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In Bayesian probability theory, if the posterior
distributions p( 0 |x) are in the same family as the prior
probability distribution p( 0 ), the prior and posterior
are then called conjugate distributions, and the prior 1s
called a conjugate prior for the likelihood function.
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Symmetric Dirichlet distribution

A very common special case 1s the symmetric Dirichlet
distribution, where all of the elements making up the
parameter vector have the same value. Symmetric
Dirichlet distributions are often used when a Dirichlet
prior 1s called for, since there typically 1s no prior
knowledge favoring one component over another.
Since all elements of the parameter vector have the
same value, the distribution alternatively can be
parametrized by a single scalar value o, called the
concentration parameter( B £ A £).
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When o =1, the symmetric Dirichlet distribution is
equivalent to a uniform distribution over the open
standard (K—1)-simplex, 1.¢€. 1t 1s uniform over all
points 1n 1ts support. Values of the concentration
parameter above 1 prefer variants that are dense,
evenly distributed distributions, 1.e. all the values
within a single sample are similar to each other. Values
of the concentration parameter below 1 prefer sparse
distributions, i.e. most of the values within a single
sample will be close to 0, and the vast majority of the
mass will be concentrated 1n a few of the values.
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a = (m ) = concentration hyperparameter
pla = (p,---,pk) ~ Dir(K a)
X|p = (x1,---,xk) ~ Cat(K,p)
¢ = (¢, --,cx) = number of occurrences of category 1
PlX,a ~ Dir(K,c+a) = Dir(K,c; +o,---,cx + ak)
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G1bbs Sampling
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Algorithm LdaGibbs ({W}, a.f, K)
Input: word vectors {W}, hyperparameters a, 3, topic number K

(k)

Global data: count statistics {n,," }, {n:: '} and their sums {n,,}, {ng}, memory for full conditional array p(z;|-)

Output: topic associations {Z}, multinomial parameters @ and @, hyperparameter estimates a, 3

// initialisation

(k) (0

zero all count variables, n,, , ny, n, ", ng
for all documents m € [1, M] do

for all words n € [1, N,,,] in document m do

sample topic index z,,,=k ~ Mult(1/K)

increment document—topic count: nf,f]' +=1

increment document—topic sum: n,, += 1

(r) 1

increment topic—term count: n,° +=

increment topic—term sum: ny += 1

// Gibbs sampling over burn-in period and sampling period

while not finished do

for all documents m € [1, M] do

for all words n € [1, N,,] in document m do

// for the current assignment of k to a term ¢ for word wy,:

decrement counts and sums: nf,f) —= 11 —= l;Mtl,rJ —=l:np —=1

// multinomial sampling acc. to Eq. |78| (decrements from previous step):

sample topic index k~ pzlZ-i, W)
// for the new assignment of z,, to the term r for word wy,:
increment counts and sums: nf,f} +=1:n,, +=1; ng} +=1;np 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.[§T]

read out parameter set @ according to Eq.[87]
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