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K-means clustering on the digits dataset (PCA-reduced data)
Centroids are marked with white cross

https://scikit-learn.org/stable/
auto_examples/cluster/
plot_kmeans_digits.html
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From eras import models
From eras import layers

Network = model.Sequential()

Network.add(layers.Dense(b 12, avtivation="rely’,input?
shape(28*28)))
Network.add(layers.Dense(10,activation="softmax’))

STANIC & B ETIL

data {
int N;
int Npred;
vector [N] Y;
}
parameters {
real mu0;
vector [N] mu;
real<lower=0> sigma obs;
real<lower=0> sigma_ sys;
}
model ({
// state equation
mu[l] ~ normal (mu0O, sigma sys);
for(n in 2:N) {
mu[n] ~ normal (mu[n - 1], sigma sys);

}

// observation equation
for(n in 1:N) {
Y[n] ~ normal (mu[n], sigma obs);
}
}
generated quantities {
vector [N + Npred] mu hat;
vector [Npred] y hat;

mu_hat[1:N] = mu;
for (n in 1l:Npred) {
mu_hat[N + n] = normal rng(mu hat[N + n - 1], sigma_ sys);
y _hat[n] = normal rng(mu hat[N + n], sigma_obs);
}
}
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Fig. 2. The general design pipeline for a GNN model.
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