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Latent Meshed Gaussian Processes
for Scalable Bayesian Regression
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y=Y, Y matrix of outcomes :  f.. o fo

x = X, g columns * N % I?Z .

coords = coords, OK with NA (will predict) L BREE .

family = c("poisson”, : T e " T e
"gaussian", X covariates : SC Observed SC Predictions SC latent
"binomial"), : '

k=2, coords spatial coordinates :

grid_size = c(30, 30),

block_size = 20,
n_samples = 5000,
n_burn = 2000,
n_thin = 5,
n_threads = 4,

prior = list(phi=c(2, 20))
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parallel computing with OpenMP
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