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Introduction



Introduction - Image based rendering
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Introduction - NeRFs

5D Input Output > In August 2020,
Position + Direction Color + Density groundbreaking step in novel

r’ (x.0,2,0,9) —>[||:||:|—>(RGBO') \ view synthesis
Ray'1
™ F ? > 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
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> 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.




3D Gaussian Splatting - Scene representation




3D GS - Parameters )
— O(z) = aexp (—5@: TS e - p)
Position (mean) D

Covariance matrix Y,

Opacity ¢

Features: view-dependent RGB,
via spherical harmonics
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3D GS - Parameters

Position (mean) D

Covariance matrix ¥ = RS ST RT

Opacity ¢

logit space

Features: view-dependent RGB,
via spherical harmonics

l0,0? ll,—ly 11,07 ll,l? c e

Rotation matrix, stored as
a quaternion q

Scaling matrix, stored as 3
values in log space



Rasterization - Gaussian kernels Described by Zwicker et al [7]

Gsals) = grrrep (—3 + o= 95 e =)

1
Apply affine transformation ®(x) = Mx + b: (1) ®(Gsyp(x)) = WGMEMT,Q)(I))((D(ZC))

Integrate over zaxis:  (2) fIRi Gz,p(ﬂf, Y, Z)dZ = Gz[;2,;2],p[;2] (37; y)



Rasterization - Splatting

world view ray splat

A <
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) > Wrwt W gwswtyt @ Xap
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Rasterization - Splatting - Computation of J

Projection transformation: First-order affine approximation at p:

U /uz /us 0  —up/u3
-m('u._) = u1/'u2 m(u) = m(p)+ J(u—p), J = 0 1/ug —*ul/'u.g = ||(up, uy, u2))||

|| (wo, uy, us)| ug/l  up/l  ug/l



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

B Tile 1 Depth

— Tile 2 Depth

Tile 2 Depth

B Tile 3 Depth

1 B Tile 4 Depth

16px Tile4 Depth

B i Each tile is handled by a CUDA kernel as a
16px thread block

For each pixel, intersecting ellipses are blended _ o
together (by depth order): c(z) Z ag(z)cy H<1 ai(z))



3DGS - Rasterizing

~ 350k Gaussians

VSync On



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

Optimization - Overview
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Image

- Gaussian parameters are optimized through
back-propagation

- They are initialized with SfM Points

- Onecamerais chosen at each iteration, and the
rendered image is compared to the groundtruth
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Optimization - Initialization

> One Gaussian per point

@)
® O > |sotropic kernel
> Radius: mean distance to the closest
) ® three points
o

SfM points




Optimization - Density control

Adding Gaussians Removing Gaussians

If there are not enough Gaussians to render details, new ones | > Every T iterations, Gaussians that are too large are
are added. Every T iterations, Gaussians with positional removed ; Gaussians with opacity less than a threshold
gradients above a threshold are split or cloned. are removed

Clone Optimization

Continues

Split fmmlzaton r
Continues

> Every K iterations, opacities are reset to a low value, in
order to remove flying outliers

Under
Reconstruction

Typical values in original implementation:
T =100, K = 3000,
after warm-up phase

Over
Reconstruction




3DGS - Results

InstantNGP (9.2 fps) Plenoxels (8.2 fps) Mip-NeRF360 (0.071 fps) Ours (135 fps) Ours (93 fps)
Train: 7min, PSNR: 22.1 Train: 26min, PSNR: 21.9 Train: 48h, PSNR: 24.3 Train: 6min, PSNR: 23.6 Train: 51min, PSNR: 25.2

Ground Truth

Dataset Mip-NeRF360 Tanks& Temples Deep Blending

MethodMetric | SSIMT  PSNR! LPIPS!  Train FPS Mem | SSIM' PSNR! LPIPS! Train FPS Mem | SSIMT PSNR! LPIPS! Train FPS Mem
Plenoxels 0.626 23.08 0.463  25md9s 6.79 2.1GB | 0.719 21.08 0379  25m5s 13.0 23GB | 0.795 23.06 0510 27m49s 112 2.7GB
INGP-Base 0.671 25.30 0.371 5m37s 117 13MB | 0.723 21.72 0330  5m26s 17.1 13MB | 0.797 23.62 0423  6m3ls 3.26 13MB
INGP-Big 0.699 25.59 0.331 7m30s  9.43 48MB | 0.745 21.92 0.305  6m59s 144 48MB | 0.817 24.96 0.390 8m 2.79  48MB
M-NeRF360 0.792F = 27.697 0.237T 48h 0.06 8.6MB | 0.759 22.22 0.257 48h 0.14 8.6MB | 0.901 29.40 0.245 48h 0.09 8.6MB
Ours-7K 0.770 25.60 0.279  6m25s 160 523MB | 0.767 21.20 0.280  6m55s 197 270MB | 0.875 27.78 0317  4m35s 172 386MB
Ours-30K 0.815 27.21 0.214  41m33s 134 734MB | 0.841 23.14 0.183  26m54s 154 411MB | 0.903 29.41 0.243 | 36m2s 137 676MB




Improvements and Applications



Applications

> Reconstruction of dynamic scenes [21, 22, 23]
> Head animation [24, 25, 33]
> Al-Generated Content [26,27, 30, 34]

> SLAM, Autonomous Driving, Medical imaging, ...



Applications - Reconstruction of dynamic scenes



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

Applications - Head animation

Cross-Driven Results Comparison

Avatarl Avatar2


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

Applications - Al-Generated Content



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
- Noembedded geometry or lighting/material information

Dataset Mip-NeRF360

MethodMetric | SSIMT  PSNRT  LPIPS!  Train FPS  Mem

Plenoxels 0.626 23.08 0463  25m49s 679 2.1GB
INGP-Base 0.671 25.30 0371  5m37s 117 13MB
INGP-Big 0.699 2559 0331  7m30s 943 48MB
M-NeRF360 0.792f 3l 0.237f 48h 006 8.6MB
Ours-7K 0.770 0.279 6m25s 160 523MB

41m33s 134 734MB

Ours-30K 0




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:

si= Y > UGy 1oV,

viewp pixel rayr;€p ~volume

(weighted) intersection Gaussian/ray

- 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

Methods Mip-NeRF 360 Datasets Tank and Temple Datasets
FPST Size] PSNR? SSIM1 LPIPS||FPSt1 Size] PSNR{1 SSIM1 LPIPS|
Plenoxels [67] | 6.79 2.1 GB 23.08 0.626 0.463 |11.2 2.3 GB 21.08 0.719 0.379

INGP-Big [46] | 9.43 48MB 2559 0.699 0.331 |14.4 48MB 21.92 0.745 0.305

Mip-NeRF 360 [5]| 0.06 8.6MB 27.69 0.792 0.237 |0.14 8.6MB 22.22 0.759 0.257
VQ-DVGO [40] | 4.65 63MB 24.23 0.636 0.393 | - - - - -
3D-GS [32] | 134 734MB 27.21 0.815 0.214 | 154 411MB 23.14 0.841 0.183
3D-GS* [32] | 119 724MB 27.53 0.810 0.227 | 106 380MB 23.11 0.822 0.219

Ours 209 42MB 27.28 0.805 0.243 | 209 22MB 23.11 0.817 0.231




Surfaces and mesh reconstruction



figures from Guédon et al [4]

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.




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 O)
- 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.

Rendering Normal Depth



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].



Material model - Microfacet BRDF

Simplified Disney BRDF model (Cook-Torrance):

,7 metallicity ,7 roughness

f(wo,w,;) — 1 - ma X D(h; T)F(wo, h, a’m)G(wi’wO’ h, T)

T 4n-w;)(n-w,)
L albedo

3 parameters: albedo, metallicity, and roughness




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):

Lglobal (wz)

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

Ll(“’z) — V(wi)Lglobal(wi) + Llocal (QJ@)



IBL Efficiently - Split-sum approximation

Introduced by [16], approximates the specular part by: Cspecular ~ [light<w07 n, 7“) . ]mat(wo, n,r, m)
with:

Liighi(Wo, M, 1) = / Li(w;)D(w;, we, ) (w; - n)dw; = Ljjgn(n, n,r)
Q

2D LUT

DFG
sl morom) = [ 225 s = 7 - R + bins( ) 7




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 )

—_—

X 4 N s 7



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:

3 3
White light:  Liight = Z <3li - Z lj) + terms to supervise normals
j=1

i=1 (pseudo-normals, prior normals, ...)

Smooth parameters
change:  Lsmootn () = [|Vi|[ exp(—[[VIyl])

z € {a,r,m,d,n}



Results - Intrinsic decomposition

when it works

Render Normal Metallic Roughness Specular Diffuse



Results - Intrinsic decomposition

when it works less

Render Albedo GT Albedo Normal Diffuse Specular




Results - Relighting

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




Conclusion

Questions?
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