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INVERSE RENDERING IN COMPUTER VISION

OpenDR: an Approximate  
Differentiable Renderer 

[Loper et al. 2014]

Soft Rasterizer: Differentiable Rendering for  
Unsupervised Single-View Mesh Reconstruction 

[Liu et al. 2019]

Neural 3D Mesh Renderer 
[Kato et al. 2017]

BlockGAN: Learning 3D Object-aware Scene  
Representations from Unlabelled Images 

[Nguyen-Phuoc et al. 2020]

Unsupervised Geometry-Aware Representation for 
3D Human Pose Estimation 

[Rhodin et al., 2016]

HoloGAN: Unsupervised Learning of 3D 
Representations From Natural Images.  

[Nguyen-Phuoc et al.  2019]
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PHYSICS-BASED INVERSE RENDERING

- Focus on inverse rendering for realistic functions 
 
 
Global illumination, complex materials, participating media, 
polarization, color spectra, etc. 
 

- No neural networks. 
 
Shouldn’t need them, we understand the underlying equations. 
(Of course still possible to use neural nets inside or outside of the renderer)
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Reparameterizing discontinuous integrands for differentiable rendering  [Loubet et al. 2019]
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CAUSTIC DESIGN

Optimized density voxels

Multi-view setup

Uniform illumination

View

Optimized albedo voxels

Optimized gradient-index lens

Directional area lights

Projected causticOptimized geometry

Directional area light

(a) Caustic design: surface displacement (b) Caustic design: gradient-index optics (c) Volume density reconstruction (d) Textured translucent slab

Schwartzburg et al. 2014
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Optimized density voxels

Multi-view setup

Uniform illumination

View

Optimized albedo voxels

Optimized gradient-index lens

Directional area lights

Projected causticOptimized geometry

Directional area light

(a) Caustic design: surface displacement (b) Caustic design: gradient-index optics (c) Volume density reconstruction (d) Textured translucent slab

Target Naive print

Elek et al. 2017

FABRICATION: 3D PRINT OPTIMIZATION
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Mitsuba 2: A Retargetable Forward and Inverse Renderer  [Nimier-David et al. 2019]
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WHY DIFFERENTIABLE RENDERING

• Integrating physics-based rendering into machine learning & probabilistic inference pipelines 

• Inverse subsurface scattering [Che et al. 2020] 
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Fig. 1: Inverse transport networks: (a) Traditional autoencoders
use two networks, encoder and decoder, to learn to predict pa-
rameters from images. (b) Inverse transport networks replace the
decoder with a differentiable Monte Carlo renderer, to improve the
generalization and physical accuracy of the predictions. During
training, the renderer is provided with the material parameter out-
put by the encoder network, as well as with groundtruth geometry
and illumination, to perform forward and backward evaluations
of an additional appearance-matching regularization term used to
learn the network weights. During testing, the encoder network is
used on its own, without the renderer: It takes as input a single,
fully uncalibrated (unknown geometry and illumination) image,
and produces as output a set of material parameters.

The regularization term in Equation (3) forces the neural network
to predict parameters ⇡d that not only match the groundtruth,
but also can be used with forward rendering to reproduce the
input images. This has two desirable effects: First, the parameters
predicted by the network are likely to be close to what would have
been obtained from analysis by synthesis, as the regularization
term in Equation (3) is equivalent to the analysis by synthesis
loss (1). Second, the regularization term forces the neural network
N [ŵ] to be approximately equal to the inverse of the volumetric
light transport operator T , that is, N [ŵ] ⇡ T �1. Given that
T models the physics of subsurface scattering for scenes of
arbitrary geometries and illumination, we expect the resulting
neural network to generalize well to novel scenes. We refer to
networks trained using the loss (2) as regressor networks (RN),
and to networks trained using (3) as inverse transport networks
(ITN), based on their above-discussed property.
Relationship to prior work. Regularization similar to Equa-
tion (3) has previously appeared in two general forms. The first
is autoencoder architectures [49], [50] that, in addition to the re-
gressor (encoder) network N [w] mapping images to parameters,
use a second decoder network D [u] that maps the parameters
back to images. Then, the regularization term in Equation (3) is
replaced with kId �D [u] (N [w] (Id))k2, and both the encoder
and decoder networks are trained simultaneously, potentially with-
out access to groundtruth parameters (self-supervised learning).
These architectures are of great utility when inferring semantic
parameters (e.g., a class label) of a scene, where there is generally
no analytical model for the forward mapping of these parameters
to images. However, when the unknowns ⇡ are scattering material
parameters, autoencoder architectures do not take advantage of
the rich knowledge we have about the physics governing the

forward operator T . Additionally, the forward mapping D [u] may
not generalize to novel scenes, as it is specific to the training
dataset. Figure 1 compares the autoencoder and inverse transport
architectures.

There are also networks that use regularization terms where
the light transport operator T is replaced with an approximate
rendering model [11], [12], [13], [14], [15]. These approximations
generally use direct lighting models, where photons are assumed
to only interact with the scene once between emission and detec-
tion (e.g., direct reflection without interreflections). Unfortunately,
these networks have limited applicability to the case of inverse
scattering, where the underlying physics are characterized by
extremely multi-path, multi-bounce light transport. Inspired by
these prior works, our ITNs are physics-aware learning pipelines
that can be used even in the presence of these higher-order
transport effects that are dominant in inverse scattering.
Training ITNs. The optimization problem (3) for ITN training is
computationally challenging: Evaluating the operator T requires
solving the radiative transfer equation [20]. In theory, training
could be performed using algorithms such as REINFORCE [51],
which do not require differentiating the regularization term and
only employ graphics rendering algorithms for forward evalua-
tions of T . However, such algorithms are known to suffer from
slow convergence.

Instead, we aim to optimize the loss (3) with state-of-the-art
stochastic gradient descent algorithms [59]. This requires using
differentiable rendering algorithms to estimate derivatives of T
with respect to material parameters ⇡ in an unbiased manner.
For this, we rely on prior work [4], [5], [6], [7] that devised
Monte Carlo rendering algorithms for simulating these derivatives
by simulating the full volumetric light transport in a physically-
accurate way. These algorithms have subsequently been general-
ized to scene parameters such as reflectance [44], [45], geome-
try [46], and pose [16], [47], [48]. For completeness, we provide
below an overview of the differentiable rendering formulation at
the basis of our work. We note that, because we optimize over
only material parameters, our differentiable rendering formulation
is significantly simpler than that required for dealing with global
geometry changes, and which has been developed extensively in
recent works [16], [47], [48].

Figure 1 provides an overview of our pipeline at training
and test time: During training, the network is connected to the
differentiable renderer. The network takes as input a single, high-
dynamic-range image, and produces as output a set of scattering
material parameters. During training, the network is connected
to the differentiable renderer. The renderer takes as input the
parameters produced by the network, as groundtruth geometry and
illumination, to compute values and gradients of the regularization
term in Equation (3). As we discuss in Section 6, because we
train the network using synthetic input images, the geometry and
illumination are readily available. During testing, the network is
used on its own, without the renderer. As our objective is to use
the network on testing images that are completely uncalibrated,
no geometry or illumination information is given as input to the
network during either training or testing.
Differentiable Monte Carlo volume rendering. To keep the
paper self-contained, we provide a brief overview of forward
and differentiable rendering in the context of subsurface scat-
tering. Our discussion largely follows [7]. The starting point for
both types of rendering is the path integral formulation of light
transport, which expresses the images captured by a radiometric
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rameters from images. (b) Inverse transport networks replace the
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and illumination, to perform forward and backward evaluations
of an additional appearance-matching regularization term used to
learn the network weights. During testing, the encoder network is
used on its own, without the renderer: It takes as input a single,
fully uncalibrated (unknown geometry and illumination) image,
and produces as output a set of material parameters.

The regularization term in Equation (3) forces the neural network
to predict parameters ⇡d that not only match the groundtruth,
but also can be used with forward rendering to reproduce the
input images. This has two desirable effects: First, the parameters
predicted by the network are likely to be close to what would have
been obtained from analysis by synthesis, as the regularization
term in Equation (3) is equivalent to the analysis by synthesis
loss (1). Second, the regularization term forces the neural network
N [ŵ] to be approximately equal to the inverse of the volumetric
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and to networks trained using (3) as inverse transport networks
(ITN), based on their above-discussed property.
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back to images. Then, the regularization term in Equation (3) is
replaced with kId �D [u] (N [w] (Id))k2, and both the encoder
and decoder networks are trained simultaneously, potentially with-
out access to groundtruth parameters (self-supervised learning).
These architectures are of great utility when inferring semantic
parameters (e.g., a class label) of a scene, where there is generally
no analytical model for the forward mapping of these parameters
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the rich knowledge we have about the physics governing the
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Fig. 1: Inverse transport networks: (a) Traditional autoencoders
use two networks, encoder and decoder, to learn to predict pa-
rameters from images. (b) Inverse transport networks replace the
decoder with a differentiable Monte Carlo renderer, to improve the
generalization and physical accuracy of the predictions. During
training, the renderer is provided with the material parameter out-
put by the encoder network, as well as with groundtruth geometry
and illumination, to perform forward and backward evaluations
of an additional appearance-matching regularization term used to
learn the network weights. During testing, the encoder network is
used on its own, without the renderer: It takes as input a single,
fully uncalibrated (unknown geometry and illumination) image,
and produces as output a set of material parameters.

The regularization term in Equation (3) forces the neural network
to predict parameters ⇡d that not only match the groundtruth,
but also can be used with forward rendering to reproduce the
input images. This has two desirable effects: First, the parameters
predicted by the network are likely to be close to what would have
been obtained from analysis by synthesis, as the regularization
term in Equation (3) is equivalent to the analysis by synthesis
loss (1). Second, the regularization term forces the neural network
N [ŵ] to be approximately equal to the inverse of the volumetric
light transport operator T , that is, N [ŵ] ⇡ T �1. Given that
T models the physics of subsurface scattering for scenes of
arbitrary geometries and illumination, we expect the resulting
neural network to generalize well to novel scenes. We refer to
networks trained using the loss (2) as regressor networks (RN),
and to networks trained using (3) as inverse transport networks
(ITN), based on their above-discussed property.
Relationship to prior work. Regularization similar to Equa-
tion (3) has previously appeared in two general forms. The first
is autoencoder architectures [49], [50] that, in addition to the re-
gressor (encoder) network N [w] mapping images to parameters,
use a second decoder network D [u] that maps the parameters
back to images. Then, the regularization term in Equation (3) is
replaced with kId �D [u] (N [w] (Id))k2, and both the encoder
and decoder networks are trained simultaneously, potentially with-
out access to groundtruth parameters (self-supervised learning).
These architectures are of great utility when inferring semantic
parameters (e.g., a class label) of a scene, where there is generally
no analytical model for the forward mapping of these parameters
to images. However, when the unknowns ⇡ are scattering material
parameters, autoencoder architectures do not take advantage of
the rich knowledge we have about the physics governing the

forward operator T . Additionally, the forward mapping D [u] may
not generalize to novel scenes, as it is specific to the training
dataset. Figure 1 compares the autoencoder and inverse transport
architectures.

There are also networks that use regularization terms where
the light transport operator T is replaced with an approximate
rendering model [11], [12], [13], [14], [15]. These approximations
generally use direct lighting models, where photons are assumed
to only interact with the scene once between emission and detec-
tion (e.g., direct reflection without interreflections). Unfortunately,
these networks have limited applicability to the case of inverse
scattering, where the underlying physics are characterized by
extremely multi-path, multi-bounce light transport. Inspired by
these prior works, our ITNs are physics-aware learning pipelines
that can be used even in the presence of these higher-order
transport effects that are dominant in inverse scattering.
Training ITNs. The optimization problem (3) for ITN training is
computationally challenging: Evaluating the operator T requires
solving the radiative transfer equation [20]. In theory, training
could be performed using algorithms such as REINFORCE [51],
which do not require differentiating the regularization term and
only employ graphics rendering algorithms for forward evalua-
tions of T . However, such algorithms are known to suffer from
slow convergence.

Instead, we aim to optimize the loss (3) with state-of-the-art
stochastic gradient descent algorithms [59]. This requires using
differentiable rendering algorithms to estimate derivatives of T
with respect to material parameters ⇡ in an unbiased manner.
For this, we rely on prior work [4], [5], [6], [7] that devised
Monte Carlo rendering algorithms for simulating these derivatives
by simulating the full volumetric light transport in a physically-
accurate way. These algorithms have subsequently been general-
ized to scene parameters such as reflectance [44], [45], geome-
try [46], and pose [16], [47], [48]. For completeness, we provide
below an overview of the differentiable rendering formulation at
the basis of our work. We note that, because we optimize over
only material parameters, our differentiable rendering formulation
is significantly simpler than that required for dealing with global
geometry changes, and which has been developed extensively in
recent works [16], [47], [48].

Figure 1 provides an overview of our pipeline at training
and test time: During training, the network is connected to the
differentiable renderer. The network takes as input a single, high-
dynamic-range image, and produces as output a set of scattering
material parameters. During training, the network is connected
to the differentiable renderer. The renderer takes as input the
parameters produced by the network, as groundtruth geometry and
illumination, to compute values and gradients of the regularization
term in Equation (3). As we discuss in Section 6, because we
train the network using synthetic input images, the geometry and
illumination are readily available. During testing, the network is
used on its own, without the renderer. As our objective is to use
the network on testing images that are completely uncalibrated,
no geometry or illumination information is given as input to the
network during either training or testing.
Differentiable Monte Carlo volume rendering. To keep the
paper self-contained, we provide a brief overview of forward
and differentiable rendering in the context of subsurface scat-
tering. Our discussion largely follows [7]. The starting point for
both types of rendering is the path integral formulation of light
transport, which expresses the images captured by a radiometric

Training

– Utilizing image loss (provided by a volume path tracer) to regularize training
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Fig. 1: Inverse transport networks: (a) Traditional autoencoders
use two networks, encoder and decoder, to learn to predict pa-
rameters from images. (b) Inverse transport networks replace the
decoder with a differentiable Monte Carlo renderer, to improve the
generalization and physical accuracy of the predictions. During
training, the renderer is provided with the material parameter out-
put by the encoder network, as well as with groundtruth geometry
and illumination, to perform forward and backward evaluations
of an additional appearance-matching regularization term used to
learn the network weights. During testing, the encoder network is
used on its own, without the renderer: It takes as input a single,
fully uncalibrated (unknown geometry and illumination) image,
and produces as output a set of material parameters.

The regularization term in Equation (3) forces the neural network
to predict parameters ⇡d that not only match the groundtruth,
but also can be used with forward rendering to reproduce the
input images. This has two desirable effects: First, the parameters
predicted by the network are likely to be close to what would have
been obtained from analysis by synthesis, as the regularization
term in Equation (3) is equivalent to the analysis by synthesis
loss (1). Second, the regularization term forces the neural network
N [ŵ] to be approximately equal to the inverse of the volumetric
light transport operator T , that is, N [ŵ] ⇡ T �1. Given that
T models the physics of subsurface scattering for scenes of
arbitrary geometries and illumination, we expect the resulting
neural network to generalize well to novel scenes. We refer to
networks trained using the loss (2) as regressor networks (RN),
and to networks trained using (3) as inverse transport networks
(ITN), based on their above-discussed property.
Relationship to prior work. Regularization similar to Equa-
tion (3) has previously appeared in two general forms. The first
is autoencoder architectures [49], [50] that, in addition to the re-
gressor (encoder) network N [w] mapping images to parameters,
use a second decoder network D [u] that maps the parameters
back to images. Then, the regularization term in Equation (3) is
replaced with kId �D [u] (N [w] (Id))k2, and both the encoder
and decoder networks are trained simultaneously, potentially with-
out access to groundtruth parameters (self-supervised learning).
These architectures are of great utility when inferring semantic
parameters (e.g., a class label) of a scene, where there is generally
no analytical model for the forward mapping of these parameters
to images. However, when the unknowns ⇡ are scattering material
parameters, autoencoder architectures do not take advantage of
the rich knowledge we have about the physics governing the
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these networks have limited applicability to the case of inverse
scattering, where the underlying physics are characterized by
extremely multi-path, multi-bounce light transport. Inspired by
these prior works, our ITNs are physics-aware learning pipelines
that can be used even in the presence of these higher-order
transport effects that are dominant in inverse scattering.
Training ITNs. The optimization problem (3) for ITN training is
computationally challenging: Evaluating the operator T requires
solving the radiative transfer equation [20]. In theory, training
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which do not require differentiating the regularization term and
only employ graphics rendering algorithms for forward evalua-
tions of T . However, such algorithms are known to suffer from
slow convergence.

Instead, we aim to optimize the loss (3) with state-of-the-art
stochastic gradient descent algorithms [59]. This requires using
differentiable rendering algorithms to estimate derivatives of T
with respect to material parameters ⇡ in an unbiased manner.
For this, we rely on prior work [4], [5], [6], [7] that devised
Monte Carlo rendering algorithms for simulating these derivatives
by simulating the full volumetric light transport in a physically-
accurate way. These algorithms have subsequently been general-
ized to scene parameters such as reflectance [44], [45], geome-
try [46], and pose [16], [47], [48]. For completeness, we provide
below an overview of the differentiable rendering formulation at
the basis of our work. We note that, because we optimize over
only material parameters, our differentiable rendering formulation
is significantly simpler than that required for dealing with global
geometry changes, and which has been developed extensively in
recent works [16], [47], [48].

Figure 1 provides an overview of our pipeline at training
and test time: During training, the network is connected to the
differentiable renderer. The network takes as input a single, high-
dynamic-range image, and produces as output a set of scattering
material parameters. During training, the network is connected
to the differentiable renderer. The renderer takes as input the
parameters produced by the network, as groundtruth geometry and
illumination, to compute values and gradients of the regularization
term in Equation (3). As we discuss in Section 6, because we
train the network using synthetic input images, the geometry and
illumination are readily available. During testing, the network is
used on its own, without the renderer. As our objective is to use
the network on testing images that are completely uncalibrated,
no geometry or illumination information is given as input to the
network during either training or testing.
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Fig. 1: Inverse transport networks: (a) Traditional autoencoders
use two networks, encoder and decoder, to learn to predict pa-
rameters from images. (b) Inverse transport networks replace the
decoder with a differentiable Monte Carlo renderer, to improve the
generalization and physical accuracy of the predictions. During
training, the renderer is provided with the material parameter out-
put by the encoder network, as well as with groundtruth geometry
and illumination, to perform forward and backward evaluations
of an additional appearance-matching regularization term used to
learn the network weights. During testing, the encoder network is
used on its own, without the renderer: It takes as input a single,
fully uncalibrated (unknown geometry and illumination) image,
and produces as output a set of material parameters.

The regularization term in Equation (3) forces the neural network
to predict parameters ⇡d that not only match the groundtruth,
but also can be used with forward rendering to reproduce the
input images. This has two desirable effects: First, the parameters
predicted by the network are likely to be close to what would have
been obtained from analysis by synthesis, as the regularization
term in Equation (3) is equivalent to the analysis by synthesis
loss (1). Second, the regularization term forces the neural network
N [ŵ] to be approximately equal to the inverse of the volumetric
light transport operator T , that is, N [ŵ] ⇡ T �1. Given that
T models the physics of subsurface scattering for scenes of
arbitrary geometries and illumination, we expect the resulting
neural network to generalize well to novel scenes. We refer to
networks trained using the loss (2) as regressor networks (RN),
and to networks trained using (3) as inverse transport networks
(ITN), based on their above-discussed property.
Relationship to prior work. Regularization similar to Equa-
tion (3) has previously appeared in two general forms. The first
is autoencoder architectures [49], [50] that, in addition to the re-
gressor (encoder) network N [w] mapping images to parameters,
use a second decoder network D [u] that maps the parameters
back to images. Then, the regularization term in Equation (3) is
replaced with kId �D [u] (N [w] (Id))k2, and both the encoder
and decoder networks are trained simultaneously, potentially with-
out access to groundtruth parameters (self-supervised learning).
These architectures are of great utility when inferring semantic
parameters (e.g., a class label) of a scene, where there is generally
no analytical model for the forward mapping of these parameters
to images. However, when the unknowns ⇡ are scattering material
parameters, autoencoder architectures do not take advantage of
the rich knowledge we have about the physics governing the

forward operator T . Additionally, the forward mapping D [u] may
not generalize to novel scenes, as it is specific to the training
dataset. Figure 1 compares the autoencoder and inverse transport
architectures.

There are also networks that use regularization terms where
the light transport operator T is replaced with an approximate
rendering model [11], [12], [13], [14], [15]. These approximations
generally use direct lighting models, where photons are assumed
to only interact with the scene once between emission and detec-
tion (e.g., direct reflection without interreflections). Unfortunately,
these networks have limited applicability to the case of inverse
scattering, where the underlying physics are characterized by
extremely multi-path, multi-bounce light transport. Inspired by
these prior works, our ITNs are physics-aware learning pipelines
that can be used even in the presence of these higher-order
transport effects that are dominant in inverse scattering.
Training ITNs. The optimization problem (3) for ITN training is
computationally challenging: Evaluating the operator T requires
solving the radiative transfer equation [20]. In theory, training
could be performed using algorithms such as REINFORCE [51],
which do not require differentiating the regularization term and
only employ graphics rendering algorithms for forward evalua-
tions of T . However, such algorithms are known to suffer from
slow convergence.

Instead, we aim to optimize the loss (3) with state-of-the-art
stochastic gradient descent algorithms [59]. This requires using
differentiable rendering algorithms to estimate derivatives of T
with respect to material parameters ⇡ in an unbiased manner.
For this, we rely on prior work [4], [5], [6], [7] that devised
Monte Carlo rendering algorithms for simulating these derivatives
by simulating the full volumetric light transport in a physically-
accurate way. These algorithms have subsequently been general-
ized to scene parameters such as reflectance [44], [45], geome-
try [46], and pose [16], [47], [48]. For completeness, we provide
below an overview of the differentiable rendering formulation at
the basis of our work. We note that, because we optimize over
only material parameters, our differentiable rendering formulation
is significantly simpler than that required for dealing with global
geometry changes, and which has been developed extensively in
recent works [16], [47], [48].

Figure 1 provides an overview of our pipeline at training
and test time: During training, the network is connected to the
differentiable renderer. The network takes as input a single, high-
dynamic-range image, and produces as output a set of scattering
material parameters. During training, the network is connected
to the differentiable renderer. The renderer takes as input the
parameters produced by the network, as groundtruth geometry and
illumination, to compute values and gradients of the regularization
term in Equation (3). As we discuss in Section 6, because we
train the network using synthetic input images, the geometry and
illumination are readily available. During testing, the network is
used on its own, without the renderer. As our objective is to use
the network on testing images that are completely uncalibrated,
no geometry or illumination information is given as input to the
network during either training or testing.
Differentiable Monte Carlo volume rendering. To keep the
paper self-contained, we provide a brief overview of forward
and differentiable rendering in the context of subsurface scat-
tering. Our discussion largely follows [7]. The starting point for
both types of rendering is the path integral formulation of light
transport, which expresses the images captured by a radiometric

TrainingTesting

– Utilizing image loss (provided by a volume path tracer) to regularize training
– Use the trained encoder to solve inverse problems during testing
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DIFFERENTIABLE RENDERING MAKES RENDERING FASTER

• Derivatives reveal neighborhood information of light paths 
– useful for interpolation & guiding samples 

Langevin MC  
[Luan et al. 2020]

H2MC  
[Li et al. 2015]

light

path differentials 
[Suykens and Williams 2001]

irradiance gradient 
[Ward 1992]
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BEYOND GRAPHICS: A WORLD OF APPLICATIONS

• Many disciplines rely on understanding or controlling the behavior of light in images or other kinds 
of measurements.
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BEYOND GRAPHICS: A WORLD OF APPLICATIONS

• Many disciplines rely on understanding or controlling the behavior of light in images or other kinds 
of measurements.

[Solar Carve Tower - Studio Gang]

[WSP USA][WSP USA]
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OBJECTIVE FUNCTION (A.K.A. “LOSS”)
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The problem: minimize
x2X
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The problem: minimize
x2X

g( f (x))
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<latexit sha1_base64="p3Q0vFESrwcpyRERWbDXTe+n/YE=">AAACHXicbVDLSgMxFL1TX7W+qi7dDBbBVZmRgrorunFZwT6wLSWTZtrQTBKSjFiH/oVb9WvciVvxZ8RMOwvbeiBwOPd1cgLJqDae9+3kVlbX1jfym4Wt7Z3dveL+QUOLWGFSx4IJ1QqQJoxyUjfUMNKSiqAoYKQZjK7TevOBKE0FvzNjSboRGnAaUoyMle47ETLDIEweJ71iySt7U7jLxM9ICTLUesWfTl/gOCLcYIa0bvueNN0EKUMxI5NCJ9ZEIjxCA9K2lKOI6G4ydTxxT6zSd0Oh7OPGnap/JxIUaT2OAtuZOtRzNYmYdc/F3I0k7ZPoaUG1e9LCf3vasQkvugnlMjaE45mpMGauEW4aldunimDDxpYgrKj9l4uHSCFsbKAFG5i/GM8yaZyV/Ur58rZSql5l0eXhCI7hFHw4hyrcQA3qgIHDM7zAq/PmvDsfzuesNedkM4cwB+frF+ipo9o=</latexit>

I N T R O D U C T I O N



Realistic Image Synthesis SS2024

The problem: minimize
x2X

g( f (x))

<latexit sha1_base64="vfUS132Yaw8R0hDTawppW5MLihM="></latexit>

DIFFERENTIABLE RENDERING

x

<latexit sha1_base64="p3Q0vFESrwcpyRERWbDXTe+n/YE=">AAACHXicbVDLSgMxFL1TX7W+qi7dDBbBVZmRgrorunFZwT6wLSWTZtrQTBKSjFiH/oVb9WvciVvxZ8RMOwvbeiBwOPd1cgLJqDae9+3kVlbX1jfym4Wt7Z3dveL+QUOLWGFSx4IJ1QqQJoxyUjfUMNKSiqAoYKQZjK7TevOBKE0FvzNjSboRGnAaUoyMle47ETLDIEweJ71iySt7U7jLxM9ICTLUesWfTl/gOCLcYIa0bvueNN0EKUMxI5NCJ9ZEIjxCA9K2lKOI6G4ydTxxT6zSd0Oh7OPGnap/JxIUaT2OAtuZOtRzNYmYdc/F3I0k7ZPoaUG1e9LCf3vasQkvugnlMjaE45mpMGauEW4aldunimDDxpYgrKj9l4uHSCFsbKAFG5i/GM8yaZyV/Ur58rZSql5l0eXhCI7hFHw4hyrcQA3qgIHDM7zAq/PmvDsfzuesNedkM4cwB+frF+ipo9o=</latexit>

y

<latexit sha1_base64="tCm9k6wRj71+RNtdKSluiQzXmZU=">AAACHXicbVDLSgMxFM3UV62vqks3wSK4KjMiqLuiG5cV7APbUu6kmTY0kwlJRhiH/oVb9WvciVvxZ8RMOwvbeiBwOPd1cnzJmTau++0UVlbX1jeKm6Wt7Z3dvfL+QVNHsSK0QSIeqbYPmnImaMMww2lbKgqhz2nLH99k9dYjVZpF4t4kkvZCGAoWMALGSg/dEMzID9Jk0i9X3Ko7BV4mXk4qKEe9X/7pDiISh1QYwkHrjudK00tBGUY4nZS6saYSyBiGtGOpgJDqXjp1PMEnVhngIFL2CYOn6t+JFEKtk9C3nZlDPVeTwK17Ec3dSLM+CU8Lqt2TFf7b04lNcNlLmZCxoYLMTAUxxybCWVR4wBQlhieWAFHM/guTESggxgZasoF5i/Esk+ZZ1TuvXt2dV2rXeXRFdISO0Sny0AWqoVtURw1EkEDP6AW9Om/Ou/PhfM5aC04+c4jm4Hz9Aupao9s=</latexit>

f(x)

<latexit sha1_base64="ae4qMc7SaiN/R/zwdDa1j+x0134="></latexit>

- meshes

- textures, etc.
- material (BSDF) parameters

- parameters of procedural models
- volumes, light sources, …
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Realistic Image Synthesis SS2024

The problem: minimize
x2X

g( f (x))

<latexit sha1_base64="vfUS132Yaw8R0hDTawppW5MLihM="></latexit>

DIFFERENTIABLE RENDERING

x

<latexit sha1_base64="p3Q0vFESrwcpyRERWbDXTe+n/YE=">AAACHXicbVDLSgMxFL1TX7W+qi7dDBbBVZmRgrorunFZwT6wLSWTZtrQTBKSjFiH/oVb9WvciVvxZ8RMOwvbeiBwOPd1cgLJqDae9+3kVlbX1jfym4Wt7Z3dveL+QUOLWGFSx4IJ1QqQJoxyUjfUMNKSiqAoYKQZjK7TevOBKE0FvzNjSboRGnAaUoyMle47ETLDIEweJ71iySt7U7jLxM9ICTLUesWfTl/gOCLcYIa0bvueNN0EKUMxI5NCJ9ZEIjxCA9K2lKOI6G4ydTxxT6zSd0Oh7OPGnap/JxIUaT2OAtuZOtRzNYmYdc/F3I0k7ZPoaUG1e9LCf3vasQkvugnlMjaE45mpMGauEW4aldunimDDxpYgrKj9l4uHSCFsbKAFG5i/GM8yaZyV/Ur58rZSql5l0eXhCI7hFHw4hyrcQA3qgIHDM7zAq/PmvDsfzuesNedkM4cwB+frF+ipo9o=</latexit>

y

<latexit sha1_base64="tCm9k6wRj71+RNtdKSluiQzXmZU=">AAACHXicbVDLSgMxFM3UV62vqks3wSK4KjMiqLuiG5cV7APbUu6kmTY0kwlJRhiH/oVb9WvciVvxZ8RMOwvbeiBwOPd1cnzJmTau++0UVlbX1jeKm6Wt7Z3dvfL+QVNHsSK0QSIeqbYPmnImaMMww2lbKgqhz2nLH99k9dYjVZpF4t4kkvZCGAoWMALGSg/dEMzID9Jk0i9X3Ko7BV4mXk4qKEe9X/7pDiISh1QYwkHrjudK00tBGUY4nZS6saYSyBiGtGOpgJDqXjp1PMEnVhngIFL2CYOn6t+JFEKtk9C3nZlDPVeTwK17Ec3dSLM+CU8Lqt2TFf7b04lNcNlLmZCxoYLMTAUxxybCWVR4wBQlhieWAFHM/guTESggxgZasoF5i/Esk+ZZ1TuvXt2dV2rXeXRFdISO0Sny0AWqoVtURw1EkEDP6AW9Om/Ou/PhfM5aC04+c4jm4Hz9Aupao9s=</latexit>

f(x)

<latexit sha1_base64="ae4qMc7SaiN/R/zwdDa1j+x0134="></latexit>

g(y, ...)

<latexit sha1_base64="aNfvLSAU6NTvInIpNjq7ewwg0g4="></latexit>

z

<latexit sha1_base64="Q6GJjsrx8UIiz7UedZ268iFsUTc=">AAACFHicbVDLTgIxFO3gC/GFunTTSExckRlDou6IblxCIo8EJqRT7kBDp9O0HROY8AVu1a9xZ9y692eMBWYh4EmanJz7Oj2B5Ewb1/12chubW9s7+d3C3v7B4VHx+KSp40RRaNCYx6odEA2cCWgYZji0pQISBRxaweh+Vm89gdIsFo9mLMGPyECwkFFirFSf9Iolt+zOgdeJl5ESylDrFX+6/ZgmEQhDOdG647nS+ClRhlEO00I30SAJHZEBdCwVJALtp3OjU3xhlT4OY2WfMHiu/p1ISaT1OApsZ0TMUC/VJOHWtIiXbqSzPkkmK6rdMyv8t6eTmPDGT5mQiQFBF6bChGMT41lCuM8UUMPHlhCqmP0XpkOiCDU2x4INzFuNZ500r8pepXxbr5Sqd1l0eXSGztEl8tA1qqIHVEMNRBGgZ/SCXp035935cD4XrTknmzlFS3C+fgEtdZ+8</latexit>
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Realistic Image Synthesis SS2024

The problem: minimize
x2X

g( f (x))

<latexit sha1_base64="vfUS132Yaw8R0hDTawppW5MLihM="></latexit>

DIFFERENTIABLE RENDERING

x

<latexit sha1_base64="p3Q0vFESrwcpyRERWbDXTe+n/YE=">AAACHXicbVDLSgMxFL1TX7W+qi7dDBbBVZmRgrorunFZwT6wLSWTZtrQTBKSjFiH/oVb9WvciVvxZ8RMOwvbeiBwOPd1cgLJqDae9+3kVlbX1jfym4Wt7Z3dveL+QUOLWGFSx4IJ1QqQJoxyUjfUMNKSiqAoYKQZjK7TevOBKE0FvzNjSboRGnAaUoyMle47ETLDIEweJ71iySt7U7jLxM9ICTLUesWfTl/gOCLcYIa0bvueNN0EKUMxI5NCJ9ZEIjxCA9K2lKOI6G4ydTxxT6zSd0Oh7OPGnap/JxIUaT2OAtuZOtRzNYmYdc/F3I0k7ZPoaUG1e9LCf3vasQkvugnlMjaE45mpMGauEW4aldunimDDxpYgrKj9l4uHSCFsbKAFG5i/GM8yaZyV/Ur58rZSql5l0eXhCI7hFHw4hyrcQA3qgIHDM7zAq/PmvDsfzuesNedkM4cwB+frF+ipo9o=</latexit>

y

<latexit sha1_base64="tCm9k6wRj71+RNtdKSluiQzXmZU=">AAACHXicbVDLSgMxFM3UV62vqks3wSK4KjMiqLuiG5cV7APbUu6kmTY0kwlJRhiH/oVb9WvciVvxZ8RMOwvbeiBwOPd1cnzJmTau++0UVlbX1jeKm6Wt7Z3dvfL+QVNHsSK0QSIeqbYPmnImaMMww2lbKgqhz2nLH99k9dYjVZpF4t4kkvZCGAoWMALGSg/dEMzID9Jk0i9X3Ko7BV4mXk4qKEe9X/7pDiISh1QYwkHrjudK00tBGUY4nZS6saYSyBiGtGOpgJDqXjp1PMEnVhngIFL2CYOn6t+JFEKtk9C3nZlDPVeTwK17Ec3dSLM+CU8Lqt2TFf7b04lNcNlLmZCxoYLMTAUxxybCWVR4wBQlhieWAFHM/guTESggxgZasoF5i/Esk+ZZ1TuvXt2dV2rXeXRFdISO0Sny0AWqoVtURw1EkEDP6AW9Om/Ou/PhfM5aC04+c4jm4Hz9Aupao9s=</latexit>

f(x)

<latexit sha1_base64="ae4qMc7SaiN/R/zwdDa1j+x0134="></latexit>

g(y, ...)

<latexit sha1_base64="aNfvLSAU6NTvInIpNjq7ewwg0g4="></latexit>

z

<latexit sha1_base64="Q6GJjsrx8UIiz7UedZ268iFsUTc=">AAACFHicbVDLTgIxFO3gC/GFunTTSExckRlDou6IblxCIo8EJqRT7kBDp9O0HROY8AVu1a9xZ9y692eMBWYh4EmanJz7Oj2B5Ewb1/12chubW9s7+d3C3v7B4VHx+KSp40RRaNCYx6odEA2cCWgYZji0pQISBRxaweh+Vm89gdIsFo9mLMGPyECwkFFirFSf9Iolt+zOgdeJl5ESylDrFX+6/ZgmEQhDOdG647nS+ClRhlEO00I30SAJHZEBdCwVJALtp3OjU3xhlT4OY2WfMHiu/p1ISaT1OApsZ0TMUC/VJOHWtIiXbqSzPkkmK6rdMyv8t6eTmPDGT5mQiQFBF6bChGMT41lCuM8UUMPHlhCqmP0XpkOiCDU2x4INzFuNZ500r8pepXxbr5Sqd1l0eXSGztEl8tA1qqIHVEMNRBGgZ/SCXp035935cD4XrTknmzlFS3C+fgEtdZ+8</latexit>
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Realistic Image Synthesis SS2024

The problem: minimize
x2X

g( f (x))

<latexit sha1_base64="vfUS132Yaw8R0hDTawppW5MLihM="></latexit>

DIFFERENTIABLE RENDERING

x

<latexit sha1_base64="p3Q0vFESrwcpyRERWbDXTe+n/YE=">AAACHXicbVDLSgMxFL1TX7W+qi7dDBbBVZmRgrorunFZwT6wLSWTZtrQTBKSjFiH/oVb9WvciVvxZ8RMOwvbeiBwOPd1cgLJqDae9+3kVlbX1jfym4Wt7Z3dveL+QUOLWGFSx4IJ1QqQJoxyUjfUMNKSiqAoYKQZjK7TevOBKE0FvzNjSboRGnAaUoyMle47ETLDIEweJ71iySt7U7jLxM9ICTLUesWfTl/gOCLcYIa0bvueNN0EKUMxI5NCJ9ZEIjxCA9K2lKOI6G4ydTxxT6zSd0Oh7OPGnap/JxIUaT2OAtuZOtRzNYmYdc/F3I0k7ZPoaUG1e9LCf3vasQkvugnlMjaE45mpMGauEW4aldunimDDxpYgrKj9l4uHSCFsbKAFG5i/GM8yaZyV/Ur58rZSql5l0eXhCI7hFHw4hyrcQA3qgIHDM7zAq/PmvDsfzuesNedkM4cwB+frF+ipo9o=</latexit>

y

<latexit sha1_base64="tCm9k6wRj71+RNtdKSluiQzXmZU=">AAACHXicbVDLSgMxFM3UV62vqks3wSK4KjMiqLuiG5cV7APbUu6kmTY0kwlJRhiH/oVb9WvciVvxZ8RMOwvbeiBwOPd1cnzJmTau++0UVlbX1jeKm6Wt7Z3dvfL+QVNHsSK0QSIeqbYPmnImaMMww2lbKgqhz2nLH99k9dYjVZpF4t4kkvZCGAoWMALGSg/dEMzID9Jk0i9X3Ko7BV4mXk4qKEe9X/7pDiISh1QYwkHrjudK00tBGUY4nZS6saYSyBiGtGOpgJDqXjp1PMEnVhngIFL2CYOn6t+JFEKtk9C3nZlDPVeTwK17Ec3dSLM+CU8Lqt2TFf7b04lNcNlLmZCxoYLMTAUxxybCWVR4wBQlhieWAFHM/guTESggxgZasoF5i/Esk+ZZ1TuvXt2dV2rXeXRFdISO0Sny0AWqoVtURw1EkEDP6AW9Om/Ou/PhfM5aC04+c4jm4Hz9Aupao9s=</latexit>

f(x)

<latexit sha1_base64="ae4qMc7SaiN/R/zwdDa1j+x0134="></latexit>

g(y, ...)

<latexit sha1_base64="aNfvLSAU6NTvInIpNjq7ewwg0g4="></latexit>

z

<latexit sha1_base64="Q6GJjsrx8UIiz7UedZ268iFsUTc=">AAACFHicbVDLTgIxFO3gC/GFunTTSExckRlDou6IblxCIo8EJqRT7kBDp9O0HROY8AVu1a9xZ9y692eMBWYh4EmanJz7Oj2B5Ewb1/12chubW9s7+d3C3v7B4VHx+KSp40RRaNCYx6odEA2cCWgYZji0pQISBRxaweh+Vm89gdIsFo9mLMGPyECwkFFirFSf9Iolt+zOgdeJl5ESylDrFX+6/ZgmEQhDOdG647nS+ClRhlEO00I30SAJHZEBdCwVJALtp3OjU3xhlT4OY2WfMHiu/p1ISaT1OApsZ0TMUC/VJOHWtIiXbqSzPkkmK6rdMyv8t6eTmPDGT5mQiQFBF6bChGMT41lCuM8UUMPHlhCqmP0XpkOiCDU2x4INzFuNZ500r8pepXxbr5Sqd1l0eXSGztEl8tA1qqIHVEMNRBGgZ/SCXp035935cD4XrTknmzlFS3C+fgEtdZ+8</latexit>

∂z/∂x

<latexit sha1_base64="SCU5O2XKSx9bb7JuyqgtVhr5Rr4="></latexit>
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Realistic Image Synthesis SS2024

DIFFERENTIABLE RENDERING

x

<latexit sha1_base64="p3Q0vFESrwcpyRERWbDXTe+n/YE=">AAACHXicbVDLSgMxFL1TX7W+qi7dDBbBVZmRgrorunFZwT6wLSWTZtrQTBKSjFiH/oVb9WvciVvxZ8RMOwvbeiBwOPd1cgLJqDae9+3kVlbX1jfym4Wt7Z3dveL+QUOLWGFSx4IJ1QqQJoxyUjfUMNKSiqAoYKQZjK7TevOBKE0FvzNjSboRGnAaUoyMle47ETLDIEweJ71iySt7U7jLxM9ICTLUesWfTl/gOCLcYIa0bvueNN0EKUMxI5NCJ9ZEIjxCA9K2lKOI6G4ydTxxT6zSd0Oh7OPGnap/JxIUaT2OAtuZOtRzNYmYdc/F3I0k7ZPoaUG1e9LCf3vasQkvugnlMjaE45mpMGauEW4aldunimDDxpYgrKj9l4uHSCFsbKAFG5i/GM8yaZyV/Ur58rZSql5l0eXhCI7hFHw4hyrcQA3qgIHDM7zAq/PmvDsfzuesNedkM4cwB+frF+ipo9o=</latexit>

y

<latexit sha1_base64="tCm9k6wRj71+RNtdKSluiQzXmZU=">AAACHXicbVDLSgMxFM3UV62vqks3wSK4KjMiqLuiG5cV7APbUu6kmTY0kwlJRhiH/oVb9WvciVvxZ8RMOwvbeiBwOPd1cnzJmTau++0UVlbX1jeKm6Wt7Z3dvfL+QVNHsSK0QSIeqbYPmnImaMMww2lbKgqhz2nLH99k9dYjVZpF4t4kkvZCGAoWMALGSg/dEMzID9Jk0i9X3Ko7BV4mXk4qKEe9X/7pDiISh1QYwkHrjudK00tBGUY4nZS6saYSyBiGtGOpgJDqXjp1PMEnVhngIFL2CYOn6t+JFEKtk9C3nZlDPVeTwK17Ec3dSLM+CU8Lqt2TFf7b04lNcNlLmZCxoYLMTAUxxybCWVR4wBQlhieWAFHM/guTESggxgZasoF5i/Esk+ZZ1TuvXt2dV2rXeXRFdISO0Sny0AWqoVtURw1EkEDP6AW9Om/Ou/PhfM5aC04+c4jm4Hz9Aupao9s=</latexit>

f(x)

<latexit sha1_base64="ae4qMc7SaiN/R/zwdDa1j+x0134="></latexit>

g(y, ...)

<latexit sha1_base64="aNfvLSAU6NTvInIpNjq7ewwg0g4="></latexit>

z

<latexit sha1_base64="Q6GJjsrx8UIiz7UedZ268iFsUTc=">AAACFHicbVDLTgIxFO3gC/GFunTTSExckRlDou6IblxCIo8EJqRT7kBDp9O0HROY8AVu1a9xZ9y692eMBWYh4EmanJz7Oj2B5Ewb1/12chubW9s7+d3C3v7B4VHx+KSp40RRaNCYx6odEA2cCWgYZji0pQISBRxaweh+Vm89gdIsFo9mLMGPyECwkFFirFSf9Iolt+zOgdeJl5ESylDrFX+6/ZgmEQhDOdG647nS+ClRhlEO00I30SAJHZEBdCwVJALtp3OjU3xhlT4OY2WfMHiu/p1ISaT1OApsZ0TMUC/VJOHWtIiXbqSzPkkmK6rdMyv8t6eTmPDGT5mQiQFBF6bChGMT41lCuM8UUMPHlhCqmP0XpkOiCDU2x4INzFuNZ500r8pepXxbr5Sqd1l0eXSGztEl8tA1qqIHVEMNRBGgZ/SCXp035935cD4XrTknmzlFS3C+fgEtdZ+8</latexit>

∂z/∂x

<latexit sha1_base64="SCU5O2XKSx9bb7JuyqgtVhr5Rr4="></latexit>
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Realistic Image Synthesis SS2024

DIFFERENTIABLE RENDERING

x

<latexit sha1_base64="p3Q0vFESrwcpyRERWbDXTe+n/YE=">AAACHXicbVDLSgMxFL1TX7W+qi7dDBbBVZmRgrorunFZwT6wLSWTZtrQTBKSjFiH/oVb9WvciVvxZ8RMOwvbeiBwOPd1cgLJqDae9+3kVlbX1jfym4Wt7Z3dveL+QUOLWGFSx4IJ1QqQJoxyUjfUMNKSiqAoYKQZjK7TevOBKE0FvzNjSboRGnAaUoyMle47ETLDIEweJ71iySt7U7jLxM9ICTLUesWfTl/gOCLcYIa0bvueNN0EKUMxI5NCJ9ZEIjxCA9K2lKOI6G4ydTxxT6zSd0Oh7OPGnap/JxIUaT2OAtuZOtRzNYmYdc/F3I0k7ZPoaUG1e9LCf3vasQkvugnlMjaE45mpMGauEW4aldunimDDxpYgrKj9l4uHSCFsbKAFG5i/GM8yaZyV/Ur58rZSql5l0eXhCI7hFHw4hyrcQA3qgIHDM7zAq/PmvDsfzuesNedkM4cwB+frF+ipo9o=</latexit>

y

<latexit sha1_base64="tCm9k6wRj71+RNtdKSluiQzXmZU=">AAACHXicbVDLSgMxFM3UV62vqks3wSK4KjMiqLuiG5cV7APbUu6kmTY0kwlJRhiH/oVb9WvciVvxZ8RMOwvbeiBwOPd1cnzJmTau++0UVlbX1jeKm6Wt7Z3dvfL+QVNHsSK0QSIeqbYPmnImaMMww2lbKgqhz2nLH99k9dYjVZpF4t4kkvZCGAoWMALGSg/dEMzID9Jk0i9X3Ko7BV4mXk4qKEe9X/7pDiISh1QYwkHrjudK00tBGUY4nZS6saYSyBiGtGOpgJDqXjp1PMEnVhngIFL2CYOn6t+JFEKtk9C3nZlDPVeTwK17Ec3dSLM+CU8Lqt2TFf7b04lNcNlLmZCxoYLMTAUxxybCWVR4wBQlhieWAFHM/guTESggxgZasoF5i/Esk+ZZ1TuvXt2dV2rXeXRFdISO0Sny0AWqoVtURw1EkEDP6AW9Om/Ou/PhfM5aC04+c4jm4Hz9Aupao9s=</latexit>

f(x)

<latexit sha1_base64="ae4qMc7SaiN/R/zwdDa1j+x0134="></latexit>

g(y, ...)

<latexit sha1_base64="aNfvLSAU6NTvInIpNjq7ewwg0g4="></latexit>

z

<latexit sha1_base64="Q6GJjsrx8UIiz7UedZ268iFsUTc=">AAACFHicbVDLTgIxFO3gC/GFunTTSExckRlDou6IblxCIo8EJqRT7kBDp9O0HROY8AVu1a9xZ9y692eMBWYh4EmanJz7Oj2B5Ewb1/12chubW9s7+d3C3v7B4VHx+KSp40RRaNCYx6odEA2cCWgYZji0pQISBRxaweh+Vm89gdIsFo9mLMGPyECwkFFirFSf9Iolt+zOgdeJl5ESylDrFX+6/ZgmEQhDOdG647nS+ClRhlEO00I30SAJHZEBdCwVJALtp3OjU3xhlT4OY2WfMHiu/p1ISaT1OApsZ0TMUC/VJOHWtIiXbqSzPkkmK6rdMyv8t6eTmPDGT5mQiQFBF6bChGMT41lCuM8UUMPHlhCqmP0XpkOiCDU2x4INzFuNZ500r8pepXxbr5Sqd1l0eXSGztEl8tA1qqIHVEMNRBGgZ/SCXp035935cD4XrTknmzlFS3C+fgEtdZ+8</latexit>

∂z/∂x

<latexit sha1_base64="SCU5O2XKSx9bb7JuyqgtVhr5Rr4="></latexit>

∂z
∂x

=
∂z
∂y

· ∂y
∂x

<latexit sha1_base64="W04JxOny/6C5wkDt3fbLlm4S+mw="></latexit>

CHAIN RULE

I N T R O D U C T I O N



Realistic Image Synthesis SS2024

DIFFERENTIABLE RENDERING

x

<latexit sha1_base64="p3Q0vFESrwcpyRERWbDXTe+n/YE=">AAACHXicbVDLSgMxFL1TX7W+qi7dDBbBVZmRgrorunFZwT6wLSWTZtrQTBKSjFiH/oVb9WvciVvxZ8RMOwvbeiBwOPd1cgLJqDae9+3kVlbX1jfym4Wt7Z3dveL+QUOLWGFSx4IJ1QqQJoxyUjfUMNKSiqAoYKQZjK7TevOBKE0FvzNjSboRGnAaUoyMle47ETLDIEweJ71iySt7U7jLxM9ICTLUesWfTl/gOCLcYIa0bvueNN0EKUMxI5NCJ9ZEIjxCA9K2lKOI6G4ydTxxT6zSd0Oh7OPGnap/JxIUaT2OAtuZOtRzNYmYdc/F3I0k7ZPoaUG1e9LCf3vasQkvugnlMjaE45mpMGauEW4aldunimDDxpYgrKj9l4uHSCFsbKAFG5i/GM8yaZyV/Ur58rZSql5l0eXhCI7hFHw4hyrcQA3qgIHDM7zAq/PmvDsfzuesNedkM4cwB+frF+ipo9o=</latexit>

y

<latexit sha1_base64="tCm9k6wRj71+RNtdKSluiQzXmZU=">AAACHXicbVDLSgMxFM3UV62vqks3wSK4KjMiqLuiG5cV7APbUu6kmTY0kwlJRhiH/oVb9WvciVvxZ8RMOwvbeiBwOPd1cnzJmTau++0UVlbX1jeKm6Wt7Z3dvfL+QVNHsSK0QSIeqbYPmnImaMMww2lbKgqhz2nLH99k9dYjVZpF4t4kkvZCGAoWMALGSg/dEMzID9Jk0i9X3Ko7BV4mXk4qKEe9X/7pDiISh1QYwkHrjudK00tBGUY4nZS6saYSyBiGtGOpgJDqXjp1PMEnVhngIFL2CYOn6t+JFEKtk9C3nZlDPVeTwK17Ec3dSLM+CU8Lqt2TFf7b04lNcNlLmZCxoYLMTAUxxybCWVR4wBQlhieWAFHM/guTESggxgZasoF5i/Esk+ZZ1TuvXt2dV2rXeXRFdISO0Sny0AWqoVtURw1EkEDP6AW9Om/Ou/PhfM5aC04+c4jm4Hz9Aupao9s=</latexit>

f(x)

<latexit sha1_base64="ae4qMc7SaiN/R/zwdDa1j+x0134="></latexit>

g(y, ...)

<latexit sha1_base64="aNfvLSAU6NTvInIpNjq7ewwg0g4="></latexit>

z

<latexit sha1_base64="Q6GJjsrx8UIiz7UedZ268iFsUTc=">AAACFHicbVDLTgIxFO3gC/GFunTTSExckRlDou6IblxCIo8EJqRT7kBDp9O0HROY8AVu1a9xZ9y692eMBWYh4EmanJz7Oj2B5Ewb1/12chubW9s7+d3C3v7B4VHx+KSp40RRaNCYx6odEA2cCWgYZji0pQISBRxaweh+Vm89gdIsFo9mLMGPyECwkFFirFSf9Iolt+zOgdeJl5ESylDrFX+6/ZgmEQhDOdG647nS+ClRhlEO00I30SAJHZEBdCwVJALtp3OjU3xhlT4OY2WfMHiu/p1ISaT1OApsZ0TMUC/VJOHWtIiXbqSzPkkmK6rdMyv8t6eTmPDGT5mQiQFBF6bChGMT41lCuM8UUMPHlhCqmP0XpkOiCDU2x4INzFuNZ500r8pepXxbr5Sqd1l0eXSGztEl8tA1qqIHVEMNRBGgZ/SCXp035935cD4XrTknmzlFS3C+fgEtdZ+8</latexit>

∂z
∂x

=
∂z
∂y

· ∂y
∂x

<latexit sha1_base64="W04JxOny/6C5wkDt3fbLlm4S+mw="></latexit>

CHAIN RULE

∂z
∂y

<latexit sha1_base64="gbleKtHwaiJq0FL3aPnIY3ZzgXg="></latexit>

I N T R O D U C T I O N



Realistic Image Synthesis SS2024

DIFFERENTIABLE RENDERING

x

<latexit sha1_base64="p3Q0vFESrwcpyRERWbDXTe+n/YE=">AAACHXicbVDLSgMxFL1TX7W+qi7dDBbBVZmRgrorunFZwT6wLSWTZtrQTBKSjFiH/oVb9WvciVvxZ8RMOwvbeiBwOPd1cgLJqDae9+3kVlbX1jfym4Wt7Z3dveL+QUOLWGFSx4IJ1QqQJoxyUjfUMNKSiqAoYKQZjK7TevOBKE0FvzNjSboRGnAaUoyMle47ETLDIEweJ71iySt7U7jLxM9ICTLUesWfTl/gOCLcYIa0bvueNN0EKUMxI5NCJ9ZEIjxCA9K2lKOI6G4ydTxxT6zSd0Oh7OPGnap/JxIUaT2OAtuZOtRzNYmYdc/F3I0k7ZPoaUG1e9LCf3vasQkvugnlMjaE45mpMGauEW4aldunimDDxpYgrKj9l4uHSCFsbKAFG5i/GM8yaZyV/Ur58rZSql5l0eXhCI7hFHw4hyrcQA3qgIHDM7zAq/PmvDsfzuesNedkM4cwB+frF+ipo9o=</latexit>

y

<latexit sha1_base64="tCm9k6wRj71+RNtdKSluiQzXmZU=">AAACHXicbVDLSgMxFM3UV62vqks3wSK4KjMiqLuiG5cV7APbUu6kmTY0kwlJRhiH/oVb9WvciVvxZ8RMOwvbeiBwOPd1cnzJmTau++0UVlbX1jeKm6Wt7Z3dvfL+QVNHsSK0QSIeqbYPmnImaMMww2lbKgqhz2nLH99k9dYjVZpF4t4kkvZCGAoWMALGSg/dEMzID9Jk0i9X3Ko7BV4mXk4qKEe9X/7pDiISh1QYwkHrjudK00tBGUY4nZS6saYSyBiGtGOpgJDqXjp1PMEnVhngIFL2CYOn6t+JFEKtk9C3nZlDPVeTwK17Ec3dSLM+CU8Lqt2TFf7b04lNcNlLmZCxoYLMTAUxxybCWVR4wBQlhieWAFHM/guTESggxgZasoF5i/Esk+ZZ1TuvXt2dV2rXeXRFdISO0Sny0AWqoVtURw1EkEDP6AW9Om/Ou/PhfM5aC04+c4jm4Hz9Aupao9s=</latexit>

f(x)

<latexit sha1_base64="ae4qMc7SaiN/R/zwdDa1j+x0134="></latexit>

g(y, ...)

<latexit sha1_base64="aNfvLSAU6NTvInIpNjq7ewwg0g4="></latexit>

z

<latexit sha1_base64="Q6GJjsrx8UIiz7UedZ268iFsUTc=">AAACFHicbVDLTgIxFO3gC/GFunTTSExckRlDou6IblxCIo8EJqRT7kBDp9O0HROY8AVu1a9xZ9y692eMBWYh4EmanJz7Oj2B5Ewb1/12chubW9s7+d3C3v7B4VHx+KSp40RRaNCYx6odEA2cCWgYZji0pQISBRxaweh+Vm89gdIsFo9mLMGPyECwkFFirFSf9Iolt+zOgdeJl5ESylDrFX+6/ZgmEQhDOdG647nS+ClRhlEO00I30SAJHZEBdCwVJALtp3OjU3xhlT4OY2WfMHiu/p1ISaT1OApsZ0TMUC/VJOHWtIiXbqSzPkkmK6rdMyv8t6eTmPDGT5mQiQFBF6bChGMT41lCuM8UUMPHlhCqmP0XpkOiCDU2x4INzFuNZ500r8pepXxbr5Sqd1l0eXSGztEl8tA1qqIHVEMNRBGgZ/SCXp035935cD4XrTknmzlFS3C+fgEtdZ+8</latexit>

Vector
∂z
∂x

=
∂z
∂y

· ∂y
∂x

<latexit sha1_base64="W04JxOny/6C5wkDt3fbLlm4S+mw="></latexit>

CHAIN RULE

∂z
∂y

<latexit sha1_base64="gbleKtHwaiJq0FL3aPnIY3ZzgXg="></latexit>

I N T R O D U C T I O N



Realistic Image Synthesis SS2024

DIFFERENTIABLE RENDERING

x

<latexit sha1_base64="p3Q0vFESrwcpyRERWbDXTe+n/YE=">AAACHXicbVDLSgMxFL1TX7W+qi7dDBbBVZmRgrorunFZwT6wLSWTZtrQTBKSjFiH/oVb9WvciVvxZ8RMOwvbeiBwOPd1cgLJqDae9+3kVlbX1jfym4Wt7Z3dveL+QUOLWGFSx4IJ1QqQJoxyUjfUMNKSiqAoYKQZjK7TevOBKE0FvzNjSboRGnAaUoyMle47ETLDIEweJ71iySt7U7jLxM9ICTLUesWfTl/gOCLcYIa0bvueNN0EKUMxI5NCJ9ZEIjxCA9K2lKOI6G4ydTxxT6zSd0Oh7OPGnap/JxIUaT2OAtuZOtRzNYmYdc/F3I0k7ZPoaUG1e9LCf3vasQkvugnlMjaE45mpMGauEW4aldunimDDxpYgrKj9l4uHSCFsbKAFG5i/GM8yaZyV/Ur58rZSql5l0eXhCI7hFHw4hyrcQA3qgIHDM7zAq/PmvDsfzuesNedkM4cwB+frF+ipo9o=</latexit>

y

<latexit sha1_base64="tCm9k6wRj71+RNtdKSluiQzXmZU=">AAACHXicbVDLSgMxFM3UV62vqks3wSK4KjMiqLuiG5cV7APbUu6kmTY0kwlJRhiH/oVb9WvciVvxZ8RMOwvbeiBwOPd1cnzJmTau++0UVlbX1jeKm6Wt7Z3dvfL+QVNHsSK0QSIeqbYPmnImaMMww2lbKgqhz2nLH99k9dYjVZpF4t4kkvZCGAoWMALGSg/dEMzID9Jk0i9X3Ko7BV4mXk4qKEe9X/7pDiISh1QYwkHrjudK00tBGUY4nZS6saYSyBiGtGOpgJDqXjp1PMEnVhngIFL2CYOn6t+JFEKtk9C3nZlDPVeTwK17Ec3dSLM+CU8Lqt2TFf7b04lNcNlLmZCxoYLMTAUxxybCWVR4wBQlhieWAFHM/guTESggxgZasoF5i/Esk+ZZ1TuvXt2dV2rXeXRFdISO0Sny0AWqoVtURw1EkEDP6AW9Om/Ou/PhfM5aC04+c4jm4Hz9Aupao9s=</latexit>

f(x)

<latexit sha1_base64="ae4qMc7SaiN/R/zwdDa1j+x0134="></latexit>

g(y, ...)

<latexit sha1_base64="aNfvLSAU6NTvInIpNjq7ewwg0g4="></latexit>

z

<latexit sha1_base64="Q6GJjsrx8UIiz7UedZ268iFsUTc=">AAACFHicbVDLTgIxFO3gC/GFunTTSExckRlDou6IblxCIo8EJqRT7kBDp9O0HROY8AVu1a9xZ9y692eMBWYh4EmanJz7Oj2B5Ewb1/12chubW9s7+d3C3v7B4VHx+KSp40RRaNCYx6odEA2cCWgYZji0pQISBRxaweh+Vm89gdIsFo9mLMGPyECwkFFirFSf9Iolt+zOgdeJl5ESylDrFX+6/ZgmEQhDOdG647nS+ClRhlEO00I30SAJHZEBdCwVJALtp3OjU3xhlT4OY2WfMHiu/p1ISaT1OApsZ0TMUC/VJOHWtIiXbqSzPkkmK6rdMyv8t6eTmPDGT5mQiQFBF6bChGMT41lCuM8UUMPHlhCqmP0XpkOiCDU2x4INzFuNZ500r8pepXxbr5Sqd1l0eXSGztEl8tA1qqIHVEMNRBGgZ/SCXp035935cD4XrTknmzlFS3C+fgEtdZ+8</latexit>

MatrixVector
∂z
∂x

=
∂z
∂y

· ∂y
∂x

<latexit sha1_base64="W04JxOny/6C5wkDt3fbLlm4S+mw="></latexit>

CHAIN RULE

∂z
∂y

<latexit sha1_base64="gbleKtHwaiJq0FL3aPnIY3ZzgXg="></latexit>

I N T R O D U C T I O N



Realistic Image Synthesis SS2024

DIFFERENTIABLE RENDERING

x

<latexit sha1_base64="p3Q0vFESrwcpyRERWbDXTe+n/YE=">AAACHXicbVDLSgMxFL1TX7W+qi7dDBbBVZmRgrorunFZwT6wLSWTZtrQTBKSjFiH/oVb9WvciVvxZ8RMOwvbeiBwOPd1cgLJqDae9+3kVlbX1jfym4Wt7Z3dveL+QUOLWGFSx4IJ1QqQJoxyUjfUMNKSiqAoYKQZjK7TevOBKE0FvzNjSboRGnAaUoyMle47ETLDIEweJ71iySt7U7jLxM9ICTLUesWfTl/gOCLcYIa0bvueNN0EKUMxI5NCJ9ZEIjxCA9K2lKOI6G4ydTxxT6zSd0Oh7OPGnap/JxIUaT2OAtuZOtRzNYmYdc/F3I0k7ZPoaUG1e9LCf3vasQkvugnlMjaE45mpMGauEW4aldunimDDxpYgrKj9l4uHSCFsbKAFG5i/GM8yaZyV/Ur58rZSql5l0eXhCI7hFHw4hyrcQA3qgIHDM7zAq/PmvDsfzuesNedkM4cwB+frF+ipo9o=</latexit>

y

<latexit sha1_base64="tCm9k6wRj71+RNtdKSluiQzXmZU=">AAACHXicbVDLSgMxFM3UV62vqks3wSK4KjMiqLuiG5cV7APbUu6kmTY0kwlJRhiH/oVb9WvciVvxZ8RMOwvbeiBwOPd1cnzJmTau++0UVlbX1jeKm6Wt7Z3dvfL+QVNHsSK0QSIeqbYPmnImaMMww2lbKgqhz2nLH99k9dYjVZpF4t4kkvZCGAoWMALGSg/dEMzID9Jk0i9X3Ko7BV4mXk4qKEe9X/7pDiISh1QYwkHrjudK00tBGUY4nZS6saYSyBiGtGOpgJDqXjp1PMEnVhngIFL2CYOn6t+JFEKtk9C3nZlDPVeTwK17Ec3dSLM+CU8Lqt2TFf7b04lNcNlLmZCxoYLMTAUxxybCWVR4wBQlhieWAFHM/guTESggxgZasoF5i/Esk+ZZ1TuvXt2dV2rXeXRFdISO0Sny0AWqoVtURw1EkEDP6AW9Om/Ou/PhfM5aC04+c4jm4Hz9Aupao9s=</latexit>

f(x)

<latexit sha1_base64="ae4qMc7SaiN/R/zwdDa1j+x0134="></latexit>

g(y, ...)

<latexit sha1_base64="aNfvLSAU6NTvInIpNjq7ewwg0g4="></latexit>

z

<latexit sha1_base64="Q6GJjsrx8UIiz7UedZ268iFsUTc=">AAACFHicbVDLTgIxFO3gC/GFunTTSExckRlDou6IblxCIo8EJqRT7kBDp9O0HROY8AVu1a9xZ9y692eMBWYh4EmanJz7Oj2B5Ewb1/12chubW9s7+d3C3v7B4VHx+KSp40RRaNCYx6odEA2cCWgYZji0pQISBRxaweh+Vm89gdIsFo9mLMGPyECwkFFirFSf9Iolt+zOgdeJl5ESylDrFX+6/ZgmEQhDOdG647nS+ClRhlEO00I30SAJHZEBdCwVJALtp3OjU3xhlT4OY2WfMHiu/p1ISaT1OApsZ0TMUC/VJOHWtIiXbqSzPkkmK6rdMyv8t6eTmPDGT5mQiQFBF6bChGMT41lCuM8UUMPHlhCqmP0XpkOiCDU2x4INzFuNZ500r8pepXxbr5Sqd1l0eXSGztEl8tA1qqIHVEMNRBGgZ/SCXp035935cD4XrTknmzlFS3C+fgEtdZ+8</latexit>

MatrixVector
∂z
∂x

=
∂z
∂y

· ∂y
∂x

<latexit sha1_base64="W04JxOny/6C5wkDt3fbLlm4S+mw="></latexit>

CHAIN RULE

∂z
∂y

<latexit sha1_base64="gbleKtHwaiJq0FL3aPnIY3ZzgXg="></latexit>

I N T R O D U C T I O N



Realistic Image Synthesis SS2024

DIFFERENTIABLE RENDERING

x

<latexit sha1_base64="p3Q0vFESrwcpyRERWbDXTe+n/YE=">AAACHXicbVDLSgMxFL1TX7W+qi7dDBbBVZmRgrorunFZwT6wLSWTZtrQTBKSjFiH/oVb9WvciVvxZ8RMOwvbeiBwOPd1cgLJqDae9+3kVlbX1jfym4Wt7Z3dveL+QUOLWGFSx4IJ1QqQJoxyUjfUMNKSiqAoYKQZjK7TevOBKE0FvzNjSboRGnAaUoyMle47ETLDIEweJ71iySt7U7jLxM9ICTLUesWfTl/gOCLcYIa0bvueNN0EKUMxI5NCJ9ZEIjxCA9K2lKOI6G4ydTxxT6zSd0Oh7OPGnap/JxIUaT2OAtuZOtRzNYmYdc/F3I0k7ZPoaUG1e9LCf3vasQkvugnlMjaE45mpMGauEW4aldunimDDxpYgrKj9l4uHSCFsbKAFG5i/GM8yaZyV/Ur58rZSql5l0eXhCI7hFHw4hyrcQA3qgIHDM7zAq/PmvDsfzuesNedkM4cwB+frF+ipo9o=</latexit>

∂z/∂x

<latexit sha1_base64="SCU5O2XKSx9bb7JuyqgtVhr5Rr4="></latexit>

∂z
∂y

<latexit sha1_base64="gbleKtHwaiJq0FL3aPnIY3ZzgXg="></latexit>

I N T R O D U C T I O N



Realistic Image Synthesis SS2024

DIFFERENTIABLE RENDERING

x

<latexit sha1_base64="p3Q0vFESrwcpyRERWbDXTe+n/YE=">AAACHXicbVDLSgMxFL1TX7W+qi7dDBbBVZmRgrorunFZwT6wLSWTZtrQTBKSjFiH/oVb9WvciVvxZ8RMOwvbeiBwOPd1cgLJqDae9+3kVlbX1jfym4Wt7Z3dveL+QUOLWGFSx4IJ1QqQJoxyUjfUMNKSiqAoYKQZjK7TevOBKE0FvzNjSboRGnAaUoyMle47ETLDIEweJ71iySt7U7jLxM9ICTLUesWfTl/gOCLcYIa0bvueNN0EKUMxI5NCJ9ZEIjxCA9K2lKOI6G4ydTxxT6zSd0Oh7OPGnap/JxIUaT2OAtuZOtRzNYmYdc/F3I0k7ZPoaUG1e9LCf3vasQkvugnlMjaE45mpMGauEW4aldunimDDxpYgrKj9l4uHSCFsbKAFG5i/GM8yaZyV/Ur58rZSql5l0eXhCI7hFHw4hyrcQA3qgIHDM7zAq/PmvDsfzuesNedkM4cwB+frF+ipo9o=</latexit>

∂z/∂x

<latexit sha1_base64="SCU5O2XKSx9bb7JuyqgtVhr5Rr4="></latexit>

∂z
∂y

<latexit sha1_base64="gbleKtHwaiJq0FL3aPnIY3ZzgXg="></latexit>

I N T R O D U C T I O N



Realistic Image Synthesis SS2024

DIFFERENTIABLE RENDERING

x

<latexit sha1_base64="p3Q0vFESrwcpyRERWbDXTe+n/YE=">AAACHXicbVDLSgMxFL1TX7W+qi7dDBbBVZmRgrorunFZwT6wLSWTZtrQTBKSjFiH/oVb9WvciVvxZ8RMOwvbeiBwOPd1cgLJqDae9+3kVlbX1jfym4Wt7Z3dveL+QUOLWGFSx4IJ1QqQJoxyUjfUMNKSiqAoYKQZjK7TevOBKE0FvzNjSboRGnAaUoyMle47ETLDIEweJ71iySt7U7jLxM9ICTLUesWfTl/gOCLcYIa0bvueNN0EKUMxI5NCJ9ZEIjxCA9K2lKOI6G4ydTxxT6zSd0Oh7OPGnap/JxIUaT2OAtuZOtRzNYmYdc/F3I0k7ZPoaUG1e9LCf3vasQkvugnlMjaE45mpMGauEW4aldunimDDxpYgrKj9l4uHSCFsbKAFG5i/GM8yaZyV/Ur58rZSql5l0eXhCI7hFHw4hyrcQA3qgIHDM7zAq/PmvDsfzuesNedkM4cwB+frF+ipo9o=</latexit>

∂z/∂x

<latexit sha1_base64="SCU5O2XKSx9bb7JuyqgtVhr5Rr4="></latexit>

∂z
∂y

<latexit sha1_base64="gbleKtHwaiJq0FL3aPnIY3ZzgXg="></latexit>

I N T R O D U C T I O N



Realistic Image Synthesis SS2024

DIFFERENTIABLE RENDERING

x

<latexit sha1_base64="p3Q0vFESrwcpyRERWbDXTe+n/YE=">AAACHXicbVDLSgMxFL1TX7W+qi7dDBbBVZmRgrorunFZwT6wLSWTZtrQTBKSjFiH/oVb9WvciVvxZ8RMOwvbeiBwOPd1cgLJqDae9+3kVlbX1jfym4Wt7Z3dveL+QUOLWGFSx4IJ1QqQJoxyUjfUMNKSiqAoYKQZjK7TevOBKE0FvzNjSboRGnAaUoyMle47ETLDIEweJ71iySt7U7jLxM9ICTLUesWfTl/gOCLcYIa0bvueNN0EKUMxI5NCJ9ZEIjxCA9K2lKOI6G4ydTxxT6zSd0Oh7OPGnap/JxIUaT2OAtuZOtRzNYmYdc/F3I0k7ZPoaUG1e9LCf3vasQkvugnlMjaE45mpMGauEW4aldunimDDxpYgrKj9l4uHSCFsbKAFG5i/GM8yaZyV/Ur58rZSql5l0eXhCI7hFHw4hyrcQA3qgIHDM7zAq/PmvDsfzuesNedkM4cwB+frF+ipo9o=</latexit>

∂z/∂x

<latexit sha1_base64="SCU5O2XKSx9bb7JuyqgtVhr5Rr4="></latexit>

∂z
∂y

<latexit sha1_base64="gbleKtHwaiJq0FL3aPnIY3ZzgXg="></latexit>

I N T R O D U C T I O N



Realistic Image Synthesis SS2024

DIFFERENTIABLE RENDERING

x

<latexit sha1_base64="p3Q0vFESrwcpyRERWbDXTe+n/YE=">AAACHXicbVDLSgMxFL1TX7W+qi7dDBbBVZmRgrorunFZwT6wLSWTZtrQTBKSjFiH/oVb9WvciVvxZ8RMOwvbeiBwOPd1cgLJqDae9+3kVlbX1jfym4Wt7Z3dveL+QUOLWGFSx4IJ1QqQJoxyUjfUMNKSiqAoYKQZjK7TevOBKE0FvzNjSboRGnAaUoyMle47ETLDIEweJ71iySt7U7jLxM9ICTLUesWfTl/gOCLcYIa0bvueNN0EKUMxI5NCJ9ZEIjxCA9K2lKOI6G4ydTxxT6zSd0Oh7OPGnap/JxIUaT2OAtuZOtRzNYmYdc/F3I0k7ZPoaUG1e9LCf3vasQkvugnlMjaE45mpMGauEW4aldunimDDxpYgrKj9l4uHSCFsbKAFG5i/GM8yaZyV/Ur58rZSql5l0eXhCI7hFHw4hyrcQA3qgIHDM7zAq/PmvDsfzuesNedkM4cwB+frF+ipo9o=</latexit>

∂z/∂x

<latexit sha1_base64="SCU5O2XKSx9bb7JuyqgtVhr5Rr4="></latexit>

∂z
∂y

<latexit sha1_base64="gbleKtHwaiJq0FL3aPnIY3ZzgXg="></latexit>

∂z
∂x

=
∂z
∂y

· ∂y
∂x

<latexit sha1_base64="W04JxOny/6C5wkDt3fbLlm4S+mw="></latexit>

I N T R O D U C T I O N
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DIFFERENTIABLE RENDERING

x

<latexit sha1_base64="p3Q0vFESrwcpyRERWbDXTe+n/YE=">AAACHXicbVDLSgMxFL1TX7W+qi7dDBbBVZmRgrorunFZwT6wLSWTZtrQTBKSjFiH/oVb9WvciVvxZ8RMOwvbeiBwOPd1cgLJqDae9+3kVlbX1jfym4Wt7Z3dveL+QUOLWGFSx4IJ1QqQJoxyUjfUMNKSiqAoYKQZjK7TevOBKE0FvzNjSboRGnAaUoyMle47ETLDIEweJ71iySt7U7jLxM9ICTLUesWfTl/gOCLcYIa0bvueNN0EKUMxI5NCJ9ZEIjxCA9K2lKOI6G4ydTxxT6zSd0Oh7OPGnap/JxIUaT2OAtuZOtRzNYmYdc/F3I0k7ZPoaUG1e9LCf3vasQkvugnlMjaE45mpMGauEW4aldunimDDxpYgrKj9l4uHSCFsbKAFG5i/GM8yaZyV/Ur58rZSql5l0eXhCI7hFHw4hyrcQA3qgIHDM7zAq/PmvDsfzuesNedkM4cwB+frF+ipo9o=</latexit>

∂z/∂x

<latexit sha1_base64="SCU5O2XKSx9bb7JuyqgtVhr5Rr4="></latexit>

Challenges 
1. Differentiating f 
2. Matrix multiplication 
3. Efficiency? 
4. How to deal with edges?

∂z
∂y

<latexit sha1_base64="gbleKtHwaiJq0FL3aPnIY3ZzgXg="></latexit>

∂z
∂x

=
∂z
∂y

· ∂y
∂x

<latexit sha1_base64="W04JxOny/6C5wkDt3fbLlm4S+mw="></latexit>

I N T R O D U C T I O N
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HOW TO DO THIS (AT ALL?)

Use finite differences!

∂y
∂xi

=
f (x + # ei)� f (x � # ei)

2 #

<latexit sha1_base64="7T5QVlBd5yUDAeDsu0sAseJa5fo="></latexit>

I N T R O D U C T I O N



Realistic Image Synthesis SS2024

HOW TO DO THIS (AT ALL?)

Use finite differences!

∂y
∂xi

=
f (x + # ei)� f (x � # ei)

2 #

<latexit sha1_base64="7T5QVlBd5yUDAeDsu0sAseJa5fo="></latexit>

Potential problems:
- Bad approximation (big   ), rounding error (small   )#

<latexit sha1_base64="2jExYGRlefhe83VOdskJm6HoUKw=">AAACaXicbVHLSgMxFM2Mr1qf1Y3oZrAUXEiZkYK6K7pxqWC10JZyJ73ThmaSkGSEWvoZbvW7/AZ/wkytYqsXAodzz32dxIozY8Pw3fOXlldW1wrrxY3Nre2d3dLeg5GZptigkkvdjMEgZwIbllmOTaUR0pjjYzy8zvOPT6gNk+LejhR2UugLljAK1lGt9hNoVIZxKbq75bAaTiP4C6IZKJNZ3HZL3k27J2mWorCUgzGtKFS2MwZtGeU4KbYzgwroEPrYclBAiqYznu48CSqO6QWJ1O4JG0zZ3xVjSI0ZpbFTpmAHplj5nVTA3QFCThZLcu3pd+liMp9k5tlcr+B5oZFgFBMN9N/2PxvN3WeTi86YCZVZFPTrvCTjgZVBbnvQYxqp5SMHgGrmHAroANwI6z6n6LyPFp3+Cx7OqlGtenlXK9evZr9QIEfkmJyQiJyTOrkht6RBKJHkhbySN+/DL/kH/uGX1PdmNftkLvzyJ5x+vk8=</latexit>

#

<latexit sha1_base64="2jExYGRlefhe83VOdskJm6HoUKw=">AAACaXicbVHLSgMxFM2Mr1qf1Y3oZrAUXEiZkYK6K7pxqWC10JZyJ73ThmaSkGSEWvoZbvW7/AZ/wkytYqsXAodzz32dxIozY8Pw3fOXlldW1wrrxY3Nre2d3dLeg5GZptigkkvdjMEgZwIbllmOTaUR0pjjYzy8zvOPT6gNk+LejhR2UugLljAK1lGt9hNoVIZxKbq75bAaTiP4C6IZKJNZ3HZL3k27J2mWorCUgzGtKFS2MwZtGeU4KbYzgwroEPrYclBAiqYznu48CSqO6QWJ1O4JG0zZ3xVjSI0ZpbFTpmAHplj5nVTA3QFCThZLcu3pd+liMp9k5tlcr+B5oZFgFBMN9N/2PxvN3WeTi86YCZVZFPTrvCTjgZVBbnvQYxqp5SMHgGrmHAroANwI6z6n6LyPFp3+Cx7OqlGtenlXK9evZr9QIEfkmJyQiJyTOrkht6RBKJHkhbySN+/DL/kH/uGX1PdmNftkLvzyJ5x+vk8=</latexit>

[Wikipedia]
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HOW TO DO THIS (AT ALL?)

Use finite differences!

∂y
∂xi

=
f (x + # ei)� f (x � # ei)

2 #

<latexit sha1_base64="7T5QVlBd5yUDAeDsu0sAseJa5fo="></latexit>

Potential problems:
- Bad approximation (big   ), rounding error (small   )

- Need to correlate Monte Carlo samples 
#

<latexit sha1_base64="2jExYGRlefhe83VOdskJm6HoUKw=">AAACaXicbVHLSgMxFM2Mr1qf1Y3oZrAUXEiZkYK6K7pxqWC10JZyJ73ThmaSkGSEWvoZbvW7/AZ/wkytYqsXAodzz32dxIozY8Pw3fOXlldW1wrrxY3Nre2d3dLeg5GZptigkkvdjMEgZwIbllmOTaUR0pjjYzy8zvOPT6gNk+LejhR2UugLljAK1lGt9hNoVIZxKbq75bAaTiP4C6IZKJNZ3HZL3k27J2mWorCUgzGtKFS2MwZtGeU4KbYzgwroEPrYclBAiqYznu48CSqO6QWJ1O4JG0zZ3xVjSI0ZpbFTpmAHplj5nVTA3QFCThZLcu3pd+liMp9k5tlcr+B5oZFgFBMN9N/2PxvN3WeTi86YCZVZFPTrvCTjgZVBbnvQYxqp5SMHgGrmHAroANwI6z6n6LyPFp3+Cx7OqlGtenlXK9evZr9QIEfkmJyQiJyTOrkht6RBKJHkhbySN+/DL/kH/uGX1PdmNftkLvzyJ5x+vk8=</latexit>

#

<latexit sha1_base64="2jExYGRlefhe83VOdskJm6HoUKw=">AAACaXicbVHLSgMxFM2Mr1qf1Y3oZrAUXEiZkYK6K7pxqWC10JZyJ73ThmaSkGSEWvoZbvW7/AZ/wkytYqsXAodzz32dxIozY8Pw3fOXlldW1wrrxY3Nre2d3dLeg5GZptigkkvdjMEgZwIbllmOTaUR0pjjYzy8zvOPT6gNk+LejhR2UugLljAK1lGt9hNoVIZxKbq75bAaTiP4C6IZKJNZ3HZL3k27J2mWorCUgzGtKFS2MwZtGeU4KbYzgwroEPrYclBAiqYznu48CSqO6QWJ1O4JG0zZ3xVjSI0ZpbFTpmAHplj5nVTA3QFCThZLcu3pd+liMp9k5tlcr+B5oZFgFBMN9N/2PxvN3WeTi86YCZVZFPTrvCTjgZVBbnvQYxqp5SMHgGrmHAroANwI6z6n6LyPFp3+Cx7OqlGtenlXK9evZr9QIEfkmJyQiJyTOrkht6RBKJHkhbySN+/DL/kH/uGX1PdmNftkLvzyJ5x+vk8=</latexit>

[Wikipedia]
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HOW TO DO THIS (AT ALL?)

Use finite differences!

∂y
∂xi

=
f (x + # ei)� f (x � # ei)

2 #

<latexit sha1_base64="7T5QVlBd5yUDAeDsu0sAseJa5fo="></latexit>

Potential problems:
- Bad approximation (big   ), rounding error (small   )

- Need to correlate Monte Carlo samples 

- Extremely slow when many there are many parameters.

#

<latexit sha1_base64="2jExYGRlefhe83VOdskJm6HoUKw=">AAACaXicbVHLSgMxFM2Mr1qf1Y3oZrAUXEiZkYK6K7pxqWC10JZyJ73ThmaSkGSEWvoZbvW7/AZ/wkytYqsXAodzz32dxIozY8Pw3fOXlldW1wrrxY3Nre2d3dLeg5GZptigkkvdjMEgZwIbllmOTaUR0pjjYzy8zvOPT6gNk+LejhR2UugLljAK1lGt9hNoVIZxKbq75bAaTiP4C6IZKJNZ3HZL3k27J2mWorCUgzGtKFS2MwZtGeU4KbYzgwroEPrYclBAiqYznu48CSqO6QWJ1O4JG0zZ3xVjSI0ZpbFTpmAHplj5nVTA3QFCThZLcu3pd+liMp9k5tlcr+B5oZFgFBMN9N/2PxvN3WeTi86YCZVZFPTrvCTjgZVBbnvQYxqp5SMHgGrmHAroANwI6z6n6LyPFp3+Cx7OqlGtenlXK9evZr9QIEfkmJyQiJyTOrkht6RBKJHkhbySN+/DL/kH/uGX1PdmNftkLvzyJ5x+vk8=</latexit>

#

<latexit sha1_base64="2jExYGRlefhe83VOdskJm6HoUKw=">AAACaXicbVHLSgMxFM2Mr1qf1Y3oZrAUXEiZkYK6K7pxqWC10JZyJ73ThmaSkGSEWvoZbvW7/AZ/wkytYqsXAodzz32dxIozY8Pw3fOXlldW1wrrxY3Nre2d3dLeg5GZptigkkvdjMEgZwIbllmOTaUR0pjjYzy8zvOPT6gNk+LejhR2UugLljAK1lGt9hNoVIZxKbq75bAaTiP4C6IZKJNZ3HZL3k27J2mWorCUgzGtKFS2MwZtGeU4KbYzgwroEPrYclBAiqYznu48CSqO6QWJ1O4JG0zZ3xVjSI0ZpbFTpmAHplj5nVTA3QFCThZLcu3pd+liMp9k5tlcr+B5oZFgFBMN9N/2PxvN3WeTi86YCZVZFPTrvCTjgZVBbnvQYxqp5SMHgGrmHAroANwI6z6n6LyPFp3+Cx7OqlGtenlXK9evZr9QIEfkmJyQiJyTOrkht6RBKJHkhbySN+/DL/kH/uGX1PdmNftkLvzyJ5x+vk8=</latexit>

[Wikipedia]
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AUTOMATIC DIFFERENTIATION

∂

∂x
f (x)

<latexit sha1_base64="MubHxgVNIqrPn8/r1aDOP/iAPiQ=">AAACMHicbVDLSgMxFM34rPU16tJNsAh1U2akoO6KblxWsA/olJJJM21oJhOSjFiH+Q7/w71b/QVdiTvxK8y0g4/WC4Fzz7mXk3t8wajSjvNqLSwuLa+sFtaK6xubW9v2zm5TRbHEpIEjFsm2jxRhlJOGppqRtpAEhT4jLX90kemtGyIVjfi1HgvSDdGA04BipA3Vs10vkAgnnkBSU8TSbwS9EOmhHyS3aRqUf5qjnl1yKs6k4Dxwc1ACedV79ofXj3AcEq4xQ0p1XEfobpLZYEbSohcrIhAeoQHpGMhRSFQ3mZyWwkPD9GEQSfO4hhP290aCQqXGoW8msy+qWS0j/9UyRqC7aMZfB6fdhHIRa8Lx1D6IGdQRzNKDfSoJ1mxsAMKSmgsgHiKToDYZF0007mwQ86B5XHGrlbOraql2nodUAPvgAJSBC05ADVyCOmgADO7BI3gCz9aD9WK9We/T0QUr39kDf8r6/ALvravN</latexit>



Realistic Image Synthesis SS2024

AUTOMATIC DIFFERENTIATION

∂

∂x
f (x)

<latexit sha1_base64="MubHxgVNIqrPn8/r1aDOP/iAPiQ=">AAACMHicbVDLSgMxFM34rPU16tJNsAh1U2akoO6KblxWsA/olJJJM21oJhOSjFiH+Q7/w71b/QVdiTvxK8y0g4/WC4Fzz7mXk3t8wajSjvNqLSwuLa+sFtaK6xubW9v2zm5TRbHEpIEjFsm2jxRhlJOGppqRtpAEhT4jLX90kemtGyIVjfi1HgvSDdGA04BipA3Vs10vkAgnnkBSU8TSbwS9EOmhHyS3aRqUf5qjnl1yKs6k4Dxwc1ACedV79ofXj3AcEq4xQ0p1XEfobpLZYEbSohcrIhAeoQHpGMhRSFQ3mZyWwkPD9GEQSfO4hhP290aCQqXGoW8msy+qWS0j/9UyRqC7aMZfB6fdhHIRa8Lx1D6IGdQRzNKDfSoJ1mxsAMKSmgsgHiKToDYZF0007mwQ86B5XHGrlbOraql2nodUAPvgAJSBC05ADVyCOmgADO7BI3gCz9aD9WK9We/T0QUr39kDf8r6/ALvravN</latexit>

∂

∂x
f (x)

<latexit sha1_base64="MubHxgVNIqrPn8/r1aDOP/iAPiQ=">AAACMHicbVDLSgMxFM34rPU16tJNsAh1U2akoO6KblxWsA/olJJJM21oJhOSjFiH+Q7/w71b/QVdiTvxK8y0g4/WC4Fzz7mXk3t8wajSjvNqLSwuLa+sFtaK6xubW9v2zm5TRbHEpIEjFsm2jxRhlJOGppqRtpAEhT4jLX90kemtGyIVjfi1HgvSDdGA04BipA3Vs10vkAgnnkBSU8TSbwS9EOmhHyS3aRqUf5qjnl1yKs6k4Dxwc1ACedV79ofXj3AcEq4xQ0p1XEfobpLZYEbSohcrIhAeoQHpGMhRSFQ3mZyWwkPD9GEQSfO4hhP290aCQqXGoW8msy+qWS0j/9UyRqC7aMZfB6fdhHIRa8Lx1D6IGdQRzNKDfSoJ1mxsAMKSmgsgHiKToDYZF0007mwQ86B5XHGrlbOraql2nodUAPvgAJSBC05ADVyCOmgADO7BI3gCz9aD9WK9We/T0QUr39kDf8r6/ALvravN</latexit>

AD



Realistic Image Synthesis SS2024

ISSUES WITH AUTOMATIC DIFFERENTIATION (AD)

'color.0' [s]
#4 [E/I: 1/18]

'color.1' [s]
#5 [E/I: 1/18]

'color.2' [s]
#6 [E/I: 1/18]

mul [s]
#7 [E/I: 0/1]

mul [s]
#8 [E/I: 0/1]

mul [s]
#9 [E/I: 0/1]

mul
#10 [E/I: 0/1]

mul
#11 [E/I: 0/1]

mul
#12 [E/I: 0/1]

select
#13 [E/I: 0/1]

select
#14 [E/I: 0/1]

select
#15 [E/I: 0/1]

scatter
#16 [E/I: 0/1]

scatter
#17 [E/I: 0/1]

scatter
#18 [E/I: 0/1]

mul
#19 [E/I: 0/1]

mul
#20 [E/I: 0/1]

mul
#21 [E/I: 0/1]

mul
#22 [E/I: 0/1]

mul
#23 [E/I: 0/1]

mul
#24 [E/I: 0/1]

add
#25 [E/I: 0/1]

add
#26 [E/I: 0/1]

add
#27 [E/I: 0/1]

select
#28 [E/I: 0/2]

select
#29 [E/I: 0/2]

select
#30 [E/I: 0/2]

select
#31 [E/I: 0/1]

select
#32 [E/I: 0/1]

select
#33 [E/I: 0/1]

scatter
#34 [E/I: 0/1]

scatter
#35 [E/I: 0/1]

scatter
#36 [E/I: 0/1]

mul
#37 [E/I: 0/3]

mul
#38 [E/I: 0/3]

mul
#39 [E/I: 0/3]

mul
#40 [E/I: 0/1]

mul
#41 [E/I: 0/1]

mul
#42 [E/I: 0/1]

mul
#43 [E/I: 0/1]

mul
#44 [E/I: 0/1]

mul
#45 [E/I: 0/1]

add
#46 [E/I: 0/1]

add
#47 [E/I: 0/1]

add
#48 [E/I: 0/1]

select
#49 [E/I: 0/2]

select
#50 [E/I: 0/2]

select
#51 [E/I: 0/2]

mul [s]
#52 [E/I: 0/1]

mul [s]
#53 [E/I: 0/1]

mul [s]
#54 [E/I: 0/1]

mul
#55 [E/I: 0/1]

mul
#56 [E/I: 0/1]

mul
#57 [E/I: 0/1]

select
#58 [E/I: 0/1]

select
#59 [E/I: 0/1]

select
#60 [E/I: 0/1]

scatter
#61 [E/I: 0/1]

scatter
#62 [E/I: 0/1]

scatter
#63 [E/I: 0/1]

mul
#64 [E/I: 0/1]

mul
#65 [E/I: 0/1]

mul
#66 [E/I: 0/1]

mul
#67 [E/I: 0/1]

mul
#68 [E/I: 0/1]

mul
#69 [E/I: 0/1]

mul
#70 [E/I: 0/1]

mul
#71 [E/I: 0/1]

mul
#72 [E/I: 0/1]

add
#73 [E/I: 0/1]

add
#74 [E/I: 0/1]

add
#75 [E/I: 0/1]

select
#76 [E/I: 0/2]

select
#77 [E/I: 0/2]

select
#78 [E/I: 0/2]

select
#79 [E/I: 0/1]

select
#80 [E/I: 0/1]

select
#81 [E/I: 0/1]

scatter
#82 [E/I: 0/1]

scatter
#83 [E/I: 0/1]

scatter
#84 [E/I: 0/1]

mul
#85 [E/I: 0/3]

mul
#86 [E/I: 0/3]

mul
#87 [E/I: 0/3]

mul
#88 [E/I: 0/1]

mul
#89 [E/I: 0/1]

mul
#90 [E/I: 0/1]

mul
#91 [E/I: 0/1]

mul
#92 [E/I: 0/1]

mul
#93 [E/I: 0/1]

add
#94 [E/I: 0/1]

add
#95 [E/I: 0/1]

add
#96 [E/I: 0/1]

select
#97 [E/I: 0/2]

select
#98 [E/I: 0/2]

select
#99 [E/I: 0/2]

mul [s]
#100 [E/I: 0/1]

mul [s]
#101 [E/I: 0/1]

mul [s]
#102 [E/I: 0/1]

mul
#103 [E/I: 0/1]

mul
#104 [E/I: 0/1]

mul
#105 [E/I: 0/1]

select
#106 [E/I: 0/1]

select
#107 [E/I: 0/1]

select
#108 [E/I: 0/1]

scatter
#109 [E/I: 0/1]

scatter
#110 [E/I: 0/1]

scatter
#111 [E/I: 0/1]

mul
#112 [E/I: 0/1]

mul
#113 [E/I: 0/1]

mul
#114 [E/I: 0/1]

mul
#115 [E/I: 0/1]

mul
#116 [E/I: 0/1]

mul
#117 [E/I: 0/1]

mul
#118 [E/I: 0/1]

mul
#119 [E/I: 0/1]

mul
#120 [E/I: 0/1]

add
#121 [E/I: 0/1]

add
#122 [E/I: 0/1]

add
#123 [E/I: 0/1]

select
#124 [E/I: 0/2]

select
#125 [E/I: 0/2]

select
#126 [E/I: 0/2]

select
#127 [E/I: 0/1]

select
#128 [E/I: 0/1]

select
#129 [E/I: 0/1]

scatter
#130 [E/I: 0/1]

scatter
#131 [E/I: 0/1]

scatter
#132 [E/I: 0/1]

mul
#133 [E/I: 0/3]

mul
#134 [E/I: 0/3]

mul
#135 [E/I: 0/3]

mul
#136 [E/I: 0/1]

mul
#137 [E/I: 0/1]

mul
#138 [E/I: 0/1]

mul
#139 [E/I: 0/1]

mul
#140 [E/I: 0/1]

mul
#141 [E/I: 0/1]

add
#142 [E/I: 0/1]

add
#143 [E/I: 0/1]

add
#144 [E/I: 0/1]

select
#145 [E/I: 0/2]

select
#146 [E/I: 0/2]

select
#147 [E/I: 0/2]

mul [s]
#148 [E/I: 0/1]

mul [s]
#149 [E/I: 0/1]

mul [s]
#150 [E/I: 0/1]

mul
#151 [E/I: 0/1]

mul
#152 [E/I: 0/1]

mul
#153 [E/I: 0/1]

select
#154 [E/I: 0/1]

select
#155 [E/I: 0/1]

select
#156 [E/I: 0/1]

scatter
#157 [E/I: 0/1]

scatter
#158 [E/I: 0/1]

scatter
#159 [E/I: 0/1]

mul
#160 [E/I: 0/1]

mul
#161 [E/I: 0/1]

mul
#162 [E/I: 0/1]

mul
#163 [E/I: 0/1]

mul
#164 [E/I: 0/1]

mul
#165 [E/I: 0/1]

mul
#166 [E/I: 0/1]

mul
#167 [E/I: 0/1]

mul
#168 [E/I: 0/1]

add
#169 [E/I: 0/1]

add
#170 [E/I: 0/1]

add
#171 [E/I: 0/1]

select
#172 [E/I: 0/2]

select
#173 [E/I: 0/2]

select
#174 [E/I: 0/2]

select
#175 [E/I: 0/1]

select
#176 [E/I: 0/1]

select
#177 [E/I: 0/1]

scatter
#178 [E/I: 0/1]

scatter
#179 [E/I: 0/1]

scatter
#180 [E/I: 0/1]

mul
#181 [E/I: 0/3]

mul
#182 [E/I: 0/3]

mul
#183 [E/I: 0/3]

mul
#184 [E/I: 0/1]

mul
#185 [E/I: 0/1]

mul
#186 [E/I: 0/1]

mul
#187 [E/I: 0/1]

mul
#188 [E/I: 0/1]

mul
#189 [E/I: 0/1]

add
#190 [E/I: 0/1]

add
#191 [E/I: 0/1]

add
#192 [E/I: 0/1]

select
#193 [E/I: 0/2]

select
#194 [E/I: 0/2]

select
#195 [E/I: 0/2]

mul [s]
#196 [E/I: 0/1]

mul [s]
#197 [E/I: 0/1]

mul [s]
#198 [E/I: 0/1]

mul
#199 [E/I: 0/1]

mul
#200 [E/I: 0/1]

mul
#201 [E/I: 0/1]

select
#202 [E/I: 0/1]

select
#203 [E/I: 0/1]

select
#204 [E/I: 0/1]

scatter
#205 [E/I: 0/1]

scatter
#206 [E/I: 0/1]

scatter
#207 [E/I: 0/1]

mul
#208 [E/I: 0/1]

mul
#209 [E/I: 0/1]

mul
#210 [E/I: 0/1]

mul
#211 [E/I: 0/1]

mul
#212 [E/I: 0/1]

mul
#213 [E/I: 0/1]

mul
#214 [E/I: 0/1]

mul
#215 [E/I: 0/1]

mul
#216 [E/I: 0/1]

add
#217 [E/I: 0/1]

add
#218 [E/I: 0/1]

add
#219 [E/I: 0/1]

select
#220 [E/I: 0/2]

select
#221 [E/I: 0/2]

select
#222 [E/I: 0/2]

select
#223 [E/I: 0/1]

select
#224 [E/I: 0/1]

select
#225 [E/I: 0/1]

scatter
#226 [E/I: 0/1]

scatter
#227 [E/I: 0/1]

scatter
#228 [E/I: 0/1]

mul
#229 [E/I: 0/3]

mul
#230 [E/I: 0/3]

mul
#231 [E/I: 0/3]

mul
#232 [E/I: 0/1]

mul
#233 [E/I: 0/1]

mul
#234 [E/I: 0/1]

mul
#235 [E/I: 0/1]

mul
#236 [E/I: 0/1]

mul
#237 [E/I: 0/1]

add
#238 [E/I: 0/1]

add
#239 [E/I: 0/1]

add
#240 [E/I: 0/1]

select
#241 [E/I: 0/2]

select
#242 [E/I: 0/2]

select
#243 [E/I: 0/2]

max
#244 [E/I: 0/1]

max
#245 [E/I: 0/1]

mul
#246 [E/I: 0/1]

min
#247 [E/I: 0/1]

rcp
#248 [E/I: 0/3]

mul
#249 [E/I: 0/2]

mul
#250 [E/I: 0/2]

mul
#251 [E/I: 0/2]

mul [s]
#252 [E/I: 0/1]

mul [s]
#253 [E/I: 0/1]

mul [s]
#254 [E/I: 0/1]

mul
#255 [E/I: 0/1]

mul
#256 [E/I: 0/1]

mul
#257 [E/I: 0/1]

select
#258 [E/I: 0/1]

select
#259 [E/I: 0/1]

select
#260 [E/I: 0/1]

scatter
#261 [E/I: 0/1]

scatter
#262 [E/I: 0/1]

scatter
#263 [E/I: 0/1]

mul
#264 [E/I: 0/1]

mul
#265 [E/I: 0/1]

mul
#266 [E/I: 0/1]

mul
#267 [E/I: 0/1]

mul
#268 [E/I: 0/1]

mul
#269 [E/I: 0/1]

mul
#270 [E/I: 0/1]

mul
#271 [E/I: 0/1]

mul
#272 [E/I: 0/1]

add
#273 [E/I: 0/1]

add
#274 [E/I: 0/1]

add
#275 [E/I: 0/1]

select
#276 [E/I: 0/2]

select
#277 [E/I: 0/2]

select
#278 [E/I: 0/2]

select
#279 [E/I: 0/1]

select
#280 [E/I: 0/1]

select
#281 [E/I: 0/1]

scatter
#282 [E/I: 0/1]

scatter
#283 [E/I: 0/1]

scatter
#284 [E/I: 0/1]

mul
#285 [E/I: 0/3]

mul
#286 [E/I: 0/3]

mul
#287 [E/I: 0/3]

mul
#288 [E/I: 0/1]

mul
#289 [E/I: 0/1]

mul
#290 [E/I: 0/1]

mul
#291 [E/I: 0/1]

mul
#292 [E/I: 0/1]

mul
#293 [E/I: 0/1]

add
#294 [E/I: 0/1]

add
#295 [E/I: 0/1]

add
#296 [E/I: 0/1]

select
#297 [E/I: 0/2]

select
#298 [E/I: 0/2]

select
#299 [E/I: 0/2]

max
#300 [E/I: 0/1]

max
#301 [E/I: 0/1]

mul
#302 [E/I: 0/1]

min
#303 [E/I: 0/1]

rcp
#304 [E/I: 0/3]

mul
#305 [E/I: 0/2]

mul
#306 [E/I: 0/2]

mul
#307 [E/I: 0/2]

mul [s]
#308 [E/I: 0/1]

mul [s]
#309 [E/I: 0/1]

mul [s]
#310 [E/I: 0/1]

mul
#311 [E/I: 0/1]

mul
#312 [E/I: 0/1]

mul
#313 [E/I: 0/1]

select
#314 [E/I: 0/1]

select
#315 [E/I: 0/1]

select
#316 [E/I: 0/1]

scatter
#317 [E/I: 0/1]

scatter
#318 [E/I: 0/1]

scatter
#319 [E/I: 0/1]

mul
#320 [E/I: 0/1]

mul
#321 [E/I: 0/1]

mul
#322 [E/I: 0/1]

mul
#323 [E/I: 0/1]

mul
#324 [E/I: 0/1]

mul
#325 [E/I: 0/1]

mul
#326 [E/I: 0/1]

mul
#327 [E/I: 0/1]

mul
#328 [E/I: 0/1]

add
#329 [E/I: 0/1]

add
#330 [E/I: 0/1]

add
#331 [E/I: 0/1]

select
#332 [E/I: 0/2]

select
#333 [E/I: 0/2]

select
#334 [E/I: 0/2]

select
#335 [E/I: 0/1]

select
#336 [E/I: 0/1]

select
#337 [E/I: 0/1]

scatter
#338 [E/I: 0/1]

scatter
#339 [E/I: 0/1]

scatter
#340 [E/I: 0/1]

mul
#341 [E/I: 0/3]

mul
#342 [E/I: 0/3]

mul
#343 [E/I: 0/3]

mul
#344 [E/I: 0/1]

mul
#345 [E/I: 0/1]

mul
#346 [E/I: 0/1]

mul
#347 [E/I: 0/1]

mul
#348 [E/I: 0/1]

mul
#349 [E/I: 0/1]

add
#350 [E/I: 0/1]

add
#351 [E/I: 0/1]

add
#352 [E/I: 0/1]

select
#353 [E/I: 0/2]

select
#354 [E/I: 0/2]

select
#355 [E/I: 0/2]

max
#356 [E/I: 0/1]

max
#357 [E/I: 0/1]

mul
#358 [E/I: 0/1]

min
#359 [E/I: 0/1]

rcp
#360 [E/I: 0/3]

mul
#361 [E/I: 0/2]

mul
#362 [E/I: 0/2]

mul
#363 [E/I: 0/2]

mul [s]
#364 [E/I: 0/1]

mul [s]
#365 [E/I: 0/1]

mul [s]
#366 [E/I: 0/1]

mul
#367 [E/I: 0/1]

mul
#368 [E/I: 0/1]

mul
#369 [E/I: 0/1]

select
#370 [E/I: 0/1]

select
#371 [E/I: 0/1]

select
#372 [E/I: 0/1]

scatter
#373 [E/I: 0/1]

scatter
#374 [E/I: 0/1]

scatter
#375 [E/I: 0/1]

mul
#376 [E/I: 0/1]

mul
#377 [E/I: 0/1]

mul
#378 [E/I: 0/1]

mul
#379 [E/I: 0/1]

mul
#380 [E/I: 0/1]

mul
#381 [E/I: 0/1]

mul
#382 [E/I: 0/1]

mul
#383 [E/I: 0/1]

mul
#384 [E/I: 0/1]

add
#385 [E/I: 0/1]

add
#386 [E/I: 0/1]

add
#387 [E/I: 0/1]

select
#388 [E/I: 0/2]

select
#389 [E/I: 0/2]

select
#390 [E/I: 0/2]

select
#391 [E/I: 0/1]

select
#392 [E/I: 0/1]

select
#393 [E/I: 0/1]

scatter
#394 [E/I: 0/1]

scatter
#395 [E/I: 0/1]

scatter
#396 [E/I: 0/1]

mul
#397 [E/I: 0/3]

mul
#398 [E/I: 0/3]

mul
#399 [E/I: 0/3]

mul
#400 [E/I: 0/1]

mul
#401 [E/I: 0/1]

mul
#402 [E/I: 0/1]

mul
#403 [E/I: 0/1]

mul
#404 [E/I: 0/1]

mul
#405 [E/I: 0/1]

add
#406 [E/I: 0/1]

add
#407 [E/I: 0/1]

add
#408 [E/I: 0/1]

select
#409 [E/I: 0/2]

select
#410 [E/I: 0/2]

select
#411 [E/I: 0/2]

max
#412 [E/I: 0/1]

max
#413 [E/I: 0/1]

mul
#414 [E/I: 0/1]

min
#415 [E/I: 0/1]

rcp
#416 [E/I: 0/3]

mul
#417 [E/I: 0/2]

mul
#418 [E/I: 0/2]

mul
#419 [E/I: 0/2]

mul [s]
#420 [E/I: 0/1]

mul [s]
#421 [E/I: 0/1]

mul [s]
#422 [E/I: 0/1]

mul
#423 [E/I: 0/1]

mul
#424 [E/I: 0/1]

mul
#425 [E/I: 0/1]

select
#426 [E/I: 0/1]

select
#427 [E/I: 0/1]

select
#428 [E/I: 0/1]

scatter
#429 [E/I: 0/1]

scatter
#430 [E/I: 0/1]

scatter
#431 [E/I: 0/1]

mul
#432 [E/I: 0/1]

mul
#433 [E/I: 0/1]

mul
#434 [E/I: 0/1]

mul
#435 [E/I: 0/1]

mul
#436 [E/I: 0/1]

mul
#437 [E/I: 0/1]

mul
#438 [E/I: 0/1]

mul
#439 [E/I: 0/1]

mul
#440 [E/I: 0/1]

add
#441 [E/I: 0/1]

add
#442 [E/I: 0/1]

add
#443 [E/I: 0/1]

select
#444 [E/I: 0/2]

select
#445 [E/I: 0/2]

select
#446 [E/I: 0/2]

select
#447 [E/I: 0/1]

select
#448 [E/I: 0/1]

select
#449 [E/I: 0/1]

scatter
#450 [E/I: 0/1]

scatter
#451 [E/I: 0/1]

scatter
#452 [E/I: 0/1]

mul
#453 [E/I: 0/1]

mul
#454 [E/I: 0/1]

mul
#455 [E/I: 0/1]

mul
#456 [E/I: 0/1]

mul
#457 [E/I: 0/1]

mul
#458 [E/I: 0/1]

mul
#459 [E/I: 0/1]

mul
#460 [E/I: 0/1]

mul
#461 [E/I: 0/1]

add
#462 [E/I: 0/1]

add
#463 [E/I: 0/1]

add
#464 [E/I: 0/1]

select
#465 [E/I: 0/1]

select
#466 [E/I: 0/1]

select
#467 [E/I: 0/1]

mul
#476 [E/I: 0/16]

mul
#477 [E/I: 0/16]

mul
#478 [E/I: 0/16]

mul
#479 [E/I: 0/1]

scatter_add
#480 [E/I: 0/1]

mul
#481 [E/I: 0/1]

scatter_add
#482 [E/I: 0/1]

scatter_combine
#483 [E/I: 0/1]

mul
#484 [E/I: 0/1]

scatter_add
#485 [E/I: 0/1]

scatter_combine
#486 [E/I: 0/1]

mul
#487 [E/I: 0/1]scatter_add

#488 [E/I: 0/1]scatter_combine
#489 [E/I: 0/1]

mul
#490 [E/I: 0/1]scatter_add

#491 [E/I: 0/1]

scatter_combine
#492 [E/I: 0/1]

mul
#493 [E/I: 0/1]

scatter_add
#494 [E/I: 0/1]

scatter_combine
#495 [E/I: 0/1]

mul
#496 [E/I: 0/1]scatter_add

#497 [E/I: 0/1]
scatter_combine
#498 [E/I: 0/1]

mul
#499 [E/I: 0/1]scatter_add

#500 [E/I: 0/1]

scatter_combine
#501 [E/I: 0/1]

mul
#502 [E/I: 0/1]

scatter_add
#503 [E/I: 0/1]

scatter_combine
#504 [E/I: 0/1]

mul
#505 [E/I: 0/1]scatter_add

#506 [E/I: 0/1]

scatter_combine
#507 [E/I: 0/1]

mul
#508 [E/I: 0/1]

scatter_add
#509 [E/I: 0/1]

scatter_combine
#510 [E/I: 0/1]

mul
#511 [E/I: 0/1]

scatter_add
#512 [E/I: 0/1]

scatter_combine
#513 [E/I: 0/1]

mul
#514 [E/I: 0/1]

scatter_add
#515 [E/I: 0/1]

scatter_combine
#516 [E/I: 0/1]

mul
#517 [E/I: 0/1]

scatter_add
#518 [E/I: 0/1]

scatter_combine
#519 [E/I: 0/1]

mul
#520 [E/I: 0/1]

scatter_add
#521 [E/I: 0/1]

scatter_combine
#522 [E/I: 0/1]

mul
#523 [E/I: 0/1]

scatter_add
#524 [E/I: 0/1]

scatter_combine
#525 [E/I: 0/1]

mul
#526 [E/I: 0/1]scatter_add

#527 [E/I: 0/1]

scatter_combine
#528 [E/I: 0/1]

mul
#529 [E/I: 0/1]

scatter_add
#530 [E/I: 0/1]

scatter_combine
#531 [E/I: 0/1]

mul
#532 [E/I: 0/1]

scatter_add
#533 [E/I: 0/1]

scatter_combine
#534 [E/I: 0/1]

mul
#535 [E/I: 0/1]scatter_add

#536 [E/I: 0/1]

scatter_combine
#537 [E/I: 0/1]

mul
#538 [E/I: 0/1]

scatter_add
#539 [E/I: 0/1]

scatter_combine
#540 [E/I: 0/1]

mul
#541 [E/I: 0/1]scatter_add

#542 [E/I: 0/1]
scatter_combine
#543 [E/I: 0/1]

mul
#544 [E/I: 0/1]scatter_add

#545 [E/I: 0/1]

scatter_combine
#546 [E/I: 0/1]

mul
#547 [E/I: 0/1]

scatter_add
#548 [E/I: 0/1]

scatter_combine
#549 [E/I: 0/1]

mul
#550 [E/I: 0/1]

scatter_add
#551 [E/I: 0/1]

scatter_combine
#552 [E/I: 0/1]

mul
#553 [E/I: 0/1]

scatter_add
#554 [E/I: 0/1]

scatter_combine
#555 [E/I: 0/1]

mul
#556 [E/I: 0/1]

scatter_add
#557 [E/I: 0/1]

scatter_combine
#558 [E/I: 0/1]

mul
#559 [E/I: 0/1]

scatter_add
#560 [E/I: 0/1]

scatter_combine
#561 [E/I: 0/1]

mul
#562 [E/I: 0/1]

scatter_add
#563 [E/I: 0/1]

scatter_combine
#564 [E/I: 0/1]

mul
#565 [E/I: 0/1]

scatter_add
#566 [E/I: 0/1]

scatter_combine
#567 [E/I: 0/1]

mul
#568 [E/I: 0/1]

scatter_add
#569 [E/I: 0/1]

scatter_combine
#570 [E/I: 0/1]

mul
#571 [E/I: 0/1]

scatter_add
#572 [E/I: 0/1]

scatter_combine
#573 [E/I: 0/1]

mul
#574 [E/I: 0/1]

scatter_add
#575 [E/I: 0/1]

scatter_combine
#576 [E/I: 0/1]

mul
#577 [E/I: 0/1]scatter_add

#578 [E/I: 0/1]
scatter_combine
#579 [E/I: 0/1]

mul
#580 [E/I: 0/1]scatter_add

#581 [E/I: 0/1]

scatter_combine
#582 [E/I: 0/1]

mul
#583 [E/I: 0/1]

scatter_add
#584 [E/I: 0/1]

scatter_combine
#585 [E/I: 0/1]

mul
#586 [E/I: 0/1]scatter_add

#587 [E/I: 0/1]
scatter_combine
#588 [E/I: 0/1]

mul
#589 [E/I: 0/1]scatter_add

#590 [E/I: 0/1]

scatter_combine
#591 [E/I: 0/1]

mul
#592 [E/I: 0/1]

scatter_add
#593 [E/I: 0/1]

scatter_combine
#594 [E/I: 0/1]

mul
#595 [E/I: 0/1]

scatter_add
#596 [E/I: 0/1]

scatter_combine
#597 [E/I: 0/1]

mul
#598 [E/I: 0/1]scatter_add

#599 [E/I: 0/1]

scatter_combine
#600 [E/I: 0/1]

mul
#601 [E/I: 0/1]

scatter_add
#602 [E/I: 0/1]

scatter_combine
#603 [E/I: 0/1]

mul
#604 [E/I: 0/1]

scatter_add
#605 [E/I: 0/1]

scatter_combine
#606 [E/I: 0/1]

mul
#607 [E/I: 0/1]scatter_add

#608 [E/I: 0/1]

scatter_combine
#609 [E/I: 0/1]

mul
#610 [E/I: 0/1]

scatter_add
#611 [E/I: 0/1]

scatter_combine
#612 [E/I: 0/1]

mul
#613 [E/I: 0/1]

scatter_add
#614 [E/I: 0/1]

scatter_combine
#615 [E/I: 0/1]

mul
#616 [E/I: 0/1]

scatter_add
#617 [E/I: 0/1]

scatter_combine
#618 [E/I: 0/1]

mul
#619 [E/I: 0/1]

scatter_add
#620 [E/I: 0/1]

scatter_combine
#621 [E/I: 0/2]

gather
#622 [E/I: 0/1]

gather
#623 [E/I: 0/1]

add
#624 [E/I: 0/1]

'render'
#625 [E/I: 1/1]

sub
#626 [E/I: 0/1]

mul
#627 [E/I: 0/1]

hsum [s]
#628 [E/I: 0/1]

'objective' [s]
#629 [E/I: 1/0]

I N T R O D U C T I O N



Realistic Image Synthesis SS2024

ISSUES WITH AUTOMATIC DIFFERENTIATION (AD)

'color.0' [s]
#4 [E/I: 1/18]

'color.1' [s]
#5 [E/I: 1/18]

'color.2' [s]
#6 [E/I: 1/18]

mul [s]
#7 [E/I: 0/1]

mul [s]
#8 [E/I: 0/1]

mul [s]
#9 [E/I: 0/1]

mul
#10 [E/I: 0/1]

mul
#11 [E/I: 0/1]

mul
#12 [E/I: 0/1]

select
#13 [E/I: 0/1]

select
#14 [E/I: 0/1]

select
#15 [E/I: 0/1]

scatter
#16 [E/I: 0/1]

scatter
#17 [E/I: 0/1]

scatter
#18 [E/I: 0/1]

mul
#19 [E/I: 0/1]

mul
#20 [E/I: 0/1]

mul
#21 [E/I: 0/1]

mul
#22 [E/I: 0/1]

mul
#23 [E/I: 0/1]

mul
#24 [E/I: 0/1]

add
#25 [E/I: 0/1]

add
#26 [E/I: 0/1]

add
#27 [E/I: 0/1]

select
#28 [E/I: 0/2]

select
#29 [E/I: 0/2]

select
#30 [E/I: 0/2]

select
#31 [E/I: 0/1]

select
#32 [E/I: 0/1]

select
#33 [E/I: 0/1]

scatter
#34 [E/I: 0/1]

scatter
#35 [E/I: 0/1]

scatter
#36 [E/I: 0/1]

mul
#37 [E/I: 0/3]

mul
#38 [E/I: 0/3]

mul
#39 [E/I: 0/3]

mul
#40 [E/I: 0/1]

mul
#41 [E/I: 0/1]

mul
#42 [E/I: 0/1]

mul
#43 [E/I: 0/1]

mul
#44 [E/I: 0/1]

mul
#45 [E/I: 0/1]

add
#46 [E/I: 0/1]

add
#47 [E/I: 0/1]

add
#48 [E/I: 0/1]

select
#49 [E/I: 0/2]
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scatter_add
#566 [E/I: 0/1]

scatter_combine
#567 [E/I: 0/1]

mul
#568 [E/I: 0/1]

scatter_add
#569 [E/I: 0/1]

scatter_combine
#570 [E/I: 0/1]

mul
#571 [E/I: 0/1]

scatter_add
#572 [E/I: 0/1]

scatter_combine
#573 [E/I: 0/1]

mul
#574 [E/I: 0/1]

scatter_add
#575 [E/I: 0/1]

scatter_combine
#576 [E/I: 0/1]

mul
#577 [E/I: 0/1]scatter_add

#578 [E/I: 0/1]
scatter_combine
#579 [E/I: 0/1]

mul
#580 [E/I: 0/1]scatter_add

#581 [E/I: 0/1]

scatter_combine
#582 [E/I: 0/1]

mul
#583 [E/I: 0/1]

scatter_add
#584 [E/I: 0/1]

scatter_combine
#585 [E/I: 0/1]

mul
#586 [E/I: 0/1]scatter_add

#587 [E/I: 0/1]
scatter_combine
#588 [E/I: 0/1]

mul
#589 [E/I: 0/1]scatter_add

#590 [E/I: 0/1]

scatter_combine
#591 [E/I: 0/1]

mul
#592 [E/I: 0/1]

scatter_add
#593 [E/I: 0/1]

scatter_combine
#594 [E/I: 0/1]

mul
#595 [E/I: 0/1]

scatter_add
#596 [E/I: 0/1]

scatter_combine
#597 [E/I: 0/1]

mul
#598 [E/I: 0/1]scatter_add

#599 [E/I: 0/1]

scatter_combine
#600 [E/I: 0/1]

mul
#601 [E/I: 0/1]

scatter_add
#602 [E/I: 0/1]

scatter_combine
#603 [E/I: 0/1]

mul
#604 [E/I: 0/1]

scatter_add
#605 [E/I: 0/1]

scatter_combine
#606 [E/I: 0/1]

mul
#607 [E/I: 0/1]scatter_add

#608 [E/I: 0/1]

scatter_combine
#609 [E/I: 0/1]

mul
#610 [E/I: 0/1]

scatter_add
#611 [E/I: 0/1]

scatter_combine
#612 [E/I: 0/1]

mul
#613 [E/I: 0/1]

scatter_add
#614 [E/I: 0/1]

scatter_combine
#615 [E/I: 0/1]

mul
#616 [E/I: 0/1]

scatter_add
#617 [E/I: 0/1]

scatter_combine
#618 [E/I: 0/1]

mul
#619 [E/I: 0/1]

scatter_add
#620 [E/I: 0/1]

scatter_combine
#621 [E/I: 0/2]

gather
#622 [E/I: 0/1]

gather
#623 [E/I: 0/1]

add
#624 [E/I: 0/1]

'render'
#625 [E/I: 1/1]

sub
#626 [E/I: 0/1]

mul
#627 [E/I: 0/1]

hsum [s]
#628 [E/I: 0/1]

'objective' [s]
#629 [E/I: 1/0]

I N T R O D U C T I O N
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• Precautions must be taken to ensure correctness 
– Symbolically differentiating a Monte Carlo estimator path tracer does not always work!
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• Precautions must be taken to ensure correctness 
– Symbolically differentiating a Monte Carlo estimator path tracer does not always work!

• Example 1: Distributional parameters

WHY IS DIFFERENTIABLE RENDERING DIFFICULT

I N T R O D U C T I O N

Estimate  (with  given) 

(Single-sample) Monte Carlo estimator: 

• Draw  

•  

•     # This is the pdf of  

• Return 

∫
∞

0
f(λ, x) dx λ

x ∼ Exp[λ]
f ← f(λ, x)
p ← λe−λx Exp[λ]

f/p
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• Precautions must be taken to ensure correctness 
– Symbolically differentiating a Monte Carlo estimator path tracer does not always work!

• Example 1: Distributional parameters
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• Precautions must be taken to ensure correctness 
– Symbolically differentiating a Monte Carlo estimator path tracer does not always work! 

• Example 1: Distributional parameters, with ξ = e−λx
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Estimate  

(Single-sample) Monte Carlo estimator: 

• Draw  

•     #  

•  

•     #  

• Return 

∫
∞

0
f(λ, x) dx = ∫

1

0

f(λ, x)
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dξ

ξ ∼ U[0,1)
x ← − log(ξ)/λ x ∼ Exp(λ)

f ← f(λ, x)
p ← λe−λx p = λξ

f/p
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• Precautions must be taken to ensure correctness 
– Symbolically differentiating a Monte Carlo estimator path tracer does not always work! 

• Example 1: Distributional parameters

WHY IS DIFFERENTIABLE RENDERING DIFFICULT
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 is NOT differentiatedp

 has zero gradientx
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(Single-sample) Monte Carlo estimator: 

• Draw  

•  

•  

• Return 

d
dλ ∫

∞

0
f(λ, x) dx = ∫
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• Precautions must be taken to ensure correctness 
– Symbolically differentiating a Monte Carlo estimator path tracer does not always work! 

• Example 1: Distributional parameters
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 is NOT differentiatedp

 has zero gradientx

Estimate  

(Single-sample) Monte Carlo estimator: 
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•  

•  

• Return 

d
dλ ∫

∞

0
f(λ, x) dx = ∫

∞
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∂f
∂λ

(λ, x) dx

x ∼ Exp[λ]
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∂λ (λ, x)

p ← λe−λx

f′ /p

Whether to differentiate the sampling and 
the pdf should be consistent!
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both differentiated
f p

 has nonzero gradientx

Estimate  
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•     #  
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• Precautions must be taken to ensure correctness 
– Symbolically differentiating a Monte Carlo estimator path tracer does not always work! 

• Example 2: Discontinuities 

Estimate  with  

(Single-sample) Monte Carlo estimator: 

• Draw  

• Return 

∫
1

0
(x < p ? 1 : 0.5) dx 0 < p < 1

X ∼ U[0, 1)
X < p ? 1 : 0.5

WHY IS DIFFERENTIABLE RENDERING DIFFICULT
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Ground-truth: 

∫
1

0
(x < p ? 1 : 0.5) dx = ∫

p

0
dx + ∫

1

p
0.5 dx =

1 + p
2
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• Precautions must be taken to ensure correctness 
– Symbolically differentiating a Monte Carlo estimator path tracer does not always work! 

• Example 2: Discontinuities 

Estimate  with  

(Single-sample) Monte Carlo estimator: 

• Draw  

• Return 

∫
1

0
(x < p ? 1 : 0.5) dx 0 < p < 1

X ∼ U[0, 1)
X < p ? 1 : 0.5

WHY IS DIFFERENTIABLE RENDERING DIFFICULT

≠

More on this example later

Zero! (constant)
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DIFFERENTIATING (RENDERING) PROGRAMS

∇

• a crash course on automatic differentiation 
• differentiating discontinuities in rendering 
• discussions & limitations

B A S I C S
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A CRASH COURSE OF AUTOMATIC DIFFERENTIATION

•  automatic differentiation v.s. symbolic differentiation

function f(x): 
  result = x 
  for i = 1 to 8: 
    result = exp(result) 
  return result
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A CRASH COURSE OF AUTOMATIC DIFFERENTIATION

•  automatic differentiation v.s. symbolic differentiation

function f(x): 
  result = x 
  for i = 1 to 8: 
    result = exp(result) 
  return result

df(x)
dx

= ex+eeeeeeex

+eeeeeex

+eeeeex

+eeeex
+eeex

+eex+ex

symbolic differentiation (37 exponents):
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A CRASH COURSE OF AUTOMATIC DIFFERENTIATION

•  automatic differentiation v.s. symbolic differentiation

function f(x): 
  result = x 
  for i = 1 to 8: 
    result = exp(result) 
  return result

df(x)
dx

= ex+eeeeeeex

+eeeeeex

+eeeeex

+eeeex
+eeex

+eex+ex

symbolic differentiation (37 exponents):

function d_f(x): 
  result = x 
  d_result = 1 
  for i = 1 to 8: 
    result = exp(result) 
    d_result = d_result * result 
  return d_result

forward-mode automatic differentiation  
(8 exponents):

B A S I C S
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A CRASH COURSE OF AUTOMATIC DIFFERENTIATION

•  key idea: chain rules, but applied in a smart way

y = f(x) 
z = g(y)
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A CRASH COURSE OF AUTOMATIC DIFFERENTIATION

•  key idea: chain rules, but applied in a smart way

dz
dx

=
dz
dy

dy
dx

y = f(x) 
z = g(y)

B A S I C S



Realistic Image Synthesis SS2024

MENTAL MODEL: COMPUTATIONAL GRAPH

y = f(x) 
z = g(y)

x y z

dy
dx

dz
dy

B A S I C S
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MULTIVARIATE EXAMPLE

y = f(x0, x1) 
z = g(y)

x0
y z

x1
B A S I C S
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MULTIVARIATE EXAMPLE

y = f(x0, x1) 
z = g(y)

x0
y z

x1

∂z
∂x0

=
∂z
∂y

∂y
∂x0
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MULTIVARIATE EXAMPLE

y = f(x0, x1) 
z = g(y)

x0
y z

x1

∂z
∂x0

=
∂z
∂y

∂y
∂x0

∂z
∂x1

=
∂z
∂y

∂y
∂x1
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MULTIVARIATE EXAMPLE

y = f(x0, x1) 
z = g(y)

x0
y z

x1

∂z
∂x0

=
∂z
∂y

∂y
∂x0

∂z
∂x1

=
∂z
∂y

∂y
∂x1

∂z
∂y

can be factored out and be only computed once!

B A S I C S
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REVERSE-MODE AUTOMATIC DIFFERENTIATION = 
A GREEDY PATH FACTORIZATION ALGORITHM

z

y0

y1

x

w0

w1

w2

∂z
∂y0

∂z
∂y1
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REVERSE-MODE AUTOMATIC DIFFERENTIATION = 
A GREEDY PATH FACTORIZATION ALGORITHM

z

y0

y1

x

∂z
∂y0

∂z
∂y1

w0

w1

w2

∂z
∂w0

=
∂z
∂y0

∂y0

∂w0

∂z
∂x

=
∂z
∂y0

∂y0

∂x
+

∂z
∂y1

∂y1

∂x
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REVERSE-MODE AUTOMATIC DIFFERENTIATION = 
A GREEDY PATH FACTORIZATION ALGORITHM

z

y0

y1

x

∂z
∂y0

∂z
∂y1

w0

w1

w2

∂z
∂x

=
∂z
∂y0

∂y0

∂x
+

∂z
∂y1

∂y1

∂x

∂z
∂w0

=
∂z
∂y0

∂y0

∂w0
+

∂z
∂x

∂x
∂w0

. . .

. . .
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REVERSE-MODE AUTOMATIC DIFFERENTIATION = 
A GREEDY PATH FACTORIZATION ALGORITHM

z

y0

y1

x

∂z
∂y0

∂z
∂y1

w0

w1

w2

∂z
∂x

=
∂z
∂y0

∂y0

∂x
+

∂z
∂y1

∂y1

∂x

∂z
∂w0

=
∂z
∂y0

∂y0

∂w0
+

∂z
∂x

∂x
∂w0

. . .

. . .
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REVERSE-MODE AUTOMATIC DIFFERENTIATION PRODUCES 
EFFICIENT GRADIENTS

•gradient complexity: number of edges * constant 
– same as directly computing the function (“cheap gradient principle”)

B A S I C S
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TRANSFORMING LOOPS WITH REVERSE MODE

• remember every intermediate values in the forward pass, then run the loop backward 
–also works for recursion 
–unbounded memory usage

function f(x): 
  result = x 
  for i = 1 to 8: 
    result = exp(result) 
  return result

function d_f(x): 
  result = x 
  results = [] 
  for i = 1 to 8: 
    results.push(result) 
    result = exp(result) 

  for i = 8 to 1: 
    d_results = d_result * 
      exp(results[i]) 
  return result

B A S I C S
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SOURCE TRANSFORM V.S. TAPING

•a spectrum: how much is done at compile time 
–similar to (tracing) JIT v.s. static compile

function f(x): 
  …

function d_f(x): 
  … 
  … 
  …

f(5)

trace

source transform

B A S I C S
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DIFFERENTIATING CONDITIONALS

if (hit the red triangle) 
  return red  
elif (hit the blue triangle) 
  return blue
else
  return white
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• derivative of color w.r.t. triangle vertex is 0

if (hit the red triangle) 
  return red  
elif (hit the blue triangle) 
  return blue
else
  return white

DIFFERENTIATING CONDITIONALS
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• derivative of color w.r.t. triangle vertex is 0 
–or is it?

if (hit the red triangle) 
  return red  
elif (hit the blue triangle) 
  return blue
else
  return white

DIFFERENTIATING CONDITIONALS

B A S I C S
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RENDERING = COMPUTING INTEGRALS

pixel filter support

•pixel color is defined by the average color over an area 
– aka anti-aliasing

B A S I C S
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RENDERING = COMPUTING INTEGRALS

area light

shutter time 
(motion blur)

camera aperture 
(defocus blur)

global illumination

• wavelength 
• participating media 
• … 
• and more!

pixel filter support

•pixel color is defined by the average color over an area 
– aka anti-aliasing

B A S I C S
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THE RENDERING INTEGRALS ARE DIFFERENTIABLE!

•While the integrand is discontinuous, the integral is differentiable! 
–the average color changes continuously as triangles move

if (hit the red triangle) 
  return red  
elif (hit the blue triangle) 
  return blue
else
  return white

∫
more blue, 
less white

pixel filter support

B A S I C S
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more blue, 
less white

RENDERING = SAMPLING INTEGRALS

• We evaluate these integrals by sampling them

∫ ... ≈ ∑ ...

B A S I C S
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DIFFERENTIATING INTEGRAL SAMPLES 
GIVES WRONG DERIVATIVES

∂
∂p

= 0more blue, 
less white

B A S I C S



Realistic Image Synthesis SS2024

KEY IDEA: EXPLICITLY INTEGRATE THE BOUNDARIES

more blue, 
less white

B A S I C S
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KEY IDEA: EXPLICITLY INTEGRATE THE BOUNDARIES

∂
∂p

= more blue, 
less white

B A S I C S
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KEY IDEA: EXPLICITLY INTEGRATE THE BOUNDARIES

∂
∂p

= more blue, 
less white

∂
∂p

= 0
B A S I C S
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KEY IDEA: EXPLICITLY INTEGRATE THE BOUNDARIES

∂
∂p

= more blue, 
less white

∂
∂p

= 0
B A S I C S
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LET’S DERIVE THE DERIVATIVES IN 1D

x < p ? 1 : 0.5∫
x=1

x=0

(the blue area)

p

x

y

B A S I C S
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p

x

y

LET’S DERIVE THE DERIVATIVES IN 1D

x < p ? 1 : 0.5∫
x=1

x=0

(the blue area)

derivative w.r.t. p = 
this purple infinitesimal area 

(0.5 dp)

B A S I C S
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p

x

y

LET’S DERIVE THE DERIVATIVES IN 1D

•Trick: move the discontinuities to the integral boundaries

= ∫
x=p

x=0
1 + ∫

x=1

x=p
0.5

(the blue area)

x < p ? 1 : 0.5∫
x=1

x=0

B A S I C S
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p

x

y

LET’S DERIVE THE DERIVATIVES IN 1D

•Trick: move the discontinuities to the integral boundaries

= ∫
x=p

x=0
1 + ∫

x=1

x=p
0.5

(the blue area)

x < p ? 1 : 0.5∫
x=1

x=0

B A S I C S
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p

x

y

∂
∂p (∫

x=p

x=0
1 + ∫

x=1

x=p
0.5)

= 1 − 0.5

(derivative of blue area w.r.t. p)

DISCONTINUITY DERIVATIVES = 
DIFFERENCES AT DISCONTINUITIES

x < p ? 1 : 0.5∫
x=1

x=0

B A S I C S
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DISCONTINUITY DERIVATIVES = 
DIFFERENCES AT DISCONTINUITIES

∂
∂p ∫ = ∫

∂
∂p +

∑“the Leibniz’s integral rule”

f− − f+

B A S I C S
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DISCONTINUITY DERIVATIVES = 
DIFFERENCES AT DISCONTINUITIES

∂
∂p ∫ = ∫

∂
∂p +

∑“the Leibniz’s integral rule”

f− − f+

B A S I C S

interior derivative

boundary derivative
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GENERALIZE TO 2D

∂
∂p ∬ = ∬

∂
∂p

+∫
boundary derivative

interior derivative

Reynolds transport theorem 
[Reynolds 1903]

B A S I C S
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GENERALIZE TO 2D

∂
∂p ∬ = ∬

∂
∂p

+∫
boundary derivative

interior derivative

Reynolds transport theorem 
[Reynolds 1903]

B A S I C S
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DERIVING THE 2D BOUNDARY DERIVATIVE

• boundary derivative = infinitesimal volume change w.r.t. parameter ∫

B A S I C S
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DERIVING THE 2D BOUNDARY DERIVATIVE

• boundary derivative = infinitesimal volume change w.r.t. parameter

3D view around the purple sample

∫

B A S I C S
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DERIVING THE 2D BOUNDARY DERIVATIVE

3D view around the purple sample

red - blue

∫• boundary derivative = infinitesimal volume change w.r.t. parameter

B A S I C S
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DERIVING THE 2D BOUNDARY DERIVATIVE

∫ dt

n

boundary movement w.r.t. paramv =
n ⋅ v

dt (length)

(width)

B A S I C S

=
∂x
∂p
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∫ dt = ∫
n

n ⋅ v

dt

red - blue

(f− − f+) (n ⋅ v) dt

v
THE INFINITESIMAL BOUNDARY VOLUME

B A S I C S

height width length
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RECAP

RENDERING = COMPUTING INTEGRALS

area light

shutter time 
(motion blur)

camera aperture 
(defocus blur)

global illumination
• wavelength 
• transmittance 
• … 
• and more!

pixel filter support

B A S I C S
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RECAP

•While the integrand is discontinuous, the integral is differentiable! 
–the average color changes continuously as triangles move

more blue, 
less white

pixel filter support

B A S I C S
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DIFFERENTIATING INTEGRAL SAMPLES 
GIVES WRONG DERIVATIVES

∂
∂p

= 0more blue, 
less white

RECAP

B A S I C S
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RECAP

more blue, 
less white

KEY IDEA: EXPLICITLY INTEGRATE THE BOUNDARIES

B A S I C S



Realistic Image Synthesis SS2024

RECAP

∂
∂p ∬ = ∬

∂
∂p

+∫
boundary derivative

interior derivative

Reynolds transport theorem 
[Reynolds 1903]
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DISCUSSION

• Ray tracing vs rasterization 
• Approximated solutions 
• Geometry representation 
• Limitations

B A S I C S
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RAY TRACING VS RASTERIZATION

•The boundary sampling is not very compatible with z-buffer rendering

v.s.

B A S I C S
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RAY TRACING VS RASTERIZATION

•Ray tracing is not significantly slower than rasterization 
•The interior derivatives can be computed using rasterization

from Gruen 2020  
1080p, ~19M triangles 
raster: 2.7 ms 
raytrace: 8.6 ms (2.5 ms for animation)

B A S I C S
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RAY TRACING VS RASTERIZATION

•Ray tracing is not significantly slower than rasterization 
•The interior derivatives can be computed using rasterization 
•Visibility queries may not be the main bottleneck

~10k faces, 256x256 (Titan Xp) 
PyTorch3D (raster) 220ms 
redner (raytrace) 60ms 
(BVH 20ms, forward 7ms, backward 27ms)

from Gruen 2020  
1080p, ~19M triangles 
raster: 2.7 ms 
raytrace: 8.6 ms (2.5 ms for animation)

B A S I C S
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RAY TRACING VS RASTERIZATION

targetinitial

23823 vertices, 44702 faces

• 1024x1024 at 2 spp (Titan Xp) 
forward + backward 

– Ray tracing + edge sampling: 
0.05—0.1 sec 

– PyTorch3D: 
0.15 sec 

B A S I C S
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RAY TRACING VS RASTERIZATION

initial edge sampling 
optimization video 
(1 view over 20)

abs. error

23823 vertices, 44702 faces
Low High

B A S I C S
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RAY TRACING VS RASTERIZATION

initial edge sampling 
optimization video 
(1 view over 20)

abs. error

23823 vertices, 44702 faces
Low High
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RAY TRACING VS RASTERIZATION

initial PyTorch3D 
optimization video 
(1 view over 20)

abs. error

23823 vertices, 44702 faces
Low High

B A S I C S
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RAY TRACING VS RASTERIZATION

initial PyTorch3D 
optimization video 
(1 view over 20)

abs. error

23823 vertices, 44702 faces
Low High

B A S I C S
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RAY TRACING VS RASTERIZATION

targetoptimized (ray tracing) optimized (PyTorch3D)

Optimization results after 5000 iterations (with identical settings)
Low High
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APPROXIMATED SOLUTION

•Our boundary integral is correct, i.e., when the number of samples grows it 
converges to the integral. 

•Two other kinds of approximation: 
– Keep the rendering model, approximate the derivatives (de La Gorce 2011, 

OpenDR 2014, Kato 2018, …) 
– Change the rendering model  

(Rhodin 2015, SoftRas 2019, PyTorch3D 2020…)

PyTorch3D [Ravi 2020]
B A S I C S

Rhodin 2015
Kato 2018
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GEOMETRY REPRESENTATION

•Need boundary extraction — easier for meshes, harder for 
implicit representations and fractals

images courtesy of 
Carlson et al., Vladsinger, 

Agarwal et al., 
Pso, Solkoll, Zottie, 

Drummyfish

mesh

NURBS

CSG

B-rep

fractal
point cloud

SDF
B A S I C S
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• Non-differentiability of parallel edges of two separate triangles 
–can be resolved by applying a small perturbation to the vertices

LIMITATIONS
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• Non-differentiability of parallel edges of two separate triangles 
–can be resolved by applying a small perturbation to the vertices 

• Interpenetration

LIMITATIONS

need to extract this edge

B A S I C S



Realistic Image Synthesis SS2024

• Non-differentiability of parallel edges of two separate triangles 
–can be resolved by applying a small perturbation to the vertices 

• Interpenetration 
• If/else conditions in procedural shaders (bitmap texture is 100% fine)

LIMITATIONS

B A S I C Shttps://www.shadertoy.com/view/wl2yDc

https://www.shadertoy.com/view/wl2yDc
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• Non-differentiability of parallel edges of two separate triangles 
–can be resolved by applying a small perturbation to the vertices 

• Interpenetration 
• If/else conditions in procedural shaders (bitmap texture is 100% fine) 
• Local minimum

LIMITATIONS

Kawaguchi and Kaelbling 2019

B A S I C S

William 1983
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DIFFERENTIABLE RENDERING THEORY & ALGORITHMS

T H E O R Y  &  A L G O R I T H M S

• Warm-up: differential irradiance
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• Differentiable path tracing with edge sampling 
• Differential radiative transfer

• Another way of dealing with discontinuities 
• Radiative backpropagation

• Warm-up: differential irradiance
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DIFFERENTIABLE RENDERING THEORY & ALGORITHMS

T H E O R Y  &  A L G O R I T H M S

• Differentiable path tracing with edge sampling 
• Differential radiative transfer

• Another way of dealing with discontinuities 
• Radiative backpropagation

• Path-space differentiable rendering

• Warm-up: differential irradiance
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E = ∫ℍ2

Li(ω) cos θ dσ(ω)

fE(ω)

WARM-UP: DIFFERENTIAL IRRADIANCE

Irradiance at :x

: emitter sizeπ ∂ℍ2fE(ω)

Low High

W A R M - U P :  D I F F E R E N T I A L  I R R A D I A N C E
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fE(ω)

WARM-UP: DIFFERENTIAL IRRADIANCE
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: emitter sizeπ ∂ℍ2fE(ω)
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E = ∫ℍ2

Li(ω) cos θ dσ(ω)

fE(ω)

WARM-UP: DIFFERENTIAL IRRADIANCE

Irradiance at :x

: emitter sizeπ ∂ℍ2fE(ω)

Low High
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E = ∫ℍ2

Li(ω) cos θ dσ(ω)

fE(ω)

WARM-UP: DIFFERENTIAL IRRADIANCE

Irradiance at :x

: emitter sizeπ ∂ℍ2fE(ω)

Low High

W A R M - U P :  D I F F E R E N T I A L  I R R A D I A N C E
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E = ∫ℍ2

Li(ω) cos θ dσ(ω)

fE(ω)

WARM-UP: DIFFERENTIAL IRRADIANCE

: emitter sizeπ ∂ℍ2

Interior integral Boundary integral

dE
dπ

= ∫ℍ2

dfE
dπ

(ω) dσ(ω) + ∫∂ℍ2

V∂ℍ2(ω) ΔfE(ω) dℓ(ω)
Reynolds

fE(ω)

Low High

W A R M - U P :  D I F F E R E N T I A L  I R R A D I A N C E
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E = ∫ℍ2

Li(ω) cos θ dσ(ω)

fE(ω)

WARM-UP: DIFFERENTIAL IRRADIANCE

: emitter sizeπ ∂ℍ2

Interior integral

dE
dπ

= ∫ℍ2

dfE
dπ

(ω) dσ(ω) + ∫∂ℍ2

V∂ℍ2(ω) ΔfE(ω) dℓ(ω)
Reynolds

fE(ω)

Low High

= 0

W A R M - U P :  D I F F E R E N T I A L  I R R A D I A N C E
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WARM-UP: DIFFERENTIAL IRRADIANCE

: emitter sizeπ fE(ω)

ω

n

Low High

Boundary integral

E = ∫ℍ2

Li(ω) cos θ dσ(ω)

fE(ω)
dE
dπ

= ∫ℍ2

dfE
dπ

(ω) dσ(ω) + ∫∂ℍ2

V∂ℍ2(ω) ΔfE(ω) dℓ(ω)
Reynolds

W A R M - U P :  D I F F E R E N T I A L  I R R A D I A N C E
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WARM-UP: DIFFERENTIAL IRRADIANCE

: emitter sizeπ fE(ω)

ω

n

Low High

Boundary integral

E = ∫ℍ2

Li(ω) cos θ dσ(ω)

fE(ω)
dE
dπ

= ∫ℍ2

dfE
dπ

(ω) dσ(ω) + ∫∂ℍ2

V∂ℍ2(ω) ΔfE(ω) dℓ(ω)
Reynolds

W A R M - U P :  D I F F E R E N T I A L  I R R A D I A N C E
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WARM-UP: DIFFERENTIAL IRRADIANCE

: emitter sizeπ
Scalar normal “velocity” of ω

V∂ℍ2(ω) = ⟨n(ω),
dω
dπ ⟩

fE(ω)

ω

n

Low High

Boundary integral

E = ∫ℍ2

Li(ω) cos θ dσ(ω)

fE(ω)
dE
dπ

= ∫ℍ2

dfE
dπ

(ω) dσ(ω) + ∫∂ℍ2

V∂ℍ2(ω) ΔfE(ω) dℓ(ω)
Reynolds

W A R M - U P :  D I F F E R E N T I A L  I R R A D I A N C E
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WARM-UP: DIFFERENTIAL IRRADIANCE

: emitter sizeπ
Scalar normal “velocity” of ω

V∂ℍ2(ω) = ⟨n(ω),
dω
dπ ⟩

fE(ω)

ω

n

Low High

Boundary integral

E = ∫ℍ2

Li(ω) cos θ dσ(ω)

fE(ω)
dE
dπ

= ∫ℍ2

dfE
dπ

(ω) dσ(ω) + ∫∂ℍ2

V∂ℍ2(ω) ΔfE(ω) dℓ(ω)
Reynolds

W A R M - U P :  D I F F E R E N T I A L  I R R A D I A N C E

independent of the 
parameterization of ∂ℍ2
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WARM-UP: DIFFERENTIAL IRRADIANCE

: emitter sizeπ
Scalar normal “velocity” of ω

V∂ℍ2(ω) = ⟨n(ω),
dω
dπ ⟩

fE(ω)

ω

n

Low High

Difference of the integrand  
across the boundary

fE

Boundary integral

E = ∫ℍ2

Li(ω) cos θ dσ(ω)

fE(ω)
dE
dπ

= ∫ℍ2

dfE
dπ

(ω) dσ(ω) + ∫∂ℍ2

V∂ℍ2(ω) ΔfE(ω) dℓ(ω)
Reynolds

W A R M - U P :  D I F F E R E N T I A L  I R R A D I A N C E

independent of the 
parameterization of ∂ℍ2
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WARM-UP: DIFFERENTIAL IRRADIANCE

: emitter sizeπ
Scalar normal “velocity” of ω

V∂ℍ2(ω) = ⟨n(ω),
dω
dπ ⟩

fE(ω)

ω

n

Low High

−n

f +
E (ω) = 0

f −
E (ω) > 0

Difference of the integrand  
across the boundary

fE

Boundary integral

E = ∫ℍ2

Li(ω) cos θ dσ(ω)

fE(ω)
dE
dπ

= ∫ℍ2

dfE
dπ

(ω) dσ(ω) + ∫∂ℍ2

V∂ℍ2(ω) ΔfE(ω) dℓ(ω)
Reynolds

W A R M - U P :  D I F F E R E N T I A L  I R R A D I A N C E

independent of the 
parameterization of ∂ℍ2

ΔfE(ω) = f −
E (ω) − f +

E (ω)
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Interior integral

WARM-UP: DIFFERENTIAL IRRADIANCE

: emitter sizeπ
Scalar normal “velocity” of ω

V∂ℍ2(ω) = ⟨n(ω),
dω
dπ ⟩

fE(ω)

ω

n

Low High

−n

f +
E (ω) = 0

f −
E (ω) > 0

Difference of the integrand  
across the boundary

fE

Boundary integral

E = ∫ℍ2

Li(ω) cos θ dσ(ω)

fE(ω)
dE
dπ

= ∫ℍ2

dfE
dπ

(ω) dσ(ω) + ∫∂ℍ2

V∂ℍ2(ω) ΔfE(ω) dℓ(ω)
Reynolds

W A R M - U P :  D I F F E R E N T I A L  I R R A D I A N C E

independent of the 
parameterization of ∂ℍ2

ΔfE(ω) = f −
E (ω) − f +

E (ω)

General result
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Interior integral Boundary integral

E = ∫ℍ2

Li(ω) cos θ dσ(ω)

fE(ω)
dE
dπ

= ∫ℍ2

dfE
dπ

(ω) dσ(ω) + ∫∂ℍ2

V∂ℍ2(ω) ΔfE(ω) dℓ(ω)
Reynolds

DIFFERENTIAL RENDERING EQUATION

D I F F E R E N T I A L  R E N D E R I N G  E Q U AT I O N
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This can be generalized easily to obtain the differential rendering equation:

L(ωo) = ∫𝕊2

Li(ωi) fs(ωi, ωo) dσ(ωi) + Le(ωo)

fRE(ωi)

Rendering 
equation

 : cosine-weighted BSDFfs

Interior integral Boundary integral

E = ∫ℍ2

Li(ω) cos θ dσ(ω)

fE(ω)
dE
dπ

= ∫ℍ2

dfE
dπ

(ω) dσ(ω) + ∫∂ℍ2

V∂ℍ2(ω) ΔfE(ω) dℓ(ω)
Reynolds

DIFFERENTIAL RENDERING EQUATION

D I F F E R E N T I A L  R E N D E R I N G  E Q U AT I O N
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This can be generalized easily to obtain the differential rendering equation:

L(ωo) = ∫𝕊2

Li(ωi) fs(ωi, ωo) dσ(ωi) + Le(ωo)

fRE(ωi)

Rendering 
equation

 : cosine-weighted BSDFfs

Interior integral Boundary integral

E = ∫ℍ2

Li(ω) cos θ dσ(ω)

fE(ω)
dE
dπ

= ∫ℍ2

dfE
dπ

(ω) dσ(ω) + ∫∂ℍ2

V∂ℍ2(ω) ΔfE(ω) dℓ(ω)
Reynolds

DIFFERENTIAL RENDERING EQUATION

Interior integral Boundary integral

d
dπ

L(ωo) = ∫𝕊2

d
dπ

fRE(ωi) dσ(ωi) + ∫∂𝕊2

V∂𝕊2(ωi) ΔfRE(ωi) dℓ(ωi) +
d

dπ
Le(ωo)

Differential 
rendering 
equation

Reynolds

D I F F E R E N T I A L  R E N D E R I N G  E Q U AT I O N
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SOURCES OF DISCONTINUITIES

D I F F E R E N T I A L  R E N D E R I N G  E Q U AT I O N

Assumptions:

No zero-measure (point and directional) lights

No perfectly specular surfaces

Continuous BSDFs
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(which can create virtual images of other objects)

Hard-to-detect 
discontinuities
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SOURCES OF DISCONTINUITIES

D I F F E R E N T I A L  R E N D E R I N G  E Q U AT I O N

Assumptions:

No zero-measure (point and directional) lights
(which can create hard shadow boundaries)

No perfectly specular surfaces
(which can create virtual images of other objects)

These limitations are largely practical and can be easily mitigated

Hard-to-detect 
discontinuities

Continuous BSDFs
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SOURCES OF DISCONTINUITIES

Boundary edges

(Topological) boundary of an object

D I F F E R E N T I A L  R E N D E R I N G  E Q U AT I O N
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SOURCES OF DISCONTINUITIES

Boundary edges

(Topological) boundary of an object

Sharp edges

Surface-normal discontinuities 
(e.g., face edges)

D I F F E R E N T I A L  R E N D E R I N G  E Q U AT I O N
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SOURCES OF DISCONTINUITIES

Boundary edges

(Topological) boundary of an object

Sharp edges

Surface-normal discontinuities 
(e.g., face edges)

Silhouette edges

View-dependent object silhouettes

D I F F E R E N T I A L  R E N D E R I N G  E Q U AT I O N
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DIFFERENTIABLE PATH TRACING WITH EDGE SAMPLING

Interior integral Boundary integral

d
dπ

L(ωo) = ∫𝕊2

d
dπ

fRE(ωi) dσ(ωi) + ∫∂𝕊2

V∂𝕊2(ωi) ΔfRE(ωi) dℓ(ωi) +
d

dπ
Le(ωo)

Differential 
rendering 
equation

L(ωo) = ∫𝕊2

fs(ωi, ωo) Li(ωi) dσ(ωi) + Le(ωo)

fRE(ωi)
Rendering 

equation

Path tracing can be generalized to estimate  and  jointlyL dL/dπ
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d
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dπ

fRE(ωi) dσ(ωi) + ∫∂𝕊2
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Differential 
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L(ωo) = ∫𝕊2
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fRE(ωi)
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equation

Standard path tracing

Path tracing can be generalized to estimate  and  jointlyL dL/dπ
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Differential 
rendering 
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L(ωo) = ∫𝕊2
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fRE(ωi)
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equation

Standard path tracing Edge sampling

Path tracing can be generalized to estimate  and  jointlyL dL/dπ
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fRE(ωi)

+ Le(ωo)

d
dπ
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dπ

fRE(ωi) dσ(ωi)

+ ∫∂𝕊2

V∂𝕊2(ωi) ΔfRE(ωi) dℓ(ωi)

# Estimate  and  jointlyL(x, ωo)
d

dπ [L(x, ωo)]: 
sample  with probability  

rayIntersect  
 

 

 

sample  with probability  

 

return 

dPT(x, ωo)
ωi,1 ∈ 𝕊2 pi,1

y ← (x, ωi,1)
(Li,

·Li) ← dPT(y, − ωi,1)

L ←
fs(x, ωi,1, ωo) Li

pi,1

·L ←
d

dπ [ fs(x, ωi,1, ωo)] Li + fs(x, ωi,1, ωo)
·Li

pi,1

ωi,2 ∈ ∂𝕊2 pi,2

·L ← ·L +
V∂𝕊2(x, ωi,2) fs(x, ωi,2, ωo) ΔLi(x, ωi,2)

pi,2

(L + Le(x, ωo),
·L+ d

dπ Le(x, ωo))
+

d
dπ

Le(ωo)
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+ ∫∂𝕊2

V∂𝕊2(ωi) ΔfRE(ωi) dℓ(ωi)

# Estimate  and  jointlyL(x, ωo)
d

dπ [L(x, ωo)]
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w/ symbolic 
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ωi,1 ∈ 𝕊2 pi,1

y ← (x, ωi,1)
(Li,

·Li) ← dPT(y, − ωi,1)

L ←
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+
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L ←
fs(x, ωi,1, ωo) Li

pi,1

·L ←
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Differential rendering equation
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ΔfRE = Δ( fs Li) = fs ΔLi

(assuming    to be continuous)fs
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MONTE CARLO EDGE SAMPLING

• A new sampling procedure introduced by 
Li et al. [2018] 

• Key: determining , the discontinuity points 
of  (w.r.t. incident direction )

∂𝕊2

ΔLi ωi

Monte Carlo 
edge sampling

# Estimate  and  jointlyL(x, ωo)
d
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• A new sampling procedure introduced by 
Li et al. [2018] 

• Key: determining , the discontinuity points 
of  (w.r.t. incident direction )
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• For polygonal meshes,  can involve:∂𝕊2

– Boundary edges (associated with only one face) 
– Face edges (when not using smooth shading)
– Silhouette edges (shared by a front and a back face)
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• For polygonal meshes,  can involve:∂𝕊2

• Requires traversing a 6D BVH 
• Expensive for complex scenes

– Boundary edges (associated with only one face) 
– Face edges (when not using smooth shading)
– Silhouette edges (shared by a front and a back face)
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MONTE CARLO EDGE SAMPLING

• A new sampling procedure introduced by 
Li et al. [2018] 

• Key: determining , the discontinuity points 
of  (w.r.t. incident direction )

∂𝕊2

ΔLi ωi

# Estimate  and  jointlyL(x, ωo)
d

dπ [L(x, ωo)]: 
sample  with probability  

rayIntersect  
 

 

 

sample  with probability  

 

return 

dPT(x, ωo)
ωi,1 ∈ 𝕊2 pi,1

y ← (x, ωi,1)
(Li,

·Li) ← dPT(y, − ωi,1)

L ←
fs(x, ωi,1, ωo) Li

pi,1

·L ←
d

dπ [ fs(x, ωi,1, ωo)] Li + fs(x, ωi,1, ωo)
·Li

pi,1

ωi,2 ∈ ∂𝕊2 pi,2

·L ← ·L +
V∂𝕊2(x, ωi,2) fs(x, ωi,2, ωo) ΔLi(x, ωi,2)

pi,2

(L + Le(x, ωo),
·L+ d

dπ Le(x, ωo))
D I F F E R E N T I A B L E  PAT H  T R A C I N G  W I T H  E D G E  S A M P L I N G

• For polygonal meshes,  can involve:∂𝕊2

• Requires traversing a 6D BVH 
• Expensive for complex scenes
• To be addressed later!

– Boundary edges (associated with only one face) 
– Face edges (when not using smooth shading)
– Silhouette edges (shared by a front and a back face)
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COMPUTING ΔLi

ωi,2

x

ΔLi(x, ωi,2)

D I F F E R E N T I A B L E  PAT H  T R A C I N G  W I T H  E D G E  S A M P L I N G

# Estimate  and  jointlyL(x, ωo)
d

dπ [L(x, ωo)]: 
sample  with probability  
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Monte Carlo 
edge sampling



Realistic Image Synthesis SS2024

COMPUTING ΔLi

ωi,2

x

ΔLi(x, ωi,2)

y1

y2

L(y1, − ωi,2)

L(y2, − ωi,2)

ΔLi(x, ωi,2) = ± [L(y1, − ωi,2) − L(y2, − ωi,2)]

D I F F E R E N T I A B L E  PAT H  T R A C I N G  W I T H  E D G E  S A M P L I N G

# Estimate  and  jointlyL(x, ωo)
d

dπ [L(x, ωo)]: 
sample  with probability  

rayIntersect  
 

 

 

sample  with probability  

 

return 

dPT(x, ωo)
ωi,1 ∈ 𝕊2 pi,1

y ← (x, ωi,1)
(Li,

·Li) ← dPT(y, − ωi,1)

L ←
fs(x, ωi,1, ωo) Li

pi,1

·L ←
d

dπ [ fs(x, ωi,1, ωo)] Li + fs(x, ωi,1, ωo)
·Li

pi,1

ωi,2 ∈ ∂𝕊2 pi,2

·L ← ·L +
V∂𝕊2(x, ωi,2) fs(x, ωi,2, ωo) ΔLi(x, ωi,2)

pi,2

(L + Le(x, ωo),
·L+ d

dπ Le(x, ωo))

Monte Carlo 
edge sampling
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COMPUTING ΔLi

ωi,2

x

ΔLi(x, ωi,2)

y1

y2

L(y1, − ωi,2)

L(y2, − ωi,2)

ΔLi(x, ωi,2) = ± [L(y1, − ωi,2) − L(y2, − ωi,2)]
Radiance values  and  

can be computed by tracing additional “side” paths
L(y1, − ωi,2) L(y2, − ωi,2)

D I F F E R E N T I A B L E  PAT H  T R A C I N G  W I T H  E D G E  S A M P L I N G

# Estimate  and  jointlyL(x, ωo)
d

dπ [L(x, ωo)]: 
sample  with probability  

rayIntersect  
 

 

 

sample  with probability  

 

return 

dPT(x, ωo)
ωi,1 ∈ 𝕊2 pi,1

y ← (x, ωi,1)
(Li,

·Li) ← dPT(y, − ωi,1)

L ←
fs(x, ωi,1, ωo) Li

pi,1

·L ←
d

dπ [ fs(x, ωi,1, ωo)] Li + fs(x, ωi,1, ωo)
·Li

pi,1

ωi,2 ∈ ∂𝕊2 pi,2

·L ← ·L +
V∂𝕊2(x, ωi,2) fs(x, ωi,2, ωo) ΔLi(x, ωi,2)

pi,2

(L + Le(x, ωo),
·L+ d

dπ Le(x, ωo))

Monte Carlo 
edge sampling
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DIFFERENTIABLE PATH TRACING WITH EDGE SAMPLING

Main path

D I F F E R E N T I A B L E  PAT H  T R A C I N G  W I T H  E D G E  S A M P L I N G

Monte Carlo 
edge sampling

# Estimate  and  jointlyL(x, ωo)
d

dπ [L(x, ωo)]

Standard PT 
w/ symbolic 

differentiation

: 
sample  with probability  

rayIntersect  
 

 

 

sample  with probability  

 

return 

dPT(x, ωo)
ωi,1 ∈ 𝕊2 pi,1

y ← (x, ωi,1)
(Li,

·Li) ← dPT(y, − ωi,1)

L ←
fs(x, ωi,1, ωo) Li

pi,1

·L ←
d

dπ [ fs(x, ωi,1, ωo)] Li + fs(x, ωi,1, ωo)
·Li

pi,1

ωi,2 ∈ ∂𝕊2 pi,2

·L ← ·L +
V∂𝕊2(x, ωi,2) fs(x, ωi,2, ωo) ΔLi(x, ωi,2)

pi,2

(L + Le(x, ωo),
·L+ d

dπ Le(x, ωo))
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DIFFERENTIABLE PATH TRACING WITH EDGE SAMPLING

Main path

Side paths

D I F F E R E N T I A B L E  PAT H  T R A C I N G  W I T H  E D G E  S A M P L I N G

Monte Carlo 
edge sampling

# Estimate  and  jointlyL(x, ωo)
d

dπ [L(x, ωo)]

Standard PT 
w/ symbolic 

differentiation

: 
sample  with probability  

rayIntersect  
 

 

 

sample  with probability  

 

return 

dPT(x, ωo)
ωi,1 ∈ 𝕊2 pi,1

y ← (x, ωi,1)
(Li,

·Li) ← dPT(y, − ωi,1)

L ←
fs(x, ωi,1, ωo) Li

pi,1

·L ←
d

dπ [ fs(x, ωi,1, ωo)] Li + fs(x, ωi,1, ωo)
·Li

pi,1

ωi,2 ∈ ∂𝕊2 pi,2

·L ← ·L +
V∂𝕊2(x, ωi,2) fs(x, ωi,2, ωo) ΔLi(x, ωi,2)

pi,2

(L + Le(x, ωo),
·L+ d

dπ Le(x, ωo))
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DIFFERENTIABLE PATH TRACING WITH EDGE SAMPLING

Main path

Side paths

Side paths

D I F F E R E N T I A B L E  PAT H  T R A C I N G  W I T H  E D G E  S A M P L I N G

Monte Carlo 
edge sampling

# Estimate  and  jointlyL(x, ωo)
d

dπ [L(x, ωo)]

Standard PT 
w/ symbolic 

differentiation

: 
sample  with probability  

rayIntersect  
 

 

 

sample  with probability  

 

return 

dPT(x, ωo)
ωi,1 ∈ 𝕊2 pi,1

y ← (x, ωi,1)
(Li,

·Li) ← dPT(y, − ωi,1)

L ←
fs(x, ωi,1, ωo) Li

pi,1

·L ←
d

dπ [ fs(x, ωi,1, ωo)] Li + fs(x, ωi,1, ωo)
·Li

pi,1

ωi,2 ∈ ∂𝕊2 pi,2

·L ← ·L +
V∂𝕊2(x, ωi,2) fs(x, ωi,2, ωo) ΔLi(x, ωi,2)

pi,2

(L + Le(x, ωo),
·L+ d

dπ Le(x, ωo))
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DIFFERENTIAL RADIATIVE TRANSFER

Cheng Zhang, Lifan Wu, Changxi Zheng, 
Ioannis Gkioulekas, Ravi Ramamoorthi, 
Shuang Zhao

A Differential Theory of Radiative Transfer

SIGGRAPH Asia 2019

D I F F E R E N T I A L  R A D I AT I V E  T R A N S F E R
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RECAP: RADIATIVE TRANSFER THEORY

x
ω
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RECAP: RADIATIVE TRANSFER THEORY

x
ω
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RECAP: RADIATIVE TRANSFER THEORY

x
ω
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RECAP: RADIATIVE TRANSFER THEORY

!!

!
"

!!

! = #!#"! + %
Transport 
operator

Collision 
operator Source

Radiative transfer equation (RTE) 
in operator form 

D I F F E R E N T I A L  R A D I AT I V E  T R A N S F E R
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DIFFERENTIATING THE RTE

!	 = 							 $!$"!	 + &

!!" = 	!!(&"&#") + !!)

Differentiating 
both sides

D I F F E R E N T I A L  R A D I AT I V E  T R A N S F E R
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Differentiating individual operators

DIFFERENTIATING THE RTE

!	 = 							 $!$"!	 + &

!!" = 	!!(&"&#") + !!)

D I F F E R E N T I A L  R A D I AT I V E  T R A N S F E R
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DIFFERENTIATING THE COLLISION OPERATOR

! = #!#"! + %RTE:

Scattering 
coefficient

Phase 
function

(  omitted for 
notational simplicity)
x

Requires differentiating 
a spherical integral!!" # $" d$" =

#!
?

!"# $ = &!' 		)" $#, $ 	# $# d$#
$!

! "!

D I F F E R E N T I A L  R A D I AT I V E  T R A N S F E R
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DIFFERENTIATING THE COLLISION OPERATOR

!"# $ = &!' 		)" $#, $ 	# $# d$#
$!

! "!

!!" # $" d$" =
#!
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Interior integral Boundary integral

DIFFERENTIATING THE COLLISION OPERATOR

!"# $ = &!' 		)" $#, $ 	# $# d$#
$!

! "!

!!" # $" d$" =
#!

! "!# $" d$"
#!

= + ! ", $%!
$& ∆((%!)d%!

"#!

By applying Reynolds transport theorem 
(largely identical to the differentiation of the rendering equation)

D I F F E R E N T I A L  R A D I AT I V E  T R A N S F E R
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OTHER TERMS IN THE RTE

! = #!#"! + %

("!""#) %, ' = ) * %#, %
$

%
(""#)(%#, ')+,

Transport operator

! = #(%!, %)("(%!, ))
Source

Transmittance

D I F F E R E N T I A L  R A D I AT I V E  T R A N S F E R
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OTHER TERMS IN THE RTE

! = #!#"! + %

("!""#) %, ' = ) * %#, %
$

%
(""#)(%#, ')+,

Transport operator

! = #(%!, %)("(%!, ))
Source

Transmittance

D I F F E R E N T I A L  R A D I AT I V E  T R A N S F E R

(can be differentiated using Leibniz’s rule)
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DIFFERENTIAL RADIATIVE TRANSFER EQUATION

This is Eq. (32) of the work by 
Zhang et al. [2019]

D I F F E R E N T I A L  R A D I AT I V E  T R A N S F E R
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DIFFERENTIAL RTE, OPERATOR FORM

! = #!#"! + %
&#! = &#(#!#"!) + &#%

D I F F E R E N T I A L  R A D I AT I V E  T R A N S F E R
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DIFFERENTIAL RTE, OPERATOR FORM

! = #!#"! + %
&#! = &#(#!#"!) + &#%

!!"
" = $"$# $∗

0 $"$#
!!"
" + !!'

'
Differential radiative transfer equation
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DIFFERENTIAL RTE, OPERATOR FORM

! = #!#"! + %
&#! = &#(#!#"!) + &#%

!!"
" = $"$# $∗

0 $"$#
!!"
" + !!'

'
Differential radiative transfer equation

D I F F E R E N T I A L  R A D I AT I V E  T R A N S F E R

Captures the boundary integrals
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Plight(π) = P0 + (
0
π
0)

Pcube(π) = P1 + (
0
π
0)

SIGNIFICANCE OF THE BOUNDARY INTEGRAL

!!"#$

!%&'()

Original image

y

Constant 
initial positions

D I F F E R E N T I A L  R A D I AT I V E  T R A N S F E R
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SIGNIFICANCE OF THE BOUNDARY INTEGRAL

Original image Derivative image Derivative image 
(w/o boundary integral)

Negative PositiveZero

D I F F E R E N T I A L  R A D I AT I V E  T R A N S F E R
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SIGNIFICANCE OF THE BOUNDARY INTEGRAL

Original image Derivative image Derivative image 
(w/o boundary integral)

Negative PositiveZero
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DIFFERENTIABLE VOLUMETRIC PATH TRACING

!!"!!"
""

!#"#
!$

Component 1: (interior) 
Derivative of path measurement contribution
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DIFFERENTIABLE VOLUMETRIC PATH TRACING

!!"!!"
""

!#"#
!$

Component 1: (interior) 
Derivative of path measurement contribution

Component 2: (boundary) 
Side paths estimating ΔL

Side Path 1

Side Path 2

ΔL

D I F F E R E N T I A L  R A D I AT I V E  T R A N S F E R



Realistic Image Synthesis SS2024

INVERSE-RENDERING RESULTS

• Scene configurations 
– Participating media 
– Changing geometry 

• Optimization 
– Using only image loss (L2)
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INVERSE-RENDERING RESULTS

Parameters

Cube roughness

Apple position

Parameters
Target Optimization process

Apple in a box
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INVERSE-RENDERING RESULTS

Parameters

Cube roughness

Apple position

Parameters
Target Optimization process

Apple in a box
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INVERSE-RENDERING RESULTS

Heterogeneous 
medium

Medium orientation 
(parameter)

Non-line-of-sight inverse rendering

Medium optical density 
(parameter)

D I F F E R E N T I A L  R A D I AT I V E  T R A N S F E R
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INVERSE-RENDERING RESULTS

Non-line-of-sight inverse rendering

Target Optimization process Different view

D I F F E R E N T I A L  R A D I AT I V E  T R A N S F E R
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INVERSE-RENDERING RESULTS

Non-line-of-sight inverse rendering

Target Optimization process Different view

D I F F E R E N T I A L  R A D I AT I V E  T R A N S F E R



Realistic Image Synthesis SS2024

INVERSE-RENDERING RESULTS

Design-inspired inverse rendering

Spotlight A
Spotlight B

Parameters 
• Light direction 
• Light color 
• Light falloff angle

D I F F E R E N T I A L  R A D I AT I V E  T R A N S F E R
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INVERSE-RENDERING RESULTS

Design-inspired inverse rendering

Target Optimization process
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INVERSE-RENDERING RESULTS

Design-inspired inverse rendering

Target Optimization process

D I F F E R E N T I A L  R A D I AT I V E  T R A N S F E R
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CHALLENGES

L(ωo) = ∫𝕊2

Li(ωi) fs(ωi, ωo) dσ(ωi) + Le(ωo)

fRE(ωi)
Rendering 

equation

Interior integral
Differential 
rendering 
equation

Boundary integral

d
dπ

L(ωo) = ∫𝕊2

d
dπ

fRE(ωi) dσ(ωi) + ∫∂𝕊2

V∂𝕊2(ωi) ΔfRE(ωi) dℓ(ωi) +
d

dπ
Le(ωo)

D I F F E R E N T I A L  R A D I AT I V E  T R A N S F E R
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CHALLENGES

• Complex scenes 
– Discontinuity points (e.g., ) can be expensive to detect ∂𝕊2

L(ωo) = ∫𝕊2

Li(ωi) fs(ωi, ωo) dσ(ωi) + Le(ωo)

fRE(ωi)
Rendering 

equation

Interior integral
Differential 
rendering 
equation

Boundary integral

d
dπ

L(ωo) = ∫𝕊2

d
dπ

fRE(ωi) dσ(ωi) + ∫∂𝕊2

V∂𝕊2(ωi) ΔfRE(ωi) dℓ(ωi) +
d

dπ
Le(ωo)

D I F F E R E N T I A L  R A D I AT I V E  T R A N S F E R



Realistic Image Synthesis SS2024

CHALLENGES

• Complex scenes 
– Discontinuity points (e.g., ) can be expensive to detect ∂𝕊2

• Scaling out to millions of parameters

L(ωo) = ∫𝕊2

Li(ωi) fs(ωi, ωo) dσ(ωi) + Le(ωo)

fRE(ωi)
Rendering 

equation

Interior integral
Differential 
rendering 
equation

Boundary integral

d
dπ

L(ωo) = ∫𝕊2

d
dπ

fRE(ωi) dσ(ωi) + ∫∂𝕊2

V∂𝕊2(ωi) ΔfRE(ωi) dℓ(ωi) +
d

dπ
Le(ωo)

D I F F E R E N T I A L  R A D I AT I V E  T R A N S F E R
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ANOTHER WAY OF DEALING WITH EDGES

Guillaume Loubet, Nicolas Holzschuch, Wenzel 
Jakob

Reparameterizing Discontinuous Integrals 
for Differentiable Rendering

SIGGRAPH Asia 2019

R E - PA R A M E T E R I Z AT I O N
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MOVING DISCONTINUITIES

Pixel integrals

Light integrals

BSDF integrals

dω

dω

dx dy
Z
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<latexit sha1_base64="MZPzi4OB8GZkiJWEbQpsQfa5Fko=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPaGxX635dX8OskqCgtSgQLNf/eoNYpYqrpFJam038BMMM2pQMMlnlV5qeULZhI5411FNFbdhNr91Rs6cMiDD2LjSSObq74mMKmunKnKdiuLYLnu5+J/XTXF4HWZCJylyzRaLhqkkGJP8cTIQhjOUU0coM8LdStiYGsrQxVNxIQTLL6+S9kU98OvB/WWtcVPEUYYTOIVzCOAKGnAHTWgBgzE8wyu8ecp78d69j0VryStmjuEPvM8fIqiOSQ==</latexit><latexit sha1_base64="MZPzi4OB8GZkiJWEbQpsQfa5Fko=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPaGxX635dX8OskqCgtSgQLNf/eoNYpYqrpFJam038BMMM2pQMMlnlV5qeULZhI5411FNFbdhNr91Rs6cMiDD2LjSSObq74mMKmunKnKdiuLYLnu5+J/XTXF4HWZCJylyzRaLhqkkGJP8cTIQhjOUU0coM8LdStiYGsrQxVNxIQTLL6+S9kU98OvB/WWtcVPEUYYTOIVzCOAKGnAHTWgBgzE8wyu8ecp78d69j0VryStmjuEPvM8fIqiOSQ==</latexit><latexit sha1_base64="MZPzi4OB8GZkiJWEbQpsQfa5Fko=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPaGxX635dX8OskqCgtSgQLNf/eoNYpYqrpFJam038BMMM2pQMMlnlV5qeULZhI5411FNFbdhNr91Rs6cMiDD2LjSSObq74mMKmunKnKdiuLYLnu5+J/XTXF4HWZCJylyzRaLhqkkGJP8cTIQhjOUU0coM8LdStiYGsrQxVNxIQTLL6+S9kU98OvB/WWtcVPEUYYTOIVzCOAKGnAHTWgBgzE8wyu8ecp78d69j0VryStmjuEPvM8fIqiOSQ==</latexit><latexit sha1_base64="MZPzi4OB8GZkiJWEbQpsQfa5Fko=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPaGxX635dX8OskqCgtSgQLNf/eoNYpYqrpFJam038BMMM2pQMMlnlV5qeULZhI5411FNFbdhNr91Rs6cMiDD2LjSSObq74mMKmunKnKdiuLYLnu5+J/XTXF4HWZCJylyzRaLhqkkGJP8cTIQhjOUU0coM8LdStiYGsrQxVNxIQTLL6+S9kU98OvB/WWtcVPEUYYTOIVzCOAKGnAHTWgBgzE8wyu8ecp78d69j0VryStmjuEPvM8fIqiOSQ==</latexit>

R E - PA R A M E T E R I Z AT I O N



Realistic Image Synthesis SS2024

MOVING DISCONTINUITIES

dω

dω

dx dy

Scene parameter

Pixel integrals

Light integrals

BSDF integrals

Z

<latexit sha1_base64="MZPzi4OB8GZkiJWEbQpsQfa5Fko=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPaGxX635dX8OskqCgtSgQLNf/eoNYpYqrpFJam038BMMM2pQMMlnlV5qeULZhI5411FNFbdhNr91Rs6cMiDD2LjSSObq74mMKmunKnKdiuLYLnu5+J/XTXF4HWZCJylyzRaLhqkkGJP8cTIQhjOUU0coM8LdStiYGsrQxVNxIQTLL6+S9kU98OvB/WWtcVPEUYYTOIVzCOAKGnAHTWgBgzE8wyu8ecp78d69j0VryStmjuEPvM8fIqiOSQ==</latexit><latexit sha1_base64="MZPzi4OB8GZkiJWEbQpsQfa5Fko=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPaGxX635dX8OskqCgtSgQLNf/eoNYpYqrpFJam038BMMM2pQMMlnlV5qeULZhI5411FNFbdhNr91Rs6cMiDD2LjSSObq74mMKmunKnKdiuLYLnu5+J/XTXF4HWZCJylyzRaLhqkkGJP8cTIQhjOUU0coM8LdStiYGsrQxVNxIQTLL6+S9kU98OvB/WWtcVPEUYYTOIVzCOAKGnAHTWgBgzE8wyu8ecp78d69j0VryStmjuEPvM8fIqiOSQ==</latexit><latexit sha1_base64="MZPzi4OB8GZkiJWEbQpsQfa5Fko=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPaGxX635dX8OskqCgtSgQLNf/eoNYpYqrpFJam038BMMM2pQMMlnlV5qeULZhI5411FNFbdhNr91Rs6cMiDD2LjSSObq74mMKmunKnKdiuLYLnu5+J/XTXF4HWZCJylyzRaLhqkkGJP8cTIQhjOUU0coM8LdStiYGsrQxVNxIQTLL6+S9kU98OvB/WWtcVPEUYYTOIVzCOAKGnAHTWgBgzE8wyu8ecp78d69j0VryStmjuEPvM8fIqiOSQ==</latexit><latexit sha1_base64="MZPzi4OB8GZkiJWEbQpsQfa5Fko=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPaGxX635dX8OskqCgtSgQLNf/eoNYpYqrpFJam038BMMM2pQMMlnlV5qeULZhI5411FNFbdhNr91Rs6cMiDD2LjSSObq74mMKmunKnKdiuLYLnu5+J/XTXF4HWZCJylyzRaLhqkkGJP8cTIQhjOUU0coM8LdStiYGsrQxVNxIQTLL6+S9kU98OvB/WWtcVPEUYYTOIVzCOAKGnAHTWgBgzE8wyu8ecp78d69j0VryStmjuEPvM8fIqiOSQ==</latexit>

Z

<latexit sha1_base64="MZPzi4OB8GZkiJWEbQpsQfa5Fko=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPaGxX635dX8OskqCgtSgQLNf/eoNYpYqrpFJam038BMMM2pQMMlnlV5qeULZhI5411FNFbdhNr91Rs6cMiDD2LjSSObq74mMKmunKnKdiuLYLnu5+J/XTXF4HWZCJylyzRaLhqkkGJP8cTIQhjOUU0coM8LdStiYGsrQxVNxIQTLL6+S9kU98OvB/WWtcVPEUYYTOIVzCOAKGnAHTWgBgzE8wyu8ecp78d69j0VryStmjuEPvM8fIqiOSQ==</latexit><latexit sha1_base64="MZPzi4OB8GZkiJWEbQpsQfa5Fko=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPaGxX635dX8OskqCgtSgQLNf/eoNYpYqrpFJam038BMMM2pQMMlnlV5qeULZhI5411FNFbdhNr91Rs6cMiDD2LjSSObq74mMKmunKnKdiuLYLnu5+J/XTXF4HWZCJylyzRaLhqkkGJP8cTIQhjOUU0coM8LdStiYGsrQxVNxIQTLL6+S9kU98OvB/WWtcVPEUYYTOIVzCOAKGnAHTWgBgzE8wyu8ecp78d69j0VryStmjuEPvM8fIqiOSQ==</latexit><latexit sha1_base64="MZPzi4OB8GZkiJWEbQpsQfa5Fko=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPaGxX635dX8OskqCgtSgQLNf/eoNYpYqrpFJam038BMMM2pQMMlnlV5qeULZhI5411FNFbdhNr91Rs6cMiDD2LjSSObq74mMKmunKnKdiuLYLnu5+J/XTXF4HWZCJylyzRaLhqkkGJP8cTIQhjOUU0coM8LdStiYGsrQxVNxIQTLL6+S9kU98OvB/WWtcVPEUYYTOIVzCOAKGnAHTWgBgzE8wyu8ecp78d69j0VryStmjuEPvM8fIqiOSQ==</latexit><latexit sha1_base64="MZPzi4OB8GZkiJWEbQpsQfa5Fko=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPaGxX635dX8OskqCgtSgQLNf/eoNYpYqrpFJam038BMMM2pQMMlnlV5qeULZhI5411FNFbdhNr91Rs6cMiDD2LjSSObq74mMKmunKnKdiuLYLnu5+J/XTXF4HWZCJylyzRaLhqkkGJP8cTIQhjOUU0coM8LdStiYGsrQxVNxIQTLL6+S9kU98OvB/WWtcVPEUYYTOIVzCOAKGnAHTWgBgzE8wyu8ecp78d69j0VryStmjuEPvM8fIqiOSQ==</latexit>

Z

<latexit sha1_base64="MZPzi4OB8GZkiJWEbQpsQfa5Fko=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPaGxX635dX8OskqCgtSgQLNf/eoNYpYqrpFJam038BMMM2pQMMlnlV5qeULZhI5411FNFbdhNr91Rs6cMiDD2LjSSObq74mMKmunKnKdiuLYLnu5+J/XTXF4HWZCJylyzRaLhqkkGJP8cTIQhjOUU0coM8LdStiYGsrQxVNxIQTLL6+S9kU98OvB/WWtcVPEUYYTOIVzCOAKGnAHTWgBgzE8wyu8ecp78d69j0VryStmjuEPvM8fIqiOSQ==</latexit><latexit sha1_base64="MZPzi4OB8GZkiJWEbQpsQfa5Fko=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPaGxX635dX8OskqCgtSgQLNf/eoNYpYqrpFJam038BMMM2pQMMlnlV5qeULZhI5411FNFbdhNr91Rs6cMiDD2LjSSObq74mMKmunKnKdiuLYLnu5+J/XTXF4HWZCJylyzRaLhqkkGJP8cTIQhjOUU0coM8LdStiYGsrQxVNxIQTLL6+S9kU98OvB/WWtcVPEUYYTOIVzCOAKGnAHTWgBgzE8wyu8ecp78d69j0VryStmjuEPvM8fIqiOSQ==</latexit><latexit sha1_base64="MZPzi4OB8GZkiJWEbQpsQfa5Fko=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPaGxX635dX8OskqCgtSgQLNf/eoNYpYqrpFJam038BMMM2pQMMlnlV5qeULZhI5411FNFbdhNr91Rs6cMiDD2LjSSObq74mMKmunKnKdiuLYLnu5+J/XTXF4HWZCJylyzRaLhqkkGJP8cTIQhjOUU0coM8LdStiYGsrQxVNxIQTLL6+S9kU98OvB/WWtcVPEUYYTOIVzCOAKGnAHTWgBgzE8wyu8ecp78d69j0VryStmjuEPvM8fIqiOSQ==</latexit><latexit sha1_base64="MZPzi4OB8GZkiJWEbQpsQfa5Fko=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPaGxX635dX8OskqCgtSgQLNf/eoNYpYqrpFJam038BMMM2pQMMlnlV5qeULZhI5411FNFbdhNr91Rs6cMiDD2LjSSObq74mMKmunKnKdiuLYLnu5+J/XTXF4HWZCJylyzRaLhqkkGJP8cTIQhjOUU0coM8LdStiYGsrQxVNxIQTLL6+S9kU98OvB/WWtcVPEUYYTOIVzCOAKGnAHTWgBgzE8wyu8ecp78d69j0VryStmjuEPvM8fIqiOSQ==</latexit>

Z

<latexit sha1_base64="MZPzi4OB8GZkiJWEbQpsQfa5Fko=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPaGxX635dX8OskqCgtSgQLNf/eoNYpYqrpFJam038BMMM2pQMMlnlV5qeULZhI5411FNFbdhNr91Rs6cMiDD2LjSSObq74mMKmunKnKdiuLYLnu5+J/XTXF4HWZCJylyzRaLhqkkGJP8cTIQhjOUU0coM8LdStiYGsrQxVNxIQTLL6+S9kU98OvB/WWtcVPEUYYTOIVzCOAKGnAHTWgBgzE8wyu8ecp78d69j0VryStmjuEPvM8fIqiOSQ==</latexit><latexit sha1_base64="MZPzi4OB8GZkiJWEbQpsQfa5Fko=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPaGxX635dX8OskqCgtSgQLNf/eoNYpYqrpFJam038BMMM2pQMMlnlV5qeULZhI5411FNFbdhNr91Rs6cMiDD2LjSSObq74mMKmunKnKdiuLYLnu5+J/XTXF4HWZCJylyzRaLhqkkGJP8cTIQhjOUU0coM8LdStiYGsrQxVNxIQTLL6+S9kU98OvB/WWtcVPEUYYTOIVzCOAKGnAHTWgBgzE8wyu8ecp78d69j0VryStmjuEPvM8fIqiOSQ==</latexit><latexit sha1_base64="MZPzi4OB8GZkiJWEbQpsQfa5Fko=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPaGxX635dX8OskqCgtSgQLNf/eoNYpYqrpFJam038BMMM2pQMMlnlV5qeULZhI5411FNFbdhNr91Rs6cMiDD2LjSSObq74mMKmunKnKdiuLYLnu5+J/XTXF4HWZCJylyzRaLhqkkGJP8cTIQhjOUU0coM8LdStiYGsrQxVNxIQTLL6+S9kU98OvB/WWtcVPEUYYTOIVzCOAKGnAHTWgBgzE8wyu8ecp78d69j0VryStmjuEPvM8fIqiOSQ==</latexit><latexit sha1_base64="MZPzi4OB8GZkiJWEbQpsQfa5Fko=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPaGxX635dX8OskqCgtSgQLNf/eoNYpYqrpFJam038BMMM2pQMMlnlV5qeULZhI5411FNFbdhNr91Rs6cMiDD2LjSSObq74mMKmunKnKdiuLYLnu5+J/XTXF4HWZCJylyzRaLhqkkGJP8cTIQhjOUU0coM8LdStiYGsrQxVNxIQTLL6+S9kU98OvB/WWtcVPEUYYTOIVzCOAKGnAHTWgBgzE8wyu8ecp78d69j0VryStmjuEPvM8fIqiOSQ==</latexit>

xi

R E - PA R A M E T E R I Z AT I O N



Realistic Image Synthesis SS2024

MOVING DISCONTINUITIES

dω

dx dy

dω

Scene parameter
Cannot differentiate standard Monte Carlo estimates

Pixel integrals

Light integrals

BSDF integrals

Z

<latexit sha1_base64="MZPzi4OB8GZkiJWEbQpsQfa5Fko=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPaGxX635dX8OskqCgtSgQLNf/eoNYpYqrpFJam038BMMM2pQMMlnlV5qeULZhI5411FNFbdhNr91Rs6cMiDD2LjSSObq74mMKmunKnKdiuLYLnu5+J/XTXF4HWZCJylyzRaLhqkkGJP8cTIQhjOUU0coM8LdStiYGsrQxVNxIQTLL6+S9kU98OvB/WWtcVPEUYYTOIVzCOAKGnAHTWgBgzE8wyu8ecp78d69j0VryStmjuEPvM8fIqiOSQ==</latexit><latexit sha1_base64="MZPzi4OB8GZkiJWEbQpsQfa5Fko=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPaGxX635dX8OskqCgtSgQLNf/eoNYpYqrpFJam038BMMM2pQMMlnlV5qeULZhI5411FNFbdhNr91Rs6cMiDD2LjSSObq74mMKmunKnKdiuLYLnu5+J/XTXF4HWZCJylyzRaLhqkkGJP8cTIQhjOUU0coM8LdStiYGsrQxVNxIQTLL6+S9kU98OvB/WWtcVPEUYYTOIVzCOAKGnAHTWgBgzE8wyu8ecp78d69j0VryStmjuEPvM8fIqiOSQ==</latexit><latexit sha1_base64="MZPzi4OB8GZkiJWEbQpsQfa5Fko=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPaGxX635dX8OskqCgtSgQLNf/eoNYpYqrpFJam038BMMM2pQMMlnlV5qeULZhI5411FNFbdhNr91Rs6cMiDD2LjSSObq74mMKmunKnKdiuLYLnu5+J/XTXF4HWZCJylyzRaLhqkkGJP8cTIQhjOUU0coM8LdStiYGsrQxVNxIQTLL6+S9kU98OvB/WWtcVPEUYYTOIVzCOAKGnAHTWgBgzE8wyu8ecp78d69j0VryStmjuEPvM8fIqiOSQ==</latexit><latexit sha1_base64="MZPzi4OB8GZkiJWEbQpsQfa5Fko=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPaGxX635dX8OskqCgtSgQLNf/eoNYpYqrpFJam038BMMM2pQMMlnlV5qeULZhI5411FNFbdhNr91Rs6cMiDD2LjSSObq74mMKmunKnKdiuLYLnu5+J/XTXF4HWZCJylyzRaLhqkkGJP8cTIQhjOUU0coM8LdStiYGsrQxVNxIQTLL6+S9kU98OvB/WWtcVPEUYYTOIVzCOAKGnAHTWgBgzE8wyu8ecp78d69j0VryStmjuEPvM8fIqiOSQ==</latexit>
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EDGE SAMPLING

We currently don’t have good acceleration data structures for this operation.
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REPARAMETERIZE INTEGRALS?

Non-differentiable Monte Carlo estimates

Pixel filter or BRDF

Differentiable Monte Carlo estimates

xi xi
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REPARAMETERIZE INTEGRALS?

Non-differentiable Monte Carlo estimates

Pixel filter or BRDF

Differentiable Monte Carlo estimates

xi xi

Change of variables
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Ours Reference  
(Finite differences)

Without  
changes of variables 
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RESULTS

Ours Reference  
(Finite differences)

Without  
changes of variables 

R E - PA R A M E T E R I Z AT I O N



Realistic Image Synthesis SS2024

RESULTS

Glossy reflection

Shadows

Refraction

Ours Reference  
(Finite differences)

Without  
changes of variables 
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RESULTS

Mesh subdivision

Glossy reflection

Edge sampling 
[Li et al. 2018] Reparameterization Reference 

Finite differences
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FAST INTEGRATION

Dealing with discontinuities is not enough. 

Want to propagate derivative information through complex 
simulations with millions of differentiable parameters.
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DIFFERENTIAL MONTE CARLO

“Monte-Carlo calculation of derivatives of functionals 
from the solution of the transfer equation according to 
the parameters of the system” 
G. A. Mikhailov, Novosibirsk, July 1966

“Monte Carlo Analysis of Reactivity 
Coefficients in Fast Reactors, General 
Theory and Applications” 
L.B. Miller, Argonne Natl. Laboratory,  
March 1967
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DIFFERENTIATING THE RENDERING EQN

Lo(x, w) = Le(x, w) +
Z

S2
Li(x, w0) fs(x, w, w0) cos q dw0
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derivative wrt. scene parameters
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Differential radiance is “emitted” by scene 
objects with differentiable parameters

Differential radiance 
“scatters” like 

normal radiance

 TL;DR
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=
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∂x

<latexit sha1_base64="W04JxOny/6C5wkDt3fbLlm4S+mw="></latexit>



Realistic Image Synthesis SS2024

∂z
∂x

=
∂z
∂y

· ∂y
∂x

<latexit sha1_base64="W04JxOny/6C5wkDt3fbLlm4S+mw="></latexit>

∂z
∂y

<latexit sha1_base64="gbleKtHwaiJq0FL3aPnIY3ZzgXg="></latexit>



Realistic Image Synthesis SS2024



Realistic Image Synthesis SS2024



Realistic Image Synthesis SS2024

Derivative wrt. parameters

Derivative wrt. objective

Dot product (discrete)

Gradients



Realistic Image Synthesis SS2024

Derivative wrt. parameters

Derivative wrt. objective

Dot product (discrete)

Gradients



Realistic Image Synthesis SS2024

Derivative wrt. parameters

Derivative wrt. objective

Dot product (discrete)

Gradients



Realistic Image Synthesis SS2024

Derivative wrt. parameters

Derivative wrt. objective

Dot product (discrete)

Gradients



Realistic Image Synthesis SS2024

Derivative wrt. parameters

Derivative wrt. objective

Dot product (discrete)

Gradients



Realistic Image Synthesis SS2024

Derivative wrt. parameters

Derivative wrt. objective

Dot product (discrete)

Gradients



Realistic Image Synthesis SS2024

Derivative wrt. parameters

Derivative wrt. objective

Dot product (discrete)

Gradients



Realistic Image Synthesis SS2024

Derivative wrt. parameters

Derivative wrt. objective

Dot product (discrete)

Gradients



Realistic Image Synthesis SS2024

WHAT’S WRONG WITH THIS?

1MPix rendering &  
1M parameters:
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WHAT’S WRONG WITH THIS?

∂y
∂x

2 R1000000⇥1000000
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(~3.6 TiB)

1MPix rendering &  
1M parameters:
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DIRECTIONALITY OF DIFFERENTIATION

Forward mode

×
+
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DIRECTIONALITY OF DIFFERENTIATION

Forward mode

×
+

Gradient

struct ad_float {
    float value;
    float derivative;  
};
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DIRECTIONALITY OF DIFFERENTIATION
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DIRECTIONALITY OF DIFFERENTIATION

Reverse mode

×
+
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DIRECTIONALITY OF DIFFERENTIATION

Reverse mode

×
+

Gradient
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DIRECTIONALITY OF DIFFERENTIATION

Reverse mode

×
+

Program execution

Differentiation

Gradient
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Autodiff-based differentiable rendering

Gradient of objective 
w.r.t. each pixel

Primal rendering

Objective function

Reference image

Scene parameters

Backpropagate Adjoint rendering

Radiative backpropagation

Rendering 
algorithm

Vector explosion by upklyak at FreepikR A D I AT I V E  B A C K P R O PA G AT I O N
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Autodiff-based differentiable rendering

Rendering 
algorithm

Reverse-mode AD

@
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Gradient of objective 
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Primal rendering
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Gradients
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RADIATIVE BACKPROPAGATION

Merlin Nimier-David, Sébastien Speierer, 
Benoit Ruîz, Wenzel Jakob

Radiative Backpropagation: An Adjoint 
Method for Lightning-Fast Differentiable 
Rendering

SIGGRAPH 2020
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MOTIVATION: ADJOINT SENSITIVITY METHOD

- -

1.0

0.5
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0.5

1.0

Pontryagin et al.  
1962

For problems with 
a time dimension 

(ODEs, ..)
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“ADJOINT” — THAT SOUNDS FAMILIAR!

s=0, t=3 s=1, t=2 s=2, t=1 s=3, t=0

s=0, t=4 s=1, t=3 s=2, t=2 s=3, t=1 s=4, t=0

s=0, t=5 s=1, t=4 s=2, t=3 s=3, t=2 s=4, t=1 s=5, t=0

s=0, t=6 s=1, t=5 s=2, t=4 s=3, t=3 s=4, t=2 s=5, t=1 s=6, t=0

Bidirectional Estimators for Light Transport
Veach & Guibas, 1994

(Underlying principle: self-adjoint operators)
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Derivatives projected into the scene
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Deriv. from sensor

Product integral
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ANOTHER PERSPECTIVE

Normal rendering
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Radiance Importance- Transporting from sensor/light 
may yield lower variance.
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ANOTHER PERSPECTIVE

Radiance Importance

∂ from objects

Differentiable rendering

- Transporting from sensor/light 
may yield lower variance.

∂ from sensor

Normal rendering
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ANOTHER PERSPECTIVE

Radiance Importance

∂ from objects

±±
Differentiable rendering

- Transporting from sensor/light 
may yield lower variance.

∂ from sensor
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ANOTHER PERSPECTIVE

Radiance Importance

∂ from objects

±±
Differentiable rendering

- Transporting from sensor/light 
may yield lower variance.

- Transporting from objects is 
completely impractical.

∂ from sensor

Normal rendering
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Surface texture optimization

Target stateInitial state
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Optimized texture

Target
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Optimized texture

Target
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Surface BSDF optimization

Reference Initial state

Ours (biased I) Autodiff-based

Ours (biased I+II) Ours0 20 40 60 80 100 120
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Ours (biased I+II)
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Volume density optimization

Mitsuba 2 (AD-based) Radiative Backprop. 
(biased I + II)

Target
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Volume density optimization

Mitsuba 2 (AD-based) Radiative Backprop. 
(biased I + II)

Target
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Volume density optimization

Reference Initial state

Ours (biased I) Autodiff-based

Ours (biased I+II) Ours
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Relative speedups vs autodiff-based
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Surface texture optimization
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TL;DR

• Radiative Backpropagation is “just” another kind  of light transport 
simulation with weird sensors and emitters. 

– Orders of magnitude faster (up to ~1000× in our experiments) 

– Lifts memory limitations entirely 

– Only need to differentiate BSDFs etc. (“easy”) 

– Can build on decades of research 
targeting such problems!
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