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Triangle-based 3D surface representations (mesh + surface materials)

Depth-image based surface representations 
(Novel view synthesis via depth-guided image warping, pixel re-projection, etc.)

[Andersen 16] Jump: VR video

(Rendering via ray-casting or 2D projection)

Many scene representations in graphics

And many more… e.g., Implicit Surfaces

3D Volumes

[Credit: Lee Griggs]



Stanford CS348K, Spring 2023

Novel view synthesis problem
Input photos (from a !xed set of views)

Novel views 
(camera position di"erent from those in input photos)
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Fundamentals: the light !eld
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Review: sampling the light !eld
U=1

U=0 S=0

S=1

Simpli!cation: only showing lines in 2D 
(full light !eld is 4D function)



Stanford CS348K, Spring 2023

Review: measuring the light !eld by taking many pictures

U=1

U=0 S=0

S=1

[Credit: Camera icon by Venkatesh Aiyulu from The Noun Project]
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Acquiring light !eld content for VR
Google’s Jump VR video: 
Yi Halo Camera (17 cameras)

Facebook Manifold 
(16 8K cameras)
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Stereo, 360-degree viewing
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Stereo, 360-degree viewing
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Measuring light arriving at left eye

[Credit: Camera icon by Venkatesh Aiyulu from The Noun Project]
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Right eye

Measuring light arriving at right eye



Stanford CS348K, Spring 2023

??

How to estimate rays at “missing” views?

[Credit: Camera icon by Venkatesh Aiyulu from The Noun Project]



Stanford CS348K, Spring 2023

??

Interpolation to novel views depends on scene depth

[Credit: Camera icon by Venkatesh Aiyulu from The Noun Project]
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??

Interpolation to novel views depends on scene depth

[Credit: Camera icon by Venkatesh Aiyulu from The Noun Project]



Known from device construction: 
Focal length:  f 
Camera baseline:  b  

Measured: 
Disparity:  d = x - x’

Stanford CS348K, Spring 2023

Computing depth of scene point from two images
Binocular stereo 3D reconstruction of point P: depth from disparity

P

x x’

ff
b

z

Simple reconstruction example: cameras aligned (coplanar sensors), separated by known distance b (“camera baseline”), same focal length f 
“Disparity” is the distance between object’s projected position in the two images: x - x’

Px

x

f
=

Px

z
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Microsoft XBox 360 Kinect

Illuminant 
(Infrared Laser + di"user)

RGB CMOS Sensor 
640x480 (w/ Bayer mosaic) 

Monochrome Infrared 
CMOS Sensor 

(Aptina MT9M001) 
1280x1024 ** 

** Kinect returns 640x480 disparity image

Image credit: iFixIt



Stanford CS348K, Spring 2023
Credit: www.futurepicture.org

Infrared image of Kinect illuminant output
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Credit: www.futurepicture.org

Infrared image of Kinect illuminant output



Stanford CS348K, Spring 2023

Correspondence problem
How to determine which pairs of pixels in image 1 and image 2 correspond to the same scene point?
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Correspondence problem = compute “#ow” between adjacent cameras
For each pixel in frame from camera i, !nd closest pixel in camera i+1 
Google’s Jump VR video pipeline uses a coarse-to-!ne algorithm: align 32x32 blocks by searching over local window, 
then perform per-pixel alignment 
- Recall: H.264 motion estimation, HDR+ burst alignment (same correspondence challenge, but here we are 

aligning di"erent perspectives taken the same time to estimate unknown scene depth, not estimating motion 
of camera or scene over time) 

- Additional tricks to ensure temporal consistency of #ow over time (see papers)

(a) (b) (c)

(d)

(e)

(f)

(g)

(h)

(i)

(j)

Figure 12: Given two images in (a) and (b), our flow algorithm
produces the edge-aware flow field in (c). We visualize each step of
our flow algorithm for a cropped region of these images. For each
non-overlapping tile in image 0 (d) we identify the larger search
area in image 1 (e) and compute a normalized SSD surface (f), from
which we produce a motion estimate and confidence (shown here as
the radius of the circle). Despite this being a stereo pair, significant
vertical motion is visible in (f) due to rolling shutter. With our per-
tile flow and confidence in (g) we perform a per-pixel upsampling
and confidence adjustment to get the proposed flow in (h) (visualized
with saturation / u, hue / v, and value / c1/8, as shown in the
legend in (j)). This noisy and incomplete flow/confidence is fed
into a temporally-consistent bilateral solver to produce the final
edge-aware flow field in (i).

We then extract a subpixel flow estimate from D by fitting a quadratic
to the 3⇥ 3 window surrounding the argmin of D(u, v) and localiz-
ing its minimum:

D(u, v) ⇡ 1
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[u v]Ai
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We can also use this quadratic to produce a confidence for tile i:
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where �c = 256 and �A = 5 determine the importance of the SSD
value, and the curvature of SSD, respectively. Ci is large iff the two
tiles match well and the match is well-localized. See Figure 12f for
a visualization of this process.

These per-tile flow and confidence estimates {Ui, Vi, Ci} (shown
in Figure 12g) then undergo a series of heuristic transformations
to model assumptions about outliers, low-texture regions, repeated
texture, object boundaries which do not align with tile boundaries,
and forward/backward symmetry (see the supplementary material for
details). This results in a per-pixel flow/confidence, where for each
pixel i we have ûi as horizontal motion, v̂i as vertical motion, and
ĉi as our estimated confidence of ûi and v̂i (shown in Figure 12h).
This flow field is noisy and incomplete, but the flow estimate tends
to be accurate when the confidence is large. With this, we can use
the bilateral-solver [Barron and Poole 2016] to produce a smoothed
estimate of the flow-field which respects edges in the video sequence,
while resembling our noisy flow estimate in confident regions (shown
in Figure 12i). We use the bilateral solver to solve the following:
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where {ui, vi} is the smoothed flow field estimated by the solver.
The solver contains a smoothness term built around Ŵ , a (bistochas-
tized) bilateral affinity matrix W . To generalize the bilateral solver
to video sequences, we need only modify W to include a tempo-
ral term in addition to the spatial xy and color `uv terms used in
[Barron and Poole 2016]:
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where for each pixel i, p`i is luma, (pui , pvi ) is chroma, (pxi , p
y
i ) is

spatial position, and pti is time (the pixel’s frame in the video se-
quence). The parameters (�` = 16, �uv = 8, �xy = 12, and
�t = 1) determine the size of the luma, chroma, spatial, and tem-
poral support of the solver. This approach of enforcing temporal
consistency by connecting each pixel to its nearby pixels in the
video sequence implicitly reasons about object motion by assuming
motion is small and temporally smooth for images with the same
color, which works well in practice and avoids the need for esti-
mating temporal flow across adjacent frames, as is often required
by other techniques [Lang et al. 2012]. Our approach is similar
to the temporal smoothing technique used in [Meka et al. 2016]
for intrinsic image separation, though that approach relies on using
randomly sampled connections while the bilateral solver gives us
a dense “fully connected” temporal smoothness prior. We solve
the problem in Eq. 12 using the same bilateral-space optimization
approach as presented in [Barron and Poole 2016], but we optimize
over the entire video sequence in a 6-dimensional bilateral-temporal
space, rather than a 5-dimensional space.

2D Flow 
(sat = u, hue = v)
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Figure 12: Given two images in (a) and (b), our flow algorithm
produces the edge-aware flow field in (c). We visualize each step of
our flow algorithm for a cropped region of these images. For each
non-overlapping tile in image 0 (d) we identify the larger search
area in image 1 (e) and compute a normalized SSD surface (f), from
which we produce a motion estimate and confidence (shown here as
the radius of the circle). Despite this being a stereo pair, significant
vertical motion is visible in (f) due to rolling shutter. With our per-
tile flow and confidence in (g) we perform a per-pixel upsampling
and confidence adjustment to get the proposed flow in (h) (visualized
with saturation / u, hue / v, and value / c1/8, as shown in the
legend in (j)). This noisy and incomplete flow/confidence is fed
into a temporally-consistent bilateral solver to produce the final
edge-aware flow field in (i).

We then extract a subpixel flow estimate from D by fitting a quadratic
to the 3⇥ 3 window surrounding the argmin of D(u, v) and localiz-
ing its minimum:

D(u, v) ⇡ 1
2
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where �c = 256 and �A = 5 determine the importance of the SSD
value, and the curvature of SSD, respectively. Ci is large iff the two
tiles match well and the match is well-localized. See Figure 12f for
a visualization of this process.

These per-tile flow and confidence estimates {Ui, Vi, Ci} (shown
in Figure 12g) then undergo a series of heuristic transformations
to model assumptions about outliers, low-texture regions, repeated
texture, object boundaries which do not align with tile boundaries,
and forward/backward symmetry (see the supplementary material for
details). This results in a per-pixel flow/confidence, where for each
pixel i we have ûi as horizontal motion, v̂i as vertical motion, and
ĉi as our estimated confidence of ûi and v̂i (shown in Figure 12h).
This flow field is noisy and incomplete, but the flow estimate tends
to be accurate when the confidence is large. With this, we can use
the bilateral-solver [Barron and Poole 2016] to produce a smoothed
estimate of the flow-field which respects edges in the video sequence,
while resembling our noisy flow estimate in confident regions (shown
in Figure 12i). We use the bilateral solver to solve the following:
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where {ui, vi} is the smoothed flow field estimated by the solver.
The solver contains a smoothness term built around Ŵ , a (bistochas-
tized) bilateral affinity matrix W . To generalize the bilateral solver
to video sequences, we need only modify W to include a tempo-
ral term in addition to the spatial xy and color `uv terms used in
[Barron and Poole 2016]:

Wi,j = exp
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where for each pixel i, p`i is luma, (pui , pvi ) is chroma, (pxi , p
y
i ) is

spatial position, and pti is time (the pixel’s frame in the video se-
quence). The parameters (�` = 16, �uv = 8, �xy = 12, and
�t = 1) determine the size of the luma, chroma, spatial, and tem-
poral support of the solver. This approach of enforcing temporal
consistency by connecting each pixel to its nearby pixels in the
video sequence implicitly reasons about object motion by assuming
motion is small and temporally smooth for images with the same
color, which works well in practice and avoids the need for esti-
mating temporal flow across adjacent frames, as is often required
by other techniques [Lang et al. 2012]. Our approach is similar
to the temporal smoothing technique used in [Meka et al. 2016]
for intrinsic image separation, though that approach relies on using
randomly sampled connections while the bilateral solver gives us
a dense “fully connected” temporal smoothness prior. We solve
the problem in Eq. 12 using the same bilateral-space optimization
approach as presented in [Barron and Poole 2016], but we optimize
over the entire video sequence in a 6-dimensional bilateral-temporal
space, rather than a 5-dimensional space.

Image credit: Andersen et al. 2016
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Left eye: with interpolated rays 

[Credit: Camera icon by Venkatesh Aiyulu from The Noun Project]
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“Casual 3D photography”
Acquisition: wave a smartphone camera around to acquire images of scene from multiple viewpoints 
Processing: construct 3D representation of scene from photos 
- Novel view synthesis performed by rendering a textured triangle mesh

Dual-camera 
Smartphone

Burst of photos 
+ depth maps

Stitch photos into depth panorama, 
create 3D mesh + textures, 
render during VR viewing
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But it’s hard to accurately estimate depth or geometry
View out my 

window in Gates
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Computer science in a nutshell: 
Choose the right representation for the task at hand
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Deep appearance models for face rendering [SIG18]

Given a bunch of views train a generative model (VAE) that given a view spits out a mesh and a view-dependent texture.

Starting to see an end-to-end argument emerge 
1. Geometry estimation is hard. 
2. And joint optimization of geometry and texture is good because we can learn to produce a view-dependent texture 
can compensates for position and topology errors in the output mesh.
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Volumetric representations
�(p)
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Volume density and color at all points in space.

c(p,!) = c(x, y, z,�, ✓)
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Representing rays

“Distance” or 
“time”

point along ray

origin unit direction
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Absorption in a volume

                    light energy (called “radiance") along a ray from p in direction w 
Absorption cross section at point in space: 
- Probability of being absorbed per unit length 
- Units: 1/distance

L(p,!) L+ dL
�a(p)

�a(p)

dL(p,!) = ��a(p)L(p,!) ds
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p = (x, y, z)
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Rendering volumes

�(p)
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Volume density and color at all points in space. 
e.g., Values stored in a 3D gridc(p,!) = c(x, y, z,�, ✓)

<latexit sha1_base64="j/5vIbUDxLPXyWQTYj4RaG/FI0g=">AAACE3icbVA9SwNBEN2LXzF+RS1tFoMQ5Qh3EtFGCNpYKhgVciHsbSbJkt27Y3dOjEf+g41/xcZCEVsbO/+Nm5jCrwcDj/dmmJkXJlIY9LwPJzc1PTM7l58vLCwuLa8UV9cuTJxqDnUey1hfhcyAFBHUUaCEq0QDU6GEy7B/PPIvr0EbEUfnOEigqVg3Eh3BGVqpVdzh5UAx7GmVJUM3iBV02fYhL9+4A/fWDZKecGmAPUC23SqWvIo3Bv1L/AkpkQlOW8X3oB3zVEGEXDJjGr6XYDNjGgWXMCwEqYGE8T7rQsPSiCkwzWz805BuWaVNO7G2FSEdq98nMqaMGajQdo7uN7+9kfif10ixc9DMRJSkCBH/WtRJJcWYjgKibaGBoxxYwrgW9lbKe0wzjjbGgg3B//3yX3KxW/Grlb2zaql2NIkjTzbIJikTn+yTGjkhp6ROOLkjD+SJPDv3zqPz4rx+teacycw6+QHn7RNGRZ0k</latexit>

tn

tf
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Regular 3D grid representation?

Credit: Voxel Ville NFT (voxelville.io) 

Consider storage requirements: 
10243 cells

Ignore directional dependency: rgbσ 4 bytes/cell 
(~4 GB)

Now consider directional dependency on (�, ✓)

<latexit sha1_base64="FANx3/kS5T1KQQSpkjHNFSSCIO0=">AAAB9XicbVBNS8NAEN3Ur1q/qh69LBahgpREKnosevFYwX5AE8tmu2mWbjZhd6KU0P/hxYMiXv0v3vw3btsctPXBwOO9GWbm+YngGmz72yqsrK6tbxQ3S1vbO7t75f2Dto5TRVmLxiJWXZ9oJrhkLeAgWDdRjES+YB1/dDP1O49MaR7LexgnzIvIUPKAUwJGeqi6ScjPsAshA3LaL1fsmj0DXiZOTiooR7Nf/nIHMU0jJoEKonXPsRPwMqKAU8EmJTfVLCF0RIasZ6gkEdNeNrt6gk+MMsBBrExJwDP190RGIq3HkW86IwKhXvSm4n9eL4Xgysu4TFJgks4XBanAEONpBHjAFaMgxoYQqri5FdOQKELBBFUyITiLLy+T9nnNqdcu7uqVxnUeRxEdoWNURQ66RA10i5qohShS6Bm9ojfryXqx3q2PeWvBymcO0R9Ynz9GBZG6</latexit>

… much worse

Typical challenge of 
dense voxel 

representations: 
limited resolution
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Neural Volumes [SIGGRAPH 19]
Let’s just drop triangle-based representations entirely, it’s much simpler (and more versatile when 
it’s unclear what the geometry is anyway) to emit a single volumetric representation

We can’t represent the voxel grid with an MLP (not enough resolution), 
so we just have a convolutional decoder that operates on D3)

And since a 3D dense voxel grid 
is not high-enough res to avoid 
blockiness, we’ll also output a 

warping function W-1 to adjust 
space when volume rendering 

to reduce rendering loss.
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Learning (compressed) representations
Why not just learn an approximation to the continuous function that matches observations 
from di"erent viewpoints?

�(p)

<latexit sha1_base64="pxcJWXi5tbrsuRnU3gqSlICpwzk=">AAAB+3icbVDLSsNAFL3xWesr1qWbwSLUTUmkosuiG5cV7AOaUCbTSTt0JgkzE7GE/oobF4q49Ufc+TdO2iy09cDA4Zx7uWdOkHCmtON8W2vrG5tb26Wd8u7e/sGhfVTpqDiVhLZJzGPZC7CinEW0rZnmtJdIikXAaTeY3OZ+95FKxeLoQU8T6gs8iljICNZGGtgVT7GRwDVPYD2WIktm5wO76tSdOdAqcQtShQKtgf3lDWOSChppwrFSfddJtJ9hqRnhdFb2UkUTTCZ4RPuGRlhQ5Wfz7DN0ZpQhCmNpXqTRXP29kWGh1FQEZjKPqJa9XPzP66c6vPYzFiWpphFZHApTjnSM8iLQkElKNJ8agolkJisiYywx0aausinBXf7yKulc1N1G/fK+UW3eFHWU4AROoQYuXEET7qAFbSDwBM/wCm/WzHqx3q2PxeiaVewcwx9Ynz8IZJRy</latexit>

(p,!)

<latexit sha1_base64="FHD1wH/DYnTTGuRh2LCP/DUtF8o=">AAAB/HicbVDLSsNAFJ3UV62vaJdugkWoICWRii6LblxWsA9oQplMJ+3QeYSZiRBC/RU3LhRx64e482+ctFlo64GBwzn3cs+cMKZEadf9tkpr6xubW+Xtys7u3v6BfXjUVSKRCHeQoEL2Q6gwJRx3NNEU92OJIQsp7oXT29zvPWKpiOAPOo1xwOCYk4ggqI00tKt1n0E9kSyLZ+e+YHgMz4Z2zW24czirxCtIDRRoD+0vfyRQwjDXiEKlBp4b6yCDUhNE8aziJwrHEE3hGA8M5ZBhFWTz8DPn1CgjJxLSPK6dufp7I4NMqZSFZjJPqpa9XPzPGyQ6ug4ywuNEY44Wh6KEOlo4eRPOiEiMNE0NgUgSk9VBEygh0qaviinBW/7yKuleNLxm4/K+WWvdFHWUwTE4AXXggSvQAnegDToAgRQ8g1fwZj1ZL9a79bEYLVnFThX8gfX5A2m7lKA=</latexit>

F✓(p,!)

<latexit sha1_base64="wqM3KqgCR4whFeusuMYoe79JBhM=">AAACBHicbVDLSgNBEJyNrxhfqx5zWQxCBAm7EtFjUBCPEcwDsiHMTjrJkJndZaZXCEsOXvwVLx4U8epHePNvnDwOmljQUFR1090VxIJrdN1vK7Oyura+kd3MbW3v7O7Z+wd1HSWKQY1FIlLNgGoQPIQachTQjBVQGQhoBMPrid94AKV5FN7jKIa2pP2Q9zijaKSOnb/p+DgApEVfUhwomcbjUz+S0KcnHbvgltwpnGXizUmBzFHt2F9+N2KJhBCZoFq3PDfGdkoVciZgnPMTDTFlQ9qHlqEhlaDb6fSJsXNslK7Ti5SpEJ2p+nsipVLrkQxM5+RSvehNxP+8VoK9y3bKwzhBCNlsUS8RDkbOJBGnyxUwFCNDKFPc3OqwAVWUocktZ0LwFl9eJvWzklcund+VC5WreRxZkidHpEg8ckEq5JZUSY0w8kieySt5s56sF+vd+pi1Zqz5zCH5A+vzB4dMmAc=</latexit>

c(p,!) = c(x, y, z,�, ✓)

<latexit sha1_base64="j/5vIbUDxLPXyWQTYj4RaG/FI0g=">AAACE3icbVA9SwNBEN2LXzF+RS1tFoMQ5Qh3EtFGCNpYKhgVciHsbSbJkt27Y3dOjEf+g41/xcZCEVsbO/+Nm5jCrwcDj/dmmJkXJlIY9LwPJzc1PTM7l58vLCwuLa8UV9cuTJxqDnUey1hfhcyAFBHUUaCEq0QDU6GEy7B/PPIvr0EbEUfnOEigqVg3Eh3BGVqpVdzh5UAx7GmVJUM3iBV02fYhL9+4A/fWDZKecGmAPUC23SqWvIo3Bv1L/AkpkQlOW8X3oB3zVEGEXDJjGr6XYDNjGgWXMCwEqYGE8T7rQsPSiCkwzWz805BuWaVNO7G2FSEdq98nMqaMGajQdo7uN7+9kfif10ixc9DMRJSkCBH/WtRJJcWYjgKibaGBoxxYwrgW9lbKe0wzjjbGgg3B//3yX3KxW/Grlb2zaql2NIkjTzbIJikTn+yTGjkhp6ROOLkjD+SJPDv3zqPz4rx+teacycw6+QHn7RNGRZ0k</latexit>
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Learning better (more compressed) representations
Why not just learn an approximation to the continuous function:

�(p)

<latexit sha1_base64="pxcJWXi5tbrsuRnU3gqSlICpwzk=">AAAB+3icbVDLSsNAFL3xWesr1qWbwSLUTUmkosuiG5cV7AOaUCbTSTt0JgkzE7GE/oobF4q49Ufc+TdO2iy09cDA4Zx7uWdOkHCmtON8W2vrG5tb26Wd8u7e/sGhfVTpqDiVhLZJzGPZC7CinEW0rZnmtJdIikXAaTeY3OZ+95FKxeLoQU8T6gs8iljICNZGGtgVT7GRwDVPYD2WIktm5wO76tSdOdAqcQtShQKtgf3lDWOSChppwrFSfddJtJ9hqRnhdFb2UkUTTCZ4RPuGRlhQ5Wfz7DN0ZpQhCmNpXqTRXP29kWGh1FQEZjKPqJa9XPzP66c6vPYzFiWpphFZHApTjnSM8iLQkElKNJ8agolkJisiYywx0aausinBXf7yKulc1N1G/fK+UW3eFHWU4AROoQYuXEET7qAFbSDwBM/wCm/WzHqx3q2PxeiaVewcwx9Ynz8IZJRy</latexit>

(p,!)

<latexit sha1_base64="FHD1wH/DYnTTGuRh2LCP/DUtF8o=">AAAB/HicbVDLSsNAFJ3UV62vaJdugkWoICWRii6LblxWsA9oQplMJ+3QeYSZiRBC/RU3LhRx64e482+ctFlo64GBwzn3cs+cMKZEadf9tkpr6xubW+Xtys7u3v6BfXjUVSKRCHeQoEL2Q6gwJRx3NNEU92OJIQsp7oXT29zvPWKpiOAPOo1xwOCYk4ggqI00tKt1n0E9kSyLZ+e+YHgMz4Z2zW24czirxCtIDRRoD+0vfyRQwjDXiEKlBp4b6yCDUhNE8aziJwrHEE3hGA8M5ZBhFWTz8DPn1CgjJxLSPK6dufp7I4NMqZSFZjJPqpa9XPzPGyQ6ug4ywuNEY44Wh6KEOlo4eRPOiEiMNE0NgUgSk9VBEygh0qaviinBW/7yKuleNLxm4/K+WWvdFHWUwTE4AXXggSvQAnegDToAgRQ8g1fwZj1ZL9a79bEYLVnFThX8gfX5A2m7lKA=</latexit>

For all photos of the scene that we have, use                          to volume render the scene 
from the known viewpoint. 
Loss is di"erence between rendered view and actual photo. 
Update      using standard optimization techniques (SGD)    ✓

<latexit sha1_base64="jeMNMzS8PsU1FWkR24iA8gyofpY=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48V7Ae0oWy2m3btZhN2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilVg9HHGm/XHGr7hxklXg5qUCORr/81RvELI24QiapMV3PTdDPqEbBJJ+WeqnhCWVjOuRdSxWNuPGz+bVTcmaVAQljbUshmau/JzIaGTOJAtsZURyZZW8m/ud1Uwyv/UyoJEWu2GJRmEqCMZm9TgZCc4ZyYgllWthbCRtRTRnagEo2BG/55VXSuqh6terlfa1Sv8njKMIJnMI5eHAFdbiDBjSBwSM8wyu8ObHz4rw7H4vWgpPPHMMfOJ8/po+PMA==</latexit>

F✓(p,!)

<latexit sha1_base64="wqM3KqgCR4whFeusuMYoe79JBhM=">AAACBHicbVDLSgNBEJyNrxhfqx5zWQxCBAm7EtFjUBCPEcwDsiHMTjrJkJndZaZXCEsOXvwVLx4U8epHePNvnDwOmljQUFR1090VxIJrdN1vK7Oyura+kd3MbW3v7O7Z+wd1HSWKQY1FIlLNgGoQPIQachTQjBVQGQhoBMPrid94AKV5FN7jKIa2pP2Q9zijaKSOnb/p+DgApEVfUhwomcbjUz+S0KcnHbvgltwpnGXizUmBzFHt2F9+N2KJhBCZoFq3PDfGdkoVciZgnPMTDTFlQ9qHlqEhlaDb6fSJsXNslK7Ti5SpEJ2p+nsipVLrkQxM5+RSvehNxP+8VoK9y3bKwzhBCNlsUS8RDkbOJBGnyxUwFCNDKFPc3OqwAVWUocktZ0LwFl9eJvWzklcund+VC5WreRxZkidHpEg8ckEq5JZUSY0w8kieySt5s56sF+vd+pi1Zqz5zCH5A+vzB4dMmAc=</latexit>

F✓(p,!)

<latexit sha1_base64="wqM3KqgCR4whFeusuMYoe79JBhM=">AAACBHicbVDLSgNBEJyNrxhfqx5zWQxCBAm7EtFjUBCPEcwDsiHMTjrJkJndZaZXCEsOXvwVLx4U8epHePNvnDwOmljQUFR1090VxIJrdN1vK7Oyura+kd3MbW3v7O7Z+wd1HSWKQY1FIlLNgGoQPIQachTQjBVQGQhoBMPrid94AKV5FN7jKIa2pP2Q9zijaKSOnb/p+DgApEVfUhwomcbjUz+S0KcnHbvgltwpnGXizUmBzFHt2F9+N2KJhBCZoFq3PDfGdkoVciZgnPMTDTFlQ9qHlqEhlaDb6fSJsXNslK7Ti5SpEJ2p+nsipVLrkQxM5+RSvehNxP+8VoK9y3bKwzhBCNlsUS8RDkbOJBGnyxUwFCNDKFPc3OqwAVWUocktZ0LwFl9eJvWzklcund+VC5WreRxZkidHpEg8ckEq5JZUSY0w8kieySt5s56sF+vd+pi1Zqz5zCH5A+vzB4dMmAc=</latexit>

c(p,!) = c(x, y, z,�, ✓)

<latexit sha1_base64="j/5vIbUDxLPXyWQTYj4RaG/FI0g=">AAACE3icbVA9SwNBEN2LXzF+RS1tFoMQ5Qh3EtFGCNpYKhgVciHsbSbJkt27Y3dOjEf+g41/xcZCEVsbO/+Nm5jCrwcDj/dmmJkXJlIY9LwPJzc1PTM7l58vLCwuLa8UV9cuTJxqDnUey1hfhcyAFBHUUaCEq0QDU6GEy7B/PPIvr0EbEUfnOEigqVg3Eh3BGVqpVdzh5UAx7GmVJUM3iBV02fYhL9+4A/fWDZKecGmAPUC23SqWvIo3Bv1L/AkpkQlOW8X3oB3zVEGEXDJjGr6XYDNjGgWXMCwEqYGE8T7rQsPSiCkwzWz805BuWaVNO7G2FSEdq98nMqaMGajQdo7uN7+9kfif10ixc9DMRJSkCBH/WtRJJcWYjgKibaGBoxxYwrgW9lbKe0wzjjbGgg3B//3yX3KxW/Grlb2zaql2NIkjTzbIJikTn+yTGjkhp6ROOLkjD+SJPDv3zqPz4rx+teacycw6+QHn7RNGRZ0k</latexit>
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Learning neural radiance !elds (NeRF)
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Frequency encoding of (x,y,z,phi,theta)

See: “On the spectral bias of neural networks” In: ICML (2018)
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Key ideas of volumetric representations in this context
Do not need to reconstruct/estimate triangle mesh surface geometry 
Volume rendering is easily di"erentiable, so easy to update 
 The DNN used to represent                          is a compact representation of this high-
dimensional function. 
- Alternative representation than a dense voxel grid.

F✓(p,!)

<latexit sha1_base64="wqM3KqgCR4whFeusuMYoe79JBhM=">AAACBHicbVDLSgNBEJyNrxhfqx5zWQxCBAm7EtFjUBCPEcwDsiHMTjrJkJndZaZXCEsOXvwVLx4U8epHePNvnDwOmljQUFR1090VxIJrdN1vK7Oyura+kd3MbW3v7O7Z+wd1HSWKQY1FIlLNgGoQPIQachTQjBVQGQhoBMPrid94AKV5FN7jKIa2pP2Q9zijaKSOnb/p+DgApEVfUhwomcbjUz+S0KcnHbvgltwpnGXizUmBzFHt2F9+N2KJhBCZoFq3PDfGdkoVciZgnPMTDTFlQ9qHlqEhlaDb6fSJsXNslK7Ti5SpEJ2p+nsipVLrkQxM5+RSvehNxP+8VoK9y3bKwzhBCNlsUS8RDkbOJBGnyxUwFCNDKFPc3OqwAVWUocktZ0LwFl9eJvWzklcund+VC5WreRxZkidHpEg8ckEq5JZUSY0w8kieySt5s56sF+vd+pi1Zqz5zCH5A+vzB4dMmAc=</latexit>

F✓(p,!)

<latexit sha1_base64="wqM3KqgCR4whFeusuMYoe79JBhM=">AAACBHicbVDLSgNBEJyNrxhfqx5zWQxCBAm7EtFjUBCPEcwDsiHMTjrJkJndZaZXCEsOXvwVLx4U8epHePNvnDwOmljQUFR1090VxIJrdN1vK7Oyura+kd3MbW3v7O7Z+wd1HSWKQY1FIlLNgGoQPIQachTQjBVQGQhoBMPrid94AKV5FN7jKIa2pP2Q9zijaKSOnb/p+DgApEVfUhwomcbjUz+S0KcnHbvgltwpnGXizUmBzFHt2F9+N2KJhBCZoFq3PDfGdkoVciZgnPMTDTFlQ9qHlqEhlaDb6fSJsXNslK7Ti5SpEJ2p+nsipVLrkQxM5+RSvehNxP+8VoK9y3bKwzhBCNlsUS8RDkbOJBGnyxUwFCNDKFPc3OqwAVWUocktZ0LwFl9eJvWzklcund+VC5WreRxZkidHpEg8ckEq5JZUSY0w8kieySt5s56sF+vd+pi1Zqz5zCH5A+vzB4dMmAc=</latexit>
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What just happened?
Continuous coordinate-based representation vs regular grid: MLP “learns” how to use its weights to produce 
high-resolution output where needed… given input data 

3D grid: RGBA values at each grid location 
MLP: !xed set of weights, weights can get “allocated” di"erent regions of space via learning 

Compact representation: trades-o" space for expensive rendering 
- Good: a few MBs = e"ectively very high resolution dense grid 
- Bad: must evaluate MLP every step 

- And it’s a “big” MLP (8-layer x 256) 
- Bad: must step densely (because we don’t know where the surface is) 

Compact representation: optimization learns to interpolate views despite complexity of volume density and 
radiance function 
- Only structural bias in the solution is the separation into positional       and directional rgb 
- Training time: hours to a day to learn a good NeRF

�

<latexit sha1_base64="HRIQLMFYOCGIGwB9UAGNEgDm9D0=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKexKRI9BLx4jmAckS5idzCZj5rHMzAphyT948aCIV//Hm3/jJNmDJhY0FFXddHdFCWfG+v63V1hb39jcKm6Xdnb39g/Kh0cto1JNaJMornQnwoZyJmnTMstpJ9EUi4jTdjS+nfntJ6oNU/LBThIaCjyULGYEWye1eoYNBe6XK37VnwOtkiAnFcjR6Je/egNFUkGlJRwb0w38xIYZ1pYRTqelXmpogskYD2nXUYkFNWE2v3aKzpwyQLHSrqRFc/X3RIaFMRMRuU6B7cgsezPxP6+b2vg6zJhMUkslWSyKU46sQrPX0YBpSiyfOIKJZu5WREZYY2JdQCUXQrD88ippXVSDWvXyvlap3+RxFOEETuEcAriCOtxBA5pA4BGe4RXePOW9eO/ex6K14OUzx/AH3ucPnvePKw==</latexit>

MLP must do real work to associate 
weights with 5D locations 
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NeRF demos
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Where we stand
Good: 
- We can recover [surprisingly] high quality                         from a relatively sparse set of 

photos 
- What do you mean by “high quality”? 

- High quality novel view synthesis 
- Visualization of a occupancy reveals high quality depth maps  

Bad: (high cost!) 
- Long training times 
- Expensive MLP at rendering time (far from interactive rendering) 

F✓(p,!)

<latexit sha1_base64="wqM3KqgCR4whFeusuMYoe79JBhM=">AAACBHicbVDLSgNBEJyNrxhfqx5zWQxCBAm7EtFjUBCPEcwDsiHMTjrJkJndZaZXCEsOXvwVLx4U8epHePNvnDwOmljQUFR1090VxIJrdN1vK7Oyura+kd3MbW3v7O7Z+wd1HSWKQY1FIlLNgGoQPIQachTQjBVQGQhoBMPrid94AKV5FN7jKIa2pP2Q9zijaKSOnb/p+DgApEVfUhwomcbjUz+S0KcnHbvgltwpnGXizUmBzFHt2F9+N2KJhBCZoFq3PDfGdkoVciZgnPMTDTFlQ9qHlqEhlaDb6fSJsXNslK7Ti5SpEJ2p+nsipVLrkQxM5+RSvehNxP+8VoK9y3bKwzhBCNlsUS8RDkbOJBGnyxUwFCNDKFPc3OqwAVWUocktZ0LwFl9eJvWzklcund+VC5WreRxZkidHpEg8ckEq5JZUSY0w8kieySt5s56sF+vd+pi1Zqz5zCH5A+vzB4dMmAc=</latexit>
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Sound familiar? "
Amazing new ML algorithm emerges 
- Amazing e"ectiveness of brute-force optimization, uses few structural priors… 
- Extremely high cost to train or evaluate 

What should we do? 
- Build faster DNN accelerator hardware? 
- Parallelize onto di"erent machines? 
- ???
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Improving NeRF training
One idea: improve training speed AND reduce number of images needed using meta-learning
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Improving rendering performance
Main idea: move to a di"erent point in the compression-compute trade-o" space by 
moving back toward traditional computer graphics data structures 

Main ideas: 
- Avoid stepping densely through space during rendering (it is costly to evaluate the MLP 

and !nd density = 0) 
- Shrink the size of the MLP 
- Avoid evaluating the MLP when you can
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Background part 1: quad-tree / octree
Quad-tree: nodes have 4 children (partitions 2D space) 
Octree: nodes have 8 children (partitions 3D space)

Like uniform grid: easy to build (don’t have to choose 
partition planes) 

Has greater ability to adapt to location of scene geometry 
than uniform grid.
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Simple two-level sparse quad tree
Quad-tree: nodes have 4 children (partitions 2D space) 
Octree: nodes have 8 children (partitions 3D space)

0 1

2 3

0 1 2 3
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Background part 2: spherical harmonics
Useful basis for representing directional information 
Analogy: cosine basis on the sphere

Represent                           compactly by 
projecting into basis of SH. 

c(p,!) = c(x, y, z,�, ✓)

<latexit sha1_base64="j/5vIbUDxLPXyWQTYj4RaG/FI0g=">AAACE3icbVA9SwNBEN2LXzF+RS1tFoMQ5Qh3EtFGCNpYKhgVciHsbSbJkt27Y3dOjEf+g41/xcZCEVsbO/+Nm5jCrwcDj/dmmJkXJlIY9LwPJzc1PTM7l58vLCwuLa8UV9cuTJxqDnUey1hfhcyAFBHUUaCEq0QDU6GEy7B/PPIvr0EbEUfnOEigqVg3Eh3BGVqpVdzh5UAx7GmVJUM3iBV02fYhL9+4A/fWDZKecGmAPUC23SqWvIo3Bv1L/AkpkQlOW8X3oB3zVEGEXDJjGr6XYDNjGgWXMCwEqYGE8T7rQsPSiCkwzWz805BuWaVNO7G2FSEdq98nMqaMGajQdo7uN7+9kfif10ixc9DMRJSkCBH/WtRJJcWYjgKibaGBoxxYwrgW9lbKe0wzjjbGgg3B//3yX3KxW/Grlb2zaql2NIkjTzbIJikTn+yTGjkhp6ROOLkjD+SJPDv3zqPz4rx+teacycw6+QHn7RNGRZ0k</latexit>

Ym
l (!) = Ym

l (✓,�)

<latexit sha1_base64="VHAc7TBcDQOxOotPHcY7mXUAD3E=">AAACJnicbVDLSgNBEJyNrxhfUY9eBoOQgIRdUfQiBL14VDA+yMYwO+kkQ2Z2l5leISz7NV78FS8eFBFvfoqTmIMmKWgoqrrp7gpiKQy67peTm5tfWFzKLxdWVtfWN4qbWzcmSjSHOo9kpO8CZkCKEOooUMJdrIGpQMJt0D8f+rePoI2IwmscxNBUrBuKjuAMrdQqnvqKYU+r9D57SFXWSmVW9iMFXVahp3SWiT1Atk/9uCcqrWLJrboj0GnijUmJjHHZKr757YgnCkLkkhnT8NwYmynTKLiErOAnBmLG+6wLDUtDpsA009GbGd2zSpt2Im0rRDpS/06kTBkzUIHtHN5tJr2hOMtrJNg5aaYijBOEkP8u6iSSYkSHmdG20MBRDixhXAt7K+U9phlHm2zBhuBNvjxNbg6q3mH16OqwVDsbx5EnO2SXlIlHjkmNXJBLUiecPJEX8kbenWfn1flwPn9bc854Zpv8g/P9A5aMpmw=</latexit>
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Okay… so let’s have          just predict SH coe%cients

�(p)

<latexit sha1_base64="pxcJWXi5tbrsuRnU3gqSlICpwzk=">AAAB+3icbVDLSsNAFL3xWesr1qWbwSLUTUmkosuiG5cV7AOaUCbTSTt0JgkzE7GE/oobF4q49Ufc+TdO2iy09cDA4Zx7uWdOkHCmtON8W2vrG5tb26Wd8u7e/sGhfVTpqDiVhLZJzGPZC7CinEW0rZnmtJdIikXAaTeY3OZ+95FKxeLoQU8T6gs8iljICNZGGtgVT7GRwDVPYD2WIktm5wO76tSdOdAqcQtShQKtgf3lDWOSChppwrFSfddJtJ9hqRnhdFb2UkUTTCZ4RPuGRlhQ5Wfz7DN0ZpQhCmNpXqTRXP29kWGh1FQEZjKPqJa9XPzP66c6vPYzFiWpphFZHApTjnSM8iLQkElKNJ8agolkJisiYywx0aausinBXf7yKulc1N1G/fK+UW3eFHWU4AROoQYuXEET7qAFbSDwBM/wCm/WzHqx3q2PxeiaVewcwx9Ynz8IZJRy</latexit>

F✓(p)

<latexit sha1_base64="7zMNvoRpI4+ntvURPjzNiaeyBIQ=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRahbkoiFV0WBXFZwT6gCWUynbRDZ5IwcyOUmIW/4saFIm79DXf+jZM2C209MHA4517umePHnCmw7W9jaXlldW29tFHe3Nre2TX39tsqSiShLRLxSHZ9rChnIW0BA067saRY+Jx2/PF17nceqFQsCu9hElNP4GHIAkYwaKlvHt70UxdGFHBWdQWGkRRpnJ32zYpds6ewFolTkAoq0OybX+4gIomgIRCOleo5dgxeiiUwwmlWdhNFY0zGeEh7moZYUOWl0/yZdaKVgRVEUr8QrKn6eyPFQqmJ8PVkHlHNe7n4n9dLILj0UhbGCdCQzA4FCbcgsvIyrAGTlACfaIKJZDqrRUZYYgK6srIuwZn/8iJpn9Wceu38rl5pXBV1lNAROkZV5KAL1EC3qIlaiKBH9Ixe0ZvxZLwY78bHbHTJKHYO0B8Ynz81kpY8</latexit>

K(p)

<latexit sha1_base64="9f8WK9EAv+NmlTJI+MFr7SvZAHg=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBItQN2VGKrosuhHcVLAPaIeSSdM2NMmMSaZQhn6HGxeKuPVj3Pk3ZtpZaOuBwOGce7knJ4g408Z1v53c2vrG5lZ+u7Czu7d/UDw8auowVoQ2SMhD1Q6wppxJ2jDMcNqOFMUi4LQVjG9TvzWhSrNQPpppRH2Bh5INGMHGSv59uSuwGSmRRLPzXrHkVtw50CrxMlKCDPVe8avbD0ksqDSEY607nhsZP8HKMMLprNCNNY0wGeMh7VgqsaDaT+ahZ+jMKn00CJV90qC5+nsjwULrqQjsZBpRL3up+J/Xic3g2k+YjGJDJVkcGsQcmRClDaA+U5QYPrUEE8VsVkRGWGFibE8FW4K3/OVV0ryoeNXK5UO1VLvJ6sjDCZxCGTy4ghrcQR0aQOAJnuEV3pyJ8+K8Ox+L0ZyT7RzDHzifP3vZke0=</latexit>

(Vector of SH coe%cients)

F✓(p)

<latexit sha1_base64="7zMNvoRpI4+ntvURPjzNiaeyBIQ=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRahbkoiFV0WBXFZwT6gCWUynbRDZ5IwcyOUmIW/4saFIm79DXf+jZM2C209MHA4517umePHnCmw7W9jaXlldW29tFHe3Nre2TX39tsqSiShLRLxSHZ9rChnIW0BA067saRY+Jx2/PF17nceqFQsCu9hElNP4GHIAkYwaKlvHt70UxdGFHBWdQWGkRRpnJ32zYpds6ewFolTkAoq0OybX+4gIomgIRCOleo5dgxeiiUwwmlWdhNFY0zGeEh7moZYUOWl0/yZdaKVgRVEUr8QrKn6eyPFQqmJ8PVkHlHNe7n4n9dLILj0UhbGCdCQzA4FCbcgsvIyrAGTlACfaIKJZDqrRUZYYgK6srIuwZn/8iJpn9Wceu38rl5pXBV1lNAROkZV5KAL1EC3qIlaiKBH9Ixe0ZvxZLwY78bHbHTJKHYO0B8Ynz81kpY8</latexit>

(We can compute                        from the coe%cients as needed)c(p,!) = c(x, y, z,�, ✓)

<latexit sha1_base64="j/5vIbUDxLPXyWQTYj4RaG/FI0g=">AAACE3icbVA9SwNBEN2LXzF+RS1tFoMQ5Qh3EtFGCNpYKhgVciHsbSbJkt27Y3dOjEf+g41/xcZCEVsbO/+Nm5jCrwcDj/dmmJkXJlIY9LwPJzc1PTM7l58vLCwuLa8UV9cuTJxqDnUey1hfhcyAFBHUUaCEq0QDU6GEy7B/PPIvr0EbEUfnOEigqVg3Eh3BGVqpVdzh5UAx7GmVJUM3iBV02fYhL9+4A/fWDZKecGmAPUC23SqWvIo3Bv1L/AkpkQlOW8X3oB3zVEGEXDJjGr6XYDNjGgWXMCwEqYGE8T7rQsPSiCkwzWz805BuWaVNO7G2FSEdq98nMqaMGajQdo7uN7+9kfif10ixc9DMRJSkCBH/WtRJJcWYjgKibaGBoxxYwrgW9lbKe0wzjjbGgg3B//3yX3KxW/Grlb2zaql2NIkjTzbIJikTn+yTGjkhp6ROOLkjD+SJPDv3zqPz4rx+teacycw6+QHn7RNGRZ0k</latexit>

Note, now the MLP is just a function of 
3D coordinates p. 
(Not position and direction… the 
direction is handled by the SH 
representation)

PlenOctrees [ICCV 21]
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Okay, let’s just train for a bit…

Use the initial MLP to densely sample volume 
(Find the empty space that’s used to build the octree)

Note: paper’s implementation 
uses 2-level octree

Until the MLP tells us where the empty space clearly is. 

Then move to an octree representation that’s more e%cient to render from… 
With the octree structure *!xed*, we can continue to optimize SH coe%cients and density at leaves 
with di"erential volume rendering and SGD
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What just happened?
We performed initial training a la original NeRF 
Once we get a sense of where the empty space is, we switch to a traditional acceleration structure to 
replace the “big” MLP.  This paper uses SH model at the leaves, but we could have instead used a little 
MLP at the leaves too.  
That structure speeds up rendering (a lot), and also speeds up “!ne tuning” training, since the initial 
“big” MLP need not be trained to convergence

Cost? octree structure now 100’s of MBs instead of a few MBs for MLP
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Yet another take (for SDFs not NeRF)
Sparse voxel octree, but store 32-D neural code stored at all empty cells, not just leaf 
- Data at level L is coarse representation of scene 
- Train one MLP per level 

Sampling the SDF at location p 
- For each level: 

- Get neural code z for level l at point p 
- Evaluate MLP_l(z) to get level l’s signed distance 

- Blend distances for all levels

MLP is small because heavyweight lifting comes from octree traversal and 
neural code. 

Details: clever tricks about how to sample points from the original surface 
representation during training

Neural Geometric Level of Detail 
[CVPR 21]
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Another take (by other groups)
Same idea: densely sample MLP to “bake” density into sparse octree representation 
Instead of SH, MLP outputs density, di"use color, and specular (directional) “features”

v(p)

<latexit sha1_base64="Lmz3LP2d7aNnL7nIMpGX7duRcpI=">AAAB/3icbVDLSgMxFM3UV62vUcGNm2AR6qbMSEWXRTcuK9gHtEPJpJk2NMkMSaZQxln4K25cKOLW33Dn35hpR9DWA4HDOfdyT44fMaq043xZhZXVtfWN4mZpa3tnd8/eP2ipMJaYNHHIQtnxkSKMCtLUVDPSiSRB3Gek7Y9vMr89IVLRUNzraUQ8joaCBhQjbaS+fdTjSI8kTyZp5YdG6VnfLjtVZwa4TNyclEGORt/+7A1CHHMiNGZIqa7rRNpLkNQUM5KWerEiEcJjNCRdQwXiRHnJLH8KT40ygEEozRMaztTfGwniSk25byaziGrRy8T/vG6sgysvoSKKNRF4fiiIGdQhzMqAAyoJ1mxqCMKSmqwQj5BEWJvKSqYEd/HLy6R1XnVr1Yu7Wrl+nddRBMfgBFSACy5BHdyCBmgCDB7AE3gBr9aj9Wy9We/z0YKV7xyCP7A+vgGhCZaA</latexit>

�(p)

<latexit sha1_base64="pxcJWXi5tbrsuRnU3gqSlICpwzk=">AAAB+3icbVDLSsNAFL3xWesr1qWbwSLUTUmkosuiG5cV7AOaUCbTSTt0JgkzE7GE/oobF4q49Ufc+TdO2iy09cDA4Zx7uWdOkHCmtON8W2vrG5tb26Wd8u7e/sGhfVTpqDiVhLZJzGPZC7CinEW0rZnmtJdIikXAaTeY3OZ+95FKxeLoQU8T6gs8iljICNZGGtgVT7GRwDVPYD2WIktm5wO76tSdOdAqcQtShQKtgf3lDWOSChppwrFSfddJtJ9hqRnhdFb2UkUTTCZ4RPuGRlhQ5Wfz7DN0ZpQhCmNpXqTRXP29kWGh1FQEZjKPqJa9XPzP66c6vPYzFiWpphFZHApTjnSM8iLQkElKNJ8agolkJisiYywx0aausinBXf7yKulc1N1G/fK+UW3eFHWU4AROoQYuXEET7qAFbSDwBM/wCm/WzHqx3q2PxeiaVewcwx9Ynz8IZJRy</latexit>

F✓(p)

<latexit sha1_base64="7zMNvoRpI4+ntvURPjzNiaeyBIQ=">AAAB/3icbVDLSsNAFJ34rPUVFdy4CRahbkoiFV0WBXFZwT6gCWUynbRDZ5IwcyOUmIW/4saFIm79DXf+jZM2C209MHA4517umePHnCmw7W9jaXlldW29tFHe3Nre2TX39tsqSiShLRLxSHZ9rChnIW0BA067saRY+Jx2/PF17nceqFQsCu9hElNP4GHIAkYwaKlvHt70UxdGFHBWdQWGkRRpnJ32zYpds6ewFolTkAoq0OybX+4gIomgIRCOleo5dgxeiiUwwmlWdhNFY0zGeEh7moZYUOWl0/yZdaKVgRVEUr8QrKn6eyPFQqmJ8PVkHlHNe7n4n9dLILj0UhbGCdCQzA4FCbcgsvIyrAGTlACfaIKJZDqrRUZYYgK6srIuwZn/8iJpn9Wceu38rl5pXBV1lNAROkZV5KAL1EC3qIlaiKBH9Ixe0ZvxZLwY78bHbHTJKHYO0B8Ynz81kpY8</latexit>

c(p)

<latexit sha1_base64="uCAmF8nSN7bSu4UkPCfxsrqrJu8=">AAAB/3icbVDLSsNAFL3xWesrKrhxM1iEuimJVHRZdOOygn1AG8pkOmmHTiZhZiKU2IW/4saFIm79DXf+jZM2grYeGDiccy/3zPFjzpR2nC9raXlldW29sFHc3Nre2bX39psqSiShDRLxSLZ9rChngjY005y2Y0lx6HPa8kfXmd+6p1KxSNzpcUy9EA8ECxjB2kg9+7AbYj2UYUom5R8aT057dsmpOFOgReLmpAQ56j37s9uPSBJSoQnHSnVcJ9ZeiqVmhNNJsZsoGmMywgPaMVTgkCovneafoBOj9FEQSfOERlP190aKQ6XGoW8ms4hq3svE/7xOooNLL2UiTjQVZHYoSDjSEcrKQH0mKdF8bAgmkpmsiAyxxESbyoqmBHf+y4ukeVZxq5Xz22qpdpXXUYAjOIYyuHABNbiBOjSAwAM8wQu8Wo/Ws/Vmvc9Gl6x85wD+wPr4BoNGlm0=</latexit>

“Volume render” both the di"use colors and the features, and use one MLP eval at the end to turn the di"use 
color and features into a !nal color 
- Note: now 1 MLP eval per ray, instead of per step

In the authors’s words: “Since we do not know where the scene geometry lies during optimization, it is crucial to use a compact representation that can represent highly-detailed geometry 
at arbitrary locations. However, after a NeRF has been trained, we argue that it is prudent to rethink this space-time tradeo" and “bake” the NeRF representation into a data structure that 
stores pre-computed values from the MLP to enable real-time rendering.”

Baking Neural Radiance Fields for Real-Time View Synthesis 
[ICCV 21]



Stanford CS348K, Spring 2023

Finally…back to where we began
Start with a dense 3D grid of SH coe%cients, learn that at low 
resolution 
Now move to a sparse higher resolution representation 
Directly optimize for opacities and SH coe%cients using 
di"erentiable volume rendering 
No neural networks. Just optimizing the octree representation 
of baked SH lighting 

Takeaway: conventional computer graphics representations are 
*much* more e%cient representations to learn on 

But learning can be a little challenging… see all the details 
in the paper about choice of optimizer, etc. etc.  

Plenoxels [CVPR 22]
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Light probe locations in a game
Here: SH probes sampled on a uniform grid
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The neural representation “template”
Train MLP to understand 3D occupancy (where the surface is) 
- Uses Little-to-no geometric priors (so need position encoding tricks, etc) 

Move to a traditional sparse encoding of occupancy (sparse volumetric structure) 
- Now the “topology” of the irregular data structure is !xed 
- Representation of surface/appearance/etc is stored at the nodes of this structure (spherical harmonics, 

neural code, etc.) 
- Most of the heavy lifting is now performed by the data structure 

Continue optimization on the !xed, sparse representation 
- Leverages di"erential volume rendering on sparse structure 
- What we’re now learning is how to represent/compress the local details

�(p)

<latexit sha1_base64="pxcJWXi5tbrsuRnU3gqSlICpwzk=">AAAB+3icbVDLSsNAFL3xWesr1qWbwSLUTUmkosuiG5cV7AOaUCbTSTt0JgkzE7GE/oobF4q49Ufc+TdO2iy09cDA4Zx7uWdOkHCmtON8W2vrG5tb26Wd8u7e/sGhfVTpqDiVhLZJzGPZC7CinEW0rZnmtJdIikXAaTeY3OZ+95FKxeLoQU8T6gs8iljICNZGGtgVT7GRwDVPYD2WIktm5wO76tSdOdAqcQtShQKtgf3lDWOSChppwrFSfddJtJ9hqRnhdFb2UkUTTCZ4RPuGRlhQ5Wfz7DN0ZpQhCmNpXqTRXP29kWGh1FQEZjKPqJa9XPzP66c6vPYzFiWpphFZHApTjnSM8iLQkElKNJ8agolkJisiYywx0aausinBXf7yKulc1N1G/fK+UW3eFHWU4AROoQYuXEET7qAFbSDwBM/wCm/WzHqx3q2PxeiaVewcwx9Ynz8IZJRy</latexit>

(p,!)

<latexit sha1_base64="FHD1wH/DYnTTGuRh2LCP/DUtF8o=">AAAB/HicbVDLSsNAFJ3UV62vaJdugkWoICWRii6LblxWsA9oQplMJ+3QeYSZiRBC/RU3LhRx64e482+ctFlo64GBwzn3cs+cMKZEadf9tkpr6xubW+Xtys7u3v6BfXjUVSKRCHeQoEL2Q6gwJRx3NNEU92OJIQsp7oXT29zvPWKpiOAPOo1xwOCYk4ggqI00tKt1n0E9kSyLZ+e+YHgMz4Z2zW24czirxCtIDRRoD+0vfyRQwjDXiEKlBp4b6yCDUhNE8aziJwrHEE3hGA8M5ZBhFWTz8DPn1CgjJxLSPK6dufp7I4NMqZSFZjJPqpa9XPzPGyQ6ug4ywuNEY44Wh6KEOlo4eRPOiEiMNE0NgUgSk9VBEygh0qaviinBW/7yKuleNLxm4/K+WWvdFHWUwTE4AXXggSvQAnegDToAgRQ8g1fwZj1ZL9a79bEYLVnFThX8gfX5A2m7lKA=</latexit>

F✓(p,!)

<latexit sha1_base64="wqM3KqgCR4whFeusuMYoe79JBhM=">AAACBHicbVDLSgNBEJyNrxhfqx5zWQxCBAm7EtFjUBCPEcwDsiHMTjrJkJndZaZXCEsOXvwVLx4U8epHePNvnDwOmljQUFR1090VxIJrdN1vK7Oyura+kd3MbW3v7O7Z+wd1HSWKQY1FIlLNgGoQPIQachTQjBVQGQhoBMPrid94AKV5FN7jKIa2pP2Q9zijaKSOnb/p+DgApEVfUhwomcbjUz+S0KcnHbvgltwpnGXizUmBzFHt2F9+N2KJhBCZoFq3PDfGdkoVciZgnPMTDTFlQ9qHlqEhlaDb6fSJsXNslK7Ti5SpEJ2p+nsipVLrkQxM5+RSvehNxP+8VoK9y3bKwzhBCNlsUS8RDkbOJBGnyxUwFCNDKFPc3OqwAVWUocktZ0LwFl9eJvWzklcund+VC5WreRxZkidHpEg8ckEq5JZUSY0w8kieySt5s56sF+vd+pi1Zqz5zCH5A+vzB4dMmAc=</latexit>

c(p,!) = c(x, y, z,�, ✓)

<latexit sha1_base64="j/5vIbUDxLPXyWQTYj4RaG/FI0g=">AAACE3icbVA9SwNBEN2LXzF+RS1tFoMQ5Qh3EtFGCNpYKhgVciHsbSbJkt27Y3dOjEf+g41/xcZCEVsbO/+Nm5jCrwcDj/dmmJkXJlIY9LwPJzc1PTM7l58vLCwuLa8UV9cuTJxqDnUey1hfhcyAFBHUUaCEq0QDU6GEy7B/PPIvr0EbEUfnOEigqVg3Eh3BGVqpVdzh5UAx7GmVJUM3iBV02fYhL9+4A/fWDZKecGmAPUC23SqWvIo3Bv1L/AkpkQlOW8X3oB3zVEGEXDJjGr6XYDNjGgWXMCwEqYGE8T7rQsPSiCkwzWz805BuWaVNO7G2FSEdq98nMqaMGajQdo7uN7+9kfif10ixc9DMRJSkCBH/WtRJJcWYjgKibaGBoxxYwrgW9lbKe0wzjjbGgg3B//3yX3KxW/Grlb2zaql2NIkjTzbIJikTn+yTGjkhp6ROOLkjD+SJPDv3zqPz4rx+teacycw6+QHn7RNGRZ0k</latexit>

p

<latexit sha1_base64="TNK+FS1iWyzsrH66WjItJLWtiCo=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsxIRZdFNy4r2Ae2Q8mkmTY0yQxJRihD/8KNC0Xc+jfu/Bsz01lo64HA4Zx7ybkniDnTxnW/ndLa+sbmVnm7srO7t39QPTzq6ChRhLZJxCPVC7CmnEnaNsxw2osVxSLgtBtMbzO/+0SVZpF8MLOY+gKPJQsZwcZKjwOBzUSJNJ4PqzW37uZAq8QrSA0KtIbVr8EoIomg0hCOte57bmz8FCvDCKfzyiDRNMZkise0b6nEgmo/zRPP0ZlVRiiMlH3SoFz9vZFiofVMBHYyS6iXvUz8z+snJrz2UybjxFBJFh+FCUcmQtn5aMQUJYbPLMFEMZsVkQlWmBhbUsWW4C2fvEo6F3WvUb+8b9SaN0UdZTiBUzgHD66gCXfQgjYQkPAMr/DmaOfFeXc+FqMlp9g5hj9wPn8AFumRMw==</latexit>

zp

<latexit sha1_base64="roZxDqQ7IgJ9OLw0SPznt/Pg+vs=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsxIRZdFNy4r2Ad0hpJJM21oJhOSjFCH/oYbF4q49Wfc+Tdm2llo64HA4Zx7uScnlJxp47rfTmltfWNzq7xd2dnd2z+oHh51dJIqQtsk4YnqhVhTzgRtG2Y47UlFcRxy2g0nt7nffaRKs0Q8mKmkQYxHgkWMYGMl34+xGas4exrI2aBac+vuHGiVeAWpQYHWoPrlDxOSxlQYwrHWfc+VJsiwMoxwOqv4qaYSkwke0b6lAsdUB9k88wydWWWIokTZJwyaq783MhxrPY1DO5ln1MteLv7n9VMTXQcZEzI1VJDFoSjlyCQoLwANmaLE8KklmChmsyIyxgoTY2uq2BK85S+vks5F3WvUL+8bteZNUUcZTuAUzsGDK2jCHbSgDQQkPMMrvDmp8+K8Ox+L0ZJT7BzDHzifP7K2kiA=</latexit>

lookup(p)

<latexit sha1_base64="2G6XhtR4Vh2aLa7X8LyvcQv3K/8=">AAACAnicbVBNS8NAEN34WetX1JN4CRahXkoiFT0WvXisYD+gCWWz3bRLN9mwOxFLCF78K148KOLVX+HNf+OmzUFbHww83pthZp4fc6bAtr+NpeWV1bX10kZ5c2t7Z9fc228rkUhCW0RwIbs+VpSziLaAAafdWFIc+px2/PF17nfuqVRMRHcwiakX4mHEAkYwaKlvHrpAHyDlQoyTOKu6IYaRDNM4O+2bFbtmT2EtEqcgFVSg2Te/3IEgSUgjIBwr1XPsGLwUS2CE06zsJorGmIzxkPY0jXBIlZdOX8isE60MrEBIXRFYU/X3RIpDpSahrzvzE9W8l4v/eb0EgksvZVGcAI3IbFGQcAuEledhDZikBPhEE0wk07daZIQlJqBTK+sQnPmXF0n7rObUa+e39UrjqoijhI7QMaoiB12gBrpBTdRCBD2iZ/SK3own48V4Nz5mrUtGMXOA/sD4/AFFupf+</latexit>

Traditional data structure
�p

<latexit sha1_base64="5PXrrFqCsUyzQ90Oq1tftau/xUg=">AAAB73icbVBNSwMxEJ2tX7V+VT16CRbBU9mVih6LXjxWsB/QLiWbZtvQJBuTrFCW/gkvHhTx6t/x5r8xbfegrQ8GHu/NMDMvUpwZ6/vfXmFtfWNzq7hd2tnd2z8oHx61TJJqQpsk4YnuRNhQziRtWmY57ShNsYg4bUfj25nffqLasEQ+2ImiocBDyWJGsHVSp2fYUOC+6pcrftWfA62SICcVyNHol796g4SkgkpLODamG/jKhhnWlhFOp6VeaqjCZIyHtOuoxIKaMJvfO0VnThmgONGupEVz9fdEhoUxExG5ToHtyCx7M/E/r5va+DrMmFSppZIsFsUpRzZBs+fRgGlKLJ84golm7lZERlhjYl1EJRdCsPzyKmldVINa9fK+Vqnf5HEU4QRO4RwCuII63EEDmkCAwzO8wpv36L14797HorXg5TPH8Afe5w8n6JAO</latexit>

cp(!)

<latexit sha1_base64="mBuowOC0mcNilZgs7/7mrudg6/k=">AAAB/XicbVDLSgMxFM3UV62v8bFzEyxC3ZQZqeiy6MZlBfuAzjBk0kwbmmSGJCPUofgrblwo4tb/cOffmGlnoa0HAodz7uWenDBhVGnH+bZKK6tr6xvlzcrW9s7unr1/0FFxKjFp45jFshciRRgVpK2pZqSXSIJ4yEg3HN/kfveBSEVjca8nCfE5GgoaUYy0kQL7yONIjyTPcJBMa17MyRCdBXbVqTszwGXiFqQKCrQC+8sbxDjlRGjMkFJ910m0nyGpKWZkWvFSRRKEx2hI+oYKxInys1n6KTw1ygBGsTRPaDhTf29kiCs14aGZzLOqRS8X//P6qY6u/IyKJNVE4PmhKGVQxzCvAg6oJFiziSEIS2qyQjxCEmFtCquYEtzFLy+TznndbdQv7hrV5nVRRxkcgxNQAy64BE1wC1qgDTB4BM/gFbxZT9aL9W59zEdLVrFzCP7A+vwBfhSVQA==</latexit>

SHp(!)

<latexit sha1_base64="XJJ7JE8U09Z9alG8DegGegCSqH0=">AAAB/HicbVDLSgNBEJyNrxhfqzl6WQxCvIRdiegx6CXHiOYB2RBmJ51kyOyDmV5xWeKvePGgiFc/xJt/4yTZgyYWNBRV3XR3eZHgCm3728itrW9sbuW3Czu7e/sH5uFRS4WxZNBkoQhlx6MKBA+giRwFdCIJ1PcEtL3JzcxvP4BUPAzuMYmg59NRwIecUdRS3yy6CI+Y3tWn/ajshj6M6FnfLNkVew5rlTgZKZEMjb755Q5CFvsQIBNUqa5jR9hLqUTOBEwLbqwgomxCR9DVNKA+qF46P35qnWplYA1DqStAa67+nkipr1Tie7rTpzhWy95M/M/rxji86qU8iGKEgC0WDWNhYWjNkrAGXAJDkWhCmeT6VouNqaQMdV4FHYKz/PIqaZ1XnGrl4rZaql1nceTJMTkhZeKQS1IjddIgTcJIQp7JK3kznowX4934WLTmjGymSP7A+PwBe9+Uqg==</latexit>
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More background: sparse voxel hashing
Voxel hashing as a fast GPU data structure for sparse voxel representations 
- “Give me data for voxel containing (x,y,z)” 
- Compact in space and “GPU friendly” for fast parallel lookup and update 
TL;DR — use hashing instead of trees 
Developed by the 3D reconstruction community for interactive GPU-accelerated 3D reconstruction

Real-time 3D Reconstruction at Scale using Voxel Hashing 
[TOG 13]
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NVIDIA’s instant neural graphics primitives (NGP)
Combines two ideas: 
- Hierarchy of regular grids 
- Irregular hash data structures

Given position P: 
Compute indices of cell containing P on a bunch of di"erent resolution grids (L grids) 
At each grid resolution, turn indices into a hash code. 
Use hash code to get F components of neural code Z 
Concatenate all the codes to get Z (neural code of length L x F) 
Send Z through an MLP to decode !nal value 

What is cool:   
1. Implementation elegance: no two-step process to !nd empty space, build structure, then proceed optimizing on another data structure 
2. Sparse hash structure is fast… ignore collisions, if collisions happen, just let SGD sort out what the neural code should be.



Stanford CS348K, Spring 2023

More demos
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Discussion: what have we learned?
De!nitely amazing: “unreasonable e"ectiveness of optimization” 
- Credit: Ren Ng for this perspective 

There’s a huge art to getting optimization to work 
- I seriously doubt I could get these things to optimize 
- If I was a easy career Ph.D. student, I’d want to become very accomplished in the “art” of getting an 

optimizer to work for me 

Neural data compression just “makes sense” and is always a good thing (fundamental)  

A lot of the “key algorithmic ideas” from the NeRF explosion seem less fundamental to modern practice 
- Frequency encoding of position → neural code stored in data structures 
- Yes, removing structural bias is cool… but (that’s not speci!c to the MLP, and many of the recent works 

put strong priors back in to reduce cost or add robustness)  


