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Rendering (Graphics): Given 3D Scene + Camera 
parameters, yield images
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Inverse Graphics: Given Images, Infer Camera 
Poses & 3D Scene!
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3D Scene

How to get camera poses?
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3D Scene

Can assume we know the camera poses.
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Starting Point: 3D Scene Representation
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Differentiable Rendering
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Differentiable Rendering

Optimization via SGD
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Differentiable Rendering

Given an observable variable (pixel colors), we will build a differentiable forward model that  
we then use to estimate unobserved (latent) variables (geometry, appearance)!
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Differentiable 
Renderer
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General structure of Neural Renderers for 3D Fields
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General structure of Neural Renderers for 3D Fields
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Vincent Sitzmann, CVPR 2022 Tutorial on Neural Fields

Hybrid implicit-
volumetricVolumetric Learned 

aggregation

General structure of Neural Renderers for 3D Fields

Sphere-Tracing 
[JC Hart, 1996]



Summary: volume rendering integral estimate

16

Rendering model for ray : 

How much light is blocked earlier along ray: 

How much light is contributed by ray segment i: 

r(t) = o + td

3D volume
t1

tN

Camera

Ray

colors

weights

c ≈
n

∑
i=1

Tiαici

Ti =
i−1

∏
j=1

(1 − αj)

αi = 1 − exp(−σiδi)

tn+1

t1 Ti

αi

ti

Slide credit: Ben MildenhallNeural Radiance Fields, Mildenhall et al. 2021

“Far Plane”

“Near Plane”



Neural Radiance Field: Parameterize Radiance 
Field via neural network
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Vincent Sitzmann, CVPR 2022 Tutorial on Neural Fields

General structure of Neural Renderers for 3D Fields

:ℝ3 → ℝn

Sphere-Tracing 
[JC Hart, 1996]

Hybrid implicit-
volumetricVolumetric Learned 

aggregation



Plenoxels: Radiance Fields … 
[Yu et al. 2022]
Direct Voxel Grid Optimization  
[Sun et al. 2021]

Voxel Grid

Point Cloud + MLP

Voxel Grid + Hashmap + MLP

InstantNGP: Instant Neural … 
[Müller et al. 2022]

PointNeRF: Point-based Neural … 
[Xu et al. 2022]

Tensor Factorization / Triplane + MLP

Efficient Geometry-aware 3D… 
[Chan et al. 2022]
TensorRF: Tensor Radiance Fields 
[Chen & Xu et al. 2022]
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Direct Voxel Grid Optimization  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Tensor Factorization / Triplane + MLP

Efficient Geometry-aware 3D… 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TensorRF: Tensor Radiance Fields 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Hybrid Multi-Scale Grid, 

HashMap, Neural Field

Neural Field



2.5D Representations
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Surface Representations

Field Parameterizations



2.5D Representations
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Surface Representations

Field Parameterizations
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Neural Radiance Field: Parameterize Radiance 
Field densely, at every point in space

(x,y,z,θ,ϕ)
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Mean

Key Idea: Parameterize Radiance Field sparsely, 
only where density is nonzero

3D Gaussian Blobs 
floating in Space
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Key Idea: Parameterize Radiance Field sparsely, 
only where density is nonzero







σ = 0 σ = 0.5

σ = 1

RGB =

RGB =

3D Gaussian Blobs 
floating in Space

How to Render?



Same Volume Rendering Integral!

Camera

“Far Plane”

“Near Plane”



Camera

“Far Plane”

“Near Plane”

Still sampling lots of 
empty space… 

Same Volume Rendering Integral!



Camera

“Far Plane”

“Near Plane”

Same Volume Rendering Integral!

Stupid: we already know 
where the density will be 

nonzero!



Camera

Gaussians are closed under affine transforms, integration

3D Covariance!



Camera

Gaussians are closed under affine transforms, integration

3D Covariance!

Affine mapping  of coordinates  (such as cam2world matrix!):Φ = Mx + p



Camera

Gaussians are closed under affine transforms, integration

3D Covariance!

Affine mapping  of coordinates  (such as cam2world matrix!):Φ = Mx + p

Integrate along axis:



Camera

Instead: Rasterization

Pixel



Camera

Instead: Rasterization

Pixel

“Pixel Frustum”



Camera

“Cull” Gaussians with less than 99% confidence 
relative to view frustum

Pixel

“Pixel Frustum”



Camera

Step 1: Transform Gaussians into Camera 
Coordinates

Cam2world is affine mapping :ϕ(x) = Wx + p
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Step 1: Transform Gaussians into Camera 
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But can approximate with first-order Taylor Expansion as:
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Step 1: Transform Gaussians into Camera 
Coordinates

But can approximate with first-order Taylor Expansion as:

Projected, 2D Gaussians are then:

Finally, can integrate along rays:



Can compute volume rendering integral without 
ever sampling a single 3D point in space!

Camera



Camera

Projected 3D Gaussian makes 2D Gaussian!



Any problems for inverse graphics, though…?

Camera



Problem: Local minima…

Camera



Fix 1: Start from SFM point cloud.



Fix 2: Heuristic pruning and spawning operations



Fix 2: Heuristic pruning and spawning operations











3D Scene
Downstream 

Tasks
Image  

Formation

Graphics! “inverse graphics”…?

Neural Scene 
RepresentationInference

3D Scene

Today: Differentiable Rendering,  
AKA “Inverse Graphics”



Overfitting case: Inference = Fitting via Gradient Descent
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Sitzmann et al:  Scene Representation Networks: Continuous 3D-Structure-Aware Neural Scene Representations, NeurIPS 2020.
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Overfitting case: Inference = Fitting via Gradient Descent
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Sitzmann et al:  Scene Representation Networks: Continuous 3D-Structure-Aware Neural Scene Representations, NeurIPS 2020.



Overfitting case: Inference = Fitting via Gradient Descent
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Sitzmann et al:  Scene Representation Networks: Continuous 3D-Structure-Aware Neural Scene Representations, NeurIPS 2020.



Overfitting case: Inference = Fitting via Gradient Descent
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Sitzmann et al:  Scene Representation Networks: Continuous 3D-Structure-Aware Neural Scene Representations, NeurIPS 2020.

min Render𝜽(Srn𝝓, 𝜉𝑖) − ℐ𝑖



Overfitting case: Inference = Fitting via Gradient Descent
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Sitzmann et al:  Scene Representation Networks: Continuous 3D-Structure-Aware Neural Scene Representations, NeurIPS 2020.

min Render𝜽(Srn𝝓, 𝜉𝑖) − ℐ𝑖

Optimization



Overfitting case: Inference = Fitting via Gradient Descent
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Sitzmann et al:  Scene Representation Networks: Continuous 3D-Structure-Aware Neural Scene Representations, NeurIPS 2020.

min Render𝜽(Srn𝝓, 𝜉𝑖) − ℐ𝑖

Optimization

Novel View Synthesis

Normal map RGB



What if observations don’t constrain scene representation?
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What if observations don’t constrain scene representation?

59

Render𝜽

+

(ℐ, 𝜉)

argmin
𝝓,𝜽

Render𝜽(Srn𝝓, 𝜉) − ℐ

Srn𝝓

No 3D inform.

Normal map RGB GT

Input



3D Scene
Downstream 

Tasks
Image  

Formation

Graphics! Let’s learn this!

Neural Scene 
RepresentationInference

3D Scene

Today: Differentiable Rendering,  
AKA “Inverse Graphics”


