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3.3 Bayesian Linear Regression
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3.3 Bayesian Linear Regression
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3.3 Bayesian Linear Regression
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3.3 Bayesian Linear Regression

— 7t ZX SHX| R El
AXS E ) Al — 05x — 0.3 NeW data — LS —
F5tE 2|4y x Jtsk o EX g 4 gl

New data”t ot 7 0 3.
1 o 7Zhs kRt AtH/ALZ 2%




# 7|14 OAl

one <- function(x) rep(1l,length(x))

id <- function(x) x

sq <- function(x) x"2
x3 <- function(x) x*3
x4 <- function(x) x"4

# some data

X <- ¢(1,2,3,5,7)

Y <- ¢(3,5,6,12,21)

# basis for linear regression
phi <- c(one, id)

W <- compute_w(X, Y, phi)
plot(X,Y,pch=19)

abline(W, col="red")
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# basis for quadratic regression
phi <- c(one, id, sq)

W <- compute w(X, Y, phi)
plot(X,Y,pch=19)
draw_regression(X,W,phi)

20
]

15
I

8/23




# O 20 = 7M=& O|ETtLt.

compute_posterior <- function(X, Y, m_old, S old, phi= c(one, id)) {
Phi <- sapply(phi, function(base) base(X)) # make design matrix
if(length(X)==1) # Z0[7} 10[T  HIEHZ SFelofiA matrixz H)

—] T
Phi <- t(as.matrix(Phi)) my = E;ﬁf(:gb my —F—[?éb 3})
S new <- solve(solve(S_old) + beta * t(Phi) %*% Phi)
Bt =87 1 Beld
m_new <- S_new %*% (solve(S_old) %*% m_old + beta * t(Phi) %*% Y) N 90 =+ ﬁ;

list(m=m_new, S=S_new) # UpdateZ®l Parameter et
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alpha <- 2.0
mo <- c(0,0) # Ed= 002 SFETLE
S @ <- alpha*diag(2) # ==4F 2= 2o

set.seed(121)

X <- make.X(5) # 5/{2| L|O[E Z2IEZ= O[E0IH]

Y <- make.Y(X)

posterior 1 <- compute_posterior(X, Y, m_ 0, S 0)

posterior 1$m

|

r0.3910597
L0.693193J

-0.1 00 0.1 02

-0.2 0.0 0.2 0.4

plot(X, Y, pch=19, col="black")
abline(posterior_1$m, col="red", lwd=2)
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MZ& Ho|E F=7t
X_new <- make.X(1@) # more points are availablel

Y_new <- make.Y(X_new)

posterior 2 <- compute_ posterior(X_new, Y new, posterior_ 1$m,

posterior 1$S)

-0.3930011
posterior_2$m 0.4430177

plot(c(X,X _new),c(Y,Y_new),type="n")
legend("topleft",c("true fit","1st fit","2nd fit"),
col=c("green","grey","red"), lty=1, lwd=2)

points(X , Y , pch=19, col="black")

points(X_new, Y_new, pch=19, col="blue")
abline(posterior_1$m, col="grey") # old fit
abline(posterior_2$m, col="red") # new fit
abline(c(-0.3,.5), col="green")
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3.3 Bayesian Linear Regression - Predictive distribution
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3.3 Bayesian Linear Regression - Predictive distribution

c UM $ASS N THUCIR (X FURIB.) of2fet Zo| Fa| B,
p(tx,t o, 8) = N(tjmy ¢ (x), o (x))

where the variance 0%, (x) of the predictive distribution is given by

L () SN ().
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#O| =2 20| CHSE 95% AME|FZES returndts S

get_predictive_vals <- function(x, m_N, S_N, phi) { Ei N
phix <- sapply(phi, function(base) base(x))
mean_pred <- t(m_N) %*% phix 0w |
sd_pred <- sqrt(l/beta + t(phix) %*% S_N %*% phix) o
c(mean_pred, mean_pred-2*sd_pred, mean_pred+2*sd_pred)
} S 4
draw_predictive <- function(xs, m_N, S_N, phi) {
vs <- rep(NA, length(xs)) g -
ys <- data.frame(means=vs, p2.5=vs, p97.5=vs) # init dataframe
for (i in 1:length(xs)) { # compute predictive values for all xs o _,_,--"'
ys[i,] <- get_predictive_vals(xs[i],m_N, S_N, phi) - L
}
# draw mean and 95% interval o ,”
lines(xs, ys[,1], col="red", 1lwd=2) < 7 @
lines(xs, ys[,2], col="red", lty="dashed") I I I !
lines(xs, ys[,3], col="red", lty="dashed") -1.0 -0.5 0.0 0.5 1.0
}
set.seed(121)

X <- make.X(5) # make some points

Y <- make.Y(X)

phi <- c(one,id,sq,x3) # basis for the cubic regression
me <- c(0,0,0,0) # priors

S_© <- alpha*diag(4)

posterior_1 <- compute_posterior(X, Y, m_0, S_0, phi=phi)
m_N <- posterior_1$m

S_N <- posterior_1$S

plot(X, Y, pch=20, ylim=c(-1.5,1), xlim=c(-1,1), ylab="y", xlab="x")
xs <- seq(-1,1,len=50)

draw_predictive(xs, m_N, S_N, phi=phi)
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MZ2 HOo|E F=7H

X_new <- make.X(1@) # more points are availablel!

Y_new <- make.Y(X_new)

posterior_2 <- compute_posterior(X_new, Y_new, posterior_1$m, posterior_1$S, phi=phi)
m_N <- posterior_2%m

S_N <- posterior_2$%S

plot(c(X,X_new), c(Y,Y_new), pch=20, ylim=c(-1.5,1), xlim=c(-1,1), ylab="y", xlab="x")
draw_predictive(xs, m_N, S_N, phi=phi)

1.0

0.5

0.0
|

-1.0

-1.5
-1.5

-1.0 0.5 0.0 05 1.0 -1.0 -0.5 0.0 05 1.0

-1 24X datas0| SORQENM HFZZ7t Hf Z=tof ML,
14/23
R ————————————————m—m——————————,



3.4 Bayesian Model Comparison
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3.4 Bayesian Model Comparison
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3.4 Bayesian Model Comparison - Mixture distribution
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3.4 Bayesian Model Comparison - Model selection
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-&'u-’posterior
3.4 Bayesian Model Comparison - Model selection
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3.4 Bayesian Model Comparison - Model selection
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3.4 Bayesian Model Comparison - Expected Bayes factor
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3.4 Bayesian Model Comparison - Summary
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e https.//heavywatal.github.io/lectures/prml-3-4.html
e http://www.di.fc.ul.pt/~jpn/r/PRML/chapter3.html
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