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Motivation

In multimodal generative learning
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Motivation i
We want multimodal generative models that support
1. learn shared representations,

can still generate X; when it's missing
2. handle missing modalities, and
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Motivation

We want multimodal generative models that support

1. learn shared representations, .
generate X, from X,

2. handle missing modalities, and

3. support cross-modal generation. ;| 4@|x,) \ rl onxilo || %
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Motivation

Posteriors as Gaussian distributions

..........................................
Od "4

X, ) _ [l nxil2) | X
o :
8
o
3 :
X, > ’< nxl2) | %
q(z| X)
Xy | am(Z|xy) y, \ PuXyl2) | Xy

-------------------------------------------- [1]

— Multimodal VAEs learn a joint posterior ¢(z | X) from M modalities using

M encoders {g{(z|x;) }inl and M decoders {p;(x;|z) }j]‘il
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Motivation |-

How to approximate the joint posterior g(z | X)?
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Current Gaps

Product of experts (PoE):

Mixture of experts (MoE):
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Current Gaps
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— a trade-off between quality and coherence
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Current Gaps

Product of experts (PoE): {4 high quality, ) low coherence

Mixture of experts (MoE): X low quality, §4 high coherence

— a trade-off between quality and coherence

Research Question
Can we design a model that achieves

both high quality and high coherence while remaining efficient?
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Holder pooling (o = 0.5)
A mixture-of-Gaussians form

X Requires sub-sampling
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Holder pooling (o = 0.5)
A mixture-of-Gaussians form

X Requires sub-sampling

Hellinger aggregation

a single-Gaussian approximation of Holder pooling (¢ = 0.5) via moment matching,
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Hellinger aggregation in Multimodal VAEs o e

Holder pooling (o = 0.5)
A mixture-of-Gaussians form

X Requires sub-sampling

Hellinger aggregation

a single-Gaussian approximation of Holder pooling (¢ = 0.5) via moment matching,

i=[2q()dz, X = [z2"q(z)dz— gg’

No sub-sampling
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Hellinger aggregation in Multimodal VAEs o e

Hellinger aggregation

a single-Gaussian approximation of Holder pooling (¢ = 0.5) via moment matching,

g = IZQ(Z)dZ, > = fzqu(z)dz — /Z/;ZT
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Hellinger aggregation defines a novel multimodal VAE, called HELVAE
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HELVAE: 4 high coherence §4 high quality {4 computationally efficient

— an efficient yet effective model
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