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A CALCULATION OF EACH TERM IN THE ELBO

As described in section 3, the variational distributions for u, z and 7 are:
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B MAXIMISATION OF THE ELBO

Since the ELBO can be evaluated as shown in Appendix A, we can maximise the ELBO w.r.t. “task-specific” variational
parameters by taking derivative, setting it to zero and solving for the parameters of interest.

B.1 VARIATIONAL CATEGORICAL DISTRIBUTION

Note that:
K
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The derivative of L; with respect to r;, can be expressed as:
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where: A is the Lagrange multiplier and In 7, is defined in Eq. (19). Setting the derivative to zero and solving for r;,, give:
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B.2 VARIATIONAL DIRICHLET DISTRIBUTION

The lower-bound related to v;; can be written as:
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Hence, the lower-bound related to v;;, is:
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Taking derivative w.r.t. ;j, gives:
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where ¥(.) is the trigamma function.
Setting the derivative to zero yields a maximum at:
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B.3 MAXIMUM LIKELIHOOD FOR THE TASK-THEME p;, AND 3,

The terms in the objective function relating to 1 can be written as:
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Taking derivative w.r.t. p gives:
M Z Z Pink g (s, — HE)- (32)

=1 n=1

Setting the derivative to zero yields a maximum at:
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The terms in the objective function relating to X, is given as:
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Taking derivative w.r.t. 3, gives:
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Setting the derivative to zero gives:
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B4 MAXIMUM LIKELIHOOD FOR «

The lower-bound with terms relating to o, can be expressed as:
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Taking derivative w.r.t. av, gives:
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The second derivative is, therefore, obtained as:
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One Newton step is therefore:
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