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Monte Carlo Integration
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Monte Carlo Estimator
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Samples Power Spectrum
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Expected Sampling Power Spectra

In =] Sn@)f(Z

Samples

Poisson Disk




Expected Sampling Power Spectra

k=1

Spectrum

SI(] UOSSIOd

14



Expected Sampling Power Spectra

In :/1 Sn () f(Z) d&

CXpected Spectrum

Poisson Disk

(Psy(v)) = < %Ze_my'fk

15




Variance of Monte Carlo Estimator
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Variance of Monte Carlo Estimator in
Polar Coordinates
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Variance of Monte Carlo Estimator for
Isotropic Sampling Spectra
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Variance of Monte Carlo Estimator for
Isotropic Sampling Spectra
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Variance of Monte Carlo Estimator for
Isotropic Sampling Spectra
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Variance of Monte Carlo Estimator for
Isotropic Sampling Spectra
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Variance of Monte Carlo Estimator for

Isotropic Sampling Spectra
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Latin Hypercube Sampler (N-rooks)
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Latin Hypercube Sampler (N-rooks)

Initialize
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Latin Hypercube Sampler (N-rooks)

Shuffle rows

25



Latin Hypercube Sampler (N-rooks)
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Latin Hypercube Sampler (N-rooks)

Shuffle columns
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Latin Hypercube Sampler (N-rooks)
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Latin Hypercube Sampler (N-rooks)
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Anisotropic Sampling Power Spectra
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Anisotropic Sampling Power Spectra
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Anisotropic Sampling Power Spectra
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Anisotropic Sampling Power Spectra
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33



Anisotropic Sampling Power Spectra
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Anisotropic Sampling Power Spectra
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Anisotropic Sampling Power Spectra
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Sampling in Higher Dimensions
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4D Sampling

2D
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4D Sampling
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Uncorrelated
Poisson Disk

4D Sampling
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4D Sampling Spectra along Projections
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4D Sampling Spectra along Projections
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4D Sampling Spectra along Projections

©J108dg so|duwes
MSI(] UOSSIOd MSI(] UOSSIOd



How can we perform Convergence Analysis
for Anisotropic Sampling Spectra
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Variance Formulation for Anisotropic Sampling Spectra
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Variance Formulation for Anisotropic Sampling Spectra
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Variance Formulation for Anisotropic Sampling Spectra
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Variance Formulation for Anisotropic Sampling Spectra
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Variance Formulation for Anisotropic Sampling Spectra
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Var IN

Variance Formulation for Anisotropic Sampling Spectra
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Var ]N

Variance Formulation for Anisotropic Sampling Spectra
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Variance Formulation for Anisotropic Sampling Spectra
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Variance Formulation for Anisotropic Sampling Spectra
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Convergence Analysis for Anisotropic Sampling Spectra
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Convergence Analysis for Anisotropic Sampling Spectra
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Convergence Analysis for Anisotropic Sampling Spectra
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f(*) Variance due to N-rooks Sampler
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Variance due to N-rooks Sampler
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Variance Convergence of Latin Hypercube (N-rooks)
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Non-Axis Alighed Integrand Spectra
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Non-Axis Alighed Integrand Spectra
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Shearing Multi-Jittered Samples
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How can we determine the
sample shearing parameters ?
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Our Algorithm

1) Develop an oracle using the Frequency Analysis of Light Transport
2) Use this oracle to shear the samples

3) Perform Monte Carlo integration using the sheared samples
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Frequency Analysis of Light Transport
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Related Work

Frequency Analysis of Light Transport Durand et al. [2005]

Depth of Field Soler et al. [2009]
Motion Blur Egan et al. [2009]

Ambient Occlusion Egan et al. [2011] and more...
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Related Work
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Depth of Field Analysis

o~ Virg, CQ/

: T~ oL rfUa//./h/O/an y

! Tl ey,

! S~ STy

| ~ -

| ~ oL

| \\.

| |

| |

| |

| |

| |

| |

| |

| |

| |

| |

| |

| |

1 |
|
|
|
|
|
|
A

71



Depth of Field Analysis

focal plane /
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Depth of Field Analysis
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Depth of Field Analysis

XU Slices

Durand et al. [2005]
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Depth of Field Analysis

XU Slices
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Depth of Field Analysis
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Depth of Field Analysis

Ray space

L) Spatial Fourier

XU Slices
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Depth of Field Analysis
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Depth of Field Analysis

Ray space
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Depth of Field Analysis
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Depth of Field Analysis
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Spectra XU Slices

Light Field gets Sheared
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Spectra along Different Projections
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Uncorrelated
Multi-jittered

Integrand

Spectra along Different Projections
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Variance & Convergence Analysis
with Sheared Samples
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Cornell Box Scene
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Original Uncorrelated-Multidittered Samples
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Convergence improvement after Shearing
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Sheared Uncorrelated Multi-jittered Samples
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Variance improvement after Shearing
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Challenging Cases: XU & YV Projections

Hairline Anisotropy

Sampling Pixel A
XU Spectrum XU Spectrum
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Challenging Cases: XU & YV Projections
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Design Principles for New Sampling Patterns
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Design Principles for New Sampling Patterns

Integrand Spectrum Desired Sampling Spectra
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Thank you for your attention!




