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Score matching

[1] A. Hyvarinen. Estimation of non-normalized statistical models by score matching. Journal of
Machine Learning Research, 6(Apr):695-709, 2005.
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What are the problems ?

i.e. p(x) not defined and thus gradient not defined

— Solution: Add Gaussian Noise

No Support (everywhere)

1.

Inaccurate score estimation in low density regions
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What are the problems ?

1. No Support (everywhere)
i.e. p(x) not defined and thus gradient not defined

— Solution: Add Gaussian Noise

2. Inaccurate score estimation in low density regions
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Results: Qualitative
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Results: Quantitative

Model Inceptionﬁ FID@
CIFAR-10 Unconditional

PixelCNN [59] 4.60 65.93
PixellQN [42] 5.29 49.46
EBM [12] 6.02 40.58
WGAN-GP [18] 786+ .07 364
MoLM [45] 790+ .10 18.9
SNGAN [36] 822+.00 21.7
ProgressiveGAN [25] 8.80 £ .05 -
NCSN (Ours) 8.87+.12 25.32
CIFAR-10 Conditional

EBM [12] 8.30 37.9
SNGAN [36] 8.60 £.08  25.5
BigGAN [6] 9.22 14.73
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NeurlPS 2019 Reproducibility Challenge Blind Report, https://openreview.net/forum?id=SkxCSTqG6H
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The End




