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Problem Formulation

; — (] N
Given a dataset, D = {x7.7}j—¢
compute a single static factor s and
multiple dynamic components d;.r.

Dynamics (Expression) ! Static (Appearance)

Challenges

Mode Collapse
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Hyper-parameter Tuning
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Information Leakage
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Consider the following distribution: Classifir  Method

T random : 16.66% : 1.92% : :

_ . . C-DSVAE 99.12% 29.9% 3.75% 81.16% 77.41%

P =[p(s) | | p(d¢| de; )] - | | p(x¢| s,d; 0) SPYL 99.45Y% 27.65% y 3.63% 85.71% 82.08%

t=1 t=1 Generation  Ours 99.42% 20.85% 78. 7"0 2.89% 86.90% 84.01%

Ours wo. loss | 52.97% 18.93% 34.04% 2.58% 66.28% 63.70%

PP . P Ours w.0. sub 34.41% 19.22% 15.19% 39.82% 83.31% 43.18%

The posterior is approximated via: Ours w.o. both | 10.94% 17.86% 6.92% 15.76% 71.95% 56.19%
random - 16.66% - -

q(s, dyrlxr; @) = g, - qp, = q(slx; @) - q(de| dep, x<t; Pa) Laent  CDSVAE 98.75% 76.25% : 82,50 56.251%

SPYL 98.12% 68.75% 9. 85.62% 75.62%

t=1 Ours 99.35Y% 45.06Y% 54.29% 11. 30‘/ 85.51% 74.15%

Loss Function:
Dynamic Generation

Static and Dynamic Swap

Liecon = IEs~q¢S [Es~q¢s logp(xz.7ls, da.r; 0)] + aIEs~q¢s logp(x4ls,dy; 0)]
Lieg = = B KL[q(s|xy; ¢s) I p(s)] + B KL[q(dy.r|x1.75 Ps) Il p(dy.r; P)]

L = max IEpD (Lrecon — Lreg)
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