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Figure 1: Our editor supports selection, deletion, painting, duplication, and asset libraries for 100M splats (10M at 90 Hz in VR).

Abstract

We present Splatshop, a highly optimized toolbox for interactive editing (selection, deletion, painting, transformation, . . . ) of 3D
Gaussian Splatting models. Utilizing a comprehensive collection of heuristic approaches, we carefully balance between exact
and fast rendering to enable precise editing without sacrificing real-time performance. Our experiments confirm that Splatshop
achieves these goals for scenes with up to 100 million primitives. We also show how our proposed pipeline can be extended for
use with head-mounted displays. As such, Splatshop is the first VR-capable editor for large-scale 3D Gaussian Splatting models
and a step towards a "Photoshop for Gaussian Splatting."

1. Introduction

3D Gaussian Splatting (3DGS) [KKLD23] is a recent breakthrough
in novel view synthesis that has rapidly gained traction due to its
impressive visual quality and rendering performance. Given a set of
input photographs, 3DGS automatically generates a 3D model by
fitting and optimizing a collection of colored point primitives, each
with varying opacity and 3D Gaussian extent. This approach has
proven particularly effective in representing fuzzy or volumetric con-
tent, such as hair, fur, or vegetation, where traditional triangle-based
reconstruction methods often fall short. Moreover, thanks to the

integration of spherical harmonics into the model, Gaussian splats
can capture view-dependent material properties like glossiness.

Compared to neural radiance fields (NeRFs) [MST*21], Gaussian
splats typically achieve significantly faster rendering times. While
NeRFs rely on extensive neural computations along viewing rays
through a volumetric scene, 3DGS strategically places anisotropic
3D Gaussians in space and renders them using screen-aligned 2D
billboards. Consequently, 3DGS is also suitable for older 3D graph-
ics APIs. Another advantage over NeRFs is that the 3D Gaussians
constitute tangible geometric primitives, which makes them intu-
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itive to analyze and easier to edit compared to neural volumetric
representations.

At the same time, consumer devices – especially smartphones –
now offer high-resolution cameras, making it easier than ever for
casual users to capture scenes and generate 3D reconstructions.
As with digital photography, where tools like Adobe Photoshop
have long enabled post-processing before images are shared on
social media or stored in personal archives, there is a growing de-
mand for similar workflows for 3D content. Early efforts, such as
Pointshop [ZPKG02] for point-based rendering, explored this idea,
but were limited by the complexity of creating high-quality models
as well as the absence of widely adopted GPGPU frameworks.

With 3DGS, it is now possible to generate high-quality 3D models
given a few smartphone images. In the future, such models could
be used to enable immersive experiences in virtual reality (VR) or
integrated as assets for games and interactive media. However, to
unlock the full potential of these representations, accessible and
efficient editing tools are needed for both professional users and
casual creators. Tools like SuperSplat [Ltd25] have demonstrated
the practicality of 3DGS editing, even within the constraints of
web-based graphics APIs.

In this work, we present Splatshop, a post-processing tool for
3DGS-based scene representations that enables both essential tasks
like splat cleaning as well as optional enhancements such as painting.
Our tool is designed with a strong focus on performance, usability,
and support for large-scale models with tens of millions of splats.
Furthermore, we introduce functionality for direct editing in VR,
enabling an immersive and intuitive 3D content creation workflow.
Specifically, our contributions are:

• An efficient and modern CUDA-based splat editing system.
• A fast splat sorting algorithm that splits the 48-bit radix sort of

m splat fragments into a 32-bit radix sort of n splats and a 16-bit
radix sort of m fragments,

• A staged-fragment (per-touched-tile duplicated splats) reduction
through tighter AABBs and an approximate tile-ellipse intersec-
tion test (concurrent with Speedy-Splat [HTL*25]),

• Undo/redo functionalities including a discussion for efficiently
addressing some tasks and workarounds for open problems,

• A study of workload imbalances of tiles with large numbers of
splats, including VR improvements.

2. Related Work

In 2023, 3DGS became a popular geometric primitive for 3D recon-
struction from a set of images [KKLD23]. They offer similar quality
as neural radiance fields (NeRFs) [MST*21] while greatly improv-
ing rendering times. In addition, splats are geometric primitives that
can be reasoned about and freely edited [Ltd25], while NeRFs are
often considered to be opaque neural representations with limited
editability.

2.1. Rendering

Based on elliptic Gaussian kernels [ZPvBG01], 3DGS renders 3-
dimensional Gaussians by first projecting them to two-dimensional,
screen-facing Gaussians, and then blending them in a front-to-back

order. For large Gaussians, this may lead to popping artifacts as
their order suddenly changes during camera rotations. StopThe-
Pop [RSP*24] addresses this shortcoming by essentially bend-
ing the splats in a way that makes the order in which they are
blended consistent under camera rotation while also introducing
tile-based culling to prevent unnecessary fragment creations dur-
ing rasterization. EVER [MHK*24] switches from rasterization to
ray tracing constant-density ellipsoids, which features more accu-
rate blending, consistent shapes under rotation, and also eliminates
popping. StochasticSplats [KVK*25] uses Monte Carlo estimators
that maintain higher frame rates than exact ray tracing. It offers
the option to trade off quality and performance via a choice of
samples per pixel and enables volumetric intermixing. Hahlbohm
et al. propose efficient perspective-correct Gaussian rasterization
that is view-consistent [HFW*25] and incorporates hybrid trans-
parency solutions to mitigate popping [MCTB13; Wym16]. Speedy-
Splat [HTL*25] introduces optimizations to the 3DGS splat render-
ing pipeline, reducing the number of tiles that are processed for each
splat to exactly those that intersect its screen-space ellipse. To recon-
struct city-scale scenes with tens of millions of Gaussians, Kerbl et
al. introduced a hierarchical representation enabling efficient LOD
selection and interpolation [KMK*24]. Long before 3DGS emerged
as a means of novel-view synthesis, Weyrich et al. already developed
a hardware system that implements EWA-splatting in FPGA and
ASICs [WHA*07].

Recent VR-focused approaches propose foveated rendering tech-
niques for Gaussian splats that adapt the workload based on the
perceivable details. Franke et al. [FFS25] render the center-region
with a high-quality, neural point-based renderer, and the periphery
with low-resolution Gaussians. Tu et al. [TRS*25] propose lower
shading rates in the periphery, switching from the typical 16×16
pixel tiles to 32×32 pixel tiles, combining and averaging groups of
2×2 pixels.

2.2. Editing

Editing of 3D representations encompasses a range of user-driven
manipulations, such as selecting, removing, inpainting, relight-
ing, re-texturing, and restyling elements of a scene. Early work
on interactive editing of point-based datasets includes Pointshop
3D [ZPKG02], which supports operations like selection, brushing,
and sculpting on surfel-based data. Subsequent advances by Wand
et al. [WBB*07] and Scheiblauer et al. [SW11] introduced multi-
resolution octree structures to facilitate editing of large-scale point
clouds, scaling to billions of points. Scheiblauer et al. additionally
proposed a selection octree to define and apply selection volumes in
an out-of-core fashion. The PS4 game Dreams [Eva15] is especially
notable for its capability to efficiently paint and sculpt large scenes
on modest hardware, using a custom atomic-based software raster-
izer and a structure described as "a cloud of clouds of point clouds".
Neural radiance fields can be edited with NeRFshop [JKK*23],
which provides volumetric deformations based on cages.

For Gaussian Splatting, manual editing capabilities remain rel-
atively limited. The most notable system is SuperSplat [Ltd25],
a browser-based open-source editor. It enables splat selection
through a screen-brushing interaction, followed by selection re-
finement, based on intersected pixels. Selected splats can then be
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duplicated and transformed. Beyond that, editing approaches for
splat-based datasets have predominantly relied on prompt-driven
paradigms, where users specify desired modifications via text or
image input, and systems execute the corresponding edits automati-
cally [WFZ*24; ZKC*24; BBM*24].

Segmentation-based approaches aim to cluster splats with similar
attributes, thereby simplifying the selection of meaningful scene
components. Once identified, these regions can be manipulated
through operations such as translation or removal. Inpainting tech-
niques complement this process by seamlessly reconstructing miss-
ing content, whether due to object deletion or imperfections in the
original capture. To enable more precise control, several works in-
tegrate segmentation directly into the editing pipeline. Gaussian
Grouping [YDYK25] introduces a general-purpose segmentation
method for editing arbitrary objects, while Point’n Move [HYZN24]
leverages segmentation alongside inpainting to enable object manip-
ulation. Most recently, Chen et al. [CCZ*24] combine fast localized
editing with segmentation-aware tools for an enhanced flexibility
and control.

A growing body of work explores advanced editing paradigms
for Gaussian splatting. Jambon et al. [JCZ*24] introduce a genera-
tive approach to scene manipulation. InFusion [LOW*24] leverages
depth-completion via diffusion priors for inpainting tasks. Wang
et al. [WYW*24] proposed style transfer and Xu et al. [XHL*25]
texture manipulation. Text-based editing has become increasingly
prominent, as demonstrated in GaussCtrl [WBL*24], GaussianEdi-
tor [WFZ*24]. TIP-Editor [ZKC*24] even supports both text- and
image-driven instructions.

3. Method

In the following, we will cover our method for Gaussian Splat
editing. We first cover the editing capabilities before focusing on
the efficient rendering system to enable even VR use.

3.1. Editing

Our editor provides the following editing functionalities for geome-
try and colors, each accompanied by respective undo/redo operations
(Section 3.1.5): selection/deletion via brushes, translation, rotation,
scaling, duplication, and painting (splat color changes using a spher-
ical brush).

All splat data reside in GPU memory, and the respective oper-
ations are implemented inside custom CUDA kernels. Operations
are applied in a brute-force fashion, i.e., intersection tests or other
conditionals are evaluated on all splats before applying them to the
ones that pass. We originally used spatial acceleration structures,
but the marginal increase in performance was outweighed by the
substantial increase in implementation effort (Section 4).

In order to represent states such as highlighted, selected, or
deleted, we store a 32-bit integer for each splat, where each potential
state is encoded inside a single bit. This serves as an acceleration
for the transformation of selected splats: We first quickly check the
flags before loading an order of magnitude more of additional splat
data. In the following, we first describe how we use virtual memory
to deal with large data sets, then we give details on the individual
editing operations.

3.1.1. Dynamically Resizeable Buffers

While editing, splats may be removed from or added to individual
splat models, which requires a form of dynamically-sized arrays. We
opted to use CUDA’s virtual memory management (VMM) [PS20]
functionality for two reasons: we can store data in a single con-
secutive memory address range, even when it physically grows or
shrinks, and it is as fast as a regular buffer allocation. A potential
disadvantage of VMM is that the granularity of physical memory
that we can add or remove to our buffers is fairly large – 2 MB on
an RTX 4090. In case of positions, each chunk of allocated physical
memory holds up to 2 097 152 byte

12 byte = 174762 splats, i.e. tiny models
may leave a sizeable amount of memory unused. Since we are focus-
ing on models with millions to tens of millions of splats, this issue
becomes negligible.

The way virtual memory works is that we first reserve a
buffer with a virtual address range with a modestly large capac-
ity (≥100 MB). At this point, the buffer does not yet use up any
of the GPU’s actual memory until we start physically committing
parts of it. When splats are added to a model (e.g., during merging),
we "commit" as much physical memory as needed (with the afore-
mentioned granularity of 2 MB). If the required physical memory
exceeds the initially reserved virtual memory, we simply reserve a
larger range of virtual memory and remap the previously allocated
physical memory to the new virtual memory range without the need
of copying the data.

In the same fashion, we can also "uncommit" physical memory
that is no longer required, e.g., after deleting splats. To do so, splats
are sorted, such that deleted splats are at the end of the buffer, and
we can then safely de-allocate those chunks of physical memory.

3.1.2. Selection and Deletion

SuperSplat [Ltd25] uses an indirect approach for selection and dele-
tion, where artists first brush the screen, and the system then com-
putes the splats that intersect with that selection. In contrast, our
approach instantly highlights all splats that intersect with the brush
during selection. The indirect approach is computationally inexpen-
sive, which is especially useful for large splat models on lower-end
hardware, and to deal with limitations in WebGL (such as the lack
of compute shaders). The advantage of the direct approach is that
users get to see the selected splats immediately, which can be useful
to avoid mistakes. For virtual reality, in particular, direct selection
is vital, as we cannot rely on a static viewpoint during an ongoing
brushing operation.

Selection/deletion brushes may be either circular (screen space)
or spherical (world space). Users may choose selections based on
splat centers or their border. In case of circular brushes and splat-
border intersection tests, we apply an approximation that checks
whether the center of the brush circle is inside an ellipse that is
enlarged by the radius of the brush (Figure 13).

The use of virtual memory and a sorting step allow us to remove
deleted splats from memory at any time, without the need for ad-
ditional intermediate/target buffers. We first sort all splats by their
deletion flag, putting the deleted splats towards the end of the buffer.
Since our editor uses virtual memory for splats, we can then unmap
and release physical allocations at the buffer’s end in steps of the
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Figure 2: Approximate circle-ellipse intersection test by adding the
circle’s radius to the ellipse’s basis vectors, then checking whether
the circle’s position is inside the enlarged ellipse.

GPU’s granularity. (Note: Instead of using a radix sort, developers
may want to implement this functionality with GPU-friendly stream
compaction [BOA09]).

3.1.3. Duplication and Merging

Besides populating the scene with multiple copies of an object,
duplication also allows us to fill holes, similar to clone-stamp tools
in 2D photo manipulation (Figure 3). Duplication itself is easily
realized by copying all selected splats to a new scene node.

Figure 3: Removal of an object, followed by hole-filling via dupli-
cation and translation of several patches of grass.

Merging nodes with capacity A and B back together may pose a
minor challenge since we want to avoid having to create an entirely
new target buffer with sufficient capacity A + B = C for the sum of all
splats, thereby doubling the amount of memory that is needed during
the merging operation. Virtual memory proves again beneficial since
we can simply append A to B by increasing the capacity of B and
then memcpy from source A, eliminating the need for an entirely
new target buffer C. Further optimizations that we did not implement
could merge source node A into target B progressively, reducing the
memory usage of the merging process to as little as 2 MB: Instead of
increasing the capacity of B by the size of A, we could increase B’s
capacity by CUDA’s physical allocation granularity (2 MB, RTX
4090), then memcpy 2 MB over from A to B, release 2 MB from A,
and repeat until all splats are transferred to the target buffer.

3.1.4. Painting

Painting covers the need for recolorization (e.g., ancient statues
whose pigments faded over time) or shadow additions (in the ab-
sence of proper illumination models, e.g., after adding assets). To
implement a basic spherical brush, we check whether a splat center
intersects with the brush’s sphere, and, if it does, adjust its color

(a) Painting graffiti on a wall

(b) Family Statue (c) Hue-and-saturation brush

Figure 4: (a) Painting in RGB color space. (c) Painting by adjusting
only hue and saturation to the brush’s color value, thereby preserv-
ing the texture and ambient occlusion of the original model.

value. In order to support brushes with a smooth falloff and low
opacity, we opted to use 16-bit color channels.

An issue we experienced is that splat models often do not lend
themselves well to painting detailed features, such as text, lines,
and symbols, since we are essentially vertex-painting sparse ge-
ometry. Figure 1 had a sufficient density to add a smiley face, but
individual splats and undersampling are already visible. This issue
is especially prevalent with models constructed from images for two
reasons: They make an effort to generate as few splats as possible
and focus splats on regions with high-frequency color patterns. The
latter means that clean, single-colored surfaces, such as walls, use
only few splats. Therefore, we cannot add detailed color changes
there. In contrast, Fig. 4a shows a splat model that was generated
from a textured triangle mesh [3dh17] using Mesh2Splat [Sco24].
It features detailed splats with uniform density and size, which is
optimal for painting. Figure 4c proved sufficiently dense for a brush
that modifies hue and saturation – demonstrating the use case of col-
orizing old Greek statues – but a certain amount of cherry-picking of
the viewpoint is sometimes necessary since state-of-the-art Gaussian
splat reconstructions rarely feature clean and opaque surfaces. In
this case, it turns out that some splats within the statue still con-
tribute significantly to the surface’s appearance. This works for the
original statue with homogeneous colors, but changes in appearance
may lead to color leaks into differently colored parts of the statue’s
surface.

3.1.5. Undo and Redo

The arguably most important feature of any editor is correcting
mistakes and trying operations without permanent consequences.
Keeping a growing history of changes and being able to apply them
quickly poses challenges, such as memory usage and applying them
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fast enough to avoid stutters in VR. The major question is how to
compactly store differences for hundreds of editing actions?

For many actions, an identifier of said action along with a bitmask
of the modified splats suffices to create a fairly compact diff. For
example, selection and deletion are efficiently encoded by a single
bit per splat that tells us whether the selection/deletion flag has
changed during the action, allowing us to undo or redo it. Adding a
single selection or deletion step to the history requires 1 MB state
information per 8 million splats. If less than 1/32 of the splats are
affected, we could think of encoding the diff more efficiently in the
form of an array of 32-bit indices, but in light of the already low
memory requirements of bit masks, we did not explore this option.

Undoing painting actions requires additional information. In our
case, we append a list of each modified splat’s index and previous
color value to the history, requiring 4 (index) + 8 (color) bytes of
memory per modified splat. At the start of a painting operation
however – before creating the compact diff – we duplicate the
model’s entire color buffer and freely modify the duplicate’s values.
After the user finishes a paint stroke, we then check the original and
duplicated color buffers to identify modified values, and create a
new compact diff that is added to our undo/redo history. Note that
at this point, the diff only contains the splat’s previous color values –
we can go back in time but not forward. To fix this, during the undo
operation, we swap the previous color values from the diff with the
modified color values in the model, converting undo into redo data.

Diffs supporting lossless undo/redo of transformations require
large amounts of memory since, like painting, we need to store
the modified splat’s previous values. For geometry, this amounts
to position (12) + scale (12) + rotation (16) = 40 bytes of memory
per modified splat. In the presence of spherical harmonics, this may
grow by another 180 bytes per splat. To avoid that explosion of
memory, we opted for lossy undo/redo of transformations at the cur-
rent stage. We store the transformation matrix that led to the change
and during undo, we apply the inverse (which may not recover the
exact previous values). This works well for smaller scenes, where
32-bit floats provide sufficient precision for coordinates, as well
as rotations with highly precise floating-point quaternion values.
Scaling is the main concern, as extreme scaling factors may degrade
both the resulting positions and scaling values of each splat.

3.2. Rendering

The rendering pipeline builds on the original 3DGS paper but intro-
duces important differences to increase efficiency: The separation
of the 48-bit tileID+depth sort into a 32-bit depth-sort of the smaller
amount of visible splats, followed by a 16-bit tileID sort of the larger
amount of generated duplicates/fragments; an approximate splat-tile
intersection test that avoids creating fragments for tiles that are not
touched by a splat; and discarding small splats to avoid slowdowns
when zooming out. In the following, we recap the 3DGS system and
detail our differences.

3.2.1. Staging Splats

This pass creates a per-visible-splat list of depth values, their lo-
cation on screen, the two basis vectors that describe each splat’s
elliptical shape on the screen, their view- and state-dependent colors,

(a) 3DGS [KKLD23] (b) Splatshop (Ours)

Figure 5: In comparison to 3DGS, our rendering pipeline first sorts
visible splats by depth before creating per-tile lists of overlapping
splats. This improves performance significantly as the majority of
splats will contribute to the rendered image across multiple tiles.

and the number of tiles each splat touches. Similar to the imple-
mentation of Kerbl et al. [KKLD23], each thread processes a single
3D Gaussian. First, the 3D covariance matrix of each Gaussian is
constructed from its rotation and scaling information. By locally
approximating the perspective projection with an affine transforma-
tion [ZPvBG01], the 3D Gaussian is then projected onto the image
plane, resulting in a 2D Gaussian. Given its 2D covariance matrix,
we compute the elliptical extent of each splat in screen space.

Evaluating Tile-Splat Intersections. Contrary to 3DGS, we re-
duce the number of tiles per splat; from all tiles that intersect with
the splat’s bounding-circle’s bounding box, down to all tiles whose
bounding-circle intersects with the splat. To compute these intersec-
tions, we use approximate circle-ellipse intersection tests shown in
Figure 13 and Appendix B. Inaccuracies in the test mostly occur
near the side of a splat’s sharp end, where its potential impact on the
rendered image is minimal due to the low remaining opacity (see
Figure 6).

A simpler solution is to work with a tight AABB around the
ellipse. Using the 2D basis vectors a,b shown in Figure 13, the

extent of this AABB along x and y is 2
√

a2
0 +b2

0 and 2
√

a2
1 +b2

1,
respectively (see Appendix A). Hanson et al. concurrently published
a similar formula that also produces the tight AABB around an
ellipse [HTL*25]. However, our formula is more thoroughly sim-
plified, which saves a few arithmetic instructions. In Section 4.6,
we evaluate all variants shown in Figure 6. We note that exact
tile-based culling has also been explored by Radl et al. in StopThe-
Pop [RSP*24]. For gradient descent-based optimization, it is im-
portant to use an intersection test that avoids false-negatives as
this might negatively influence convergence of the optimization. In
contrast, our editor operates only on fully-trained models, which jus-
tifies our choice of using an approximate but more efficient approach
for performing false-positive-free tile list creation.

Progressively Updating View-Dependent Colors. High-degree
spherical harmonics are a major performance bottleneck due to their
pressure on memory bandwidth. For example, SH degree 3 adds
45 additional floating-point values (16 coefficients times three for
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(a) 3DGS (b) Tight Bounding Box (c) Tile-Splat Inters.

Figure 6: Created duplicates/fragments for intersected tiles. (a)
3DGS duplicates splats for each tile within the bounding box of the
ellipse’s bounding circle, leading to numerous false-positives. (b)
A tight-fitting bounding box removes the majority of false-positives.
(c) We further reduce the amount of fragments with an approximate
tile-ellipse intersection test, with occasional false-negatives that do
not affect perceived results (Section 4.6).

RGB, minus three since the base color is handled separately) that
need to be evaluated during rendering to obtain a view-dependent
color value. Assuming 32-bit floating point storage, this adds a total
of 4× 45 = 180 bytes per splat that are loaded during the staging
pass (more than triple the 52 bytes used for splat position, scale,
orientation, color, and flags). To alleviate this issue, we perform
progressive evaluation of the spherical harmonics over multiple, e.g.,
ten frames and write the results in a "baked" view-dependent color
buffer. Under sufficiently high frame rates, which we target, the
view-dependent color values are updated quickly enough to cause
little to no apparent lag, even under motion.

In VR, progressive updates need to account for the different
camera direction vectors of splats towards the left and right eye. We
found it sufficient to progressively bake color values for only one
eye, and use the same colors for the other. Alternatively, developers
could evaluate SHs based on the direction towards the center of both
eyes, or create separate baked-color buffers for each eye.

Sorting Splats by Depth. We sort the list of staged splats by their
depth values, using a 32-bit radix sort [b0n25], taking depth as key
and staged-splat indices as values to be sorted. In the original 3DGS
pipeline, sorting is done after the splats were split into fragments
– one for each tile they touch (refered to as "duplicateWithKeys"
in 3DGS). The reason is that we need a list of tile fragments that
are grouped by tile ID and sorted by depth within each tile. 3DGS
achieves this by assigning a 48-bit key to each fragment, with the
16-bit tile ID in the most significant bits and the 32-bit depth in
the least significant bits. Radix sort is then applied to the combined
48-bit of each fragment. In practice, the number of fragments tends
to be about 1.5 to 4× higher than the number of visible splats, thus,
sorting visible splats by depth greatly reduces the sorting costs.

Creating Tile Fragments. This stage creates one tile fragment
item for each tile a splat touches. Since we already sorted splats
by depth, we can now create a list of fragments that are also sorted
by depth. To do so, we first compute the exclusive prefix sum for
all staged splats’ numbers of touched tiles, which will give us the
offsets into which we store the fragments that correspond to a splat.
For example, if three splats touch 3, 2, 4 tiles, respectively, the
resulting prefix sum is 0, 3, 5. As a result, the three tile fragments of

the first splat are stored starting at offset 0, the two tile fragments
of the second one are stored starting at offset 3, and for the third
splat we start storing fragments at offset 5. In doing so, all created
fragments inherit the splat’s previous ordering by depth.

Sorting Depth-Sorted Tile Fragments by Tile ID. For rendering,
we need a per-tile list of depth-sorted fragments. Since fragments
are already sorted by depth, we can easily group them into tiles by
using a stable sort with the tile ID as the key. Fortunately, most state-
of-the-art radix sort algorithms for the GPU are based on bottom-up,
least-significant-bit-first sorting, where being stable is a part of the
algorithm’s requirements. For sorting, we compute a 16-bit tile ID
that we use as a key for a 16-bit radix sort.

As the last step before rasterizing the fragments, we compute the
indices of the first and the last splat for each tile in the same way
as 3DGS. We launch a kernel with one thread per fragment where
each thread checks if the previous and the current fragment have the
same tile ID. If the tile IDs differ, we found a jump between two
tiles. The thread then updates the previous tile’s lastIndex and the
current tile’s firstIndex.

Rasterizing Tile Fragments. Rasterization closely follows the
original 3DGS approach. For each tile, we launch one CUDA thread-
block, comprising of one thread per pixel (16×16 threads), which
blends the splats assigned to that tile in front-to-back order. The
iteration process ping-pongs between utilizing 128 threads to load
128 splats into shared memory and then having each of the 256
threads iterate through the 128 loaded splats to blend them together.

3.2.2. Multi-View Coherent VR Rendering

While interacting with splats in VR, we found that there are two
prominent perceptual issues during immersion: popping between
splats under view rotation, and the shape of splats not being con-
sistent across different viewpoints. Both problems are a result of
the approximate projection of the 3D Gaussians onto the image
plane, effectively rendering them as screen-facing billboards. Prior
work proposes, for example, to use hierarchical sorting [RSP*24] or
OptiX-based ray tracing [MMP*24] to achieve multi-view consis-
tency. Both, however, result in significantly slower rendering, which
is a major disadvantage for their usage in VR applications, as these
require high frame rates to mitigate cybersickness.

As an alternative solution, Hahlbohm et al. [HFW*25] propose to
use hybrid transparency [MCTB13] to accelerate view-consistent
rendering of 3D Gaussians. We integrate their approach into our edi-
tor as a second rendering mode that can be toggled on or off. During
splat staging, we adopt their plane-fitting approach for computing
exact bounding boxes of each 3D Gaussian in screen space. As
hybrid transparency allows locally resolving depth ordering during
blending, we can omit the depth ordering step and directly create
unordered per-tile fragment lists. During blending, exact ray casting
is used to evaluate each Gaussian at the point of maximum contribu-
tion along pixel-specific viewing rays directly in 3D. The foremost
K = 16 contributions in each pixel are then alpha-blended and com-
posited with an order-independent tail that combines all remaining
N −K contributions.

Compared to the original implementation by Hahlbohm et

© 2025 The Author(s).
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al. [HFW*25], we make two changes to improve performance. First,
we apply load balancing during tile fragment creation similar to
Radl et al. [RSP*24] and second, each thread uses a more compact
64-bit data structure to store core fragments during blending. The
latter integrates well with our internal color representation while
reducing the number of required registers and swaps during the
insertion sort thus increasing performance. Although slightly slower
than our optimized 3DGS-based rendering, the absence of popping
artifacts and perspective-correct rendering of 3D Gaussians are of
great benefit to the VR viewing and editing experience.

3.3. Imbalanced Workloads & VR Rendering

Figure 7: Heatmap depicting the number of splats per tile. Without
culling small splats (middle), and with culling small splats (right).

We observed that tiles with a large number of splats are a major
rendering bottleneck. Since we launch one thread-block per tile
during rasterization, blocks assigned to tiles with only few splats
will finish quickly, while blocks assigned to tiles with many splats
take much longer. Figure 7 demonstrates such imbalances in the
number of splats per tile. Towards the end of the rasterization stage,
only few thread-blocks will remain active, which causes severe
under-utilization of GPU resources as shown in Figure 8.

Figure 8: GPU-utilization of the splat rasterization kernel.

VR rendering provides us with the opportunity to fill some of the
gaps in utilization by overlapping the rendering pipelines for the
left and the right eye, which we can realize by launching kernels in
separate, non-blocking CUDA streams. In Fig. 9a, we observe that
significant under-utilization is mainly limited to the rasterization
kernel, where some gains were obtained by overlapping the staging
of splats for the left and right eye (fusing both mostly-orange parts).
We did not overlap the left and the right eye’s sorting stages since this
would require creating separate intermediate sorting buffers, thus
increasing memory usage. However, we did overlap the right eye’s
tile ID sorting and rasterization stages with the left eye’s rasterization
stage, which is responsible for the majority of improvements in
utilization.

4. Evaluation

Our editor was implemented in C++ and CUDA, with OpenGL
interop to display the results. Performance was evaluated on a system

(a) Single CUDA stream – one kernel after the other.

(b) Overlapping streams for left and right eye.

Figure 9: GPU utilization in VR. (1) Splat staging (2) depth sorting
(3) creating tile fragments (4) tile ID sorting (5) rasterization. Cap-
tured with Nsight Graphics GPU Trace Profiler.

with Windows 11, an RTX 4090 GPU, an AMD Ryzen 9 7950X
CPU, and a Valve Index HMD. The framebuffer size was set to
1920×1080 pixels for desktop rendering, and to 2016×2240 per eye
for virtual reality rendering.

We used the test data sets shown in Figure 10. The Garden scene
is provided as a pre-trained model from 3DGS [KKLD23], while the
Campus scene is a pre-trained model from VastGaussians [LLT*24].
The Kinuta and Berlin scenes were reconstructed by us using Post-
shot and the 3DGS implementation by Kerbl et al. [KKLD23] re-
spectively. The images from the Berlin scene are taken from Barron
et al. [BMV*23]. The Berlin scene is of interest as it features three
rooms, of which two are occluded at any given time. Timings are
captured with CUDA events and computed as the median over 50
frames. Compaction and undo (Section 4.1) are an exception and
computed as the median over five repetitions.

4.1. Painting

Table 1: Painting Performance (Spherical Brush)

splats painting compaction undo

Berlin 1.0 M 0.03 - 0.05 ms 0.32 - 0.91 ms 0.08 ms
Kinuta 5.1 M 0.01 - 0.23 ms 0.47 - 2.16 ms 0.30 ms
Garden 5.8 M 0.14 - 0.27 ms 0.50 - 2.60 ms 0.34 ms
Campus 28.6 M 0.50 - 1.70 ms 1.60 - 9.20 ms 2.29 ms
G25 137.5 M 2.48 - 6.47 ms 8.36 - 51.63 ms 8.64 ms

Painting adds a certain amount of GPU utilization in each frame,
and requires compaction whenever a stroke is finished (button re-
lease). Minimum times are observed with tiny brushes that affect
tens of splats, while maximum times and undo times are measured
with massive brushes that affect all splats. Since all splats are brute-
force evaluated, a certain small overhead for intersection tests is
always added to the frame time during painting. Compaction adds
another overhead, as the host syncs with the device, and the number
of affected splats is retrieved to then allocate new GPU buffers that
are sufficiently large to accommodate the compacted diff between
original and modified colors. Undo/redo buffers grow linearly with
the number of affected splats that are stored in the compacted diff.

© 2025 The Author(s).
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(a) Garden, 5.8M splats (b) GardenF (far), 5.8M splats

(c) Campus, 28.6M splats (d) CampusF (far), 28.6M splats

(e) Kinuta, 5.1M splats (f) Berlin, 1.0M splats

(g) G25 - 5×5 Garden models, 137.5M splats

Figure 10: Our test data sets.

4.2. Transformation

Table 2: Splat Transformation Performance

splats SH Degree duration

Berlin 1.0 M 3 0.01 - 1.65 ms
Kinuta 5.1 M 3 0.03 - 6.88 ms
Garden 5.8 M 3 0.03 - 7.82 ms
Campus 28.6 M 0 0.16 - 2.63 ms

1 0.16 - 9.49 ms
2 0.16 - 21.57 ms
3 0.16 - 37.42 ms

G25 137.5 M 0 0.76 - 13.74 ms

The minimum duration is experienced while selecting tens of
splats, and the maximum duration applies when selecting all splats.
Although the transformation kernel brute-force processes all splats,
the overhead for non-selected splats remains small since we exit
early upon checking a splat’s selection flag. Undo and redo utilize
the same CUDA kernels as the main transformation logic, and thus
exhibit the same performance characteristics. Spherical harmonics
have a major impact on transformation performance: Rotating de-

gree 3 harmonics reduces the performance by a factor of up to 14.
However, translation and scaling operations do not need to update
harmonics and may therefore implement a fast path.

4.3. Separating Depth and Tile Sorting

We are not able to directly measure the original 3DGS 6-digit / 48-
bit radix sorting since our editor is based on the CUDA driver API,
but the CUDA CUB used by 3DGS requires the CUDA runtime
API instead. However, radix sort’s runtime scales linearly with the
number of bits in the sorting key, and we can assume that the 48-bit
radix sort is three times as expensive as the 16-bit sort, which we
added to GPUSorting [b0n25] by simply stopping after sorting two
8-bit digits.

Table 3: Comparing 32-bit sort of visible splats + 16-bit sort of du-
plicate fragments to a traditional 48-bit sort of duplicate fragments.
With small-splat-culling (SSC) and without.

depth (32 bit) tileID (16 bit) total 48 bit

Berlin 0.11 ms 0.13 ms 0.24 ms 0.39 ms
Kinuta 0.24 ms 0.20 ms 0.44 ms 0.60 ms
Garden 0.15 ms 0.16 ms 0.31 ms 0.48 ms
Campus 0.38 ms 0.62 ms 1.00 ms 1.86 ms
CampusF 0.45 ms 0.41 ms 0.86 ms 1.23 ms

w
/

SS
C

G25 0.52 ms 0.39 ms 0.91 ms 1.17 ms

Berlin 0.12 ms 0.14 ms 0.26 ms 0.42 ms
Kinuta 0.27 ms 0.24 ms 0.51 ms 0.72 ms
Campus 0.41 ms 0.53 ms 0.94 ms 1.59 ms
CampusF 2.74 ms 1.89 ms 4.63 ms 5.67 ms

Table 3 shows the time it takes to sort a smaller number of visible
splats by 32-bit depth values first, and then the larger number of
tile-wise fragments by 16-bit tileIDs. The sorting time of our ap-
proach is compared to 3DGS’s combined tileID+depth 48-bit sort
by comparing our total duration to sorting by 3× tileID.

4.4. Single vs. Concurrent CUDA Streams (VR)

Imbalanced workloads, like the rasterization of tiles with varying
amounts of splats, under-utilize the GPU, as the stream waits until
the kernel’s longest-running thread-blocks are finished (see Sec-
tion 3.3). In VR, we have the opportunity to concurrently run CUDA
kernels for the left and right eye in multiple streams, leading to a bet-
ter utilization (Figure 9). In doing so, we observed the performance
improvements shown in Table 4.

Table 4: Concurrent Stream Performance

splats single stream concurrent streams

Berlin 1.0 M 6.3 ms 5.2 ms
Kinuta 5.1 M 9.0 ms 7.7 ms
Garden 5.8 M 8.1 ms 6.5 ms
Campus 28.6 M 16.2 ms 13.8 ms

© 2025 The Author(s).
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4.5. Progressive Spherical Harmonics

Higher-degree spherical harmonics can increase the time to stage
splats due to the large amount of memory they require and the related
bandwidth bottlenecks. Updating the harmonics progressively over
multiple frames and storing the results in "baked" color buffers
leads to significant performance improvements with typically barely
noticeable artifacts, especially with quick convergence settings, such
as fully updating all visible splats within 10 frames. Table 5 shows
the differences in performance for these approaches.

Table 5: Progressive Spherical harmonics - Time to stageSplats
without SHs; with deg. 3 SHs (+45 floats) of all visible splats each
frame; and progressively evaluating a fraction of SHs each frame.

none all 1 / 10th 1 / 30th

Berlin 0.1 ms 0.4 ms 0.2 ms 0.1 ms
Kinuta 0.4 ms 1.6 ms 0.6 ms 0.5 ms
Garden 1.8 ms 2.6 ms 1.9 ms 1.8 ms
Campus 1.1 ms 4.4 ms 1.5 ms 1.1 ms

4.6. Approximate Tile-Wise Culling

To justify our intersection test with false-negatives during rendering
(Section 3.2.1 and Figure 6), we computed image difference metrics
between a rendering with and without missing tile fragments:

Table 6: Image Difference of Approximate Culling

PSNR↑ SSIM↑ FLIP↓ LPIPS↓

Berlin 41.83 dB 0.9996 0.0010 0.0021
Kinuta 82.86 dB 1.0000 0.0000 0.0000
Garden 75.82 dB 1.0000 0.0002 0.0000
Campus 49.89 dB 0.9999 0.0002 0.0002

The particularly extreme values for perceptual metrics SSIM,
FLIP, and LPIPS [ZIE*18] suggest that renderings with correct
and approximate intersection tests are virtually indistinguishable.
Likewise, the PSNR values are as high or higher than typical JPEG-
compressed images at highest quality settings, also indicating that
approximate culling is imperceptible.

With respect to rendering performance, tight bounding boxes
and approximate tile-wise culling affect the amount of duplicated
fragments and rendering times as follows:

Table 7: Per-tile fragments created during splat rendering with
3DGS intersection method, tight bounding box around the ellipse,
and approximate tile-ellipse intersection tests (See Figure 6).

#Fragments (M) Rendering time (ms)
3DGS Tight Appr. 3DGS Tight Appr.

Berlin 8.1 6.3 5.9 3.0 2.7 2.6
Kinuta 9.2 7.1 6.7 3.6 3.2 3.1
Garden 8.2 5.1 4.4 2.7 2.0 2.0
Campus 16.8 10.8 9.6 6.2 5.3 5.2

Virtual Reality

Berlin 30.3 12.8 9.8 9.3 5.6 5.2
Kinuta 22.6 16.0 14.5 9.7 8.1 7.7
Garden 20.8 12.1 9.9 6.2 4.3 4.0
Campus 43.6 28.5 25.7 16.5 14.1 13.7

Table 7 shows that using the tight bounding box has a major
impact on the number of splats and rendering times. Approximate
tile-wise intersection tests further reduce the amount of staged frag-
ments but show little impact when using the default framebuffer
size of 1920×1080 pixels, because even though it slightly reduces
the workload for the sorting and rasterization stages, it also slightly
increases the duration of the fragment creation stage. However, the
impact of approximate culling increases with the framebuffer size
and is especially prominent in VR rendering, where we are rendering
a total of 4.36 times as many pixels as in desktop mode.

4.7. Culling Small Splats

(a) No Culling; 9.7 ms (b) Culling; 2.1 ms

Figure 11: Close-up of GardenF scene and viewpoint.

Unlike reconstruction applications, which need to maximize ren-
dering quality in order to construct high-quality splat data sets, we
can afford to (optionally) reduce visual quality in order to maintain
real-time frame rates. During staging, we discard splats that are
smaller than a certain threshold as their contribution to the image
are likely to be smaller. Figure 11 depicts an inset of GardenF (Fig-
ure 10b) that demonstrates the differences between no culling and
culling enabled. Without culling, 5.79 out of 5.84 million splats are
staged, and 8.16 million fragments are created. With culling, 1.25
million splats are staged and 1.99 million fragments are created,
thus significantly reducing the workload. The time to render the

© 2025 The Author(s).
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scene decreases from 9.7 ms to 2.1 ms. To capture high-quality
screenshots, users can always disable culling.

This approach tends to work well for 3DGS-generated splat data
sets that comprise a mixture of wildly different splat sizes. Even
at greater distances, where the majority of splats are discarded,
many larger semi-representative splats remain. It does not, however,
work with scenes comprising solely small splats, such as models
constructed via Mesh2Splat [Sco24].

5. Discussion and Future Work

Memory-Efficient Spherical Harmonics. Wiederien and
Sloan [TYL24] propose an efficient quantization of spherical
harmonics that could be used as an alternative or in addition to
progressive evaluations.

Lossless Undo/Redo of Transformations. Diffs of transformations
are currently lossy, potentially degrading the model over multiple
undo/redo iterations. Future work may consider memory-efficient
lossless diffs, potentially incorporating state-of-the-art compression
algorithms.

Spatial Acceleration Structures. Initially we attempted to use
a spatial acceleration structure that groups, e.g., 256 consecutive,
Morton-ordered splats, and computes their bounding box. The idea
was that we could use this structure for frustum-culling and to reduce
the effort of finding intersections during brushing, painting, selec-
tion, etc. We eventually gave up on this and opted for a brute-force
approach instead for three reasons: The performance gains were
small compared to the cost of rendering; the development efforts
raised greatly; and editing would occasionally affect most splats,
when increasing brute-force performance is necessary either way.
As the performance evaluation of painting and transformations show,
brute-forcing over up to a 100 million splats is a viable strategy. To
improve performance with reasonable development effort, we would
like to try integrating acceleration-structures on-demand instead,
e.g., spending a millisecond or two to create a structure at the start
of specific operations, such as painting in VR.

Hierarchical Level of Detail. Although brute-forcing over all
splats has shown to be viable for up to around 100 million splats,
LODs will eventually be necessary to support higher amounts of
splats with better quality on less efficient hardware. Editing is chal-
lenging in that regard since the geometry frequently changes, but
projects like Dreams [Eva15] have shown this to be possible.

Painting and Spherical Harmonics. Our painting functionality
currently only modifies the base splat colors, but not the spherical
harmonics. Theoretically, the unmodified spherical harmonics could
lead to deviations from the desired results of painting or color cor-
rection operations. In practice, we did not observe notable issues,
except when strongly reducing the saturation of the model’s base
colors, as shown in Figure 12. At some point, the typically subtle
spherical harmonics take over and impose unintended changes to
saturation and hue.

(a) Without SHs (b) With SHs

Figure 12: Painting currently does not modify spherical harmonics.
In special cases such as reducing saturation, the unaltered spherical
harmonics may cause undesired changes in hue and saturation.

6. Conclusion

We presented a new system, Splatshop, which offers a highly opti-
mized solution for interactively editing (selection, deletion, painting,
transformation, . . . ) 3D Gaussian Splatting models. Our method
enables real-time performance in scenes with up to 100 million
primitives. It is the first solution to support VR for editing large-
scale GS scenes and, hereby, marks a significant step towards their
use in immersive applications and, along with alternatives like Su-
persplat, a further step towards Photoshop-like editing of Gaussian
splat models.

The source code for this paper is available at https://
github.com/m-schuetz/splatshop.
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Appendix A: Tight Ellipse AABB

To derive the tight ellipse AABB, we turn the two basis vectors
a,b ∈ R2 into a symmetric 2 × 2-matrix D := aaT + bbT using
outer products. Then we consider the inverse matrix C := D−1 such
that the ellipse is given by the implicit equation

f (x,y) := (x,y)C(x,y)T−1 = 0.

Points (x,y)T on the vertical edge of its AABB are points on the
ellipse, where the gradient ∇ f is horizontal, i.e.:

f (x,y) = 0 ∧ ∂ f
∂y

(x,y) = 0

⇔ (x,y)C(x,y)T = 1 ∧ 2C0,1x+2C1,1y = 0

⇔ C0,0x2 +2C0,1xy+C1,1y2 = 1 ∧ y =−
C0,1

C1,1
x

⇒ C0,0x2 −2
C2

0,1

C1,1
x2 +

C2
0,1

C1,1
x2 = 1

⇔ x =±
√

C1,1

C0,0C1,1 −C2
0,1

=±
√

C1,1

detC
=±

√
D0,0

The same derivation with x/y and 0/1 swapped applies to the hori-
zontal edge. Then our end result for the AABB bounds is

x =±
√

D0,0 =±
√

a2
0 +b2

0,

y =±
√

D1,1 =±
√

a2
1 +b2

1.

Appendix B: Ellipse Intersection Tests

1 bool intersection_point_splat(
2 vec2 pos_point,
3 vec2 pos_splat,
4 vec2 a,
5 vec2 b
6 ){
7 vec2 pos = pos_point - pos_splat;
8 float sT = dot(normalize(a), pos) / length(a);
9 float sB = dot(normalize(b), pos) / length(b);

10 float w = sqrt(sT * sT + sB * sB);
11

12 return w < 1.0f;
13 }

Listing 1: Point-Ellipse Intersection Test in CUDA

1 bool intersection_circle_splat(
2 vec2 pos_circle,
3 float r,
4 vec2 pos_splat,
5 vec2 a,
6 vec2 b
7 ){
8 // add circle radius to length of basisvector.
9 vec2 ar = (length(a) + r) * a / length(a);

10 vec2 br = (length(b) + r) * b / length(b);
11

12 return intersection_point_splat(pos_circle,
pos_splat, ar, br);

13 }

Listing 2: Approximate Circle-Ellipse Intersection Test in CUDA

Figure 13: Enlarged ellipse used in approximate intersection test.

© 2025 The Author(s).
Computer Graphics Forum published by Eurographics and John Wiley & Sons Ltd.

https://doi.org/10.1145/3658205
https://doi.org/10.1145/3658205
https://doi.org/10.1145/3658205

