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Gibbs sampling: MCMCmethod to approximate difficult distributions
Idea: Iteratively update each variable conditioned on the others
Algorithm 1:Gibbs sampling (linear scan, sequential)
Data: Variables {zm}Mm=1, distributionD, iterations T
begin

for t = 1 to T do
form = 1 toM do

Re-sample zm fromPD(Zm|Z−m)

Parallelize throughMC properties, connections to SGD



Gibbs sampling for Gaussianmixturemodels (GMMs)
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Figure: Generativemodel for GMMs

µk ∼ N (0, λ2I)

zi ∼ Cat(π)

xi ∼ N (µzi , σ
2I)

Algorithm 2:Gibbs sampling for GMMs (linear scan, sequential)
Data: Data {xi}Ni=1, parameters π, σ2, λ2
begin

Initialize ẑ, µ̂
for t = 1 to T do

for i = 1 toN do
Re-sample ẑi fromP (zi|π, µ̂, xi)

for k = 1 toK do
Re-sample µ̂k fromP (µk|ẑ, x)



Analysis of PRAMGibbs samplingmethods

Chromatic GS: Sample independent sub-chains in parallel
HogWild! GS: Sample all variables asynchronously
Iteratively warmer starts GS:Aggregate independent samplers

Algorithm Work Depth Improvement
Sequential GS O(TNKd) O(TNKd) None
Chromatic GS O(TNKd) O(T (Kd+Nd)) µk, zi parallel
HogWild! GS O(TNKd) O(Kd+Nd) All parallel
IWSGS O(TNKd) O(TNKd) Initialization
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