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Efficient Direct Lighting

Philipp Slusallek



Realistic Image Synthesis SS21 – Efficient Direct Lighting 36

Efficient Sampling of Direct Lighting

• How to handle huge numbers of dynamic light sources 

at interactive rates (in an unbiased way)?

See Bitterli et al., Siggraph 2020



Realistic Image Synthesis SS21 – Efficient Direct Lighting 37

Resampled Importance Sampling (RIS)

• Paper by Talbot [EGSR 2005]
– Randomly select a candidate set of M VPLs (e.g. according 𝑝 ~ 𝐿𝑒)

– Per pixel q compute probability of each VPL 𝑝𝑞 (e.g. according to 

irradiance)

– Select from list according to via CDF over candidate set

𝑝 𝑧 𝑥 =
𝑤(𝑥𝑧)

σ𝑖=1
𝑀 𝑤(𝑥𝑖)

, with w(x)=
𝑝𝑞(𝑥)

𝑝(𝑥)

– Compute contribution

< 𝐿 >𝑅𝐼𝑆=
𝑓(𝑦)

𝑝𝑞(𝑦)

1

𝑀
෍

𝑗=1

𝑀

𝑤(𝑥𝑗)

– Second term correct for the fact that the sampling is from a subset

• Can also be combined with MIS
– Select candidates from N distributions with MIS weights as p

– Cost increases quadratically with N for computing weights 
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Reservoir Sampling
• Choosing N samples from a stream of items

– Length and content of stream may be unknown

– Select probability of replacing an item based on weight to relative to 

already seen items

– Randomly replace one of the existing items

– Replacement happens with desired probability 𝑝 =
𝑤(𝑥𝑚+1)

σ𝑗=1
𝑚+1𝑤(𝑥𝑗)

– Ensures others in previous samples are OK

𝑤(𝑥𝑖)

σ𝑗=1
𝑚 𝑤(𝑥𝑗)

1 −
𝑤(𝑥𝑚+1)

σ𝑗=1
𝑚+1𝑤(𝑥𝑗)

=
𝑤(𝑥𝑖)

σ𝑗=1
𝑚+1𝑤(𝑥𝑗)

– Algorithm of Chao:

– Greatly simplifies 

for N=1 

• No random 

selection



Realistic Image Synthesis SS21 – Efficient Direct Lighting 39

Streaming RIS
• Generating M random samples over all light sources

• Select N via Streaming RIS (via Reservoir Sampling) 
– Proportional to unoccluded contribution

• Computing shadows only for selected N samples
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Extending RIS
• RIS can be extended both spatially and temporally

– Jointly increases sample count by orders of magnituse

– With very little extra work
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Spatiotemporal Reuse
• Multiple Reservoirs can be combined into new reservoir

– Using Reservoir Sampling with input from each reservoir

– Using the weight 𝑤𝑠𝑢𝑚,𝑖 of each reservoir 𝑖

– Can be done in constant time with access to original input streams

• Spatial reuse
– Store reservoir of M samples for each pixel (in an image)

– Combine reservoirs from 𝑘 neighboring pixels

– Takes differences in lighting between these pixels into account

– Can be repeated n times for taking 𝑘𝑛 pixels into account

• Temporal reuse
– Keep multiple such images around from previous time steps

• Taking visibility into account
– Before spatiotemporal reuse, eliminate occluded samples per pixel

– Unlikely to be occluded for spatiotemporally neighboring pixels
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Spatial Reuse
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Spatiotemporal Reuse
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Extensions & Related Work
• Approach can also be modified to be more efficient but 

biased
– See https://web.cs.dartmouth.edu/news/2020/05/rendering-millions-

dynamic-lights-realtime

• Other Related Work: Bayesien Direct Illumination
– See https://cgg.mff.cuni.cz/~jaroslav/papers/2018-

bayesianlighting/2018-vevoda-bayesianlighting-slides.pdf

https://web.cs.dartmouth.edu/news/2020/05/rendering-millions-dynamic-lights-realtime
https://cgg.mff.cuni.cz/~jaroslav/papers/2018-bayesianlighting/2018-vevoda-bayesianlighting-slides.pdf

