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Fact: AI is everywhere...

On the news

...and people’s discussions

In our universities

e.g. AI institutes

In the scientific community

e.g. Turing award 2019
to deep learning pioneers
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Let’s play together !

Various, fruitful interactions AI���OR

E.g. last year ROADEF/EURO Challenge

New perspectives in decision-making ,
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 AI/OR

A couple of pointers in a jungle of references

A. Parmentier’s talk  I N T R O D U C T I O N  / 1

2019

LE LIVRE  BLANC
DE LA RECHERCHE OPÉRATIONNELLE  

EN FRANCE

SOCIÉTÉ FRANÇAISE DE RECHERCHE OPÉRATIONNELLE  
ET D’AIDE À LA DÉCISION

B. Rottembourg

A complementary viewpoint:

This tutorial : modest goals

recall basics of machine learning

mention (important) general ideas

illustrate related theoretical research topics
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Recent research in the team DAO @LJK

Y.-G. Hsieh, F. Iutzeler, J. Malick, P. Mertikopoulos,

On the Convergence of Single-Call Stochastic Extra-Gradient Methods

NeurIPS, 2019

M. Grishchenko, F. Iutzeler, J. Malick

Subspace Descent Methods with Identification-Adapted Sampling

Submitted to: Maths of OR, 2019

Y. Laguel, J. Malick, Z. Harchaoui

Superquantile Minimization: Oracles and First-order Algorithms

Submitted to: Optimization Methods and Software, 2019
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Outline

1 Back to basics: learning is optimizing

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

3 Highlight: fresh interest on min-max

4 Highlight: collaborative/federative learning
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Back to basics: learning is optimizing

Supervised learning set-up

Data: n observations (ai , yi ) ∈ Rm× Y

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

a1 a2 a3 a4 a5

y1 = 1 y2 = �1 y3 = 1 y4 = �1 y5 = 10 10 01

Model: for a new a, prediction h(a, x) ∈ Y parameterized by x ∈ Rd

usually x = β (in stats) x = ω (in learning) or x = θ (in deep learning)

Standard prediction functions :

Linear prediction: h(a, x) = a>x

Artificial neural networks:
h(a, x) = xm

>σ(xm−1
>· · ·σ(x1

>a))

Bacgkround Learning in continuous time Learning in discrete time Perspectives

Neural networks

The workhorse of machine learning:

x

x

x

x

x

y

y

input
layer

hidden layers

output
layer

Neural nets: fromWWII to the deep learning revolution
[McCulloch & Pitts, 1943; Schmidhuber, 1992; Bengio, Hinton, LeCun…]

P. Mertikopoulos CNRS – Laboratoire d’Informatique de Grenoble
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Back to basics: learning is optimizing

Optimization comes into play

Learning = finding the “best” parameter x̄

= finding x̄ such that h(ai , x̄) ' yi (and generalizes well on unseen data)

= solving an optimization problem

Regularized empirical risk minimization

(regularization avoids overfitting, helps numerically, or imposes structure to x)

min
x∈Rd

f (x) =
1

n

n∑
i=1

`
(
yi , h(ai , x)

)

+ λ r(x)

Example: linear model h(a, x) = a>x and least-squares loss

min
x∈Rd

1

n

n∑
i=1

1

2

(
yi − ai

>x
)2

+
λ

2
‖x‖2

2 =
1

2n
‖Ax − y‖2

2 +
λ

2
‖x‖2

2

min
x∈Rd

1

2n
‖Ax − y‖2

2 +
λ

2
‖x‖1 `1-norm promotes sparse solutions
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Back to basics: learning is optimizing

Stochastic gradient rules
(in the simple case r = 0)

Basic optimization algorithm : stochastic gradient descent (SGD)

Draw random ik

xk+1 = xk − γk gk with gk = ∇`
(
yik , h(aik , xk)

)
with E [gk ] = ∇f (xk)

We can often compute the gradient
E.g. back-propagation for neural networks to derivate x 7→ `

(
y , h(a, x)

)
Tuning of γk 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!

...except when they don’t – non-convex landscape, very few guarantees...

– leaving aside i.i.d. train/test data, biased data,...
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Back to basics: learning is optimizing

More than the just workhorse...

Optimization plays a fundamental role in learning

E.g. Test of Time Award

NeurIPS 2018

The Tradeoffs of Large Scale Learning

Léon Bottou
NEC laboratories of America
Princeton, NJ 08540, USA
leon@bottou.org

Olivier Bousquet
Google Zürich

8002 Zurich, Switzerland
olivier.bousquet@m4x.org

Abstract

This contribution develops a theoretical framework that takes into account the
effect of approximate optimization on learning algorithms. The analysis shows
distinct tradeoffs for the case of small-scale and large-scale learning problems.
Small-scale learning problems are subject to the usual approximation–estimation
tradeoff. Large-scale learning problems are subject to a qualitatively different
tradeoff involving the computational complexity of the underlying optimization
algorithms in non-trivial ways.

1 Motivation

The computational complexity of learning algorithms has seldom been taken into account by the
learning theory. Valiant [1] states that a problem is “learnable” when there exists a probably approx-
imatively correct learning algorithm with polynomial complexity. Whereas much progress has been
made on the statistical aspect (e.g., [2, 3, 4]), very little has been told about the complexity side of
this proposal (e.g., [5].)

Computational complexity becomes the limiting factor when one envisions large amounts of training
data. Two important examples come to mind:

• Data mining exists because competitive advantages can be achieved by analyzing the
masses of data that describe the life of our computerized society. Since virtually every
computer generates data, the data volume is proportional to the available computing power.
Therefore one needs learning algorithms that scale roughly linearly with the total volume
of data.

• Artificial intelligence attempts to emulate the cognitive capabilities of human beings. Our
biological brains can learn quite efficiently from the continuous streams of perceptual data
generated by our six senses, using limited amounts of sugar as a source of power. This
observation suggests that there are learning algorithms whose computing time requirements
scale roughly linearly with the total volume of data.

This contribution finds its source in the idea that approximate optimization algorithms might be
sufficient for learning purposes. The first part proposes new decomposition of the test error where
an additional term represents the impact of approximate optimization. In the case of small-scale
learning problems, this decomposition reduces to the well known tradeoff between approximation
error and estimation error. In the case of large-scale learning problems, the tradeoff is more com-
plex because it involves the computational complexity of the learning algorithm. The second part
explores the asymptotic properties of the large-scale learning tradeoff for various prototypical learn-
ing algorithms under various assumptions regarding the statistical estimation rates associated with
the chosen objective functions. This part clearly shows that the best optimization algorithms are not
necessarily the best learning algorithms. Maybe more surprisingly, certain algorithms perform well
regardless of the assumed rate for the statistical estimation error.

[Bottou & Bousquet ’07]

NeurIPS 2019

Dual Averaging Method for Regularized Stochastic
Learning and Online Optimization

Lin Xiao
Microsoft Research, Redmond, WA 98052

lin.xiao@microsoft.com

Abstract

We consider regularized stochastic learning and online optimization problems,
where the objective function is the sum of two convex terms: one is the loss func-
tion of the learning task, and the other is a simple regularization term such as
ℓ1-norm for promoting sparsity. We develop a new online algorithm, the regular-
ized dual averaging (RDA) method, that can explicitly exploit the regularization
structure in an online setting. In particular, at each iteration, the learning variables
are adjusted by solving a simple optimization problem that involves the running
average of all past subgradients of the loss functions and the whole regulariza-
tion term, not just its subgradient. Computational experiments show that the RDA
method can be very effective for sparse online learning with ℓ1-regularization.

1 Introduction

In machine learning, online algorithms operate by repetitively drawing random examples, one at a
time, and adjusting the learning variables using simple calculations that are usually based on the
single example only. The low computational complexity (per iteration) of online algorithms is often
associated with their slow convergence and low accuracy in solving the underlying optimization
problems. As argued in [1, 2], the combined low complexity and low accuracy, together with other
tradeoffs in statistical learning theory, still make online algorithms a favorite choice for solving large-
scale learning problems. Nevertheless, traditional online algorithms, such as stochastic gradient
descent (SGD), has limited capability of exploiting problem structure in solving regularized learning
problems. As a result, their low accuracy often makes it hard to obtain the desired regularization
effects, e.g., sparsity under ℓ1-regularization. In this paper, we develop a new online algorithm, the
regularized dual averaging (RDA) method, that can explicitly exploit the regularization structure in
an online setting. We first describe the two types of problems addressed by the RDA method.

1.1 Regularized stochastic learning

The regularized stochastic learning problems we consider are of the following form:

minimize
!

{
"(#) ≜ E"$(#, &) + Ψ(#)

}
(1)

where # ∈ R# is the optimization variable (called weights in many learning problems), & = (', ()
is an input-output pair drawn from an (unknown) underlying distribution, $(#, &) is the loss function
of using # and ' to predict (, and Ψ(#) is a regularization term. We assume $(#, &) is convex in #
for each &, and Ψ(#) is a closed convex function. Examples of the loss function $(#, &) include:

∙ Least-squares: ' ∈ R#, ( ∈ R, and $(#, (', ()) = (( − #$ ')2.
∙ Hinge loss: ' ∈ R#, ( ∈ {+1, −1}, and $(#, (', ()) = max{0, 1 − ((#$ ')}.
∙ Logistic regression: ' ∈ R#, (∈{+1, −1}, and $(#, (', ())=log

(
1+ exp

(
−((#$ ')

))
.

1

[Xiao ’09]

ICML 2019

Online Dictionary Learning for Sparse Coding

Julien Mairal JULIEN.MAIRAL@INRIA.FR
Francis Bach FRANCIS.BACH@INRIA.FR

INRIA,1 45 rue d’Ulm 75005 Paris, France

Jean Ponce JEAN.PONCE@ENS.FR

Ecole Normale Supérieure,1 45 rue d’Ulm 75005 Paris, France

Guillermo Sapiro GUILLE@UMN.EDU

University of Minnesota - Department of Electrical and Computer Engineering, 200 Union Street SE, Minneapolis, USA

Abstract

Sparse coding—that is, modelling data vectors as
sparse linear combinations of basis elements—is
widely used in machine learning, neuroscience,
signal processing, and statistics. This paper fo-
cuses on learning the basis set, also called dic-
tionary, to adapt it to specific data, an approach
that has recently proven to be very effective for
signal reconstruction and classification in the au-
dio and image processing domains. This paper
proposes a new online optimization algorithm
for dictionary learning, based on stochastic ap-
proximations, which scales up gracefully to large
datasets with millions of training samples. A
proof of convergence is presented, along with
experiments with natural images demonstrating
that it leads to faster performance and better dic-
tionaries than classical batch algorithms for both
small and large datasets.

1. Introduction

The linear decomposition of a signal using a few atoms of
a learned dictionary instead of a predefined one—based on
wavelets (Mallat, 1999) for example—has recently led to
state-of-the-art results for numerous low-level image pro-
cessing tasks such as denoising (Elad & Aharon, 2006)
as well as higher-level tasks such as classification (Raina
et al., 2007; Mairal et al., 2009), showing that sparse
learned models are well adapted to natural signals. Un-

1WILLOW Project, Laboratoire d’Informatique de l’Ecole
Normale Supérieure, ENS/INRIA/CNRS UMR 8548.

Appearing in Proceedings of the 26 th International Conference
on Machine Learning, Montreal, Canada, 2009. Copyright 2009
by the author(s)/owner(s).

like decompositions based on principal component analy-
sis and its variants, these models do not impose that the
basis vectors be orthogonal, allowing more flexibility to
adapt the representation to the data. While learning the
dictionary has proven to be critical to achieve (or improve
upon) state-of-the-art results, effectively solving the cor-
responding optimization problem is a significant compu-
tational challenge, particularly in the context of the large-
scale datasets involved in image processing tasks, that may
include millions of training samples. Addressing this chal-
lenge is the topic of this paper.

Concretely, consider a signal x in Rm. We say that it ad-
mits a sparse approximation over a dictionaryD in Rm×k,
with k columns referred to as atoms, when one can find a
linear combination of a “few” atoms fromD that is “close”
to the signal x. Experiments have shown that modelling a
signal with such a sparse decomposition (sparse coding) is
very effective in many signal processing applications (Chen
et al., 1999). For natural images, predefined dictionaries
based on various types of wavelets (Mallat, 1999) have
been used for this task. However, learning the dictionary
instead of using off-the-shelf bases has been shown to dra-
matically improve signal reconstruction (Elad & Aharon,
2006). Although some of the learned dictionary elements
may sometimes “look like” wavelets (or Gabor filters), they
are tuned to the input images or signals, leading to much
better results in practice.

Most recent algorithms for dictionary learning (Olshausen
& Field, 1997; Aharon et al., 2006; Lee et al., 2007)
are second-order iterative batch procedures, accessing the
whole training set at each iteration in order to minimize a
cost function under some constraints. Although they have
shown experimentally to be much faster than first-order
gradient descent methods (Lee et al., 2007), they cannot
effectively handle very large training sets (Bottou & Bous-
quet, 2008), or dynamic training data changing over time,

[Mairal et al ’09]
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Discussion: (some) perspectives, (deep) questions, and (personal) thoughts

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

Bacgkround Learning in continuous time Learning in discrete time Perspectives

Neural networks

The workhorse of machine learning:

x

x

x

x

x

y

y

input
layer

hidden layers

output
layer

Neural nets: fromWWII to the deep learning revolution
[McCulloch & Pitts, 1943; Schmidhuber, 1992; Bengio, Hinton, LeCun…]

P. Mertikopoulos CNRS – Laboratoire d’Informatique de Grenoble

Example:

(notebooks of NeurIPS 2018 tutorial on Adversarial Robustness)

12/02/2020 11&13

Page 1 sur 1file:///Users/jerome/Nomade/Talks/20-montpelier-roadef/pics/pig.svg

pig (99%)

Warning: fragile approach, and more work needed
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Bacgkround Learning in continuous time Learning in discrete time Perspectives

Neural networks

The workhorse of machine learning:

x

x

x

x

x

y

y

input
layer

hidden layers

output
layer

Neural nets: fromWWII to the deep learning revolution
[McCulloch & Pitts, 1943; Schmidhuber, 1992; Bengio, Hinton, LeCun…]

P. Mertikopoulos CNRS – Laboratoire d’Informatique de Grenoble

Example: (notebooks of NeurIPS 2018 tutorial on Adversarial Robustness)
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Discussion: (some) perspectives, (deep) questions, and (personal) thoughts

Beyond this: political thoughts

1 Deep learning needs a lot of energy

Why robustness is important

1?

How much ENERGY spent in this paper?

⌘

How many Toyota Camrys from SF to LA?

2 Deep learning needs a lot of data
(confidentiality issues)

3 Manual data treatment (in poor countries)

4 AI may be biased

5 Bad bots: fake news and massive people manipulation
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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)

Why robustness is important

1?

How much ENERGY spent in this paper?

⌘

How many Toyota Camrys from SF to LA?

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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1 Back to basics: learning is optimizing

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

3 Highlight: fresh interest on min-max

4 Highlight: collaborative/federative learning



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...

min
x∈X

max
y∈Y

F (x , y) or F (x?, y) 6 F (x?, y?) 6 F (x , y?)

Examples: nonconvex problems (with X discrete)

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

min
u

max
x∈X

L(x , u) = p>x − u>c(x)

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

min
x∈X

max
ξ∈∆x

f (x , ξ)

13



Highlight: fresh interest on min-max

Examples in AI: non-convex too

Adversarially robust models [Kolter & Madry ’18]
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min
x∈Rd

1

n

n∑
i=1

max
δ∈∆

`
(
yi , h(x , ai + δ)

)

Generate data with GANs [Goodfellow et al ’14]

Applications

Adversarial Training

Generative Adversarial Network (GAN)
min
xG

max
xD

Ea∼data

[
log hD

(
xD , a

)]
+ Ez∼noise

[
log
(

1− hD
(
xD , hG (xG , z)

))]
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Highlight: fresh interest on min-max

GANs: sucesses and failures

Question: who is real, who isn’t ?

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

Bacgkround Learning in continuous time Learning in discrete time Perspectives

Example 2: deep learning

What is real and what isn’t?

[Source: https://thispersondoesnotexist.com]

P. Mertikopoulos CNRS – Laboratoire d’Informatique de Grenoble

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)

15
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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: min
x

max
y

x y solution (0,0)

−1.00 −0.75 −0.50 −0.25 0.00 0.25 0.50 0.75 1.00
−0.75

−0.50

−0.25

0.00

0.25

0.50

0.75

1.00

1.25

Gradient algorithm diverges...

Extra-gradient algorithm converges [Korpelevich ’76] (→ GANs)

Stochastic extra-gradient never converges...

A remedy: use double stepsize [Hsieh, Iutzeler, M., Mertikopoulos ’20]
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x
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x y solution (0,0)

−10 −8 −6 −4 −2 0 2 4 6
−4

−2

0

2

4

6

G:  γ=0.5

Gradient algorithm diverges...
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−0.4
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0.4

0.6

0.8
γ= η=0.5

Gradient algorithm diverges...

Extra-gradient algorithm converges [Korpelevich ’76] (→ GANs)
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Gradient algorithm diverges...

Extra-gradient algorithm converges [Korpelevich ’76] (→ GANs)

Stochastic extra-gradient never converges...

A remedy: use double stepsize [Hsieh, Iutzeler, M., Mertikopoulos ’20]
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Highlight: collaborative/federative learning

Collaborative learning

Set-up:

�95

DataDataDataData

CENTRALISED LEARNING SETUP

Data

needs of lot of storage /... but efficient ,
is highly privacy invasive (e.g. phones) /
jeopardy on confidentiality/strategy (e.g. hospitals/companies) /
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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

�94

DataDataDataData

CENTRALISED LEARNING SETUP

Model

Data

New (optimization) algorithm able to deal with heterogenous data/systems

18
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Highlight: collaborative/federative learning

Zoom on a research topic: harnessing communications

�94

DataDataDataData

CENTRALISED LEARNING SETUP

Model

Data

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, Iutzeler, M. ’19] uses it for update comp.

E.g. for r =‖ · ‖1, select current support + random entries

19
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Highlight: collaborative/federative learning

Illustration of compression by a nonsmooth regularizer

On an instance of TV-regularized logistic regression (a1a dataset on 10 machines)

min
x∈Rd

1

n

n∑
j=1

log
(
1+exp(−yj aj>x)

)
+ λTV(x) Total Variation

TV(x) =

n−1∑
i=1

|xi+1 − xi |

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 (a1a dataset on 10 machines)
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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

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

AI is a rich, active, visible field of research and developments

Next step: Operational AI (?) (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

thanks !!
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