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Introduction

• Propose new stochastic recurrent model based by unifying successful ideas
from recently proposed architectures.

• At training step, add an auxiliary cost that forces the latent variable to
encode useful information.

• Perform better than alternative approaches.
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Pipeline

Figure: Diamonds and circles respectively represent deterministic and stochastic
states. Dashed lines represent the computation that is part of the inference model.
Double lines indicate auxiliary predictions implied by the proposed auxiliary cost.
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Variational Inference

• Goal : Find MLE

θ∗ = argmax
θ

L(θ;D) =
n∑

i=1
log

∫
z
pθ(xi, z)dz

• By variational inference, we get

log pθ(x) ≥ Eqϕ(z|x) [log pθ(x|z)]− DKL(qϕ(z|x)||pθ(z))

• For a sequential data x = (x1, · · · , xT) and latent variable z = (z1, · · · , zT),
pθ(x|z) =

∏
t pθ(xt|z1:t−1, x1:t−1)
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Model

• Decoder
• ht =

−→f (xt, ht−1, zt) : LSTM model
• pθ(xt+1|x1:t, z1:t) is computed by f(o)(ht).

• Prior
• pθ(zt|x1:t, z1:t−1) = N (zt;µ

(p)
t , σ

(p)
t ) where [µ

(p)
t , log σ

(p)
t ] = f(p)(ht−1)

• Inference Model
• bt =

←−f (xt+1, bt+1) : LSTM model
• qϕ(zt|x) = N (zt;µ

(q)
t , σ

(q)
t ) where [µ

(q)
t , log σ

(q)
t ] = f(q)(ht−1, bt)
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Auxiliary Cost and Learning

• Auxiliary cost
• pξ(bt|zt) = N (bt;µ

(a)
t , σ

(a)
t ) where [µ

(a)
t , log σ

(a)
t ] = f(a)(zt)

• Loss function

L(x) ≥
∑

t
Eqϕ(zt|x) [log pθ(xt+1|x1:t, z1:t) + α log pξ(bt|zt)]

−DKL(qϕ(zt|x1:T)||pθ(zt, x1:t, z1:t−1)) + β log pξ(xt|bt)
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Experiments
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