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Instalacion OpenBugs

Linux Download

B Source package

Should be usable on any (PCY Linug platform, On 64 bit Linug, the necessary 32 ‘ages are required,

Compilation has been su ul on 64-hit Ubuntu using the g++-multilib package,

Download: IpenBlGS-3.2,3.tar.gz

To install this, unpack by typing

then campile and install by typing

SSoonfigure




Instalacion JAGS

Hlaunchpad net/ubuntu/+source fjags

To install this, unpack by typing

then compile and install by typing

nfigure
walke
sudo make install




Instalacion RSTAN

Dentro de Rstudio, en la consola de R:

source('http://mc-stan.org/rstan/install.R', echo = TRUE, max.deparse.len

install_rstan()
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Stanislaw (Stan) Ulam

Once in my life | had a mathematical dream
which proved correct. | was twenty years old. |
thought, my God, this is wonderful, | won't
have to work, it will all come in dreams. But it

never happened again. . .

All my father does is think, think, think . . .

— Claire Ulam






Klara von Neumann (Dan Eckart)

e WOMAN SCIENTIST
REPORTED A SUICIDE

SAN DIEGO, Calif., Nov. 11
(UPI)—Coroner's deputies list
ed as probable suicide today the
drowning of Mrs, Klara Dan
Eckart, 52 years old, who helped
develop the atomic bomb.

Authorities said that Mrs.
Eckart, a native of Budapest,
waded into the surf off San|
Diego yesterday. l

Mrs. Eckart was Lhe widow
of John Von Neumann and the
wife of Dr. Carl H. Eckart,

THE INsTITUTE FOR ADVANCED STUDY
o Ve physics professor at the Uni-
versity of California at San

FRINCETON, NEW JERSEY
Diego.

Dr. Von Neumann and Mrs.
Eckart worked on theoretical
problems at the Aberdeen, Md,
Proving Grounds and at the
Los Alamos, N. M., atomic lab-
oratory in World War IL

Klara Dan Eckart's education
did not extend beyond the stand-
ard secondary school of Europe.
However, through diligent self-




Statistical Methods in Neutron Diffusion
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Metropolis

Metropolis, Rosenbluth, Rosenbluth,
Teller, and Teller (1953) Equations of
State Calculations by Fast Computing
Machines. J. Chem. Phys., 21, 1087-1092,




Paseo Aleatorio por las Canarias

- Unos politicos quieren hacer campafa en las islas Canarias.

- Quieren dedicar a cada isla un tiempo proporcional a su poblacién

- Sin embargo, estudiaron estadistica en un par de tardes y no les di
tiempo a aprender a normalizar

- ¢Qué pueden hacer?

Idea de John Kruschke



Paseo Aleatorio por las Canarias




Paseo Aleatorio por las Canarias

Empezamos en una isla cualquiera. Por ejemplo: La Palma.




Paseo Aleatorio por las Canarias

Elegimos al azar una de las islas adyacentes. Por ejemplo: Tenerife

La poblacion de Tenerife es mayor que la de La Palma = Nos movemos a Tenerife



Paseo Aleatorio por las Canarias

De nuevo, elegimos al azar una de las islas adyacentes.
Por ejemplo: Gran Canaria

La poblacion de Tenerife es mayor que la de Gran Canaria 2

Poblacion de Gran Canaria o

Poblacion de Tenerife



Paseo Aleatorio por las Canarias

Elegimos un numero aleatorio entre 0y 1 - 0.7

Poblacion de Gran Canaria
=0.9> 0.7 =2 Nos movemos a Gran Canaria

Poblacion de Tenerife



Paseo Aleatorio por las Canarias

Elegimos una isla adyacente al azar - Fuerteventura

De nuevo, la poblacién de Gran Canaria es mayor que la de Fuerteventura =2



Paseo Aleatorio por las Canarias

Elegimos un numero aleatorio entre 0y 1 - 0.4

Poblacidn de Fuerteventura

=0.1<0.4 - Nos quedamos en Gran Canaria
Poblacion de Gran Canaria

iRechazamos el movimiento a Fuerteventura!



Paseo Aleatorio por las Canarias




Paseo Aleatorio por las Canarias

Si el paseo es lo suficientemente largo, al final el tiempo que pasan en cada isla es
proporcional a su poblacién relativa




Cadena de Markov
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Gibbs Sampling

Geman and Geman (1984) Stochastic
Relaxation, Gibbs Distributions, and the
Bayesian Restoration of Images. JEEE

Trans. Pattern Anal. Machine Intelligence,
6, 721-741.*

o ~ (6,607,607, ...

8': '~ (H: | 6! 2

6. ~(6.]6".6;




Interfaz entre Ry librerias externas

RStudio |

R package
to interact
with MCMC

MCMC
generator

rjags

T g

- runjags

RStan b’f Stan ]

; | BRugs ]—_'t OpenBUGS]

[R2OWInBUGS 2 WinBUGS |



BUGS - JAGS

- BUGS - Bayesian inference Using Gibbs Sampling

- JAGS - Just Another Gibbs Sampler

- Stan = Stan (Ulam) = Hamiltonian Monte Carlo



BUGS - JAGS




BUGS - JAGS




BUGS - JAGS
Asignacion deterministica

MODELO




BUGS - JAGS
Asignacion deterministica

p ~ dbeta(l, 1) Asignacion estocastica

MODELO




BUGS - JAGS

alpha <- 1 Asignacion deterministica

p ~ dbeta(l, 1) Asignacion estocastica

MODELO

for (i in 1:N)
{

Bucles

x[i] = dbern(p)
}




BUGS - JAGS

model

{
MODELO alpha <- 1

beta <- 1
@ =~ dbeta(alpha, beta)

for (i in 1:N) Bernoulli
{

x[i] = dbern(p) ~ | i
} Y

X

iBUGS es un lenguaje descriptivo!



BUGS - JAGS

y[i] 7 dnorm(a * x[i] + b, 1)




JAGS — Regresion Lineal

model

M5, AJI 51 {
normal normal

,
~.‘~
--

a ~ dnorm(0, 0.0001)
| b ~ dnorm(0, 0.0001)
M,
tau <- pow(sigma, -2)
sigma ~ dunif (0, 100)

uniform

for (i in 1:N)
{
mul[i] <- a * x[i] + b
y[i] 7 dnorm(mul[i], tau)
}
ks




JAGS — Regresion Logistica

model
M S
normal . {

a ~ dnorm(0, 0.0001)
b 7 dnorm(0, 0.0001)

for (i in 1:N)
- {
0, y[i] ~ dbern(pl[il])
logit(p[i]) <- a * x[i] + b
I

Bernoulli

+




JAGS — Regresion Lineal Jerarquica

model
mM\s L i M\s L i t
normal uniform normal uniform mu.a ~ dnorm(0, 0.0001)
' ' mu.b ~ dnorm(0, 0.0001)

uw,

normal

for (j in 1:K)
{
aljl] ~ dnorm(mu.a, tau.a)
unifFJrnw b[j] ~ dnorm(mu.b, tau.b)
}
for (i in 1:N)
{
muli] <- al[g[il] * x[i] + blgl[il]
y[i] © dnorm(muli], tau)
}
+




JAGS — Regresion Lineal Jerarquica

medel

c
m\s L H for (i im 1:N)
normal uniform or 1 im 1:-4

{

) y[i] 7 dnorm(muli], tauw)
' « i nuli] <- algli]] * x[i] + blglil]

-
normal I

for \J in 1:K)
lr-lir { - i~ - -
a[j] ” dnorm(mu.a, tau.a)

b[j] ~ dnorm(mu.b, tau.b)

uniform

.
I
mu.a = dnorm(0, 0.0001)
mi.b ~ dnorm(0, 0.0001)

tau <- pow(sigma, -2)
sigma ~ dunif(0, 1000)

tau.a <- pov(sigma.a, -2)

tau.b <- pow(sigma.b, -2)




Distribution
Bernoulli

Beta

Binomial
Chi-square

Double exponential
Exponential

F

Gamma

Generalized gamma

Noncentral hypergeometric

Logistic

Log-normal

Negative binomial
Noncentral Chi-square
Normal

Pareto

Poisson

Student t

Weibull

Density
dbern
dbeta
dbin
dchisqr
ddexp
dexp

df
dgamma
dgen.gamma
dhyper
dlogis
dlnorm
dneghin
dnchisqr
dnorm
dpar
dpois

dt

dweib

Recopilacion de funciones

Distribution
pbern

pbeta

pbin
pehisqr
pdexp

pexp

pf

pEamina
pgen.gamima
phyper
plogis
plnorm
preghin
prchisqr
pnorm

ppar

ppois

pt

pweib

Quantile
gbern
gbeta
qbin
qchisqr
qdexp

qexp

qf
(EAmImA
(Een. SAIIma
qhyper
glogis
glonorm
qnegbin
qnchisqr
quorm
gpar
(pois

L

gweib




STAN

stan_model() | | sampling() extract()




iStan es un lenguaj



STAN — Regresion Lineal

data {
AJI ,51 int<lower=0> N;
normal vector[N] x;
vector[N] y;
}
parameters {
H real alpha;
. real beta;
uniform real<lower=0> sigma;

}
model {
for (n in 1:N)
y[n] ~ normal(alpha + beta * x[n], sigma);

model {

y ~ normal(alpha + beta * x, sigma);
1
J




STAN — Regresion Logistica

data {
M)S,

normal\.’ int<lower=0> N;
vector[N] x;
int<lower=0,upper=1> y[N];

}

parameters {
real alpha;
real beta;
}
H; model {
Bernoulli y ~ bernoulli_logit(alpha + beta =

}




Ratas — Regresion Lineal jerarquica
30 ratas son pesadas durante cinco semanas

i"'-.--%sIr:lha.talT-"':u - alpha.t --"']. IZ"'-.--t:'EtE"ta'J-.-.-.'].
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model
{
for(iin 1M
for{ jin 1:T 714
Y[, 0]~ dnormi{mufi |, ] tau.c)
mufi | j] =- alphali] + betali] * (=[] - xbar)
culmative ¥ | ] <- culmative(YTi 1 YT 1D
postpw YT, ] = postpaalueYT )
pricr py YT, ] =- priorpyaluey )
replicate post Y[l | |] =- replicate post{yTi , ])
o post YT, ] <=- stepiY]i ] - replicate post Y, ]
replicate prior Y[i | j] =- replicate.prior{yTi | 1)
o priar Y ] =- step(Y[i | ] - replicate prior YTi , j])
1
alpha(i] ~ dnormialpha.c alpha tau)
betali] ~ dnormibeta c beta tau)
I
tau.c ~ dgamma(0.001,0.001)
sigma <- 1/ sgrt{tau )
alpha.c ~ dnormi(0.0,1 0E-6)
alpha tau ~ dgammai0.001,0.001)
beta.c ~ dnormi(0.0,1.0E-6)
beta tau ~ dgamma(0.001,0.001)
alphal =- alpha.c - xbar* betac

data {

1

int<lower=a> H;
int<lower=@» T;
real x[T];

real y[H,T];
real xbar;

parameters {

1

real alphal[H];
real beta[l];

real mu_alpha;
real mu_beta;

real<lower=@> sigmasq_y;
real<lower=@> sigmasq_alpha;
real<lower=@» sigmasq_beta;

transformed parameters {

1

real<lower=a> sigma_v;
real<lower=a> sigma_alpha;
real<lower=@» sigma_beta;

sigma_y <- sqrt(sigmasq_v);
sigma_alpha <- sqrt(sigmasq_alpha);
sigma_beta <- sqrt(sigmasq_beta);

model {

mu_alpha - normal(@, 10@);
mu_beta -~ normal(@, 10@);
sigmasq_y -~ inv_gammal @.291, @.001);
sigmasq_alpha -~ inv_gammal®.881, @.081);
sigmasq_beta ~ inv_gammald. 901, @.081);
alpha - normal{mu_alpha, sigma_alpha); // vectorized
beta - normal({mu_beta, sigma_beta); // vectorized
for (n in 1:M)

for (t in 1:T)

vin,t] ~ normal{alpha[n] + beta[n] * (x[t] - xbar},

sigma_y);




Conclusion

(YET ANOTHER) HISTORY OF LIFE AS WE KNOW IT...

HOHO HOHO HOHO HOHO HOHO
APRIORIUS PRAGHATICUS FREQUENRTISTUS SAPIERS BAYESIANIS




