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I Introduction

W supervised problems

> a parametric function g
Prior info: architecture of g, the loss function, or the training details
> a probabilistic stance: stochastic processes

Prior info: distributional assumptions about the prior process

B Gaussian Processes

Prior info: a parametric kernel function  computationally intractable

difficult to design appropriate priors
® Motivation

combine neural networks with features reminiscent of
Gaussian Processes



IGaussian Process
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https://www.jgoertler.com/visual-exploration-gaussian-processes/



I Problem Setting

B Stochastic Processes

Y1 I Yo Y3
X1 I X2 XB
Observations

O = {(zi,y))}isg € X xY

Assume that the outputs are a realization of the following process
P defines a joint distribution over functions f: X - Y. For f ~ P set y,

The task is to predict the output values f(x) for every x € T given 0
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T = {x;}0 71 c X

Targets

= f(x:)



IConditionaI Neural Processes (CNPs)

Directly parametrize conditional stochastic processes without imposing
consistency with respect to some prior process.

CNPs parametrize distributions over f(T) given a distributed representation
of 0 of fixed dimensionality
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IConditionaI Neural Processes (CNPs)

® Regression
Use ¢;to parametrize the mean and variance ¢; = (p;, o) of a Gaussian
distribution N(p;,0?) for every x; € T

® (lassification
Use ¢; to parametrize the logits of the class probabilities p. over the ¢

classes of a categorical distribution

B Training CNPs
f~P 0= {=zvy)}ly N ~ uniform[0,...,n — 1]
condition on the subset Ox = {(z;,7:)}Y, C O

L(O)=—-Es;.p [“3N [log Qo({yi }1 =y |ON, {z ?__ol)H

take Monte Carlo estimates of the gradient of this loss by sampling f and N




I Experimental
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I Experimental
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I Experimental
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S-way Acc 20-way Acc Runtime
I-shot  5-shot 1-shot 5-shot

MANN 82.8% 94 9% - - O(nm)
MN 981% 989% 938% 98.5% o(nm)




INeuraI Processes

Define a stochastic process F such that Yn = f(xn) + €,
Pzx1.,is the marginal distribution of Yl () ~ N (ylf(z), B Iy)
(F(x1),...,F(xy))
exchangeability and consistency p(y|z) = /p(y‘f(fﬂ))P(f)df

Given a particular instantiation of the stochastic process f
the joint distribution is defined as:

Pml:n(ylzn) — /p(f)p(ylzn|f;x1:n)df- pl’l:n(yl:n) — /p(f)H (yz|f( ) g ) f
1=1

pral.710) = [N (il (1), 0% F(z) = g(z, 2)



INeuraI Processes
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(d) Neural process
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(c) Conditional neural process

prvan) = [ o0 T[N @il f i), o)
F(z) = g(z,2)

p(2, Y1:n|T1:m) = P(2) HN(yilg(fcia z),0°)

p(ylzn ‘T’l:n) — ZP(Z? Yi:n |$1:ﬂ)
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INeuraI Processes
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(b) Computational diagram

h: An encoder 7, — h((ﬂ?, y)z)
a: An aggregator r = a(r;) = L S0

n

g: conditional decoder g(x;,2) ~ f(x;) = y;

logp(ylzn|x1:n) (7)
Q p(z)
ST (alwn on log p(yi|z, zi) + log
q(z|z1:n,Y1:n) _; (](Z‘xlznaylzn)
logp(ym+1:n L1:n, yl:m)

EEQ(3|$1:H:QI:':'L) Z logp(y@ “zi "'rr:?:) + 10
i=m-+1

3

. p(z‘ﬂzl:m; ylzm)
q(2|T1:n, Y1:n)
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I Experimental

Black-box optimisation with Thompson sampling
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