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g0 <- function(y, a = 0.5, n = 20) {
a2 +y2+2*xaxy/(n-1) - (n-2)

}

g0_data <- data.frame(x = seq(0, 20,
length.out = 301))

ggplot(g0_data, aes(x = x, y = g0(x))) +
geom_line() + geom_hline(yintercept = O,
linetype = 2) + labs(x = "x", y = "g(y)") +
theme_bw ()
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# Definition of function g
g <- function(y, a, n) {
a2 +y2+2*xaxy/(n-1) - (- 2)

}
a <- 0.5
n <- 20

b0 <- 0 # left endpoint

bl <- 5 * n # right endpoint

it <- 0 # diteration

eps <- .Machine$double.eps™0.25 # tolerance



# solve using bisection
r <- seq(b0, bl, length = 3)
y < c(g(rl1l, a, n), g(rl2], a, n), g(r[3], a,
n))
if (y[1] = y[3] > 0) {
stop("Endpoints must have opposite signs")
}
track <- c(r[2], y[2])
while (it < 1000 && abs(y[2]) > eps) {
it <- it + 1
if (y[1] = y[2] < 0) {
r[3] <- r[2]
y[3] <- y[2]
} else {
r[1] <- r[2]
y[1] <- y[2]
¥
r[2] <- (r[1] + r[3])/2
y[2] <- g(r[2], a = a, n = n)
track <- rbind(track, c(r[2], y[21))



r[2] # root

## [1] 4.186845

y[2] # value at root

## [1] 2.984885e-05

it # the number of iterations

## [1] 21



library(latex2exp)
ggplot_series(track[, 1], xlab = TeX("$t$"),
ylab = TeX("$y~{(t)}$"), color = "red")

ggplot_series(track[, 2], xlab = TeX("$t$"),
ylab = TeX("$f(y"{(£)})$"), color = "red")
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x <- matrix(rnorm(200), 100, 2)
x <- cbind(x, x[, 1] + x[, 21)
svd(x) $d

## [1] 1.603105e+01 9.277932e+00 1.448787e-15



y <= x %*% 1:3 + rnorm(100)
iter <- 0
b <- rep(0, 3)

n <- nrow(x)
grad <- crossprod(x, x %*% b - y)/n
H <- crossprod(x)/n + diag(le-05, 3)
while (norm(grad) > 0.001 & iter < 100) {
iter <- iter + 1
b <- b - solve(H, grad)
grad <- crossprod(x, x %*% b - y)/n
print(b)

## [,1]
## [1,] 1.034506
## [2,] 1.955485
## [3,] 2.989991
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# Data generation

n <- 1000
x <- rnorm(n)
beta <- 0.3

prob <- exp(x * beta)/(1 + exp(x * beta))
y <- rbinom(n, 1, prob = prob)

## Initialization
iter <- 0

beta <- 0.3

g <-1



while (abs(g) > sqrt(.Machine$double.eps) &&

iter
iter
p <=
h <-
g <-
beta

< 100) {

<- iter + 1

exp(x * beta)/(1 + exp(x * beta))
-sum(p * (1 - p) * x72)

sum((y - p) * x)

<- beta - h™-1 * g

cat(iter, beta, abs(g), "\n")

## 1 0.2900838 2.576295

## 2 0.2901061 0.005821046

## 3 0.2901061 2.898313e-08
## 4 0.2901061 1.69309e-14
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