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Variational inference (Beal, 2003)

The goal is to maximise the evidence: p(X).

Using Jensen’s inequality, we get for any distribution qw(Z,θ):

ln p(X) = ln

∫∫
p(X,Z,θ) dZ dθ

>
∫∫

qw(Z,θ) ln
p(X,Z,θ)

qw(Z,θ)
dZ dθ

= ln p(X)−KL[qw(Z,θ)‖p(Z,θ|X)] , −F(w).

A tractable solution is found by assuming qw factorises given the data:

qw(Z,θ) =
∏
n

q(zn; wn)×
∏
m

q(θm; wm).
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Mean field variational inference (MVI)

wn ← arg max
wn

〈ln p(xn|zn,θ)〉 −KL [q(zn; wn)‖p(zn)] ,

wm ← arg max
wm

∑
n

〈ln p(xn|zn,θ)〉 −KL [q(θm; wm)‖p(θm)] .

Monotonic increase of the bound; converges to local maximum.

Priors are conjugate to the likelihood; updates are similar to Gibbs.

Batch method; not suitable for large data sets.

Block-coordinate ascent.
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Stochastic variational inference (SVI) (Hoffman, et al., NIPS 2010)

Let `n(w) = 〈ln p(xn|zn,θ)〉:

wm ← wm + ρt arg max
wm

N`n(w)−KL [q(θm; wm)‖p(θm)] ,

where
∑

t ρt =∞ and
∑

t ρ
2
t <∞.

Noisy, but unbiased estimates of the gradients wrt wm.

Monotonic increase of bound is lost – no sanity check

Small memory footprint; sequential method.

Requires adjusting the learning rate.

Natural gradients wrt qwm
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Incremental variational inference (IVI)

Let `N(w) =
∑

n〈ln p(xn|zn,θ)〉 and s(X,Z) =
∑

n sn(xn, zn) be the
vector of sufficient statistics:

wm ← arg max
wm

`N(s,w)−`n(sn,w) + `n(s∗n,w)−KL [q(θm; wm)‖p(θm)] .

where s∗n(xn, zn) is the new vector of sufficient statistics.

Monotonic increase of bound is recovered!

Need for storing the sufficient statistics.

Sequential, but maintains a batch estimate of s(X,Z).

No parameters to tune.

Can be interpretted as stochastic average gradient descent (SAG).
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Relation to incremental EM (Neal & Hinton, 1993)

ln p(X) = ln

∫∫
p(X,Z,θ) dZ dθ

>
∫∫

q(Z)q(θ) ln
p(X,Z,θ)

q(Z)q(θ)
dZ dθ

= ln p(X)−KL[q(Z)q(θ)‖p(Z,θ|X)] , −F(w).

MVI updates can be re-written as follows:

q(zn; wn) ∝ exp (〈ln p(sn|θ)〉) ,
q(θm; wm) ∝ exp (〈ln p(s|θ)〉¬θm) p(θm).

IVI updates can be re-written as follows:

q(zn; wn) ∝ exp (〈ln p(s∗n|θ)〉) ,
q(θm; wm) ∝ exp (〈ln p(s− sn + s∗n,θ)〉¬θm) .
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Distributed version
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Latent Dirichlet allocation (LDA) (Blei, et al., JMLR 2003)

Simple generative model for text, based on a bag-of-words representation:

document index
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Observations are word counts per
document. LDA assumes an ad-
mixture model:

X ∈ NV×D .

LDA infers a low-rank approximation of the matrix of counts:

E (X) ≈ ΦΘ>, xd ∼ Multinomial(Φθd ,Nd)

where Φ ∈ RV×K
+ , Θ ∈ RD×K

+ and K is small.
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Log-predictive probability for LDA as a function of the
number of processed documents
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IVI converges faster and to a higher value on all considered datasets. (K=100, α0 = 0.5

and β0 = 0.05)



Wall-clock time comparisons and speed-up at MVI
performance
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Left: Wall-clock time (in minutes) comparisons for D-IVI for different number of

machines on Arxiv and Customer Review. Right: Speed-up results of D-IVI for varying

number of machines with respect to single machine.



Effect of the number of topics



Conclusion

Distributed inference framework

Monotonic increase of the bound

Free of learning parameters

Memory requirements scale linearly
with the number of mini-batches

Applicable to other data models

http://arxiv.org/abs/1507.05016
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