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O(N?) complexity, conjugate likelihoods

Sparse variational GP  [Titsias, 09; Hensman et al., I3]
q(f,£%, u) := q(u)p(f, £*|u)
(¥) £(0,Z) = Equypisiw 108 p(y[£)] — KLlg(w)[p(w)



Inference Networks for GP Models
Remove sparse assumption
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Examples of Inference Networks

e Bayesian neural networks: ~ [Sunetal, I9]
freq (s)
O intractable output density
sin
function space f(x) ~ GP(0, k(x,x")) weights (w)
weight space f(x) =w'¢(x), w~N(0,1)
® Inference network architecture can be derived from ,

the weight-space posterior

a(f): f(x) =W d(x) +&(x), w~N(m,V)

o Random feature expansions  [Cutajar, et al,, 18]

o Deep neural nets



Minibatch Training is Difficult

Functional Variational Bayesian Neural Networks (Sun et al., 19) Measurement points

e Consider matching variational and true posterior processes at arbitrary@

KL[g(f*) [p(EM]y)] < KL[ge(EM, £) [p(EM, £]y)]

e Full batch fELBO

Lxmx(q) =logp(D) — KL[g(fM, £)||[p(£M, £]y)].
Y Eq, logp(ylf(x))] — KL[g(FM, £)[|p(£M, )]
(x,y)€D

e Practical fELBO

. | Y Eq, [logp(ylf(x))] A AKL[g(£P<, £¥)||Ip(£P=, £7)].
(x,y)€Ds

e This objective is doing improper minibatch for the KL divergence term



Scalable Training of Inference Networks for GP Models
Stochastic, functional mirror descent

e work with the functional density directly [Dai et al., 16; Cheng & Boots, 16]
O natural gradient in the density space

O minibatch approximation with stochastic functional gradient

Gi1 = argmax / DL(a)a(f)df — itKL gl

® closed-form solution as an adaptive Bayesian filter

i1 (f) o< p(ynl /)Y Pip(f) ()7

seeing next data point  adapted prior

e sequentially applying Bayes’ rule is the most natural gradient
O in conjugate models: equivalent to natural gradient for exponential families

[Raskutti & Mukherjee, |13; Khan & Lin, 17]



Scalable Training of Inference Networks for GP Models
Minibatch training of inference networks

X~ c(x)
1— 5
| > > | > >
| ><I><] Ge+1(f) o< p(yn| F)NPep(f)Pr I
.~ .~

KL Gy, (fM1) Gr+1(frm)

student teacher

® an idea from filtering: bootstrap

o similar idea: temporal difference (TD) learning with function approximation



Scalable Training of Inference Networks for GP Models
Minibatch training of inference networks

e (Gaussian likelihood case) closed-form marginals of §;1+1(f) at locations X 14

o equivalent to GP regression

p(fMafn)ﬁtQ’Yt (fMafn)l_ﬂt ::N <[ H"I’M ] ; [ ISM’M ISM,TL ])
~ N 0 Kum Kumn . N[ ] Hm XMM BMn (=)
0|’ Kn,/\/l Kn,n 229 ’ 2:n,/\/l En,n

Ge1(Ent, fr) ocN(yn|fn,a2/(Nﬁt)) x N ([ m ] 7 [ ISM,M Igm,n ])

my, Kn,./\/l Kn,n

® (Nonconjugate case) optimize an upper bound of KL [g,(fa1)||Ge+1(Ea1)]
min KL (g, (Er1, fo)l1 @41 (Brr, fn)] & max Lo(gy; 4y, Xan)
Le(ay; Gy X)) = By (g0, 1) [N Be10g p(ynl fr) + Belog p(Em, fn) +
(1 = Bt)10g gy, (Em; fn) — 10g ¢y (Em; 1)



Scalable Training of Inference Networks for GP Models
Measurement points vs. inducing points

M=2 M=5 M=20

SVGP

GPNet

® inducing points - expressiveness of variational approximation

® measurement points - variance of training



Scalable Training of Inference Networks for GP Models
Effect of proper minibatch training

e Fix underfitting
N=100, batch size=20

FBNN, M=20 GPNet, M=20

e Better performance with more measurement points

Airline Delay (700K)

K | M=100 | M=500
| SVGP  GPNET FBNN | SVGP GPNET FBNN

RMSE 24261  24.055 23.801 | 23.698 23.675 24.114
Test LL -4.618  -4.616 -4.586 | -4.594  -4.601 -4.582




Scalable Training of Inference Networks for GP Models
Regression & Classification
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Regression benchmarks
METHODS MNIST CIFAR10
SVGP, RBF-ARD (Krauth et al., 2016) 1.55% -
Conv GP (van der Wilk et al., 2017) 1.22% 35.4% GP classification with a pl"iOI"
SVGP, CNN-GP (Garriga-Alonso et al., 2019) 2.4% - .
GPNet, CNN-GP 1.12%  24.63% derived from
NN-GP (Lee etal., 2018) 121%  44.34% infinite-width Bayesian ConvNets
CNN-GP (Garriga-Alonso et al., 2019) 0.96% -
ResNet-GP (Garriga-Alonso et al., 2019) 0.84 %

CNN-GP (Novak et al., 2019) 0.88% 32.86%
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Code: https://github.com/thjashin/gp-infer-net



