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1. Background:

iati intr. /e tr rior [1
a. Variational Autoencoder tractable true posterior [1]

Pe (z]x)
x) probabilistic v o (z]2) | probabilistic pe (%)
¢ encoder e _ decoder 0
approximate posterior

conditional log-likelihood KL regularization
LE1po (6, 9, x) q¢(z|x) [logpg (x]2)] — D, (qcp (z|x)[|pe (2))
q¢(z|x) [log pe (x]|2) — logqy (z]x) + logpe(2)]
q¢(z|x) [log pg(x,z) —log gy (z]|x)]
|
|

q¢(z|x) log pe (z]x) —log g4 (2]x) + logpg (x)]
Eq4(z10)[108 Do (X)] — Di1 (94 (2|2)||pg (2] X))
< Eq¢(z|x) [log pg (x)]
= logpg(x)
where,
d4(x): the data distribution, described by the dataset and received by the encoder ¢

pe (2): the prior distribution of latent variable z in decoder 8
pe (x): the generative data distribution by decoder 8 (or the generative likelihood)
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1. Background: s .
b. Posterior Collapse and Hole Probfem“ ?”"® (rulle)pos erior
PolZ|X

probabilistic , I | probabilistic
approximate posterior

LE1po(8, ¢, X) = Eq (213 [108Pe (X12)] — Di1, (a4 (2]2)11pg (2))

Posterior Collapse:

Vx Di1(q¢(2]x)|lpe(2)) = 0
dVx pg(zlx) = qp(z|x) = pe(2)
i.e., the latent variable z contains little information of x

_Poxz)  pe(x2) _
PVxpe(xlz) = pe(z)  polzlx) Po (%)
i.e., the decoder 8 becomes insensitive to z

i.e., the decoder degenerates to an unconditional language model (for NLG)
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1. Background:

c. Existing methods

the aggregated posterior of 5
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1. Background:

c. Existing methods Intractable true posterior

Po (Z]x)

probabilistic . I | probabilistic
approximate posterior

LE1po(8, ¢, X) = Eq (213 [108Pe (X12)] — Di1, (a4 (2]2)11pg (2))

Posterior Collapse:
Vx Di1(q¢(2]x)|lpe(2)) = 0
=>training strategy:
Cyclic-VAEs (cyclic annealing schedule); AE pretraining;
=»semantic learning of z:
Skip-VAE (skip connection on z); BOW-VAEs (Bag-of-Word loss term on z);

=>hard restriction on q¢(z]x):

BN-VAEs (BN layer on q¢(z|x)); vMF-VAEs (VMF distributions for q4(z|x)) and pg (2));
>weakening Dk, (94 (z|x)||pg(2)) in Lg1po(0, $, x):

B -VAEs (smaller weight of Dk, (q¢(2|x)||pe(2)) in LgLpe (0, d, X));

FB-VAEs (hinge loss of Dk (q¢(2]x)||pe(2)) in Lg1poe (6, P, X));



1. Background:

c. Existing methods

the aggregated posterior of 5
datapoints in Yahoo test-set

i.e. Ex-x[q¢(2|x)]

the posterior centers of

datapoints in Yahoo test-set

1E, {E%(z|xn)[z]}:=1
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1. Background: s .
b. Posterior Collapse and Hole Probiem“?”"® (rulle)pos erior
PolZ|X

probabilistic , I | probabilistic
approximate posterior

LE1po(8, ¢, X) = Eq (213 [108Pe (X12)] — Di1, (a4 (2]2)11pg (2))

Hole Problem:
q¢(2) # pe(2)
where, q4(2) = Eq¢(x) a4 (z]x)]: the aggregated approximate posterior distribution
23z q4(2) # pe(2)
i.e. there exist areas (named as holes) with mismatch between density in q4(z) and pg(2)

Empirically, inferences located in such areas are observed to perform low-quality generation, e.g.,
obscure and corrupted images, or sentences against commonsense.
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1. Background:

c. Existing methods Intractable true posterior

Po (Z]x)

probabilistic , I | probabilistic
approximate posterior

LE1po(8, ¢, X) = Eq (213 [108Pe (X12)] — Di1, (a4 (2]2)11pg (2))

Hole Problem:
q¢(2) # pe(2)
For image generation:
=>ascribed to the limited expressivity of py(2) (pg(z) = N(0,I) by default)
=» tackled by increasing the flexibility of pg(z) through:
hierarchical priors, energy-based models, a mixture of encoders, etc.
For text generation:
=>there’s still little work on this, and we found that:
1. the vanilla VAEs (with pg(z) = N(0,1)) for text generation has no hole problem;
2. existing methods can solve posterior collapse effectively at the cost of introducing hole problem;
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1. Background:

.. intractable true posterior
c. Existing methods P
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2. Methodology:
a. Regularization on the aggregated posterior distribution

rethink of LELBO (0, ¢, x):
Lg1po(0,¢,x) = Eq¢(z|x) [logpg (x]2)] — DKL(CIqb(le)”pG (2))

Q1: Since q4(z|x) should not be too close to py(z) (otherwise it will lead to posterior collapse),
what should be close to pg(2z) = Ep,,(x)[ps(2]x)]?
Al: The aggregated posterior distribution q4(z) = Eqe@) [q¢(z|x)].

Q2: So, how about regularizing q4(z) towards pg(z) instead in VAEs?
A2: It turns out to maximize qub(x)LELBO 6,¢,x) + ]Iqu(n,z) [n, z] (Hoffman et al. 2016):

Eq¢(x)LELB0(6: ¢r x) + Hq¢(n,z) [n; Z] = Eq¢(x)Eq¢(z|x) [lOg Po (X|Z)] - DKL(CIqb(Z)HpH (Z))
qp(n, 2) |

qcp(n)(hp(z)
where n is the identity of datapoints in x, i.e., gy (n = n) = % (n=12,..,N)
effect: 1. weaken the regularization on g4 (z|x); 2. ensure q4(z) = pg(2).
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2. Methodology:
a. Regularization on the aggregated posterior distribution

Q3: Has anyone tried “regularizing q4(z) towards pg(z) instead in VAEs™?

A3: Yes, as below:
AAE (Adversarial Auto-Encoder): minimize their JS divergence in the framework of GAN
WAE (Wasserstein Auto-Encoder): minimize the Maximum Mean Discrepancy between them
iIVAEw (implicit VAE + MI regularization): minimize a dual form of KL divergence between them

But all their implementations of regularization are based on merely sampling sets from g4 (2)
and pg(2), and lead to a kind of local optimumes.

¢ (2)
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34
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1. a sampling set from such a g4 (z) can already stimulate that from p,(z) to some degree;

2. but such a g (2) still have evident difference from p,(z)

Intuitively, a sampling set from g, (z) can hardly be the same as that from p,(z), even when q4(z) = pg(2)
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2. Methodology:
b. Density Gap-based regularization

For example,
q¢(2|xn) = N(ttn, 07),9(2) = N(0,1)

parameters of g4 (z|x;,) sampling set of q¢ (2)
probabilistic {(#n) _ } { n=12.., |B|}
qd)(x) 0-1% " 1’2, o |B| Zn’m m = 1;2; ;M
sampling set—based
sampling set of py (2) regularization on gy (z)
N(0,1) > {zprim|m =1,2,..., M}
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2. Methodology:
b. Density Gap-based regularization

For example,
Gy (2|xy) = N(pn, 0%),pe(2) = N(0,1)

parameters of qg(z|x;,) sampling set of q¢(2)
probabilistic {(P‘n) _ } { n=12,.., |B|}
9 (%) encoder o2 )| 1.2, 1B] nmlm =12 ..M
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1. a sampling set from such a g4 (z) can already stimulate that from p,(z) to some degree;

2. but such a g (2) still have evident difference from p,(z)

Intuitively, a sampling set from g4 (z) can hardly be the same as that from py(z), even when q4(z) = py(2)
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2. Methodology:
b. Density Gap-based regularization

Intuitively, a sampling set from g4 (z) can hardly be the same as that from py(z), even when q4(z) =
pe(2)

=>The probability density of q4(z) and pg(z) are the same everywhere when q(z) = pg(z)

= Density Gap-based regularization:

q¢(2)
KL (CI¢(Z)| V& (Z)) Eqy (2 llog ¢(z)]
S
040 = [log qe (z5) —logpe(2)] the density gap
2 =1 [ > between q4(z) and py(2)

we refer to this as at position z

where,
zs is the s'" sample from q(z) ==
d¢(2s) and pg(zs) are the values of
corresponding PDFs ==) parametric differentiable PDFs

stratified sampling &
reparameterization trick

—4 = 0 2 4
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2. Methodology:
b. Density Gap-based regularization

For example,
q¢(2|xn) = N(ttn, 07),9(2) = N(0,1)

n=1.2,. |B|} — {zn,m

parameters of g4 (z|x;,) sampling set of q¢ (2)
probabilistic {(#n) n=12.., |B|}
sampling set—based
sampling $et|of py (2) regularization on gy (z)

m=12,..,.M
N(0,1) > {zprim|m + 1,2, ..., M}

{94 (z|xn)In}

B’ 2 4
‘ v

IB| (z — up)?
- %<Z>—|B|Z 1exp< 507 )“ Mo ]

4@ . density gap—based
et regularization on qy(2)

\ 4

po(z) = exp(—z2/2) J\2n ,
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2. Methodology:
b. Density Gap-based regularization
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2. Methodology:
c. Marginal regularization for more Mutual Information

We can apply the proposed regularization in training with mini-batch gradient descent:
Eq(p(x)LELBo(Qr (,b; x) + Hq¢(n,z) [n; Z] = Eq¢(x)Eq¢(z|x) [108299 (xlz)] - DKL(CI(,b(Z)”pH (Z))
where the data distribution g4 (x) is described by the current mini-batch B:
B = {xl,xZ, ,X|B|}
1
qcp(x = Xp) = q¢(n) = m
=>the mutual information term to maximize has a limited upper bound:
]Iq¢(n,z) [n: Z] = Hq¢(n)(n) - Hq¢(n,z)(nlz) < Hq¢(n) (n) = lOgIBl < logN
=>for a high dimensional prior distribution, it still have limited effect on solving posterior collapse
(it is already enough for ]Iqu(n,z) [n, z] to reach log|B| with limited dimensions of z being activated)

= in order to activate all dimensions of z, we propose marginal regularization:
Dim Dim
Eqd,(x)LELBo (9» ¢r x) + Zi=1 ]Iq(p(n,zi) [n, Zi] = Eq¢(x)Eq¢(z|x) [log Po (xlz)] — Zi=1 DKL(qu(Zi)”pH (Zi))
where i = 1,2, ..., Dim denotes the index of dimension, z; denotes the i component of z, q¢4(z;) and

pe(z;) denote the marginal distribution of q4(z) and py(2) on the it" dimension respectively.
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2. Methodology:
c. Marginal regularization for more Mutual Information

=>in order to activate all dimensions of z, we propose marginal regularization:

Dim Dim

Eqe@)LELBo(6, 9, %) + 21‘:1 Iqpmz) M 2i] = Eqyx)Eqyzin 108 e (x|2)] — 21‘:1 Dk1(94(2:)|Ipe(2;))

where i = 1,2, ..., Dim denotes the index of dimension, z; denotes the i component of z, q¢4(z;) and
pe(z;) denote the marginal distribution of q4(z) and py(2) on the it" dimension respectively.
=»in such way, the mutual information term to maximize has an upper bound linear with Dim:

Dim Dim

zizl ]Iqu(n'zi)[n, Zi] < Z . Hq¢(n)(n) = Dim * longl

= we implement this for VAEs with pg(z) = N(0,1), as its marginal distributions are independent:
Dim
pe(z) = 1_[ 1pe(zi)
1=
=it should be noted that, this independency-based decomposition of py(z) is not established for

von Mises-Fisher distributions, e.g., pg(z) = vMF (u, k), so we only implement the joint
regularization for von Mises-Fisher distribution-based VAEs.
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2. Methodology:
d. Aggregation size for ablation

=>to further investigate the effect of maximizing mutual information, we split the mini-batch B into
non-overlapping subsets:

Cc
B = U bi,st.b; N b; = Qiffi # j
i=1

those subsets have the same size |b| = |b;| = |bj| = l%l which we refer to as the aggregation size, as

we only calculate the aggregated posterior distributions inside each subsets, and regularize them to
the prior distribution respectively:
4¢,j(2) = Ex-p,[9¢(2|%)]

Dim
Z] 12 D1(q4,;(2)||pe(21)

=>in such way, the maximized mutual |nformat|on term has an upper bound linear with log |b|:

Dim Dlm
z} 12 q¢](nz)[n Z Z] 12 J.(n)(n) = C*xDim * lOglbl

when |b| = 1, the proposed method is equivalent to the vanilla VAE.
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3. Experiment

a. Language modeling

Table 2: Results of Language Modeling on Yahoo dataset. We bold up M I(¢) > 9.0, AU (¢p) > 30,

CU(¢) > 30, the highest prior LL(@) and post LL(8, ¢) for the same methods.

Table 1: Statistics of sentences in the datasets

Dataset Train Valid Test Vocab size  Length (avg =+ std)
Yelp 100,000 10,000 10,000 19997 98.01 + 48.86
Yahoo 100,000 10,000 10,000 20001 80.76 £ 46.21
Short-Yelp 100,000 10,000 10,000 8411 10.96 + 3.60
SNLI 100,000 10,000 10,000 9990 11.73 +4.33

priorLL(0) = Exlog Ep () [pe(x|2)]

postLL(8,¢) = Exlog Eq¢(z|x) [po (x]2)]

KL(¢) = ExKL(qe(2]x)||pe(2))
MI(¢p) = H(qe(2)) — ExH(qy(2|x))

AU(¢) = |{ilvaerq¢(z|x) [Zi] > 0.01}]

Models priorLL(0) postLL(0,¢) KL(¢p) MI(¢p) AU(¢p) CU(d)
VAE (default) -330.7 -330.7 0.0 0.0 0 32
cyclic-VAE -329.8 -328.9 1) 1.0 2 31
bow-VAE -330.5 -330.5 0.0 0.0 0 32
skip-VAE -330.1 -325.2 5.0 4.3 8 31
4-VAE(0.15) -330.5 -330.6 4.8 0.0 0 0
BN-VAE(0.6) -327.6 -321.1 6.6 59 32 32
BN-VAE(1.2) -330.9 -310.1 26.2 92 32 0
BN-VAE(1.8) -343.5 -308.6 513 9.2 32 0
FB-VAE(4) -329.8 -328.4 39 1.8 32 32
FB-VAE(16) -325.7 -320.8 16.1 8.5 32 8
FB-VAE(49) -344.6 -296.1 50.0 9.2 32 0
[-VAE(0.4) -330.8 -324.8 7.0 6.7 3 31
[-VAE(0.2) -338.6 -310.3 30.1 9.2 22 25
[-VAE(0.1) -369.9 -289.6 83.7 9.2 32 0
DG-VAE (|b| = 1) -330.7 -330.7 0.0 0.0 0 32
DG-VAE (|b] = 4) -3304 -318.3 14.3 9.1 11 32
DG-VAE (|b] =32) -3554 -294.1 65.2 9.1 32 32
DG-VAE (default) -358.0 -290.8 70.8 9.1 32 32

Small values indicate posterior collapse

CU(¢) = I{ilKL(qe(z:)||pe(2:)) < 0.03}

Small values indicate the hole problem

Improving Variational Autoencoders with Density Gap-based Regularization




3. Experiment

Table 1: Statistics of sentences in the datasets

a La Nn g ua g e m Od el i ng Dataset Train Valid Test Vocab size  Length (avg =+ std)
Yelp 100,000 10,000 10,000 19997 98.01 £ 48.86
Yahoo 100,000 10,000 10,000 20001 80.76 £+ 46.21
Short-Yelp 100,000 10,000 10,000 8411 10.96 + 3.60
SNLI 100,000 10,000 10,000 9990 11.73 £ 433
Short-Yelp Yahoo 2 Yelp
-30 a8 -325
" -375
5 %0 -350
s —40 318 —400
5 -5 ~425 —— BN-VAES
a 2 -50 —400 i DGYAES
B - = —— B-WAER
-425
-70 —&0 o \ —475 —— FB-VAEs
30 -5 -0 -15 -1o0 30 -i5 -0 -I15 -10 —330 —320 310 —300 —290 —280 —360 —350 —340 —330 —320 —310 1 ( ) e [ ( | )]
priorlLi8) priorlL{8) priorlli@) priorlLig) pT'lOTLL 9 Ex 1Og EPG(Z) pe x|z

Figure 2: The curves of prior LL(8) and postLL(8, ¢) in Gaussian distribution-based VAEs.  postLL(0,¢p) = E, log Eq¢(z|x) [po(x|2)]

postLL(B, ¢)

Shart-Yelp SMLI Yahoo Yelp
-34 =
-36 e ~331 -
£ —36 —360
28 332
-4 =38
=333 1 —362
—42 —an — DG-wMF-VAES
Sy a3 Fshis —— WMFAAES
PE——_ T APE—.| Y S C—. ., . . S Y
-30 =25 -20 -15 ~-30 -25 -20 -1%5 -325 -320 -315 -310 -305 -355 =350 -345 -340 -335
priorLL{g) priorLL{(8)} priarlL{8) priorLL{6)

Figure 3: The curves of prior LL(0) and post LL(8, ¢) in vMF distribution-based VAEs.
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3. EXpeI’I ment Table 1: Statistics of sentences in the datasets
b. Visua I ization Of the poste ri or Dataset Train Valid ~ Test Vocab size  Length (avg + std)

Yelp 100,000 10,000 10,000 19997 98.01 £ 48.86
Yahoo 100,000 10,000 10,000 20001 80.76 £ 46.21
Short-Yelp 100,000 10,000 10,000 8411 10.96 + 3.60
SNLI 100,000 10,000 10,000 9990 11.73 £ 433

BN-VAE(1.8)

BN-VAE(0.6) " BN-VAE(0.6) BN-VAE(0.7) BN-VAE(0.7) BN-VAE(0.9) BN-VAE(0.9) BN-VAE(1.2) . BN-VAE(1.2) BN-VAE(1.5)

S L] S - - : - 2 2
005 005 003 Rl o 0.05 0.05 0.05
0.00 0.00 0.00 0.00 4 0.00 0.00
50 =25 00 25 50 -850 -25 00 25 50 -5.0 -25 00 25 50 =50 -25 00 25 50 =50 -25 00 25 50 -50 =25 00 25 50 -50 -25 00 25 50 =50 -25 00 L5 &, -50 -25 00 25 50 -506 =25 00 25 50 -50 -25 00 25 50 -25 00 25 5
FB-VAE(4) 028 FB-VAE(4) FB-VAE(9) . FB-VAE(9) FB-VAE(16) FB-VAE(16) FB-VAE(25) - FB-VAE(25) FB-VAE(36) s FB-VAE(36) FB-VAE(49) N FB-VAE(49)
# 0.20 i ? 0.20 £ i i i 0.20 # ! 0.20 ! 2
2 2 2 2 2 2 b 2 2 2z o b 2
015 < . 015 . ~ : 3 - - i 015 o s B 015 o 2
° 010 ° * 010 % .- 010 R 010 :
2 2 2 2 -2 -2 2 -2 2 -2 -2 ’
005 0.05 0.05 0.05 G
0.00 0.00 0.00 0.00
B-VAE(LO) B-VAE(1.0) B-VAE(0.8) B-VAE(0.8) f-VAE(Q.4) B-VAE(0.4) B-VAE(02) B-VAE(0.2) B-VAE(DL) B-VAE(0.1) B-VAE(0.0) B-VAE(0.0)
N 020 ‘ ¢ 020 ¢ 0.20 ¢ { tozo < 0.20 ! : .
2 2 2 2 = 2 “a r 2 = " 2 i 4
. o : . . o : a‘ ‘i s : “g - ..a o ; Q ; "
-50 =25 00 25 50 -5.0 -25 00 25 50 =50 -25 00 25 50 =50 -25 00 25 30 -50 =25 00 25 50 =50 -25 00 25 50 -50 =25 00 25 50 =30 -25 00 25 350 -50 -25 00 25 50 =50 -25 00 25 50 -50 -25 00 25 50 =50 -25 00 25 50
DG-VAE ([p| =1) DG-VAE (|b] = 1) DG-VAE (|b]=2) DG-VAE (|b] =2) DG-VAE (Jb] =4) DG-VAE (|b] = 4) DG-VAE (lb| =8) DG-VAE (|| = 8) DG-VAE (|b] = 16) DG-VAE (|b] = 16) DG-VAE (lb| =32) DG-VAE (|b| = 32)
‘ 030 ! ‘ 020 ! ! i tozo 1 i ! | ! A ’ 020
2 2 2 2 F 4 2 e E 2
ours - o : e : ‘ oo A & .

Figure 4: The visualization of the aggregated posterior distributions (red-in-black) and the posterior
centers distributions (blue-in-white) for BN-VAEs, FB-VAEs, 5-VAEs, and DG-VAEs on the Yahoo
test-set. Illustrations for more datasets, more models, and more dimensions, are shown in Appendix
G.
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3. Experiment

Table 1: Statistics of sentences in the datasets

C I nterpo I at i on Stu dy Dataset Train Valid ~ Test Vocab size  Length (avg + std)
Yelp 100,000 10,000 10,000 19997 98.01 + 48.86
Yahoo 100,000 10,000 10,000 20001 80.76 £+ 46.21
ZarZp ~ 4o (lea), d¢ (Zl Xb) Short-Yelp 100000 10000 10000 8411 10.96 £ 3.60
SNLI 100,000 10,000 10,000 9990 11.73 +£4.33
Zy=Axz,+ (1 —2) *z,
X3 ~ Po(x|23)
RougeLFl = E (Flcs (xar x/l) + Flcs (be x/l))
B-VAEs BN-VAEs FB-VAEs
0.24 v 0.24 4 v —— DG-VAE (default) 0.24 1 v —— DG-VAE (default)
o \/ DG-VAE (default) | — BNvaE@®) —_ || — revAE 4D
. \~/ B-VAE (0.8) gl —— —— BN-VAE (1.5) 022{ __——u | rBwAEGE
3 BVAEI(0.4) — | — BNVAE(1.2) —— FB-VAE (25)
Yahoo 3 B-VAE (0.2) e = —== | —— BN-VAE (0.9) —_——— | — FB-VAE(16)
c?: 0.20 1 B-VAE (0.1) 0.204 —— BN-VAE (0.7) 020 ——— | — FBVAE(9)
B-VAE (0.0} —— BN-VAE (0.6) —— FB-VAE (4)
0.18 4 - VAE (default) 0.18 4 —— VAE (default) 0184 | — VAE (default)
0.0 02 0.4 06 0.8 10 0.0 0.2 0.4 06 0.8 10 0.0 0.2 0.4 0.6 0.8 10
A A A
B-VAEs BN-VAEs FB-VAEs
0.24 ?-_U‘C 0.24 4 0.24 4
T —— DG-VAE (default) —— DG-VAE (default)
~ 0.23 - elault)| g.92 4 —— BN-VAE (1.8) —— FB-VAE (49)
o7 BVAE(0.5) —— BN-VAE (L.5) 0224 —— FB-VAE (36)
g 0224 —0m-— B-VAE (0.4) | BNvaEQY) —— FB-VAE (25)
Yelp 3 e e B-VAE (0.2) b e e | — BNvAE(©9) gyl ————— ————— | — FBVAEQE)
< %2 B-VAE (0.1) —— BN-VAE (0.7) a —— — | — FBVAE (9)
S5 B-VAE (0.0) 018 _— ——————————————_ | — BN-VAE(0.6) —— FBVAE (4)
: VAE (default) —— VAE (default) 0.18 —— VAE (default)
019 1 _— 016 .
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 04 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
A A A
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3 . EXpe I’I ment Table 1: Statistics of sentences in the datasets

C I n t e rp (o) I a t i on St u dy Dataset Train Valid ~ Test Vocab size  Length (avg + std)
Yelp 100,000 10,000 10,000 19997 98.01 £ 48.86
7 7 q (Z | X ) q (Z| X ) Yahoo 100,000 10,000 10,000 20001 80.76 £+ 46.21
~ Short-Yelp 100,000 10,000 10,000 8411 10.96 £ 3.60
) ) . ; .
a b ¢ a ¢ b SNLI 100,000 10,000 10,000 9990 11.73 +4.33

Zy=Axz,+ (1 —2) *z,
X ~ Po(x]23)

1
RougelLp, = E (Fics (xa» x/l) + Fies(Xp, x2))

B-VAEs BN-VAEs FB-VAEs
0.40 0.40
35 4 —— DG-VAE (default) (.35 - —— DG-VAE (default)
- = DG-VAE {default) —— BN-VAE (1.8) —— FB-VAE (49)
B — B-VAE (0.8) 0.30 4 —— BN-VAE (1.5) 0.30 1 —— FB-VAE (36)
g, —— B-VAE (0.4) —— BN-VAE (1.2) —— FB-VAE (25)
Short-Yel p 3 — B-VAE (0.2) 0.25 1 —— BN-VAE (0.9) 0.25 1 —— FB-VAE (16)
& — BVAE (0.1) —— BN-VAE (0.7) —— FB-VAE (9)
—— B-VAE (0.0) 0.20 4 —— BN-VAE (0.6) 0.20 1 —— FB-VAE (4)
~——— VAE (default) 0.15 4 —— VAE (default) 0.15 - — || — VAE (default)
0.0 02 0.4 0.6 0.8 10 0.0 0.2 0.4 0.6 0.8 1.0 0.0 02 0.4 0.6 0.8 1.0
A A A
B-VAEs BN-VAEs FB-VAEs
0.45 0.45 -
0.45
0.40 —— DG-VAE (default) 0.40 —— DG-VAE (default)
o 040 — DGVAE (default) | 0901 —— BN-VAE (1.8) il —— FB-VAE (49)
& ~—— B-VAE (0.8) —— BN-VAE (1.5) —— FB-VAE (36)
L 0351 — B-VAE(0.4) 9:30 —— BN-VAE (1.2) 0351 —— FB-VAE (25)
SNLI 3 —— B-VAE(0.2) —— BN-VAE (0.9) —— FB-VAE (16)
e 0301 —— B-VAE (0.1) 0301 —— BN-VAE (0.7) 9301 —— FB-VAE (9)
—— B-VAE (0.0) —— BN-VAE (0.6) —— FB-VAE (4)
- —— VAE (defaulty 0257 —— VAE (defaulty 9237 —— VAE (default)
i = : 0201, . : K : d 0.20 1 ; : . ; :
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
A A
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3. Experiment

Table 1: Statistics of sentences in the datasets

C. I nterpo I at on Stu dy Dataset Train Valid ~ Test Vocab size  Length (avg + std)
Yelp 100,000 10,000 10,000 19997 98.01 £ 48.86
Yahoo 100,000 10,000 10,000 20001 80.76 £ 46.21
Za,Zp ~ CI¢ (lea), Q¢ (leb) Short-Yelp 100,000 10,000 10,000 8411 10.96 + 3.60
SNLI 100,000 10,000 10,000 9990 11.73 +4.33
Zy=Axz,+ (1 —2) *z,
~ p9 (xlle) Xgt a man in a white shirt and black pants Xp: fwd peopld hug Fach pther fd warm g
1 poses in front of a large banner . T 11 T 111 1
B-VAE(0.1) DG-VAE
Rougelp, = = (Fics(xq, %)) + Fies(xp, X
g Fl 2 ( lCS( a’ A) lCS( b’ A)) A DG(ZA) X DG(ZA) x;
0.0 60.2 aman in a black shirt and black pants 56.5 a man in a white shirt and black pants
sits in front of a large gathering | jumps in front 8f a large screen |
0.1 38.6 aman in a black shirt and blue pants 442 a man in a white shirt and black pants
walking in front of a large gathering | jumps in front of a large screen |
X,:  two girls walking in a park . x: 0.2 -21.9 amanin jeans and a white shirt walking 2.5  a man in a white shirt and black pants
B-VAE(0.1) DG-VAE down in an orange kayak in - forest | jumps in front §f a large audience |
- - - 03 -121.4 a man in shorts and a black shirt -38.6 aman in a black shirt and black pants
A DG(z) X3 DG (z) X walking through snow , on . street | kneels - in front (ﬁ. <unk>
0.0 329  BWa girls walking il a park . 389 W@ girls walking il a park . 0.4 -157.4 atoddler, wearing shorts and black -472 aman wearing a black shirt sh_ovels
= — === — pants walking a green scooter [l snow [l standing in front of [l
0.1 26.1  two girls walking in a park . 35.5  twe girls walking in a park . looking in il water | <unk> |
0.2 11.4 W@ women walking il a park . 29.4  fwe girls walking in a park . 0.5 -159.9 a toddler girl wearing black shorts and -53.7 a man wearing a black shirt is shoveling
03 113 [ women walking [l a pool . 206 [ girls walking [ a park | sandals walking through her house Whild snow , - standing in front of [l
— - — ‘ on [l sunny sidewalk | <unk> |
04 422 WG cats I ifi 2 pool . 9.2 two girls sit in a beach . 0.6 -161.7 atoddler girl wearing pink pants and 63.5 I vearing black shirts [l
0.5 -55.4  an african man walks il the pool . -4.8  fWa girls sit iil beach boots walks across [Jli] street in front of waiting in front 8f two cars they made
= == — cars | from a field |
L -48.0 _an elderly man walks iff [ - 1.0 690 girls [N NN 5 2 boat . 0.7 -164.6 agirl, who looks over her head [l 76,7 | chat Jl one is standing
0.7 -15.1 [l 598 children [ I i D - 18.7  four girls |1l HEENH i R she sits alone on . edge | next to her friends on . deck |
0.8 122 [l W8 children [ N i DD 317 [ e I I i 08  -464 --dccide whether , as Bl vk 6> I chat as Il standing
— — —_— = up in - water while looking up | next to two <unk> on . roof |
0.9 300 & I I D i 40.1 | &% I I I i 0.9 375 | decide whether o [NI. 203 N chat as--trylng to
PPN 1 [ [ 1 439 v N I N s _ 7" and oneis out Jill ¢l window | figure Jlf how to
1.0 668 NN s Bl valkoutandsun 43 [ chat s IR trymg to
to get [l of il sun | figure [Jl] how to get [l best |
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3. Experiment

c. Interpolation study
~ qg (z|x4), q¢ (Z|xp)

Za, Zb

Zy=Axz,+ (1 —2) *z,

Table 1: Statistics of sentences in the datasets

Dataset Train Valid Test Vocab size  Length (avg =+ std)
Yelp 100,000 10,000 10,000 19997 98.01 + 48.86
Yahoo 100,000 10,000 10,000 20001 80.76 £ 46.21
Short-Yelp 100,000 10,000 10,000 8411 10.96 + 3.60
SNLI 100,000 10,000 10,000 9990 11.73 +4.33

~ Po(x|23)
Xg:  our server was not even <unk> x: |1 N N
1 familiar with the food or food 11 11 1
Rougelp, = 2 (Fies(Xq, x3) + Fies(Xp, x3)) prEpmuion
B-VAE(0.1) DG-VAE
A DG(ZA) X3 DG(Z}L) X3
0.0 82.1 our server was not even warm - the 69.8  our server was not even <unk> with thé
- food [l the quality service . food or service on food .
Ya Erent whace for 8 FmBNGE SURk> | L the asian fucumber salad was bland | 0.1 58.0 our server was not even busy [JJj fhe 51.0 our server was not even <unk> with the
B-VAE(0.1) DG-VAE the food network . food or food poisoning .
1 DG(z;) X DG(z3) x; 0.2 -11.4 our waitress was not even busy . the 1.0 our server was n't a few times but the
= = . - the food sucked . food seems absolutely - .
0.0 46.9  great place for a romantic <unk> | 52.1  great place for a romantic dinner ; 03 126.1 still they was not even warm by fhe food 337 our dishes were n't a bit of [ R
0.1 32.2  great place for a romantic <unk> | 38.3  great place for a romantic dinner | Il taste was awesome . but the food has been impeccable .
0.2 -5.6  great place for a chilly <unk> } 3.5  great place for lunch | 0.4 -179.0 s":.u"fn.ﬂu"amﬁe msme'.- -I kept 328 | actually was still having a bit JJJj B
= : asking [l I was seriously ; ]
0.3 -55.6  oh you 're perfect and special | -16.7  great place for lunch | awesome | I that was terrible [l beyond .
0.4 -60.4  oh you 'll enjoy [Jli] special } 9.2  great for lunch | 0.5  -177.4 even we was nothing as m“i?h of the 324 | feel so [l of a plus [ e [N I
: ‘ food was decent food was beyond
05 750 keep it clean though 94 [l best lunch [l an tastel BRI fo0d was dec . .
B cuys keep it e e?(n - oush i I best lunch [l an tasteless | 06 -169.5 then | still |l all [l cating at he 332 |feelall - for fié amount of food [l
06 860 M ?pa:t;:ems make it [l 172 gl usual street [ Il boring | food [ R v os cood | B v s beyond NI -
Somiorean’ey _ 0.7 63.0 did] say before they use no food il -13.2 |1 also [l one ofﬂxe items on food
0.7 -72.0 |l specialty pie are good out | -32.7 |l vsual cookic N N I | there are very quick | wa
0.8 -6.3 |l wood martinis are very cheap | 11.6 [l usual cookic [N N N ! did | say before they use from the Il 294 | M a1s0 M no ]““Ch I che NN
o 393 Wl wood martinis taste [} 56 W ———s nich I Bl menu was decent || I D W outstanding |
i : wood mirtiuls Gk : MEWALACARONS WAl y 0.9 60.0 |- -- just twice there - their 565 |- also - no reservations . the
1.0 49.7 - english muffins were good - | 56.8 - usual scallops which - -,‘ food I very X“mmYI
o 763 | SN M just because of (i MMM 5.1 | NN also M ordered cach [l Eh€
awesome ||
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