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Le Big Data, nouvel eldorado des entreprises
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Blg Data in More Hands

By QUENTIN HARDY

FACEBOOK Business people, Big Data is coming for you.

TWITTER Software that captures lots of data and uses it to make predictions has
3 coooLe: mostly been the province of engineers skilled in arcane databases and
statisticians capable of developing complex algorithms. As the business gets
B save bigger, however, software makers are domesticating their products in the
= EMAIL hope they will prove attractive to a broader population.

Cloudera, which offers a popular version of the open source database called
Hadoop, released software on Wednesday that makes it possible to run
queries from a more mainstream SQL programming language interface.
SQL, thanks to its adoption by Oracle, Microsoft and others, is known to
millions of business analysts.

S pRINT

“This enables us to talk to a whole other class of customer,” said Mike
Olson, the chief executive of Cloudera. “The knock against Hadoop was that
itis too complex.”

There is a reason for that. Hadoop is one of several so-called unstructured
databases that were created at Yahoo and Google, after those two
companies found they had previously unimaginable amounts of data about
activities like people’s Web-surfing habits. Put into databases designed to
handlethis unstructured behavior, then analyzed, thisinformation was

4 Google Shifts Pitch
for Its New
Chromebooks

In Contest for Rescue
Robots, Darpa Offers
$2 Million Prize

AROUND THE WEB »

HE NEXT W % BLOOMBERG
Google says Maps ' HTC Posts Lowest Net
redirect on anss0>  Income in Eight Years

Windows Phone
was a product decision,
and will be removed

g SCUTTLEBOT /.

Google's Schmidt arrive in North Korea
From Mountain View to...errr, Pyongyang? -
mini Sengupta

After Revenue Drops

AP provides sponsored tweets during electronics show
‘The Associated Press is renting out its Twitter feed,
with 1.5 million followers, to advertisers during C.ES. -
Joshua Brustein

A history of griefing
EDGE-ONLINE.COM | Meet the cult of gamers who want to
ruin your day —just for kicks. -. m

A Million First Dates
THE ATLANTIC | Is online romance threatening monogamy?
Jenna Wortha

SEE MORE »

>




NY Times Il

HOME PAGE | TODAY'S PAPER | VIDEO | MOST POPULAR | TIMES TOPICS Log In | Register Now Help
Ehe New York Eimes

- Search All NYTimes.com
SundayRevieW  r.. oo e
WORLD US. NY./REGION BUSINESS ‘TECHNOLOGY SCIENCE ~ HEALTH SPORTS OPINION

ARTS

STYLE TRAVEL JOBS REALESTATE AUTOS

NEWS ANALYSIS

The Age of Big Data

By STEVE LOHR

& 82 Comments

GOOD with numbers? Fascinated by data? The sound you hear is K recowweno

opportunity knocking.
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Mo Zhou was snapped up by LB.M.

@ COMMENTS (82)

| last summer, as a freshly minted Yale
l 5 l i i M.B.A, to join the technology = SIGNINTO EMAIL
‘ company’s fast-growing ranks of data & et
i consultants. They help businesses
0O 4 ‘make sense of an explosion of data — & REPRINTS
Web traffic and social network SHARE

comments, as well as software and

sensors that monitor shipments,

suppliers and customers — to guide decisions, trim costs
and lift sales. “I've always had a love of numbers,” says Ms.
Zhou, whose job as a data analyst suits her skills.

Multimedia To exploit the data flood, America will need many more like

her. A report last year by the McKinsey Global Institute, the
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By STEVE LOHR

What's Popular Now ]
THIS has been the crossover year for Big Data — as a concept, as a FACEBOOK

N . Despite New . ‘The Big Fail
term and, yes, as a marketing tool. Big Data has sprung from the TWITTER "M)l)lh Law, ‘ ,
confines of technology circles into the mai 5 Some See Sharp
3§ coooLe Rise in Premiums
@ Enlarge This Image  First, here are a few, well, data points: & EvaiL
Big Data was a featured topic this year SHARE
at the World Economic Forum in @ PRINT MOST E-MAILED RECOMMENDED FOR YOU

Davos, Switzerland, with a report
titled “Big Data, Big Impact.” In
March, the federal government
announced $200 million in research programs for Big Data
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. OFF THE DRIBBLE
Stoudemire Commemorates Brother's Death

. CRITIC'S NOTEBOOK
‘The Rainbow That Follows ‘Jersey Shore'

o
®

computing.
Add to Portfolio Rick Smolan, creator of the “Day in the Life” photography 3. TAKINONOTE
. - Opinion Report: Tax Reform
International Business series, has a new project in the works, called “The Human
Machines Corporation Face of Big Data.” The New York Times has adopted the 4 THELEARNNGNETWORK _
Gotoyour Portolo » term in headlines like “The Age of Big Data” and “Big Data L;‘L:‘g L;ﬁ" a‘::’;:;’ﬁf;“_ﬂ\‘"“ toRide
on Campus.” And a sure sign that Big Data has arrived
5

. . N P o » N : . Major Cor ies Push the Limits of a Tax
came just last month, when it became grist for satire in the “Dilbert” comic strip by Scott Br?ali'r mpanies Fush e Limis of Tox

Adams. “It comes from everywhere. It knows all,” one frame reads, and the next concludes
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Deloitte global podcasts
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Email Alerts
podeasts To use our embedded media player, please install the latest version of Adobe Flash Player. Stay co
You can also download the podcast file.
Tools Contact us
Big data projects had a total industry revenue of only $100 million in 2009. However 2012 wil
Video lbrary see 90 per cent of Fortune 500 companies Kick off a big data initiative, which will trigger industry Submit RFP
revenue of between $1 billion and 1.5 billion. Big data is still i its infancy, mostly used for Global blog
Browse by industry meteorology and physics simulations, butinterest s gaining pace as data warehouses start to
overflow and the need for *real-time" analysis puts strain on traditional analytics tools. Internet Global podcasts
Browse by service companies have led the way with exploring big data but fast follower sectors are likely to Social media

include the public sector, financial services, retail, entertainment, and media. This could trigger
a talent shortage with up to 190,000 skilled professionals needed to cope with demand in the
US alone over the next five years. Meanwhile companies launching initiatives need to take a
disciplined and targeted approach to big data.

RSS feed

Podcast highlights:

What does “big data” mean?

Where will the industry growth come from?

What does the trend mean for traditional data companies?

What does the accessibility of big data” mean for the way companies are currently doing
business?
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CritéoLabs :, soirée d'inauguration

Fleur Pellerin, Ministre dél
soutien a cette entreprise in

guée chargée des PME, de I'innovation et de I'Economie Numérique, apporte son
ovante du secteur numérique, véritable « success story » 4 la frangaise.

Criteo inaugure CriteoLabs, son nouveau centre de R&D de 10.000 m2 au cceur de Paris.

Avec a terme 300 ingénieurs, ce site est déja I'un des premiers centres européens de R&D en algorithmes
appliqués a la publicité en ligne. Pour accompagner sa forte croissance, Criteo recrute cette année 250
nouveaux collaborateurs

r

Criteo inaugure & Paris I'n des plus gros pdles européens de R&D dédiés 4 la publicité prédictive, CriteoLabs. Sur
10.000 m2, ce nouveau centre a vocation a accueillir 300 ingénieurs et a permettre ainsi a Criteo de garantir son
avancée technologique sur ses 30 marchés d'exportation, des Etats-Unis, & I'Europe, en passant par I'Asie. Cette
année, l'entreprise compt cruter 250 nouveaux collaborateurs, dont une centaine d'ingénieurs.

Ce nouveau siége, que Criteo a choisi délibérément de situer & Paris, vient ponctuer un développement continu, qui a
permis & 'entreprise d'atteindre des résultats remarquables, 3 ans seulement aprés son lancement commercial

600 salariés présents dans 15 bureaux dans le monde
i les plus importants e-commergants mondiaux tels que Dell, Macy's, John Lewis, Marks
Zalando, La Redoute, Les 3 Suisses, etc

Plus de 200 millions de dollars de CA en 2011
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Environ 10 100 000 résultats (0,24 secondes)

Moteur de recherche - Mozbot France - La recherche facile ...
www.mozbot.fr/

Moteur de Mozbot en iat avec Brioude-Internet, et
Google : résultats, connexes, mots clés, ...

Actualités correspondant & moteur de recherche

Le moteur de recherche DuckDuckGo bloqué en
() Chine
Le Monde - il y a 3 heures.
Selon le site spécialisé TechinAsia, le moteur de recherche serait
bloqué depuis le 4 septembre dans le pays. DuckDuckGo, qui se
présente

L'Allemagne souhaite que Google dévoile les algorithmes .
Clubic.com - il y a 5 jours.

Plus d'actualités pour "moteur de recherche"

Moteur de recherche — Wikipédia
" oy Cde ;

Un moteur de est une web de retrouver des

ressources (pages web, articles de forums Usenet, images, vidéo, fichiers, etc.) ..

Moteur de Recherche SEEK.fr ™

www.seek.fr/ ¥

Moteur de recherche alternatif frangais respectant la vie privée via un métamoteur
utilisant les principaux moteurs de recherche ainsi qu'un annuaire

Metamoteur Web SEEK fr - A Propos de Seek - Horoscope - Seek annuaire
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Crime prevention

® ABOUT ~ HOWPREDPOLWORKS ~ PROVENRESULTS ~ TECHNOLOGY ~ PRESS ~ CONTACTUS  BLOG
D PREDPOL

PREDICTIVE
POLICING

The Predictive Policing Company

PredPol's cloud-based software enables law enforcement agencies to
better prevent crime in their communities by generating predictions on

the places and times that future crimes are most likely to occur.
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The Power of Healthcare Data

The Body as a Source
of Big Data
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Social networks analytics
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Energy (smart grids)

Smarter Cities: Turning Big Data Into Insight
=

City Planning and Operations
$1 Trillion

global annual savings could be attained by
optimizing public infrastructure.
Source: McKinsey

50 Hours

oftraffic delays per year are incurred,
on average, by travelers.

30 Billion

people all over the world travel
approximately 30 billion miles per
year. By 2050, that figure will grow
to over 150 billion miles.

$57 Trillion
ininfrastructure investments will be
needed between 2013-2030.
Source: McKinsey.

N
O {0 8

Cloud is driving cities in their digital transformation. v
Water Management Open Cloud

60% $6 Billion
of water allocated for domestic $14 Billion 37,000 hasbeen invested by IBM in more than

human use goes to urban cities. a dozen acquisitions to accelerateits
in potable water s lost every year because i

of leaks, theft and unbilled usage. industry team alone.
Source: World Bank
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High frequency trading
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Big data

e Capacity to store information has doubled every 40 months
since the 1980s

e In 2012, 2.5 exabytes (2.5 x 10'8) created per day

@ Big companies such as Google, Amazon, Facebook, Apple
(GAFA) but also banking, marketing, pharmaceuticals,

insurance, telecoms, personalized medicine, bioinformatics,
etc.



Big Data is (quite) Easy

Example of off the shelves solution

SParK” ....ccvecns e

igh omputing

run(paran ms) {
Spark onf()
.setAnDNamets"BJnary(lasslf:ca(mn with $parans")
SparkContext (conf)

Logger.getRootLogger. setLevel(Level.WARN)
examples = MLUtils. loadLibSVMFile(sc, params.input).cache()

spLits = examples. randonSpLit(Array (0.8, 0.2))
training = splits(6).cache()
test he(
numTraining = training. count()
nunTest = test.count()
println(s"Training: $nu Tra)an, test: $nunest.”)
examples. unpersist (blockin se)

updater = parans. regType {
11 = ter()
SquaredL2Updater()

algorithm LogisticRegressionWithsGo()
algorithm. optimizer
~setNunTterations (params. nunlterations)
.setStepSize(parans. stepSize)
.setUpdater(updater)
-setRegParan(parans. regParar
model = algorithn. ruMtram)ng?.clearThreshnld()

prediction = nodel.predict (test.map(_.features))
predictionAndLabel = prediction.zip(test.map(_.label))

metrics = new BinaryClassificationMetrics(predictionAndLabel)
myMetrics MyBinaryClassificationtetrics (predictionAndLabel)

println(s"Enpirical CrossEntropy = ${mMetrics.crossEntropy()}.")
println(s"Test areaUnderPR = ${metrics.areaUnderPR()}.
println(s*Test areaUnderROC = ${metrics.arealnderROC()}.")

sc.stop()
¥




Big Data is (quite) Easy 7

Example of off the shelves solution

SParK’ ... e o aImazon

export AWS_ACCESS_KEY_ID=<your-access-keyid>

export AWS_SECRET_ACCESS_KEY=<your-access-key-secret>

cellule/spark/ec2/sparl-ec2 -i cellule.pem -k cellule -s <number of machines> launch <cluster-name>
ssh -i cellule.pem root@<your-cluster-master-dns>

spark-ec2/copy-dir ephemeral-hdfs/conf

ephemeral-hdfs/bin/hadoop distcp s3n://celluledecalcul/dataset/raw/train.csv /data/train.csv

scp -i cellule.pem cellule/challenge/target/scala-2.10/target/scala-2.10/challenges_2.10-0.0.jar

cellule/spark/bin/spark-submit \
--class fr.cc.challenge.Preprocess \
challenges_2.10-0.0.jar \
/data/train.csv \
/data/train2.csv

cellule/spark/bin/spark-submit \
--class fr.cc.sparktest.LogisticRegression \
challenges_2.10-0.0.jar \
/data/train2.csv

= Logistic regression for arbitrary large dataset!



A Complex Ecosystem

Big Data Landscape
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Data science or statistics?

(P Jeremy Jarvis

a @jeremyjarvis

"A data scientist is a statistician who lives in San Fransisco"
#monkigras pic.twitter.com/HypLL3Cnye
12:13 PM - 30 Jan 2014

4« 131475 @841

- Big Data Borat
@BigDataBorat

Data Science is statistics on a Mac.
3:32 PM - 27 Aug 2013
« 13611 @273

3 Josh Wills
€ @josh_wills

Data Scientist (n.): Person who is better at statistics than any
software engineer and better at software engineering than any
statistician.

6:55 PM - 3 May 2012
4« 131360 821
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Supervised learning

Setting
e Datax; e RY, y;c Rfori=1,...,n
@ Xx; is the features of i
@ y; is the label of i
@ y; € R (regression) y; € {—1,1} (binary classification)

e Usually, assume (x;, y;) are i.i.d
Aim

@ Based on (x;,y;), learn a function that predicts y based on a
new x (generalization property)



Supervised learning

Scaling
e High-dimension: d is large, say d > 10*
e Big data: nis large, say n > 10°

Scenarios
@ d is large, nis small: computational biology
@ d is small, nis large: marketing

@ d is large, nis large: web-advertisement, ad display



An example: Real Time Bidding

@ A customer visits a webpage with his browser: a complex
process of content selection and delivery beggins.

@ An advertiser might want to display an ad on the webpage
where the user is going. The webpage belongs to a publisher.

@ The publisher sells ad space to advertisers who want to reach
customers

In some cases, an auction starts: RTB (Real Time Bidding)



An example: Real Time Bidding

o Advertisers have 10ms (') to give a price: they need to
assess quickly how willing they are to display the ad to this
customer

@ Machine learning is used here to predict the probability of
click on the ad. Time constraint: few model parameters to
answer quickly

e feature selection / dimension reduction is crucial here

Full process takes < 100ms



An example: Real Time Bidding

Some figures

@ 10 million prediction of click probability per second
@ answers within 10ms

@ stores 20Terabytes of data daily



Supervised learning — Loss functions, linearity

What to do ?

Minimize with respect to f : RY — R

Ralf) = =3ty F(x)
i=1

where

@ /is a loss function: £(y;, f(x;)) small means y; is close to f(x;)
@ R,(f) is called goodness-of-fit or empirical risk

Computation of f is called training or estimation



Supervised learning — Loss functions, linearity

A problem

@ n and d are large: training is too time-consuming for a
complex function f

A simplification

@ Choose a linear function f :
d
f(x) = x'0= ijﬁj,
j=1

for a parameter § € RY to be trained

Remark
@ linear with respect to x;, but you choose the features x;

@ usually not linear w.r.t the raw features: feature engineering



Supervised learning — Binary classification

Logistic regression
@ The most widespread approach

@ Assumes that the log-odd ratio is linear:

P[Y =1|X =x]\ _
'(Myzmxzﬂ)_“ﬁ>

@ Leads to a linear separation between the 1s and —1s




Supervised learning — Logistic Regression

Goodness of fit = — log-likelihood, equal in this case to
1< T
Ra(0) = = log(1+ e %)
(0= 73 logl1 +e7)

So, let's just find out (more on that later...)

f € argmin R,(6).
OeRrd

Now, given a new x, predict y using

A

9 = sign(x ' 0)

End of story ?
@ No!

@ Overfitting problem



Penalization

Minimizing only

6 € argmin = U(yi, x;' 0)
OcRd Z

is generally a bad idea. Minimize instead

n

0 € argmin {% Zé(y,, X! 0) + A pen(H)}

OeRrd i1

where
@ pen is a penalization function, it forbids 6 to be "“too
complex”
@ A > 0 is a tuning or smoothing parameter, that balances
goodness-of-fit and penalization



Penalization

Why using penalization?

n 1<
0 e ind = 4(yi,x; )0 + Xpen(d
a;geg;n{ng (visx; )0 + A pen( )}

Penalization, for a well-chosen \ > 0, allows to avoid overfitting




Penalization

Penalization most widely used is

1 1<
pen(6) = 51013 =5 >0}

j=1

Penalizes the energy of 6, measured by squared ¢>-norm

Sparsity inducing penalization.

@ It would be nice to find a model where @ = 0 for many
coordinates j

o few features are useful for prediction, model is simpler, faster
prediction (e.g. RTB example)

@ We say that 0 is sparse
@ How todo it ?



Penalization — Sparsity

Tempting to use

n

0 e argmin {1 Zﬁ(y;,x?@) + )\||9||o}a

n
ocR? i=1

where
100 = #{j : 6; # 0}.

But, to do it exactly, you need to try all possible subsets of
non-zero coordinates of #: 29 possibilities. Impossible!



Penalization — Lasso

A solution: ¢;-penalization
d
pen(9) = [[0]l1 = > 10j1-
j=1

@ Convex relaxation principle. Also called Lasso

@ In a noiseless setting, in a certain regime, £1-minimization
gives the “same solution” as || - [|o

Why do ¢1-penalization leads to sparsity?

Solution of

1
argmin {f(a —b)? + )\|a|},
acR 2

for A > 0 and b € R is given by
a, = sign(b)(|b| — A)+

where a; = max(0, a).



Penalization — Lasso

A minimizer

d e argmin { Zey,,, )+ Mol }

is typically sparse (GAJ = 0 for many j).
e for A large (larger than some constant) éj =0 for all j
@ for A = 0 then there is no penalization

@ Between the two, the “sparsity” depends on the value of A:
once again, it is a regularization or penalization parameter

How to choose it?



Cross-validation

V-Fold cross-validation

@ Most standard cross-validation technique

@ Take V =5 or V =10. Pick a random partition /1,..., /[y of
{1,...,n}, where [I,| = {; forany v=1,...,V

k folds (all instances)

»
>

A

fold

R

[] |
T |

) | testing fold
L E




Cross-validation

Foreachv=1,...,V
e Put Dv,train = Uv’gévlv’ and Dv,test = lv
@ Find

Z Uyi, x;" 0) + A pen(a)}

0y, € argmin {
o l‘eDv,train

|Dv,train’

Take

)\Eargmmz Z 0yi, x; vA)

v=1 IEDV ,test



Cross-validation

Fixed data size

Mean Error

High variance

Model Complexity

@ Training error:

v
A Z Z g(yivxi—rév,)\)

v=1i€Dy train
@ Testing, validation or cross-validation error:

v
)\'—>Z Z E(y,-,x,-TGAV’,\)

v=1i€Dy test



© Optimization

@ Introduction

@ Gradient descent

@ Stochastic gradient
descent

@ Variance reduction

@ Conclusion



Introduction

@ Optimization is the main problem in practice
o Need efficient optimization for the training step

@ Recent advances on this topic lately, aimed at machine
learning applications



Gradient descent

Let's put for short

1 n
F(0) = ;Zf(yl',x,w) and g(6) = All6]x
i=1

How to minimize f +g ?

A key point: the descent lemma
e If f convex and Vf is L-Lipschitz, then for any 6,6, € RY

F(0) +g(8) < f(6%) +VF(6°)" (6 —6%) + gIW — 0 |3+ g(6)



Gradient descent

and remark that

L
argmin {f(ﬂk) + VO (0 — 6%) + =||0 — 6|3 +g(9)}
HeRrd 2

=armin {0 - (o )+ £00)

=argmin {0 (0= {9 r000) [+ a0}
= Tenu (0" - %w(ek))

where Tz, (0) = sign(0) © (|0] — A/L)+



Gradient descent

Proximal gradient descent algorithm

e Input: starting point #°, Lipschitz constant L > 0 for Vf
@ For k=1,2,... until converged do

o 0k = Ty (047 = FVF(04))
e Return last 6%

Simplest algorithm, a plethora of others:
o Coordinate descent
e L-BFGS-B
@ Primal-Dual



Stochastic gradient descent

What if n (and d) is large?
e Each iteration of a full gradient method has complexity O(nd)

@ A large dataset makes a modern computer look old: go back
to “old” algorithms (Robbins and Monro 1951)

Idea: we want to minimize an average of losses...

e If | choose uniformly at random / € {1,..., n}, then
1 n
E[Vf(0)] = - fi(6) = VI£(0
[V£(0)] ”;Z;V() V£(0)

e Vf(0) is an unbiased but very noisy estimate of the full
gradient V£ (0)



Stochastic Gradient Descent

Robbins and Monro 1951
Stochastic Gradient Descent (SGD)

o Input: starting point 6°, sequence of learning rates {n:}+>0

@ For t =1,2,... until convergence do
e Pick at random (uniformly) i in {1,..., n}
o Put

0' = 6" — A0 )

e Return last 4t

@ Each iteration has complexity O(d) instead of O(nd) for full
gradient methods

The step size must be decreasing

Fast in the early iterations

Very slow convergence to a precise minimizer




Variance reduction

Recent results improve this:
@ Bottou and LeCun (2005)
@ Shalev-Shwartz et al (2007, 2009)
@ Nesterov et al. (2008, 2009)
e Bach et al. (2011, 2012, 2014, 2015)
e T. Zhang et al. (2014, 2015)



Variance reduction

e Put X = V() with | uniformly chosen at random in
{1,...,n}
@ Variance of X as an approximation of EX is large

@ Reduce it by finding C s.t. EC is easy to compute and such
that C is highly correlated with X

e PutZ=X-C+EC, sothat EZ =EX and

Var Z = Var X 4+ Var C — 2 cov(X, C)



Variance reduction

Stochastic Variance Reduced Gradient (SVRG)

Input: starting point 6°, learning rate > 0
Put 6 < ¢°

For k =1,2,... until convergence do

Put 0k « 6

Compute V£(6)

Fort=1,...,n

e Pick uniformly at random i in {1,...,n}
e Apply the step

0k, + 0F —n(VE(05) — V£ (8) + VF(9))

Set 6 « 0%,



Numerical comparison: batch VS stochastic

Loss

0 10 20 30 40 50
iteration



Conclusion

What we've seen in this glimpse of supervised learning:

@ Model assumptions, simplifying assumptions
e Overfitting, penalization, sparsity, cross-validation

e Optimization matters!

Beyond supervised learning?

Let us describe an example: Hawkes processes



@ Hawkes processes
Introduction

@ Model

@ Large dimension

@ Maximum Likelihood
Estimation

Mean-Field approximation



Introduction

Observation
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Introduction

One Hawkes component can model (on a high frequency, data can
be as precise as 10 microseconds)

@ an arrival of a particular type of order (with a particular size,
any agent)

@ a move of the price of a particular size and direction and of a
particular asset

@ an order of a particular agent

@ possible to combine all that and do some high-dimensional
models

@ possible to add exogenous events with some impacts (e.g.,
news)



Introduction

@ A two-components model of the high-frequency (mid)price
dynamics (one component for upward jumps and one for
downward jumps). Basket of assets=high dimension

o Multiple agents models: an event is a particular type of order
of a particular size by a particular agent, including
components for the moves of the price. Analysis of the
interactions of all the agents and their impact on the price



Model: Multivariate Hawkes Process (MHP)

@ A d-dimensional counting process N = [Ny, ..., Ng]T
e dis “large”
@ Observed on [0, T]

e N, has intensity A;, namely
P(N; has a jump in [t, t + dt] | F¢) = A\j(t)dt

for j=1,...,d where F; some filtration



Model: Multivariate Hawkes Process (MHP)

@ MHP assumes the following autoregressive structure:

d
Mﬂ:Mﬂ+A S gl — 5)dNk(s),

1) k=1

@ 11j(t) > 0 baseline intensity of the j-th coordinate
o ¢j: RT — RT self-exciting component

@ Write this in matrix form
A=t [ ple - s)an(s)
(0,t)

with g = [u1, ..., g] " and () = [) k(t)]1<) k<a-
@ Notation:

/(Ot)w(t—s)de(s): S e(t-Tiw)

i0<T; <t



A brief history of MHP

Introduced by Hawkes in 1971

Earthquakes and geophysics : Kagan and Knopoff (1981),
Zhuang, Harte, Werner, Hainzl and Zhou (2012)

Genomics : Reynaud-Bouret and Schbath (2010)

High-frequency Finance : Bacry Delattre Hoffmann and
Muzy (2013)

Terrorist activity : Porter and White (2012)

Neurobiology : Hansen, Reynaud-Bouret and Rivoirard
(2012)

Social networks : Carne and Sornette (2008), Simma and
Jordan (2010), Zhou Song and Zha (2013)

And even FPGA-based implementation : Guo and Luk
(2013)



Estimation for MHP: some references

Parametric estimation (Maximum likelihood)
@ First work : Ogata 78
e Simma and Jordan (2010), Zhou Song and Zha (2013)
— Expected Maximization (EM) algorithms, with priors
Non parametric estimation
@ Marsan Lengliné (2008), generalized by Lewis, Mohler (2010)
— EM for penalized likelihood function

— Monovariate Hawkes processes, Small amount of data, No
theoretical results

@ Reynaud-Bouret and Schbath (2010)
— Developed for small amount of data (Sparse penalization)

@ Bacry and Muzy (2014)
— Larger amount of data



MHP in large dimension

Dimension d is large:
@ Need a simple parametric model on p and ¢

@ For inference: we want a tractable and scalable optimization
problem

A recent work [Bacry, G., Mastromatteo, Muzy 2016]:

e Focus on optimization (the training task) for parametric
Hawkes models

@ Exploits a recent mean-field property of this model

@ Improves state-of-the-art solvers in this case



A simple parametrization of the MHP

Simple parametrization:

e Constant baselines 1(-) = p;

o Take
Soj,k(t) = aj,kae*‘“
@ aj, = level of interaction between agents j and k
@ a = lifetime of instantaneous excitation (assumed known
here...)
The matrix

[a_j k]l j,k<d

is understood has a weighted adjacency matrix of mutual
excitement of agents {1,...,d}
NB: we can consider actually

—ayt
©jk(t E aj ke !



A simple parametrization of the MHP

We end up with intensities
Ao(t) = / Zaj ke =) N (s)
0:t) k=1
for j € {1,...,d} where
0= [N? A]

with
. _ T - md
e baselines j1 = [u1,..., gl € RS

. . dxd
e interactions A = [aj x]1<jk<d € RS



A simple parametrization of the MHP

For d = 1, intensity Ay looks like this:

T

[

L 20 a0 60 80 100

oolll 1




Maximum likelihood functional

—07(0) = zd: { /OT(AJ-,H(t) ~1)dt — /OT log Aj,g(t)d/vj(t)}

j=1

with

d
)\jyg(t) :uj+Zajyk/( )aexp(—a(t—s))de(s)
k=1 0,t



Mean-Field approximation

e For inference, we exploit the fact that d is large
@ Using a Mean-Field approximation! [Delattre, Fournier and
Hoffmann 2015]

1
Simulation results -—-e--
d-1/2
=
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= e,
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o,
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1 10 100




Mean-Field approximation

Idea: when d is large, we have dilute interactions, ie

o= BT g

So, we use the following approximation for inference

— g = A (Nig(t) — A2
o (0~ oy S0~ _ (sl )
J

(A7)
It gives an approximation of the log-likelihood
o Faster to solve

@ Surprisingly sharp in large dimension



Mean-field inference for Hawkes

Fluctuations EY/2[(A}/AY — 1)?]
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Mean-field inference for Hawkes

True MF MLE




Mean-field inference for Hawkes
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Mean-field inference for Hawkes

Training algorithm faster by several order of magnitude than
state-of-the-art solvers
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Thank you!
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