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Supervised Learning vs. Unsupervised Learning
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Dimension Reduction/Representation Learning
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Dimension Reduction/Representation Learning
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Usage of Representation in ML Tasks

Self-supervised pre-training
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Usage of Representation in ML Tasks

Self-supervised pre-training Supervised fine-tuning
 Pretext | " Downstream |
task : _ task

1

[ predictor J

1

encoder \

/ encoder \ Traif’er /

!

o

A

SN

Pre-training unlaeled data




Probabilistic Principal Component Analysis as LVM

. Target Function:
Training Data > Learning Algorithm >
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Density Estimation Pipeline

1. Build probabilistic models
Gaussian Latent Variable Model

2. Derive loss function (by MLE or MAP....)
MLE

3. Select optimizer
Necessary Condition



Gaussian LVM for Dimension Reduction

Generation as Pretext Tasks

p(z|®) p(x|z,0)

-

p(@) = [ plalp(a)dz

p(z) = N(u, WWT + 021

q(z|x)

p(z) =N(0,0])

e The posterior mean is given by (see the tutorial)
p(z|z) = N(Wz + p,0°I)

E[z|z] = (WIW + 1) "W (z — p)
p($|2)p(2) e Posterior variance:

p(a’}) Covlz|z] = 2(WTW + o2I)~1

q(z|z) =

M = (WTW + 0-21)_1 Chap 2.3 in Pattern Recognition and Machine Learning



https://www.microsoft.com/en-us/research/wp-content/uploads/2006/01/Bishop-Pattern-Recognition-and-Machine-Learning-2006.pdf#page=94.78
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e The optimal parameters for the maximal log-likelihood are

Den
— l Z mn © Ote 5= Strue + Snoise
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2 ! Z A Covariance of Gaussian was
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W = Uy (Ay — o21)? C should match Sirue
UnAp UL = WWT + 621



Latent Variable Model for Representation Learning

. Target Function:
Training Data > Learning Algorithm >
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Density Estimation Pipeline

1. Build probabilistic models
Deep Latent Variable Model

2. Derive loss function (by MLE or MAP....)
ELBO

3. Select optimizer
Stochastic Gradient Descent



Revisit Latent Variable Models

Generation as Pretext Tasks

p(ZI'b) C p(x|z,0) . .

Figure 5: 1024 x 1024 images generated using the CELEBA-HQ dataset. See Appendix F for a
larger set of results, and the accompanying video for latent space interpolations.



Generalized LVM for Representation Learning
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Another Pretext Tasks?
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Contrastive Representation Learning

e Basic Idea - Design Pretext Tasks

O Convert the unsupervised learning to supervised learning



Contrastive Representation Learning

e Basic Idea - Design Pretext Tasks

O Convert the unsupervised learning to supervised learning

1. Synthesis labels
2. Apply the supervised methods to the synthesis labels
3. Extract the representation



Synthesis Labels
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Supervised Tasks

Training Data
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Supervised Tasks: Binary Classification

Training Data
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Supervised Tasks: Binary Classification

Target Function:

Training Data Leaafing Aol i f: XXX Y
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Logistic Regression Pipeline

1. Build probabilistic models: Bernoulli Distribution
2. Derive loss function: MLE and MAP
3. Select optimizer: (Stochastic) Gradient Descent



Probabilistic Model in Classification: Bernoulli Likelihood
p(y) =p?(1—p)*=¥)  pel0,1]

p(ylz') = p(y = 1|2")*{1 — p(y = 1|z")}' 7Y



Probabilistic Model in Classification: Bernoulli Likelihood
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Where is Representation?
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Supervised Tasks: Binary Classification

Target Function:
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Logistic Regression Pipeline

1. Build probabilistic models: Bernoulli Distribution
2. Derive loss function: MLE and MAP
3. Select optimizer: (Stochastic) Gradient Descent



MLE

Logistic regression mode|

p(y=1]z') =

Plug in
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1

1+ exp(—¢(x1) T d(x2))
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Supervised Tasks: Binary Classification

Target Function:

Training Data Leaafing Aol i f: XXX Y
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Logistic Regression Pipeline

1. Build probabilistic models: Bernoulli Distribution
2. Derive loss function: MLE and MAP
3. Select optimizer: (Stochastic) Gradient Descent



Gradient Calculation of MLE

max log L(¢) = Z(y — 1) ¢(z1) " (z5) — log (1 + exp (—¢(21) ' ¢(z5)))



(Stochastic) Gradient Descent
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Supervised Task: Binary Classification

Target Function:

Training Data Leaafing Aol i f: XXX Y
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Logistic Regression Pipeline

1. Build probabilistic models: Bernoulli Distribution
2. Derive loss function: MLE and MAP
3. Select optimizer: (Stochastic) Gradient Descent
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Supervised Tasks: Multiclass Classification

Training Data > Learning Algorithm

[ Target Function:
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Multiclass Logistic Regression Pipeline

1. Build probabilistic models: Categorical Distribution
2. Derive loss function: MLE and MAP
3. Select optimizer: (Stochastic) Gradient Descent



Probabilistic Model in Multiclass Classification:
Categorical Likelihood

k
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Softmax Parametrization

exp(¢(z) ' d(z™))

2 =1|z') =
p(y | ) exp(¢($)T¢($+)) + Zle exp(¢($)T¢(fBj))



Supervised Tasks: Multiclass Classification

Training Data > Learning Algorithm

[ Target Function:

+ .1 k n
{xi,xi s Ljyee sy Ly yYifi—1

~

T y; = [0,1,0,...,0]

f: X2 oY
N

Xl

Multiclass Logistic Regression Pipeline

1. Build probabilistic models: Categorical Distribution
2. Derive loss function: MLE and MAP
3. Select optimizer: (Stochastic) Gradient Descent



MLE

max log L(¢) = 111 y! |z})
N o exp(p(zi) " d(z;")) |
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Where is Representation?

Self-supervised pre-training
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Gradient of MLE

1 exp(¢(x:) " ¢(z7)) |
ZZ:; ® exp(¢(ar) T o(a))) + > exp(¢(i) T (7))



SIMCLR (ICML 2020): Multiclass Classification

Training Data > Learning Algorithm
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Multiclass Logistic Regression Pipeline

1. Build probabilistic models: Categorical Distribution
2. Derive loss function: MLE and MAP
3. Select optimizer: (Stochastic) Gradient Descent


https://arxiv.org/abs/2002.05709

Usage of Representation in ML Tasks
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Some Details: Positive Samples

oy l .3 » s\

(b) Crop and resize  (c) Crop, resize (and flip) (d) Color distort. (drop) (e) Color distort. (jitter)

(f) Rotate {90°,180°,270°} (g) Cutout (h) Gaussian noise (i) Gaussian blur (j) Sobel filtering



Some Details: Negative Samples

T

SimCLR: mini-batch training A

S; ¥ =
’ [EAIRIEA]
“Affinity matrix”
2NxD
ﬁ—’ seoder xﬂ s R

list of positive pairs HI|:|I|:|I|:|I|:|I = ; 1 i - - 2N
——»  encoder i f . 4
Each 2k and 2k + 1 element is

a positive pair

2N



Empirical Performances

% Supervised #*SimCLR (4x)
s I *SIimCLR (2x)
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< AMDIM
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e Eink: BigBiGAN
g, ) QMoCo
S LA
&
E s eRotation
- e|nstDisc
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Number of Parameters (Millions)

Train feature encoder on
ImageNet

(entire training set) using
SimCLR.

Freeze feature encoder, train a
linear classifier on top with
labeled

data.



Extension

. Target Function:
Training Data > Learning Algorithm >
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Extension

e Extension: multi-modality (CLIP), sequences (CPC)
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https://arxiv.org/abs/2103.00020
https://arxiv.org/pdf/1807.03748

Summary

e Representation Learning Pipeline
Convert the unsupervised learning to supervised learning

o Synthesis labels
o Apply the supervised methods to the synthesis labels
o Extract the representation

e Extension: multi-modality (CLIP), sequences (CPC)
e More Variants


https://arxiv.org/abs/2103.00020
https://arxiv.org/pdf/1807.03748
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