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Abstract Monte Carlo (MC) integration is used

ubiquitously in realistic image synthesis because of its

flexibility and generality. However, the integration has

to balance estimator bias and variance, which causes

visually distracting noise with low sample counts.

Existing solutions fall into two categories, in-process

sampling schemes and post-processing reconstruction

schemes. This state-of-the-art report summarizes the

recent trends of the post-processing reconstruction

scheme. Recent years have seen increasing attention

and significant progress in denoising MC renderings

with deep learning, by training neural networks to

reconstruct denoised rendering results from sparse MC

samples. Many of these techniques show promising

results in real-world applications, and this report aims

to provide an overview for practitioners and researchers

to assess these approaches.

Keywords Rendering, Monte Carlo Denoising, Deep

Learning, Ray Tracing.

1 Introduction

The synthesis of realistic images of virtual worlds is

one of the primary driving forces for the development

of computer graphics techniques [30, 53]. One

of the firmly established bases for such a purpose

is MC integration [55], which is renowned for its

generality and heavy computational consumption. MC

integration methods are attractive because of two

distinct advantages. First, they offer a unified

framework for rendering almost every physically-based

rendering effect. This significantly reduces the burden
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of exhaustive case-by-case customization of rendering

pipelines. Second, most MC methods guarantee

mathematical convergence to the ground truth, which is

a critical virtue for high-quality rendering that requires

temporal consistency and physical fidelity.

Classic MC integration methods, however, expect a

large number of samples to achieve faithful convergence.

Despite continuously increasing computational power,

the cost of realistic rendering remains a limiting,

practical constraint that takes hours to render one

frame of high-quality images. When using a small

number of samples, the MC integration results often

suffer from estimator variance, which appears as

visually distracting noise. The heavy computational

consumption is one of the primary factors prohibiting

a wider accessibility of MC integration. To address

this problem, common approaches either devise more

sophisticated sampling strategies to increase sampling

efficiency, or develop local reconstruction functions to

trade mathematical convergence for visually appealing

denoising. Such a post-processing scheme is known as

MC denoising, one of the most focused areas in the

rendering community.

Recently, deep learning techniques have earned

unprecedented focus and exceeded many traditional

algorithms in various domains [14, 37]. Derived

from traditional MC reconstruction [70], MC denoising

through the combination with deep learning techniques

achieves notable progress and becomes a hot topic

in recent years. Furthermore, the industry actively

embraces the latest achievements. For example, in the

movie industry, Pixar’s RenderMan [9] adapts adaptive

sampling and denoising filters for the production of Toy

Story 4. Another example [7] in the gaming industry is

to generate high-quality images with low sample counts

for real-time use.

This report summarizes the state-of-the-art

techniques in deep learning-based MC denoising.

We start with a hands-on introduction of the basic

concept and then discuss in details the architecture
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Denoising with Kernel Prediction and Asymmetric Loss Functions
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Fig. 1. We introduce a novel, modular architecture based on kernel-predicting neural networks that performs multi-scale, temporal denoising of rendered
sequences. Our network can be retrained using a small amount of data and performs robustly with artist-control over the variance-bias tradeoff on novel data,
such as these two examples from our test set. © Disney / Pixar, © Disney.

We present a modular convolutional architecture for denoising rendered
images. We expand on the capabilities of kernel-predicting networks by
combining them with a number of task-specific modules, and optimizing
the assembly using an asymmetric loss. The source-aware encoder—the first
module in the assembly—extracts low-level features and embeds them into
a common feature space, enabling quick adaptation of a trained network to
novel data. The spatial and temporal modules extract abstract, high-level
features for kernel-based reconstruction, which is performed at three differ-
ent spatial scales to reduce low-frequency artifacts. The complete network
is trained using a class of asymmetric loss functions that are designed to pre-
serve details and provide the user with a direct control over the variance-bias
trade-off during inference. We also propose an error-predicting module for
inferring reconstruction error maps that can used to drive adaptive sampling.
Finally, we present a theoretical analysis of convergence rates of kernel-
predicting architectures, shedding light on why kernel prediction performs
better than synthesizing the colors directly, complementing the empirical
evidence presented in this and previous works. We demonstrate that our
networks attain results that compare favorably to state-of-the-art methods
in terms of detail preservation, low-frequency noise removal, and temporal
stability on a variety of production and academic data sets.
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1 INTRODUCTION
Monte Carlo (MC) rendering is used ubiquitously in computer an-
imation and visual effect productions [Keller et al. 2015]. Despite
continuously increasing computational power, the cost of construct-
ing light paths—the core component of image synthesis—remains
a limiting practical constraint that leads to noise. Among the many
strategies explored to reduce Monte Carlo noise, image-space de-
noising has emerged as a particularly attractive solution due to its
effectiveness and ease of integration into rendering pipelines.

Until recently, the best-performing MC denoisers were hand-
designed and based on linear regression models [Zwicker et al.
2015]. In publications from last year, however, Bako et al. [2017] and
Chaitanya et al. [2017] demonstrated that solutions employing con-
volutional neural networks (CNN) can outperform the best zero- and
first-order regression models under specific circumstances. Despite
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Fig. 1 Deep learning-based Monte Carlo denoising method trains a neural network to reduce Monte Carlo noises in input images.

This image is excerpted from Refs. [61].

of the area (Sec. 2). Afterward, we provide a

comprehensive overview by categorizing the related

research into three topics:

• pixel denoising (Sec. 3),

• nontrivial-domain denoising (Sec. 4), and

• high-dimensional denoising (Sec. 5).
We then conclude this report by providing the summary

and comparisons of discussed techniques (Sec. 6).

2 Concept of Deep Learning-Based

Monte Carlo Denoising

Classic MC rendering estimates the target c, e.g., a

pixel’s color, through MC integration, as the sum of the

contributions from M samples in the domain Ω, e.g., a

pixel:

c =

∫

Ω

f(s)ds ≈ 1

M

M∑

m=1

f(sm)

p(sm)
, (1)

where f(sm) and p(sm) denote the contribution and

the sampling probability of the m-th sample, sm, on

the pixel, respectively. This general MC integration

produces estimation variance with low sample counts,

leading to visually annoying noise. The problem

inherently motivates the development of MC denoising

techniques to filter the noisy input to achieve a plausible

rendering quality with a reasonable time budget.

MC denoising can be formally described as a mapping

g of an input x to the ground-truth r rendered by a high

sample count (Fig. 1). In the most common case, x is a

tuple correlated to a shading point p, such as a pixel, as

xp = {cp, fp}, where cp is noisy values achieved with low

sample counts and fp is auxiliary features, e.g. surface

normal or textures over multiple samples contributing

to p. While using deep learning, the pursuing of optimal

g can be formulated as the training of a neural network

parameterized by a set of weights θ to represent g.

Through a supervised learning process that utilizes a

dataset with N example pairs of (x1, r1), ..., (xN , rN ),

the estimated parameters θ̂ are optimized via a loss

function ` as:

θ̂ = min
1

N

N∑

n=1

`(rn, g(Xn; θ)), (2)

where Xn is a block of per-pixel vectors around

the neighborhood of xn to produce the reconstructed

output at pixel xn [61]. In reference, the trained

network takes seconds or minutes to generate r̂n =

g(Xn; θ̂), a visually plausible approximation to the

ground-truth that requires hours of rendering. Despite

a lack of rigorous analysis on the guarantee of

mathematical convergence, this approximation reforms

production pipelines by enabling rendering quality that

is visually indistinguishable to the ground-truth in a

much fast running time, approaching to an interactive

rate in a near future.

3 Pixel Denoising

This section covers the approaches for a

basic application scenario of MC denoising, the

reconstruction of a single smooth image with the help

of auxiliary features and noisy inputs. The neural

networks take as input an image with noisy per-pixel

colors, usually samples’ average radiance estimated

by path tracing [30], and predict the corresponding

smoothed image. Because the results of most MC

integration methods can be stacked into the image

space, directly denoising the per-pixel colors can

work as a general post-processing add-on to existing

rendering pipelines without the necessity of reforming

data flows. As thus, pixel denoising soon becomes a

popular solution in the academic society and industry.

We categorize the related researches in pixel

denoising according to prediction targets of neural
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The proposed's result with a cross-bilateral filter (4 spp) The proposed's result with a non-local means filter (4 spp)
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Fig. 2 Result of using the trained network of Kalantari et al. [31] (PPSD) to drive a filter for denoising a new MC rendered

image, with a cross-bilateral filter for the KITCHEN scene (1200 × 800) on the left and with a non-local means filter for the SAN

MIGUEL HALLWAY scene (800 × 1200 ) on the right. Both of these scenes are path-traced and contain severe noise at 4 samples

per pixel (spp). The trained network is able to estimate the appropriate filter parameters and effectively reduce the noise in only a

few seconds. The image is excerpted from Refs. [31].

networks, which imply the underlying problem

formulation of the denoising process. Overall, we

categorize them into parameter prediction, radiance

prediction, and kernel prediction (Tab. 1).

3.1 Parameter Prediction

An early attempt to utilize deep learning in MC

denoising was motivated by a desire to predict optimal

parameters of conventional MC filters [31]. Before

this paper, the most successful MC denoising methods

were based on handcrafted filters using additional scene

features such as shading normals and texture albedo.

The existing challenge was to optimize the parameters,

i.e., filter bandwidths, of the filter models to reduce

noise yet preserve scene details.

Kalantari et al. [31] observed there is a complex

relationship between the noisy scene data and the

ideal filter parameters, and proposed to learn this

relationship through deep learning. The method

uses cross-bilateral and cross non-local means filters

of various auxiliary features (i.e., world positions,

shading normals and texture values, etc.) for the

final reconstruction and a multilayer perceptron (MLP)

neural network [20, 54, 56] to predict optimal weights

for each feature in the filter. To use the framework,

a MLP is first trained in an offline process on a set

of noisy images of scenes with a variety of distributed

effects to regress the optimal filter parameters that

minimize the difference between the reconstructed

output and the ground truth. At run-time, the trained

network can then predict the filter parameters for new

scenes to produce filtered images in only a few seconds.

As shown in Fig. 2, the results were superior to previous

approaches on a wide range of distributed effects such

as depth of field, motion blur, area lighting, glossy

reflections, and global illumination.

Xing et al. [63] also adapted a parameter estimation

network to address the noise artifacts of path tracing.

The method contains sampling and reconstruction

stages. Stein’s unbiased risk estimator (SURE) [59]

is adopted to estimate the noise level per pixel

that guides an adaptive sampling process. A

modified MLP network is then used to predict the

optimal reconstruction parameters. In the sampling

stage, coarse samples are firstly generated, then a

noise level map is estimated with SURE to guide

additional sampling. In the reconstruction stage, the

modified MLP network is adopted to predict optimal

reconstruction parameters of anisotropic filters for the

final images using the extracted features.

3.2 Kernel Prediction

Based on the observation that predicting parameters

of conventional handcrafted filters establishes local

reconstruction kernels for pixels in an indirect way,

another group of fruitful researches aims to directly

predict local reconstruction kernels through the kernel-

predicting networks [4, 13, 61].

The explicit filters are handy to exploit conventional

MC denoising models, but might limit denoising

capability even using deep neural networks to predict

the optimal parameters [4]. To address this problem,

Bako et al. [4] proposed a novel, supervised learning

approach that allows the filtering kernel to be

more complex and general by leveraging a deep

convolutional neural network (CNN) architecture [38,

39]. The approach introduced a novel, kernel-prediction

network, which employs the CNN to estimate the
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local weighting kernels used to compute each denoised

pixel from its neighbors. Through the results, there

has been observed improved accuracy compared to

parameter-predicting MC denoisers and roughly 5 to

6 times faster convergence speed of the weighted kernel

prediction than that of the direct radiance prediction.

Some other training skills have been widely adopted,

and some of them include decomposition of diffuse

and specular components, separation of albedo from

network prediction, and logarithmic transformation of

specular color (Fig. 3).

Vogels et al. [61] expanded the capabilities of kernel-

predicting networks using asymmetric loss functions

that are designed to preserve details and provide the

user with direct control over the variance-bias trade-

off during inference. They also reconstituted the

pipeline with some task-specific modules, including four

distinct components. First, a source-aware encoder

extracts low-level features and embeds them into a

common feature space, enabling quick adaptation of

a trained network to novel data. Second, spatial and

temporal modules extract abstract, high-level features

for kernel-based reconstruction. Third, a complete

network is designed to preserve details and provide the

user with direct control over the variance-bias trade-off

during inference. Forth, an error-predicting module to

infer reconstruction error maps for adaptive sampling.

This modular design enables a production level MC

denoising framework in terms of detail preservation,

low-frequency noise removal, and temporal stability for

various production and academic data sets purpose.

Finally, they shed light on the academic research by

offering a theoretical analysis of convergence rates of

kernel predicting architectures.

MC denoisrs, also known as biased MC estimators,

reduce MC noises by exploring the correlation among

nearby pixels. As a result, they suffer from method-

specific residual noise or systematic errors. Back

et al. [2] aimed to mitigate such remaining errors

by unifying independent unbiased estimator and

correlated biased estimator with a kernel-predicting

neural network. Their framework takes a pair of

images, one with independent estimates, and the other

with the corresponding correlated estimates generated

by existing MC denoisers. A neural network is

trained to exploit the correlation among these two

pixel estimates and output a combination kernel for

the weighted reconstruction of final images. The

results of the unified framework outperform both single

estimators visually and numerically.

3.3 Radiance Prediction

Parameter-predicting and kernel-predicting

frameworks generally have achieved great success,

but the kernel filtering scheme sometimes imposes

restrictions on a flexible fusing with state-of-the-art

deep learning techniques. Therefore, another natural

evolution of deep learning-based MC denoising trains

neural networks to directly predict per-pixel color,

i.e., the outgoing radiance toward viewpoint at each

footprint.

While most MC denoising methods rely on

handcrafted optimization objectives like MSE

or MAPE loss, which do not necessarily ensure

perceptually plausible results, Xu et al. [64] present an

adversarial approach for MC denoising, following an

insight that generative adversarial networks (GANs)

[8, 15] can guide neural networks to produce more

realistic high-frequency details. The adversarial

approach to evaluate the reconstruction is based on the

Wasserstein distance to measure perceptual similarity,

which can be interpreted as the distance between the

denoised and ground truth distributions. In addition,

they adapted a feature modulation method to encode

auxiliary features that allow features to better take

effect at the pixel level, leading to fine-grained

denoising results. Another GAN-based denoising

method also considers denoising rendered images from

a dataset containing 40 Pixar movie image frames with

added Gaussian noise [1]. Because the network does

not take auxiliary features as input, it can also denoise

noisy photographs under natural light and CT scans.

Deep residual network (ResNet) [21] demonstrates

significant improvement over vanilla CNN. In order

to take advantage of the ResNet, a filter-free direct

denoising method based on a standard-and-simple

deep ResNet is trained to remove the noise of MC

rendering [62]. The method directly maps the

noisy input pixels to the smoothed output with only

three common auxiliary features (depth, normal, and

albedo), simplifying its integration to most production

rendering pipelines. With the help of ResNet, the

simple structure yields comparable accuracy compared

to the other state-of-the-arts.

One distinguishing difference between MC denoising

and natural image denoising is that auxiliary features,

e.g., normals, can be extracted from the rendering

pipeline, providing noise-free guidance for image

reconstruction. However, the auxiliary features also

contain redundant information, which reduces the

efficiency of deep learning-based MC denoising. Yang
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Fig. 2. An overview of our general framework. We start by preprocessing di�use and specular data coming from the rendering system independently, and then
feed the information to two separate networks which denoise the di�use and specular illumination, respectively. The output from each network undergoes
reconstruction and postprocessing before being combined to obtain the final, denoised image.

the average loss with respect to the reference values across all the
patches in D:

θ̂ = argmin
θ

1
N

N∑

i=1
`(ci ,д(Xi ;θ )), (3)

In this case, the parameters, θ , are optimized with respect to all the
reference examples, not the noisy information as in Eq. 2. If θ̂ is
estimated on a large and representative training data set, then it can
adapt to a wide variety of noise and scene characteristics.

However, the approach of Kalantari et al. [2015] has several limi-
tations, the most important of which is that the function д(Xi ;θ )
was hardcoded to be either a joint bilateral or joint non-local means
�lter with bandwidths provided by a multi-layer perceptron (MLP)
with trained weights, θ . Because the �lter was �xed, the resulting
system lacked the �exibility to handle the wide range of Monte
Carlo noise that can be encountered in production environments.

To address this limitation, we consider extending the supervised
learning approach to handle signi�cantly more complex functions
forд, which results in more �exibility while still avoiding over�tting.
Thus, we can reduce modeling bias while simultaneously ensuring
the variance of the estimator is kept under control for a suitably
large N . This enables the resulting denoiser to generalize well to
images not used during training.

To do this, we observe that there are three issues inherent to the
supervised learning framework that must be considered to develop
a better MC denoising system:

(i) The function, д, must be �exible enough to capture the com-
plex relationship between input data and reference colors
for a wide range of scenarios. In the following section, we
describe how we model д using deep convolutional networks.

(ii) The choice of loss function, `, is critical. Ideally, the loss
must capture perceptually important di�erences between
the estimated and reference color. However, it must also be
easy to evaluate and optimize. We use the absolute value
loss function, `1, (Sec. 5) and explore its bene�ts in Sec. 7.

(iii) In order for our model to be deep yet avoid over�tting,
we require a large training dataset, D. Since we require
reference images rendered at high sample counts, obtaining

a large data set is extremely computationally expensive.
Furthermore, in order to generalize well, the network needs
examples that are representative of the various e�ects to
be denoised. We describe our data in Sec. 5.

4 DEEP CONVOLUTIONAL DENOISING
In this section, we describe our approach to model the denoising
function д in Eq. (3) with a deep convolutional neural network
(CNN). Since each layer of a CNN applies multiple spatial kernels
with learnable weights that are shared over the entire image space,
they are naturally suited for the denoising task and have indeed been
previously used for traditional image denoising [Xie et al. 2012].
Furthermore, by joining many such layers together with activation
functions, CNNs are able to learn highly nonlinear functions of
the input features, which are important for obtaining high-quality
outputs. Fig. 2 illustrates our entire denoising pipeline. We �rst
focus on the �ltering core of the denoiser—the network architecture
and the reconstruction �lter—and later describe data decomposition
and preprocessing that are speci�c to the problem of MC denoising.

4.1 Network Architecture
We use deep fully convolutional networks with no fully-connected
layers to keep the number of parameters reasonably low. This re-
duces the danger of over�tting and speeds up both training and
inference. Stacking many convolutional layers together e�ectively
increases the size of the input receptive �eld to capture more context
and long-range dependencies [Simonyan and Zisserman 2014].

In each layer l , the network applies a linear convolution to the
output of the previous layer, adds a constant bias, and then applies
an element-wise nonlinear transformation f l (·), also known as
the activation function, to produce output zl = f l

(
Wl ∗ zl−1 + bl

)
.

Here, Wl and bl are tensors of weights and biases (the weights in
W are shared appropriately to represent linear convolution kernels),
and zl−1 is the output of the previous layer. For the �rst layer, we
set z0 = Xp , which provides the block of per-pixel vectors around
pixel p as input to our CNN.

For all layers, we use recti�ed linear unit (ReLU) activations,
f l (a) = max(0,a), except for the last layer, L, where f L (a) = a

ACM Transactions on Graphics, Vol. 36, No. 4, Article 97. Publication date: July 2017.

Fig. 3 An overview of the kernel-predicting framework [4]. It starts by preprocessing diffuse and specular data coming from the

rendering system independently, and then feeds the information to two separate networks, which denoise the diffuse and specular

illumination, respectively. The output from each network undergoes reconstruction (direct reconstruction or weighted reconstruction

through the predicted kernels) and postprocessing before being combined to obtain the final, denoised image. This image is excerpted

from Refs. [4].

et al. [66, 67] focused on the topic of how to extract

useful information from auxiliary features. To address

this problem, they first introduced an end-to-end

CNN model to fuse feature buffers and predict a

residual radiance map between noisy input and GT

to reconstruct a final image. In addition, a high-

dynamic range (HDR) image normalization method is

proposed to train the model on HDR images in a more

efficient and stable way [66]. In a follow-up research,

they proposed an Autoencoder [5, 60] inspired network

structure, Dual-Encoder network with a feature fusion

subnetwork, to fuse auxiliary features firstly. The fused

features and a noisy image are then fed as inputs of a

second encoder network to reconstruct a clean image by

the decoder network [67]. Compared with conventional

solutions using uncompressed auxiliary features, the

method is able to generate satisfactory results in a

significantly faster way.

While deep learning-based MC denoisers

dramatically enhance rendering quality, the results are

less reliable when there is no sufficient information to

calculate the features, such as variance and contrast.

To address this issue, Kuznetsov et al. [36] proposed

a deep learning approach for joint adaptive sampling

and reconstruction of MC rendering results with

extremely low sample counts. In addition to a

conventional MC denoising network, they train a CNN

to estimate sampling maps for guiding adaptive sample

distribution over pixels. Finally, the denoising network

produces denoised images from the adaptively sampled

MC rendering results.

4 Nontrivial-domain Denoising

Conventional MC denoisers work on the image

space, where the basic geometry auxiliary features

can be easily extracted from most rendering pipelines.

This accessibility makes pixel-based MC denoisers a

prevailing choice. However, the physical process of light

transportation is on a high-dimensional space where

some important information is inevitably degraded

when reducing the everything into per-pixel radiance.

To address this, a stream of researches aims to discover

the lost information by utilizing various nontrivial

domains, e.g., sample space and gradient domain,

for high-quality rendering of illumination details or

challenging effects. This section discusses the related

approaches using nontrivial-domain features and their

advantages in single-image denoising (Tab. 1).

4.1 Sample Space

In contrast to the traditional pixel-based MC

denoisers, Gharbi et al. [13] proposed a sample-based

kernel-splatting network. The authors observed that

traditional MC denoisers exploit summary statistics

of a pixel’s sample distributions, which discards much

of the samples’ information and limits their denoising

power. The proposed kernel-spatting network, learning

the mapping between samples and images, embraces

unfamiliar network architecture design to solve multiple

challenges associated with the sample space: the order

of the samples is arbitrary, and those samples should

be treated in a permutation invariant manner. Instead

of conventional gathering kernels, they suggested

predicting spatting kernels that splat individual

samples onto nearby pixels using a convolutional neural
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Sample-based Monte Carlo Denoising using a Kernel-Splatting Network

MICHAËL GHARBI, Adobe and MIT CSAIL
TZU-MAO LI, MIT CSAIL
MIIKA AITTALA, MIT CSAIL
JAAKKO LEHTINEN, Aalto University and NVIDIA
FRÉDO DURAND, MIT CSAIL

8spp input ground truth 8192spp
[Gharbi 2019] 

rMSE = 0.005 (10s)
[Bako 2017]

rMSE = 0.056 (14.6s)

Fig. 1. State-of-the-art pixel-based Monte Carlo denoising algorithms (right) struggle with very noisy inputs rendered with a low sample count (left). Our
method (middle) works with the samples directly, it uses a splatting approach, and is trained using deep learning. This makes it possible to appropriately
handle various components of the illumination (indirect lighting, specular reflection, motion blur, depth of field, etc) more effectively.

Denoising has proven to be useful to efficiently generate high-quality Monte
Carlo renderings. Traditional pixel-based denoisers exploit summary statis-
tics of a pixel’s sample distributions, which discards much of the samples’
information and limits their denoising power. On the other hand, sample-
based techniques tend to be slow and have difficulties handling general
transport scenarios. We present the first convolutional network that can
learn to denoise Monte Carlo renderings directly from the samples. Learn-
ing the mapping between samples and images creates new challenges for
the network architecture design: the order of the samples is arbitrary, and
they should be treated in a permutation invariant manner. To address these
challenges, we develop a novel kernel-predicting architecture that splats indi-
vidual samples onto nearby pixels. Splatting is a natural solution to situations
such as motion blur, depth-of-field and many light transport paths, where it
is easier to predict which pixels a sample contributes to, rather than a gather
approach that needs to figure out, for each pixel, which samples (or nearby
pixels) are relevant. Compared to previous state-of-the-art methods, ours is
robust to the severe noise of low-sample count images (e.g. 8 samples per
pixel) and yields higher-quality results both visually and numerically. Our
approach retains the generality and efficiency of pixel-space methods while
enjoying the expressiveness and accuracy of the more complex sample-based
approaches.
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1 INTRODUCTION
Because Monte Carlo methods rely on stochastic point samples of
an intricate integrand, they often suffer from noise. This motivates
Monte Carlo denoising techniques, which broadly fall into two
categories. Sample-based techniques keep track of the individual
samples, while pixel-based methods work directly on the rendered
image. Most methods operate in pixel space (e.g. [Bako et al. 2017;
Bitterli et al. 2016]). In addition to the noisy input radiance, they
usually exploit first and second order statistics of auxiliary buffers
(like depth, normal, albedo, etc) [McCool 1999]. We argue that, in
many lighting configurations, simple per-pixel aggregates can under-
represent the complexity of the local light transport phenomena, in
particular because the distribution is often multimodal.

We present a new Monte Carlo denoising technique that leverages
the power of deep learning in the following key manners compared
to previous denoising methods:

• Rather than work on pixel-based representations, our input is
the raw set of Monte Carlo samples, which we argue allows
our method to appropriately handle information of different
nature. In particular, depth of field and motion blur generate

ACM Trans. Graph., Vol. 38, No. 4, Article 125. Publication date: July 2019.

Fig. 4 Comparisons between state-of-the-art pixel-based (Bako et al. [4]) and sample-space (Gharbi et al. [13]) MC denoising

algorithms. Sample-space method works with the samples directly, it uses a splatting approach that makes it possible to appropriately

handle various components of the illumination (indirect lighting, specular reflection, motion blur, depth of field, etc) more effectively.

The image is excerpted from Refs. [13].

network. They claimed that, in addition, splatting is

a natural solution to situations such as motion blur,

depth-of-field, and many light transport paths, where

it is easier to predict which pixels a sample contributes

to, rather than to predict gathering kernels that need

to figure out informative relationship between relevant

pixels. The new architecture yields higher-quality

results both visually and numerically in low-sample

count images and distributed-effect images.

Per-sample denoisers come with high computational

costs because of the need to produce kernel weights

and apply a large kernel for each sample in each

pixel, which might limit its usability for higher sample

counts. Based on this observation, Munkberg et

al. [50] proposed to extract a compact representation

of per-sample information by separating samples into

a fixed number of partitions, denoted as layers in

their paper, via a data-driven way that learns unique

kernels weights for each pixel in each layer and how

to composite the filtered layers. This modification

gives a practical denoiser the capability to strike a

good trade-off between cost and quality. Furthermore,

it provides an efficient way to control performance

and memory characteristics, since the algorithm scales

with the number of layers rather than the number

of samples. Using two partitioned sample layers,

the denoiser achieves interactive rates while producing

image quality similar to larger networks.

Assuming that next event estimation (NEE) [18]

is used in the rendering process, Lin et al. [45]

decomposed the features of Gharbi et al. [13] into

sample- and path-space features, where one-bounce

paths are sample-space features and multi-bounce

paths are path-space features. The key insight of

the separation is to decompose the high-frequency

illumination from short paths and low-frequency

illumination from long paths. The three-scale features

- pixel, sample, and path - are combined together

to preserve sharp details, using a feature attention

mechanism and feature extractors.

4.2 Light Field Space
2

Central Ray

light field of

Ray in the local

Fig. 1. The Local Light Field is defined as a 4D function around the center
ray (ω), parameterized by two spatial coordinates (δx and δy) and two
angular coordinates (δθ and δφ ).

they used local Z-buffers to compute illumination from the point
samples, giving indirect illumination. Arbree et al. [8] extended the
approach for subsurface scattering. Wang et al. [3] used point-based
global illumination for participating media. They place volume
samples inside the media, combined with the usual surface samples.
Our method builds on theirs; introducing frequency analysis of
light transport allows us to reduce the number of volume samples,
decreasing the memory footprint and computation time.
Ray / Path Differentials Igehy [9] introduced ray differentials to
ray tracing: using differential geometry to compute the footprint
of a ray, and filter textures accordingly. This first paper only
focused on specular paths. Suykens and Willems [10] extended the
approach to arbitrary general paths, supporting glossy materials
with a computation time scaling quadratically with path length and
also neglecting the effects of the light source.
Frequency Analysis Durand et al. [4] introduced a framework
for the frequency analysis of light transport. They express basic
operations such as transport, occlusion or reflection as operators
on the Fourier spectrum of the light field, allowing predictions on
the frequency content of radiance at any point of the scene. Soler
et al. [11] extended the approach, predicting image bandwidth and
per-pixel variance for the incoming light to adaptively sampling
primary rays. Egan et al. [12] extended the approach to compute
motion blur for moving scenes, and reduce aliasing effects in
sampling. Belcour et al. [5] introduced the covariance matrix to
represent the Fourier spectrum of illumination in a compact way.
The covariance matrix is associated to paths inside the scene,
and computed using path tracing. Belcour et al. [6] extended the
approach to participating media, and Belcour et al. [13] used it for
anti-aliasing for bidirectional light transport.

In this paper, we use covariance tracing for single scattering
computations in the point-based global illumination method. We
compute covariance matrices for each volume sample, and use
them to predict the appropriate kernel size for single scattering
computations during rendering.

3 BACKGROUND

3.1 Covariance Analysis of Light Transport
Durand et al. [4] introduced a framework for frequency analysis of
light transport. They compute the frequency content of the local
light field around a given ray. The local light field is defined as a
4D function, with two dimensions in space and two dimensions in
angle (see Figure 1). Standard operations on light transport, such
as transport in free space or reflection, translate into operations on
the Fourier spectrum of the local light field. Running computations
with the full Fourier spectrum of the local light field is impractical.

Object plane

Incoming direction

Fig. 2. Projection of the local light field to the local frame of the object.

Belcour et al. [5] introduced an approximate representation for the
Fourier spectrum of the local light field: the covariance matrix.

In this paper, we use the framework and notations introduced
by Belcour et al. [6]. The covariance matrix is denoted as Σ. For a
function defined over a 4D domain, it is a 4×4 matrix defined by:

Σi, j =
1∫

Ω f

∫

x∈Ω
(x · ei)(x · e j) f (x)dx,∀(i, j) ∈ {1, · · · ,4}2 , (1)

where ei is the ith vector of the canonical basis of the 4D space
Ω and x · y is the dot product of vectors x and y.

The eigenvectors of the covariance matrix indicate in which
direction function f spreads the most and where it spreads the least;
its eigenvalues are the variance of the function in all 4 principal
directions. The key idea of Belcour et al. [6] is to compute the
covariance matrix of the Fourier spectrum of the local light field
using matrix operations corresponding to basic operations of light
transport (transport in free space, reflection, occlusion). In a second
step, they use these covariance matrix to adapt sampling and
reconstruction to the frequency content.

Table 1 lists basic operations on the local light field: transport
in free space, reflection, refraction, rotation and scaling. For each
of them, we provide the corresponding operation on the covariance
matrix of the Fourier spectrum. We give a detailed description
below.

Transport in Free-Space When light travels in free space,
the local light field undergoes a shear in space. The effect of the
Fourier spectrum is a shear in angle. The covariance matrix Σ′ after
transport over a distance d is:

Σ
′
= T T

d ΣTd , (2)

where Td is the travel matrix for a distance of d and is defined
in Table 1.

Projection When a light ray intersects with a object, we first
transform the local light field into the local frame of the object:
rotate the frame of the light-field to align its X axis along the
intersection between the tangent plane of the light-field and the
tangent plane of the object at the point of intersection, project the
Y axis onto the local tangent plane and rotate to align the light-field
X and Y axis to the local X and Y axis (see Figure 2). The matrix
is shown in Table 1

Boundary Refraction After the light reaches the surface of
participating media, we perform a series of operators: a spatial
shear due to curvature; a mirror reflection; a convolution due to the

Fig. 5 The Local Light Field is defined as a 4D function around

the center ray (ω), parameterized by two spatial coordinates (δx
and δy) and two angular coordinates (δθ and δφ). This image is

excerpted from Refs. [43].

Most MC denoisers only use as features the outgoing

radiance of samples in each pixel, while each sample is

in fact a high-dimensional light path with information

of the light field [41]. Lin et al. [44] observed that these

methods show powerful denoising ability, but tend to

lose geometric or lighting details and to blur sharp

features during denoising. Based on the definition of

the local light field (Fig. 5), the authors adapted a

framework [12] for frequency analysis of light transport

by calculating the frequency content of the local light

field around a given ray. The local light field is

defined as a 4D function, with two spatial dimensions

and two angular dimensions. In the analysis, light

transport operations, such as transport in free space

6
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or reflection, are transformed into operations on the

Fourier spectrum, then approximately represented by

the Fourier spectrum of the local light field, the

covariance matrix [6]. A neural network is proposed

to make use of this covariance matrix, a 4 × 4 matrix

encoding Fourier spectrum of the local light field at each

pixel, to leverage the directional light transportation

information. In addition, the author proposed a

network extracting feature buffers separately from the

color buffer and then integrated two buffers into a

shallow kernel predictor. Finally, they suggested a

improved loss function considering perceptual loss.

These modifications help to preserve illumination

details.

Instead of using light-field-space features for image-

space denoising, another category of researches aims

to directly reconstruct denoised incident radiance field,

i.e., the local light field at each pixel, for advanced goals

such as unbiased path guiding [3, 26, 29]. We cover such

kind of works in Sec. 5.3.

4.3 Gradient Domain

The gradient-domain rendering methods [24, 35,

40] develop a common denoising idea of estimating

finite difference gradients of image colors to solve a

screen-space Poisson problem. The gradient-domain

information is believed to offer additional benefits

because of the frequency content of the light transport

integrand and the interplay with the gradient operator.

A recent work combines this long-existing research

direction with modern CNNs [34]. The new method

replaces the conventional screened Poisson solver with

a novel dense variant of the U-Net autoencoder,

taking auxiliary feature buffers as inputs and using a

perceptual image distance metric as loss functions. The

combination significantly improves the quality obtained

from gradient-domain path tracing and yields notably

improved image quality compared to vanilla image-

space MC denoisers.

In another independent work, Guo et al. [16] propose

to use a multi-branch autoencoder to replace the

Poisson solver. The proposed network end-to-end

learns a mapping from a noisy input image and

its corresponding image gradients to a high-quality

image with low variance. One distinguishing feature

of this work is that the authors train the network

in a completely unsupervised manner by tweaking

a non-trivial loss function between the noisy inputs

and the outputs of the network. The loss function

combines an energy function including a data fidelity

term, a gradient fidelity term, and a regularizer

constructed from selected rendering-specific features.

In this way, the approach avoids the tedious and

sometimes expensive rendering process to generate

noise-free images for training, making it a technically

unsupervised solution.

4.4 Photon Denoising

While path tracing is a general MC integration

approach for realistic rendering, it is not effective

for simulating challenging light transport effects like

caustics. Instead, photon mapping [28, 33] has been

considered as the method of choice for rendering

caustics, but not properly adapted with the trend

led by the progress of deep learning techniques.

A recent research bridges this gap by training a

deep neural network to predict a kernel function

aggregates photon contributions at each shading

point [69]. Photon mapping traces a large number

of photons from the light source, then gathers

the photon contributions at each shading point to

achieve high-quality reconstructions of challenging light

transportation hard to be traced from the camera. The

authors proposed to mitigate the required number of

photons with a network encoding individual photons

into per-photon features, aggregating them in the

neighborhood of a shading point to construct a

photon local context vector, and inferring a kernel

function from the per-photon and photon local context

features. This work combines conventional deep

learning-based denoisers for remaining light transport

paths. The results show promising high-quality

reconstructions of caustic effects with an order of

magnitude fewer photons compared to previous photon

mapping methods and significantly outperform those of

path tracing-based MC rendering in rendering caustic

effects (Fig. 6).

Overfitting Results (3 iters): 1500 epochs

PPM
Network with Radiance

(continue overfitting but slower
so here hasn’t converged yet

with 1500 epochs)

GT

Overfitting Results (3 iters): 1500 epochs

PPM
Network with Radiance

(continue overfitting but slower
so here hasn’t converged yet

with 1500 epochs)

GT
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Fig. 6 The results of photon mapping denoising show high-

quality reconstruction of caustic effects [69]. (a) and (b) The

final results of the proposed method (PPSD). (c) Path-tracing

(PT) results with an image-space denoiser [7]. (d) PT results

without denoiser. (e) Ground truth. This image is excerpted

from Refs. [69].
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Stochastic progressive photon mapping [17] is one

of the important global illumination methods derived

from photon mapping. It can simulate caustic effects

in a progressive way, but suffers from both bias and

variance with limited iterations, leading to visually

annoying MC noise. Zeng et al. [68] recently proposed

a deep learning-based method specially designed

for denoising the biased renderings of stochastic

progressive photon mapping. The method decomposes

the light transportation into two components, caustic

and others, and denoises each part independently.

It also employs additional photon-related auxiliary

features and multi-residual blocks to enhance kernel

predicting neural networks.

5 High-dimensional Denoising

Single-image MC denoisers take as input one

noisy image to produce one high-quality output

without MC noise. However, their single-image

output does not satisfy many applications that

require higher-dimensional outputs. For example,

producing computer animations requires a sequence

of temporally consistent images, and path guiding

to generate unbiased rendering results might need

to denoise the whole incident light field on each

shading point. In these scenarios, pixel-based

MC denoisers are no longer adequate to generate

the high-dimensional outputs without special designs

for high-dimensional signal processing and consistent

constraints. Here we categorize deep learning-based

MC denoisers targeting high-dimensional applications

into three types, temporal rendering, volume rendering,

and radiance field reconstruction, and discuss each in

details (Tab. 1).

5.1 Temporal Rendering

One of the most important MC rendering

applications is to generate a sequence of images

for computer animation or interactive applications.

Among many single-image denoisers, some are focusing

on rendering quality, and others put additional

attention to the balance between quality and speed

to achieve an interactive processing speed. Besides

the processing speed, an essential consideration is to

enhance temporal stability between frames to avoid

low-frequency variances that might lead to serious

flicking artifacts in animation. The pioneering research

is inspired by the good results of using recurrent neural

networks (RNNs) [25, 57] in the context of video

super-resolution and sub-pixel CNNs, and describes

an RNN-based framework that drastically improves

temporal stability for sequences of sparsely sampled

input images [7].

Compared to single-image denoisers, the RNN

network takes sequential images as input to explore

temporal coherency and impose constraints on

temporal consistency. Its primary focus is on the

reconstruction of global illumination with extremely

low sampling budgets at interactive rates. The primary

novelty is the addition of recurrent connections to

the network to improve temporal stability between

frames. In addition, some modifications are suggested

for processing MC noise, allowing larger pixel

neighborhoods while improving the execution speed by

an order of magnitude compared to a naive solution.

The method shows impressive high-quality results at

interactive rates and a promising future of high-quality

real-time denoisers (Fig. 7).

Hasselgren et al. [19] combined temporal denoising

with adaptive sampling to achieve high-quality

rendering with high-frequency details. They proposed

an adaptive rendering method that distributes samples

via spatio-temporal joint training of neural network-

based sample predictors and MC denoisers over

multiple consecutive frames, increasing temporal

stability and image fidelity. An optimized sample

predictor enables the learning of spatio-temporal

sampling strategies, which helps the rendering engine

to adaptively place more samples in disoccluded

regions.20201133 or track specular highlights, where

high-frequency details are hard to reconstruct. Such

a framework allows trade-off between quality and

performance, while running at near real-time rates.

Meng et al. [48] focused on the computation speed

and proposed a novel and practical real-time approach

denoises noisy inputs in a data-dependent bilateral

space, where the differentiable grid enables end-to-

end training of denoising tasks. The proposed neural

network learns to generate a guide image for first

splatting noisy samples into the grid and then slicing

it to read out the denoised data. In such a way,

the approach avoids the explicit computation of per-

pixel weights for large kernels. It achieves high-quality

denoising with fast, spatially uniform filters, leading to

significantly improved speed compared to the vanilla

kernel-prediction techniques.

It is worth noting that the aforementioned kernel-

predicting neural network proposed by Vogel et al. [61]

also contains a temporal denoiser module to boost

temporal stability. However, the authors focus on

animation rendering, which is slightly different from

interactive rendering in terms of future frame visibility.

8
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Fig. 7. Closeups of 1-bounce global illumination results for 1 spp input (MC), axis-aligned filter (AAF), À-Trous wavelet filter (EAW), SURE-based filter (SBF),
and our result. Statistics are in Figure 8. Please consult the supplemental material for full resolution images and video sequences.

�y-through to provide changes in illumination. Classroom has one
directional light source, sky illumination, and a rich set of textures,
thin geometric shapes, and layered materials. The target images are
rendered with 2000 spp for SponzaDiffuse, and with 4000 for the
other scenes.

An alternative solution that would sidestep the concern of su�-
cient scene variety in the training set is to train a network speci�-
cally for a single scene (or a small set of scenes). This could be an
attractive solution for example for a game level; the training would
become a part of the “baking” step and the network would work well

ACM Transactions on Graphics, Vol. 36, No. 4, Article 98. Publication date: July 2017.

Fig. 7 Closeups of 1-bounce global illumination results for 1 spp input (MC), axis-aligned filter [47] (AAF), À-Trous wavelet

filter [10] (EAW), SURE-based filter [42] (SBF), and result of the proposed deep learning-based denoiser [7] (PPSD). Compared to

the conventional method, the deep learning-based MC denoiser yields higher rendering quality and temporal stability. Full resolution

images and video sequences are provided in the project’s main page [51]. The image is excerpted from Refs. [7].

In animation rendering, the temporal consistency

constraints can be imposed on a temporal window,

where the spatial features from previous and future

individual frames can be extracted and warped, using

motion vectors, to match the center frame. In this way,

there is no need to insert recurrent connections to the

module.

5.2 Volume Rendering

As an important section of realistic rendering, volume

rendering [11, 46] significantly contributes to a wide

variety of vivid visual effects for participating media,

9
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such as clouds, fogs, liquid, transparent solid, and

medical data (Fig. 8). However, such rendering

is usually conducted in the 3D space, where exists

a tremendous amount of possible light transport

and scattering among particles, causing difficulties or

performance declines for conventional image-space MC

denoisers. Some recent researches aim to adapt deep

learning techniques to generate high-quality volume

rendering images in the 3D space. This kind of method

shares the same spirit of the discussed MC denoisers so

far, using deep learning techniques to generate smooth

images with a small number of MC samples.

Rendering clouds is considered to be a very

challenging and time-consuming problem due to the

intricacy of Lorenz-Mie scattering and the high albedo.

In order to efficiently synthesize images of atmospheric

clouds using a combination of MC integration and

neural networks, Kallweit et al. [32] approached the

problem in a data-driven way. They trained a

neural network, featured with residual connections,

to predict the spatial and directional distribution

of radiant flux from an offline dataset containing

tens of cloud examples. In inference, the network

takes visibility sample points of the cloud in a new

scene as input to predicts the radiance function for

each shading configuration. The method contributes

a key novelty that each visible sample contains a

feature of a hierarchical 3D descriptor of the cloud

geometry with respect to the shading location and the

light source. While synthesizing images, the method

stochastically samples the first scattering interaction

with delta tracking, estimates direct in-scattering via

MC integration, and predicts indirect in-scattering with

the neural network.

The performance of the deep learning-based clound

rendering approach was later improved by decomposing

the neural network architecture into some parts that

can be precomputed and other parts that should be

inferred at runtime. Panin et al. [52] introduced a

latent space light probes approach that uses a separate

neural network, which accepts as input a descriptor

of a grid cell in the cloud and outputs the light

probe for baking light probes offline. At runtime,

the method uses a separate rendering network that

takes as input a light probe and a much smaller 3D

descriptor. Because collecting 3D descriptors takes

about half of the total rendering time, using light

probes to collect 3D descriptors and minimizing the

size of 3D descriptors dramatically reduce the overall

computational overhead, yielding 2 to 3 times speedup

over the previous approach.

Xu et al. [65] jointly leveraged gradient-domain

information and photon mapping techniques for

rendering homogenous participating media. The

authors adopt the unsupervised gradient-domain deep

learning framework [16] for image reconstruction

of gradient-domain volumetric photon density

estimation. The modified network contains encoded

shift connections and takes as input a separated

auxiliary feature branch, which includes volume-

based auxiliary features such as transmittance and

photon density. The proposed method produces

state-of-the-art rendering quality in volumetric photon

mapping.

In the domain of medical imaging, MC rendering

turned out to be an efficient means to visualize

and understand internal structures, especially for

inexperienced users such as medical students, forensic

staff, and patients. However, the auxiliary features

like depth and normal vital for surface-based MC

denoisers are neither well-defined nor smooth for

medical volumetric data. To address this, Hofmann

et al. [23] transferred surface-based MC denoisers for

the path-traced visualizations of medical volumetric

data. Although noisy, special auxiliary features,

such as model space position, world space normal,

albedo and descriptors of first and second scatter

events, are fed as guiding inputs of the neural network

and contribute to generating high-quality rendering

results from noisy images. Furthermore, the authors

proposed a loss function specifically defined for a

sharp reconstruction of specular highlights and a GAN-

inspired dual autoencoder architecture to enhance the

sharp edges and details like specular highlights, which

are essential for interpretation. The overall architecture

also considers temporal stability of videos via feature

reprojection between frames.

5.3 Radiance Field Reconstruction

Modern pixel-based MC denoisers have prevailed in a

great range of rendering applications with satisfactory

visual results. The denoised results, however, are

mathematically biased estimation without convergence

guarantee, even using hundreds or thousands of

samples per pixel. In order to push the rendering

quality to the edge for applications that are sensitive

to numerical accuracy and visual fidelity, such as

physical simulation, ground truth data generation, and

high-quality rendering, some orthogonal approaches

keep pursuing the ultimate of rendering quality via

unbiased MC estimators. Recently, deep learning-

based techniques are used to reconstruct radiance fields

10
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Deep Scattering: Rendering Atmospheric Clouds with
Radiance-Predicting Neural Networks
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Fig. 1. We synthesize multi-scattered illumination in clouds using deep radiance-predicting neural networks (RPNN). We combine Monte Carlo integration
with data-driven radiance predictions, accurately reproducing edge-darkening effects (left), silverlining (right), and the whiteness of the inner part of the cloud.

We present a technique for efficiently synthesizing images of atmospheric
clouds using a combination of Monte Carlo integration and neural net-
works. The intricacies of Lorenz-Mie scattering and the high albedo of
cloud-forming aerosols make rendering of clouds—e.g. the characteristic
silverlining and the “whiteness” of the inner body—challenging for methods
based solely on Monte Carlo integration or diffusion theory. We approach
the problem differently. Instead of simulating all light transport during ren-
dering, we pre-learn the spatial and directional distribution of radiant flux
from tens of cloud exemplars. To render a new scene, we sample visible
points of the cloud and, for each, extract a hierarchical 3D descriptor of the
cloud geometry with respect to the shading location and the light source.
The descriptor is input to a deep neural network that predicts the radiance
function for each shading configuration. We make the key observation that
progressively feeding the hierarchical descriptor into the network enhances
the network’s ability to learn faster and predict with higher accuracy while
using fewer coefficients. We also employ a block design with residual con-
nections to further improve performance. A GPU implementation of our
method synthesizes images of clouds that are nearly indistinguishable from
the reference solution within seconds to minutes. Our method thus repre-
sents a viable solution for applications such as cloud design and, thanks to
its temporal stability, for high-quality production of animated content.
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1 INTRODUCTION
Efficient and accurate rendering of high-albedo materials is a chal-
lenging problem, especially when the optical properties vary spa-
tially. Heterogeneous densities of aerosols formed into visible struc-
tures, e.g. atmospheric clouds, is one such class of materials that
challenge the efficiency of rendering algorithms. The high reflec-
tivity of liquid droplets and frozen crystals produces appearances
dominated by multiple scattering of light, often on the order of
thousands of photon-matter interactions. Even if the discrete nature
is ignored and the cloud is approximated by a continuous volume,
estimating light transport by solving the radiative transfer equation
(RTE) [Chandrasekhar 1960] is computationally intensive.

Many numerical recipes for synthesizing photorealistic images
are based on Monte Carlo (MC) integration. While these techniques
have been successfully applied to volume rendering, and despite
the theory naturally extends to multi-dimensional problems, MC
rendering of atmospheric clouds faces two challenges. Firstly, the
space of paths that transport non-negligible contributions is many-
dimensional, requiring tremendous amounts of samples to reduce
estimation variance. Secondly, the construction of individual path

2017-09-15 17:58 page 1 (pp. 1-11) ACM Transactions on Graphics, Vol. 36, No. 4, Article 231. Publication date: November 2017.
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(a) Using deep radiance-predicting neural networks to synthesize multi-scattered illumination in clouds. Deep radiance-predicting neural

networks can efficiently reproduce edge-darkening effects (left), silver lining (right), and the whiteness of the inner part of the cloud. This

image is excerpted from Refs. [32].
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Neural Denoising for Path Tracing of Medical Volumetric
Data
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Fig. 1. Neural denoising of path-traced renderings of medical volumetric data from a single sample per pixel
(sppx), compared to the converged ground truth, where each pixel was sampled 1024 times.

In this paper, we transfer machine learning techniques previously applied to denoising surface-only Monte
Carlo renderings to path-traced visualizations of medical volumetric data. In the domain of medical imaging,
path-traced videos turned out to be an efficient means to visualize and understand internal structures, in
particular for less experienced viewers such as students or patients. However, the computational demands for
the rendering of high-quality path-traced videos are very high due to the large number of samples necessary for
each pixel. To accelerate the process, we present a learning-based technique for denoising path-traced videos
of volumetric data by increasing the sample count per pixel; both through spatial (integrating neighboring
samples) and temporal filtering (reusing samples over time). Our approach uses a set of additional features and
a loss function both specifically designed for the volumetric case. Furthermore, we present a novel network
architecture tailored for our purpose, and introduce reprojection of samples to improve temporal stability
and reuse samples over frames. As a result, we achieve good image quality even from severely undersampled
input images, as visible in the teaser image.
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(b) Deep learning-based MC denoising of medical volumetric data from noisy input, compared to the converged ground truth. This image is

excerpted from Refs. [23].

Fig. 8 The combination of volume rendering and deep learning techniques can produce high-quality rendering results with low

rendering cost.

to guide path tracing, known as path guiding [22,

27], for efficiently generating high-quality images with

relatively high samples.

Bako et al. [3] noticed that even the modern deep

learning-based MC denoisers do not produce acceptable

final results for high-quality rendering, and turned

to the recent path guiding techniques that aim to

predict incident radiance filed on each pixel, which

enables guided probability distribution function (PDF)

for first-bounce importance sampling. While existing

path guiding approaches involve expensive online

learning and offer benefits only at high sample counts,

the authors proposed an offline, scene-independent

deep learning-based approach that can importance

sample first-bounce light paths for general scenes.

The predicted incident radiance field contains high-

dimensional directional incident radiance information

to directly modulate per-pixel guiding PDF for

unbiased MC integration, which increases the efficiency

of sampling by putting more samples in informative

directions, e.g., disoccluded regions. The primary

advantage of offline learning is that it uses a data-driven

scheme to learn from a large set of training scenes a

priori, for reconstructing the full incident radiance by

reusing nearby samples. Therefore the expensive online

learning process that uses a large amount of samples

to fit a new scene can be abandoned. In reference, the

trained network takes a small amount of uniform initial

samples as input to predict the full incident radiance

field of each pixel, which is used to guide the remaining

samples to generate the final results.

Instead of single-pass path guiding, another method

takes a progressive adaptive sampling strategy that

iteratively uses last-iteration samples to guide sampling

process in the next iteration [26]. In order to guide

the progressive sampling process, the method considers

the sampling as taking an action that can produce

rewards, i.e., reducing reconstruction errors, and trains

a quality-predicting neural network to predict the gain

of different actions in a deep reinforcement learning

(DRL) way [49, 58]. Via this action-based dynamic

formulation, the quality-predicting neural network can

learn from an offline dataset an optimal sampling

strategy under progressive sampling contexts in unseen

11
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Adaptive Incident Radiance Field Sampling and Reconstruction Using Deep Reinforcement Learning • 6:15

Fig. 14. Equal-time comparisons between biased filtering (KPCN) and un-
biased path guiding (ours) within 1, 2, 8, 30, 60, and 120 minutes from top
to bottom.

difference between biased and unbiased approaches. The render-
ing times allocated for the three rows from top to bottom are 1,
2, 8, 30, 60, and 120 minutes. The resolution is 500 × 500. The SPP
values are 32, 128, 700, 2,900, 5,900, and 11,900 for ours, 40, 140,
800, 3,000, 6,000, and 12,000 for KPCN. As expected, the biased-
filtering approach can generate noiseless results within only a few
minutes, while the result of the unbiased approach is still heavily

Fig. 15. Failure case illustration for the Bathroom scene (800 × 600). The
preview result fails to capture highlight details. The rMSE values are 0.082
(16 SPP) and 0.0015 (1,024 SPP) for the fast preview and unbiased path
guiding, respectively.

corrupted. With approximately half an hour, the numerical errors
between the two approaches become similar. The biased result ap-
pears to be smoother but contains visual artifacts and loses some
geometrical details. By contrast, the unbiased approach gradually
suppresses the noise without introducing bias, which results in
better geometry results. With more time, the unbiased approach
continues to decrease the numerical error, which implies that it
gradually approaches the GT. However, the numerical error of the
biased approach shows no significant decline and visual artifacts
remain in the chess pieces, demonstrating the common features of
biased techniques.

7.5 Failure Case
One limitation of the proposed method is that the BRDF term is
not considered. On the one hand, focusing on the reconstruction
of incident radiance makes the proposed method easily compatible
with various applications, e.g., MIS and light-field rendering. On
the other hand, not considering BRDFs as part of the reconstruc-
tion target negatively affects the application of biased filtering for
fast previews, especially for glossy materials. Although BRDFs can
be integrated into the final image after radiance field reconstruc-
tion, a radiance field resolution introduces a frequency limitation
on the glossy lobe. As shown in Figure 15, compared with the un-
biased path guiding result, the biased fast preview result fails to
capture the highly glossy edges and has a bias when the grazing
angle is viewed.

Another limitation is that our method focuses on first-bounce
radiance field reconstruction. This idea can be extended to multi-
bounce shading points, but it requires a new clustering approach
to represent multiple-bounce vertices as a grid for the network in-
put. Rendering transparent or specular objects causes performance
problems, because they require multi-bounce shading points. Our
method performs radiance reconstruction on only one point, e.g.,
the first nonspecular surface point observed from a mirror. The
other points are simply sampled by their own BRDFs. In addition,
its performance is limited by the training dataset and it cannot
generate smooth results with a small number of SPP, unlike other
image-space filtering methods.

ACM Transactions on Graphics, Vol. 39, No. 1, Article 6. Publication date: January 2020.

Fig. 9 Equal-time comparisons between biased MC denoiser

(Bako et al. [4]) and unbiased path guiding using deep learning

to generate guidance (Huo et al. [26]). The results are rendered

within 1, 2, 8, 30, 60, and 120 minutes from top to bottom. While

the MC denoiser achieves faster convergence with low sample

counts, the deep learning-guided sampling method outperforms

the MC denoiser in high samples and converges to the reference.

This image is excerpted from Refs. [26].

scenes. The method decomposes the overall sampling

process into two atomic sampling actions, doubling

samples and refining directional resolution, and then

uses the quality-predicting neural network to predict

dynamic rewards of the two actions in different

directions of pixels. In order to reconstruct the incident

radiance field from the adaptive samples, the authors

trained a CNN-based 4D neural network to generate

a denoised radiance field for each pixel, which is used

for guiding path tracing in the subsequent iterations.

In general, the deep learning-guided unbiased sampling

process guarantees mathematical convergence with

high samples, resulting in higher rendering quality

compared to that of MC denoisers and other unbiased

rendering approaches (Fig. 9).

Denoised radiance fields can also be directly

integrated into pixel colors for biased rendering [29].

The method uses an autoencoder neural network

to denoise low-sample radiance caches for rendering

indirect illumination, then progressively increases

samples to refine the radiance caches.

6 Conclusion

Thanks to benefits from the unprecedented success

of deep learning techniques, MC denoising has

been attracting strong attention in the past years.

These techniques are naturally compatible with MC

integration, one of the most general rendering

framework used by many rendering pipelines. In

general, they require only minor modification to extract

auxiliary features, support a wide range of applications,

scalable to both high-quality and performance-sensitive

rendering, often GPU and TPU-friendly, and above all,

dramatically decrease the cost of MC rendering. Tab.

1 provides an overview of the discussed methods in this

survey. For classifying different techniques, we use the

following attributes in the summary table:

• Rendering Goals. The exact goals of

the neural networks or systems have been

contributing to a specific target with respect

to the entire rendering pipeline. Possible

attributes of those specific targets include:

PD, Pixel Denoising; RD, Radiance Denoising;

VD, Volumetric data Denoising; AS, Adaptive

Sampling; DE, rendering Distributed Effects; SD,

Sequential images Denoising; and CA, rendering

Caustic Effects.

• Network Inputs. The type of features

the neural networks take as input. Possible

attributes include: P, noisy Pixel colors generated

by MC integration using a small number of

sample per pixel; A, geometry- or scene-related

Auxiliary features such as surface normals, world

positions, and texture albedo; S, Sample colors

defined on each MC samples rather than each

pixel; R, Radiance-field sample colors defined

on the incident radiance field with directional

information; G, Gradient-domain features, e.g.,

gradient maps; O, specific descriptors of nearby
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photon information; V, descriptors of volumetric

and lighting information in the 3D space.

• Network Prediction. The underlying

mathematical models or the expected prediction

outputs of the neural networks. The attributes

can be classified into predicting filter parameters,

predicting filtering kernels, and directly predicting

radiance.

• Rendering Domain. Traditionally, there exist

variants of definitions of the rendering problem

depending on the ways to formulate and abstract

the problem. Deep learning-based MC denoising

techniques inherit such a taxonomy in terms of

the intricacies between input, output, and features

being explored. Common rendering domains

include image domain, sample domain, radiance-

field domain, gradient domain, photon domain,

temporal domain, and volume domain.

• Rendering Speed. Variants of MC denoisers

make different tradeoffs between rendering

quality and performance, thus satisfying different

applications. Currently, deep learning-based MC

denoisers pursue high-quality rendering with

offline speed (O) or achieve interactive (I) frame

rates at the cost of rendering details. The total

time consumption depends on both neural network

inference speed and the minimum spp of noisy

network inputs. Here we report the minimum spp

appears in the original paper.

• Technical Remark. Distinguished technical

features and deep learning techniques used by each

method.
In general, conventional MC integration approaches

perform value estimation through stochastic schemes

per footprint, e.g., pixel or shading point. On the

other hand, deep learning-based MC denoising can

be seen as a complementary postprocessing technique

to explore the generality of spatial, temporal, and

semantic correlations between rendering footprints and

auxiliary features from offline datasets. It is not

mandatory, in the conventional sense, but has achieved

great success in practice and raised a lot of academic

interest by revealing another dimension of the rendering

problem, which is influencing in-depth studies and

might lead to interesting next-generation rendering

applications in the future. Some of the remaining

open problems in this research area include the

pursuits of efficient exploration of the high-dimensional

path space, cooperation with sophisiticated rendering

framework such as metropolis light transportation,

the balance between mathematical convergence and

regression efficiency, exploration of novel features and

deep-learning models, and improved computation speed

for robust real-time rendering. Hopefully, this survey

introduces deep learning-based MC denoising to a large

audience and leads to follow-up researches in different

directions.
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