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Introduction . .
And the corresponding FD-SSM objective function is: Deep EBM on MNIST: Consistent performance with better
Energy-based model is flexible: time & memory usage
1
p(x) = exp(—E(x))’Z = [ exp(—E(x))dx, Jrp-ssm(0) = ?Epdzlta(fc)Epe(v) [10%109(55 +v) + log pg(z — v) — 2log py(z) Algorithm SM loss i Time Mem.
Z 1 , DSM | —9.47x 10" | 282ms | 3.0G
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FD-SSM* | —3.36 x 10" | 276 ms | 3.7G

15t order derivatives 2nd order derivatives

However, higher order derivatives in deep learning is
computational expensive:

Combination “‘

FD-SSM | —3.33x10°| 230ms | 34G
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VoL(x + v) _ Generated results of deep EBM
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® An approximation of higher order derivatives with
linear time and memory complexity
® \\Vith theoretical guaranteed consistency

We propose using Finite Difference (FD) to approximate
higher derivatives.
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® Accelerate score matching method
Methodology J
There existing a set of coefficients {y;};-1.7+, and Experimental Results Learning curve of FD-SM vs. SM
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