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Why q(z|x)?

P(x1,x2,x3,...,xn) = P(x1)P(x2|x1)P(x3|x2,x1) ... P(xn|xn — 1,xn — 2,xn — 3, ..., x1)

l Mean Field Theory

Q(x1,x2,x3,...,xn) = Q(x1)Q(x2)Q(x3) ... Q(xn)
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The incompleteness of the
mode is very common, and the (@) (®) ©
work done by the predecessors Figure 1: (a) Graphical model of the MVAE. Gray circles represent observed variables. (b) MVAE
either does not learn the joint architecture with N modalities. £; represents the i-th inference network; 11, and o; represent the
distribution or requires additional i-th variational parameters; /o and o represent the prior parameters. The product-of-experts (PoE)

combines all variational parameters in a principled and efficient manner. (c) If a modality is missing
, during training, we drop the respective inference network. Thus, the parameters of £, ..., Ey are
multimodal VAE shared across different combinations of missing inputs.

calculations. And this paper uses a

Method: ELBO(z) = Eq, (-

1. MVAE

2. PoE (Product-of-expert inference network)
3. Sub-sampled training

o) (A og pe(x|z)] — B KL[gy(z|x). p(2)]

conditional independence
p(x1,x2,..,xn,z) = p(2)p(x1|z2)p(x2|z) ...p(xn|z)

v

ELBO(X) £ Eq, 21! Z i log po(x;]2)] — B KL[gs (2] X), p(2)].
r;,e€X




MVAE

Approximating the joint posterior Why Sub-sampled Training?
p(zley,...,xNn) = P, anp) ﬁp (24]2) 1. Can't handle modallty lost
Pt i) p(xl" o) i 2. Unable to get inter-modal info

p(z |32£ x) _ HT 1])( ]:U) Hz Lp(xl) (3)
wl; ,CUN H Hqulp(z) (331,. . & )
H?L-Ilp(z)

® the ELBO using the product of all N Gaussians

Alternatively, if we approximate p(z|x;) with ¢(z|x;) = ¢(z|z;)p(2), where ¢(z|z;) is the underlying ® all ELBO terms using a Slngle mOdallty

inference network, we can avoid the quotient term: ® k FLBO terms USing k raﬂdomly chosen subsets
N
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MVAE

Model | BinaryMNIST | MNIST | FashionMNIST | MultiMNIST | CelebA
Estimated log p(z1)
VAE -86.313 -91.126 -232.758 -152.835 -6237.120
BiVCCA -87.354 -92.089 -233.634 -202.490 -7263.536
JMVAE -86.305 -90.697 -232.630 -152.787 -6237.967
MVAE-Q -01.665 -96.028 -236.081 -166.580 -6290.085
MVAE -86.026 -90.619 -232.535 -152.761 -6236.923
MVAE19 — — — — -6236.109
Estimated log p(x1, 22)
JMVAE -86.371 -90.769 -232.948 -153.101 -6242.187
MVAE-Q -92.259 -96.641 -236.827 -173.615 -6294.861
MVAE -86.255 -90.859 -233.007 -153.469 -6242.034
MVAE19 - - - - -6239.944
Estimated log p(21|22)
CVAE -83.448 -87.773 -229.667 — -6228.771
JMVAE -83.985 -88.696 -230.396 -145.977 -6231.468
MVAE-Q -90.024 -04.347 -234.514 -163.302 -6311.487
MVAE -83.970 -88.569 -230.695 -147.027 -6234.955
MVAE19 — — — — -6233.340

Table 2: Estimates (using ¢(z|z1)) for marginal probabilities on the average test example. MVAE
and JIMVAE are roughly equivalent in data log-likelihood but as Table 1 shows, MVAE uses far fewer
parameters. The CVAE is often better at capturing p(z1|2z2) but does not learn a joint distribution.
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IMPORTANCE WEIGHTED AUTOENCODERS

p(x,z)
LOSS of VAE: Ez*‘“‘?(*""‘r) [log ff(z|3:)]
| 1 koo ople,z)
LOSS Of IWAE: Ez| ,zz,...,z;.wq(ﬂm) []'Og E Z?::Fl rf(z.; |Ii") ]
Why weighted?
Gradient: 1 K i e
radien VAE: = Zg’:l Vy log w; w: q(z|z,0)
Sk —— =1
IWAE: Y. | W; Vy logw; T Wi
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ELBO of VAE: ﬁE.LBO (mlzﬁ;‘f) — ]Ez ~qs(z|T1.0m) [10?, Q(I)(z | wl:M’)]

Why MoE?
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ELBO of IWAE:

MoE(mixture of experts)
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MMVAE

MMVAE (ours)

MVAE (Wu and Goodman, 2018)

§ Table 2: Probability of digit matching (%) for joint and cross generatior
§ Joint  Cross (M—S) Cross (§S—=M)
MMVAE 42.1 86.4 69.1
..... MVAE 12.7 9.5 9.3

Table 3: Evaluating the different log likelihoods for different arrangements of MNIST and SVHN.
Ing(m?n:mn) ]'ng(a:ﬂl | :I:m‘!x?l.) lng(mm | ‘Tm) logp(:'cﬂl ‘ :I:n)

m = MNIST, MMVAE 6261.40 868.76 868.37 628.31
n = SVHN MVAE 2961.80 —176.68 —107.46 —T778.20
m =SVHN, MMVAE 6261.40 3441.01 3441.01 2337.56
n = MNIST MVAE 2961.80 3395.12 3536.86 —12747.50

B it == et

Table 1: Digit classification accuracy (%) of latent variables in different models.
MMVAE MVAE (single) MVAE (both) single-VAE

MNIST 91.3 95.7 94.9 85.3
SVHN 68.0 9.1 90.1 20.7




