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Approximate marginalization

Following (Blei and Lafferty, 2006), we lower bound the intractable expectation in (8) by computing the first order Taylor
approximation of the logarithm around an arbitrary location parameter (; > 0,
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Updating the Taylor expansion location parameters.

In each iteration in our inference algorithm we optimize the location parameter of the Taylor expansion to achieve the tightest
possible bound on true marginal likelihood (c.f. equation (9)). The derivative of the variational objective with respect to the
location parameter of the Taylor expansion is
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Stetting the derivative to zero and solving for (; gives the update
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Derivation of the Variational Objective

Recall the variational objective
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The first term is
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where myyr = Kyp K- 2 iy and Agyr = Ko K- 150 K1 Kop,

The second term is
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The negative KL terms are
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The entropy of ¢(z) is
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Finally, summing all terms gives the variational objective
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SVI Updates
In the following we provide more details on how the the parameter updates are derived.

Updating the local variables of ¢(z)

The derivative of £ w.r.t. ¢z is
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Setting the derivative to zero leads to

Gk = exp {w),mpe — ()t Z exp <mkvt + = (Akvt + Ktt)> —log(Cre) + ¥ (Aik) — ¥ (Meo) }-

Inserting the update of the previous update of (i, this simplifies to
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The update for the parameter vector ¢y, is obtained by renormalizing (such that ||¢¢, |[1 = 1).

Updating the global variables

The standard Euclidean gradient of £ with respect to the mean and covariance parameters of ¢(u, ) is
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We now consider the Gaussian distributions g(uy, ) in natural parametrization using 7, , S,w Mo and 0 = %Sk_vl.

Applying formula (11) we obtain the natural gradient w.r.t. natural parameters,

ﬁn&)ﬁ = By — Bro — Kz fpir — 2(— Ckv + E y §KTT)MK‘U
= Bk + Bro © (mgy — 1) — 771(;1)

and

y 1 K1 (2)
ani%))ﬁ *Ckv - 5 i T Ny -

Note that my,, as function of the natural parameters is
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Global td-idf score

To determine important words, we use an extension to the classic tf-idf scoring scheme. The score of a word

y D
score(w) = nﬁ In (n)
dw

where M is the total amount of terms in the corpus, D is the number of documents, ng4,, is the frequency of word w in
document d and 1, = Y, Nw-
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