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Figure 1: The core structure of our variational au-
toencoder language model. Words are represented
using a learned dictionary of embedding vectors.

KL term

BREIANAZEEHNEERBERTEzY:
1. KLterm # 0
2. B\Hcross entropy term

BEXNMIRH LM, %A ER N RE
HIKLIMBEE YIS REFEAT? 7 7



« XNEHHMMA: PLATVAEZ JT LARE R R 45 K55, BEEEENRREUREER
ilikelihood. M3 AKKIMEMIES T BT A2 A0z, MEIBEREZSLEIK HEs, LA
SER Ty A B A 2 R PRI

« BRTR: HKLIUNLE T —ARE, EZREIT IR R A R 580, BImRREE R R
AREZ WG Bt itz . BEEREENGRIRELT, BEIRTTIZ AR, B RE T 1
T IX A GRS R G e g 2 Fr o X RS DLGEE 12 MAEZIVAERT IR KIS F2 o

8.0
7.0
60 5
50 %
4.0 E
o &
20 g
1.0

KL term weight

' T 0.0
0 10000 20000 30000 40000 50000

Step
= KL term weight — KL term value

Figure 2: The weight of the KL divergence term
of variational lower bound according to a typical
sigmoid annealing schedule plotted alongside the
(unweighted) value of the KL divergence term for
our VAE on the Penn Treebank.



Lagging Inference Networks And Posterior Collapse
In Variational Autoencoders
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Approx.
Posterior Model
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Figure 2: The projections of 500 data samples from a synthetic dataset on the posterior mean space over the
course of training. “iter” denotes the number of updates of generators. The top row is from the basic VAE
training, the bottom row is from our aggressive inference network training. The results show that while the
approximate posterior is lagging far behind the true model posterior in basic VAE training, our aggressive
training approach successfully moves the points onto the diagonal line and away from inference collapse.



Algorithm 1 VAE training with controlled aggressive inference

network optimization.

1: 8, ¢ < Initialize parameters
2: aggressive < TRUE

3. repeat
4: if aggressive then
5: repeat > [aggressive updates]
6: X - Random data minibatch
7: Compute gradients g, + V4L(X; 0. @)
8: Update ¢ using gradients g
9: until convergence
10: X + Random data minibatch
11: Compute gradients gg <+ Vg L(X; 0, ¢)
12: Update @ using gradients gg
13: else > [basic VAE training]
14 X ¢ Random data minibatch
15: Compute gradients gg,4 < V.0L(X; 0, @)
16: Update 6, ¢ using gg ¢
17: end if
18: Update aggressive as discussed in Section (4.2

19: until convergence

A=A

L(x;0,¢) = log pg (x) — PKL(Q'qb (z|x)||pa(z|x))

-

~
marginal log data likelihood  agreement between approximate and model posteriors

E TR :
0" = argmax L(X;60,¢"), where ¢* = argmax L(X; 8, ¢),
0 @

Stopping criterion:

I; = Exp,x) [PxL(ge(z]x)||p(2))] — Dki(qe(2)||p(2)),

Mutual information between z and x under q,(z[X)
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Figure 2: The projections of 500 data samples from a synthetic dataset on the posterior mean space over the
course of training. “iter” denotes the number of updates of generators. The top row is from the basic VAE
training, the bottom row is from our aggressive inference network training. The results show that while the
approximate posterior 1s lagging far behind the true model posterior in basic VAE training, our aggressive
training approach successfully moves the points onto the diagonal line and away from inference collapse.
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Figure 3: Trajectory of one data instance
on the posterior mean space with our ag-
gressive training procedure. Horizontal
arrow denotes one step of generator up-
date, and vertical arrow denotes the in-
ner loop of inference network update.
We note that the approximate posterior
qe(z|x) takes an aggressive step to catch
up to the model posterior pg(z|x).
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True data experiment results

Table 1: Results on Yahoo and Yelp datasets. We report mean values across 5 different random restarts, and
standard deviation is given in parentheses when available. For LSTM-LM™" we report the exact negative log
likelihood.

Yahoo Yelp
Model NLL KL MI AU NLL KL MI AU
Previous Reports
CNN-VAE (Yang et al.|2017 <332.1 10.0 - - <359.1 7.6 - -
SA-VAE + anneal (Kim et al.,|2018] <3275 7.19 - - - - - -
Modified VAE Objective
VAE + anneal 328.6 (0.0)  0.0(0.0) 00(0.0) 0.0(0.0) | 3579(0.1) 0000 000.00 0.0(0.0)
B-VAE (8 =0.2) 332.2(0.6) 19.1(L.5) 3.3(0.1) 20.4(6.8) | 360.7(0.7) 11.7(2.4) 3.0(0.5) 10.0(5.9)
A-VAE (5 =0.4) 328.7(0.1)  63(1.7) 28(0.6) B8.0(52) | 358.2(0.3) 42(04) 2000.3) 4.2(3.8)
3-VAE (5 = 0.6) 328.5(0.1) 03(02) 02(0.1) 1.0(0.7) | 3579(0.1) 02(02) 0.1¢0.1) 3.8(29)
B-VAE (8 = 0.8) 3288 (0.1)  0.0(0.0) 0.0¢0.0) 0.0(0.0) | 358.1(0.2) 0.0(0.0) 0.00.00 0.0(0.0)
SA-VAE + anneal 327.2(0.2) 52(14) 27(05) 98(1.3) | 3559(0.1) 28(05) 1.7(0.3) 8.4(09)
Ours + anneal 326.7 (0.1) 5.7(0.7) 29(0.2) 150(3.5) | 355.9(0.1) 3.8(02) 24(0.1) 11.3(1.0)
Standard VAE Objective
LSTM-LM* 328.0 (0.3) - - - 358.1 (0.6) - - -
VAE 329.0(0.1) 0.0(0.0) 0.0(0.0) 0.0(0.0) | 3583(02) 0.000.0) 00¢0.0) 0.0(0.0)
SA-VAE 3292(0.2) 0.1(0.0) 0.1(0.0) 08(04) | 357.8(0.2) 03(0.1) 030.0) 1.0(0.0)
Ours 328.2(0.2) 56(0.2) 300000 8.00.0) | 356.9(0.2) 34(03) 24(0.1) 74(1.3)




True data experiment results

Table 2: Results on OMNIGLOT dataset. We report mean values across 5 different random restarts, and

standard deviation is given in parentheses when available. For PixelCNN™ we report the exact negative log
likelihood.

Model NLL KL MI AU
Previous Reports
VLAE (Chen et al.|[2017 89.83 - - -
VampPrior (Tomczak & Welling, 2018 89.76 - - -
Modified VAE Objective
VAE + anneal 89.21 (0.04) 1.97 (0.12) 1.79 (0.11) 5.3 (1.0)
3-VAE (3 =0.2) 105.96 (0.38) 69.62(2.16) 3.89(0.03) 32.0(0.0)
A-VAE (7 =0.4) 96.09 (0.36) 44.93(12.17) 3.91(0.03) 32.0(0.0)
3-VAE (3 =0.6) 92.14(0.12)  25.43(9.12) 3.93(0.03) 32.0(0.0)
A-VAE (3 =0.8) 89.15 (0.04) 998 (0.20) 3.84(0.03) 13.0(0.7)
SA-VAE + anneal 89.07 (0.06) 3.32(0.08) 2.63(0.04) RB.6(0.5)
Ours + anneal 89.11 (0.04) 2.36(0.15)  2.02(0.12) 7.2(1.3)
Standard VAE Objective
Pixel CNN~* 89.73 (0.04) - - -
VAE 89.41 (0.04) 1.51 (0.05) 1.43 (0.07)  3.0(0.0)
SA-VAE 89.29 (0.02) 2.55(0.05) 2.20(0.03) 4.0(0.0)

Ours 89.05 (0.05)  2.51(0.14) 2.19(0.08) 5.6 (0.5)
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Figure 5: Training behavior on Yelp. Left: VAE + annealing. Middle: Our method. Right: 3-VAE (8 = 0.2).
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Increasing the expressiveness of approximate posteriors

N N
logpe(X) = Zlogpg(mf) = Zlog /pg(xi,zi)dzi.
i=1 i=1 '

logp(x) = Eqz1a

2 By(zlz)

log (

log (

plz, 2)
(z])

)

plz, z)
q(z|x)

)

)

+ KL (q(z]2) [p(zl)

= Lyaelq]-

ey
(2)

« 1. Normalizing flows

p(l‘a ET)

E log
|\ ook [T, |detz2,

zo~qo(z|)

(5)

« 2. Auxiliary variables:

hierarchical variational models can induce
dependencies between latent variables

; ; p(x, z)r(vlz, 2) |
Ez,‘umq{z;ﬂ:;:} [104:: ( fj(E, 'U|:L‘) )] (6)
= By 108 (B2 - k1 (st 2 ol ))|

(7)
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Figure 2. True Posterior and Approximate Distributions of a VAE with 2D latent space. The columns represent four different datapoints.
The green distributions are the true posterior distributions, highlighting the mismatch with the blue approximations. Amortized: Variational
parameters learmned over the entire dataset. Optimal: Variational parameters optimized for each individual datapoint. Flow: Using a
flexible approximate distribution.



