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What is Disentangled Representation Learning ?



Disentangled Representation Learning
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Why disentangled RL is important?
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Difficulty
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Related Works



Variational Autoencoder (VAE)
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Loss Function
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Loss Function
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B-VAE
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Isolating Sources of Disentanglement in Variational
Autoencoders
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Figure 1: Connecting posterior overlap with minimizing the KL divergence and reconstruction
error. Broadening the posterior distributions and/or bringing their means closer together will tend
to reduce the KL divergence with the prior, which both increase the overlap between them. But, a
datapoint Z sampled from the distribution g(z2|z5) is more likely to be confused with a sample from
q(z1|z1) as the overlap between them increases. Hence, ensuring neighbouring points in data space
are also represented close together in latent space will tend to reduce the log likelihood cost of this
confusion.



https://arxiv.org/pdf/1804.03599.pdf

beta® bL— RA JERE (FATNEYIRFEIR)

= 2 D (a(zn)lp(2) = Epiry Dx (a(z|m)Ip())

= Epn) {Eq(zlni log g(z|n) — log p(z) + log q(2) — log q(z) + log H q(zj) — logH Q(zj)}]
el ) e ) s [l

p(z5)

q(2)p(n) - IT; a(z)- p(z;)
o(eln)p(n) () - ()
vty | * B 18 T o]+ Dt [

a(zln)p(n)" a(z) a(z;)
o) )+ B 1°gn 1() *ZEM[M el

= D (q(z,n)[|q(2)p(n)) + Dxe (¢ Z>||quz +ZDKL a(z)|Ip(2;))

Vo

z|n)p(n q(z) 7 q(z;
, _10 (z[n)p(n)] + Eq(2) log (2) +Z]Eq(z) [log ( 3)}
J

g(z,mn) _1

= Eq(z,n) log

(i) Index-Code MI ~ N _

1:5 _EL 'l%*&% @ Total Correlation . Dimension-wise KL n

iE]ES




Loss Function
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Results
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Dual Swap Disentangling
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Figure 1: Architecture of the proposed DSD. It comprises two stages: primary-stage and dual-stage.
The former one is employed for both labeled and unlabeled pairs while the latter is for unlabeled only.




Algorithm & Loss function

Algorithm 1 The Dual Swap Disentangling (DSD) algorithm

Input: Paired observation groups {G;, k = 1,2, .., n}, unannotated observation set G.
1: Initialize ¢ and '
2: for t=1,3,...,T epochs do
3:  Random sample k € {1,2,...,n}.
Sample paired observation (Z 4, Zg) from group Gy.
Encode 74 and I into R 4 and R g with encoder f:.
Swap the k-th part of R 4 and R g and get two hybrid representations R4 and R .
Construct RA and RB into I, = fwe(RA) and IB = fo (7?,3)
Construct R 4, and R into Z 4, = = fo (’RA )and Iy = fot (7?,3)
9:  Update o' ™1, ofF! « ¢f, by ascending the gradient estimate of £, (Za,Zg; o', ¢").
10:  Sample unpaired observauon (Za,Zg) from unannotated observation set G.
11:  Encode 7, and T into R 4 and R g with encoder f+1.

12:  swap the k-th part of R 4 and R g and get two hybrid representations R 4 and R p.
13:  Construct R4 and R into Z4 = forr1(Ra)and Ip = fuer1(Rp).

14:  Construct R 4 and R into Z4 = fot+1 (Ra)and Zp = for+1 (RB).

15:  Encode (Z4,Zp) into R’ and ’R,’ with encoder fye+1.

16:  Swap the k-th parts of R" and R’ backward and get R'; and R;.

17 Construct R/, and Ry into T4 = for+1(Ry) and I = fee1(Rp).

18:  Update qﬁ“‘z, o2 Pt it by ascending the gradient estimate of
Lu(Za, Ip; o't ot

19: end for

Output: ¢7, o7

00 N e

We take the total loss L, for the labeled pairs to be the sum of the original autoencoder loss L, and
swap loss Ls(Za,Zg; ¢, ¢):

Lo(Za,Ip:¢.¢) = Lo(Za,Ip:d,¢)+ als(Za,Ip:¢.p), (3)
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Figure 2: Visual results on 5 dataset. “d-pair” indicates disturbed pair.




Learning Disentangled Joint Continuous and Discrete
Representations

Beta-VAE/RX—_XDDRLICEH I DFE
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Figure 1: JointVAE architecture. The input x is encoded by g, into the parameters of the latent
distributions. Samples are drawn from each of the latent distributions using the reparametrization
trick (indicated by dashed arrows on the diagram). The samples are then concatenated and decoded
through py.




Loss function
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accept-reject algorithm
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Gumbel max trick FII&
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Gumbel-softmax Sampling
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Gumbel-softmax Sampling
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Gumbel-softmax Sampling
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Gumbel-softmax Sampling

D T T T T T T T
10 Gumbel_softmax_distribution_10.0
10 Categorical_distribution 100 T
081
08}
200 —
osl 0.6}
300 | —
04} b 04l d
400 —
02} i
n i B |
00 1 2 3 ! = 500 | I I . b
0.0 1 2 3 4 5
[0.100, 0.600, 0.200, 0.095, 0.005] sampling_0
6(]0 i i |

I | | |
0 100 200 300 400 500 600 700 800




(b) Thickness (continuous)
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