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Data is the new oil?



Web search



Product or friend recommendation



Display advertising



Terrorism



Crime prevention



Marketing

Marketing Technology Landscape
 January 2014 
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Health



Social networks analytics



Energy (smart grids)



Sports



Genomics



High frequency trading



Big data?

Big data

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

In 2012, 2.5 exabytes (2.5× 1018) 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



Big Data is (quite) Easy ?

Example of off the shelves solution

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



Data science or statistics?



1 Teasers
Data Science in the media
Examples
Big Data is (quite) Easy ?

2 Supervised learning
Introduction
An example: RTB
Loss functions, linearity
Logistic regression
Penalization

3 Optimization
Introduction

Gradient descent
Stochastic gradient
descent
Variance reduction
Conclusion

4 Hawkes processes
Introduction
Model
Large dimension
Maximum Likelihood
Estimation
Mean-Field approximation



Supervised learning

Setting

Data xi ∈ Rd , yi ∈ R for i = 1, . . . , n

xi is the features of i

yi is the label of i

yi ∈ R (regression) yi ∈ {−1, 1} (binary classification)

Usually, assume (xi , yi ) are i.i.d

Aim

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



Supervised learning

Scaling

High-dimension: d is large, say d ≥ 104

Big data: n is large, say n ≥ 106

Scenarios

d is large, n is small: computational biology

d is small, n is large: marketing

d is large, n is 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

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

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 : Rd → R

Rn(f ) =
1

n

n∑

i=1

`(yi , f (xi ))

where

` is a loss function: `(yi , f (xi )) small means yi is close to f (xi )

Rn(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 :

f (x) = x>θ =
d∑

j=1

xjθj ,

for a parameter θ ∈ Rd to be trained

Remark

linear with respect to xi , but you choose the features xi

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:

log
(P[Y = 1|X = x ]

P[Y = 0|X = x ]

)
= 〈x , θ〉

Leads to a linear separation between the 1s and −1s



Supervised learning – Logistic Regression

Goodness of fit = − log-likelihood, equal in this case to

Rn(θ) =
1

n

n∑

i=1

log(1 + e−yix
>
i θ).

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

θ̂ ∈ argmin
θ∈Rd

Rn(θ).

Now, given a new x , predict y using

ŷ = sign(x>θ̂)

End of story ?

No !

Overfitting problem



Penalization

Minimizing only

θ̂ ∈ argmin
θ∈Rd

1

n

n∑

i=1

`(yi , x
>
i θ)

is generally a bad idea. Minimize instead

θ̂ ∈ argmin
θ∈Rd

{1

n

n∑

i=1

`(yi , x
>
i θ) + λ pen(θ)

}

where

pen is a penalization function, it forbids θ to be “too
complex”

λ > 0 is a tuning or smoothing parameter, that balances
goodness-of-fit and penalization



Penalization

Why using penalization?

θ̂ ∈ argmin
θ∈Rd

{1

n

n∑

i=1

`(yi , x
>
i )θ + λ pen(θ)

}

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



Penalization

Penalization most widely used is

pen(θ) =
1

2
‖θ‖22 =

1

2

d∑

j=1

θ2j .

Penalizes the energy of θ, measured by squared `2-norm

Sparsity inducing penalization.

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

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

We say that θ̂ is sparse

How to do it ?



Penalization – Sparsity

Tempting to use

θ̂ ∈ argmin
θ∈Rd

{1

n

n∑

i=1

`(yi , x
>
i θ) + λ‖θ‖0

}
,

where
‖θ‖0 = #{j : θj 6= 0}.

But, to do it exactly, you need to try all possible subsets of
non-zero coordinates of θ: 2d possibilities. Impossible!



Penalization – Lasso

A solution: `1-penalization

pen(θ) = ‖θ‖1 =
d∑

j=1

|θj |.

Convex relaxation principle. Also called Lasso

In a noiseless setting, in a certain regime, `1-minimization
gives the “same solution” as ‖ · ‖0

Why do `1-penalization leads to sparsity?

Solution of

argmin
a∈R

{1

2
(a− b)2 + λ|a|

}
,

for λ > 0 and b ∈ R is given by

a∗ = sign(b)(|b| − λ)+

where a+ = max(0, a).



Penalization – Lasso

A minimizer

θ̂ ∈ argmin
θ∈Rd

{1

n

n∑

i=1

`(yi , x
>
i θ) + λ‖θ‖1

}

is typically sparse (θ̂j = 0 for many j).

for λ large (larger than some constant) θ̂j = 0 for all j

for λ = 0 then there is no penalization

Between the two, the “sparsity” depends on the value of λ:
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 I1, . . . , IV of
{1, . . . , n}, where |Iv | ≈ n

V for any v = 1, . . . ,V



Cross-validation

For each v = 1, . . . ,V

Put Dv ,train = ∪v ′ 6=v Iv ′ and Dv ,test = Iv

Find

θ̂v ,λ ∈ argmin
θ

{ 1

|Dv ,train|
∑

i∈Dv,train

`(yi , x
>
i θ) + λ pen(θ)

}

Take

λ̂ ∈ argmin
λ

V∑

v=1

∑

i∈Dv,test

`(yi , x
>
i θ̂v ,λ)



Cross-validation

Training error:

λ 7→
V∑

v=1

∑

i∈Dv,train

`(yi , x
>
i θ̂v ,λ)

Testing, validation or cross-validation error:

λ 7→
V∑

v=1

∑

i∈Dv,test

`(yi , x
>
i θ̂v ,λ)
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Introduction

Optimization is the main problem in practice

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

f (θ) =
1

n

n∑

i=1

`(yi , x
>
i θ) and g(θ) = λ‖θ‖1

How to minimize f + g ?

A key point: the descent lemma

If f convex and ∇f is L-Lipschitz, then for any θ, θk ∈ Rd

f (θ) + g(θ) ≤ f (θk) +∇f (θk)>(θ − θk) +
L

2
‖θ − θk‖22 + g(θ)



Gradient descent

and remark that

argmin
θ∈Rd

{
f (θk) +∇f (θk)>(θ − θk) +

L

2
‖θ − θk‖22 + g(θ)

}

= argmin
θ∈Rd

{L
2

∥∥∥θ −
(
θk − 1

L
∇f (θk)

)∥∥∥
2

2
+ g(θ)

}

= argmin
θ∈Rd

{1

2

∥∥∥θ −
(
θk − 1

L
∇f (θk)

)∥∥∥
2

2
+

1

L
g(θ)

}

= Tg/L

(
θk − 1

L
∇f (θk)

)

where Tg/L(θ) = sign(θ)� (|θ| − λ/L)+



Gradient descent

Proximal gradient descent algorithm

Input: starting point θ0, Lipschitz constant L > 0 for ∇f
For k = 1, 2, . . . until converged do

θk = Tg/L

(
θk−1 − 1

L∇f (θk−1)
)

Return last θk

Simplest algorithm, a plethora of others:

Coordinate descent

L-BFGS-B

Primal-Dual

...



Stochastic gradient descent

What if n (and d) is large?

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...

If I choose uniformly at random I ∈ {1, . . . , n}, then

E[∇fI (θ)] =
1

n

n∑

i=1

∇fi (θ) = ∇f (θ)

∇fI (θ) is an unbiased but very noisy estimate of the full
gradient ∇f (θ)



Stochastic Gradient Descent

Robbins and Monro 1951

Stochastic Gradient Descent (SGD)

Input: starting point θ0, sequence of learning rates {ηt}t≥0
For t = 1, 2, . . . until convergence do

Pick at random (uniformly) i in {1, . . . , n}
Put

θt = θt−1 − ηt∇fi (θt−1)

Return last θt

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)

Bach et al. (2011, 2012, 2014, 2015)

T. Zhang et al. (2014, 2015)



Variance reduction

Put X = ∇fI (θ) with I 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

Put Z = X − C + EC , so that EZ = EX and

VarZ = VarX + VarC − 2 cov(X ,C )



Variance reduction

Stochastic Variance Reduced Gradient (SVRG)

Input: starting point θ0, learning rate η > 0
Put θ̃ ← θ0

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

Put θk1 ← θ̃

Compute ∇f (θ̃)

For t = 1, . . . , n

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

θkt+1 ← θkt − η
(
∇fi (θkt )−∇fi (θ̃) +∇f (θ̃)

)

Set θ̃ ← θkn+1



Numerical comparison: batch VS stochastic



Conclusion

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

Model assumptions, simplifying assumptions

Overfitting, penalization, sparsity, cross-validation

Optimization matters!

Beyond supervised learning?

Let us describe an example: Hawkes processes
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Introduction

Observation

What we want to infer



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

NB:

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

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 = [N1, . . . ,Nd ]>

d is “large”

Observed on [0,T ]

Nj has intensity λj , namely

P
(
Nj has a jump in [t, t + dt] | Ft

)
= λj(t)dt

for j = 1, . . . , d where Ft some filtration



Model: Multivariate Hawkes Process (MHP)

MHP assumes the following autoregressive structure:

λj(t) = µj(t) +

∫

(0,t)

d∑

k=1

ϕj ,k(t − s)dNk(s),

µj(t) ≥ 0 baseline intensity of the j-th coordinate

ϕj : R+ → R+ self-exciting component

Write this in matrix form

λ(t) = µ+

∫

(0,t)
ϕ(t − s)dN(s),

with µ = [µ1, . . . , µd ]> and ϕ(t) = [ϕj ,k(t)]1≤j ,k≤d .

Notation:
∫

(0,t)
ϕ(t − s)dNk(s) =

∑

i :0<Ti,k<t

ϕ(t − Ti ,k)



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

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 µ and ϕ

For inference: we want a tractable and scalable optimization
problem

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

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:

Constant baselines µj(·) ≡ µj
Take

ϕj ,k(t) = aj ,kαe
−αt

aj ,k = level of interaction between agents j and k

α = lifetime of instantaneous excitation (assumed known
here...)

The matrix
A = [aj ,k ]1≤j ,k≤d

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

ϕj ,k(t) =
L∑

l=1

aj ,k,lαle
−αl t



A simple parametrization of the MHP

We end up with intensities

λj ,θ(t) = µj +

∫

(0,t)

d∑

k=1

aj ,kαe
−α(t−s)dNk(s)

for j ∈ {1, . . . , d} where

θ = [µ,A]

with

baselines µ = [µ1, . . . , µd ]> ∈ Rd
+

interactions A = [aj ,k ]1≤j ,k≤d ∈ Rd×d
+



A simple parametrization of the MHP

For d = 1, intensity λθ looks like this:



Maximum likelihood functional

−`T (θ) =
d∑

j=1

{∫ T

0
(λj ,θ(t)− 1)dt −

∫ T

0
log λj ,θ(t)dNj(t)

}

with

λj ,θ(t) = µj +
d∑

k=1

aj ,k

∫

(0,t)
α exp

(
− α(t − s)

)
dNk(s)



Mean-Field approximation

For inference, we exploit the fact that d is large

Using a Mean-Field approximation! [Delattre, Fournier and
Hoffmann 2015]
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Mean-Field approximation

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

λj ,θ(t) ≈ Nj([0,T ])

T
= Λ̄j

So, we use the following approximation for inference

log λj ,θ(t) ≈ log Λ̄j +
λj ,θ(t)− Λ̄j

Λ̄j
− (λj ,θ(t)− Λ̄j)

2

2(Λ̄j)2

It gives an approximation of the log-likelihood

Faster to solve

Surprisingly sharp in large dimension



Mean-field inference for Hawkes

Fluctuations E1/2[(λ1t/Λ
1 − 1)2]
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Mean-field inference for Hawkes



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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