
Visual Computing Systems 
Stanford CS348K, Spring 2023

Lecture 12:

Background: the light !eld 
and rendering basics
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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]
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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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Recall basic pinhole camera

Sensor plane: (X,Y)

Pixel P1

Pixel P2

Pinhole

Scene object 2

Scene object 1

Pinhole
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What about taking the pictures from a new viewpoint?

Scene object 2

Scene object 1

Sensor plane: (X,Y)

Pixel P1

Pixel P2

Pinhole
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Light-!eld parameterization
Light !eld as a 4D function (represents light in free space: no occlusion)

E#cient two-plane parameterization 
Line described by connecting point on (u,v) plane with point on (s,t) plane 
If one of the planes placed at in!nity:  point + direction representation 

Levoy/Hanrahan refer to representation as a “light slab”: beam of light entering one quadrilateral and exiting another

[Image credit: Levoy and Hanrahan 96]

[Levoy and Hanrahan 96]
[Gortler et al., 96]
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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)
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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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Stanford Camera Array
640 x 480 tightly synchronized, repositionable cameras  

Custom processing board per camera 

Tethered to PCs for additional processing/storage

Host PC with 
disk array

[Wilburn et al. 2005]
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Light !eld storage layouts

[Image credit: Levoy and Hanrahan 96]
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Later light !eld cameras

Lytro Illum
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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]

r

R

sin ✓ = r/R

✓✓
✓

Left eye
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r
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✓✓
✓

sin ✓ = �r/R

Right eye

Measuring light arriving at right eye
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??

How to estimate rays at “missing” views?
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??

Interpolation to novel views depends on scene depth
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??

Interpolation to novel views depends on scene depth
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Computing depth of scene point from two images
Binocular stereo 3D reconstruction of point P: depth from disparity

P

x x’

ff
b

z

Focal length:  f 
Baseline:  b 
Disparity:  d = x’- x

Simple reconstruction example: cameras aligned (coplanar sensors), separated by known distance, same focal length 
“Disparity” is the distance between object’s projected position in the two images: x - x’
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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, suspect sensor is con!gured for 2x2 pixel binning down to 640x512, then crop 

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
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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 at 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:
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2
[u v]Ai


u
v

�
+ bT

i


u
v

�
+ ci (9)

(Ui, Vi) = �A�1
i bi (10)

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:
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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]



Stanford CS348K, Spring 2023

“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 
- Render 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 estimate depth or geometry
View out my 

window in Gates



Volumetric representations
�(p)

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

Volume density and color at all points in space.

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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Representing rays

“Distance” or 
“time”

point along ray

origin unit direction
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Absorption in a volume

                    light energy (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

<latexit sha1_base64="uZUxEoPp7S41VlkvCf+UD6TBg7s=">AAAB8nicbVDLSgMxFL3js9ZX1aWbYBFclZki6rLoxmUF+4DpUDKZTBuaZIYkI5Shn+HGhSJu/Rp3/o2ZdhbaeiBwOOdecu4JU860cd1vZ219Y3Nru7JT3d3bPzisHR13dZIpQjsk4Ynqh1hTziTtGGY47aeKYhFy2gsnd4Xfe6JKs0Q+mmlKA4FHksWMYGMlfyCwGSuRRzM9rNXdhjsHWiVeSepQoj2sfQ2ihGSCSkM41tr33NQEOVaGEU5n1UGmaYrJBI+ob6nEguogn0eeoXOrRChOlH3SoLn6eyPHQuupCO1kEVEve4X4n+dnJr4JcibTzFBJFh/FGUcmQcX9KGKKEsOnlmCimM2KyBgrTIxtqWpL8JZPXiXdZsO7ajQfLuut27KOCpzCGVyAB9fQgntoQwcIJPAMr/DmGOfFeXc+FqNrTrlzAn/gfP4A2+KRow==</latexit>

ds

p = (x, y, z)

<latexit sha1_base64="GyeBDh+davkHb3nDbIR6GvqB2iI=">AAAB+3icbVDLSsNAFJ3UV62vWJduBotQoZREKroRim5cVrAPaEOZTCft0JkkzEykMeRX3LhQxK0/4s6/cdJmoa0HBg7n3Ms9c9yQUaks69sorK1vbG4Vt0s7u3v7B+ZhuSODSGDSxgELRM9FkjDqk7aiipFeKAjiLiNdd3qb+d1HIiQN/AcVh8ThaOxTj2KktDQ0ywOO1ETwJEyvq7NaXHs6G5oVq27NAVeJnZMKyNEaml+DUYAjTnyFGZKyb1uhchIkFMWMpKVBJEmI8BSNSV9TH3EinWSePYWnWhlBLxD6+QrO1d8bCeJSxtzVk1lSuexl4n9eP1LelZNQP4wU8fHikBcxqAKYFQFHVBCsWKwJwoLqrBBPkEBY6bpKugR7+curpHNetxv1i/tGpXmT11EEx+AEVIENLkET3IEWaAMMZuAZvII3IzVejHfjYzFaMPKdI/AHxucPZDqUBQ==</latexit>

! = (�, ✓)

<latexit sha1_base64="8kg+hUG4P4ZaXiSuX4wwrtKsvCg=">AAAB/nicbVDJSgNBEO2JW4xbVDx5aQxCBAkzEtGLEPTiMYJZIDOEnk5N0qRnobtGCEPAX/HiQRGvfoc3/8bOctDog4LHe1VU1fMTKTTa9peVW1peWV3Lrxc2Nre2d4q7e00dp4pDg8cyVm2faZAiggYKlNBOFLDQl9DyhzcTv/UASos4usdRAl7I+pEIBGdopG7xwI1D6LOrspsMxCl1cQDITrrFkl2xp6B/iTMnJTJHvVv8dHsxT0OIkEumdcexE/QyplBwCeOCm2pIGB+yPnQMjVgI2sum54/psVF6NIiVqQjpVP05kbFQ61Hom86Q4UAvehPxP6+TYnDpZSJKUoSIzxYFqaQY00kWtCcUcJQjQxhXwtxK+YApxtEkVjAhOIsv/yXNs4pTrZzfVUu163kceXJIjkiZOOSC1MgtqZMG4SQjT+SFvFqP1rP1Zr3PWnPWfGaf/IL18Q3spJTT</latexit>

L(p,!)

<latexit sha1_base64="pijO9OP4J8nL6P5pFk6auVFnTN8=">AAAB/XicbVDLSsNAFJ3UV62v+Ni5CRahgpREKrosunHhooJ9QBPKZDpph84jzEyEGoq/4saFIm79D3f+jZM2C209MHA4517umRPGlCjtut9WYWl5ZXWtuF7a2Nza3rF391pKJBLhJhJUyE4IFaaE46YmmuJOLDFkIcXtcHSd+e0HLBUR/F6PYxwwOOAkIghqI/Xsg9uKz6AeSpbGk1NfMDyAJz277FbdKZxF4uWkDHI0evaX3xcoYZhrRKFSXc+NdZBCqQmieFLyE4VjiEZwgLuGcsiwCtJp+olzbJS+EwlpHtfOVP29kUKm1JiFZjJLqua9TPzP6yY6ugxSwuNEY45mh6KEOlo4WRVOn0iMNB0bApEkJquDhlBCpE1hJVOCN//lRdI6q3q16vldrVy/yusogkNwBCrAAxegDm5AAzQBAo/gGbyCN+vJerHerY/ZaMHKd/bBH1ifPwfFlPY=</latexit>
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Rendering volumes

�(p)

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

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



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: 
limited resolution



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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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 

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 can learns to interpolate views despite complexity of volume 
density and radiance function 
- Only structural bias 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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Demos
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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. 
- Better 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>


