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Monte Carlo methods are ubiquitous in neural networks [1]:
dropout, weight noise regularization, weight normalization,
pruning/sparsification, initialization, etc. all rely on random
sampling. In fact, various pruning techniques may be
considered special cases of importance sampling [2].

Normalizing the weights of a neuron, they form a probability
distribution function of the connections to the next layer:

Linking Monte Carlo Methods and Neural Networks

Quantizing neural network weights and activations to low
bit-width integers enables higher efficiency, especially with
respect to power consumption.

Importance sampling can be used to generate a lower-
complexity version of a neural network by quantizing
weights and/or activations, with no modification to the
training procedure.
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The figure below shows the accuracy on ImageNet for
models with quantized weights and activations, where the
number of samples is varied. The red lines show accuracy
for full precision and quantized models. The blue and green
lines show the number of bits and the density respectively,
for weights (solid line) and activations (dashed line).
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Importance sampling automatically results in a sparse, 6.11

quantized network, where the complexity is proportional to N
the number of samples taken. We use jittered equidistant 00.07
sampling to improve the quality of the approximation.
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With just 5 binary samples per weight we reach within 0.2%
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for memory accesses in hardware accelerators [1,3].
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