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Fig. 3. 2000 samples from a Dirichlet distribution Dir(4, 4,2). The plot shows that all
samples are on a simplex embedded in the three-dimensional space. due to the constraint
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Fig. 4. Bayesian network of the Dirichlet—multinomial unigram model.
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// topic plate

for all topics k € [1.K] do
sample mixture components @ ~ Dir(5)

// document plate:

for all documents me [1.M] do

sample mixture proportion &, ~ Din(&)

sample document length N ~ Poiss(£)

// word plate:

for all words » € [1,Nw] in document m do
sample topic index z, , ~ Mult()
sample term for word wis ~ Mult(@;_ )

Fig. 7. Generative model for latent Dirichlet allocation.
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Fig. 6. Bayesian network of latent Dirichlet allocation.
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Figure 2.1: The procedure of learning LDA by Gibbs sampling.
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Algorithm LdaGibbs([w], a.8.K)

Input: word vectors (i}, hyperparameters a. £. topic number K

Global data: count statistics (n&"}. (nf.'] and their sums {7y ], {m, ), memory for full conditional array p(z|-
Output: topic associations (2}, multinomial parameters @ and @, hyperparameter estimates @, 8

// initialisation

- [ 9
zero all count vanables, n,‘,'. N . ik

k
for all documents m € [1, M] do

for all words n € [1.Ng] in document m do
sample topic index Zy,=k ~ Mult(1/K)
increment document-topic count: gy += 1

increment document-topic sum: nim += 1
- - )
increment topic—term count: s, 's=1
increment topic—term sum: 2y, += 1

~

/ Gibbs sampling over burn-in peried and sampling period
hile not finished do
for all documents m € [1.M] do

=

for all words n € [1. Ng] in document m do

// for the current assignment of & to a term ¢ for word wma:
decrement counts and sums: nl
// multinomial sampling acc. to Eq. (decrements from previous step):

sample topic index k ~ pzJZ.,. %)

—=liam—=1n" = 1im —=1

// for the new assignment of z;, to the term r for word wpy,:

- %) [’
increment counts and sums: My += 110y += ]:n{’ s=1im 4= 1

// check convergence and read out parameters

if converged and L sampling iterations since last read out then

// the different parameters read outs are averaged.
read out parameter set @ according to Eq. [B1]

| read out parameter set @ according to Eq‘@]

Fig. 9. Gibbs sampling algorithm for latent Dirichlet allocation
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