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Fact: Al is everywhere...

On the news

...and people’s discussions

In our universities

e.g. Al institutes

In the scientific community

e.g. Turing award 2019

to deep learning pioneers
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New perspectives in decision-making (2)

o E.g. design and control of smart infrastructure (grids, transportation,...)

@ Hence the title of this “tutorial” (...actually more like a bird-eye overview)
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Vast domain at the interface Al/OR

A couple of pointers in a jungle of references

A. Parmentier’s talk

B. Rottembourg

A complementary viewpoint:

This tutorial : modest goals

o recall basics of machine learning
@ mention (important) general ideas

@ illustrate related theoretical research topics




Recent research in the team DAO QLJK

ﬁ Y.-G. Hsieh, F. lutzeler, J. Malick, P. Mertikopoulos,
On the Convergence of Single-Call Stochastic Extra-Gradient Methods
NeurlPS, 2019

ﬁ M. Grishchenko, F. lutzeler, J. Malick
Subspace Descent Methods with Identification-Adapted Sampling
Submitted to: Maths of OR, 2019

ﬁ Y. Laguel, J. Malick, Z. Harchaoui
Superquantile Minimization: Oracles and First-order Algorithms
Submitted to: Optimization Methods and Software, 2019
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@ Back to basics: learning is optimizing

© Discussion: (some) perspectives, (deep) questions, and (personal) thoughts

© Highlight: fresh interest on min-max

@ Highlight: collaborative/federative learning
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Supervised learning set-up

Data: n observations (aj,y;) € R"x Y

Task: e.g. binary classification (¥ = {0,1})

y1 =0 y3=0 %=1 ys =0
Model: for a new a, prediction h(a,x) € ) parameterized by x € R

usually x = 3 (in stats) x = w (in learning) or x = 0 (in deep learning)

Standard prediction functions :

o Linear prediction: h(a,x) =a' x
output
layer

o Artificial neural networks:
h(a,x) = Xm' 0(Xm—1"---o(x1" a))

hidden layers
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= finding X such that h(a,-, )_() 2~ y; (and generalizes well on unseen data)

= solving an optimization problem

@ Regularized empirical risk minimization
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Optimization comes into play

o Learning = finding the "best” parameter X
= finding X such that h(a,-, )_() 2~ y; (and generalizes well on unseen data)

= solving an optimization problem

o Regularized empirical risk minimization

(regularization avoids overfitting, helps numerically, or imposes structure to x)
1 n
min f(x) = = E Uy, h(ai,x)) + Ar(x)
xERI n <
i=1
o Example: linear model h(a, x) = a' x and least-squares loss
x€ERA

1~1 1
min o205 al) k GINE = plax vl + G

. 1 2 A .
min  —||Ax — y|l2 + Z|[x|li  41-norm promotes sparse solutions
xeRd 2n 2



Stochastic gradient rules

@ Basic optimization algorithm :

Draw random iy

Xk4+1 = Xk — Yk 8k

Back to basics: learning is optimizing
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stochastic gradient descent (SGD)

with Bk = Vg(yiw h(aik7 Xk))
with E[gk] = VF(x)
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Stochastic gradient rules
(in the simple case r = 0)

@ Basic optimization algorithm : stochastic gradient descent (SGD)
Draw random iy
Xk+1 = Xk — Yk 8k with gk = Vﬂ(y,-k, h(a;k,Xk))
with  E[gk] = VF(x)

o We can often compute the gradient
E.g. back-propagation for neural networks to derivate x — Z(y, h(a, X))

o Tuning of 4 is the key of efficiency

@ Zoology: SAG, SDCA, Miso, SVRG, SAGA, Adam, AdaGrad, Eve,...
+ mini-batch + prox-versions + accelerated versions + 2nd order

Bottomline
Stochastic first-order optimization (training) methods work great! J
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Stochastic gradient rules
(in the simple case r = 0)

@ Basic optimization algorithm : stochastic gradient descent (SGD)

Draw random iy
Xk+1 = Xk — Yk 8k with gk = Vﬁ(y,-k, h(a;k,Xk))
with  E[gk] = VF(x)

We can often compute the gradient
E.g. back-propagation for neural networks to derivate x — I{(y, h(a, X))

Tuning of ~y, is the key of efficiency

Zoology: SAG, SDCA, Miso, SVRG, SAGA, Adam, AdaGrad, Eve,...
+ mini-batch + prox-versions + accelerated versions + 2nd order

Bottomline
Stochastic first-order optimization (training) methods work great! J

...except when they don't ~ — non-convex landscape, very few guarantees...

— leaving aside i.i.d. train/test data, biased data,...



Back to basics: learning is optimizing

More than the just workhorse...

Optimization plays a fundamental role in learning

E.g. Test of Time Award

NeurlPS 2018 NeurlPS 2019 ICML 2019

The Tradeoffs of Large Scale Learning Online Dictionary Learning for Sparse Coding
Dual Averaging Method for Regularized Stochastic
Learning and Online Optimization

Abstract
Abstract

1 Tntroduction

[Bottou & Bousquet '07] [Xiao '09] [Mairal et al '09]
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e.g., recommendation systems
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e.g., speech recognition, computer vision, translation...
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A history of success: ML and IA

First Generation (‘90-'00): the background
e.g., fraud detection, search engines

Second Generation ('00-'10)
e.g., recommendation systems

Third Generation (‘10-now): rebirth of deep learning
e.g., speech recognition, computer vision, translation...

Fourth Generation (emerging): markets
not just one agent making decisions but multi-agents...
towards interconnected web of data, agents, decisions

[Jordan '18] “Artificial Intelligence: The Revolution Hasn't Happened Yet”
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Discussion: (some) perspectives, (deep) questions, and (personal) thoughts

OK but keep in mind current limits

Success of deep learning

for image recognition

output
_ layer

hidden layers

Example: (notebooks of NeurlPS 2018 tutorial on Adversarial Robustness)

0

100 150 200

pig (99%) airliner (96%)

Warning: fragile approach, and more work needed
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@ Deep learning needs a lot of energy

@ Deep learning needs a lot of data

(confidentiality issues)

Discussion: (some) perspectives, (deep) questions, and (personal) thoughts

AR

Facebook a laissé Netflix et

Spotify accéder a la
messagerie privée de ses
utilisateurs L R N
Google sait ou1 vous étes, méme
si vous dé i Thistorique

des positions
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Discussion: (some) perspectives, (deep) questions, and (personal) thoughts

Beyond this: political thoughts

| GIEE

© Deep learning needs a lot of energy ‘ﬁ

Facebook a laissé Netflix et

. Spoti éder a .
@ Deep learning needs a lot of data e e ses
. T utilisateurs L A A
(confldentlallty |Ssues) Google sait ol1 vous étes, méme
si vous dé i Thistorique

des positions

amazon

© Manual data treatment (in poor countries)

Amazon : l'intelligence artificielle qui
naimait pas les femmes

© Al may be biased v ¥ O BNl  MachineBias

© Bad bots: fake news and massive people manipulation

\‘\ FAKE
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Zoom on first point: deep learning needs a lot of energy

How much energy spent on computational experiments of this paper ?

CAPACITY AND TRAINABILITY IN RECURRENT

NEURAL NETWORKS

Jasmine Collins; Jascha Sohl-Dickstein & David Sussillo

Google Brais

Google Inc

Mountain View, CA 94043, USA

{3lcollins, jaschasd, sussillo}égoogle.com
ABSTRACT

Two potential bottlenecks on the expressiveness of recurrent neural networks
(RNNG) are their ability 10 store inforn

about the task in their parameters, and
1o store information about the input history in their units. We show experimentally
that all common RNN architectures achicve nearly the same per-task and per-unit
capacity bounds with careful trainin. for a variety of tasks and stacking depths,
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Zoom on first point: deep learning needs a lot of energy
How much energy spent on computational experiments of this paper ?

Energy measure unit: (from J. Duchi, Stanford)

how many Toyota Camrys from Montpellier to Paris ? (approximately)

CAPACITY AND TRAINABILITY IN RECURRENT
NEURAL NETWORKS

sA
(3lcollins, jaschasd, sussillo)@google.com

ABSTRACT

Two potential bottlenecks on the expressiveness of recurrent neural networks
(RNN) are their ability to store information about the task in their parameters, and
0 store information abou the input history in their units

that all common RNN architectures achieve nearly the same per-task and per-unit
capacity bounds with careful trainin. for a variety of tasks and stacking depths.
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Discussion: (some) perspectives, (deep) questions, and (personal) thoughts

Zoom on first point: deep learning needs a lot of energy
How much energy spent on computational experiments of this paper ?

Energy measure unit: (from J. Duchi, Stanford)
how many Toyota Camrys from Montpellier to Paris ? (approximately)

CAPACITY AND TRAINABILITY IN RECURRENT

mmmmmmnasnaanns st
NEURAL NETWORKS ﬁmﬁm!m=Hmﬁmﬁm!mmﬁfmmmmmﬁm
EEEEEEEIIEESEEEEIEIiissiics ‘ “§§§§§§“§§§§ 222 iiii;s

e AN s L et B

Deep learning has a terrible carbon footprint...
— work needed towards energy-efficient learning models

— for us, in particular: efficient optimization algorithms

(fast convergence, automatic tuning of parameters,...)
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Highlight: fresh interest on min-max

Min-Max & friends

In OR/Optimization/Games,

we are used to deal with min-max, (Nash) equilibrium, or saddle-points...

. F F * g F *7 * < F , *
min max (x,y) or (<" y) S F(XTy") < Fx,y7)

Examples: nonconvex problems (with X discrete)

@ Lagrangian duality or relaxation
e.g. [Lemaréchal '01] “the omnipresence of Lagrange”

min max L(x,u) =p x—u c(x)
u xeX

@ Robust optimization
e.g. the work of our conference chair [Poss '18], [Poss et al '16]

min max  f(x,£)
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Highlight: fresh interest on min-max

Examples in Al: non-convex too

Adversarially robust models [Kolter & Madry '18]

n

o1
min = Tea&d(y;,h(x,ai-Hs))

d n
xeR i=1

p1g 99‘7 a1rhner (96%)

Generate data with GANs [Goodfellow et al '14]

Training set Discriminator
Real

.@E {Fake

Random m
Fake image

Generator

min max andata[log ho (xp, a)} + Ezwnolse[log (1 — hp (xp, hG(XGJ)))]

X6 XD
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Question: who is real, who isn't ?
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GANSs: sucesses and failures

Question: who is real, who isn't ?

Highlight: fresh interest on min-max

Answer: both are fake !
[https://thispersondoesnotexist.com|

But the story far from being over...

Coupling of two neural networks
gives rise to strange behaviors

Even when solved with
state-of-the-art stochastic
gradient (extra-gradient variants)
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Highlight: fresh interest on min-max

Example of strange phenomena... and a simple fix

Non-convergent phenomena are observed even in very simple problems

Example: mXin max xy solution (0,0)
125 -
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Example of strange phenomena... and a simple fix

Non-convergent phenomena are observed even in very simple problems

Example: min
X

max xy solution (0,0)
y
/ / /'{7<j“\ 9 G y=05
. - N N
N
o\
4/ / / s \
AR
R N
AR 3 '
| . i)
| Vv /
N2
\ Vv N~
NN s/

o Gradient algorithm diverges...

Highlight: fresh interest on min-max
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Example of strange phenomena... and a simple fix

Non-convergent phenomena are observed even in very simple problems

Example: min max xy solution (0,0)
x y

~ O~ B
08 o e

B
oo

\\_,1/

-0.75 -0.50 -0.25 0.00
o Gradient algorithm diverges...

o Extra-gradient algorithm converges [Korpelevich '76] (— GANs)



Example of strange phenomena..

. and a simple fix

Highlight: fresh interest on min-max

Non-convergent phenomena are observed even in very simple problems

Example:

min max xy solution (0,0)
x y
o e Ve=ne=1/t2°
“, N E
(//
02 /1 N \
ol L
b ‘
RN
Vo 7
-04 e wix 7 / /
NN /]
-08 N T P A

-075 -050 -025

o Gradient algorithm diverges...

o Extra-gradient algorithm converges [Korpelevich '76]

@ Stochastic extra-gradient never converges...

(— GANs)



Example of strange phenomena... and a simple fix

Highlight: fresh interest on min-max

Non-convergent phenomena are observed even in very simple problems

Example: min max xy
x oy

-0.25

-0.50-

solution (0,0)

~
e — T T~ e y=np=1®
% ye=1,n=1/t>°

x
o~ N N N\

~ N\

/ AR

/ b v
RY 1l
Vot //
NN /

-075 -050 -025 000 025 050 075  1.00

o Gradient algorithm diverges...

o Extra-gradient algorithm converges [Korpelevich '76]

@ Stochastic extra-gradient never converges...

(— GANs)

@ A remedy: use double stepsize [Hsieh, lutzeler, M., Mertikopoulos '20]
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Highlight: collaborative/federative learning

Collaborative learning

Set-up: (standard) centralized learning

Lo e I M

@ needs of lot of storage (3)... but efficient ()
e is highly privacy invasive (e.g. phones) (%)
@ jeopardy on confidentiality/strategy (e.g. hospitals/companies) @
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Different set-up: Federative Learning

Decoupling the ability to learn a global model from moving local data
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Highlight: collaborative/federative learning

Move the model, not the data

Different set-up: Federative Learning

Decoupling the ability to learn a global model from moving local data

===

New (optimization) algorithm able to deal with heterogenous data/systems
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Our contribution: compression by nonsmooth regularization

@ Observation: nonsmooth regularization gives automatic model compression
E.g. for r=]|| - |1, model becomes sparse... just communicate nonzeros!




Highlight: collaborative/federative learning

Zoom on a research topic: harnessing communications

Communication is the bottleneck (%)

(&
CompeEsion -

Our contribution: compression by nonsmooth regularization

@ Observation: nonsmooth regularization gives automatic model compression
E.g. for r=]|| - |1, model becomes sparse... just communicate nonzeros!

@ [Grishchenko, lutzeler, M. '19] uses it for update comp.

E.g. for r=]|| - ||, select current support + random entries




Highlight: collaborative/federative learning

Illustration of compression by a nonsmooth regularizer

On an instance of TV-regularized logistic regression (ala dataset on 10 machines)

min %Z Iog (1 +exp(—yj aij)) + )\TV(X) T’?Eall Variation
=

xeRd
TV(x) = > |xip1 — il

i=1
Comparison of @ Usual algorithm (black)

@ Our variant with compression (red)
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Illustration of compression by a nonsmooth regularizer

On an instance of TV-regularized logistic regression (ala dataset on 10 machines)
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Comparison of @ Usual algorithm (black)

@ Our variant with compression (red)
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Highlight: collaborative/federative learning

Illustration of compression by a nonsmooth regularizer

On an instance of TV-regularized logistic regression (ala dataset on 10 machines)

g T
’E I 1 —yj a; ATV Total Variati
):’l;]IRI'L nl og( +exp( Y aj X)) + (X) ;)Eal ariation
=t V() = > Ixi41 — xi|

i=1
Comparison of @ Usual algorithm (black)
@ Our variant with compression (red)
w0t g —m— Standard Prox-Grad 10! y —m— Standard Prox-Grad
ours with full comp. ours with full comp.
—~96%- ours with comp. 90% \ 6%~ ours with comp. 90%
. % ours with comp. 80% N ~36% ours with comp. 80%
1077 50%  ours with comp. 50% 10 50% - ours with comp. 50%
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s 5
£ E
| 107° | 10°4
o o
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07t T T BN 1071
0 1,000 2,000 3,000 4,000 0
Iterations communication volume 10°

Acceleration... with respect to communication volume !
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Highlight: collaborative/federative learning

Zoom on a second topic: improving worst-case FedAvg

Federated Learning by Google = FedAvg

C C (¢} ~
Model Model Model Model
Data Data Data Data
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Zoom on a second topic: improving worst-case FedAvg

Federated Learning by Google = FedAvg vs Robust FedAvg

Our contribution: improve worst-case performance over users

o by adaptive filtering [Laguel, M., Harchaoui '19]

21



Highlight: collaborative/federative learning

Zoom on a second topic: improving worst-case FedAvg

Federated Learning by Google = FedAvg vs Robust FedAvg

Our contribution: improve worst-case performance over users

o by adaptive filtering [Laguel, M., Harchaoui '19]

Example: classification task

Standard vs Ours
(using ConvNet on EMNIST dataset)

Histogram over users
of test misclassification error
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Conclusion

Take-home message
@ Al is a rich, active, visible field of research and developments
o Next step: Operational Al (7) (not much discussed today... except in the title!)

@ There are many problems involving uncertainty, decision-making,
robustness and scale... far from being solved

(not to mention economic, social and legal issues...)

Two theoretical questions
@ understanding convergence towards good equilibrium

@ models and algorithms in federated learning

compression by nonsmooth regularization, improvement of worst-case
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@ There are many problems involving uncertainty, decision-making,
robustness and scale... far from being solved

(not to mention economic, social and legal issues...)

Two theoretical questions
@ understanding convergence towards good equilibrium

@ models and algorithms in federated learning

compression by nonsmooth regularization, improvement of worst-case

thanks !!
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