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¢¢ The best thing about
being a statistician

is that you get to play
in everyone's backyard. b
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int testVic(int tableau[] [SIZE])

int i,],k;
int test=tableau[0] [0];
if (test)

= {
for(i=1,j=1;i<SIZE;i++,j++)
if (tableau(i] [j] !=test)
= {
test=0;
break;

}
if (test) return test;

t
test=tableau[SIZE-1] [0];
if (test)

= {

for (i=SIZE-2,3j=1;
if (tableauli]
o {

Jj<SIZE;i--,j++)
[]J]'!=test)

test=0;
break;
}
if (test) return test;

for (k=0;k<SIZE; k++)
o {
if (test=tableaulk] [k])
= {
for (1i=0;i<SIZE;i++)
if (tableau[i] [k] !=test)
= {
test=0;
break;
}

if (test) return test;




Divide and Conquer: A Mixture-Based

Approach to Regional Adaptation for MCMC

Yan BAl, Radu V. CRAIU, and Antonio F. DI NARZO

The efficiency of Markov chain Monte Carlo (MCMC) algorithms can vary dramati-
cally with the choice of simulation parameters. Adaptive MCMC (AMCMC) algorithms
allow the automatic tuning of the parameters while the simulation is in progress. A mul-
timodal target distribution may call for regional adaptation of Metropolis-Hastings
samplers 5o that the proposal distribution varies across regions in the sample space.
Establishing such a partition is not straightforward and, in many instances, the learning
required for its specification takes place gradually, as the simulation proceeds. In the
d by a mixture of Gaussians, we

case in which the target distribution is approxima
propose an adaptation process for the partition. It involves fitting the mixture using the
available samples via an online EM algorithm and, based on the current mixture para-
meters, constructing the regional adaptive algorithm with online recursion (RAPTOR),
‘The method is compared with other regional AMCMC samplers and is tested on simu-
lated as well as real data examples.
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One doesn’t need to look far to see click-bait capitalizing on the befuddlement about this new

state of affairs:

o Why Do We Need Data Science When We've Had Statistics for Centuries?
Irving Wladawsky-Berger
Wall Street Journal, CIO report, May 2, 2014

Data Science is statistics.

When physicists do mathematics, they don’t say they’re doing number science. They’re doing
math. If you’re analyzing data, you’re doing statistics. You can call it data science

or informatics or analytics or whatever, but it’s still statistics. ... You may not like
what some statisticians do. You may feel they don’t share your values. They may embarrass
you. But that shouldn’t lead us to abandon the term ‘‘statistics’’.

Karl Broman, Univ. Wisconsin®

On the other hand, we can find pointed comments about the (near-) irrelevance of statistics:

e Data Science without statistics is possible, even desirable.
Vincent Granville, at the Data Science Central Blog”

e Statistics is the least important part of data science.
Andrew Gelman, Columbia University ®
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LES PETITS +: MATCHMAKING
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High activity, MMR limit in blue: because of a relatively rapid MMR limit expansion, the red player quickly found an
acceptable match, but with a stricter limit, he would have found a closer match some seconds later.
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LES APPLICATIONS FONDAMENTALES: SKILL RATING

Goal : Assign a rating to each playerin a population,based on matches’ outcome.
Objective : The rating should represent their relative proficiency at winning games.
Usage:

* Provide an overall ranking of the players.
* Use the rating to match players of similar skill together.
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Ranking Model Assumptions

In a population of n players

1) Each player has a skill value s € R.

2) For agiven match, player j in team i
has arandom performance value p;;
based on s;;. Usually :p;; ~ N(s;;, B2).

3) A player’s skill value contributes
additively to its team’s performance:
pj = Z;-lil Pij - Team i

4) The team with the highest performance
is ranked highest.

So that in a Two-teams match, team 1
wins with probability
P(p1 > p2).

Player 1

TN
[ 8i2)
N(+si1. 57) T [(+|8:2, 57)

[




Skill Rating Model

Rating Model = Ranking Model + Inference mechanism

* Most models suppose random normal skill values : 5;; ~ N(u,;j, O'izj)

* Inference is made on (u;;, U)

* Bayesian inference :
0 :Collection of all skills
* X : Match(es) outcome(s)
 Compute m(0|x) < p(x|0)my(0)
* 1y(0) : Prior skill distribution
* p(x|0) : Ranking model

* To preserve distribution family, m(6|x) is approximated by a normal.
* Sothatonly y;;, aizi are updated as the posterior mean and variance.
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INFERENCE CAUSALE

Participants (Treatment) Non-Participants (Control)
.$ @ @ . .

Thh

o of o
VS

°l o

hhE




Inference Causale

Treatment
i jod: H L Period: L Period:
Collect covariates Treatment Period: out Period: H ! . . . R . . - Ceecreomsi e e Oucomeperod: || LTI osdoped Ollesms Perlod:
predictive of the Who adopted W::t"g;p::gd; weatment treatment? What happened? treatment treatment? What happened?
treatment treatment? :
v \J l v v l
© \ VRN
Treatment . . - = - - - ~ —~
v . b ’ - v . / - ¥ Y
t=1 £=2 t=k t=k+1 t=T-1 t=T Time Period 1 Time Period 2

Cross-sectional In.terrupt.ed Panel Data Study
Study Time Series

39






TEAMLEADING

COLLABORER DISSEMINER DE CONTINUER DE EXPERIMENTER JONGLER,
L'INFORMATION SEFORMER ETITERER S'ORGANISER

PEOPLE: APl GUDE



TEAMLEADING

COLLABORER DISSEMINER DE CONTINUER DE EXPERIMENTER JONGLER,
L'INFORMATION SEFORMER ETITERER S'ORGANISER

PEOPLE: APl GUDE






	Section par défaut
	Slide 1
	Slide 2
	Slide 4: La première étincelle:
	Slide 5: La 2e 
	Slide 6: La 3e 
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36
	Slide 37: Inférence causale
	Slide 38
	Slide 39: Inférence Causale
	Slide 40
	Slide 41
	Slide 42
	Slide 43


