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Goals
• Focus on (but not limited to) direct lighting

• Goal: 

• 1’000’000+ dynamic area light sources 

• Correct shadowing and BRDF 

• Large scenes with complex visibility
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Direct Lighting is hard
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Bayesian online regression for adaptive 
direct illumination sampling, 
Vévoda et al. 2018

Importance Sampling of Many Lights with 
Adaptive Tree Splitting, 
Estevez and Kulla 2018

The Design and Evolution of Disney’s 
Hyperion Renderer, 
Burley et al. 2018
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Real-Time is harder



Goals
• Good quality at low sample count (≤4 spp) 

• Everything is dynamic 

• Massively parallel
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Problem Description

14

f (x) = Le(x)r(x)V(x)
cos qi cos qo

r2

• Want to sample product 

• This is hard!
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Related Work
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BRDF ✗ ✗ ✗

Visibility ✓ ✗ ✗

Geometry ✓ ✓ ✓

Vévoda et al. 2018 Estevez & Kulla 2018 Moreau et al. 2019



Related Work
• Overhead at low sample counts 

• Sample only parts of product 

• Maintain complex data structures
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ReSTIR Overview
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ReSTIR Overview
• Approximately sample full product

• No complex data structures

• Constant memory

• Fixed computation per frame

• Simple algorithm
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Method
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Importance Resampling (RIS)
• Approximately sample arbitrary target distribution 

• Can be unnormalized
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[Talbot et al. ’05]
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Importance Resampling (RIS)
• Start with candidate distribution         …

21

[Talbot et al. ’05]

p(x)

“candidates” xi µ p(xi)M

y ⇡ p̂(y) w(xi) =
p̂(xi)
p(xi)
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Importance Resampling (RIS)
[Talbot et al. ’05]

p̂(x)



23

Importance Resampling (RIS)
[Talbot et al. ’05]

p(x)
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Importance Resampling (RIS)
[Talbot et al. ’05]
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Importance Resampling (RIS)
[Talbot et al. ’05]

Z

W
f (x)dx ⇡ f (y) · W

W =
1

p̂(y)
·
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p(x) > 0 p̂(x) > 0Unbiased if                   where
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Resampled Direct Lighting

p(x) µ Le(x)
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Resampled Direct Lighting

p(x) µ Le(x)

p̂(x) = Le(x)r(x)
cos qi cos qo

r2
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Importance Resampling (RIS)
[Talbot et al. ’05]
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• Sampling candidates requires storing them

• Not GPU friendly

• Can we do better?

30

Importance Resampling (RIS)
[Talbot et al. ’05]



Weighted Reservoir Sampling
• Stream-based sampling algorithm
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[M. T. Chao 1982]
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Weighted Reservoir Sampling
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[M. T. Chao 1982]
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Reservoir Resampling
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• Constant memory

• Computation: 
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Reservoir Resampling

O(M)



• Constant memory

• Computation: 

• Can we do better?

39

Reservoir Resampling

O(M)



Reservoir Resampling

40



Improved Reservoir Resampling
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Improved Reservoir Resampling
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p1(x) p2(x)M = 4
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Reservoir Reuse
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Visibility Reuse
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Visibility Reuse

56

Includes visibility!
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w(xi) =
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pRIS(xi)pRIS(x)
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Importance Resampling
[Talbot et al. ’05]

Z

W
f (x)dx ⇡ f (y) · W

W =
1

p̂(y)
·
 

1
M

M

Â
i=1

w(xi)

!



61

Importance Resampling
[Talbot et al. ’05]

Z

W
f (x)dx ⇡ f (y) · W

W =
1

p̂(y)
·
 

1
M

M

Â
i=1

w(xi)

!



62

Importance Resampling
[Talbot et al. ’05]
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Unbiased Reuse
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Unbiased Reuse
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w(xi) = p̂(xi) · WiWi
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Biased Reuse
• Correcting bias is expensive

• Can we minimize it instead?

⟹ Reject potentially troublesome neighbors

• Compare normals/depth

71



Results
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Algorithm Details
• Implemented in Falcor [Benty et al. 2019]

• Initial Resampling: M=32

• Temporal Reuse: Reproject with motion vectors

• Spatial Reuse: Pick 5 random neighbors in 30 pixel disk 

• Repeated twice
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[Moreau et al., 2019], 30ms 20’000 Emitters
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[Moreau et al., 2019], 29ms 23’000 Emitters
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ReSTIR (biased), 16ms 23’000 Emitters
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Conclusion
• Algorithm for sampling arbitrary distributions

• Start with “bad” samples, improve them

• Reuse bad samples over multiple sample points
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Limitations & Future Work
• Higher order bounces?

• World space?

• How to best combine candidates from different distributions?

• Disocclusions, visibility boundaries: Reuse limited

• BRDF etc. too expensive: Proxy needs to be used
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