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Motivation / State of the Art

* Renderings and details
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Motivation / State of the Art

* Renderings and details

* Error, for instance
abs (R-1)

* Simple error metrics like
MSE or friends

Torus
5 min.
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Motivation / Closer Look at MSE

* Render for some time, e.g., 1 hour

* Compute MSE using a high quality reference
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Motivation / Closer Look at MSE

—— closed form E(MSE * Render for some time,
e.g., 5 minutes

* Compute MSE using a
high quality reference

* MSE depends on N, but
does not converge
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MSE

Motivation / Closer Look at MSE
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Motivation / Goals

* Convergence with N
* Notion of how reliable for a given instance

* Behaviour: frequency content and outliers

12/32



Proxy Algorithm

original proxy short renders
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Proxy Algorithm
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Proxy Algorithm

* Estimate E(MSE)

* Estimate per-pixel
standard deviation
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Proxy Algorithm

 Estimate E(MSE

* Estimate per-pixel standard
deviation

* Behaviour /frequency
content of error and outliers

via short renderings
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Error Spectrum Ensemble (ESE)

a) Errorimages
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Error Spectrum Ensemble (ESE)
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Error Spectrum Ensemble (ESE)
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Error Spectrum Ensemble (ESE)
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Example / Bathroom
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Example / Bathroom
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Example / Bathroom
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Example / Bathroom
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error

Example / Bathroom
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error

Example / Bottle
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Example / Bottle

PT MLT
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Example / Bottle

MLT
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Conclusion / Summary
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Conclusion / Limitations und Future Work

Limitations:

* Proxy algorithm limits convergence rate based on CLT
* High complexity compared to scalar metrics like MSE
* Computation cost (short renderings + 10s of minutes)
Future work:

* Local pixel correlation

* Convergence of biased but consistent algorithms

31/32



End / Questions

/ =
; s 107
Nlo E
(a) Short renderings (b) Error images (e) Fourier error power spectra 107 |
/ 10' t . . . . .
B + 0 50 100 150 200 250
N=4000 Frequency (f)
| N 1 Il Metropolis light transport
ﬁrE‘oMSEn o 1 0 I Path tracing
c*) Estimator for E[MSE d*) Standard deviation *) Error spectrum ensemble (ESE
P

32/32



Breaking up of MLT chains (Veach Door)

108

10°

error

104 -

0 50 100 150 200 250
N=4000 frequency (f)
B 1 CHAIN (RMSE:1.42, s:1.37)
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I 500 CHAINS (RMSE:0.522, s:0.359)
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Changing PSSMLT Parameters (Box / large mutations)

(a) Large mutations 0% (b) 5% (c) 50%

Example short renderings on the left and SDpp on the right
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0 50 100 150 200 250

N=4000 frequency (f)

I 0% (RMSE:2.35, s:1.19)

B 5% (RMSE:1.2, s:0.387)

N 50% (RMSE:0.929, 5:0.193) 34/32
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Changing PSSMLT Parameters (Box / small mutations)

(a) Mutation size 0.01 (b) 0.10 (c) 0.50

Example short renderings on the left and SDpp on the right
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I 0.50 (RMSE:0.834, s:0.168
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error

Smaller N of short renderings (Torus
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error

Smaller N of short renderings (Bottle
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Biased but consistent algorithm

error

0 50 100 150 200 250
N=480 frequency (f)
B SPPM10ITER (RMSE:1.64, 5:0.181)

B SPPM40ITER (RMSE:1.91, 5:0.18)
I SPPM160ITER (RMSE:2.2, 5:0.0669)

Figure 6: ESE of the door scene (Figure 7c) for SPPM, which is
consistent but biased (T is 10 iterations). The ensemble means per-
fectly overlap if the convergence rate is 1/T. In this instance, we
see that this is the case for low frequencies. Middle and higher fre-
quencies have a convergence rate below 1/T, because the 16T line
Is on top.
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