a more
even distribution of computation across nodes and reduces idle
time caused by workload imbalance.

Rendering Improvements

A central challenge in distributed Gaussian Splatting on
HPC is the presence of visual seams and artifacts when merging
splats from independently trained partitions. If left unaddressed,
these artifacts manifest as seams at partition boundaries and white
streaks from background pixels (refer to Figure ib). We mitigate
these problems using two strategies:

1. Ghost cells: By extending each partition one cell into neigh-
boring domains, we preserve overlapping geometry across
boundaries. This ensures that splats trained on each node
naturally blend at the interfaces, eliminating visible seams
and producing continuous surfaces in the global model.

2. Background masks: During training, background pixels
are excluded using binary masks generated alongside syn-
thetic images. This prevents unnecessary splat generation in
empty space and removes the white streak artifacts for the
final rendering.

Together, these improvements yield reconstructions that are
visually indistinguishable from centralized training, while main-
taining the scalability of distributed workflows on HPC systems

(Figure [2d).

(a) Ground Truth

(b) W/O GC and (c) Our Method W/

Masks GC and Masks
Figure 2: Visualization comparison using the Kingsnake scan
dataset. (a) Ground truth, (b) rendering without ghost cells (GC)
or background masks, and (c¢) our method with GC and back-
ground masks.
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Results
We evaluated our distributed Gaussian Splatting workflow
on three representative datasets from small to large:

* Kingsnake (110.3 MB, ~4M points) from DigiMorplﬂ
which serves as a compact biological dataset with complex
geometry but moderate scale.

* Rayleigh-Taylor instability (491 MB, ~182M
points) [Cook et al.(2004)], a canonical fluid dynam-
ics benchmark with highly turbulent structures and strong
interface instabilities.

* Richtmyer-Meshkov instability (5.3 GB, ~106.7M
points) [[Cohen et al.(2002)], a large-scale hydrodynamics
dataset exhibiting shock-driven mixing, representing the
largest and most challenging test in our study.

All experiments were conducted on the Polaris supercom-
puter at Argonne National LaboratoryEl with 4 NVIDIA A100
GPUs per node. For each dataset, we generated 448 training im-
ages with orbital camera configurations, providing consistent an-
gular coverage across all spatial partitions.

Scaling Efficiency

In this section, we benchmark the scaling efficiency across
multi-GPU and multi-node configurations. All benchmarks used
the first partitioning strategy, which divides the domain uniformly
along spatial axes by specifying the number of divisions per axis.
For each run, the reported training time corresponds to the slowest
node.

Single Node Scaling

We first benchmarked the Kingsnake and Rayleigh—Taylor
datasets on a single node while varying the number of GPUs.
Training times across different image resolutions and GPU counts
are reported in Tables [l The results show that increasing
the number of GPUs substantially reduces training time, espe-
cially for high-resolution inputs such as 2048x2048. For ex-
ample, on Kingsnake at 2048x2048, using 4 GPUs achieved a
5.6x speedup compared to a single GPU. As noted by Zhao
et al. [Zhao et al.(2024)], a single A100 GPU can support up
to approximately 11.2M Gaussians. Larger datasets, such as
Rayleigh-Taylor with ~18M Gaussians, exceed this memory
limit and therefore require at least multi-GPU training. This
demonstrates the necessity of distributed 3D-GS to enable large-
scale scientific visualization.

Table 1:  Training time (minutes) for Kingsnake and

Rayleigh-Taylor at different resolutions and GPU counts.

‘X’ indicates runs that exceeded a single A100 GPU’s memory.
Kingsnake (~4M) Rayleigh—Taylor (~18M)

#GPUs 1024 2048 1024 2048
1 18.60 48.00 X X
2 10.48 15.46 21.88 50.10
4 5.97 8.50 12.20 16.84

In addition to scaling efficiency, 3D-GS achieves high recon-
struction quality, as visualizations illustrated in Figure 3] Quan-

Zhttps://www.digimorph.org/index.phtml
3https://www.alcf.anl.gov/polaris
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titative results are summarized in Tables 2] and [B] with aver-
age metrics of PSNR 29.32, SSIM 0.97, and LPIPS 0.03 for
Kingsnake, and PSNR 36.37, SSIM 0.9905, and LPIPS 0.011 for
Rayleigh—Taylor.

Table 2: PSNR (1), SSIM (1), and LPIPS ({) for the Kingsnake

dataset across different image resolutions and GPU counts.
512 1024 2048
#GPUs_PSNR__SSIM__LPIPS _PSNR__SSIM__LPIPS_PSNR_SSIM__LPIPS
1 2552 095 0056 2690 096 0056 2512 093 0.089
2 2587 096 0046 2863 097 0035 2933 097 0.030
4 2587 096 0046 2503 0.93 0.067 2032 097 0.030

Table 3: PSNR (1), SSIM (1), and LPIPS () for the
Rayleigh—Taylor dataset across different image resolutions and

GPU counts.
512 1024 2048
#GPUs PSNR SSIM _LPIPS PSNR SSIMLPIPS PSNR SSIM_ LPIPS
2 3162 099 0014 3421 099 0010 3630 099 0071
4 3163 099 0014 3422 099 0010 3637 099 0.011

(a) Ground Truth
Figure 3: Visualization on the Rayleigh-Taylor dataset: (a)
ground truth and (b) reconstruction with our distributed 3D-GS
method, achieving high fidelity (PSNR = 36.37, SSIM = 0.9905,
LPIPS =0.011).

(b) Distributed 3D-GS

Multi-Node Scaling

To evaluate scalability, we benchmarked the distributed 3D-
GS pipeline on the Rayleigh-Taylor and Richtmyer—Meshkov
datasets using multi-node runs with 4 GPUs per node.

For Rayleigh—Taylor, training scaled efficiently with a 1.4x
speedup when increasing from 2 to 4 nodes (Table[d), while main-
taining high reconstruction quality (Table [5). However, because
the dataset size is relatively modest, further scaling from 4 to 8
nodes yielded only limited reductions in training time. In con-
trast, the much larger Richtmyer—Meshkov dataset required at
least 4 nodes to fit in memory. Scaling to 8 nodes achieved a 3.1x
speedup at 20482 resolution (Table [4), while preserving stable
image quality (Table[6). Visualizations closely matched ground
truth, with no noticeable degradation (Figure ).

We did observe some decline in reconstruction quality when
scaling to higher node counts. For example, for Rayleigh—Taylor
at 2048%2048 resolution, PSNR decreased from 37.15 (4 nodes)
to 35.42 (8 nodes). This degradation primarily comes from larger
boundary errors introduced as the domain is split into more par-
titions. Addressing these boundary effects remains an important
direction for future work.

Overall, these results demonstrate that distributed 3D-GS
scales effectively across multiple nodes: delivering substantial
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(a) Ground Truth
Figure 4: Visualization of the Richtmyer—Meshkov instability
dataset containing 106.7M Gaussians. (a)
Ground truth image rendered directly from the point cloud. (b)
Reconstruction from our distributed 3D-GS method at 2048x2048

(b) Distributed 3D-GS Result

resolution. Training was performed on 8 Polaris nodes at Ar-
gonne, each with 4 NVIDIA A100 GPUs, completing in 8
minutes. The reconstruction achieves high quality: PSNR=30,
SSIM=0.97, LPIPS=0.019.

Table 4: Training time (minutes) for Rayleigh—Taylor and Richt-
myer—Meshkov at different resolutions and node counts. X’ in-
dicates run failed due to memory limits.

Rayleigh—Taylor (~18M)  Richtmyer-Meshkov (~106.7M)

#Nodes 1024 2048 1024 2048
2 7.22 11.97 X X
4 5.08 8.33 10.07 32.03
8 5.30 7.45 7.87 10.18

speedups for both moderate and large-scale datasets while con-
sistently preserving visualization fidelity.

Impact of Load Balancing on Performance

From previous experiments, we observed that
Rayleigh-Taylor runs at 2048x2048 resolution exhibited
significant load imbalance when using 8 nodes. As shown in
Figures @ and |3;5L the first partitioning approach produced
uneven data distributions, resulting in training times ranging from
251 s on the fastest node to 447 s on the slowest—a disparity
of more than three minutes. To address this, we used the same
configuration to benchmark our load-balancing strategy. With
the second approach, partitions were generated such that each
node contained a comparable number of points (Figures [Sc| and
[3d), leading to a more balanced workload across nodes. After
applying the load-balancing approach, training times ranged
from 392 s to 420 s, reducing the variation across nodes to about
30 s compared to the previous three-minute disparity. In addition,
the load-balancing strategy preserved reconstruction quality,
achieving PSNR 35.23, SSIM 0.99, and LPIPS 0.012.

Conclusion and Future Work

We presented a distributed 3D Gaussian Splatting pipeline
for large-scale scientific visualization on HPC systems. Our de-
sign enables each node to train only on its local data subset, elim-
inating the need for centralized data loading and supporting scal-
ability across multiple nodes. By incorporating ghost cells and
background masks, we ensure artifact-free merging of splats from
different nodes. Experiments on three scientific datasets demon-
strated the necessity of a distributed 3D-GS pipeline for handling
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Table 5: PSNR (1), SSIM (1), and LPIPS (]) for the
Rayleigh—Taylor dataset across different image resolutions and
compute node counts.

1024x1024 2048x2048
#Nodes PSNR SSIM LPIPS PSNR SSIM LPIPS
2 3364 099 0.012 3722 0.99 0.008

4 33.61 099 0.012 37.15 0.99 0.008

8 3364 099 0.012 3542 099 0.012
Table 6: PSNR (1), SSIM (1), and LPIPS () for the Richtmyer-
Meshkov dataset across different image resolutions and compute
node counts.

1024x1024 2048x2048
#Nodes PSNR SSIM LPIPS PSNR SSIM LPIPS
4 28.46 097 0.018 30.04 0.97 0.019
8 2820 096 0.019 30.04 0.97 0.019

large-scale data. For example, the Rayleigh-Taylor dataset ex-
ceeds the memory capacity of a single GPU, while the Richt-
myer—Meshkov dataset requires more than two compute nodes (8
GPUs) for training. In addition, we observed substantial perfor-
mance gains: up to 5.6x speedup with multi-GPU training on a
single node and up to 3x speedup across multiple nodes, all while
maintaining high visual quality (PSNR over 30, SSIM about 0.99,
and low LPIPS).

For future work, we plan to investigate strategies for improv-
ing reconstruction quality near partition boundaries, addressing
the degradation observed at higher node counts. We also aim to
integrate our workflow directly into simulation pipelines to en-
able real-time, in situ 3D-GS visualization, including the devel-
opment of a distributed renderer that avoids gathering all splats
for final rendering. Finally, we intend to explore methods for esti-
mating reconstruction confidence, providing scientists with richer
and more reliable insights from visualized data.
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