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A Study on Stochastic Variational Inference for Topic Modeling with Word Embeddings
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Probabilistic topic models based on latent Dirichlet Allocation is widely used to extract latent topics from
document collections. In recent years, a number of extended topic models have been proposed, especially Gaussain
LDA(G-LDA) has attracted a lot of attention. G-LDA integrates topic modeling with word embeddings by replacing
discrete topic distribution over word types with multivariate Gaussian distribution on the word embedding space.
This can reflect semantic information into topics. In this paper, we use a G-LDA for our base topic model and
apply Stochastic Variational Inference (SVI), an efficient inference algorithm, to estimate topics. This encourages
the model to analyze massive document collections, including those arriving in a stream.
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1. fork=1to K

(a) Draw topic covariance Xy ~ W™ (¥, p)
(b) Draw topic mean pj, ~ N (u, égk)

2. for each document d in corpus D

(a) Draw topic distribution 84 ~ Dir(cx)
(b) for each word index n from 1 to Ny
(a) Draw a topic z, ~ Categorical(0q)
(b) Draw va,n, ~ N (p2,,2z,)
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2 Eqllog p(v, 2,0, p, B, €]
— Eq[logq(z,0, 1, 3)].
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Algorithm 1 SVI for Gaussian LDA

Define pg £ (to+d)™"
Initialize m, 8, ¥, v randomly.
for d =0to oo do
Estep:
initialize yqx = 1 (The constant 1 is arbitrary.)
repeat
Set pquwr x exp{Eq[log Oar] +
Eq[log N (vaw|pr, Zi)] }
Set yar = @+ Y, NdwPdwk
until % >k lchange in ~yax| < 0.00001
Mstep:
Compute ¢; with Eq.(5)
Set ¢ = (1 — pa)¢ + p:C”
end for
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