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Machine Learning, Supervised Learning

» Training a machine by showing examples instead of programming it
» When the output is wrong, tweak the parameters of the machine

» Works well for:
> Speech-words BT

<

> Image - categories P “l- S8 e 200 e0©

> Portrait - name AT CG b g e T

» Photo - caption — B ;n ;%f_ - © AR
» Text - topic w




Supervised Machine Learning = Function Optimization

» Stochastic Gradient Descent (SGD): el s

» it's like walking down the mountain in a fog - -
and following the direction of steepest
descent to reach the valley

» But each sample gives us a noisy estimate
of the direction. So our path is a bit random




Traditional Machine Learning — Deep Learning
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(Deep) Multi-Layer Neural Nets

@ Multiple Layers of simple units ReLU (x)= (x.0)
#l Each units computes a weighted sum of its inputs 4

#l Weighted sum is passed through a non-linear function _
# The learning algorithm changes the weights >
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Computing Gradients by Back-Propagation

* A practical Application of Chain Rule
* Backprop for the state gradients:

8_L_ 8[1 8Zi_|_1 - 8[1 8gi(zi,wi)
8zi B 8zi+1 821 B 8zi+1 8z2

* Backprop for the weight gradients:

81)/82’2' _ AZ@ 0L 0L 3Zi_|_1 oL 0gz(zz,wz)
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; +x (input) Y (desired output)




What is Deep Learning? v tecun

» Definition: Deep Learning is building a system by - _
assembling parameterized modules into a (possibly d
dynamic) computation graph, and training it to perform a
task by optimizing the parameters using a gradient-based
method.

» Graph can be defined dynamically by input-dependent
programs: differentiable programming

» Output may be computed through complex (non feed-forward)
process, e.g. by minimizing some energy function: relaxation,
constraint satisfaction, structured prediction,....

» Learning paradigms and objective functions are up to the
designer: supervised, reinforced, self-supervised/unsupervised,
classification, prediction, reconstruction,....

» Note: the limitations of Supervised Learning are sometimes
mistakenly seen as intrinsic limitations of DL




Convolutional Network Architecture [LeCun et al. NIPS 1989]

VAT ) S o 4

Filter Bank +non-linearity

i Pooling

FiIter Bank +non-linearity

f
A Pooling
<7
™~ A Filter Bank +non-linearity
C'_? N __
#nspired by [Hubel & Wiesel 1962] & -
[Fukushima 1982] (Neocognitron): ﬁ

» simple cells detect local features

» complex cells “pool” the outputs of simple
cells within a retinotopic neighborhood.



ConvNets In AsStrophysics [He et al. PNAS 07/2019]

Learning to predict the cosmological
structure formation
Siyu He??<, Yin Li%®f, Yu Feng®®, Shirley Ho**“4%', Sjamak Ravanbakhsh?, Wei Chen¢, and Barnabas Poczos"
» 1. Train a coarse-grained 3D U-Net to approximate a fine-grained

simulation on a small volume
» 2. Use it for a simulation on a large volume (the early universe)

'
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ConvNets (and Deep Learning) in Physics

» Material Science | Molecular dynamics
» Protein structure/function prediction

» Prediction of material properties
» High energy Physics
» Jet filtering / analysis

» “Deep learning in color: towards automated
guark/gluon jet discrimination”, P Komiske, E
Metodiev, M Schwartz, arXiv:1612.01551

» Cosmology [ Astrophysics
» Infering constants from observations

» Statistical studies of galaxies,
» Dark matter through gravitational lensing
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Backpropagation
as Lagrangian
Optimization

Optimization under constraints

",



Reformulating Deep Learning

» Loss
L(z,y,w) = C(zk,y) such that zp 1 = gp(2zg, wr), 20 ==

» Lagrangian for optimization under constraints

K—-1
L(z,y, 2, A w) = C(zx,y) + > AL (zk1 — gk (2h, wi))
k=0
» Optimality conditions:
OL(x,y,z, \,w) 0 OL(x,y,z, A\, w) 0 OL(x,y,z, A\, w) 0
8zk - (9)% - 8wk B

[LeCun: “A theoretical framework for back-propagation”, 1988]



Reformulating Deep Learning e

OL(x,vy,z, A\, w
( ) = 2k+1 — gk (2K, wi) = 0 = 211 = gk (2K, wi)
O
aL(az,y,z,)\,w) - )\T )\Tagk—l(zk—lawk—l) .
— k-1  ‘k 0 7
8Zk 8Zk
T
» Backprop! N 0gr_1(2k_1,Wk_1) \
» Lambda is the gradient k—1 — Oz k

OL(x,y,z, A\, w) Y, Oqi (25, W)
(9wk




Three challenges for Al & Machine Learning

» 1. Learning with fewer labeled samples and/or fewer trials
» Supervised and reinforcement learning require too much samples/trails

» Self-supervised learning / learning dependencies / to fill in the blanks

> learning to represent the world in a non task-specific way

» 2. Learning to reason, like Daniel Kahneman’s “System 2”
» Beyond feed-forward, System 1 subconscious computation.

» Making reasoning compatible with learning.

» 3. Learning to plan complex action sequences
» Learning hierarchical representations of action plans



AAAAAAAAAA

How do humans
and animals
learn so quickly?

Not supervised.
Not Reinforced.
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When infants learn models of the world [after Emmanuel Dupoux]

Actions || face tracking rational, goal-
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How do Human and Animal Babies Learn?

» How do they learn how the world works?
» Largely by observation, with remarkably little interaction (initially).
» They accumulate enormous amounts of background knowledge

» About the structure of the world, like intuitive physics.

» Perhaps common sense emerges from this knowledge?

N

'3
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Photos courtesy of |
Emmanuel Dupoux
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Common sense Is a collection of models of the world

Al systems need to build “mental models”

If the organism carries a 'small-scale model’ of
external reality and of its own possible actions
Th within its head, it is able to try out various
e alternatives, conclude which is the best of them,
Nature Of react to future situations before they arise, utilize
Exp|anation the knowledge of past events in dealing with the

present and the future, and in every way to react
KENNETH in a much fuller, safer, and more competent
CRAIK manner to the emergencies which face it (Craik, Jendra MALIK

1943,Ch. 5, p.61) _ ]
Jitendra Malik

Commonsense is not just facts, it is a collection of models
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Self-Supervised
Learning

Capture dependencies.

| Predict everything from everything else.



Self-Supervised Learning = Learning to Fill in the Blanks

» Reconstruct the input or Predict missing parts of the input.
time or space -

ﬁ




Self-Supervised Learning = Learning to Fill in the Blanks

» Reconstruct the input or Predict missing parts of the input.
time or space -




Two Uses for Self-Supervised Learning

» 1. Learning hierarchical representations of the world
» SSL pre-training precedes a supervised or RL phase

» 2. Learning predictive (forward) models of the world

» Learning models for Model-Predictive Control, policy
learning for control, or model-based RL.

» Question: how to represent uncertainty & multi-
modality in the prediction?
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Energy-Based
Models

Capture dependencies through

I an energy function.



Energy-Based Models i

» Feed-forward nets use a finite number of steps - Divergence
to : Prediction Meéasure
produce a single output.

» What if...

» The problem requires a complex computation to
produce its output? (complex inference)

Feed-forward

_ _ _ architecture
» There are multiple possible outputs for a single

Input? (e.g. predicting future video frames)

» Inference through constraint satisfaction Set of constraints
That y must satisfy

» Finding an output that satisfies constraints: e.g a
linguistically-correct translation or a transcription of
speech into text.

» Maximum likelihood inference in graphical models  (x) (y)



Energy-Based Models (EBM) i

» Energy function F(x,y) scalar-valued. Energy

» Takes low values when y is compatible with x and higher Function
values when vy is less compatible with x

» Inference: find values of y that make F(x,y) small.
> ' ' . .
There may be multiple solutions i = argmlnyF(:B, y) () ()

» Note: the energy is used for inference, not for learning

» Example
» Blue dots are

data points




Energy-Based Model: implicit function

P Energy function that captures the x,y dependencies:
» Low energy near the data points. Higher energy everywhere else.

P Inference

» Y discrete: exhaustive search, heuristic search, dynamic programming, belief
propagation, simulated annealing, gradient-free optimization....

» Y continuous/differentiable: gradient-based optimization....

Energy
Function




When inference iIs hard

» Cases where inference is
hard:

» Output is a high-dimensional
object with structure:

» Sequence, image, video,...

» Output has compositional
structure:

» Text, action sequence,...

» Output results from a long
chain of reasoning

» That can be reduced to an
optimization problem

T

E(Y, X)

x[ vl

(d)

E(Y,X)

x[ vl

"This is easy" (pronoun verb adj)

© ®



Conditional and Unconditional Energy-Based Models

» Conditional EBM: F(x,y) Energy
» Unconditional EBM: F(y) Conditional  Function

» measures the compatibility between the
components of y

» If we don’t know in advance which part of
y iIs known and which part is unknown

Unconditional Energy
Function

Dark = low energy (good)

Bright = high energy (bad) |
Purple = data manifold @




Energy-Based Models vs Probabilistic Models

Energy

» Probabilistic models are a special case of EBM Funclion

» Energies are like un-normalized negative log probabilities

» Why use EBM instead of probabilistic models?
» EBM gives more flexibility in the choice of the scoring

function. ° 0

» More flexibility in the choice of objective function for
learning

» From energy to probability: Gibbs-Boltzmann
distribution —BF (z,y)

» Beta is a positive constant _
P(y‘ﬂf) _ fy/ G—BF(aj,y/)




AAAAAAAAAA

EBM Architectures

for multimodal prediction

1. Joint embedding architectures

I 2. Latent variable models



Joint Embedding

» Distance measured in feature space
» Multiple “predictions” through feature invariance

» Siamese nets, metric learning
» [Bromley NIPS’93] [Chopra CVPR’05] [Hadsell CVPR’06]

» Advantage: no pixel-level reconstruction
» Difficulty: <in a few slides>

» Many successful examples for image recognition: ] ]
) Pred(x Pre
» DeepFace [Taigman et al. CVPR 2014] ¥ Y
» PIRL [Misra et al. Arxiv:1912.01991]

» MoCo [He et al. Arxiv:1911.05722]

» SIMCLR [Chen et al. Arxiv:2002.05709]
I




Latent-Variable Predictive/Generative EBM

» Latent variables:

» parameterize the set of predictions
y
_ Prediction
» Ideally, the latent variable

represents independent =
explanatory factors of variation
of the prediction.

» The information capacity of the Latent
latent variable must be Pred() Variables
minimized. e d

» Otherwise all the information for
the prediction will go into it. ° @

- -'/
I"t T\-: = o
5 T,
\

Observation Desired Prediction



When inference involves latent variables

» Examples: to read a handwritten word, it helps to
know where the characters are .
Dec(z,h)

AV Y VAR AV VAN :

» To recognize speech, it helps to know where the . Q
Pred(x)

» Latent variables are variables whose value is
never given to us. y

words and phonemes are

» Youcantreadthisifyoudontunderstandenglish
» Vousnepouvezpaslirececisivousneparlezpasfrancais

(2 O



When inference involves latent variables

» Examples: to read a handwritten word, it helps to
know where the characters are .
Dec(z,h)

ARV VARQUPVAL)N h

» To recognize speech, it helps to know where the . Q
Pred(x)

» Latent variables are variables whose value is
never given to us. y

words and phonemes are

» You can’t read this if you don’t understand english
» Vous ne pouvez pas lire ceci si vous ne parlez pas

francais () @




Latent-Variable EBM: inference

» Simultaneous minimization with respecttoy /VI E0y2) |‘\

and z

Y, 2 = argmin, , E(x,y, 2)

» Redefinition of F(x,y) dx) Qb
Foo (337 y) = mian(x, Y, 2) F(X’Y)/VI E(x.y.2) I‘\
1
Fy(z,y) = —— log / e~ PELEY2) é

B
y = argmin, F'(z,y)




Marginalizing over a latent variable

P(ylx) = [ Py, z|x
Y ] Yy P(y, z|z) = f f c—BE(z,y,z)
f e~ BE(z,y,z) 6_5[_% log [, e”PF(=v:2)] e~ BEs(z:y)

:,C p—
(y| ) f f e 5E($ Y, z) fy 6_6[_% log fz e—BE(m,y,z)] fy e—ﬁFg(a:,y)

P With the following definition for the free energy F(x,y),
we recover the usual Gibbs formula

1 — xZ <
Fa(a,y) = —log [« Plyle) = = s
z y’




FACEBOOK Al

Training EBMSs

Push down on the energy of data points

I Make sure the energy is higher elsewhere



Training an Energy-Based Model

» Parameterize F(X,y)
» Training sample: x[i], y[i]
» Shape F(x,y) so that:
» F(X[i], y[i]) is strictly smaller than F(x[i], y) for all
y different from y]Ji]

» Keep F smooth
» Max-likelihood probabilistic methods break that!

» Two classes of learning methods:
» 1. Contrastive methods: push down on F(X]i],
y[i]), push up on other points F(x][i], ¥)

» 2. Regularized/Architectural Methods: build
F(x,y) so that the volume of low energy regions
IS limited or minimized through regularization




Contrastive methods vs Regularized Methods

» Contrastive methods: works with any architecture
» EXxpensive in high dimension

» Example of contrastive loss: pick a ¥ to push up.
£($7@7 g)? w) — [Fw(aj?@ T F’U)(x? g) _|_ m@? g)]+

» Regularized methods: minimizing the
volume of low-energy space

» E.g. by limiting the capacity of the latent

L(x,y,w)= F,(x,y)
Fu(z,y) = mzin [C(Dec(Pred(x), z),y) + R(z)]




Contrastive Methods vs Regularized/Architectural Methods

P Contrastive: [different ways to pick which points to push up]

» C1: push down of the energy of data points, push up everywhere else: Max likelihood (needs
tractable partition function or variational approximation)

» C2: push down of the energy of data points, push up on chosen locations: max likelihood with
MC/MMC/HMC, Contrastive divergence, Metric learning/Siamese nets, Ratio Matching, Noise
Contrastive Estimation, Min Probability Flow, adversarial generator/GANs

» C3: train a function that maps points off the data manifold to points on the data manifold:
denoising auto-encoder, masked auto-encoder (e.g. BERT)

P Regularized/Architectural: [Different ways to limit the information capacity of the latent
representation]
» Al: build the machine so that the volume of low energy space is upper-bounded: PCA, K-
means, Gaussian Mixture Model, Square ICA, normalizing flows...

P A2: use a regularization term that minimizes the volume of space that has low energy: Sparse
coding, sparse auto-encoder, LISTA, Discretized AE/VQVAE, Contracting AE, Saturating AE,
Noisy AE, Variational AE, SWAV, BYOL, Barlow Twins.

» A4: minimize the gradient and maximize the curvature around data points: score matching



Max Likelihood is a (bad) Contrastive Method

» Push down on da?a points, o—BFu (2,y)
» Push up on all points

Py(ylz) = ,
» Max likelihood / probabilistic models w(y| ) fy, e—BFuw(z,y’)

1 :
> Loss: L(x,y,w) = F,(x,y) + 3 10g/ e~ BFuw(z,y")
Y

/

ow ow ow
» 2nd term is intractable: MC/MCMC/HMC/CD: Yy sampled from P, (y|x)

8£(az,y,w) . 8Fw(az,y) o 8Fw(x,g))
ow B ow ow

» Gradient: aﬁ(xayaw) _ ﬁFw(x,y) _/ P (y/|$)aFw(xay/)
y/




Problem with Max Likelihood / Probabilistic Methods

» It wants to make the difference between
the energy on the data manifold and the
energy just outside of it infinitely large!

» It wants to make the data manifold an
infinitely deep and infinitely narrow
canyon.

» The loss must be regularized to keep the
energy smooth

» e.g. a la Wassertstein GAN.

» So that gradient-based inference works
» Equivalent to a prior

» But then, why use a probabilistic model?




Contrastive Methods: many possible losses

» Push down on data points, push up on other points
» well chosen contrastive points

> Where H(F*,F",m) is a strictly increasing function of F™ and a strictly
decreasing function of F~, at least whenever F - F* < m.
» Examples:
» Simple [Bromley 1993]: 3
L(z,y,§,w) = [Fo(z,9)]" + [m(y, §) - Fu(z,9)]" -
» Hinge pair loss [Altun 2003], Ranking loss [Weston 2010]:
L(z,y,§,w) = [Fu(z,y) — Fu(z,9) +m(y,9)]"
> Square-Square: [Chopra CVPR 2005] [Hadsell CVPR 2006]:

L(z,y, 9, w) = ([Fulz, )" + ([my, §) — Fu(z,9




Y. LeCun
General margin loss

» Considers all possible outputs (or a well-chosen subset)

33 s Y, W ZH Fw(m,ﬁ),m(y,ﬁ))
yey

» Hinge loss that makes F(x,y) lower than F(x,y’) by a quantity
(margin) that depends on the distance between y and y’

» Example:

L(ajayaw) — Z[F’w(may) o Fw(ﬂ?,@) + m(ya?))]—l_ /

yey /
)

_m(y7




Plenty of Contrastive Loss Functions to Choose From

Good and bad loss functions: good ones have non-zero margin

Loss Formula Margin
energy loss F(z,y) 0
perceptron F(x,y) — minge F(z,7) 0
hinge max (0,m + F(z,y) — F(x,9)) m
log log (1 + ef'(@y) = F(x’@)) 00
LVQ2 min (M, max(0, F'(x,y) — F(z,9)) 0
MCE 1+ e~ (Fl@y)=F@g)) ™ 0
square-square | F(z,y)? — (max(0,m(y,9) — F(z,9)))’ m
square-exp F(z,y)? + Be F'@9) 00
NLL/MMI F(z,y) + 5 log [, e PE®9) 00
MEE 1 —e PPy fgje e~ BF(,9) 00




Contrastive Methods: group losses

» Push down on a group of data points, push up on a group of contrastive
points

» General group loss on p* data points and p” contrastive points:
[’(331 ety YL --prragl : '-gp_7w> =H (F(:Ulayl)v ' "F($p+7yp+>7F<$17?j1)7 . "F<mp+7y1;+)7M<Y1...p+7Y1...p_)>

» Where H must be an increasing fn of the data energies and decreasing fn of the
contrastive point energies within the margin.

» M is a margin matrix for all pairs of y and y in the group.

» Example: Neighborhood Component Analysis, Noise Contrastive Estimation,
INfONCE (implicit infinite margin) [Goldberger 2005] [Gutmann 2010]...[Misra 2019]
[Chen 2020]

e_Fw (wvy)

£337 7A7"'A_7w:_10 B
A N o I N e



GANSs are secretly a contrastive method for EBM

» Energy-Based GAN [zhao 2016], Wasserstein GAN [Arjovsky 2017],...
» GANS generate nice images

» But GANs have not been successful for learning representations of images
£($7 y? :&7 w) — H(F’U)(‘/L‘7 y)? F’UJ($7 g)? m(y7 :&))

Or (=)@

Push this down

Enc Dec C(y,y)

Pull this up

o [+ ) >@




Y. LeCun

Contrastive Methods in NLP / Denoising AE / Masked AE

» Denoising AE [Vincent 2008]

» Contrastive method for NLP
» [Collobert-Weston 2011]

» Masked AE: Learning text representations
» BERT [Devlin 2018], ROBERTa [Ott 2019]

C(y.9)
\
rvre o
7\ .
e‘ corruption '—( y
This is a [...] of text extracted This is a piece of text extracted s EEPEIR ! : N ||
[...] alarge set of [...] articles from a large set of news articles Figures: Alfredo Canziani



Supervised Symbol Manipulation e

Fa Solving integrals and differential Integration (BWD) ~ ODE (order 1)  ODE (order 2)
equations symbolically with a Mathematica (30s) 84.0 772 61.6
transformer architecture ﬁﬂﬂ]ﬂb g?i : -

daple ;
» [Lample & Charton - i — o " =
. gdn S1Ze ; , i
arxiv:1912.01412] Beam size 10 99.6 94.0 73.2
» Accuracy on various problems - Beamsize 99.6 97.0 310
Equation | Solution
, 1622 — 4222 + 2x

y =sin "(4z" — 142° 4+ %)

Y7 [T162° + 11207 — 20425 + 2825 — 20 + 1)1/2

3xy cos(x) — /922 sin(x)? + 1y’ + 3ysin(z) = 0 Y = cexp (sinh_l(3:{: sin(z)))

' ! ! r ! I ! —_ Cl + :3$ + 3 ]-Og (g:)
dxtyy” —8x'y* -8z yy' — 32>y — 82 y? —627y —32%y" —9xy' -3y =0 | ¥ = z (c2 + 4z)




Denoising AE In

continuous domains? —{ V= (CW)
» Image inpainting [Pathak 17] A

» Latent variables? GAN? (e ),

z

ol &0 % &
e ®® ..,
.....
. .

Most current approaches
h do not have abstract
latent variables

Enc(y)

e e o 0
P .,
. ® LI

<>

corruption

.
......
°a -®
00000000




Reconstructing Images is Hard

» Representing uncertainty in the prediction
» Easy for discrete object, hard for continuous ones

» Predicting missing words is easy
» \Words are in a discrete set

» We can represent distributions over discrete sets (softmax)
» Predicting missing images is hard
» Images are high-dimensional and continuous
» We don’t have good ways of representing distributions over images

» Solution: no reconstruction, joint embedding



F(a.y) = C(Bnclo). Ency)
> Siam_ese l?ets, metric Iearping |
» Two identical networks with shared weights

» Signature verification: [Bromley NIPS’93], )

» Face verification [Chopra CVPR’05]

» Face reco, DeepFace [Taigman et al. CVPR 2014]

» Video feature learning [Taylor CVPR 2011]

» Use square-square or square-exp loss

L(w,y,5,w) = ([Fulz,y)]")" + (Im = Fu(e,9)]7)

» Advantages: Positive pair: |

» no pixel-level reconstruction Make F small ==

2

» Learns a similarity metric
» Multimodality through encoder invariance




Contrastive Joint Embedding

Make F(x,y) small Make F(x.§) large Training a supervised linear head

Linear
Classifier

hx hy hx hy ) d=2048 hy

FeX(x) FeX(y) | ResNet50

label

“polar bear”




Contrastive Joint Embedding

Linear
Classifier

» Issues:
» Hard negative mining

» Expensive computationally
» Only works for small dimension of embeddings (256)

» Successful examples for image recognition:
» PIRL [Misra et al. Arxiv:1912.01991]

» MoCo [He et al. Arxiv:1911.05722]
» SIMCLR [Chen et al. Arxiv:2002.05709]
» Use InfoNCE group loss

label

L “polar bear”

q
L(T, 9,91, gy w) = Fy(z,y) + log |e Fe@y) 4 Ze—Fw(x,’gi,’w)




Wav2Vec 2.0: SSL for speech recognition

» Pre-train on 960h of unlabeled speech,
» then train with 10 minutes, 1h or 100h of labeled speech

» Results on LibriSpeech
» Wav2vec on 10 minutes = Same WER as previous SOTA on 100h

» Papers: [Baevski et al. NeurlPS 2020] [Xu et al. ArXiv:2010.11430]
» Code: Github: PyTorch/fairseq ’ e

Contrastive lozz 8.25
? ' 8.6
Context C
represemtations EiE
/ T /
B @
®
Masked = e
O
Quantized 5
representatons O -
o
E
Latent .'.peech Z Noisy student wav2vec wav2vec wav2vec wav2vec 10m
100h 100h Th 10m (53K unannoated)

representabons

——  WER for Noisy Student self-training with 100 hours of labeled data. Wav2vec 2.0 with 100 hours, 1hour, ani d only 10 minutes of
aw wa\ebrm A’ labeled data. All models use the remainder of the LibriSpeech corpus (total 960 hours) as unannotated data, except for the last
result, which uses 53K hours from LibriVox.



XLSR: multilingual speech recognition

40

» Multilingual self-supervised ASR ' s
» [Conneau arXiv:2006.13979] )

Low-resource
languages

» Raw audio » ConvNet — Transformer ¢
» CommonVoice: 72% reduction of PER 9.4 L

» BABEL: 16% reduction of WER

———  Results on the Common Voice benchmark in terms of phoneme error rate (PER), comparing training on each language individually
(XLSR-Mono) with training on all 10 languages simultaneously (XLSR-10).

Contrastive loss

% A E\ Multilingual quantized latent speech representations

Shared Transformer Transformer
encoder

Chinese-CN
]

English
.German .Chinese-TW

Masked Italian

.French
Basque
» i Catal
. atalan

Shared quantizer Spanish

i ., Arabic

Shared CNN

encoder Kabyle

Speech signal
In any language
(e.q. English)

—  Visualization of how the learned units are used across languages. Graph shows a 2D PCA plot of how units are used in each
language. Languages closer to each other, like English and German er Basque and Catalan, tend to use similar units.



AAAAAAAAAA

Non-Contrastive
EBM Training

Push down on the energy of data points,

I Minimize the volume of low-energy space.



Y. LeCun

Joint Embedding Architectures & Methods to prevent collapse.

A A A A A A A A

hx hy hx hy hx hy hx hy

'FeX(X) I 'FeX(y) I 'FeX(X) I 'FeX(y) I 'FeX(x) I 'FeX(y) I 'FeX(X) I |Fe><(y) I

Contrastive Distillation Quantization Information Max

DrLIM, PIRL, . . )
MoCo.SimCLR. BYOL, SimSiam DeepCluster, SWAV  Barlow Twins




Distillation Methods Student Teacher
branch branch
d=256 Cost

» Modified Siamese nets -
» Predictor head eliminates variation of Pred0)
representations due to distortions

» BYOL: Teacher branch uses a moving-average of
the parameters of the student branch

» Examples: d=2048 () (w)
» Bootstrap Your Own Latents [Grill arXiv:2006.07733]

» SimSiam [Chen & He arXiv:2011.10566]

» Advantages
» No negative samples

» Issues

wnluswo




Quantization Methods

» K-means clustering on embedding vectors
» Ensuring that all clusters are populated

» Sinkhorn-Knapp procedure (information maximization)
» Cluster centers used as targets for student branch

» Examples
» DeepCluster [Caron arXiv:1807.05520]

» SWAV [Caron arXiv:2006.09882]

» Advantage:
» Works really well!

» Uses large distortions (multicrop)

» Scales to very large datasets




SEER [Goyal et al. ArXiv:2103.01988] |
Z gl
» SwaAV training on 1 billion random IG images =
. — 82t
» RegNet architecture 5 .
» Fine-tuned on various datasets 28 x,*""‘"'
» ImgNet full: 84.% top-1 correct S0t g ="
40M  100M 200M  700M 13B
» ImgNet 10%: 77.9%, ImgNet 1%: 60.5% Number of Parameters
» Inaturalist: 50.8%, Places205: 62.7% 34p
» Pascal VOC2007: 92.6% 4% x'*-'—-*
» Code: https:/Ivissl.ail i ¥
Method Data #images  Arch. #param. Top-1 g 81 )" -*
DeeperCluster [6] YFCC100M 96M VGG16 138M 749 o )" SEER
ViT [14] JFT 300M  ViT-B/16 9IM  79.9 E 80} - SwAV
SWAV [7] IG 1B RX101-32x16d  182M  82.0 7 —d=  SimCLRv2
SimCLRv2 [9] ImageNet 1.2M RN152w3+SK 795M 33.1 79} 1' ViT
SEER IG 1B RG128 693M 83.8 — - o -
SEER IG IB RG256 3B 842 SOM T0OM SUOM 1B

Number of Parameters




Information Maximization
ZA

» Minimizes redundancy between embedding variables
» Maximizes information content of embedding vectors

d=16384
» Example: Barlow Twins

» [Zbontar et al. ArXiv:2103.03230]

» Maximizes normalized correlation between the same h‘ h‘
variable in the two branches over a batch. d=2048 \> >
» Minimizes normalized correlation between different
FeX(x) FeX(y)

variables in the two branches

B
Zb zb zzb,j

\/Zb (2f,:) \/Eb

» Centered vectors zA,z8  C;; =

LT £) (1-Cui)>+ A Y > Cy°

i i i

"y

i ” W
Invariance term redundancy reduction term



Barlow Twins [Zbontar et al. ArXiv:2103.03230]

» Accuracy on ImageNet with linear classifier head
» Best accuracy for d=16,384 and batch-size=1024

Method Top-1  Top-5
Di“rfwt;j;ezd Net ;i%:;en_ | ; Supervised 76.5
Empiri arget
B A CI"OSE C:.':J?l’ CFOSSgCOIT MOCO 606
Images 4 Z PIRL 63.6 -
P ﬁs'r SIMCLR 693  89.0
XKT~T BEERPTOP: -"-._.. MoCo V2 7.1 90.1
SIMSIAM 71.3 -
YA ZB/ .featur'e SWAV 71.8 -
dimension BYOL 743 91.6
 Dacknion. SWAV (w/ multi-crop)  75.3

BARLOW TWINS (ours) 73.2  91.0

Updated version: “VICReg” [Bardes et al. ArXiv:2105.04906]



Barlow Twins [Zbontar et al. ArXiv:2103.03230]

» Accuracy on ImageNet with linear classifier head

Distorted Represen- Method Top-1 Top-5
images Net tations
Empirical Target 1% 10% 1% 10%
YB ZA Cross-corr. Cross-corr.
Images N C z Supervised 254 564 484 804
< I.- u EB’T
xKT~T backprop. "-._-.4—. PIRL - - 572 838
SIMCLR 483 656 755 878
==
YA ol foaurs BYOL 532 688 784 89.0
dimension SWAV (w/ multi-crop)  53.9 70.2 785 899
backprop. BARLOW TWINS (ours) 55.0 69.7 79.2 8923
Method VOCO7+12 det COCO det COCO instance seg
AP,y AP5q AP;5 APPP APZP APRE APTEK AP APL
Sup. 535 81.3 588 382 582 41.2 333 547 352
MoCo-v2 574 825 64.0 393 589 42,5 344 558 36.5
SwAV 56.1 82.6 627 384 58.6 41.3 338 55.2 359

SimSiam 57 824 637 392 593 421 344 56.0 36.7
BT (ours) 568 82.6 634 392 590 425 343 56.0 365




FACEBOOK Al

Generative Latent-
Variable Architectures
1. Architectural methods

Construct the architecture so that the

volume of low-energy space
. Is fixed or limited.



Architectural Methods

» Architectural: [Different ways to limit the information capacity of the latent
representation]

» Al: build the machine so that the volume of low energy space is bounded:

» PCA: volume is dimension of principal subspace
» K-means: volume limited by number of prototypes
» Analytically normalized probabilistic models: volume is fixed

Gaussian, and Gaussian Mixture Model (model is normalized)
» Square Independent Component Analysis

» Latent variable models with fixed latent distribution: volume is less than the
“volume” (entropy) of the latent variable prior distribution.

» Normalizing flows



Principal Component Analysis e

» PCA is a 2-layer linear auto-encoder with a bottleneck.

> Energy: Fw( ): ||y Dec(Enc( DI? =y — w' wl|’

» LOSS
y

Bottleneck —» z




Auto-Encoder with Bottleneck 'eun

» non-linear auto-encoder with a bottleneck.

> Energy:  F,(y) = ||y — Dec(EnC(y))H2
> Loss: L(y,w) = Fy,(y)




Y. LeCun
K-Means

» Discrete latent-variable model with linear decoder
> Energy:  E(y,2) = ||y — Dec(2)||? = |ly — wz]|?
> Free Energy F'(y) = mig E(y, z)
zE

» Loss:
L(ya w) — Fw(y)

» Latent vector z is
constrained to be

a 1-hot vector:
[0,0,..,01,0,..,0]

» 1 component selects a
column of w

» F(y)=0 iff y is equal to a
column of w. @

Z discrete




Gaussian Mixture Model

» Similar to K-means with soft marginalization over latent.

> Energy: F(y, 2) = (y — wz)T(Mz)(y — wz)
(Mz);; = ZMiijk:
k

1

> Free Energy F'(y) = —— log Z ePEW:2)
5 z€EZ

» Loss: L(y, w) = Fy, (y) with normalization constraint on M

» Latent vector z is
constrained to be

a 1-hot vector: Z “discrete”
0,0,..,01,0,..,0]

» But marginalization makes @
it “soft”




FACEBOOK Al

Generative Latent-Variable
Architectures

2. Regularized Latent-Var
Methods

1 predicty,
2 parameterize plausible y through a latent var z,

. 3 limit/reqularize the information capacity of z



Prediction with Latent Variables

» If the Latent has too much capacity...
» e.g. if it has the same dimension as y

» ... then the entire y space could be perfectly
reconstructed

E(x,y,z) = C(y, Dec(Pred(x), 2))

» For every y, there is always a z that will
reconstruct it perfectly

» The energy function would be zero everywhere
» This is no a good model....

» Solution: regularizer R(z) to limit the
iInformation capacity of the latent variable z.




Architecture for Multimodal Output: latent variable EBM

» Latent variables: parameterize the set of predictions

Foo(z,y) = argmin_FE(z,y, 2)

9
Prediction

1
Fs(z,y) = —=log | e PE@v:2) P
6 z 'fT*:-_--I;/

» Ideally, the latent variable h D 4
represents independent AR
explanatory factors of variation of
the prediction. Pred(x) Latent

» The information capacity of the Variables
latent variable must be minimized. L v

» Otherwise all the information for the () @

prediction will go Iinto it. Observation Desired Prediction



Regqgularized Latent Variable EBM

» Regularizer R(z) limits the information capacity of z

» Without regularization, every y may be reconstructed
exactly (flat energy surface)

E(z,y,z) = C(y,Dec(Pred(x), z)) + AR(2)

» Examples of R(z):
» Effective dimension / spectrum of covariance

» Quantization / discretization
» LO norm (# of non-0 components)
» L1 norm with decoder normalization

» Maximize lateral inhibition / competition
» Add noise to z while limiting its L2 norm (VAE)
» <your_information_throttling_method goes here>
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Y. LeCun

Sparse Modeling on handwritten digits (MNIST)

# Basis functions (columns of decoder matrix) are digit parts
d All digits are a linear combination of a small number of these




Y. LeCun

Convolutional Sparse Auto-Encoder on Natural Images

» Filters and Basis Functions obtained. Linear decoder (conv)
> with 1, 2, 4, 8, 16, 32, and 64 filters [Kavukcuoglu NIPS 2010]

Encoder Filters Decoder Filters Encoder Filters Decoder Filters
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Amortized Inference:
Learning to predict
the latent variable

Regularized auto-encoders:
Sparse AE

. Variational AE




Y. LeCun
Amortized Inference

» Training an encoder to give an approximate
solution to the inference optimization problem

P Regularized Auto-Encoder, Sparse AE, LISTA
E(y,2z) = C(y, Dec((z)) + D(z,Enc(y)) + AR(z)
F(y) = min E(y, 2)

D Variational AE
» Approximated by sampling and variational approximation

F(y) = —log / e P2




Giving the “right” structure to the encoder

@ ISTAIFISTA: iterative algorithm that converges to optimal sparse code

Lateral Inhibition
z(t + 1) = Shrink,, [2(t) — nw'(wz(t) — y)]

@ ISTA/FastISTA reparameterized:

2(t + 1) = Shrink,,, [s2(t) +uy]; u=nw; s=1-nuw'w

P LISTA (Learned ISTA): learn the We and S matrices to get fast solutions
[Gregor & LeCun, ICML 2010], [Bronstein et al. ICML 2012], [Rolfe & LeCun ICLR 2013]



LISTA: Train We and S matrices

to give a good approximation quickly

& Think of the FISTA flow graph as a recurrent neural net where We
and S are trainable parameters

& Time-Unfold the flow graph for K iterations

& Learn the We and S matrices with “backprop-through-time”

& Get the best approximate solution within K iterations




Variational Auto-Encoder

» Limiting the information capacity of the code
by adding Gaussian noise

» The energy term kj|z-z||? is seen as the log of
a prior from which to sample z

» The encoder output is regularized to have a
mean and a variance close to zero.

E(y,z) =C(y, Dec(2))+
k(2 — Enc(y))” M(z — Enc(y))+
V]| Enc(y)||?




Variational Auto-Encoder

» Variational approximation of marginalization over z

E(y,z) =C(y, Dec(z))
F(y) = —%log / e~ PPW2)
1 e BE(y;z)
e~ BR(Y,2)

Q(Z‘y) — f

z

p G_BQ(yvz/)



Variational Auto-Encoder

» Variational approximation of marginalization over z

1 e~ BE(y,z)

Jensen’s inequality: log(average()) < average(log())

F(y) < F(y) = /Q(Z|y) [_Elog q(z|y)

» Variational free energy:

Fly) = [ alel)Blo.2)+ 5 [ atel)ogalely)




» Which q(z]y) ?
» If Q(y,z) is quadratic, q(z]y) is Gaussian.

Variational Auto-Encoder
-~
Iz |

Qu, (¥, 2) = (2 — Ency, ()" M(z — Ency, (y)) + 7|[Ency, (y)||°

e BQu. (y,2) | @DM@E-2)
oGl = T i
Vo Z M

Ful) = [ 10 By (0:2) + 5 [ . 1) 108, 19

» Loss L(ij) — Fw(y) (y)




Y. LeCun
Variational Auto-Encoder

» Code vectors for training samples

ok 72




Y. LeCun
Variational Auto-Encoder

» Code vectors for training sample with Gaussian noise
» Some fuzzy balls overlap, causing bad reconstructions

“zz

‘f -,
-




Y. LeCun
Variational Auto-Encoder

» The code vectors want to move away from each other to minimize
reconstruction error

» But that does nothing for us

oA 2
. o
e °




Y. LeCun
Variational Auto-Encoder

» Attach the balls to the center with a
sping, so they don’t fly away
» Minimize the square distances of the balls
to the origin
» Center the balls around the origin
» Make the center of mass zero  ™akonke
» Make the sizes of the balls close to 1 in
each dimension
» Through a so-called KL term




Conditional VAE + Drop Out

» Training:
» Observe frames
» Compute h

» Predict Z from
encoder

» Sample z, with:

» Half the time, set z=0
» Predict next frame
» backprop

C(yy)
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Actual, Deterministic, VAE+Dropout Predictor/encoder

~
I

N

=

>

|
c
: , )
O-'S
O :
( ) )
o
(5]
o
o

R

| =3¢ 3

i i ""

2
Actual future Deterministic {Zt(l)}fgfl) {Zt( )}22? {Zt(z')}%g? {Ztm T





Forward Model for Model-Predictive Control

» Forward model: s[t+1] = G(s[t], a[t], z[t])
» Cost/IEnergy: f[t] = C(s[t])
» Latent variable z sampled from q(z) proportional to exp(-R(z))
» Optimize (a[1],a[2]...,a[T]) = argmin X C(s[t])
through backprop (== Kelley-Bryson adjoint state method)

o & o o

s[t] J[t+1]

O ay O O




Forward Model for Gradient-Based Policy Learning

» Forward model: s[t+1] = G(s[t], a[t], z[t])

» Cost/IEnergy: f[t] = C(s[t],a[t])

» Latent variable z sampled from q(z) proportional to exp(-R(z))

» Policy: a[t] = P(s[t])

» Learn P through backprop (== Kelley-Bryson adjoint state method)

o & o o

S[t]

S[t+1]
X Perception
2l o)

P(s)




Y. LeCun
Conclusion

» SSL is the future of representation learning
» Contrastive reconstruction-based SSL works very well in NLP

» Contrastive prediction-based SSL works well in speech
» Reconstruction/prediction does not work well for images
» Joint embedding methods work better for images.

» Contrastive joint embedding Is too expensive

» The most promising methods are non contrastive:
» Distillation (BYOL, SimSiam), Clustering (SwWAV), infomax (Barlow Twins)

» SSL can be used to learn world models under uncertainty
» Regularized latent variable models (e.g VAE).



Conclusions / Conjectures / Open Questions

» Could Energy-Based SSL be a basis for common sense?
» Animals and humans learn (largely) self-supervised by observation

» |s the accumulation of knowledge about how the world works the basis of
common sense?

» Learning hierarchical representations of action plans.
» We don’'t know how to do it.

» Oh, | almost forgot:
» Scaling up SL or RL will not take us to Human-Level Al

» There is no such thing as AGI. Intelligence is always specialized.
» \We should talk about rat-level, cat-level, or human-level Al (HLAI).



DL: Engineering Science or Natural Science?

» Engineering science: inventing new artifacts
» Telescope, steam engine, electromagnet, airplane, fertilizer, radio....

» Methods: creation, intuition, tinkering, exploration, experimentation,
happenstance....

» guided by theoretical, conceptual, intuitive understanding.

» Natural Science: discover, study and explain phenomena

» Optics, thermodynamics, electromagnetics, aerodynamics, chemistry,
electronics,..

» Methods: reproducible experiments in controlled conditions, mathematics,
statistics, systematic experiments

» guided by theoretical, conceptual, intuitive understanding.



Y. LeCun
Theory often Follows Invention

Telescope [1608] Optics [1650-1700]

Steam engine [1695-1715] Thermodynamics [1824-....]
Electromagnetism [1820] Electrodynamics [1821]
Sailboat [??7?] Aerodynamics [1757]

Airplane [1885-1905] Wing theory [1907]
Compounds [??7?] Chemistry [1760s]

Feedback amplifier [1927] Electronics [....]

Computer [1941-1945] Computer Science [1950-1960]
Teletype [1906] Information Theory [1948]

VVVVVVVYYVYY
VVVVVVVYYVYY



Y. LeCun
Conclusions

Do theory for understanding phenomena on interesting artifacts
Don’t get hypnotized by cute theory

Don’t get attracted by theoretical lampposts when the key is
obviously elsewhere

People ignore empirical results that don’t fit their mental model
Empiricism works. But extreme empiricism is inefficient
Theory guides exploratory empiricism

VVyY VVY



World models for autonomous Al systems

World Model: predicts future states
: predicts expected objective
Cost: computes objective
Perception: estimates world state
: computes action

VVVYVYY
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