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NeRFs examples




Lots of interesting questions around NeRFs
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Smarter sampling strategies along each ray

Handle unbounded scenes .




The need for an encoding

MLP
8 layers, ~500k parameters

F@ ground truth

Image-based loss
Retro-propagated to train the MLP parameters

vanilla MLP



The need for an encoding

MLP
8 layers, ~500k parameters
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Frequency encodings

In the original NeRF, the authors use Positional Encoding:

y(z) = (sin(2%z), ..., sin(2" '), cos(2°z), ..., cos(2"1a)




Frequency encodings

In the original NeRF, the authors use Positional Encoding:
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Frequency encodings

This idea has been extended in various ways in NeRF applications. For example, extended to generic parallel wavefronts.

v(v) = [a1 cos(2rbIv), aq sin(27rbiv), ..., am cos(2rbE v), am, sin(27bl v
1 i m m

No Fourier features

With Fourier features

(b) Image regression (c) 3D shape regression  (d) MRI reconstruction (e) Inverse rendering

(z,y) — RGB (x,y,2z) — occupancy (z,y,z) — density  (z,y,z) — RGB, density



Frequency encodings

Also extended to multiple levels of details, by mip-NeRFs, which implements Integrated Positional Encoding.
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Frequency encodings

o + td 7(t07t1) = Ezcm [’7(37)]

Barronetal,2021a



Frequency encodings

V(th tl) — Ewa(u,E) [’7(33)]

Barronetal,2021a



Frequency encodings - mip-NeRF

8 NeRF Mip-NeRF
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Frequency encodings - mip-NeRF

Full Resolution

1/8 Resolution

051 0,835 ' 0.976
(a) NeRF, Single  (b) NeRF, Multi (c) Mip-NeRF (d) Ground Truth




mip-NeRF videos
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Parametric Encodings - Single level grid

Dense feature grid (128°) of 16-dim
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trilinear interpolation at sampled location



Parametric Encodings - Single level grid

Dense feature grid (128°) of 16-dim
vectors

(.CC,y7Z) ) ) ’)/(CC,y,Z)III— (T,g,b’(j)

trilinear interpolation at sampled location
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More parameters to learn...



Parametric Encodings - Single level grid

Dense feature grid (128°) of 16-dim
vectors

(.CC,y7Z) ) ) ’)/(CC,y,Z)III— (T,g,b’(j)

trilinear interpolation at sampled location

T
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More parameters tolearn...  But actually, only 8 more per sample, so little overhead !



Parametric Encodings - Single level grid

Dense feature grid (128°) of 16-dim
vectors

(2,Y,2)  — = (2,7, 2) III ——) (17, §, b, 0)

trilinear interpolation at sampled location

More parameters tolearn...  But actually, only 8 more per sample, so little overhead !

AND, we can significantly reduce the size of the MLP !



Parametric Encodings - Single level grid

(b) Frequency (c) Dense grid
Mildenhall et al. 2020] Single resolution

(a) No encoding

[

411k + 0 parameters 438k + 0 10k + 33.6 M
11:28 (mm:ss) / PSNR 18.56 12:45 / PSNR 22.90 1:09 / PSNR 22.35



Parametric Encodings - Single level grid

Dense feature grid (128°) of 16-dim
vectors

(x,y,z) —) g E—) 7(337?%2) III ——— (Tagabv 0)

trilinear interpolation at sampled location

More parameters tolearn...  But actually, only 8 more per sample, so little overhead !

AND, we can significantly reduce the size of the MLP !

But a lot more storage needed, and lots of waste... Usually, special data structure: sparse voxel grid (Plenoxels), octree, ...



Parametric Encodings - Multi-levels grid

Dense feature grids (8 from 123
to 173%) of 2-dim vectors

trilinear interpolations at sampled location




Parametric Encodings - Multi-levels grid

Dense feature grids (8 from 123
to 173%) of 2-dim vectors

- (2, y, 2) III ——) (17, §, b, 0)

16-dim feature vector

trilinear interpolations at sampled location



Parametric Encodings - Multi-levels grid

(b) Frequency (c) Dense grid (d) Dense grid

(a) No encoding Multi resolution

[Mildenhall et al. 2020] Sing

le resolution
. it

411k + 0 parameters 438k + 0 10k + 33.6 M 10k + 16.3M
11:28 (mm:ss) / PSNR 18.56 12:45 / PSNR 22.90 1:09 / PSNR 22.35 1:26 / PSNR 23.62



Parametric Encodings - InstantNGP

2-dim features

>

I max. T bins




Parametric Encodings - InstantNGP

2-dim features

>

m— Q max. T bins




Parametric Encodings - InstantNGP

2-dim features




Parametric Encodings - InstantNGP

2-dim features

>




Parametric Encodings - InstantNGP

2-dim features

>




Parametric Encodings - InstantNGP

(b) Frequency (c) Dense grid (d) Dense grid (e) Hash table (ours) (f) Hash table (ours)
[Mildenhall et al. 2020] Single resolution Multi resolution I'=9" T=2Y
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(a) No encoding

411k + 0 parameters 438k + 0 10k + 33.6 M 10k + 16.3 10k + 494k 10k + 12.6 M
11:28 (mm:ss) / PSNR 18.56 12:45 / PSNR 22.90 1:09 / PSNR 22.35 1:26 / PSNR 23.62 1:48 / PSNR 22.61 1:47 / PSNR 24.58



InstantNGP examples




Parametric Encodings - Zip-NeRF

Weighted average of 6 samples in each cone section,
given to an iNGP




SNeRG and Deferred shading

Former model:

A\
‘ (,y,2) —————) III wi, C1

() w2, C2

Cc= ) wic
i




SNeRG and Deferred shading

Deferred model: only one call to the MLP per ray

i 01,¢1, f1 :opacity, color, features [1, 3, K=4]. Stored in a sparse voxel grid
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Parametric Encodings - MERF

Memory-Efficient Radiance Field

Instead of storing (o, ¢, fas a sparse voxel grid, to reduce
memory usage, MERF uses:

- 1low-resolution 3D grid

- 3 high-resolution 2D grids

Typically, low-res = 5123 high-res = 20482




Parametric Encodings - MERF

trilerp on the low-res 3D grid
// bilerp of the projection on the high-res 2D grid

V(xs y9 Z) + PX(ya Z) + Py(x3 Z) + PZ (xa y)

= (O-7C7f)




Demo MERF




Questions ?
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