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Abstract
This work was originally presented as a technical paper at SIGGRAPH
Asia 2025. The full paper can be found at the project page.

The Noise2Noise method allows for training machine learning-
based denoisers with pairs of input and target images where both
the input and target can be noisy. This removes the need for training
with clean target images, which can be difficult to obtain. However,
Noise2Noise training has a major limitation: nonlinear functions
applied to the noisy targets will skew the results. This bias occurs
because the nonlinearity makes the expected value of the noisy
targets different from the clean target image. Since nonlinear func-
tions are common in image processing, avoiding them limits the
types of preprocessing that can be performed on the noisy targets.
Our main insight is that certain nonlinear functions can be applied
to the noisy targets without adding significant bias to the results.
We develop a theoretical framework for analyzing the effects of
these nonlinearities, and describe a class of nonlinear functions
with minimal bias.

We demonstrate our method on the denoising of high dynamic
range (HDR) images produced by Monte Carlo rendering, where
generating high-sample count reference images can be prohibi-
tively expensive. Noise2Noise training can have trouble with HDR
images, where the training process is overwhelmed by outliers
and performs poorly. We consider a commonly used method of
addressing these training issues: applying a nonlinear tone map-
ping function to the model output and target images to reduce their
dynamic range. This method was previously thought to be incom-
patible with Noise2Noise training because of the nonlinearities
involved. We show that certain combinations of loss functions and
tone mapping functions can reduce the effect of outliers while intro-
ducing minimal bias. We apply our method to an existing machine
learning-based Monte Carlo denoiser, where the original imple-
mentation was trained with high-sample count reference images.
Our results approach those of the original implementation, but are
produced using only noisy training data.
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1 Introduction
There are many applications in image processing where clean im-
ages are hard to obtain, such as with long-exposure photography
or Monte Carlo rendering. In these cases, the noise is gradually
reduced through a lengthy process, making clean images expen-
sive to produce. Denoising offers a solution to this problem, where
the image generating process can be stopped before convergence,
and post-processing techniques can be applied to reduce the re-
maining noise to an acceptable level. Denoising has contributed to
recent successes in adapting Monte Carlo rendering for real-time
applications, for example. Common denoising methods use either
hand-tuned filters or machine learning models to reduce the noise.

Learning-based denoisers are trained on large datasets of images
and their associated feature data. In the supervised learning setting,
these datasets contain pairs of noisy images with their correspond-
ing clean reference images. However, difficulty in obtaining clean
references presents a challenge to training denoisers with super-
vised learning. A potential solution to this problem is to remove the
need for clean reference images by changing to a different learning
setting where clean references are not required. One such method
is Noise2Noise, a weakly supervised learning approach where de-
noisers are trained with pairs of noisy images [Lehtinen et al. 2018].
For the common case where the noise distribution has zero mean,
Noise2Noise is used with the 𝐿2 loss to recover the expectation of
the noisy targets E[𝑦], which is equal to the clean target 𝑦 [Lehti-
nen et al. 2018]. The error from the noisy targets approaches zero
as the number of training examples increases [Lehtinen et al. 2018].

Noise2Noise, in the zero-mean noise setting, has a major limi-
tation: nonlinear functions applied to the noisy targets will skew
the results [Lehtinen et al. 2018]. This bias occurs because the non-
linearity 𝜑 makes the expected value of the noisy targets E[𝜑 (𝑦)]
different from the clean target 𝜑 (E[𝑦]) [Lehtinen et al. 2018], since
in general E[𝜑 (𝑦)] ≠ 𝜑 (E[𝑦]). Nonlinear functions are common in
image processing, so the current practice of avoiding nonlinearity
limits the types of preprocessing that can be performed on the noisy
targets. Our main insight is that certain nonlinear functions can be
applied to the noisy targets without adding significant bias to the re-
sults. We develop a theoretical framework, based on the Jensen gap
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E[𝜑 (𝑦)] − 𝜑 (E[𝑦]) [Jensen 1906], for analyzing the effects of these
nonlinearities on Noise2Noise training. We then use our framework
to describe a class of nonlinear functions with minimal bias.

Noise2Noise training has been widely adopted for other denois-
ing problems, but has not seen wide adoption for the denoising
of Monte Carlo rendered images. Monte Carlo rendering is a ran-
domized algorithm that samples the space of possible light paths
through a scene. Although this process converges in the limit to
the correct image, achieving a low noise level can require many
thousands of samples, which can be prohibitively expensive. Monte
Carlo noise has zero mean, which makes it an ideal candidate for
Noise2Noise training. However, Monte Carlo renderings often have
a high dynamic range (HDR) spanning many orders of magnitude,
especially at low samples per pixel (spp). Noise2Noise training can
have trouble with HDR images, where the 𝐿2 loss is overwhelmed
by outliers and the training fails to converge [Lehtinen et al. 2018].
The Noise2Noise authors offer a solution to this problem with their
𝐿HDR loss function [Lehtinen et al. 2018], but in our testing this
solution is insufficient, and the training still performs poorly. We
attribute this difference in our findings to our more complex model
and our significantly larger and more varied training dataset.

One existing solution to the HDR training issues is to apply a non-
linear tone mapping function to the model output and target images
to reduce their dynamic range [Gharbi et al. 2019]. This method was
previously thought to be incompatible with Noise2Noise training
because of the nonlinearities involved [Lehtinen et al. 2018]. We
show that this method can in fact be used with Noise2Noise training.
We apply our theoretical framework to show that certain combina-
tions of loss functions and tone mapping functions can reduce the
effect of outliers while introducing minimal bias to the results. Our
experimental results confirm the effectiveness of this approach. We
apply our method to an existing machine learning-based Monte
Carlo denoiser [Gharbi et al. 2019], where the original implemen-
tation was trained with high-sample count reference images. Our
denoising results approach those of the original implementation,
but are produced using only low-sample count noisy training data.
Monte Carlo denoising of varied scenes with complex models is
therefore an example of an application where training from noisy
data is made possible by our nonlinear Noise2Noise method.

2 Related Work
2.1 Weakly Supervised Image Denoising
Noise2Noise [Lehtinen et al. 2018] was not the first work to rec-
ognize that clean reference images are not necessary for image
denoising. Outside of machine learning methods, there are classic
algorithms such as NLM [Buades et al. 2005] and BM3D [Dabov
et al. 2007] that denoise a single noisy image without requiring
any additional information. These methods look at statistical in-
formation from the rest of the image to determine how to denoise
a particular pixel. Within machine learning, Noise2Noise is the
first denoising method that can learn from noisy images without
requiring prior knowledge of either the noise distribution or the dis-
tribution of the clean images [Lehtinen et al. 2018]. Other methods
that can train on noisy images, such as AmbientGAN [Bora et al.
2018] and GradNet [Guo et al. 2019], require either an explicit statis-
tical model of the noise (AmbientGAN), or additional regularization

that makes assumptions about the clean results (GradNet). In the
case of Monte Carlo denoising, the noise distribution cannot be
characterized analytically, so methods with the former requirement
cannot be used [Lehtinen et al. 2018].

Since the publication of Noise2Noise, several works have ex-
tended the idea so that only individual noisy images are required for
training, rather than the noisy image pairs required by Noise2Noise
[Lehtinen et al. 2018]. These works include Noise2Void [Krull et al.
2019], Noise2Self [Batson and Royer 2019], and the work of Laine
et al. [2019]. Our idea of applying nonlinearity to the noisy targets
can equally be used with these methods and others that make use
of the Noise2Noise property. Single-image denoising is useful in
settings where noisy image pairs are difficult to obtain, such as in
biomedical imaging. However, these methods generally come with
reduced performance when compared to Noise2Noise because they
have less information available during training [Krull et al. 2019]. It
therefore makes sense to use Noise2Noise in settings such as Monte
Carlo denoising, where noisy image pairs are easy to obtain.

This work is a continuation of previous experimental work by
the first author [Tinits 2022]. To our knowledge, these two works
are the first to successfully apply nonlinear functions to the noisy
targets in Noise2Noise training.

2.2 Monte Carlo Denoising
Monte Carlo denoising methods can be separated into two main cat-
egories: traditional algorithms, and machine learning-based meth-
ods. We briefly review machine-learning based methods below. For
a more comprehensive review, see the survey papers by Zwicker
et al. [2015] and Huo and Yoon [2021].

The use of machine learning for Monte Carlo denoising was ini-
tiated by Kalantari et al. [2015], who used a multi-layer perceptron
(MLP) to predict the parameters of a cross-bilateral filter. Bako et al.
improved this idea by using a deep convolutional neural network
(CNN) to predict filter kernels separately for each pixel [2017]. This
kernel prediction idea is used by many later works [Back et al.
2020; Gharbi et al. 2019; Lin et al. 2020, 2021; Meng et al. 2020;
Munkberg and Hasselgren 2020; Vogels et al. 2018]. Other recent
works take the simpler approach of predicting the pixel radiances
directly [Chaitanya et al. 2017; Guo et al. 2019; Lu et al. 2020; Wong
and Wong 2019; Xu et al. 2019; Yang et al. 2018, 2019]. Gharbi et al.
propose another alternative where splatting kernels are used to
allow individual pixels to determine their own contributions [2019].
This concept is extended by Munkberg and Hasselgren [2020], who
divide the samples into layers and filter them separately to im-
prove efficiency, and by Lin et al. [2021] and Cho et al. [2021],
who add information about individual Monte Carlo paths. Other
recent works use different model architectures, such as generative
adversarial networks (GANs) [Lu et al. 2021, 2020; Xu et al. 2019],
self-attention [Chen et al. 2023, 2024; Oh and Moon 2024; Yu et al.
2021], and diffusion models [Vavilala et al. 2024]. Several works
in recent years have explored unsupervised learning [Back et al.
2022; Choi et al. 2024; Guo et al. 2019; Xu et al. 2020]. Weakly su-
pervised learning for Monte Carlo denoising was studied by Cho
et al. [2021], but their method uses high-sample count reference
images for training.
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