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Efficient Representation Learning of Sequential Data

Goal
@ Disentangle the static (content) latent code and dynamic (motion)

latent code of of sequential data

@ Unconditionally generate new sequences

Original A

A :z"and B :z¢

A :z°and B :z™

Original B
t=5

Figure: Illustration of disentangling static and dynamic parts of two sequences
(length=8) using our model on Sprites. Swap content z° and motion z™.
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Generative Model & Inference Model
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(a) Inference Model  (b) Generative Model

Figure: Structures of sequential probabilistic models designed.

Notations: x1.7 be sequence. z;.1 be latent code. z; = (2€, z{"),
content z¢ and motion z}". Hidden States h;.
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(a) Inference Model  (b) Generative Model

Figure: Structures of sequential probabilistic models designed.

Inference Model:

-
ag(2°, 2ii7|x1.7) = ap(2°Ix1:7) [ | a0 (20 | 22 x2)
t=1
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Generative Model & Inference Model
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(a) Inference Model  (b) Generative Model

Figure: Structures of sequential probabilistic models designed.

Inference Model:

0p(2%, 207 1x1:7) = 4o (2°|x1.7) [ [ a(27 | 224 xt)
t=1

Generative Model:

p(x1.7,21:7) pr t 122¢)po(xe|z¢", 2°)
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Disentangled Recurrent Wasserstein AutoEncoder (R-WAE)

@ The optimal transport for distributions with Xi.7 and Y.t is:

W(Pp, Pg) := vor)~rle(XeT, Y1)l

inf E X;.
I~P(X1.7~Pp,Y1.71~P¢) Pl

P(X1.7~Pp,Y1.7~P¢) is a set of all joint distributions with marginals Pp
and Pg respectively.
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Disentangled Recurrent Wasserstein AutoEncoder (R-WAE)

o With P(X¢|Z:) and Y: = G(Z;), we derive

W(Pp, Ps)= inf EppEql c(Xe G(Z:)) ]
QZC = ch; Qzln-,T = lemrzt: D ——
— . Reconstructed Cost

Constraints
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Disentangled Recurrent Wasserstein AutoEncoder (R-WAE)

o With P(X¢|Z;) and Y; = G(Z;), we derive

W(Pp, Ps)= inf EppEql c(Xe G(Z:)) ]
QZC = ch; Qzlan = PZ{"; D ——
- . Reconstructed Cost

Constraints

@ We have an upper bound,

W(Pp, Pg) < cigs ; Ep,Eqlc(X:, G(Z:))],

where the subset S = {Q : Qze = Pye, Qzlm = lem, szngt = PZ{"|ZQt}'
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Loss Function in R-WAE

o With divergence ID between two distributions,

T T
Z Eq(zt\z<t,xt)[c(xt, G(Zt))] + b1 D(sza pzc) + B2 Z D(qzﬂz’gta pz;"|z’2t)a

t=1 t=1

where G is a decoder function.
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Loss Function in R-WAE

o With divergence ID between two distributions,

zT:Eq(ztz<t,xt)[C(xt? G(z:))]+ 51 D(qze, pzc) + 52 zT:D(qzmzrgt, Pzr|zm, )

t=1 t=1

where G is a decoder function. )
o R-WAE(GAN): Djs(qz¢, pzc); MMDy(qzm zm,, Pzm)zm,)- J
o R-WAE(MMD): Scaled MMDy_ (qz¢, pz); MMDy(qzmizm, s P2m|zm,)- J
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Results on Stochastic Moving MNIST Dataset
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Figure: lllustration of disentangling motions {z]"} and contents {z} of two
sequences with T = 100.
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N
Latent Manifold Visualization on SM-MNIST

Figure: 2D manifold of content {z°} encoded from R-WAE(MMD) by t-SNE.
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Quantitative Results on Benchmark Datasets

Datasets Sprites MNIST
m actions skin color | pants | tops | digits
DS-VAE(S) | 8.11%| 3.98% 1.82%| 0.34%| 3.31%
R-WAE(S) | 5.83%| 2.45% 1.73%| 0.32%| 1.78%
DS-VAE(C) | 10.37% 4.86% 3.62%| 0.53%| 4.26%
R-WAE(C) | 7.72%| 3.31% 3.20%| 0.40%| 2.84%

Figure: Comparison of averaged classification error when fixing one encoded

attribute and randomly sampling others for simple/complex structures on Sprites
and SM-MNIST. Lower values in the table indicate better disentanglement.
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Unconditional Sequence Generation
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Figure: Generated video (length=20) in R-WAE(MMD) are randomly taken from
generated samples with T = 100. See video W|th Adobe.
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Baseline
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Figure: MoGoGAN(length=20). See video with Adobe.
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Figure: DS-VAE(length=20). See video with Adobe.
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Reinforced Model
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(a) Reinforced Inference  (b) Reinforced Generative

Figure: Structures of sequential probabilistic models.

o Additional inferece model: q4(a|x1.7,27'1), a is one-hot vector inferred
by an LSTM through motions z{";.

@ Optimize with regularization Dkr,(ge(alx1.7, 2z1), p(a)) (prior p(a)). J
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Results on MUG facial dataset

Original A
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Figure: lllustration of disentangling motions {z{"} and contents {z°} of two video
sequences with T = 10.

t=5 t=7
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Results on MUG facial dataset

Original A
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Figure: lllustration of disentangling motions {z{"} and contents {z°} of two video
sequences with T = 10.
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Quantitative Results on MUG Facial Dataset

Metricl:mh"ds MocoGAN | DS-VAE(NA) | DS-VAE(W) | R-WAE(MMD) | R-WAE(GAN)
Accuracy T 75.50% | 66.73% 82.84 % 88.62% 90.15%
Intra-entropy | | 0.26 0.28 0.23 0.17 0.15
Inter-entropy 1 | 1.78 1.77 1.78 1.79 1.79

ST 4.60 4.44 471 5.05 5.16

Figure: Quantitative results on generated samples. R-WAE(MMD) and
R-WAE(GAN) are ours.
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Unconditional Sequence Generation
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Figure: Generated video (length=10) in R-WAE(GAN). See video with Adobe.
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Baseline

Figure: MoGoGAN(length=10). See video with Adobe.
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Baseline

Figure: DS-VAE(length=10). See video with Adobe.
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Conclusion

O First sequential Wasserstein AutoEncoder framework

@ Two efficient methods by effective regularizers

© A reinforced method to improve disentanglement

Jun Han (Dartmouth College) R-WAE June 17, 2019

20 / 20



	anm0: 
	anm1: 
	anm2: 
	anm3: 
	anm4: 
	anm5: 
	anm6: 
	anm7: 
	anm8: 
	anm9: 
	anm10: 
	anm11: 
	anm12: 
	anm13: 
	anm14: 
	anm15: 
	anm16: 
	anm17: 
	anm18: 
	anm19: 
	anm20: 
	anm21: 
	anm22: 
	anm23: 
	anm24: 
	anm25: 
	anm26: 
	anm27: 
	anm28: 
	anm29: 
	anm30: 
	anm31: 
	anm32: 
	anm33: 
	anm34: 
	anm35: 
	anm36: 
	anm37: 
	anm38: 
	anm39: 
	anm40: 
	anm41: 
	anm42: 
	anm43: 
	anm44: 
	anm45: 
	anm46: 
	anm47: 
	anm48: 
	anm49: 
	anm50: 
	anm51: 
	anm52: 
	anm53: 
	anm54: 
	anm55: 
	anm56: 
	anm57: 
	anm58: 
	anm59: 
	anm60: 
	anm61: 
	anm62: 
	anm63: 
	anm64: 
	anm65: 
	anm66: 
	anm67: 
	anm68: 
	anm69: 
	anm70: 
	anm71: 
	anm72: 
	anm73: 
	anm74: 
	anm75: 
	anm76: 
	anm77: 
	anm78: 
	anm79: 
	anm80: 
	anm81: 
	anm82: 
	anm83: 
	anm84: 
	anm85: 
	anm86: 
	anm87: 
	anm88: 
	anm89: 
	anm90: 
	anm91: 
	anm92: 
	anm93: 
	anm94: 
	anm95: 
	anm96: 
	anm97: 
	anm98: 
	anm99: 
	anm100: 
	anm101: 
	anm102: 
	anm103: 
	anm104: 
	anm105: 
	anm106: 
	anm107: 
	anm108: 
	anm109: 
	anm110: 
	anm111: 
	anm112: 
	anm113: 
	anm114: 
	anm115: 
	anm116: 
	anm117: 
	anm118: 
	anm119: 
	anm120: 
	anm121: 
	anm122: 
	anm123: 
	anm124: 
	anm125: 
	anm126: 
	anm127: 
	anm128: 
	anm129: 
	anm130: 
	anm131: 
	anm132: 
	anm133: 
	anm134: 
	anm135: 
	anm136: 
	anm137: 
	anm138: 
	anm139: 
	anm140: 
	anm141: 
	anm142: 
	anm143: 
	anm144: 
	anm145: 
	anm146: 
	anm147: 
	anm148: 
	anm149: 


