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Outline

Need for denoising 

Basic noise removal methods 
• bilateral filter

• nonlocal means filter


Making use of extra information 
• arbitrary output value (AOV) buffers

• joint bilateral and joint nonlocal means filters

• denoising components separately


Learned denoisers 
• kernel prediction

• direct output prediction

• kernel splatting



Reducing noise

Monte Carlo integration has variance 

Many ways to reduce 
• more samples

• better importance sampling

• better renderering algorithms

• etc., etc.


This is great, but there is still noise! 
• is the noisy image really our best guess at the real image?

• can we get closer to the real image (visually and numerically) if we tolerate some bias?

• this is the goal of post-processing denoising filters or denoisers

image: Pradeep Sen



Bilateral filter

Recall bilateral filter 
• basic plan: weighed sum 

 
 

 where 


• weghts computed based on both  and  
 

 where 


• some let  and let the box shaped neighborhood define the spatial exent
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original noisy image bilateral filter

im
ag

es
: F

ab
ric

e 
Ro

us
se

lle



Nonlocal means filter

Generalization of bilateral filter 
• instead of comparing the pixels  and , compare patches centered at  and  

 
 

 where 


- here  is a patch of size  centered at zero


• then as before  and 


• to reduce noise in weights: average weights over several patch pairs with same offset: 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original noisy image bilateral filter
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nonlocal means filter f = 3



Nonlocal means refinements

Correcting for variance 
• patch differences are due to both variance and actual differences

• want to weight based on patch difference relative to uncertainty

• so: subtract off the variance, normalize by the variance 

 
 




• estimate and use spatially varying Monte Carlo variance in this correction

w(p, q) = exp [−
d2

p(p, q) − 2σ2

k22σ2 ]
variance of C(p) and C(q)

tuning constant
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Cross bilateral filter

In rendering more information is available than with measured images 
• visible shading point

• visible surface normal

• surface diffuse color

• …


It’s easy to write this information into extra channels in the image

normal surface colorimage color



Cross bilateral filter

Simple adjustment: range distance includes both pixel color and features 
• patch-to-patch color distance  same as before


• feature distance is similar but depends on features rather than colors 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Machine learning for denoising

Next steps in denoising all involved machine learning 
• since this is essentially a business of tuning heuristics, we might expect that…


Will look at some research papers from late 2010s 
• A Machine Learning Approach… [Kalantari et al. 2015 (UCSB)]

• Kernel-Predicting Convolutional Networks… [Bako et al. 2017 (Disney Research)]

• …Recurrent Denoising Autoencoder [Chakravarty et al. 2017 (NVIDIA)]

• …Kernel-Splatting Network [Gharbi et al. 2019 (MIT)]



A Machine Learning Approach…

Built on previous bilateral and NLM filters 

Learns parameters for filters 

Considerable quality/robustness gains



A Machine Learning Approach…

Start with a filter like the ones we saw earlier 

• comes with parameters , , , …, , which can be different for each α β γ1 γK i
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Learnable model for optimal weights

Start with same features as before (color, normal, position, …) 

Fixed calculations compute secondary features 
• {mean, variance} of {samples of pixel, pixels of patch}; feature gradients; other stats

• one-hidden-layer MLP maps 36 features to 6 weights

• NLM filter uses those weights to compute filtered pixel from primary features



Training

New dataset of (noisy, clean) image pairs 
• moderate sized data — 20 scenes, 500 images

• noisy images fed into model

• loss is based on (model output image) – (clean reference image)







Kernel-Predicting Convolutional Networks

Observes performance of previous learned 
method is limited by fixed-function NLM 
filter 

Proposes model that outputs filter weights 
directly 
• requires a larger neural network


Larger training dataset 
• 600 frames from Finding Dory 
• tested on other films, good generalization



Separate models for diffuse and specular components 
• diffuse: divide out albedo and multiply back at the end, to better preserve textures

• specular: log-transform pixel colors and exp at the end, to squash dynamic range

• both: normalize and provide image-space gradients as features


Deep convolutional neural nets for each branch 
• output is a  grid of weights, normalized using softmax, for positive and normalized weights

• 8 hidden layers, 100 channels, 5x5 convolutions

k × k



Training

Dataset: 600 representative frames from Finding Dory 
• refs: 1024spp; inputs: 128spp and 32spp

• features are {RGB mean, gray variance} of {diffuse color, specular color, albedo, depth}

• training is on 65x65 patches, 400 per frame -> 240,000 patches

• loss is L1

• first phase: diffuse, specular trained separately, supervised right at network output

• second phase: fine-tune whole system, supervised on final image





…Recurrent Denoising Autoencoder

Targeting real time performance 

Uses color samples and aux features 

Predicts pixels directly 
• a full 128x128 block at a time


Trained on flythroughs of 3 scenes 

Inference is pretty fast 
• about 15fps at 720p



Architecture

U-Net like architecture (encoder-decoder with skip connections) 
• 3 convolutions per layer in encoder, 2 in decoder


Recurrent connections from each frame to the next 
• enables averaging over time



Training

Data is from 3 scenes 
• several flythroughs of each

• crops of 128x128 pixels by 7 frames

• 10 noisy 1-sample images per reference frame


Loss functions 
• L1 loss on image pixels

• L1 loss on image-space gradients (with some smoothing)

• L1 loss on temporal gradients (just differences of pixels across frames)

• weights ramp up: higher for later frames to help train RNN blocks







factoring out albedo helps training

adding normal helps training



…using a Kernel-Splatting Network

Transposes the weight-prediction approach 
• change computation from a gather to a scatter


Generates weights per sample 
• rather than weights per output pixel

• sample counts might vary in adaptive rendering

• permutation invariance is desired


High quality results 
• but slow inference times



Gathering vs. scattering

Similar averaging over neighborhood 
• u,v are output pixel; x,y are input pixel; s is sample index


• previous methods thought in terms of  — weights to compute pixel u,v from the input


• this method thinks in terms of  — weights to contribute sample x,y,s to the output


Advantages of being per-sample 
• highly blurred effects like motion blur, out-of-focus blur become easier

• outlier sample can just not splat itself 

Kxys|uv

Kuv|xys





Training

Dataset: random piles of objects 

Loss: simply on output image 
• L2 loss

• computed on tonemapped images







Architecture
Samples embedded to 128-dim vectors independently 

All samples communicate “context” via a UNet operating on per-pixel averages 

Samples transformed independently again, using context info 

Final independent-sample network predicts splatting kernels


