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Introduction



Introduction - Image based rendering

Novel view synthesisTraining views

figures from IDR - github



Introduction - NeRFs

figure from Mildenhall et al [2]

> In August 2020, 
groundbreaking step in novel 
view synthesis

> Uses a Multi-Layer 
Perceptron to encode an 
implicit position/view function 
for color and density

> Rendering uses ray marching, 
sampling the function at each 
point



Introduction - 3D Gaussian Splatting

figure from Chen et al [3]

> Paper [1] in August 2023

> Had a huge success in the last months

> Combines rendering quality, low training times, 
and explicit representation

> Scenes are represented as hundreds of 
thousands (or millions) of ellipsoids



3D Gaussian Splatting



3D Gaussian Splatting - Scene representation
A scene is composed of colored points, each one 
influencing a zone arround it according to a 3D 
Gaussian field.
Image below: Gaussians fields are rendered here as 
opaque ellipsoids for visualization.

figure from Kerbl et al [1]



3D Gaussian Splatting - Scene representation



3D GS - Parameters

- Position (mean) 

- Covariance matrix 

- Opacity 

- Features: view-dependent RGB, 

via spherical harmonics 



3D GS - Parameters

- Position (mean) 

- Covariance matrix 

- Opacity 

- Features: view-dependent RGB, 

via spherical harmonics 

logit space

Rotation matrix, stored as 
a quaternion q

Scaling matrix, stored as 3 
values in log space



Rasterization - Gaussian kernels

Apply affine transformation

Integrate over z axis :        (2)

       :       (1) 

Described by Zwicker et al [7]



Rasterization - Splatting

world view ray splat

(1) (1)

approx.

(2)



Rasterization - Splatting - Computation of J

Projection transformation: First-order affine approximation at p:



Rasterization - Blending

16px

16px

Buffer of intersections between gaussians and tiles,
sorted (by tile ID, then Depth)

Tile 1 Depth

Tile 2 Depth

Tile 2 Depth

Tile 3 Depth

Tile 4 Depth

Tile 4 Depth

…
Each tile is handled by a CUDA kernel as a 

thread block

For each pixel, intersecting ellipses are blended 
together (by depth order):



3DGS - Rasterizing
video from Kerbl et al [1]~ 350k Gaussians

https://docs.google.com/file/d/1PF3YejF4anOGGozLE2CfwkEecix7oWBX/preview


Optimization - Overview
figure from Kerbl et al [1]

- Gaussian parameters are optimized through 
back-propagation

- They are initialized with SfM Points
- One camera is chosen at each iteration, and the 

rendered image is compared to the groundtruth



Optimization - Initialization

SfM points

> One Gaussian per point

> Isotropic kernel

> Radius: mean distance to the closest 
three points



Optimization - Density control

Adding Gaussians

If there are not enough Gaussians to render details, new ones 

are added. Every T iterations, Gaussians with positional 

gradients above a threshold are split or cloned.

figure from Kerbl et al [1]

Removing Gaussians

> Every T iterations, Gaussians that are too large are 

removed ; Gaussians with opacity less than a threshold 

are removed

> Every K iterations, opacities are reset to a low value, in 

order to remove flying outliers

Typical values in original implementation:
T = 100, K = 3000,

after warm-up phase



3DGS - Results

figures from Kerbl et al [1]



Improvements and Applications



Applications

> Reconstruction of dynamic scenes [21, 22, 23]

> Head animation [24, 25, 33]

> AI-Generated Content [26, 27, 30, 34]

> SLAM, Autonomous Driving, Medical imaging, …



Applications - Reconstruction of dynamic scenes

video from Yang et al [21] video from Yang et al [22]

https://docs.google.com/file/d/12mAHfMBzckD8Fya7wNUIRkmw8gXxe3Tj/preview
https://docs.google.com/file/d/1YdUhqUXIo3ylkTadJoTZ0w0BBPENgnKI/preview


Applications - Head animation

video from Cho et al [24] video from Xu et al [25]

https://docs.google.com/file/d/1sJjtvDSbVLLD2vIaWIOJqBxNIOqXhjU8/preview
https://docs.google.com/file/d/1NfSvGGtOHugqYJ_oUpmzog9v_M70JFlD/preview


Applications - AI-Generated Content

video from Tang et al [26] figures from Chen et al [27]

https://docs.google.com/file/d/1UdXLjfx_1ZrdlXoaisz7KmdxYkIx1ned/preview


Issues

- Memory inefficient: parameters are not compressed at all

- Despite optimization mechanisms, there are still “useless” gaussians and artifacts around hard edges

- No embedded geometry or lighting/material information



Domains of research around 3DGS improvement

Several domains of study around 3DGS since August 2023:

- Memory-efficiency: Reduce memory usage of parameters [17, 20, 32]

- Sparsity: Reduce number of Gaussians needed to represent the scene [17,18, 20, 29, 32]

- Improvement of the optimization routine: 

> Progressive frequency regularization [19]

> Improvement of the adaptive density control heuristic [28, 31]

> Distributed optimization [35]

> Many others (cf surveys [3,13])



Memory footprint and Sparsity

- Sparsity: Typical idea, compute a score for each Gaussian, denoting its level of contribution to the scene
> Example [17] of score for Gaussian j:

(weighted) intersection Gaussian/ray

~ volume

- Memory footprint: use vector quantization with a codebook, to store parameters for Gaussians
> [17]: only for SH coefficients, for low-contribution Gaussians…



Memory footprint and Sparsity

figure from Fan et al [17]



Surfaces and mesh reconstruction



Issues with traditional 3DGS

> 3D Gaussians are optimized only with a visual 

error, and they don’t offer a natural surface 

structure (i.e. normals).

> Empirically, Gaussians centers and orientations 

rarely form a surface. 

figures from Guédon et al [4]



Surface features - Overview

> General ideas: add (hard/soft) constraints on Gaussians to have “surface-like” parameters, like:

- one axis with very low scale (or hardcoded 0)

- 0/1 opacity

The normal is then defined as the smallest axis. The learning 

of normals is usually supervised [5,6,8] via pseudo-normals 

(computed with depth) or normal priors. 

[4] optimizes an SDF instead.

Meshing usually involves Poisson reconstruction.

figures from Dai et al [8]



Intrinsic decomposition and 
Editing



Editing - Overview of existing work

Existing work on Gaussian splatting editing [9, 10, 11, 12] starts from the idea that:

3DGS only models outgoing light, for every splat. This merges all physical properties (incoming 

light, shininess, albedo, etc).

> Disantangle them by adding material/lighting parameters to Gaussians, which are learned 

during optimization.

Related to similar works on NeRFs [14, 15].

albedo, shininess…



Material model - Microfacet BRDF

Simplified Disney BRDF model (Cook-Torrance):

3 parameters: albedo, metallicity, and roughness

metallicity roughness

albedo



Image-based lighting
[9, 10, 11, 12] use an envmap to model environmental light, which 
is global to the whole scene (usually represented as a cubemap 
or as spherical harmonic coefficients):

Then, the incoming light is modeled (in [9, 10, 11]) as:



IBL Efficiently - Split-sum approximation

Introduced by [16], approximates the specular part by:
with:

2D LUT

figure from Karis [16]



Editing - Overview of existing work

To summarize, usual parameters:

- Global envmap for environmental light

- Per Gaussian: albedo, roughness, normal, metallicity, visibility, local light (+ means, covariance …)

albedo, shininess…



Additional loss terms

Intrinsic decomposition is very ill-posed: there are a lot of ambiguities. So additional loss terms are 

present to supervise the parameters learning. Examples of losses:

White light:

Smooth parameters 
change:

+ terms to supervise normals 
(pseudo-normals, prior normals, …)



Results - Intrinsic decomposition

figures from Shi et al [10]

when it works



Results - Intrinsic decomposition

figures from Shi et al [10]

when it works less



Results - Relighting

In these articles, “relighting” means changing the learned envmap by a new one before 
rendering.

figures from Shi et al [10]



Conclusion

Questions ?
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