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Abstract
Dirichlet distributions are an essential building block in many
Bayesian models, particularly those in natural language process-
ing. We propose the Poisson Pólya urn distribution, a novel sparse
approximation to the Dirichlet distribution. We prove its asymptotic
exactness under large data sets. We show that in the popular Latent
Dirichlet Allocation topic model, we can use the Poisson Pólya urn
to define a Gibbs sampler that is massively parallel in all steps, and
uses only sparse data structures. We show that this sampler faster
than the current state-of-the-art, both theoretically and empirically.

Latent Dirichlet Allocation
The canonical topic model

– Used to infer topics in a collection of documents
– Very popular: 20,000+ citations on Google Scholar

N KD

α

θ z w φ

β

α, β, V hyperparameters K number of topics
z topic indicators Φ document-topic probabilities
n topic-word statistic m document-topic statistic

K
(m)
d number of nonzero topics in document d

K( · )
v number of nonzero topics assigned to word type v in n,Φ

Sparse Collapsed Gibbs Sampling
(previous state-of-the-art)
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Performance limited by sparsity in m or n

Not parallelizable without losing convergence theory
Alternatives require Metropolis-Hastings steps – slower mixing

Poisson Pólya Urn approximation
to the Dirichlet distribution

Dirichlet

x =
[

γ1∑k
i=1 γi

, ..,
γk∑k
i=1 γi

]

γi ∼ Gamma($Fi, 1)
Dense

→

Poisson Pólya Urn

y =
[

γ̃1∑k
i=1 γ̃i

, ..,
γ̃k∑k
i=1 γ̃i

]

γ̃i ∼ Poisson($Fi)
Sparse

Theorem. Let x ∼ Dir($,F ) and y ∼ PPU($,F ). Then for all F
we have ||x− y|| → 0 as $ →∞ in the Levy-Prokhorov metric. [1]

Parallel Doubly Sparse
Partially Collapsed Gibbs Sampling
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zi,d | z−i,d,Φ ∝ φk,v(i)(m−i
d,k + α)

Partially Collapsed LDA [2]

φk | z ∼ Dir(nk + β)

O
[
K

(m)
d

] →
Pólya Urn LDA

φk | z ∼ PPU(nk + β)

O
[
min

{
K

(m)
d , K(Φ)

v

}]
Uses sparsity in m and n – the maximum possible

Conditional independence allows parallelism in all documents
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