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Why identifying a change point is relevant
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Source : Hillbruner and Moloney [1]



Method assumptions and notation

®m r; = "run starting at t" = number of steps at time ¢ since previous change point.
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Source : Adams and MacKay [2]

m x; ~ p(xt | mp), mp i.i.d. for p = 1,2,.... Data points conditionally independent in
different partitions.

= 'Change point detection is the identification of abrupt changes in the generative
parameters of sequential data.” (Adams and MacKay [2]) 3/9



Detecting a change point : marginal predictive distribution

= Time tis a change point = significant change in series behaviour = x; is
extremely unlikely under the (now outdated) model.

m Credibility of unseen x;, 1 can be assessed by how well it fits with previous data
X1:t-

m Marginal predictive distribution :
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where xt' is data on run r;.



Detecting a change point : predictive distribution

Assume
X1 = Fyn(m) +&  €~N(0,0%)).

for a chosen F, e.g. neural network.
Then
POt [1x?) = [ Pl [ X7 m) pln | 1. x{") o
N e’
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Can also use conjugate prior.



Detecting a change point : posterior distribution

For the posterior, construct the iterative formula

t—1
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r—1=0

where

H ifrr =20
p(relrn_q)=¢ 1—-H ifrn=r_4+1
0 otherwise

for known H. Then
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5 eruption of Mount Tambora
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Results : Palmer Drought Severity Index USA
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Source : NOAA (National Oceanic and Atmospheric Administration)
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