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Self Supervised Learning (SSL)
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Unsupervised Learning:

Learning to Model the Observed Data

Self Supervised Learning:

Learning by Predicting Proxy Targets
Extracted From Unlabelled Data

[Larsson et. al.]



But Why Self Supervised Learning?

Y. LeCun

How Much Information Is the Machine Given during Learning?

P “Pure” Reinforcement Learning (cherry)

» The machine predicts a scalar reward given once in a
while.

» A few bits for some samples

P» Supervised Learning (icing)

» The machine predicts a category or a few numbers
for each input

» Predicting human-supplied data
» 10 - 10,000 bits per sample

P> Self-Supervised Learning (cake génoise)

» The machine predicts any part of its input for any
observed part.

» Predicts future frames in videos
» Millions of bits per sample [Y. LeCun]




But Why Self Supervised Learning?

[Y. LeCun]

ID. MacKay]
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Talk Layout

1. Examples of Self Supervised Learning (SSL) Approaches
- Information Theoretic Interpretation

2. Mutual Information (MI) Motivated SSL approaches
 Deep InfoMax
* Contrastive Predictive Coding

3. Is Ml the real reason behind the success of SSL?

4. Generative Models for Representation Learning

5. Self Supervised Learning for Identifiability in Non-Linear ICA



Typical SSL Approaches:

Predict Future From Past .
ncoder

Predict Adjacent Sections in Structured Data Representation z
Predict Occluded Area from Non-Occluded One

Undo Data-Augmentation Transformations

[Noroozi et. al.]



Typical SSL Approaches:

e Predict Future From Past
Encoder

* Predict Adjacent Sections in Structured Data Representation z

. Predict Occluded Area from Non-Occluded One | Pewnstream Taik_l

. . Classifi
 Undo Data-Augmentation Transformations e

Obtain gains in downstream tasks (usually classification)

[Noroozi et. al.]



- Predicting Rotations
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CNNs are not rotation invariant.
Will need to learn part-whole relationships.

4

'Inputx
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Encoder Supervised Attention

Representation z

Self-Supervised Attention

Classifier

Rotation? {0, 90, 180, 270} [Gid ]
idaris et. al.



Multimodal SSL.:

Video x v Audio X a

udio + Video

Fingerpicking Lawn mowing P. accordion P. bass guitar P. saxophone Typing Bowling P. clarinet P. organ

y!

Classifier

o .
'
RN L L

L

a-v Correspondence?: {Y, N}

N = N
NN
] a
LR
=N

I-‘

Separate p(a, v) from p(a)p(v)



Word Embeddings

Unsupervised Analogical Reasoning

[
InpUt X( ) Newspapers
New York New York Times Baltimore Baltimore Sun
San Jose San Jose Mercury News® Cincinnati Cincinnati Enquirer®
Encoder NHL Teams
Boston Boston Bruins Montreal Montreal Canadiens
Phoenix Phoenix Coyotes m Nashville Nashville Predators m
NBA Teams
Embeddin gz Detroit Detroit Pistons Toronto Toronto Raptors
Oakland Golden State Warriors = Memphis Memphis Grizzlies ®
Airlines
Austria Austrian Airlines Spain Spainair
NCE Critic Belgium Brussels Airlines m Greece Aegean Airlines m
Company executives
Steve Ballmer Microsoft Larry Page Google
Samuel J. Palmisano IBM = Werner Vogels Amazon =

Predict among negative samples:
{X(r—z), X(t—l), X(H_l), X(t+2)}

Skip Gram Model: Separating p(x”, x"*) from p(x'?)p(x""Y))

[Mikolov et. al.]



Typical SSL Approaches:

e PredicthFuture From Past
* Predict Adjacéent Sections in_Stfuctured Data
e Predict Occluded Aréadrom Non-Occluded One

* Undo Datda-Augmentation Trarisformations

Maximise Mutual Information Between Inputs and
Representations?
p(X,7)

I(x,2) = E,. . [log ————
X8 = S0 @)



But What is Mutual Information?



But What is Mutual Information?

p(X,z)
p(x)p(z)

[(x,z) = KL(p(x,z) | | p(X)p(2)) = Ep(x,z)[l()g ]



But What is Mutual Information?

p(X,z)
p(x)p(z)

[(x,z) = KL(p(x,z) | | p(X)p(2)) = Ep(x,z)[l()g ]

[(x,z) = HX) — HXx|z)



But What is Mutual Information?

_ 3 p(X, )
[(xX,z) = KL(p(X,2) | | p(X)p(2)) = E,x »llog ———]

p(X)p(z)
[(x,z) = HX) — HXx|z)

» Symmetric, Bounded: O < I(X,y) = I(y, X)) < min(H(x), H(y))

* Invariant to Reparametrisations! FI0)

=

Here: I(xX,2) = HX) = Hz) ——

5 x [Dinh et. al.]



But What is Mutual Information?

_ 3 p(X, )
[(xX,z) = KL(p(X,2) | | p(X)p(2)) = E,x »llog ———]

p(X)p(z)
[(x,z) = HX) — HXx|z)

» Symmetric, Bounded: O < I(X,y) = I(y, X)) < min(H(x), H(y))

* Invariant to Reparametrisations! FI0)

iR
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Here: I(xX,2) = HX) = Hz) ——

5 x [Dinh et. al.]

ISSUE: No closed form for distributions. Only have samples!



Density Ratio Estimation

[(x,z) = KL(p(X,2) | | p(X)p(z)) = E,x 10 M]
o p(xX)p(z)




Density Ratio Estimation

. Letswrite a=(x,2); p@|lb=1)=pX)pz); pa|b=0)=px,z)




Density Ratio Estimation
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Density Ratio Estimation

. Letswrite a=(x,2); p@|lb=1)=pX)pz); pa|b=0)=px,z)

p@lb=0) pb=0lap@pb=1) pb=0]a)  pb=0]|a)

r(a) = = — - 7
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Density Ratio Estimation

. Letswrite a=(x,2); p@|lb=1)=pX)pz); pa|b=0)=px,z)

p@lb=0) pb=0lap@pb=1) pb=0]a)  pb=0]|a)

r(a) = = — - 7
palb=1) pb=1]ap@pb=0) pb=1la) 1-pb=0]|a)
6
p(x)p(z)
4 p(x, 2) . .
2 e %@@ )
o W5F.8
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We often model conditional probabilities with parametric functions: g 839 O@"“@
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fwv(@) = pb =0]a) -4 - =
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Density Ratio Estimation

. Letswrite a=(x,2); p@|lb=1)=pX)pz); pa|b=0)=px,z)

p@lb=0) pb=0lap@pb=1) pb=0]a)  pb=0]|a)

r(a) = — _ _ P\ =YIe
p@alb=1) pb=1|ap@pb=0) pb=1[a) 1-pb=0]a)
6 p(x)p(z) f
441 o p(x, 2 g@é .
We can learn a parametric function ) - e (? e
that estimates log density ratios from samples! . .. O;%g;%@cg%
p(b — O ‘ a) p(X, Z) 5 O OO;jgi %090
faw(@) = logr(a) = log = log( ) .. . °%8
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Representation Learning through Maximising I(x, z)

1. Sample from joint distribution:
(x,2) ~ p(X,7) as X~ py(X); z=fyx)

i
(x,2) ~ p(X)p(z) as X, X'~ pgy(X); z=fu(x) §

2. Negative sample from factorised distribution:

3. Estimate I(x, z) with Ty(X, Z) § z
v v
4.Optimise arg maxy , (X, Z)
Critic T(x,2)

GANs MI Maximisation l

Encoder Critic Encoder Critic T.(x,7) ~ log p(X, Z)
f(x) T(x,2) f(x) T(x,2) O\ p(X)p(Z)




Deep InfoMax

- - S
Global Objective “ore
“Real”
In‘put image MxM L

_feature map Feature vector

[/

Discriminator

M x M features drawn from another image

Local Objective

M x M features

M x M Scores

Local feature (+)

N enanandyes > \

/

Global feature

Local feature (-)

M x M features drawn from another image

“Real”
M
M
“Fake”
M
M

[Hjelm et. al.]



Deep InfoMax (DIM)

e Max MI between Local and Global Representations

e Criticis an MLP:

Linear SVM
Classification Results:

Operation Size | Activation
Input — Linear layer | 512 ReLLU
Linear layer 512 ReLLU
Linear layer 1
Model CIFAR10 CIFAR100
ode conv fc (1024) Y (64) conv fc (1024) Y (64)
Fully supervised 75.39 42.27
VAE 60.71 60.54 54.61 37.21 34.05 24.22
AE 62.19 595.78 54.47 31.50 23.89 27.44
B-VAE 62.4 57.89 595.43 32.28 26.89 28.96
AAE 59.44 57.19 52.81 36.22 33.38 23.25
BiGAN 62.57 62.74 52.54 37.99 33.34 21.49
NAT 96.19 51.29 31.16 29.18 24.57 9.72
DIM(G) 52.2 52.84 43.17 27.68 24.35 19.98
DIM(L) (DV) 72.66 70.60 64.71 || 48.52  44.44  39.27
DIM(L) (JSD) 73.25 73.62 66.96 || 48.13 45.92 39.60
DIM(L) (infoNCE) | 75.21  75.57 69.13 || 49.74 47.72 41.61

S DI N I I I

Local
Encoder

Global
Encoder

MLP Critic

MI Max

[Hjelm et. al.]



Contrastive Predictive Coding

« Max Ml between representations of spatially/temporally similar inputs

» max I(zV, z"*%)) with (AR NN + Bilinear) Critic 7(z"!-%),z%)) = g, (2! -P)TWz kD)

Ct Predictions
N N N ~ ~ = ~ .
() —(o) ™ NN
. \ \ \
\ . - .
T T T ¥ 3 ¥ ¥ 64 px
Zt+1 Zt+2 Zt+3 Zt+4
Ti_3 Ti_1 Ty Tt19 Tiy3 Tiia | 50% overlap
I "ll."'|h|" A vl Ii b 256 pX|
i M A -— .',H‘ lu'u"“ - i ’.‘1,’\”,"}""".“1".‘ e ans v

Audio Inputs

Gar - Output
Genc - OutPU-t
— Ct_
]
,/"/I'
o
P ,/‘/
. ‘//
_—-—“/- 7 ’
Zt+3| le«-T"7 _-7 Predictions
Zt+4 < — T

input image

Audio-Video matching and Word2Vec fit within this framework!

e

Image Inputs

[van den Oord et. al.]



Better Contrastive Predictive Coding

 Large Batch Sizes
 Heavy Patch Augmentation

* Predict in every direction (not just forward)

o Larger Capacity NNs than when using labels

 Layer Norm (Not Batch Norm)

Text Document Classification

Method MR | CR | Subj | MPQA | TREC
Paragraph-vector [40] 74.8 | 78.1 | 90.5 74.2 01.8
Skip-thought vector [26] | 75.5 | 79.3 | 92.1 86.9 91.4
Skip-thought + LN [41] | 79.5 | 82.6 | 93.4 89.0 -
CPC 76.9 | 80.1 | 91.2 87.7 96.8

[He naff et. al.]

Linear classification accuracy

O
~

0.65 -

O
(o))

O
4]
o

ImageNet

Top-5 classification accuracy

CPC v1
> > > > > >
+MC +BU +LN +RC +HP +LP +PA
—$
./.f./
0.9 O N

o
o

o
~

O
»
1

0.4

0 «

—
/ ® / 50% fewer
O @ labels

d

80% fewer @
labels

/ -0~ ResNet trained on CPC

-0~ ResNet trained on pixels

2 5 10 20 50 100
Percentage of labeled data



A Unifying Framework for Contrastive Learning

[Chen et. al.]



A Unifying Framework for Contrastive Learning

 Use ~InfoNCE to max MI between augmented inputs

@,;,j = — log

exp(sim(z;,2;)/7)

Zigl l[k;«éz’] eXP(Sim(Zz', Zk)/ T)

Maximize agreement

Z; = > Zj
a0)| 90
h; <— Representation — h;
f() f()
N N t‘ Hff

[Chen et. al.]



A Unifying Framework for Contrastive Learning

- Maximi t
e Use ~InfoNCE to max MI between augmented inputs Zi e . 2
b o exp(sim(zi,2)/7) o] ()
" ° Ziﬁl 11524 exp(sim(z;, 2x)/7) h; +<— Representation —» h
A A
* Random Crop + Color Distortion Augmentation fC) fC)
______ (2) ©
. | WAL UL AL ROk
oeeny b y iy 'geie t
A B o L
o ____ | | C:
““““ [y l M i
(a) Global and local views. (b) Adjacent views. (a) Without color distortion. (b) With color distortion.

[Chen et. al.]



A Unifying Framework for Contrastive Learning

 Use ~InfoNCE to max MI between augmented inputs

exp(sim(z;,2;)/7)

Ei,j — —log 5N

o1 Likota] exp(sim(z;, zx)/7)

« Random Crop + Color Distortion Augmentation

nl“““ ||’L

y

..... @ | U

(a) Global and local views. (b) Adjacent views. (a) Without color distortion.

* Big Batches, Big Computers

--------- C
————— m

[

L
o Ul [

i
L

(b) With color distortion.

Maximize agreement

“i < > Zj
9(')I Tg(.)
h; <— Representation —» h;

t A
f() £()
z, :
“n 7 { Hr\/

[Chen et. al.]



A Unifying Framework for Contrastive Learning

Downstream Linear Classification

 Use ~InfoNCE to max MI between augmented inputs xSupervised . ASimCLR (4x)
. S 75 . *SimCLR (2x)
Ei,j _ log — eXp(Slm(z’iy.zj)/T) g 20 ’CPI\C/:IVQC_L )
L—1 ]].[k;;éi] exp(s1m(zz-,zk)/7) = *SimCLR ! o ®CMC JMo 0/.( X)
< . .MOC;C(ZX) AMDIM
. . . 7 65 PIRL-ens. X

e Random Crop + Color Distortion Augmentation I I

% 60 Q't":co °
********* 1 7] W OO e
' )\ -

5 Jﬂlﬂ“"h i

25 50 100 200 400 626
Number of Parameters (Millions)

|

_____

] A
e - i o o ] U ML I

(a) Global and local views. (b) Adjacent views. (a) Without color distortion. (b) With color distortion.

1xx 7 . .
' : With 128 TPU v3 cores, it takes ~1.5 hours to train our
@ r ' l ’
Blg BatCheS’ Blg CO DUterS ResNet-50 with a batch size of 4096 for 100 epochs.

[Chen et. al.]



Mutual Information Neural Estimation (Deep InfoMax)



Mutual Information Neural Estimation (Deep InfoMax)

q(x|z)
p(x)

+ E,,)|KL(p(x|2) | | g(x|2)]

7

p(x|2)g(x|z) ]
p(X)q(x|z)

= Ep(x,z) [lo g

—

[(X,2) = E, [log




Mutual Information Neural Estimation (Deep InfoMax)

q(x|z)
p(x)

+ E,,)|KL(p(x|2) | | g(x|2)]

7

p(x|2)g(x|z) ]
p(X)q(x|z)

= Ep(x,z) [lo g

—

l

I(x,7) > H(x) + Eyq [log g(x | 2)]

[(X,2) = E, [log




Mutual Information Neural Estimation (Deep InfoMax)

q(x|z)
p(x)

p(x|2)g(x|z) ]
p(X)q(x|z)

= Ep(x,z) [lo g

—

l

I(x,7) > H(x) + Eyq [log g(x | 2)]

I(X9 Z) — Ep(x,z) llOg T Ep(z) [KL(p(X ‘ Z) ‘ | Q(X | Z)]

We choose ¢(X|z) =



Mutual Information Neural Estimation (Deep InfoMax)

q(x|z)
p(x)

p(x|2)g(x|z) ]
p(X)q(x|z)

= Ep(x,z) [lo g

—

l

I(x,7) > H(x) + Eyq [log g(x | 2)]

I(X9 Z) — Ep(x,z) llOg T Ep(z) [KL(p(X ‘ Z) ‘ | Q(X | Z)]

We choose 9(X|z) = e
Byl

I(x,z) > mglx E,x.2lTol — log(Ep(X)p(Z)[eTe])



Mutual Information Neural Estimation (Deep InfoMax)

q(x|z)
p(x)

p(x|2)g(x|z) ]
p(X)q(x|z)

= Ep(x,z) [lo g

—

l

I(x,7) > H(x) + Eyq [log g(x | 2)]

I(X9 Z) — Ep(x,z) llOg T Ep(z) [KL(p(X ‘ Z) ‘ | Q(X | Z)]

We choose 9(X|z) = e
Byl

I(x,z) > mglx E,x.2lTol — log(Ep(X)p(Z)[eTe])

p(X,z)
p(xX)p(z)

Bound tight if 7 = log



INfONCE (Contrastive Predictive Coding)

[van den Oord et. al.]



INfONCE (Contrastive Predictive Coding)

Similar to MINE, but:

We draw an additional K-1 samples from x to a normalisation constant:
K

|
Ep(x)[eT] ~ m(Z ‘ Xl c o e Xk) p— E Z eT(Xi’Z)
=1

[van den Oord et. al.]



INfONCE (Contrastive Predictive Coding)

Similar to MINE, but:

We draw an additional K-1 samples from x to a normalisation constant:
K

|
T ~J —_— T(Xiaz)
E,xle] ~m(Z|X...X;) = % E e
=1
.......................... softmax cross-entropy
Q‘ .0/
TQ(Xlaz) .

[(x, 2) 2 max Ep ) px, . x108

..IIIIIIIIIIIIIIIIIIIIIIII-.

[van den Oord et. al.]



INfONCE (Contrastive Predictive Coding)

Similar to MINE, but:
We draw an additional K-1 samples from x to a normalisation constant:

1 K
T ~J —_— T(Xiaz)
E,xle] ~m(Z|X...X;) = % E e
=1
.......................... softmax cross-entropy
Q‘ .0/
TQ(Xlaz) .

[(x, 2) 2 max Ep ) px, . x108

..IIIIIIIIIIIIIIIIIIIIIIII-.

Note that: I(x,z) > I"“* +1logK
Larger K (batch sizes) will yield less biased estimates

[van den Oord et. al.]



Comparing Ml estimators

- MINE-f  InfoNCE s

4 = Joint Critic

Separable Critic
— T MI
| = e AL log(64)

Correlated Gaussian

Mutual information (nats)

0 5000 10000 15000 2000t

steps

1 MIINE'f ~ InfoNCE . JS
—~ 10 - . 1 = Joint Critic
% Separable Critic
= 8 — True Ml
5 | I | ] = log(bs)

3 g 6 - L _
z=Wx);, x~H0O,1) &,
k= T~ - T “ " s b mmml - - - - - - i j| EO e B
E ﬁ
O f‘_‘ 1 1 1 1 1 T

0 5000 10000 15000 2000t
steps

[Poole et. al.]



Which One Should | Use?

Bias

Batch-Size: N

-InfoNCE

Not an estimator | -.._p

-JSD -MINE

N22 Critic Evaluations
- - MINE-f
- InNfoNCE
Variance

* If possible use InfoNCE with large batch size



Is Ml Maximisation Really the Solution?

* During training encoders become less invertible

8 0.90 S \
7 A ll \
6 0.89 = A o
; /-'\v/"/\\ t:\:6 y - A __ g
4 ~ 0.88 —_— p
> S 5
~ 2 § 0.87 = .
& S S
= Y 0.86 -
0 b¢ c 3 4
, 0.85 '.g 5 g7 - - Minimum - - 60th perc.
—  Iywy 084 | — 1wy o - - 20th perc. - - 80th perc.
—4 Ince Inep = 1 40th perc. - - Maximum
0.83 0
0 5 10 15 20 0 5 10 15 20 0 5 10 15 20
Training steps (in thousands) Training steps (in thousands) Training steps (in thousands)

 More flexible critics can make for worse representations

0.90 0.90 7
< 0.88 ~ 0.88 6
- <
- L
= 0.86 = 0.86 .
> > | Bilinear: 7(z,x) = z"WX
© 0.84 © 0.84 T
v — MLP S — MLP — MLP Separable: T(Z, X) = gb(Z )¢(X)
< 0.82 Bilinear < 0.82 Bilinear 3 Bilinear

—— Separable —— Separable f —— Separable

o
o)
o
O
00
o
N

0 5 10 15 20 0 5 10 15 20 0 5 10 15 20 [Tschannen et. al.]

Training steps (in thousands) Training steps (in thousands) Training steps (in thousands)



Is Ml Maximisation Really the Solution?

-A bijection can be applied to a useful representation making it not useful, maintaining /(X, z)

- Utility of representation is a function of "decodable information”, not Ml

* This depends on inductive biases from:

M| estimator

e Critic Function + Encoder Function

e Objects between which Ml is maximised
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A Generative Modelling
Perspective




Latent Variable Generative Models
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Goal: * = arg maxlog p, (D)
U=G,



Latent Variable Generative Models

Goal: * = arg maxlog p, (D)
U=G,

v ( —[ )
Probabilistic PCA
pols) = AN (s;0,1)

pox|s) =N (x; Ws + u, 021)




Latent Variable Generative Models

Goal: * = arg maxlog p, (D)
U=G,

v, | —[ )
Factor Analysis
pols) = AN (s;0,1)

pox|s) =N (x; Ws -|-//t,2)




Latent Variable Generative Models

Goal: * = arg maxlog p, (D)
U=G,

v
VAE
pols) = N (s;0,1)

ODENEETAONACY
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|dentifiability

I[dentifiability: the “true” parameters will be recovered given infinite observations

[, Khemakhem, et al. 2079



|dentifiability

I[dentifiability: the “true” parameters will be recovered given infinite observations

For generative models:  Po(X) = pglx) — 0 =10

[, Khemakhem, et al. 2079



|dentifiability

I[dentifiability: the “true” parameters will be recovered given infinite observations
For generative models:  Po(X) = pglx) — 0 =10

[dentifiable models provide:

- A principled approach to representation learning (as opposed to
lust” generative modelling).

> Links to other unsupervised desiderata (e.q., “disentanglement’)
. Khemakhem, et al. 20719
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PCA / Factor Analysis:



PCA Non-ldentifiability

PCA / Factor Analysis:

_ 04
Scaling: WS =—WS = (a”'W)(aS)
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PCA Non-ldentifiability

PCA / Factor Analysis:

_ 04
Scaling: WS =—WS = (a”'W)(aS)
04

Rotation: WS = WRR™!S =W’
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VAE Non-iaentifiability

Theorem. Let p(s) = de(sd), then there

exists an infinite family of bijections of the
form f: & — & such that P H(x) ~ pH*(x)

[Pe(x | 5)p(s)ds = Jm(x | f)p(fis))ds DS, X) N Pye(s, X)

for some alternative generative model with

parameters 0.

F Locatello et al. 2079,
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for x € X;do
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Maximum Likelihood Solution

Initialize W
Choice of p & ¢

for x € X;do

[dentifiable when:

1. p;is not Gaussian (except
s <« ¢(a) perhaps one).

W e W+ n((WT! + sx7) 2. p; L piforallt,]

a — Wx

D. Mackay. 2003.
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Non-linear ICA

Existence: for any random variable x € | d ,

d
there exists a function g: & — & such that pH(S) — I Ipi(Si; ‘9)
=1

Si, - .. ,S,have density p,(s) (constructive).

x=f(s;0); f:RY— R?

Non-uniqueness: the number of solutions g Is

at least as large as the class of measure-

preserving functions h: [0,1]" — [0,1]" Goal: recover f -1

A. Hyvarinen and F. Pajunen. 1998.
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P (8;) &< A(7)g,(s;)

x, = f(s,)

A, Ayvannen and H. Mornoka. 2076.
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Source
signals W e

P; () < A(7)g,(s;)
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signals

X "W Mf“" xt:f(st)

L i>
Time (t)
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Predictions of segment labels

Observed |
signals |

A, Ayvannen and H. Mornoka. 2076.
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Identifiability via TCL

Theorem. Assume that

() the observed data are generated from the detailed model,

(i) TCL is applied to learn a feature extractor /i(x,; ¢), and
(i) the parameters /4, , are “well-behaved”.

Then, with infinite data we have that

q(s) = Ah(x;0) + b.

A, Ayvannen and H. Mornoka. 2076.
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Generalization with Auxiliary Variables

Q? Pfs) = prs u; 0)
x = f(s; 0); f. RY —» R4

r(r,u) = ) wi(h(x; 6), u)
=1

X=(x,u); X*=(x,u*)
A. Hyvarnen et al. 2019., Khemakhem et al., 2019
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Summary

-~ Contrastive learning —> Self-supervised “heuristics”
- SSL methods seem to lead to useful representations
- Methods largely motivated (heuristically) by mutual information

Self-supervised learning <— > identifiability in generative models
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