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3D Gaussian Splatting
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Rendering
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Volumes: Rendering and Representation

Rendering Algorithm Option 2: An MLP

 

Ensure with designing MLP that 
density only depends on x

(Tulsiani) 

Option 3: 3D Gaussian Splats

Rendering Primitives (e.g. Gaussians)

1. Draw samples along the ray

2. Aggregate their contributions to render
(S. Tulsiani, 2024)

Ray Marching



From Ray tracing to Rasterization

(a) PyTorch3D rendering pipeline (b) Problems with differentiability in rendering

Figure 2: (a) The modular rendering pipeline in PyTorch3D and (b) The z- & xy-discontinuities in
traditional rasterization and the soft formulations [31] which enable differentiability.

K Nearest Neighbors for D-dimensional points are used in Chamfer loss, normal estimation, and
other point cloud operations. We implement exact KNN with custom CUDA kernels that natively
handle heterogeneous batches. Our implementation is tuned for D  4 and K  32, and uses
template metaprogramming to individually optimize each (D,K) pair. We compare against Faiss [23],
a fast GPU library for KNN that targets a different portion of the design space: it does not handle
batching, is optimized for high-dimensional descriptors (D ⇡ 128), and scales to billions of points.
Figures 1c and 1d show that we outperform Faiss by up to 5⇥ for batched 3D problems.

3.2 Differentiable mesh renderer

A renderer inputs scene information (camera, geometry, materials, lights, textures) and outputs an
image. A differentiable renderer can also propagate gradients backward from rendered images to
scene information [34], allowing rendering to be embedded into deep learning pipelines [25, 31].

PyTorch3D includes a differentiable renderer that operates on heterogeneous batches of triangle
meshes. Our renderer follows three core design principles: differentiability, meaning that it computes
gradients with respect to all inputs; efficiency, meaning that it runs quickly and scales to large meshes
and images; and modularity, meaning that users can easily replace components of the renderer to
customize its functionality to their use case and experiment with alternate formulations.

As shown in Figure 2a, our renderer has two main components: the rasterizer selects the faces affect-
ing each pixel, and the shader computes pixel colors. Through careful design of these components,
we improve efficiency and modularity compared to prior differentiable renderers [25, 31, 7].

Rasterizer. The rasterizer first uses a camera to transform meshes from world to view coordinates.
Cameras are Python objects and compute gradients via autograd; this aids modularity, as users can
easily implement new camera models other than our provided orthographic and perspective cameras.

Next, the core rasterization algorithm finds triangles that intersect each pixel. In traditional rasteriza-
tion, each pixel is influenced only by its nearest face along the z-axis. As shown in Figure 2b, this
can cause step changes in pixel color as faces move along the z-axis (due to occlusion) and in the
xy-plane (due to face boundaries). Following [31] we soften these nondifferentiabilities by blending
the influence of multiple faces for each pixel, and decaying a face’s influence toward its boundary.

Our rasterizer departs from [31] in three ways to improve efficiency and modularity. First, in [31],
pixels are influenced by every face they intersect in the xy-plane; in contrast we constrain pixels to
be influenced by only the nearest K faces along the z-axis, computed using per-pixel priority queues.
Similar to traditional z-buffering, this lets us quickly discard many faces for each pixel, improving
efficiency. We show in Section 4 that this modification does not harm downstream task performance.
Second, [31] naïvely compares each pixel with each face. We improve efficiency using a two-pass
approach similar to [28], first working on image tiles to eliminate faces before moving to pixels.
Third, [31] fuses rasterization and shading into a monolithic CUDA kernel. We decouple these, and
as shown in Figure 2a our rasterizer returns Fragment data about the K nearest faces to each pixel:
face ID, barycentric coordinates of the pixel in the face, and (signed) pixel-to-face distances along
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(S. Tulsiani, 2024)

Differentiable Primitive Rendering

Blending

Rasterization

(S. Tulsiani, 2024)



Differentiable Gaussian Rendering

Rasterization

Blending

What is the representation 
of a 3D gaussian?

How to project to 2D 
and rasterize?

How to model/aggregate 
appearance?

(S. Tulsiani, 2024)

Differentiable Gaussian Rendering
What is the representation 

of a 3D gaussian?
How to project to 2D 

and rasterize?
How to model/aggregate 

appearance?

(S. Tulsiani, 2024)



Differentiable Gaussian Rendering
What is the representation 

of a 3D gaussian?
How to project to 2D 

and rasterize?
How to model/aggregate 

appearance?

Camera

Gaussians are closed under affine transforms, integration

3D Covariance!

Slide adapted from Vincent Sitzmann.

Factorize as scale and rotation:

Each gaussian also has an opacity and view-dependent color 
(via SH coefficients):

Camera

Gaussians are closed under affine transforms, integration

3D Covariance!

Camera

Gaussians are closed under affine transforms, integration

3D Covariance!

(S. Tulsiani, 2024)

World 
coordinate 
system

Differentiable Gaussian Rendering
What is the representation 

of a 3D gaussian?
How to project to 2D 

and rasterize?
How to model/aggregate 

appearance?

Camera

Gaussians are closed under affine transforms, integration

3D Covariance!

Camera 
coordinate 

system

We can use the camera 
extrinsics to transform each 3D 
gaussian to the camera frame

How to project to 2D

(S. Tulsiani, 2024)



Differentiable Gaussian Rendering
What is the representation 

of a 3D gaussian?
How to model/aggregate 

appearance?

Camera

Gaussians are closed under affine transforms, integration

3D Covariance!

Camera 
coordinate 

system

Q: What is the image-space 
projection of a 3D gaussian?

A: Can approximate as a 2D gaussian!
(EWA Volume Splatting. Zwicker et. al., 2001)

: Projection function for 
mapping 3D points to pixels

α

2D covariance:

2D mean:

How to project to 2D 
and rasterize?

How to project to 2D

(S. Tulsiani, 2024)

Differentiable Gaussian Rendering
What is the representation 

of a 3D gaussian?
How to model/aggregate 

appearance?
How to project to 2D 

and rasterize?

Camera

Gaussians are closed under affine transforms, integration

3D Covariance!

1. Sort gaussians from closest to furthest 
from the camera

2. For each pixel u, compute opacity for 
each gaussian :𝒢k

(In practice, can rasterize ‘blocks’ instead of entire image as not all 
gaussians influence all blocks) (S. Tulsiani, 2024)



Differentiable Gaussian Rendering
What is the representation 

of a 3D gaussian?
How to model/aggregate 

appearance?
How to project to 2D 

and rasterize?

Compute per-gaussian weights based on opacities of current and previous gaussians:

Use per-gaussian SH coefficients and ray direction to get view-dependent color ck

Aggregate to obtain pixel color:

(S. Tulsiani, 2024)

Computational Graph (gsplat)
• Forward ( ) and Backward ( ) Gaussian Splatting Rendering Function↑ ↓



Properties of Gaussians for Rendering

(V. Sitzmann, 2024) (V. Sitzmann, 2024)



(V. Sitzmann, 2024)

Advantage of Rasterization

(V. Sitzmann, 2024)



(V. Sitzmann, 2024)

Gaussian Splatting: Bells and Whistles

3D Gaussian Splatting for Real-Time Radiance Field Rendering. Kerbl et. al.
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Differentiable
Tile Rasterizer

Adaptive
Density Control

Projection

Initialization

SfM Points 3D Gaussians

Image

Camera

Gradient FlowOperation Flow

Fig. 2. Optimization starts with the sparse SfM point cloud and creates a set of 3D Gaussians. We then optimize and adaptively control the density of this set
of Gaussians. During optimization we use our fast tile-based renderer, allowing competitive training times compared to SOTA fast radiance field methods.
Once trained, our renderer allows real-time navigation for a wide variety of scenes.

Original Shrunken
Gaussians

Fig. 3. We visualize the 3D Gaussians a�er optimization by shrinking them
60% (far right). This clearly shows the anisotropic shapes of the 3DGaussians
that compactly represent complex geometry a�er optimization. Le� the
actual rendered image.

5.1 Optimization
The optimization is based on successive iterations of rendering and
comparing the resulting image to the training views in the captured
dataset. Inevitably, geometry may be incorrectly placed due to the
ambiguities of 3D to 2D projection. Our optimization thus needs to
be able to create geometry and also destroy or move geometry if it
has been incorrectly positioned. The quality of the parameters of the
covariances of the 3D Gaussians is critical for the compactness of
the representation since large homogeneous areas can be captured
with a small number of large anisotropic Gaussians.

We use Stochastic Gradient Descent techniques for optimization,
taking full advantage of standard GPU-accelerated frameworks,
and the ability to add custom CUDA kernels for some operations,
following recent best practice [Fridovich-Keil and Yu et al. 2022;
Sun et al. 2022]. In particular, our fast rasterization (see Sec. 6) is
critical in the e�ciency of our optimization, since it is the main
computational bottleneck of the optimization.
We use a sigmoid activation function for 𝛼 to constrain it in

the [0 − 1) range and obtain smooth gradients, and an exponential
activation function for the scale of the covariance for similar reasons.

We estimate the initial covariance matrix as an isotropic Gaussian
with axes equal to themean of the distance to the closest three points.
We use a standard exponential decay scheduling technique similar
to Plenoxels [Fridovich-Keil and Yu et al. 2022], but for positions
only. The loss function is L1 combined with a D-SSIM term:

L = (1 − 𝜆)L1 + 𝜆LD-SSIM (7)

We use 𝜆 = 0.2 in all our tests. We provide details of the learning
schedule and other elements in Sec. 7.1.

5.2 Adaptive Control of Gaussians
We start with the initial set of sparse points from SfM and then apply
our method to adaptively control the number of Gaussians and their
density over unit volume1, allowing us to go from an initial sparse
set of Gaussians to a denser set that better represents the scene, and
with correct parameters. After optimization warm-up (see Sec. 7.1),
we densify every 100 iterations and remove any Gaussians that are
essentially transparent, i.e., with 𝛼 less than a threshold 𝜖𝛼 .
Our adaptive control of the Gaussians needs to populate empty

areas. It focuses on regions with missing geometric features (“under-
reconstruction”), but also in regions where Gaussians cover large
areas in the scene (which often correspond to “over-reconstruction”).
We observe that both have large view-space positional gradients.
Intuitively, this is likely because they correspond to regions that are
not yet well reconstructed, and the optimization tries to move the
Gaussians to correct this.
Since both cases are good candidates for densi�cation, we den-

sify Gaussians with an average magnitude of view-space position
gradients above a threshold 𝜏pos, which we set to 0.0002 in our tests.

We next present details of this process, illustrated in Fig. 4.
For small Gaussians that are in under-reconstructed regions, we

need to cover the new geometry that must be created. For this, it is
preferable to clone the Gaussians, by simply creating a copy of the
same size, and moving it in the direction of the positional gradient.

On the other hand, large Gaussians in regions with high variance
need to be split into smaller Gaussians. We replace such Gaussians
by two new ones, and divide their scale by a factor of 𝜙 = 1.6which
we determined experimentally. We also initialize their position by
using the original 3D Gaussian as a PDF for sampling.

In the �rst case we detect and treat the need for increasing both
the total volume of the system and the number of Gaussians, while
in the second case we conserve total volume but increase the num-
ber of Gaussians. Similar to other volumetric representations, our
optimization can get stuck with �oaters close to the input cameras;
in our case this may result in an unjusti�ed increase in the Gaussian
density. An e�ective way to moderate the increase in the number
of Gaussians is to set the 𝛼 value close to zero every 𝑁 = 3000
1Density of Gaussians should not be confused of course with density 𝜎 in the NeRF
literature.
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Initialize with sparse 
point cloud from SfM

Fix 2: Heuristic pruning and spawning operations

Split/clone gaussians 
based on heuristics

(S. Tulsiani, 2024)

Fix 1:

Fix 2:



(V. Sitzmann, 2024)

(Initialization)

(V. Sitzmann, 2024)

(Adaptation)
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“… And Many More Details !” 


