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Input (8 spp)
0.3631 (1.0000⇥)

Ours (Orig.)
0.0085 (0.0235⇥)

Ours (Large)
0.0111 (0.0307⇥)

SBMC
0.0060 (0.0164⇥)

Reference (8192 spp)
rMSE

Introduction
Learning-based denoisers are trained on pairs of noisy and clean 
images, but clean images can be hard to obtain. Noise2Noise 
solves this problem by training on pairs of noisy images [Lehtinen 
et al. 2018]. For zero-mean noise, the  loss is used to recover 
the expectation of the noisy targets , which is equal to the 
clean target  [Lehtinen et al. 2018].


Noise2Noise has a major limitation: nonlinear functions applied 
to the noisy targets will skew the results [Lehtinen et al. 2018]. 
This bias occurs because the nonlinearity  makes the expected 
value of the noisy targets  different from the clean target 

 [Lehtinen et al. 2018]. Nonlinear functions are common in 
image processing, so avoiding them limits the preprocessing that 
can be performed on the noisy targets.
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Experimental Results

𝔼[φ( ̂y)] φ(𝔼[ ̂y])≠

Bounding the Jensen Gap
Our main idea is that we can measure the difference between 
these means. This difference is known as the Jensen gap [Jensen 
1906]. By ensuring that the Jensen gap is small, we can apply 
nonlinear functions to the noisy targets without adding 
significant bias to the results.


We use the method of Liao and Berg [2019] to bound the Jensen 
gap. This bound is based on the curvature of  at the clean target 
, and the variance of the noisy targets :

φ
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𝔼[φ( ̂y)] φ(𝔼[ ̂y])− J(y)Var( ̂y)J(y)Var( ̂y) ≤≤

The bound will be small when the variance is small, but this is 
hard to achieve in practice. The bound will also be small when 

 is nearly linear around the clean target , so we choose  to 
meet this requirement. For bounded distributions, the variance will 
be small near the minimum and maximum [Bhatia and Davis 
2000].   can therefore have some curvature near these minimum 
and maximum values.
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We evaluated our method on a Monte Carlo denoising task. 
Noise2Noise can have trouble with high dynamic range (HDR) 
images, where the  loss is overwhelmed by outliers. We train 
denoising models using 22 different combinations of loss and 
tone mapping functions. Our models with tone mapping of both 
the model output and the target images performed best, 
matching our theoretical predictions.
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We compared our method to training with clean reference images, 
as represented by the original SBMC implementation [Gharbi et al. 
2019]. Our method is represented by the best performing 
configuration above, and we included a version trained on twice 
as much noisy data. These models were evaluated on the SBMC 
test set, which consists of 55 publicly available scenes. Our 
models are close to SBMC for all spp in terms of DSSIM, and 
are close for relative MSE at high spp, but about an order of 
magnitude larger at low spp.

References

A Monte Carlo rendering at 8 samples per pixel (spp), denoised 
with our models, denoised with the SBMC model, and the 
reference rendered at 8192 spp. Our models are trained with 
only noisy data, while SBMC is trained with clean references.

Above, we plot (a) the nonlinear tone mapping functions used for 
our experimental results, (b) the  functions resulting from 
combining these tone mapping functions with some -based 
loss functions, and (c) a graphical representation of the Bhatia-
Davis inequality for bounded probability distributions with 
minimum  and maximum .
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