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S1 Derivation of approximated log-likelihood in (3.2)
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The gradient and Hessian of h(u | β, σ) at u = u∗ are
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diagonal matrix with entries
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Using the matrix determinant lemma, we have
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Substitute (S1.2) to (S1.1) gives

LLA(β, σ) =
∑
j

{
yjη
∗
j − ln

(
1 + eη

∗
j
)}
− 1

2

m∑
i=1

‖u∗i ‖22
σ2
i

−1

2
ln det

(
W ∗−1 +

∑
i

σ2
iZiZ

T
i

)
− 1

2
ln detW ∗ + constant term,

where the constant term equals −n
2

ln 2π.

S2 Derivation of approximated log-likelihood in (3.8)

LLA(β, σ) = h(u∗ | β, σ)− 1

2
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where
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The gradient and Hessian h(u | β, σ) at u = u∗ are
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S3 Proof of ascent property in (3.6)

Proof. From (3.2) the approximated log-likelihood is
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The minorization (2.4) leads to the surrogate function of LLA(σ | β, u∗)
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maximizes the surrogate function g(σ2 | σ2(t)), we have the following in-

equality satisfied

LLA(σ(t+1) | β, u∗) ≥ g(σ2(t+1) | σ2(t)) ≥ g(σ2(t) | σ2(t)) = LLA(σ(t) | β, u∗).

Therefore, the iterates possess the ascent property.


