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Fig. 1. Large-scale scene composed of four copies of a village, rendered interactively using a total of 425 M Gaussians. Frame times on an NVIDIA RTX 4070

Ti SUPER at 1920×1080 are 65.6 ms, 37.5 ms (red) and 24.3 ms (yellow) for the three views, respectively. We achieve this high throughput with a stochastic

approach (the images shown here are converged) but avoid approximations, level-of-detail mechanisms and complex data structures.

We propose Gaussian point splatting, a stochastic method to render Gaussian

splats that scales extremely well to scenes with many Gaussians. Our core

idea is to sample pixel-sized, opaque points from the Gaussians and to splat

them to a framebu�er using 64-bit atomics. Through parallel programming

primitives, we achieve an even distribution of the workload across millions of

threads. Since these threads splat points independently, multiple points may

splat to the same pixel. That makes it non-trivial to determine how many

points should be splatted for a Gaussian or how they should be distributed

to achieve the desired opacity. We successfully formalize and solve these

problems, thus keeping our renders faithful to the original Gaussian splatting.

To further accelerate our method, we employ hierarchical frustum and

occlusion culling. Our method renders hundreds of millions of Gaussians in

real time. The only di�erences compared to the original Gaussian splatting

are slight noise and di�erences in aliasing.
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1 Introduction

Gaussian splatting [Kerbl et al. 2023] has revolutionized novel view

synthesis. Its scene representation is more e�cient to render than

neural radiance �elds (NeRFs) [Mildenhall et al. 2020], suitable for

inverse rendering, easy to exchange, and expressive enough to cap-

ture a wide variety of scenes. The scale, complexity and detail of the

represented scenes are limited only by the number of Gaussians that

one can a�ord to handle. In principle, entire villages can be captured

while preserving small details, but doing so requires hundreds of

millions of Gaussians (Fig. 1).

The number of Gaussians that can be rendered in real time is

limited by the amount of available VRAM, but existing software

rasterizers will drop to non-interactive frame rates long before this

bound is reached. Hierarchies of Gaussians can be used for level of

detail, reducing the number of Gaussians that need to be rendered

each frame, but they require additional preprocessing and may dete-

riorate the quality of the original asset [Kerbl et al. 2024; Yang et al.

2025]. When attempting to rasterize large numbers of Gaussians

directly, the software rasterization approach becomes ine�cient

[Schütz et al. 2025]: It requires sorting, which scales sublinearly.

Every Gaussian in the view frustum, no matter how small, will be

assigned to at least one tile in screen space, taking up resources
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there. Thread groups for tiles that contain particularly many Gaus-

sians will run much longer than others, thus dominating the overall

frame time. Occlusion culling can only be used at a fairly late stage

in the pipeline or not at all, since all Gaussians are transparent.

We propose Gaussian point splatting, a fundamentally di�erent

approach to render Gaussian splats, that scales much more favorably

to scenes with many Gaussians. Our method stochastically samples

pixel-sized points from Gaussians and renders them with depth-

bu�ering using 64-bit atomics [Schütz et al. 2021] (Sec. 3.1). The

number of points sampled from a Gaussian corresponds to its size in

screen space. We use parallel compute primitives to assign the point

splattingwork to threads in such away that each thread only handles

a small, �xed number of points (Sec. 3.2). This independent sampling

is key to making our method massively parallel. However, it makes

it non-trivial to faithfully reproduce the opacity of Gaussians, since

multiple points sampled for a single Gaussian may get splatted to

the same pixel. That reduces the e�ective opacity. We compensate

for this e�ect exactly by increasing the overall point count and

the density near the center of Gaussians (Secs. 3.3 and 3.4). As a

result, our method renders Gaussian splatting scenes in an unbiased

fashion, except for di�erences in how aliasing manifests compared

to the original Gaussian splatting.

The computational burden of our method is output sensitive,

in that smaller Gaussians will splat fewer points. Nonetheless, a

lot of work may be spent on splatting points that will eventually

be occluded by closer points. To mitigate this, we exploit that our

method also produces a noisy depth bu�er and use it for occlusion

culling (Sec. 3.5). Our rendering system (Sec. 3.6) achieves consistent

real-time frame rates on extremely large scenes, where existing

methods drop to non-interactive frame rates or fail entirely. On small

scenes, its performance is similar to existing methods (Sec. 4.2). In

spite of the di�erent approach to rendering, its output is faithful to

the original (except for di�erences in aliasing) and noise is moderate

at the sample counts that we use (Sec. 4.1). Thus, we open the door

to Gaussian splatting for scenes of unprecedented scale and detail.

Full source code is available as supplemental material.

2 Related Work

Implicit neural scene representations such as neural radiance �elds

(NeRFs) and their extensions [Barron et al. 2022; Mildenhall et al.

2020; Müller et al. 2022], that model scenes in terms of continu-

ous volumetric �elds, allow for remarkable reconstruction quality

and photorealism in synthesized views. However, their reliance on

dense ray sampling and repeated neural network evaluations results

in high computational cost, slow rendering, and limited support

for real-time interaction or scene editing. These limitations have

been addressed by 3D Gaussian splatting [Kerbl et al. 2023]. In this

framework, a set of optimized 3D anisotropic Gaussian primitives

is rendered using a tile-based software rasterizer, thereby enabling

real-time rendering while maintaining photorealistic quality.

Extensions of Gaussian splatting focus on numerous aspects, in-

cluding the handling of appearance changes [Dahmani et al. 2025;

Kulhanek et al. 2024; Zhang et al. 2025b] the embedding of seman-

tics [Cen et al. 2025; Li et al. 2024; Qin et al. 2024], multi-spectral

and hyper-spectral scene representation [Sinha et al. 2025; Thirgood

et al. 2025] as well as dynamic scenes [Kim et al. 2024]. Stuart et

al. [2025] turn Gaussians into a point cloud, similar to our method.

However, their point clouds are static and rendering them introduces

substantial bias. Most closely related to our work are extensions

that focus on improvements regarding render times and scalability,

as discussed in the following.

To improve rendering e�ciency and scalability while preserv-

ing the high visual �delity, several works focus on accelerating the

rasterization pipeline. Examples are improvements of tile-based ren-

dering by tightening screen-space bounds and reducing overdraw

through more precise Gaussian–tile intersection tests [Hanson et al.

2025a; Lee et al. 2024; Schütz et al. 2025] or adaptive screen-space

extents [Wang et al. 2024] as well as hybrid preprocessing to reduce

overdraw and improve GPU utilization [Huang et al. 2025]. Further

hardware-oriented rasterization techniques [Wang et al. 2025] lever-

age axis-oriented rasterization to pre-compute and reuse shared

terms along both screen-space axes. Others focus on system-level

optimizations of di�erentiable Gaussian rasterization, improving

memory access patterns, kernel fusion, and workload scheduling to

better exploit GPU parallelism [Feng et al. 2025]. Tile grouping and

scheduling strategies further reduce redundant sorting and improve

load balancing by sharing computation across spatially adjacent

tiles [Jo and Park 2025; Schütz et al. 2025].

Another strategy to improve rendering e�ciency is to reduce

the number of active primitives through pruning and to use com-

pact representations. Sensitivity-based pruning, e.g., according to a

second-order approximation of the reconstruction error on the train-

ing views with respect to the spatial parameters of each Gaussian,

allows to remove Gaussians with a low impact on reconstruction

quality [Hanson et al. 2025b], thereby eliminating a large fraction of

primitives without compromising visual �delity. Prioritizing Gaus-

sians with high contributions in comparison to Gaussians with low

contributions has also been explored by others such as contribution-

aware rasterization approaches [Huang et al. 2025]. Further exten-

sions incorporate temporal coherence and motion-aware grouping

to stabilize pruning and reduce redundancy in dynamic scenes [Tu

et al. 2025]. Beyond pruning, several methods focus on compressing

Gaussian parameters to alleviate memory bandwidth and storage

constraints. Respective approaches include vector quantization and

quantization-aware training [Niedermayr et al. 2024], the quantiza-

tion of per-Gaussian attributes and opacity via latent quantization

frameworks [Girish et al. 2025] as well as combinations of guided

pruning of low-signi�cance Gaussians based on global signi�cance

scores with the reduction of the complexity of spherical harmonics

through truncation or knowledge distillation [Chen et al. 2025; Fan

et al. 2024].

E�cient handling of transparency, depth ordering, and visibility

is a further strategy for accelerating Gaussian splatting, as semi-

transparent Gaussians require correct compositing to avoid visual

artifacts. Since strict sorting and sequential alpha blending as ap-

plied in standard Gaussian splatting [Kerbl et al. 2023] scales poorly

with millions of semi-transparent primitives, several works explored

approximate and hybrid strategies to reduce or bypass full sorting.

Hierarchical sorting of Gaussians [Lee et al. 2024] uses an initial

approximate sorting of Gaussians into chunks sorted by their ap-

proximate depth relative to the view, and a subsequent accurate
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sorting per chunk when a chunk becomes active for rasterization.

Hybrid transparency blends only a limited number of closest Gaus-

sians in depth order while accumulating distant contributions in

an order-independent approximate manner [Hahlbohm et al. 2025].

Hou et al. [2025] use weighted-sum formulations to approximate

alpha blending through order-independent accumulation, inspired

by weighted blended order-independent transparency [McGuire

and Bavoil 2013], thereby removing the need for sorting. Duplex-

GS [Liu et al. 2025] integrates order-independent transparency (OIT)

directly with splatting through a proxy-guided weighted blending

technique to bypass expensive radix sorting almost entirely, yielding

substantial speedups in dense scenes.

While these approaches substantially reduce sorting overhead,

they may introduce temporal or view-dependent artifacts. This is

addressed by view-consistent hierarchical rasterization and resort-

ing [Radl et al. 2024] and combining hierarchical depth ordering

with tile-based rasterization and analytic Gaussian evaluation to

further improve rendering quality [Steiner et al. 2025]. Furthermore,

stochastic formulations relax deterministic ordering entirely. Exem-

plary approaches include stochastic ray tracing of Gaussians [Sun

et al. 2025] and stochastic sampling and accumulation directly in the

splatting domain to approximate correct alpha compositing through

randomized evaluation and temporal averaging [Kheradmand et al.

2025]. Further work replaces the conventional sorting process with

a neural sorting in terms of neural-network-based predictions of

order-independent blending weights [Wang et al. 2025].

Additional e�ciency gains can be achieved by occlusion-aware

rendering, where proxy geometry or coarse depth representations

[Gao et al. 2025] and hierarchical depth tests [Zhang et al. 2025a]

are used to cull occluded Gaussians. Additional strategies address

redundancy introduced by adaptive densi�cation in the original

formulation [Kerbl et al. 2023], employing opacity-aware pruning

and structured cross-section-oriented splitting or cloning operations

to reduce overlapping Gaussians [Zheng et al. 2025].

Level-of-detail (LoD) approaches address scalability to large scenes

by adapting representation complexity to factors like the complex-

ity of local scene structures, the distance of scene structures to the

camera, or the camera’s viewing frustum. Scene partitioning into

spatially adjacent blocks based on divide-and-conquer strategies

enables parallel training and selective activation of Gaussians [Liu

et al. 2024]. Artifacts occurring in the vicinity of the transition be-

tween adjacent cells for too few overlapping cameras can further be

mitigated based on progressive data partitioning based on assigning

training views and point clouds to di�erent cells [Lin et al. 2024],

as well as further extensions for recursive load balancing across

blocks [Chen and Lee 2024]. Furthermore, content-aware scene par-

titioning and visibility-aware block optimization [Wu et al. 2025] al-

low the embedding of occlusion relationships between blocks and re-

duce supervision mismatch during independent block optimization.

Approaches tailored for LoD rendering include multi-resolution

3D Gaussian representations with di�erent levels of Gaussians at

varying resolutions [Cui et al. 2024] or tree-based hierarchical rep-

resentations [Kerbl et al. 2024; Ren et al. 2025; Yang et al. 2025;

Zhu et al. 2026]. The latter organizes Gaussians into tree structures

based on local geometric and volumetric properties and dynamically

selects levels or cuts through the tree based on the view to balance

rendering e�ciency and visual �delity.

Thus, most existing methods depend on pruning or LoD ap-

proaches to achieve real-time performance when the number of

Gaussians in a scene approaches the hardware memory limit. When

possible, it is preferable to render scenes without LoD to avoid the

required additional processing and loss of detail. In contrast, our

method is the �rst to interactively render such extreme numbers in

full, without any such approximations. While LoD combined with

out-of-core rendering may facilitate even larger scenes with our

method, we leave this to future work.

3 Gaussian Point Spla�ing

We now describe our method for rendering Gaussian splatting

scenes. It has commonalities with methods based on stochastic

transparency [Enderton et al. 2010] in that Gaussians splat points

to each pixel with a probability matching their opacity. However,

stochastic transparency accomplishes this by generating candidate

fragments per pixel for each Gaussian that covers the pixel and then

rejecting them stochastically. We instead sample points with the

desired probability and splat them directly to the framebu�er using

the method of Schütz et al. [2021] (Sec. 3.1). This way, we avoid

overhead for rejected fragments and achieve massive parallelism by

distributing this work evenly across millions of threads (Sec. 3.2).

Since points of a Gaussian are being sampled independently, they

may collide on the same pixel and thus fail to contribute to the

opacity of the Gaussian. We model this issue using Poisson distribu-

tions and devise a way to compensate for it exactly, thus achieving

the desired e�ective opacity (Secs. 3.3 and 3.4). Finally, we further

accelerate the method using frustum and occlusion culling (Sec. 3.5)

and summarize how our renderer works (Sec. 3.6).

3.1 Point Spla�ing

Our core idea is to splat opaque, pixel-sized points stochastically

sampled from Gaussians instead of splatting Gaussians with al-

pha blending. Therefore, we need a massively parallel and e�cient

method for point splatting. We rely on the technique of Schütz et

al. [2021], which we brie�y summarize next. The framebu�er con-

sists of one 64-bit unsigned integer per pixel. The most signi�cant

bits of each integer, in our case 28 bits, store the pixel depth. The

remaining 3 · 12 least signi�cant bits store an sRGB color. This way,

we can handle sRGB values across the range [0, 16) with 1
256

incre-

ments, which is important since Gaussian splatting may use colors

with brightness exceeding one. At the same time, we get su�cient

precision for depth values using �xed-point quantization of the

view-space depth between the near- and far-clipping planes.

To splat a point, we �rst convert it to such a 64-bit unsigned inte-

ger. Then, we compute which pixel the point falls into by rounding

its screen-space coordinates. Finally, we use an atomic minimum

operation to splat it to the framebu�er. If the depth of the new point

is less than the currently stored depth, the stored depth and color

will be overwritten. Otherwise, the framebu�er remains unchanged,

since the point is occluded by a previously splatted closer point. In

this way, we bene�t from the fast atomic operations of modern GPU

hardware [Schütz et al. 2021].
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Due to its stochastic nature, our method produces noisy results.

We will also see that a high resolution is bene�cial for accuracy

(Sec. 3.3). Therefore, we employ supersampling, i.e., we multiply

the horizontal and vertical resolution of the framebu�er by a user-

de�ned integer factor (typically 2×2 subpixels). Once all points have
been splatted, we resolve the supersampled framebu�er: For each

pixel, we take the arithmetic mean of the sRGB colors of its subpix-

els and store it in a framebu�er with 32-bit �oats. We experimented

with a Gaussian reconstruction �lter instead of this box �lter, but

found that it introduces additional blur compared to the original

Gaussian splatting. When the camera is static, we additionally use

temporal accumulation such that noise diminishes with each frame.

Our implementation includes basic temporal reprojection for de-

noising (Sec. 3.6), but we leave the application of more sophisticated

spatiotemporal denoisers [Hofmann et al. 2021] for future work.

3.2 Work Distribution

To be e�cient, the point splatting has to be massively parallel. We

want millions of threads, each loading attributes of a single Gaussian

and then sampling and splatting a single point. For each Gaussian,

we can compute the intended point count based on its screen-space

size and opacity in the current frame (Secs. 3.3 and 3.4). Based on

this input, we need an e�cient method for each thread to deter-

mine which Gaussian it should sample from. At �rst, we tried using

massively-parallel construction of alias tables [Lehmann et al. 2022]

each frame, which allows threads to sample a Gaussian index in

time $ (1) once they have been constructed. However, we eventu-

ally developed a method that achieves even higher throughput and

produces sorted Gaussian indices, which bene�ts cache coherence

during the point splatting stage (Fig. 2).

As input, we receive an array of desired point counts =0, . . . , =�−1
for each of the� ∈ N Gaussians. We compute exclusive pre�x sums

C6 :=
∑6−1
8=0 =8 for this array (using Thrust). Then the threads with

indices C ∈ {C6, . . . , C6+1 − 1} should sample points from Gaussian

6 ∈ {0, . . . ,� − 1}. Next, we want to reverse this mapping, i.e.,

construct an array mapping thread indices C to Gaussian indices 6C .

We impose an upper bound ) on how many points can be splatted

in a single frame and zero-initialize an array 60, . . . , 6)−1 := 0. A

scatter operation that sets 6C6 := 6 whenever =6 ≠ 0 assigns the

correct value for the thread splatting the �rst point of Gaussian

6. Finally, we perform an inclusive maximum scan operation on

this array to make the index sequence monotonic, thus setting the

remaining entries correctly: 6C :=max{60, . . . , 6C }.
At this point, thread C can read its Gaussian index from 6C . In this

manner, we accomplish the work distribution task with two scan

operations and a scatter operation, all of which achieve immense

throughput on modern GPUs. The actual total number of points to

be splatted
∑�−1
8=0 =8 is a side product of the pre�x sum and we spawn

threads and adjust the range for the maximum scan accordingly. If

it exceeds ) , points will be missing, but that never happened in our

experiments.

3.3 Opacity Correction

Now that we can splat points sampled from Gaussians in a massively

parallel fashion, we use this mechanism to render Gaussian splatting

4 02 1 0

3 7 7

1

0 2 3

3 00 0 1 0

8

00 0 5

3 30 0 1 0 03 3 5

Point counts

Prefix sums

Scaered Indices

Prefix maxima

Fig. 2. The workload distribution pipeline illustrated for 6 Gaussians,) = 10,

and 8 points in total being spla�ed. Cells colored red indicate a mask value

of 0 such that their indices will not be sca�ered. The total number of points

calculated as a byproduct of the exclusive prefix sum (green cell) is used

to constrain the workload of the inclusive prefix max operation. Gray cells

indicate that it has not been explicitly updated in that step.

scenes. In general, our implementation is designed to be as similar as

possible to the original Gaussian splatting [Kerbl et al. 2023]. Thus,

the conversion from a 3D Gaussian into a colored 2D Gaussian based

on a perspective projection is exactly the same. In particular, we also

add ( 0.3 0
0 0.3 ) to the screen-space covariance matrix. This enforces a

minimal standard deviation of
√
0.3 ≈ 0.55 pixels along x and y, as

3DGS scenes are optimized with this in mind. Thin features such as

the bike spokes in Fig. 6 may also disappear without it. Furthermore,

we exactly reproduce the mechanisms for truncating Gaussians: If

we sample a point outside the truncation range, we reject it.

To complete our method, we have to answer two questions: How

do we determine the point count of a Gaussian, and how do we

sample a point from it? The Gaussian is characterized by its symmet-

ric, positive-de�nite covariance matrix Σ ∈ R
2×2, its mean ` ∈ R

2

(both given in screen-space coordinates) and the opacity at its mean

U ∈ [0, 1]. Its opacity at a screen-space coordinate @ ∈ R
2 is

U (@) := U exp
(

−1

2
(@ − `)TΣ−1 (@ − `)

)

.

Sampling points proportional to U (@) is easy, but (perhaps sur-
prisingly) does not give us the desired result. Each thread samples

points independently of other threads, which is key to the mas-

sive parallelism of our method. It is not at all unlikely that two

threads sample two points for the same Gaussian that also splat to

the same subpixel. Though, the outcome of splatting the color of

this Gaussian twice is the same as splatting it once. E�ectively, the

second point has not contributed to the opacity of the Gaussian. We

have to splat additional points to compensate for these collisions.

Furthermore, points are more likely to collide in regions where the

Gaussian has high opacity, i.e. near its mean. Thus, the e�ective

opacity is diminished more in these regions. We have to adjust the

sampled density, sampling more points near the mean to achieve

the desired distribution for the opacity (Fig. 3).

To alleviate this problem, we fully embrace independent sampling.

We choose the number of points =6 to be splatted for a Gaussian at

random, using a Poisson distribution. Below, we determine its rate

parameter _ > 0 from parameters of the Gaussian. Determining the

point count like that and then taking independent samples simulates

a Poisson point process [Streit 2010, Sec. 2.3]. Therefore, we know

that the number of points splatted to any particular pixel will also

be Poisson-distributed [Streit 2010, Sec. 2.4]. Let ? (@) denote the
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(a) Without correction (b) With correction (c) Reference

Fig. 3. A black Gaussian on white background with opacity U = 100%. We

render it with point spla�ing and show results of a single pass and converged

results. Since spla�ed points may collide on the same pixel, sampling points

from the Gaussian gives a too low opacity, especially at the mean. We splat

additional points and concentrate their distribution towards the mean to

correct for that. This way, our results match the rasterized reference.

corrected probability density with higher density around the mean

that we use to sample points for the Gaussian. Let � > 0 be the

screen-space area of a subpixel and let @ ∈ R
2 be the center of a

subpixel. Then we can approximate the integral of the density over

the subpixel footprint by �? (@) (Sec. 4.3 discusses the implications

of this approximation). The probability of splatting exactly : ∈ N0

points to this pixel is given by a Poisson distribution:

(_�? (@)):
:!

exp(−_�? (@)). (1)

To obtain the desired e�ective opacity, we have to ensure that

the probability of splatting : = 0 points is exactly 1 − U (@):

(_�? (@))0
0!

exp(−_�? (@)) = 1 − U (@)

⇔ ? (@) = − 1

_�
ln(1 − U (@)) (2)

This is the solution to our problem, although we still have to make it

practical. The rate _ acts as a normalization factor for the probability

density ? (@) and will be determined as such (Eq. 3). Then everything

on the right-hand side of Eq. 2 is known. Fig. 4b shows how opacity

correction increases the density of sampled points near the center

of a Gaussian, especially when it has high opacity there.

3.4 Sampling Strategies

Two closely-related problems remain: We have to compute the nor-

malization factor _ for the density ? and we have to �gure out how

to sample points in proportion to ? . These problems are tractable for

the same reason that sampling of a 2D Gaussian is tractable: After

an a�ne transform, the density is radially symmetric. Speci�cally,

such a transform is > := !−1 (@ − `), where ! ∈ R
2×2 denotes a

Cholesky decomposition !!T = Σ. With this substitution, we obtain

U (@) = U exp
(

−>
T>

2

)

.

In Appendix A, we derive the following solution for the integral

that gives the unnormalized cumulative distribution function (CDF)
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A
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(a) Point count increase
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1
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0)
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(b) Corrected density

Fig. 4. Opacity correction increases the expected point count for a Gaussian

by a factor of
Li2 (U )

U
(le�). The density increases most in the middle of the

Gaussian (right, shown here for Σ = ( 1 0
0 1 ) and ` = 0). For U = 100%, the

density at A = 0 approaches infinity, but still integrates to one. For U = 0%,

the corrected density approaches the original Gaussian density.

of ? as function of radius A := ∥> ∥:

�U (A ) :=
∫

∥> ∥<A
− ln

(

1 − U exp
(

−>
T>

2

))

d>

= 2c Li2 (U) − 2c Li2

(

U exp

(

−A
2

2

))

,

where Li2 (U) :=
∫ U

0
− ln(1−B )

B
dB denotes the dilogarithm.

With that at hand, we obtain a formula for the normalization

factor of the probability density ?:

_ =

∫

R2
− 1

�
ln(1 − U (@)) d@ =

1

�
|! |�U (∞) = 1

�
2c

√

|Σ| Li2 (U). (3)

This is also the expected number of points that we will splat for the

Gaussian. If we had ignored the issue of colliding splats, we would

instead have used an expected point count of

1

�

∫

R2
U (@) d@ =

1

�
2c

√

|Σ|U .

Fig. 4a shows that compensating for collisions increases the point

count by at most c
2

6
− 1 ≈ 64.5%.

To convince ourselves that this additional work and our deriva-

tions are necessary, we brie�y study the alternative: Suppose we

have a Gaussian with opacity U = 100% and sample points using

the uncorrected density and point count, i.e. _�? (@) = U (@). Then
according to Eq. 1, its e�ective opacity at the mean `, i.e. the proba-

bility to splat more than : = 0 points there, would be

1 − exp(−_�? (`)) = 1 − exp(−U (`)) = 1 − exp(−1) ≈ 63.2%.

That is a strong deviation from the intended opacity of 100%, which

demonstrates the necessity for opacity correction.

To sample from the density ? , we �rst apply inverse CDF sampling

to the normalized CDF, to map a uniform random numberD0 ∈ [0, 1)
to a radius A . Appendix B shows that that amounts to

A = � −1U (�U (∞)D0) =

√

−2 ln
(

1

U
Li−12 ((1 − D0) Li2 (U))

)

.

Then we construct the sampled point @ in analogy to the Box-Muller

transform that is commonly used for sampling 2D Gaussians (with
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a second uniform random number D1 ∈ [0, 1)):
> := (A cos(2cD1), A sin(2cD1))T, @ := !> + `.

To implement these solutions, we need numerical �ts for the

dilogarithm and its inverse. For Li−12 , we use a minimax polynomial

�t [Press et al. 2007, Sec. 5.13] of degree 10. For Li2 that does not work

well since the derivative is unbounded.We instead �t a polynomial of

degree 7 to Li2 (U)− (1−U) ln(1−U) for U ∈ [0, 1]. These �ts achieve
maximal absolute errors of 7.07 · 10−5 and 7.27 · 10−5, respectively.

To sample the Poisson-distributed point count =6 , we use the &̃# 3

approximation of Giles [2016]. As an optimization, we stochastically

round the point count =6 to a multiple of a parameter  ∈ N, which

we typically set to the supersampling rate. This way, each thread can

splat  independent points after reading the data of a Gaussian and

therefore this cost is amortized better. This is an optional deviation

from our theory of Poisson point processes, but we found the visual

impact to be small and the speedup to be substantial (Fig. 7).

3.5 Culling

Our Gaussian point splatting scales favorably to large scenes be-

cause the overhead per Gaussian is low, few points are splatted

for small Gaussians and it distributes work evenly across many

threads. However, the number of points that need to be splatted

can still grow arbitrarily when there are many Gaussians occupying

the same regions of the image. A lot of e�ort may be wasted on

surfaces that are entirely occluded by other surfaces. Therefore, we

incorporate occlusion culling as additional optimization. Although

all Gaussians are semi-transparent, our stochastic approach uses a

depth bu�er that provides information about which Gaussians can

be culled. We also use frustum culling.

The output is an array with 1 bit per Gaussian encoding its visi-

bility (packed into 32-bit integers). The work distribution method

(Sec. 3.2) uses this array to skip writing, reading and scattering of

point counts for culled Gaussians. To ensure that occlusion culling

does not introduce any errors, we use a two-phase approach [Aal-

tonen and Haar 2015]. In the �rst phase, we render all Gaussians

that do not get culled based on the depth bu�er from the previous

frame. In the second phase, we render all Gaussians that do not get

culled based on the depth bu�er from the �rst phase and were not

rendered there. Usually, the point count in the second phase is low,

but it guarantees that we never miss anything. We experimented

with temporal reprojection of the depth bu�er from the previous

frame but found that the overhead does not pay o�.

The occlusion culling itself uses a hierarchical depth bu�er, i.e. we

repeatedly downsample the depth bu�er by a factor of 2×2, keeping

the maximal depth value [Akenine-Möller et al. 2018, Sec. 19.7.2].

To test visibility of a primitive, we compute its screen-space axis-

aligned bounding box (AABB) and its minimal depth. Then we

identify the highest-resolution level of the hierarchy where this

AABB covers only 2 × 2 pixels. If these four depths are all less than

the minimal depth, the primitive gets culled.

To limit the overhead of culling in the presence of extremely large

numbers of Gaussians, we employ a two-level hierarchy. We sort

Gaussians based on either 64-bit Morton codes of their mean or a

depth-�rst traversal of a bounding volume hierarchy (built with the

surface area heuristic using tinyBVH). Then we produce one million

groups, each with roughly equal numbers of consecutive Gaussians

and store a 3D AABB per group. Note that this only needs to happen

once per scene. Culling �rst operates on these groups and then culls

the individual Gaussians in the remaining groups.

3.6 Our Renderer

Our renderer is implemented in CUDA. To render a frame, it runs

the following kernels: First, there is culling at the granularity of

groups using one thread per group. Then, a Gaussian preprocessing

kernel performs multiple tasks using one thread per Gaussian: It

checks if the Gaussian itself is culled and, if not, computes its point

count (Sec. 3.4) and the color, based on the spherical harmonics (SH)

coe�cients. After that, the pre�x sum, scattering and maximum

scan take care of work distribution (Sec. 3.2), which is followed

by the point splatting itself (Sec. 3.1). The resulting framebu�er

gets resolved, blending subpixels together (second phase only), and

its depth bu�er gets extracted and then downsampled repeatedly.

Finally, all of these kernels run again in the second phase to render

Gaussians that were falsely culled in the �rst phase (Sec. 3.5).

To save on bandwidth and to maximize the number of Gaussians

that �t into VRAM, we quantize their data. Most attributes use

�xed-point quantization relative to minimal and maximal values

computed per scene. We use 23, 22 and 23 bits for the x-, y- and z-

coordinate of the mean, respectively. The logarithm of the standard

deviation along each principal axis is quantized into 10 bits. The

principal axes themselves are stored as a quaternion using quantiza-

tion into 30 bits [Reynolds 2017]. Together, all these attributes take

up 128 bits. The opacity is stored separately in 8 bits. We store the

three SH coe�cients for band 0 as 32-bit �oats, but divide all other

coe�cients by the respective coe�cient in band 0 and use 8-bit

�xed-point quantization [Sloan and Silvennoinen 2020]. When SH

are not needed, we only store colors with 10 bits per sRGB channel.

Overall, a Gaussian takes up 21 bytes without SH or 81 bytes

with SH. Point counts for work distribution take another 4 bytes per

Gaussian (the scans operate in situ) and culling masks take 2 bits. If

we can spare 10 GiB of VRAM for Gaussians, 425 million Gaussians

will �t without SH (Fig. 1) and 125 million will �t with SH.

To reduce noise, we use temporal accumulation for static cam-

eras and temporal reprojection for moving cameras. Accumulation

progressively takes the arithmetic mean of all frames. Reprojection

uses view-projection matrices of the previous and current frame

to project a pixel position to the previous frame [Yang et al. 2020,

Eq. 1]. We compute the pixel position based on the minimal depth

of all subpixels. Then we clamp the color from the previous frame

to an axis-aligned RGB box constructed from a 3 × 3-neighborhood

in the current frame. The reprojected and clamped color enters

into an exponential moving average with weight 0.9. Our repro-

jection is e�ective against noise but prone to ghosting and loss of

detail. We only use it in our supplemental video and expect that

more sophisticated volume denoising would perform considerably

better [Hofmann et al. 2021].

4 Results

We evaluate our method using an NVIDIA RTX 4070 with 12 GiB

VRAM (with the exception of Fig. 1). Our test scenes are generated
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Table 1. A comparison of image quality between the original 3DGS and our

method at various SPP using 1 × 1 supersampling and  = 1. The results

are averaged across scenes from Mip-NeRF360 [Barron et al. 2022], Deep

Blending [Hedman et al. 2018] and Tanks&Temples [Knapitsch et al. 2017],

trained using 3DGS.

Ours (SPP)3DGS
1 4 16 64 256 1024

PSNR 25.71 16.94 21.23 24.01 25.23 25.63 25.73

SSIM 0.759 0.241 0.435 0.613 0.712 0.750 0.761

LPIPS 0.178 0.845 0.526 0.304 0.196 0.166 0.171

using 3DGS [Kerbl et al. 2023]: truck (2.5 M Gaussians), bicycle

(6.1 M Gaussians), Opole campus (25 M Gaussians), St. Sebastian

church (30 M Gaussians), and Jastrzębia Góra (106 M Gaussians).

Jastrzębia Góra is the only scene without SH. We compare our

method to several related works: The original 3DGS [Kerbl et al.

2023] is the reference solution since our scenes are optimized for

it. StochasticSplats [Kheradmand et al. 2025] rasterizes Gaussians

with stochastic transparency [Enderton et al. 2010] to avoid sorting,

similar to our method. Splatshop [Schütz et al. 2025] is similar in

nature to 3DGS, but optimized extensively, e.g. through changes in

the sorting and more aggressive culling of fragments. Some of these

optimizations introduce visual di�erences. Most notably, Gaussians

below a certain screen-space size get culled completely. This culling

makes the method considerably more e�ective for distant views but

also introduces substantial errors. We �rst evaluate how our method

compares to 3DGS in terms of quality (Sec. 4.1), then investigate its

scalability and e�ciency (Sec. 4.2) and �nally discuss limitations

(Sec. 4.3).

4.1 �ality

The main way our results deviate from 3DGS is noise, which dimin-

ishes at higher supersampling rates (Fig. 5, Table 1). Rendering at a

supersampling rate of 2 × 2 roughly doubles frame times, although

the point count quadruples. With such a sample count, the residual

noise is already modest and 4 × 4 supersampling further diminishes

it. Since this noise arises from stochastic transparency, the noise

characteristics are the same as for other techniques that rely on

it [Kheradmand et al. 2025]. We use 2 × 2 supersampling as default

in our experiments, unless otherwise mentioned. Our supplemental

material includes more images at di�erent supersampling rates.

Fig. 6 compares our results at ca. 105 samples per pixel (spp) to

3DGS.We observe slight bias in high-frequency regions of the image,

e.g. on the spokes of the bike. These discrepancies occur because

aliasing manifests di�erently in the two techniques. While 3DGS

samples the opacity of each Gaussian at the pixel center, the results

of our method are more akin to pre�ltering with a box �lter. Sec. 4.3

discusses this aspect in more detail.

Sec. 3.4 proposes a parameter  ∈ N, which is the number of

points splatted by a single thread for a single Gaussian. That entails

rounding the Poisson-distributed point count to a multiple of  ,

which is a deviation from our theory and introduces bias. Fig. 7

demonstrates that this bias is relatively small in practice. At the

same time, renderingwith = 1 instead of = 4 increases the frame

1×1, K=1, 3.9 ms, RMSE=0.044 2×2, K=4, 7.9 ms, RMSE=0.013 4×4, K=16, 34.5 ms, RMSE=0.003

1×1, K=1, 4.4 ms, RMSE=0.076 2×2, K=4, 9.2 ms, RMSE=0.065 4×4, K=16, 47.8 ms, RMSE=0.062

1×1, K=1, 11.5 ms, RMSE=0.039 2×2, K=4, 16.7 ms, RMSE=0.032 4×4, K=16, 53.4 ms, RMSE=0.030

Fig. 5. An example of how noise reduces at growing supersampling rates

on the bicycle (top), counter (center), and St. Sebastian church (bo�om)

scenes. Frame times and RMSEs pertain to full 1920×1080 frames and RMSEs

compare to the 3DGS reference.
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255
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255

5

255

Fig. 6. Converged results of our method (le�), 3DGS (middle) and per-pixel

RMSEs between the two images (right). Di�erences in aliasing cause slight

bias in high-frequency regions.
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Fig. 7. A comparison between  = 1 (le�) and  = 4 (middle), both with

converged images and 2 × 2 supersampling. To the right, we show the

per-pixel RMSE between these two images. The full 1920×1080 frames take

13.3 ms and 9.7 ms to render, respectively.

time by 37%. Therefore, we consider this optimization justi�able

and use  = 4 by default for 2 × 2 supersampling.

4.2 Scalability

To evaluate the e�ciency and scalability of various techniques, we

have animated a camera path for each of our test scenes. This way,

our occlusion culling gets access to a depth bu�er for a similar but

di�erent view from the previous frame, as in real-time rendering.

The camera paths generally start out close to the most detailed

parts of the scene (e.g. near the truck as shown in Fig. 13) and move

upwards and away over time, which leads to a signi�cantly higher

number of Gaussians in the camera frustum. Our supplemental

video shows results of our technique for all camera paths, using

2 × 2 supersampling,  = 4 and both with and without temporal re-

projection for denoising. All timings are medians across 10 runs and

refer to a resolution of 1920×1080 (but many �gures are cropped).

Fig. 8 shows our results. When graphs are missing, it means that

the corresponding techniques either crashed when trying to render

this scene or that the timings were orders of magnitude worse than

for our method. For example, 3DGS renders St. Sebastian church

two orders of magnitude slower (the renderer uses more than 12 GiB

of VRAM for this scene). Our method renders all scenes successfully

and achieves the most consistent frame times. With culling and

2 × 2 supersampling, the frame rate never drops below 24 Hz. 3DGS

and Splatshop without culling of small Gaussians perform poorly

when many Gaussians fall into a small screen-space region, i.e.

towards the end of our camera paths. For example, for the frame in

Fig. 10a, some tiles used for rasterization contain more than 10,000

Gaussian fragments. The load balancing of 3DGS and Splatshop is

correspondingly bad. Contrary to that, our method achieves perfect

load balancing (Sec. 3.2) and becomes faster as the point count

diminishes. StochasticSplats scale quite poorly to scenes with more

Gaussians, e.g. St. Sebastian church.

Our method is the only one capable of rendering Jastrzębia Góra

fully on an RTX 4070. Splatshop with culling of small Gaussians

achieves similar timings, but as shown in Fig. 9, this culling in-

troduces strong visual di�erences as only 8% of the Gaussians are

being rendered. We can push our method even further, rendering

four copies of Jastrzębia Góra simultaneously for a total of 425 M

Gaussians. The results in Fig. 1 use 1 × 1 supersampling for the
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(e) Jastrzębia Góra (106 M)

Ours, 1×1
Ours, 2×2
Ours, 2×2, frustum culling only
3DGS
Splatshop, small Gaussians culled
Splatshop
StochasticSplats

Fig. 8. Frame times of di�erent techniques for our camera paths in five

di�erent scenes. Our method successfully renders even the largest scene

and achieves real-time frame rates consistently.

overview and 2 × 2 for the close-up views,  = 4 and a resolution

of 1920×1080. We used temporal accumulation to obtain converged

results. Splatshop cannot handle this scene. For even larger scenes,

our VRAM is exhausted, but Gaussian point splatting should be able

to scale to a billion Gaussians and beyond on more potent GPUs.

We also observe that occlusion culling becomes more e�ective in

larger scenes (Fig. 8). Fig. 11 investigates how it works for the frame

shown in Fig. 10b, recorded in the St. Sebastian church scene at

camera index 5. By looking at the scene from a di�erent perspective,

while rendering only the Gaussians that were not culled in the

original view, we �nd that most Gaussians that are hidden by the

facades are successfully culled. The di�erence between the frame

times for our method with and without occlusion culling in Fig. 8 (d)

at camera index 5 re�ects this successful culling.

4.3 Limitations

As observed in Sec. 4.1, our converged results di�er from 3DGS

because aliasing manifests di�erently. Eq. 1 assumes that the density

of a Gaussian is nearly constant across the footprint of a pixel. For
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(a) Ours (b) Splatshop, small Gaussians culled

Fig. 9. The optional culling of small Gaussians in Splatshop is beneficial

to its scalability but introduces strong artifacts. In this distant view, most

Gaussians are small and thus get culled. Only 8.2 M out of the 106 M

Gaussians in the scene get rendered. Without culling of small Gaussians,

Splatshop cannot render this scene. Our method splats points for every

single Gaussian with the right probability.

(a) Opole campus, cam. index 600 (b) St. Sebastian church, cam. index 5

Fig. 10. Example frames from our camera paths. They end with large

overview shots of the scenes. The path for St. Sebastian church starts with

a view where a building occludes a public square behind it.

(a) With occlusion culling (b) Without occlusion culling

Fig. 11. We study the situation in Fig. 10b from a di�erent perspective. The

original frustum is shown by magenta lines. Occlusion culling successfully

culls most of the hidden Gaussians in the town square behind the facades.

Note that frustum culling is enabled in both cases.

Gaussians at the scale of a pixel, this assumption is violated. 3DGS

samples Gaussians at pixel centers, which makes it prone to aliasing

artifacts. Reproducing this behavior exactly with Gaussian point

0

255

1

255

Fig. 12. Converged results of a high resolution render of the crank bolt of

the bicycle using our method (le�), 3DGS (middle) and per-pixel RMSEs

between the two images (right). Gaussians cover more pixels due to the

higher resolution, reducing aliasing di�erences, resulting in a maximum

error under 1/255, compared to 5/255, as seen in Figure 6.

(a) Normal viewpoint (b) Close-up

Fig. 13. The truck scene rendered using our method, from a viewpoint used

during optimization (le�), and up close (right), without occlusion culling, at

2 × 2 supersampling with  = 4. Our method renders the le� image using

38 million points at 10.2 ms, and the right image using 168 million points at

29.1 ms.

splatting would be challenging. Since we sample points from a

continuous distribution, optionally with supersampling, and then

splat them into pixels, the behavior of our method is more akin to

pre�ltering with a box �lter. Arguably, this behavior is better for

antialiasing, but since inverse rendering optimizes scenes to look

right with the aliasing of 3DGS, our results may be slightly farther

from the reference. In any case, the di�erences are small (Fig. 6).

Furthermore, Fig. 12 demonstrates that this bias goes away when

we zoom in heavily until Gaussians are larger than a pixel.

Our method o�ers consistent frame times and scales well to large

scenes, but 3DGSmay be faster for small scenes (Fig. 8). For example,

the truck (Fig. 13 left) has a high concentration of Gaussians for this

central object. When the camera gets close, it can result in excessive

point counts, especially when individual Gaussians come extremely

close to the camera (Fig. 13 right). Though, such views look strange

anyway and our frame times remain generally competitive. We

alleviate the worst cases by clamping the point count for a single

Gaussian so that it launches at most one thread per pixel and by

placing the near-clipping plane reasonably far away.

It is not obvious how our method could be used for di�erentiable

rendering. Thus, optimization of scenes using our renderer is cur-

rently not possible. We rely on existing implementations of 3DGS
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to obtain scenes and only use our method for rendering. This is also

the reason why we invest e�ort to replicate the behavior of 3DGS

faithfully, including artifacts such as popping. In principle, we could

sample points from a 3D distribution to eliminate popping, but with

existing scenes that would deteriorate overall quality.

5 Conclusions

Gaussian point splatting achieves unprecedented scalability. On our

tested GPU con�guration, any scene that �ts into VRAM can be

rendered interactively. Given how compute throughput, bandwidth

and memory capacity scale, we expect the same for larger GPUs.

The key to this performance is a novel Monte Carlo approach and

a fundamentally di�erent approach to parallelism. Threads splat

points independently, yet we guarantee that each pixel receives a

point with the right probability. In this �rst application of Gaussian

point splatting, we have been careful to reproduce the idiosyncrasies

of 3DGS. However, we believe that our method would be even more

compelling for unbiased volume rendering. Popping artifacts would

be eliminated in the most natural way and the image formation

model would simplify. The only challenge is the inverse rendering.
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A Solving the CDF Integral

We solve the integral for the CDF using polar coordinates:
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B Inverting the CDF Integral

To implement inverse CDF sampling, we solve the following equa-

tion for A > 0:
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