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A Neural Network
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• First popularized in 1940s, motivated by models of brain activity
• Regained popularity in 1980s, mostly in computer science
• “Nonparametric” model - really semi parametric
• Can approximate any function arbitrarily closely



Network Formulae
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• f typically logistic or
hyperbolic tangent

•  bj
k weight for xk on node j

d features
n hidden nodes

• g identity, logistic, or
multiclass “softmax”

• Minimize squared error in y



Estimation and Overfitting

• Steepest descent tends to
overfit models, with large b
and n

• Local minima quite common
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E(a,b) = ˆ y l - yl( )2
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Â 1. Penalized likelihood
E* = E + l C
ÿ C usually sum of squared a

and b weights
ÿ Decay l difficult to specify

2. Penalized Space Search
ÿ BARS, Lee (2001)
ÿ Randomly add/delete a

node or variable
ÿ Metropolis selection on BIC,

2 log L - (# params) (# obs)
3. Bayesian priors and

hyperpriors, with ARD
ÿ MacKay (1994), Neal (1996)
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Bayesian Priors and Hyperpriors
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Automatic Relevance Determination

• ARD adds another layer of priors
– An overall n
– Individual sk for each feature
– Shrinks by making sk near zero

• Two issues of variable selection
¸ Which features are important?
5 In which combinations?

• ARD still enters all variables into each node
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New Proposal: Latent Mixture

• Add “switching variables” Rj
k as suggested by

George & McCulloch (1997)
• Rj

k possibilities: Independent with prob p, ||Rk||0 prior
for each j, dependency between Rj

k and Rj*
k

• Shrinking parameter space
• Closer to Generalized Additive Model
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Implementation Considerations

1. Appropriate formulation of b and R
2. Number of hidden nodes n
3. Posterior computation very non-trivial
ÿ Most appropriate MCMC technique
ÿ Integrating out a
ÿ Tempering / Annealing

4. Multiple modes - model averaging
5. Simulation and dataset results
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