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Bayesian Neural Network for Nonparametric Regression
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Abstract  With neura networks, the main difficult in improving the model generalization capability
is controlling the complexity of the model. This paper investigates a Bayesian neural network learning for
nonparametric regression. Prior knowledge about the model parameters can be incorporated within
Bayesian inference and combined with training data to control complexity of different parts of the model.
A Markov chain Monte Carlo algorithm is used to optimize model control parameters and obtain the
predictive distribution. We show that the complexity of the models adapts to the complexity of the data
and produces good results on five noisy test functions in two dimension. The performance and advantage
of this approach are compared with conventional neural network methods.
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MacKay (2] Neal MCMC
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D ={x,t}, X~t Xi i t; i
e t=f(x)+e e
N(0,s?) X t
P(t]X) 1 expl- 281 (F(x)- 1)7] )
X W y(xX;W)
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P(W D) P(W) w
RW) =- InP(W) (©))
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0 P(W)~N(,a) a ( )
a
( ) a
Gamma P@) ~ Inv_gamma@,,n,) a, n,
a G © a
2
MCMC (6) { Wy, W5,
Wi} P(W|a ,D) n (n ng ny
t W, Wi W, UW)<UW,)
PW,, =W [W,)= explUW,) - UW)]
{ W} Metropolis
{ Wi}
Duane (HMC) N Metropolis Hastings
P(W, a|D) P(a |D)P(W]a D)
a
a P(a |W,D) (Gibbs) (34
3
MCMC 5 g
1) (Sif)
f, (X, %,) =10.391((x, - 0.4)(x, - 0.6) +0.36) (8)
2 (Rad)
f, (X, %,) =24.23(r*(0.75- r?)) ©
r’=(x- 05)°+(x,- 0.5)°?
3) (Harm)
fo(x,,X,) =42.659(0.1+ X, (0.05+ X" - 10X’X? +5X,)) 10)

X, =(X - 0.5),X, =(X, - 0.5)
4) (Cadd)
f,(%,%,)=13356(15(1- x,)+e&”**sin(3(x, - 0.6)%) +€&** Y sin(4m(x, - 0.9)%)) (11)
5) (Cif)

fo(X,,%,) =1.9(1.35 + € sin(13(x, - 0.6)%)e * sin(7x,)) (12
5 225 10 000 [5]
FVU(Fraction of Variance Unexplained)
& & _
FVU =g (t(x)) - y(x))*/ a (t(x,)- ©)° 13
i=1 i=1
N X t(x) y(x) t
MCMC 50 100 400 800

200 ns 200 (M

tanh
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a,g L 4 a, Gamma
a, 05 n, 0.05 225
1 FvVU 5
15
FVU FVU FVU FVU
Sif 2101 0.062 6 0.005 6 0.001 96 0.000 07
Cif  2-10-1 0.056 7 0.0057 0.025 58 0.000 61
Rad 2101 0.0509 0.005 1 0.009 06 0.000 39
Cadd  2-10-1 0.0535 0.006 7 0.017 08 0.000 24
Ham  2-10-1 0.0505 0.004 8 0.013 09 0.000 34
2
GNBP - B PPL Bl SMART
Reg.JNN Jacobian Sf Cadd
Cif
2 5 FVU
Sif Rad Harm Cadd Cif
GNBP 0.017 00 0.026 0 02100 0.019 0.070
PPL 0.007 67 0.0327 0.0910 0.007 0.031
SMART 0.018 00 0.016 0 0.1600 0.008 0.049
Reg.JNN 0.011 00 0.0080 0.0240 0.053 0.061
0.001 96 0.009 1 0.0131 0.017 0.026
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