
Volume Differentiable Rendering 
& NeRFs

Based on slides from [Gkioulekas, 2025], [Takikawa et al, 2023] and [Tulsiani, 2024] 

Recap - Volume Rendering Pipeline
• Differentiable Volumetric Rendering Function 

 
 

• Neural Volumetric 3D Scene Model 
 
 

• Reconstruction via Analysis-bySynthesis



Outline

• Radiative Transfer Equation


• Volume Rendering Equation


• Differentiable Rendering


• 3D Scene Models


• NeRFs

Radiative Transfer Equation

Slides from [Gkioulekas, 2025]



Participating Media
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Differential Beam Segment
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Incoming lightOutgoing light

(Gkioulekas) 



Gains

Losses

Radiative Transfer Equation (RTE)
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Emission In-scattering

Out-scatteringAbsorption

(Gkioulekas) 

Emission

29

: emitted radiance

: absorption coefficient*Sometimes modeled without 
the absorption coefficient just
by specifying a “source” term

(Gkioulekas) 



Absorption

26

: absorption coefficient

(Gkioulekas) 

Out-scattering
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: scattering coefficient

(Gkioulekas) 



In-scattering
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: scattering coefficient

: in-scattered radiance
(Gkioulekas) 

Complexity Progression
homogeneous vs. heterogeneous

scattering
- none

- fake ambient

- single

- multiple

75(Gkioulekas) 

- Scattering



Volume Rendering Equation

Slides from [Gkioulekas, 2025]

distance

Transmittance
Homogeneous volume:

Heterogeneous volume (spatially varying 𝜎𝜎𝑡𝑡):

34

Optical thickness

5 (Gkioulekas) 



Volume Rendering Equation

41(Gkioulekas) 

Volume Rendering Equation
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Reduced (background) surface radiance

(Gkioulekas) 



Volume Rendering Equation

38

Accumulated emitted radiance

(Gkioulekas) 

Volume Rendering Equation

40

Accumulated in-scattered radiance

(Gkioulekas) 



Differentiable Rendering

Slides from [Tulsiani, 2024] 

Differentiable Volume Rendering
• Volume Rendering Setting

(Tulsiani) 

x*
ω



Mathematical Model
• Emission-Absorption Volume Rendering

(Tulsiani) 

Background Radiance

Mathematical Model (simplified)
• Emitted Radiance from Inside Volume

(Tulsiani) 

Only the Accumulated Emitted Radiance Term!



Computational Volume Rendering: Ray Marching

Assume constant coefficient 
between samples

Multiplicativity
Base case:

(Tulsiani) 

Tiαici

1. Draw uniform samples along a ray (N segments, or N+1 points) 
2. Compute transmittance between camera and each sample 
3. Aggregate  contributions across segments to get overall radiance (color)

Computational Volume Rendering: Ray Marching

(Tulsiani) 



Rendering Model
• Computation for a Ray

(Tulsiani) 

Computational Volume Rendering: A summary

If we can compute: 
        a) (per-point) density 
        b)  (per-point, direction) emitted light,  
we can render any ray through the medium

Note: Differentiable process w.r.t. the density, emitted light

and also camera parameters if density, emission are differentiable 
functions of position, direction

Equivalently, we can render an image from any camera viewpoint 
(using H*W rays)

(Tulsiani) 



Volumes: Rendering and Representation

Rendering Algorithm How to represent volumes?
(such that we can compute pointwise density and emitted light)

(Tulsiani) 

Modeling the Scene

Slides from[Takikawa et al, 2023]] 



3D Scene Model
• Density Fields

(Tulsiani) 

Volumes: Rendering and Representation

Rendering Algorithm Option 1: A grid

(Tulsiani) 



Volumes: Rendering and Representation

Rendering Algorithm Option 2: An MLP

 

Ensure with designing MLP that 
density only depends on x

(Tulsiani) 

Neural 3D Scene Models

• Radiance Field

Neural Radiance Field (NeRF)

• Signed Distance Function

(Takikawa) 



NeRF

Slides from[Takikawa et al, 2023]] 

Neural Radiance Fields
• Characteristics

(Takikawa) 



Analysis-by-Synthesis Reconstruction
• General Framework

(Takikawa) 

Reconstruction Method
• Elements

(3) Volume Rendering(1) MLP(2) Density Field

(4) Optimization

• Algorithm

field parameterization geometry model forward map inference model

(1) (2) (3) (4)

(Takikawa) 



Loss Function
• Optimization

(Takikawa) 

All Images!

(Tulsiani) 



Learning Neural Radiance Fields

NeRF: Representing Scenes as Neural Radiance Fields for View Synthesis.

(pixel, camera) -> ray

volume rendering

(Tulsiani) 

Learning Neural Radiance Fields

NeRF: Representing Scenes as Neural Radiance Fields for View Synthesis.

100 training images Optimized Neural Net

(using position encodings in input)

Novel-view Renderings

A great example that ‘execution matters’

(Tulsiani) 

Details: Spectral Projection  
(Fourier Feature Mapping)



(Tulsiani) 
Unbounded Scenes

View-dependent Effects

NeRF: Representing Scenes as Neural Radiance Fields for View Synthesis.

6 B. Mildenhall, P. P. Srinivasan, M. Tancik et al.

(a) View 1 (b) View 2 (c) Radiance Distributions

Fig. 3: A visualization of view-dependent emitted radiance. Our neural radiance
field representation outputs RGB color as a 5D function of both spatial position
x and viewing direction d. Here, we visualize example directional color distri-
butions for two spatial locations in our neural representation of the Ship scene.
In (a) and (b), we show the appearance of two fixed 3D points from two dif-
ferent camera positions: one on the side of the ship (orange insets) and one on
the surface of the water (blue insets). Our method predicts the changing spec-
ular appearance of these two 3D points, and in (c) we show how this behavior
generalizes continuously across the whole hemisphere of viewing directions.

The function T (t) denotes the accumulated transmittance along the ray from
tn to t, i.e., the probability that the ray travels from tn to t without hitting
any other particle. Rendering a view from our continuous neural radiance field
requires estimating this integral C(r) for a camera ray traced through each pixel
of the desired virtual camera.

We numerically estimate this continuous integral using quadrature. Deter-
ministic quadrature, which is typically used for rendering discretized voxel grids,
would e↵ectively limit our representation’s resolution because the MLP would
only be queried at a fixed discrete set of locations. Instead, we use a stratified
sampling approach where we partition [tn, tf ] into N evenly-spaced bins and
then draw one sample uniformly at random from within each bin:

ti ⇠ U

tn +

i � 1

N
(tf � tn), tn +

i

N
(tf � tn)

�
. (2)

Although we use a discrete set of samples to estimate the integral, stratified
sampling enables us to represent a continuous scene representation because it
results in the MLP being evaluated at continuous positions over the course of
optimization. We use these samples to estimate C(r) with the quadrature rule
discussed in the volume rendering review by Max [26]:

Ĉ(r) =
NX

i=1

Ti(1 � exp(��i�i))ci , where Ti = exp

0

@�
i�1X

j=1

�j�j
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A , (3)

where �i = ti+1 � ti is the distance between adjacent samples. This function
for calculating Ĉ(r) from the set of (ci, �i) values is trivially di↵erentiable and
reduces to traditional alpha compositing with alpha values ↵i = 1� exp(��i�i).

Same 3D point — different color 
based on viewing direction
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(Tulsiani) 



Do we need Neural Radiance?

Plenoxels: Radiance Fields without Neural Networks. Yu et. al.

View-dependent color can be inferred via  
basis coefficients

Spherical Harmonics: A basis for scalar 
functions on a sphere

From NeRF to Grids & S.H.

(Tulsiani) 


