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Paper in a slide

Hierarchical Branch Distribution (HBD)
p(θ,z,y |x)=p(θ)

∏N
i=1 p(zi |θ)p(yi |θ,zi ,xi )

Variational Inference (VI)
Approximate p(θ, z |x , y) with qϕ(θ, z).

θ

z1 z2 z3

y11 y12 y21 y31 y32 y33

x11 x12 x21 x31 x32 x33

What we want? Make sub-sampling work for large models.
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Joint Approach, qJoint
ϕ

θϕ

z1
ϕ z2

ϕ z3
ϕ

Branch Approach, qBranch
v ,w

θv

z1w1 z2w2 z3w3

Our Approach, qAmort
v ,u

θv

z1w1 z2w2 z3w3

qJoint
ϕ (θ,z)=qϕ(θ,z)

qBranch
v,w (θ,z)=qv (θ)

∏3
i=1 qwi (zi |θ) wi=netu(xi ,yi )

Optimize ϕ

Optimize v , {wi}N
i=1 Optimize v , u
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Why use qAmort
v ,u ?

Faster Optimization

qAmort
v ,u updates u with every step.

Provably as accurate

Assuming sufficiently capable netu,
min
v ,u

KL (qAmort
v ,u ∥p) ≤ min

ϕ
KL (qJoint

ϕ ∥p) .

MovieLens dataset. ≈ 160K users. ≈ 18M ratings. ≈ 1.6M variables.
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Locally i.i.d
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Amortized Gaussian VI

Dense Gaussian

Joint Approach Branch Approach Our Approach

N (θ, z |µ,Σ) N (θ|µ0,Σ0)
N∏

i=1
N (zi |µi + Aiθ,Σi) N (θ|µ0,Σ0)

N∏
i=1

N (zi |µi + Aiθ,Σi)

where, (µi ,Ai ,Σi )=netu(xi ,yi )

ϕ = (µ,Σ) v = (µ0,Σ0), w = {µi ,Ai ,Σi}N
i=1 v = (µ0,Σ0), u

Scalable Faster Accurate
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Insights

When N is large, θ collapses.

No need to condition on it.

Large N

Small N


