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Multimodal Latent Generative Model

Pe (Xa Z) = DB (X(l) ‘Z)pﬁ(z) (X(Z) ‘Z) U PBm) (X(m) ‘Z)p(z)

X ={xH ..., x(™)} m : number of modalities
Z shared representation among modalities
PB(m) (X(m) z) generation model : modality-specific information

p(z) prior: common information



Generation Model

generation model : modality-specific information

|
Pe (Xa Z) — PBg) (X(l) ‘Z)p/@(z) (X(Z) ‘Z) © PBimy (X(m) ‘Z)p(z)

assume: x(1) || x(2) | ... || x(m) | z

PB(m) (X(m) |Z) ~ N(Gﬁ(m) (Z), ID(m))

x(m) = Gp,., (z) + € where €~ N(0,Ipm))

!

modality-specific generator



Towards more Expressive Prior: Energy-based prior

po(X,z) = PB ) (X(l) ‘Z)p/@(z) (X(z) z) - - - PB(m) (X(m) |Z)po ()
prior in existing work: less-informative unimodal distribution such as Gaussian, Laplacian

EBM prior: expressive prior to capture complexity of multimodal shared information
Exponential Tilting: exponentially tilt modification of base distribution via energy function

exponentially tilting

l
Pa(z) = z(la) exp|— fa(2)|po(2)
T 1 1

partition function energy function base distribution
po(z) ~ N(0, Ipwm))




_earning: Maximum Likelihood Estimation

93{1?5};}1;(9) = log [, s, (xW]z) - PB(m) (x™)|2)pq (2)dz

with sufficient data l

mginKL (pdata(X) ” Do (X)) A3 : generator parameter
« : EBM prior parameter
0, 0
55 L(0) = Epy(a1%)[ 55 log po (X, 2)]

95(z|X) = % Zi‘n/le b oy (z|x(™)" Mixture of Expert (MOE) 1\
¢ : inference model pa:. \Le;er

Shi, Y et,.al Variational mixture-of-experts autoencoders for multi-modal deep generative models. Neur1PS2019



Final Objective for Joint Learning

minKL (paaa(X) | po (X))

(%) |

min KL (paata(X) e (2| X)|[ps (X |2)pa(2))

1 M D }Q(X,Z)
maj);a D m—1 quf,(m) (z|x(m))[10g §¢(z|X) ]

5 : generator parameter

¢ : inference model parameter - K\
o : EBM prior parameter R



L_earning Generator and Inference Model
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M
Cross-Modality Generation + Z qu?f’(m) (z|x(m)) [log DBy (X(n) |Z)]

n=1,n#m
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Learning EBM

(/6 ¢a ) qu(ZlX) [ fa( )] pa(z) [3% a(z)]

MOE: variation inference Langevin dynamics

Sampling from EBM: Langevin dynamics
2
Z,11=2Z; + %%[logpa(z,r)] +s-€, where e, ~N(0,1Iy)

! T

latent variable at 7 step size sampled distribution  Gaussian noise
T : time step EBM prior

[1] Shi, Y et,.al Variational mixture-of-experts autoencoders for multi-modal deep generative models. NeurIPS2019



Model Generalization

EBM Prior: Base Version

po(X,z) = ps(X]|z)pa(2)

MOE with modality prior

po(X,z, W) = pg(X|z, W)po(z)po(W)  W={wl

EBM Prior: Generalized Version

I

Laplacian prior modality-specific prior

Po (Xa Z, W) — p,@(X|Z7 W)poz (Z)pO (W)

P

EBM prior  modality-specific prior

[1] Palumbo, E., et,.al MMVAE+: Enhancing the generative quality of multimodal VVAEs without compromises. ICLR2023
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PolyMNIST : Coherence

» Joint Coherence: generated samples modalities alignment and mutually consistent

* Cross Coherence: capacity of one modality infer other modalities

EBM Prior: Base \Version

EBM Prior: Generalized Version
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PolyMNIST: Joint Generation Visual Result

EBM Prior: Base \Version
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EBM Prior: Generalized Version




CUB. : Markov Transition

2+ 2 2 logpa(z)] +
Zry1 = Zy 2 Oz Og Pal\Zr S €r

this bird has wings that are black and are
very red beak

this bird is a black and are and and
| averyred ..

this small has has a are breast and white
belly

this small has a orange breast and has a
black belly

AR po(Z)
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[1]Wah, C., ET AL. The caltech-ucsd birds-200-2011 dataset.2011
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