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Invariant-equivariant repkes.entation learning

High-level introduction
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Separating content from style

‘ This work is about disentangling representations. We present a novel approach to an old problem.

Want to represent the class and « Classification This is not a new topic...

the data instance separately - Tenenbaum & Freeman. (2000)

* Reed et al. (2014)

* Interpretability

- Topic modelling « Zhu et al. (2014)
+ Radford et al. (2016)
class, r * Style transfer + Chen et al. (2016)

+ Siddharth et al. (2017)

datapoint, (r,v) ...
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The main idea

Invariant (class) latent is deterministically calculated from
“‘complementary” same-class examples:

{xt 2% ... 2™} — 71,

Equivariant (instance) latent is stochastically inferred
from both class and datapoint information:

{ry,x} — v

Inspired by GQNSs (Eslami et al., 2018)

—

class-y manifold
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Invarlant equwanant representatlon learning

Some detall
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Flash through the math

N
P({%n, Yn}n1) H /dvn dr, Po (X0 |7, ) 6 (rn — 1y,.) P(Vn) P(Yn)

1 & ;
Tyn = E nginv(x )
=1

gy (v|ry, ) = N(u¢(ry, ), aq%('ry,a:)l)

Liab = Equ|r, ,z) logp(z|ry, v) — DKL [q(v]ry, 2)||p(v)] + log p(y)

Luntab = Eq(y|a) |:]Eq(v|7“y,a:) log p(z|ry,v) — Dkr[q(v|ry, x)Hp(v)H — Dk [q(y|z)||p(y)]
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Flash through the math

with 2 latent variables

i Generative model
Generative model p({nsyntne1) H /d’vn dry, po(Tn|Tn, vn) : :

1 m
o = =3 fom (@

4o (vlry, @) = N (g (ry, 7), 05 (ry, 2)I)

Inference model

Elab — Eq(v|ry,x) 10gp(33|7“y, U) — DkL [q(U|7”y, LU) | |p(’l))] + lng(y)
Objective

Eunlab - IEq(y|gc) {Eq(vhy,x) 10gp(37|?“y, U) - DKL [Q(U|Ty7 ZU) | }p(’l})]} - DKL [Q(y|m) | ‘p(y)]
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Flash through the math

Generative model

N |
- N S
Generative model p({Zn, yn}n_1) 1:[ / vy, drn po(Tn|rn, vn) 0 with 2 latent variables

; " Deterministic, from same-
Tyn = ) Z Fou (z") class complementary data

qp(vlry, x) = ./\/'(,u¢,(ry, x), O’?b(?"y, 9[:)[)

Inference model

Liap = Eq(v|ry,w) lng($|’l"y, U) — DkL [q(’U|7"y, LU) | |p(’l))] + lng(y)
Objective

Lunlab = IEq(y|mc) |:Eq('v|ry,:r) 10gp(£l?|’l“y, U) — Dk [Q(U|Ty7 CU) | |p(v)]i| — DxkL [q(y|$) | |p(y)]
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Flash through the math

. Generative model
Generative model p({xn,yn}ﬁ] 1) H / dvy, dry, po(Tn|Tn, Un)

with 2 latent variables

4

Deterministic, from same-

§ " ( 'L)

qp(Vlry, ) = N (pg(ry, x), 05 (ry, z)I) Standard VAE

Liap = Eq(v|ry,w) lng($|’l"y, U) — DkL [Q(,U|Tya .’,U) | |p(’l))] + lng(y)
Objective

Lunlab = IEq(y|mc) |:Eq('v|ry,:r) logp($|7‘y, U) — Dk [Q(U|Ty7 CU) | |p(v)]i| — DxkL [q(y|$) | |p(y)]
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Flash through the math

. Generative model
Generative model p({xn,yn}ﬁ] 1) H / dvy, dry, po(Tn|Tn, Un)

with 2 latent variables

4

Deterministic, from same-

§ " ( 'L)

qp(Vlry, ) = N (pg(ry, x), 05 (ry, z)I) Standard VAE

Elab = Eq(v|ry,w) logp(x|7°y, U) — Dk [q(v|ry, LE) | |p(1})
Objective

Lunlab = IEq(y|m) |:Eq('v|ry,m) 10gp(517|7'ya U) — Dk [q(”U|’T'y, CU)
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Inference in pictures

(parameters: 6;,,)

Invariant representation
1 P —) CNN + dense
x —_— ﬁ

T = -}CNN+dense J

mean =p dense -}\ Te |

e

dense \

4

=) | CNN + dense |=p ~ concatenate |

Equivariant representation
(parameters: oy )

dewse || plrs,a) |
Q(U|T67x)

> dense =» o?(rg, )
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Invariant-equivariant representation learning
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Inferred latent space on MNIST

Invariant latent space

Latent spaces disentangle w |

The invariant latent learns to

el
separate the classes w . % “

The equivariant latent learns .
to ignore class information m T

Equivariant latent space
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Generations from various latent configurations (MNIST)
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Generations from various latent configurations (SVHN)

ol
3
2
71
2
2
2
12
7

Equivariant interpolations, Invariant steps,
Samples from each class S : : o
for multiple invariant latents for multiple equivariant latents
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Classification

(Using O-parameter distance to nearest r) (Using label-inference distribution)
EQUIVAE BENCHMARK LABELS EQUIVAE BENCHMARK
Z 5’ 100 8.90+£0.70  21.91+£0.66
Z 0.82+0. 84 +0. > - : ’ ;
s 082x000 084x003 g 600 3.99+0.17  6.64+0.35

1000 3.34 £0.17 5.43 £0.31
3000 2.23£0.14 2.96 £0.11

SVHN

12.30 £ 0.28  10.04 +=0.14
1000 37.95+£0.66 39.64£1.47

3000 24.95£0.57 25.50£0.91

SVHN

Benchmark is always the equivalent network, +2

dropout layers, trained to classify the labelled data




Invarlant equwanant representatlon learning

Outlook
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Outlook

A. Easy to implement
B. Very little tuning needed
C. Reasonably intuitive

D. Performs similarly to comparable approaches

A. Requires some labels

B. Does not achieve state-of-the-art

At Faculty, we are implementing this technique into our generic
object detection pipeline to extract invariant object representations
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Thank you

If you’re interested in finding out
more about this work, or Faculty
in general, please get in touch!

Director of Al

+44 20 3637 9415

54 Welbeck St, Marylebone,
London W1G 9XS, UK

Follow us:

000
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