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Abstract

Change point problems are referred to detect heterogeneity in temporal or spa-
tial data. They have applications in many areas like DNA sequences, nancial
time series, signal processing, etc. A large number of techniques have been
proposed to tackle the problems. One of the most di cult issues is estimating
the number of the change points. As in other examples of model selection, the
Bayesian approach is particularly appealing, since it automatically capturesa
trade o between model complexity (the number of change points) and model

t. It also allows one to express uncertainty about the number and location of
change points.

In a series of papers [13, 14, 16], Fearnhead developed e cient dynamic pro-
gramming algorithms for exactly computing the posterior over the number and
location of change points in one dimensional series. This improved upon eagli
approaches, such as [12], which relied on reversible jump MCMC.

We extend Fearnhead's algorithms to the case of multiple dimensional series.
This allows us to detect changes on correlation structures, as well as changes on
mean, variance, etc. We also model the correlation structures using Gaussian
graphical models. This allow us to estimate the changing topology of dependen-
cies among series, in addition to detecting change points. This is particularly

useful in high dimensional cases because of sparsity.
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Chapter 1

Introduction

1.1 Problem Statement

Change point problems are commonly referred to detect heterogeneity of tempo-
ral or spatial data. Given a sequence of data over time or space, change points
split data into a set of disjoint segments. Then it is assumed that the data fom

the same segment comes from the same model. If we assume
data = model+ noise

then the data on two successive segments could be dierent in the following
ways:

di erent models (model types or model orders)

same model with di erent parameters

same model with di erent noise levels

in multiple sequences, di erent correlation among sequences

Figure 1.1 shows four examples of changes over successive segments. In all
four examples, there is one change point at location 50 (black vertical sai
line) which separates 100 observations into two segments. The top left panel
shows an example of di erent model orders. The 1st segment is a 2nd order
Autoregressive model and the 2nd segment is a 4th order Autoregressive model.
The top right panel shows an example of same model with di erent parameters.
Both segments are linear models, but the 1st segment has a negative slope while

the 2nd segment has a positive slope. The bottom left panel shows an example

1



Chapter 1. Introduction

of same model with di erent noise level. Both segments are constant models
which have means at 0, but the noise level (the standard deviation) of the 2nd
segment is three times as large as the one on the 1st segment. The bottom hig
panel is an example of di erent correlation between two series. We can see that
two series are positive correlated in the 1st segment, but negative correlat in

the 2nd segment.
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Figure 1.1: Examples show possible changes over successive segments. The
top left panel shows changes on AR model orders. The top right panel shows
changes on parameters. The bottom left panel shows changes on noise level.

The bottom right panel shows changes on correlation between two series.

The aim of the change point problems is to make inference about the number

and location of change points.
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1.2 Related Works

Many works have been done by many researchers in di erent areas. This the-
sis is an extension based on the Fearnhead's work which is a special case of
the Product Partition Models (PPM) (de ned later) and using dynamic pro-
gramming algorithms. Here | like to mention two approaches that are clogly
related to our works. The rst approach is based on a di erent models Hidden
Markov model (HMM), and the second approach is using a di erent algorithm

Reversible Jump Monte Carlo Markov Chain.

1.2.1 Hidden Markov Models

A HMM is a statistical model where system being modeled is assumed to be
Markov process with hidden states. In a regular Markov model, the state is
directly visible. In a HMM, the state is not directly visible, but variables in u-
enced by the hidden states are visible. The challenge is to determine the hidden
states from observed variables.

In change point problems, we view the change is due to change on hidden
states. Hence by inference on all hidden states, we can segment data implicitly.
In HMM, we need to x the number of hidden states, and often the number of

state cannot be too large.

1.2.2 Reversible Jump MCMC

Reversible jump is a MCMC algorithm which has been extensively used in the
change point problems. It starts by a initial set of change points. At ead step,

it can make the following three kinds of moves:
Death move to delete a change point or merge two consecutive segments,
Birth move to add a new change point or split a segment into two,

Update move to shift the position of a change point
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Each step, we will accept a move based on a probability calculated by the
Metropolis-Hastings algorithm. We run until the chain converges. Then we ca
nd out the posterior probability of the number and position of change points.
The advantage of reversible jump MCMC is that it can handle a large family
of distributions even when we only know the distribution up to a normalized
constant. The disadvantages are slow and di cult to diagnose convergence of

the chain.

1.3 Contribution

Our contributions of the thesis are:

We extend Fearnhead's work to the case of multiple dimensional series
which allows us to detect changes on correlation structures, as well as

changes on means, variance, etc.

We further model the correlation structures using Gaussian graphical mod-
els which allows us to estimate the changing topology of dependencies

among series, in addition to detecting change points.

We illustrate the algorithms by applying them to some synthetic and real

data sets.

1.4 Thesis Outline

The remaining of the thesis is organized as follows. In Chapter 2, we will reew
Fearnhead's work in one dimensional series in details, and provide experimen-
tal results on some synthetic and real data sets. In Chapter 3, we will show
how to extend Fearnhead's work in multiple dimensional series and how to use
Gaussian graphical models to model and learn correlation structures. We will
also provide experimental results on some synthetic and real data sets. Fitlg,
our conclusions are stated in Chapter 4, along with a number of suggestions for

future works.



Chapter 2

One Dimensional Time

Series

Let's consider the change point problems with the following conditional inde-
pendence property: given the position of a change point, the data before that
change point is independent of the data after the change point. Then these mod-
els are exactly the Product Partition Models (PPM) in one dimension [3, 4, 11.
Here a datasetYy.\ is partitioned into K partitions, where the number of the
partitions K is unknown. The data on the k-th segment YK is assumed to be
independent with the data on the other segments given a set of parameters,

for that partition . Hence given the segmentation (partition) S;.x , we can write

X
P(YunjK;S1k; 1xk) = P(Y¥j «) (2.1)
k=1

Fearnhead [13, 14, 16] proposed three algorithms (o ine, online exact and online
approximate) to solve the change point problems under PPM. They all rst

calculate the joint posterior distribution of the number and positions of change
points P (K; S1.x jY1:n ) using dynamic programming, then sample change points

from this posterior distribution by perfect sampling [22].
K;S1:k P(K;S1kjYn) (2.2)

After sampling change points, making inference on models and their parameters
over segments is straight forward.
The o ine algorithm and online exact algorithm run in  O(N2), and the online

approximate algorithm runs in O(N).
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2.1 Prior on Change Point Location and
Number

To express the uncertainty of the number and position of change points, we put
the following prior distribution on change points.

Let's assume that the change points occur at discrete time points and we model
the change point positions by a Markov process. Let the transition probabiities

of this Markov process be the following,
P (next change point at tjchange point ats) = g(jt sj) (2.3)

We assume ( 2.3) only depends on the distance between two change points. Also
we let the probability mass function for the distance between two successive
change pointss and t be g(jt sj). Furthermore, we de ne the cumulative

distribution function for the distance as following,
X
G() = a(i) (2.4)

i=1

and assume thatg() is also the probability mass function for the position of
the rst change point. In general, g() can be any arbitrary probability mass
function with the domain over 1;2; ;N 1. Then g() and G() imply a prior

distribution on the number and positions of change points.

For example, if we use the Geometric distribution asg(), then our model implies
a Binomial distribution for the number of change points and a Uniform distri-
bution for the locations of change points. To see that, let's suppose there aN

data points and we use a Geometric distribution with parameter . We denote
P(C; = 1) as the probability of location i being a change point. By default,

position 0 is always a change point. That is,
P(Co=1) =1 (2.5)

First, we show that the distribution for the location of change points is Uniform

P(C =1) = (2.6)

6
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When i = 1, we only have one case: position 0 and 1 both are change points.

Hence the length of the segment is 1. We have,
P(Ci=1) = 9@)=
Suppose8i  k, we have
P(Ci=1) = (2.7)

Now wheni = k+1, conditioning on the last change point before positionk +1,

we have,
X( .
P(Ck+1 = 1) = P(Ck+1 = lej = 1) P(Cj = 1) (28)

j=0

where
P(Cksr =1jCj =1) = gk+1 j)= (1 )< (2.9)

By ( 2.5), (2.7) and ( 2.9), ( 2.8) becomes,

X
P(Cka =1) = P(Ckn =1jCo=1P(Co=1+  P(Cen =1iG =DP(C = 1)
j=1
X A K1
(ett=k 1) = @ )Y+ @ F'=@ )Y+ @ )
j=1 t=0
R T LR I

_ (2.10)

By induction, this proves ( 2.6). Next we show the number of change points
follows Binomial distribution.

Let's consider each position as a trial with two outcomes, either being a change
point or not. By ( 2.6), we know the probability of being a change point is

the same. Then we only need to show each trial is independent. That is,

P(Ci=1) = P(C =1jCj =1)= (2.11)
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When i <j , it is true by default, since future will not change history. When
i >] , we show it by induction on j .
Whenj =i 1, we only have one case: positiop and i both are change points.

Hence the length of the segment is 1. We have,
P(Ci=1jCi 1=1) = 9=
Suppose8j k, we have
P(Ci =1jC; =1) = (2.12)

Now whenj = k 1, conditioning on the next change point after positionk 1,

we have,
xi
P(Ci=1jCk 1=1) = P(Ci =1jC;=1;Ck 1=1)P(C; =1jCx 1=1)
t=k
(2.13)
where
8
. , < ift<i
P(Ci=1JCt=1;Ck 1=1) = P(Ci=1]Ct=1)= .
-1 ift=i
P(Ci=1jCk 1=1) = g(t k+1)= (1 )X (2.14)
Hence ( 2.13) becomes,
X1 )
P(Ci=1jC 1=1) = @ )+ @ )k
t=k
i 1 _ ik
(lets=tk)y = 2 @a )X+ @ ) k= 21 @) ", (a
s=0 1 (1 )

@ @ )Yy H+ @ )=

By induction, this proves ( 2.11). Hence the number of change points follows

Binomial distribution.

(2.15)
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2.2 Likelihood Functions for Data in Each
Partition

If we assume thats and t are two successive change points, then datds:1: ¢
forms one segment. We use the likelihood functiorP (Ys+1. {) to evaluate how
good the data Ys+1:¢+ can be t in one segment. Here there are two levels of
uncertainty.

The rst is the uncertainty of model types. There are many possible candidate
models and we certainly cannot enumerate all of them. As a result, we will
only consider a nite set of models. For example, polynomial regression models
up to order 2 or autoregressive models up to order 3. Then if we put a prior
distribution () on the set of models, and de ne P (Ys+1:¢jq) as the likelihood
function of Ys.;1.¢ conditional on a model g, then we can evaluateP (Ys+1:t) as

following,

X
P(Yst1:t) = P(Ys+1:tja) (Q) (2.16)
q

The second is the uncertainty of model parameters. If the parameter on this
segment conditional on modelq is 4, and we put a prior distribution () on
parameters, we can evaluateP (Ys.1: :jg) as following,
Z v
P(Ys+1:tj0) = f(Yij ;0 (gJdDd q (2.17)

i=s+l
We assume thatP (Ys+1: tjg) can be e ciently calculated for all s, t and g, where

s <t. In practice, this requires either conjugate priors on 4 which allow us to
work out the likelihood function analytically, or fast numerical routines whi ch
are able to evaluate the required integration. In general, for any data and
models, as long as we can evaluate the likelihood function ( 2.17), we can use
Fearnhead's algorithms. Our extensions are mainly based on this.

Now let's look at some examples.
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2.2.1 Linear Regression Models

The linear regression models are one of the most widely used models. Here, we

assume
Ys+t1:t = H + (2.18)

whereH is a (t s) by q matrix of basis functions, is a q by 1 vector of
regression parameters and is a (t s) by 1 vector of iid Gaussian noise with

mean 0 and variance 2. Since we assume conjugate priors,? has an Inverse

D \Y Y

Figure 2.1: Graphical representation of Hierarchical structures of Linear Re-

gression Models

Gamma distribution with parameters =2 and =2, and the jth component of
regression parameter ; has a Gaussian distribution with mean 0 and variance
2 J-Z. This hierarchical model can be illustrated by Figure 2.1. For simplicity,

we write Yss+1:¢t @asY andletn=1t s. And we have the following,

, 1 1

POYVID D) = Gymea®® 52 H)ULAY H) (219
. 1 1

P(jD; ?) = 2y gojp=® 3z D * (2.20)

10
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Pz ) = 52 (2 <2 ieg 2.21)
' (=2 2 2
whereD = diag( %;:::; 2) and I, is an by n identity matrix.
By ( 2.17), we have,
P(Yss1tjd) = E&YJD; ;)
= P(Y;; 2D;; )dd 2
Z7Z

P(Yj; ?P(jD; ®P(?; )dd 2
Multiplying ( 2.19) and ( 2.20), we have following,
PIYiT OP(IDs D) | e 55 H)T(Y H )+ TD )

1
I exp ﬁ(YTY 2Y'TH + THTH + "D 1)

Now let
M = (HHH+D Y ?
P = (I HMHT)
iYiig = YTPY
() = Y'Y 2YTH + THT™H + "D !
Then
() = THTH+D Y 2¥TH +YTY

= ™1 2yTHMM ! +VYTy
= ™! 2YTHMM ' +YTHMM MTHTY YTHMM MTHTY+VYTY
Using factM = M T
() = ( MHTY)™ 1 MHTY)+YTY YTHMHTY
= ( MH™Y)M ¥ MHTY)+Y'PY

= ( MHTY)™ *( MHTY)+jjvjj3

11
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Hence

. . 1 .
P(Yj;K)P( jD;K) [ exp ﬁ(( MHTY)™ 1 MHTY)+ jYijj3

So the posterior for s still Gaussian with mean MH TY and variance °M :

. 1 1
P(jD; ?) = Wexp ﬁ( MHTY)™ 1 MHTY)
(2.22)
Then integrating out , we have
z
P(YjD; 3 = P(Yj; ?P(jD; ?)d
1 (2 )92 qjmj1=2 1. .5
(2 )n=2 n (2 )q:2 quj1:2 exp ﬁ”YJJP
1 iMj ? 1.
= W J]?]J exp ﬁJJYJJ% (2.23)

Now we multiply ( 2.21) and ( 2.23),
o +iyii2
POVID; AP( %5 ) 1 () ™2 2 tep UM
So the posterior for 2 is still Inverse Gamma with parameters (0 + )=2 and

( +iiviig)=2:

2 . (C +QiYiiz)=™ % 5 e =2 1 +iiYiia
P25 ) nim (D e —
(2.24)
Then integrating out 2, we have
P(Ys+1:tjQ) = E(YjD;; )
= P(YjD; ?)P( ?; )d?
" #
_ 1 iMj = (=2)72 ((n+ )=2)
(2 )2 jDj (=2)  (( +iiYiig)=2)n* )=2
_ e M2 ()2 (n+ )=2)
jDj ( +iiYiip)nr =2 (=2
(2.25)

12
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In implementation, we rewrite ( 2.25) in log space as following,

+ R
5 log( +jjYijp)

+ log((( n+ )=2)) log(( =2)) (2.26)

. n 1 L .
log(P(Yerz:1je) = 3log( )  5(logiM] logiDj)+ 5log( )

To speed up, 5log( ), log( ), 3logiDj, log((( n+ )=2)) and log(( =2))
can be pre-computed. At each iteration,M and jjYjj3 can be computed by the

following rank one update,

HI;i+1;;Hl:i+1;: = HI;i;;Hl:i;: + Hi-l;l;;HHl;:
Yo Yoin = Y Yo+ Y Vi
H]T;i+1;;YlZi+l = H]T;i;;Ylii + HiTi-l;;Yi+l

We use the following notations: if Y is a vector, then Yg; denotes the entries
from position s to t inclusive. If Y is a matrix, then Ys.... denotes thes-th row
to the t-th row inclusive, and Y-.; denotes thes-th column to the t-th column

inclusive.

2.2.2 Poisson-Gamma Models

In Poisson Models, each observationY; is a non-negative integer which fol-
lows Poisson distribution with parameter . With conjugate prior, follows a
Gamma distribution with parameters and . This hierarchical model can be

illustrated by Figure 2.2. Hence we have the following,

. e Vi
PYi) = = (2:27)
P(j; ) = 9 (e ) (2.28)
For simplicity, we write Yg+1.¢t @asY andletn=1t s. By (2.17), we have,
P(Ysr:J) = B(YIS )
= P(Y;j; )d
z

PYi)P(j: )d
!

P(vij) P(i; )d

z

13
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Figure 2.2: Graphical representation of Hierarchical structures of Poisson-
Gamma Models. Note the Exponential-Gamma Models have the same Graphical

representation of their Hierarchical structures.

P
By multiply ( 2.27) and ( 2.28), and let SY =, Y;, we have,
POY])P(j: ) [ e SY* 2

So the posterior for is still Gamma with parameters SY + andn +

) _ (SY + 1)(I"I+ )SY+ e (n+ )

P(J; (Sv+ ) (2.29)
Then integrating out , we have
P(Yse:tja) = P(Yj; I)
_ 71 (SY+ )
- St () (n+ ST
|
Y 1 (sY+ )
SN T () e (2:30)
Similarly, in log space, we have the following,
X
log(P (Ys+1:1jq)) = log(Yi!) + log(( SY + )) log(( ))+ log ()

14
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(SY + log(n+ ) (2.31)

P
Where  log(Y;!), log(( )) and log ( ) can be pre-computed, andSY can
use the following rank one update,

SYisi = SYi+ Yia

2.2.3 Exponential-Gamma Models

In Exponential Models, each observationY; is a positive real number which
follows Exponential distribution with parameter . With conjugate prior,
follows a Gamma distribution with parameters and . This hierarchical model

is the same as the one in Poisson-Gamma Models, which can be illustrated by

Figure 2.2. Hence we have the following,
P(Yij )

P(Cij: )

e Vi (2.32)

(D (e) (2.33)

For simplicity, we write Ysi1:¢r asY andletn=1t s. By (2.17), we have,

P(Ys+1:tjq) = E(YJ; )
= P(Y;j; )d
z
P(Yj)P(j; )d
Z v !
= P(vij ) P(j; )d

P
By multiply ( 2.32) and ( 2.33), and let SY =, Y;, we have,

P(Yj)P(j; ) 1 e ot

So the posterior for is still Gamma with parameters n+ and SY +
1 (SY + )n+ e (SY+ )
(n+ )

P(j; ) = ™ (2.34)

Then integrating out , we have

P (Ys+1:1j0) P(Yj; )
(n+ )
( )Y+ )

(2.35)

15
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Similarly, in log space, we have the following,

log(P (Ys+1:¢jd@)) = log () log(( ))+ log((n+ )) (n+ )log(SY + )
(2.36)

Where log(( )) and log ( ) can be pre-computed, andSY can use the rank

one update as mentioned earlier.

2.3 Basis Functions

In the linear regression model ( 2.18), we have a basis functiohl .

Some common basis functions are the following.

2.3.1 Polynomial Basis

Polynomial model of orderr is de ned as following,
Yi = ot lXi + 2Xi2 + + rXir (237)

Hence the polynomial basisH is following,

0 1
1 Xi Xi2 Xil'
1 Xin X2 XT

Hij = o T " (2.38)
1 X, X2 X

J J

where X = -

2.3.2 Autoregressive Basis

Autoregressive model of order is de ned as following,

Yi =  1Yi 1t 2Yi 2+ o+ Y (2.39)
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Hence the autoregressive basill is following,

0 1
Yi1 Yio2 Yi ¢
Yi Y| 1 Y| r+1
Hiy = _ o _ (2.40)
Y1 Y o2 Yi

There are many other possible basis functions as well (eg, Fourier Basis). Her
we just want to point out that the basis function does provide a way to extend

Fearnhead's algorithms (eg, Kernel Basis).

2.4 O ine Algorithms

Now we review the o ine algorithm in detail. By its name, we know it works i n

batch mode. It rst recurses backward, then simulates change points forward.

2.4.1 Backward Recursion

Q(s) = Prob(Ys.njlocations 1 is a change point) (2.42)

and Q(1) = Prob(Y;.n) since location 0 is a change point by default.

O ine algorithm will calculate Q(s) forall s=1;2; ;N.

Whens= N
X
Q(N) = P(Yn:njd) (9) (2.42)
q
When s <N
K 1X
Q(s) = P(Ystjd) (QQ(t+1)g(t s+1)
t=s q
X
+ P(Ysnja) (@1 G(N 9)) (2.43)

q
where (q) is the prior probability of model g and g() and G() are de ned in
(2.4).
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The reason behind ( 2.43) is that (drop the explicit conditioning on a change

point at s 1 for notational convenience)
K 1
Q(s) = P(Ys:n ; next change point is att)
t=s

+ P(Ys:n; no further change points) (2.44)
For the rst part we have,

P (Ys:n ; next change point is att)

P (next change point is at t)P(Ys:; Yi+1: n jneXxt change point is att)

gt s+1)P(Ysyjs,t form a segmentP (Yi+1: N jnext change point is att)

P(Ystja) (Q(t+1)g(t s+1)

q

For the second part we have,

P (Ys:n ; no further change points)

P (Ys.njs,N form a segmentp (the length of segment>N  s)

X
P(Ysinja) (@@ G(N s)
q

We will calculate Q(s) backward for s= N; ;1 by ( 2.42) and ( 2.43). Since

sis from N to 1, and at step s we will compute sum overt wheret is from s to

N, the whole algorithm runs in O(N 2).

2.4.2 Forward Simulation

forward. To simulate one realisation, we do the following,
1. Set =0, and k=0.

2. Compute the posterior distribution of 41 given i as following,

For g+ = k+1; ¢+2; ;N 1,

X
P(k+1d kiYun) = P(Y 41 JO) (DQ( k+1 +1)9( k+1  «)=Q( « +1)
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For «+1 = N, which means no further change points

X
P(ker ks Yin) = P(Y +:nj@) (@@ G(N  )=Q( « +1)
q

3. Simulated g+; from P( k+1] ; Yi:n), and setk = k + 1.

4. If ¢ <N return to step (2); otherwise output the set of simulated change

2.5 Online Algorithms

Now we discuss the online algorithms which have two versions (exact and ap-
proximate). Both work in online mode, and in the same way that rst calculate
recursion forward, then simulate change points backward.

We rst review the online exact algorithm in detail. Let's introduce C; as a
state at time t, which is de ned to be the time of the most recent change point

prior to t. If C; = 0, then there is no change point before timet. Then the

erty since we assume conditional independence over segments. Conditional on
C: 1 =], eithert 1is nota change point, which leads toC; = j,ort 1is
a change point, which leads toC; =t 1. Hence the transition probabilities of

this Markov Chain can be calculated as following,

8
i ] ifj =i
TP(Ci = jjC 1=i) = : stigetid jfj=t 1 (245
-0 otherwise
where G is de ned in ( 2.4).
The reason behind ( 2.45) is : giverC; 1 = i, we know there is no change point

betweeni andt 2. This also means that the length of segment must be longer
thant 2 i. Atthe same time, G(n) means the cumulative probability of the
distance between two consecutive change points no more tham, which can also

be considered as the cumulative probability of the length of segment no more
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than n. Hence We haveP(C; 1 =i)=1 G(t 2 i). Thenifj =i, we have
P(Ci=i)=1 G(t 1 i).Ifj=1t 1, which means there is a change point
att 1, and by de nition of g(), the length of two change points ist 1 i,
and thisisjustg(t 1 i), whichisalsoG(t i 1) G(t i 2).

If we use a Geometric distribution asg(), then g(i) = (1 Y 1 oand G(i) =

1 @ ). Nowifj =i,

L .1 Gt i 1 _ @ yitt
TP(Ci=jjC 1=1) = 1 6t i 2 (@ )12
=1
Andif j =t 1
L .. Gt i 1) Gt i 2@ Hyrz @ Hyrt
TP(Ci=jjCt 1=1) = 1 6t 1 2 = D
Hence ( 2.45) becomes,
8
21 ifj =i
TP(C =jjC 1=1) = 3 ifj=t 1
0 otherwise

where is the parameter of the Geometric distribution.

2.5.1 Forward Recursion

Let's de ne the Itering density P(C; = jjY1.t) as: given data Y., the proba-
bility of the last change point is at position j. Online algorithm will compute
P(Ci =jjY1y) forall t;j,suchthatt=1;2;:::;N andj =0;1;:::;t 1.

Whent =1, we havej =0, hence
P(C:=0jYy1) = 1 (2.46)

When t > 1, by standard ltering recursions, we have

P(Ct = jjY1t) P(Ct=jjYt; Y1t 1)
P(Ct = j; YijYot 1)

P(YijY1t 1)
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P(Y4jCt = j; Y1t 1)P(Ci = jjY1t 1)
P(YijY1t 1)
I PMJCt = ;Y1r 1)P(Ci=jjYt 1) (2.47)

and

X 2
P(Ct=jjYut 1) = TP(C;
i=0

JiCt 1= 1P(Ct 1= ijY1t 1)(2.48)

If we de ne w! = P(Y;jC; = j; Y1t 1), and with ( 2.45), we have

8
_ < W{%P(Ct 1= Y2t 1) ifj<t 1
P(Ci=jjYt) [ PG s o 2 B o
W i=0 1 G(t i 2 P(Ct 1= |JY1:t 1) |fJ =t 1

(2.49)

Now w{ can be calculated as following.
When j <t 1,

W= P(Yi+1:dCi =)
‘ PCYj+1:t 1iCi = )
- [») qP(Yj+1:tjq) (Q)
g P(Yi+1t 100 (@)
Whenj =t 1,
X .
wp = P(Yi1j) (9) (2.50)

q

where (q) is the prior probability of model q.
We will calculate P(C;jY1.t) forward for t = 1; ;N by ( 2.46) and ( 2.49).
Sincet is from 1 to N, and at step t we will compute C; = j wherej is from 0

tot 1, the whole algorithm runs in O(N ?).

2.5.2 Backward Simulation

can use idea in [9] to simulate all change points backward. To simulate one

realisation from this joint density, we do the following,
1. Set o= N, and k =0.
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2. Simulated 41 from the ltering density P(C ,jYi1.,), and setk = k+1.

3. If ¢ > Oreturn to step (2); otherwise output the set of simulated change

2.5.3 Viterbi Algorithms

We can also obtain an online Viterbi algorithm for calculating the maximum a
posterior (MAP) estimate of positions of change points and model parareters
for each segment as following. We de neM; to be the event that given a change
point at time i, the MAP choice of change points and model parameters occurs
prior to time .
Fort=1;:::;n,andi=0;:::;t 1,andallq,

Pi(i;q) = P(Ci = i;modelq; Mi; Y1)
and

PtMAP —

= P(change point at t,My; Y1:t)

Then we can computeP (i; q) using the following:

Pia) = (1 Gt j D)P(Yjewda) (@PMY (2.51)
and
PMAP = maxjq 1Pt(j(;;2t)g(tj J i) (2.52)

At time t, the MAP estimates of C; and the current model parameters are given
respectively by the values ofj and q which maximize P;(i;q). Given a MAP
estimate of C;, we can then calculate the MAP estimates of the change point
prior to C; and the model parameters of that segment by the value of and q
that maximized the right hand side of ( 2.52). This procedure can be repeated

to nd the MAP estimates of all change points and model parameters.
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2.5.4 Approximate Algorithm

Now we look at the online approximate algorithm. The online approximate
algorithm works in almost same way as the online exact algorithm. The aly
di erence is the following. At step t, online exact algorithm stores the complete
posterior distribution P(C; = jjYi¢) for j =0;1; ;t 1. We approximate
P(C: = jjY1t) by a discrete distribution with fewer points. This approximate
distribution can be described by a set of support points. We call them patrticles.
We impose a maximum number (eg,M ) of particles to be stored at each step.
Whenever we haveM particles, we perform resampling to reduce the number
of particles to L, whereL < M . Hence the maximum computational cost per
iteration is proportional to M. SinceM is not dependent on the size of data
N, the approximate algorithm runs in O(N).

There are many ways to perform resampling [7, 12, 15, 16]. Here, we use the
simplest one. We letL = M 1, hence each step we just drop the particle that
has the lowest support. We will show later that this approximation will not

a ect the accuracy of the result much, but runs much faster.

2.6 Implementation Issues

There are two issues that need to be mentioned in implementation.

The rst issue is numerical stability. We perform all calculations in log space
to prevent over ow and under ow. We also use the functions logsumexp and
logdet. In all three algorithms, we introduce a threshold (eg, 1 10 °). During
recursions, whenever the quantity that we need to compute is less than the
threshold, we will set it to be 1 , hence it will not be computed in the next
iteration. This will provide not only stable calculation but also speed up because
we will calculate less terms in each iteration. At the end of each iteration, ve
will rescale the quantity to prevent under ow.

The second one is rank one update. This is very important in term of speed.

The way to do rank one update depends on the likelihood function we use.
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2.7 Experimental Results

Now we will show experimental results on some synthetic and real data sets.

2.7.1 Synthetic Data

We will look at two synthetic data sets.

The rst one is called Blocks. It has been previously analyzed in [10, 13, 21]lt

is a very simple data set, and the results are shown in Figure 2.3. Each segmt

is a piecewise constant model, with mean level shifting over segments. We set

the hyper parameter =2 and =2 on 2. The top panel shows the raw

data with the true change points (red vertical line). The bottom three panels

show the posterior probability of being change points at each position andhe

number of segments that are calculated (from top to bottom) by the o ine, the

online exact and the online approximate algorithms. We can see that the results

are essentially the same.

The second data set is called AR1, and results are shown in Figure 2.4. Each

segment is an autoregressive model. We set the hyper parameter = 2 and
=0:02 on 2. The top panel shows the raw data with the true change points

(red vertical line). The bottom three panels show the posterior probability

of being change points at each position and the number of segments that are

calculated (from top to bottom) by the o ine, the online exact and the online

approximate algorithms. Again, we see the results from three algorithmsare

essentially the same. Henceforth only use online approximate method.

2.7.2 British Coal Mining Disaster Data

Now let's look at a real data set which records British coal-mining disasterd17]
by year during the 112 year period from 1851 to 1962. This is a well-known
data set and is previously studied by many researchers [6, 14, 18, 25]. Hevgis
the number of disasters in thei-th year, which follows Poisson distribution with

parameter (rate) . Hence the natural conjugate prior is a Gamma distribution.
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We set the hyper parameter = 1:66 and = 1, since we let the prior mean
of is equal to the empirical mean - = Y = 1:66) and the prior strength

to be weak. Then we use Fearnhead's algorithms to analyse the data, and the
results are shown in Figure 2.5. In top left panel, it shows the raw data as
a Poisson sequence. The bottom left panel shows the posterior distribution on
the number of segments. It shows the most probable number of segments is
four. The bottom right panel shows the posterior distribution of being change
points at each location. Since we have four segments, we will pick the most
probable three change points at location 41, 84 and 102 which corresponding
to year 1891, 1934 and 1952. Then in the up right panel, it shows the resulted
segmentation (the red vertical line) and the posterior estimators of rate on
each segment (the red horizontal line). On four segments, the posterior rates

are roughly as following, 3, 1, 1.5 and 0.5.

2.7.3 Tiger Woods Data

Now let's look at another interesting example. In sports, when an individual
player or team enjoys periods of good form, it, is called 'streakiness'. Itis
interesting to detect a streaky player or a streaky team in many sports [1, 526]
including baseball, basketball and golf. The opposite of a streaky competitor
is a player or team with a constant rate of success over time. A streaky player
is di erent, since the associated success rate is not constant over time. Streaky
players might have a large number of success during one or more periods, with
fewer or no successes during other periods. More streaky players tend to have
more change points. Here we use Tiger Woods as an example.

Tiger Woods is one of the most famous golf players in the world, and the rst
ever to win all four professional major championships consecutively. Woods
turned professional at the Great Milwaukee Open in August 29, 1996 and play
230 tournaments, winning 62 championships in the period September 1996 to
December 2005. LetY; = 1 if Woods won the i-th tournament and Y, =

0 otherwise. Then the data can be expressed as a Bernoulli sequence with
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parameter (rate) . We put a conjugate Beta prior with hyper parameters

= land = 1on since this is the weakest prior. Then we perform
Fearnhead's algorithms to analyse the data, and the results are shown in Figer
2.6. In top left panel, it shows the raw data as a Bernoulli sequence. The
bottom left panel shows the posterior distribution on the number of segments.
It shows the most probable number of segments is three. The bottom right
panel shows the posterior distribution of being change points at each locatio.
Since we have three segments, we will pick the most probable two change points
at location 73 and 167 which corresponding to May 1999 and March 2003.
Then in the up right panel, it shows the resulted segmentation (the red vertical
line) and the posterior estimators of rate on each segment (the red horizontal
line). We can see clearly that Tiger Woods's career from September 1996 to
December 2005 can be splitted into three periods. Initially, from September 199
to May 1999, he was an golf player with winning rate lower than 0.2. Howegr,
from May 1999 to March 2003, he was in his peak period with winning rate
nearly 0.5. After March 2003 till December 2005, his winning rate was dropped
back to lower than 0.2. The data comes from Tiger Woods's o cial website
http://www.tigerwoods.com/, and is previous studied by [26]. In [26], t he data
is only from September 1996 to June 2001.

2.8 Choices of Hyperparameters

Hyperparameters is the rate of change points and can be set as following,

the total number of expected segments
the total number of data points

(2.53)

For example, if there are 1000 data points and we expect there are 10 seg-
ments, then we will set = 0:01. If we increase , we will encourage more
change points. We use the synthetic data Blocks as an example. Results ob-
tained by the online approximate algorithms under di erent values of are
shown in Figure 2.7. From top to bottom, the values of are: 0.5, 0.1, 0.01,

0.001 and 0.0002. We see when= 0:5 (this prior says the length of segment is
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2, which is too short.), the result is clearly oversegmented. Under other values
of , results are ne.
Di erent likelihood functions have di erent hyperparameters. In linear regres-
sion, we have hyperparameters and on the variance 2. Since represents
the strength of prior, we normally set = 2 such that it is a weak prior. Then
we can set to re ect our belief on how large the variance will be within each
segment. (Note: we parameterize Inverse-Gamma in term of and 5.) When
= 2, the mean does not exist. We use the mode to set =4 2, where 2
is expected variance within each segment. For example, if we believe the vari-
ance is 001, then we will set = 0:04. Now we show results from synthetic data
Blocks and AR1 obtained by the online approximate algorithms under di erent
values of in Figure 2.8 and Figure 2.9. From top to bottom, the values of
are: 100, 20, 2, 0.2 and 0.04. We see that the data Blocks is very robust the
choices of . For the data AR1, we see when = 100, we only detect 3 change

points instead of 5. For other values of , results are ne.
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Figure 2.3: Results on synthetic data Blocks (1000 data points). The op
panel is the Blocks data set with true change points. The rest are the postear
probability of being change points at each position and the number of segmest
calculated by (from top to bottom) the o ine, the online exact and the online

approximate algorithms. Results are generated by 'showBlocks'.
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Figure 2.4: Results on synthetic data AR1 (1000 data points). The top pael is
the AR1 data set with true change points. The rest are the posterior probabiity

of being change points at each position and the number of segments calculated
by (from top to bottom) the o ine, the online exact and the online approximate

algorithms. Results are generated by 'showAR1'".
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Figure 2.5: Results on Coal Mining Disaster data. The top left panel shows
the raw data as a Poisson sequence. The bottom left panel shows the posterior
distribution on the number of segments. The bottom right panel shows the
posterior distribution of being change points at each position. The up ridt
panel shows the resulted segmentation and the posterior estimators of rate on

each segment. Results are generated by 'showCoalMining'.
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Figure 2.6: Results on Tiger Woods data. The top left panel shows the raw
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data as a Bernoulli sequence. The bottom left panel shows the posterior distri-
bution on the number of segments. The bottom right panel shows the posterior
distribution of being change points at each position. The up right panel shows
the resulted segmentation and the posterior estimators of rate on each seg-
ment. Results are generated by 'showTigerWoods'. This data comes from Tiger

Woods's o cial website http://www.tigerwoods.com/.
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Figure 2.7: Results on synthetic data Blocks (1000 data points) under di eeent
values of hyperparameter . The top panel is the Blocks data set with true
change points. The rest are the posterior probability of being change poirg at
each position and the number of segments calculated by the online approximate
algorithms under di erent values of . From top to bottom, the values of are:
0.5, 0.1, 0.01, 0.001 and 0.0002. Large value ofwill encourage more segments.

Results are generated by 'showBlocksLambda'.
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Figure 2.8: Results on synthetic data Blocks (1000 data points) under di eeent
values of hyperparameter . The top panel is the Blocks data set with true
change points. The rest are the posterior probability of being change poirg at
each position and the number of segments calculated by the online approximate
algorithms under di erent values of . From top to bottom, the values of

are: 100, 20, 2, 0.2 and 0.04. Large value of will allow higher variance in one
segment, hence encourage less segments. Results are generated by 'showBlocks-

Gamma'.
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Figure 2.9: Results on synthetic data AR1 (1000 data points) under dier-

ent values of hyperparameter . The top panel is the AR1 data set with true
change points. The rest are the posterior probability of being change poirg

at each position and the number of segments calculated by the online approx-
imate algorithms under di erent values of . From top to bottom, the values

of are: 100, 20, 2, 0.2 and 0.04. Large value of will allow higher variance
within one segment, hence encourage less segments. Results are generated by

'showAR1Gamma'.
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Multiple Dimensional Time

Series

We extend Fearnhead's algorithms to the case of multiple dimensional series.
Now Y;; the observation at time i, is a d-dimensional vector. Then we can

detect change points based on changing correlation structure. We model the
correlation structures using Gaussian graphical models. Hence we can estimate
the changing topology of the dependencies among the series, in addition to

detecting change points.

3.1 Independent Sequences

The rst obvious extension is to assume that each dimension is independent.
Under this assumption, the marginal likelihood function ( 2.16) can be written

as the following product,

Y .
P(Ys+1: t) = P(Ysj+1: t) (31)
j=1

where P(Ysjﬂ:t) is the marginal likelihood in the j-th dimension. Since now

YJ

J,1., is one dimension,P(Y/,,.,) can be any likelihood function discussed in

the previous chapter.
The independent model is simple to use. Even when independent assumption is
not valid, it can be used as an approximate model similar to Naive Bayes when

we cannot model the correlation structures among each dimension.
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3.2 Dependent Sequences

Correlation structures only exist when we have multiple series. This is the mai
di erence when we go from one dimension to multiple dimensions. Hence we

should model correlation structures whenever we are able to do so.

3.2.1 A Motivating Example

Let's use the following example to illustrate the importance of modeling core-

lation structures. As shown in Figure 3.1, we have two series. The data on

Y1

Y2

Figure 3.1: A simple example to show the importance of modeling chang-
ing correlation structures. We are unable to identify any change if we look
at each series individually. However, their correlation structures are changed
over segments(positive, independent, negative). Results are generated by

‘plot2DExample’.

three segments are generated from the following Gaussian distributions. On the
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k-th segment,

Yk N(©; «)
3 2 3 2 3
1 075 1 0 1 0:75
where ;=4 S5; ,=4 S; z=4 5
0:75 1 01 0:75 1

As a result, the marginal distribution on each dimension is,N (0; 1), the same
over all three segments. Hence if we look at each dimension individually, we are
unable to identify any changes. However if we consider them jointly, then we
nd their correlation structures are changed. For example, in the rst segment,
they are positive correlated; in the second segment, they are independent; in

the last segment, they are negative correlated.

3.2.2 Multivariate Linear Regression Models

For multivariate linear regression models, we know how to model correlatia
structures, and we can calculate the likelihood function ( 2.16) analytically.

On segmentYg.y. ¢ We still have,
Ys+:t = H + (3.2)

For simplicity, we write Yss1.t asY, andletn =1t s. NowY isan byd
matrix of data, H is an by g matrix of basis functions, is aq by d matrix of
regression parameters and is an by d matrix of noise.

Here we need introduce the Matrix-Gaussian distribution. A random m by n
matrix A is Matrix-Gaussian distributed with parameters M, V and W if the

density function of A is

A N(Ma;V;W)
1

1
P(A) = G )mn=2jVj“=2jom=2eXp Etrace((A Ma)'V YA MaW 1)

where M is a m by n matrix representing the mean, V is a m by m matrix
representing covariance among rows andV is a n by n matrix representing

covariance among columns.
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Similar as before we assume conjugate priors, has a Matrix-Gaussian distri-
bution with mean 0 and covariancel, and , since we assume is independent
across time(rows) but dependent across features(columns). And has a Matrix-
Gaussian distribution with mean 0 and covarianceD and . Finally covariance

has an Inverse-Wishart distribution with parameter Ng and (. This hierar-
chical model can be illustrated by Figure 3.2.

HereD = diag( 2; ; 2)and I, is an by n identity matrix. Hence we have,

Figure 3.2: Graphical representation of Hierarchical structures of Multivariate

Linear Regression Models

. _ 1 1 T 1 1
P(Yj; ) = CRICEINGT jnzzexp 2trace((Y H)'I,*(Y H) %)
(3.3)
P( jD;) = = exp }trace( ™Dt Y (3.4)
’ (2 )a2Djo=2] jo2 2
; . — J OjNO:2 1 1 1
P( iNo; o) = Z (No: d)2Ned2 | o+ arm =2 &P strace( o %) (3.5)
whereNg dand
¥
Z(n;d)y = DI (n+1 §)=2)

i=1
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By ( 2.17), we have,

P(Ys+1:¢jO) E&YJ'D;NO; 0)
P(Y;; JD;No; o)d d
27
P(Yj; ) P(JD; ) P( jNo; o)d d

Now multiply ( 3.3) and ( 3.4),

P(Yj; )P(iD;) [/ exp %trace(((v H) (Y H)+ "™D1) 1

1
I exp étrace((YTY 2Y™H + THTH + 'D ') 1

Now let
M = (H'TH+D H) !
= (I HMHT)
() = Y'Y 2YTH + TH'H + "D *!
Then
() = TH'H+D Y 2¥TH +YTY

= ™! 2yTHMM ! +VYTy
= ™! 2yYTHMM ! +YTHMM MTHTY YTHMM MTHTY+VYTY
Using factM = M T
() = ( MHTY)™ 1 MHTY)+YTY YTHMHTY
= ( MH™Y)M Y MHTY)+YTPY

Hence

P(Yj; )P(ijD;) | exp %traee((( MHTY)™™ 1 MHTY) +YTPYy 1Y

So the posterior for s still Matrix-Gaussian with mean MH TY and covariance
M and W,

P( iD;) N(MHTY;M; ) (3.6)
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Then integrating out , we have

Z
P(YiD; ) = P(Yj; ) P(jD;) d 3.7)
_ 1 2 )qd=2ijd:2j jq:2 1 . .
= (2 )nd:2j|njd:2j jn:2 (2 )qd:szjd=2j jq:Z exp( étrace(Y PY ))
= ; JMJ : } T 1
T (@) 2 |Dj exp( ZtVaCG(Y PY 1)

Now multiply ( 3.5) and ( 3.7)

1

P(YjD; ) P( jNo; o) 7 j(Ner D = exp(

%trace((YTPY+ D))

1

So the posterior for is still Inverse-Wishart with parameter n + Ny and
YTPY + o,

P() IW(n+ Ng;YTPY + o) (3.8)

Then integrating out , we have

P(Ys+1:1j0) E(YjD§N0; 0)

P(YiD; ) P( jNo; o)d

iMj =1 oo Z(n+ Nojd)2(n Nod=2

jDj (2 )"=2Z(Ng;d)2Nod=2 jYTPY +  gj(n+No)=2

. .od . . —
na=2 IMj 2 j oNo=? Z(n+ No;d)
iDj  JYTPY + oj(0*No)=2  Z(Ng;d)

(3.9)

When d =1 and by setting No = and o = , (2.25) is just a special case
of (3.9), sincelnverseWishart (; ) InverseGamma(s; ). In implementa-
tion, we rewrite ( 3.9) in log space as following,

n+ Ng
2

_ N o . ood. .
[0g(P (Ys+1: 1)) 7‘)!09(1 ol) log(GYTPY + oj) §(|091MJ logiDj)

+

xd
log((( n+ No+1 i)=2)) log((( No+1 i)=2)
i=1 i=1

nd
S log( )

(3.10)
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nd N . diamini T d ;
To Sl%eed up, Slog( ), Zlog(i of), 3logiDj, i-; log((( n+ No+1 i)=2))
and ?:1 log((( No+1 i)=2)) can be pre-computed. At each iteration, M

and YTPY can be computed by the following rank one update,

Hir;i+1;;Hl:i+1;: HI;i;;Hl:i;:'F Hi-l;l;;Hi+l;:

-
Yiien; Yoien

Yj_Ti; ;Yl:i; .+ Yi-4|;1 ;:Yi+1 i

T T T
Hija Yo Hoig Yo+ Hivg 2 Yieas:

3.3 Gaussian Graphical Models

Gaussian graphical models are more general tools to model correlation struc-
tures, especially conditional independence structures. There are two kinds of
graphs: directed and undirected. Here we use undirected graphs as examples,

and we will talk about directed graphs later.

3.3.1 Structure Representation

In an undirected graph, each node represents a random variable. De ne the
precision matrix K = 1, which is the inverse of covariance matrix . There
is no edge between nodeand nodej if and only if K = 0. As shown in Figure
3.3, there are four nodes. There is an edge between node 1 and node 2, since
K12 8 0. ("X" denotes non-zero entries in the matrix.)

Then the independent model and the multivariate linear regression model are
just two special cases of Gaussian graphical models. In independent mod&,
is a diagonal matrix, which represents the graph with all isolated nodes.

In multivariate linear regression model, K is a full matrix, which represents the
graph with fully connected nodes.

Unlike independent models which are too simple, full covariance models could
be too complex when the dimensiond is large since the number of parameters
needed by the models ar®©(d?). Gaussian graphical models provide a more ex-
ible and better solution between these two extremes, especially wheth becomes

large, since in higher dimensions, sparse structures are more important.
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Figure 3.3: A simple example to show how to use a graph to represent correla-
tion structures. We rst compute precision matrix K. Then from K, if Kj; =0,
then there is no edge on from node i to node j. "X" represent non-zero entries

in the matrix.

3.3.2 Sliding Windows and Structure Learning Methods

In order to use Fearnhead's algorithms, we need to do the following two things:
generate a list of possible graph structures,
compute the marginal likelihood given a graph structure.

For the rst one, the number of all possible undirected graphs isO(2d2). Hence
it is infeasible to try all possible graphs. We can only choose a subset of lal
graphs. How to choose them is a chicken and egg problem: if we knew the
segmentation, then we could run a fast structure learning algorithm on each
segment, but we need to know the structures in order to compute the segmen-

tation. Hence we propose the following sliding window method to generate the

42



Chapter 3. Multiple Dimensional Time Series

Figure 3.4: Gaussian graphical model of independent models.

Figure 3.5: Gaussian graphical model of full models.

set of graphs. We slide a window of widthw = 0:2N across the data, shifting
by s = 0:1w at each step. This will generate a set of about 50 candidate seg-
mentations. We can repeat this for di erent setting of w and s. Then we run a
fast structure learning algorithm on each windowed segment, and sort resulting
set of graphs by frequency of occurrence. Finally we pick the togM = 20 to
form the set of candidate graphs. We hope this set will contain the true graph
structures or at least the ones that are very similar.

As shown in Figure 3.6, suppose the vertical pink dot lines are true segmen-
tations. When we run a sliding window inside of a true segment, (eg, the red
window), we hope the structure we learn from this window is similar to the
true structure of this segment. And when we shift the window one step, (eg,
shifting to the blue window), if it is still inside of the same segment, we hoe
the structure we learn is the same or at least very similar to the one we lear
in the previous window. Of course we will have the window that overlaps two
segments (eg, the black window), then we know the structure we learn from this
window will represent neither segments. However, this brings no harm since

these "wrong" graph structures will later receive negligible posterior probabit
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Figure 3.6: An example to show sliding window method.

ity. We can choose the number of the graphs we want to consider based on how
fast we want the algorithms to run.
Now on each windowed segment, we need to learn the graph structure.

The simplest method is the thresholding method. It works as following,
1. compute the empirical covariance ,

2. compute the precisionK = 4

Ki K

3. compute the partial correlation coe cients by j =
4. set edgeG; =0if j jj< for some threshold (eg, =0:2).

The thresholding method is simple and fast, but it may not give a good esti-
mator. We can also use the shrinkage method discussed in [23] to get a better
estimator of , which helps regularize the problem when the segment is too
short and d is large.

If we further pose the sparsity on the graph structure, we can use convex op-
timization techniques discussed in [2] to compute the MAP estimator for the

precisionK under a prior that encourage many entries to go to 0. We rst form
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the following problem,
max o log(det(K)) trace( K) jiKjj1 (3.11)

where is the empirical covariance, jjKjj1 = i jKjjj, and > 0 is the regular-
ization parameter which controls the sparsity of the graph. Then we can solve
( 3.11) by block coordinate descent algorithms.

We summarize the overall algorithm as following,

1. Input: data Yi.n, hyperparameters for change point rate and for
likelihood functions, observation model obslik and parameter for graph

structure learning methods.
2. S = make overlapping segments fromY;.y by sliding windows
3. G = estimate graph structure estG(Ys; ):s2 S
4. while not convergeddo
5. (K;S1.x) = segment(Yy.n, Obslik, , )
6. G = estG(Ys; ):s2 Sk
7. end while
8. Inference modelm; = max, P(mjYs) fori =1: K

9. Output: the number of segmentK , the set of segmentsS; .k , the model

inferences on each segmenmh;.x

3.3.3 Likelihood Functions

After we get the set of candidate graphs, we need to be able to compute marginal

likelihood for each graph. However, we can only do so for decomposable graphs
in undirected graphs. For non-decomposable graphs, we will use approximation

by adding minimum number of edges to make it decomposable.

Given a decomposable graph, we will assume the following conjugate priors.

Comparing with the multivariate linear regression models, everything is the
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same except the prior on is now a Hyper-Inverse-Wishart instead of Inverse-
Wishart.

Hence we still have the following model, (letYss+1.t asY andn=1t s)

Y = H +

N(O;ln;)
The priors are,

N(0;D; )
HIW (b, o) (3.12)

where D, |, are de ned before, andbgy = Np+1 d> 0.

When a graph G is decomposable, by the standard graph theory [8]G can
be decomposited into a list of components and a list of separators, and each
component and separator itself is a clique. Then the joint density of Hyper-

Inverse-Wishart can be decomposed as following,

Q .
4 - acPCci; §)
P( jo; o) B i ) (3.13)

where C is each component andS is each separator.
For eachC, we have ¢ IW (p+ jCj 1, §)and § is the block of

corresponding to . The same applies to eacts. By ( 2.17), we have,

P(Ys+1:th) E%YjD;bo; 0)
P(Y;; JD;bo; o)d d
zz
P(Yj; ) P(jD;) P( jo; o)d d

SinceP(Yj; ) P( jD; ) are the same as before, by integrating out , we have,
Z

P(YID; ) = P(Yj; ) P(CiD;) d (3.14)

d
- 1 iMj * 1 ; )
- 2)%7 =2 D] exp( étrace(Y PY %)

whereM =(HTH+D 1) YandP =(1 HMH T) are de ned before.
When P is positive de nite, P has the Cholesky decompositionQ™ Q. (In
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practice, we can let the priorD = ¢ |, wherel is the identity matrix and cis a
scalar. By setting c into a proper value, we can make sureP is always positive
de nite. This is very important in high dimension.) Now let X = QY, then

( 3.14) can rewrite as the following,

d
. 1 iMj 2 1
P(YjD; ) = @7 oz Jj?j' exp( étrace(XTX D))
d
- My ? 1 1 T 1y 1
= D] NG jnzzexp( 2trace(X I, =X )
d
iMj 2 5
iDj (Xj) (3.15)

where P(Xj) N(O;1ln; ), orjust P(Xj) N (0; ).
Since we use decomposable graphs, this likelihod®l(X j ) can be decomposited

as following [8],

P(Xj) = EM (3.16)
sP(Xsj s) '

where C is each component andS is each separator.
For eachC, we haveXc N(0; ¢) and c is the block of corresponding
to X¢. The same applies to eacls.

Now multiply ( 3.13) and ( 3.16), we have,

© P(Xci )P ciboi §)

“sP(Xsj s)P( sib; §)
Then for eachC, the posterior of ¢ IW (lp+jCj 1+n; §+ XIXc). The

P(Xj) P( jb; o) = (3.17)

same holds for eacls. As aresult, the posterior of HIW (p+n; o+ X TX).

Hence by integrating out , we have,

P(Ys+1:th) = E(YjD;bo; 0)
= P(YjD; ) P( jlo; o)d
d
M) 7 L, h(Giby; o)
= — _ 3.18
iDj ) h(G;b; n) (3.18)
where

Q™52+ o Lich

h(Gib) = &5 ’

o iz +is) Ljs) !
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v
Z(nd) = @ DH T (n+1 1)=2)
i=1
n = o+ YTPY
by = bo+n

In log space, ( 3.18) can re-write as following,

00(P (Y j) = 3loo( ) S(ogiM] logiD])+ log(h(Giby; o) log(h(Gitn; 1)
(3.19)

We will also use the similar rank one update as mentioned earlier. Also notie
that h(G;b;) contains many local terms. When we evaluate h(G;b;) over
di erent graphs, we will cache all local terms. Then later when we meet the

same term, we don't need to re-evalue it.

3.4 Experimental Results

Now we will show experimental results on some synthetic and real data sets.

3.4.1 Synthetic Data

First, we revisit the 2D synthetic data mentioned in the beginning of this chap-
ter. We run it with all three di erent models (independent, full and Gaussian
graphical models). We set the hyper parameter =2 and =2 on 2 for each
dimension in the independent model; and set the hyper parameteNy = d and
o =1 on where dis the number of the dimension (in this case d = 2) and
| is the identity matrix in the full model; and set the hyper parameter by = 1
and o =1 on in the Gaussian graphical model. We know there are three
segments. From Figure 3.7, the raw data are shown in the rst two rows. The
independent model thinks there is only one segment, since the posterior prob-
ability of the number of segments is mainly at 1. Hence it detects no change
points. The other two models both think there are three segments. Both models

detect positions of change points that are close to the ground truth with sone
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uncertainty.
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Figure 3.7: Results on synthetic data 2D. The top two rows are raw data.The
3rd row is the ground truth of change points. From the 4th row to the 6th row,
results are the posterior distributions of being change points at each poson
and the number of segments generated from the independent model, the full
model and the Gaussian graphical model respectfully. Results are generated by

'show2D".

Now let's look at a 10D synthetic data. We generate data in a similar way but
this time we have 10 series. And we set the hyper parameters in a similar way
To save space, we only show the rst two dimensions since the rest are similar.
From Figure 3.8, we see as before the independent model thinks there is only
one segment hence detects no change point. The full model thinks there might

be one or two segments. Also it detects the position of change point is clesto
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two ends which is wrong. In this case, only the Gaussian graphical model think
there are three segments, and detects positions that are very close to the ground
truth. Then based on the segments estimated by Gaussian graphical model, we
plot the posterior over all graph structures, P(GjYs.t), the true graph struc-
ture, the MAP structure Guyap = argmaxgP(GjYst), and the marginal edge
probability, P(Gi; = 1jYs:), computed using Bayesian model averaging (Gray
squares represent edges about which we are uncertain) in the bottom two rows
of Figure 3.8. Note, we plot the graph structure by its adjacency matrix, such
that if node i and j are connected, then the corresponding entry is a black square;
otherwise it is a white square.

We plot all candidate graph strutures selected by sliding windows in Figure 3.9.
In this case, we have 30 graphs in total. For the 1st segment, we notice that
the true graph structure is not included in the candidate list. As a result, GGM
picks the graphs that are most close to the true structure. In this case, there are
two graphs that both are close. Hence we see some uncertainty over the edges.
However on the 3rd segment, the true structure is included in the candidate list.
In this case, GGM can identify it correctly, and we see very little uncertainty in
the posterior probability. As mentioned earlier, the candidate list contains 30
graphs. Some are very di erent from the true structures which might be gener-
ated by the window overlapping two segments. However, we nd these graphs
only slow the algorithms but won't hurt their results, because these "useless"
graphs all get very low posterior probabilities.

Finally let's look at a 20D synthetic data. We generate data in a similarway and
set the hyper parameters in a similar way. To save space, we only show the rst
two dimensions since the rest are similar. From Figure 3.10, we see as befo
the independent model thinks there is only one segment hence detects no change
point. The full model clearly oversegments the data. Again, only the Gaussian
graphical model correctly segments, and detects positions that are very close to
the ground truth. Comparing with the results from 2d and 10d cases, we nd
that the independent model fails to detect in all cases since the changes are on

the correlation structures, and the independent model cannot model it. The
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full model can detect in low dimensional case, but fails in high dimension cases,
because the full model has more parameters to learn. The Gaussian graphical
model can detect on all cases, and it is more con dent in high dimension cases

since the sparsity structures are more important in high dimension.

3.4.2 U.S. Portfolios Data

Now let's look at two real data sets which record annually rebalanced value-
weighted monthly returns from July 1926 to December 2001 total 906 month
of U.S. portfolios data. The rst data set has ve industries (manufacturing,
utilities, shops, nance and other) and the second has thirty industries.

The rst data set has been previously studied by Talih and Hengartner in [24].

We set the hyper parameter =2 and =2 on 2 for each dimension in the
independent model; and set the hyper parameteNg =5and =1 on in
the full model; and set the hyper parameterby =1 and ¢ = | on in the

Gaussian graphical model. The raw data are shown in the rst ve rows of
Figure 3.11. Talih's result is shown on the 6th row. From the 7th row to the

9th row, results are from independent model, full model and GGM respectfully.

We nd that full model and GGM have similar results since they think there
are roughly 7 segments, and they agree on 4 out of 6 change points. Indepen-
dent model seems to be over-segmented. In this problem, we do not know the
ground truth and the true graph structures. Note, only 2 change points that we
discovered coincide with the results of Talih (namely 1959 and 1984). There are
many possible reasons for this. First, they assume a di erent prior over mdels
(the graph changes by one arc at a time between neighboring segments); second,
they use reversible jump MCMC; third, their model requires to pre-specify the
number of change points. In this case, the positions of change points areewy
sensitive to the number of change points. We think their results could be over-
segmented. In this data, sliding windows generates 17 graphs. As usual, based

on the segmentation estimated by GGM, we plot the posterior over all 17 gaphs
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structures, P(GjYs:t), the MAP graph structure Gyap = argmaxgP (GjYs:t),
and the marginal edge probability, P(Gi; = 1jYs:), computed using Bayesian
model averaging (Gray squares represent edges about which we are uncertain)
in the bottom three rows of Figure 3.11. From the MAP graph structures
detected from our results, we nd Talih's assumption on the graph structure
changing by one arc at a time between neighboring segments may not be true.
For example, between the third segment and the fourth segment in our results,
the graph structure is changed by three arcs, rather than one.

The second data set is similar to the rst one, but has 30 series. Since from
the results of synthetic data, we know that in higher dimension, the Gaussian
graphical model performs much better than the independent model and the full
model, we only show the result from the Gaussian graphical model in Figure
3.12.

We show the rst two industry raw data in the top two rows. In the third row,

we show the resulted posterior distribution of being change points at each po
sition and the number of segments generated by the Gaussian graphical model.
We still don't know the ground truth and the true graph structures. We also
show the MAP graph structures detected on three consecutive regions. We can

see that the graph structures are very sparse and they di er more than one arcs.

3.4.3 Honey Bee Dance Data

Finally, we analyse the honey bee dance data set used in [19, 20]. This consists
of the x and y coordinates of a honey bee, and its head angle, as it moves
around an enclosure, as observed by an overhead camera. Two examples of the
data, together with a ground truth segmentation (created by human experts)
are shown in Figure 3.13 and 3.14. We also show the results of segmenting
this using a rst-order auto-regressive AR(1) model, using independent model
or with full covariate model. We preprocessed the data by replacing with sin

and cos to overcome the discontinuity as the bees moves between to . We

set the hyper parameter =2 and = 0:02 on 2 for each dimension in the
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independent model; and set the hyper parameteNg =4 and ¢=0:01 | on
in the full model.

From both Figures, the results from full covariate model are very close tothe

ground truth, but the results from independent model are clearly over seg-

mented.
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Figure 3.8: Results on synthetic data 10D. The top two rows are the rst two

dimensions of raw data. The 3rd row is the ground truth of change points. Fran

the 4th row to the 6th row, results are the posterior distributions of being change

points at each position and the number of segments generated from the inde-

pendent model, the full model and the Gaussian graphical model respectfully.

In the bottom 2 rows, we plot the posterior over all graph stuctures, P (GjYs:t),

the true graph structure, the MAP structure Guyap = argmaxgP(GjYs:t), and

the marginal edge probability, P(G;; = 1jYs) on 3 segments detected by the

Gaussian graphical model. Results are generated by 'show10D'.
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Figure 3.9: Candidate list of graphs generated by sliding windows in 10D data.
We plot the graph structure by its adjacency matrix, such that if node i and j
are connected, then the corresponding entry is a black square; otherwise it is a

white square. Results are generated by 'show10D'.
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Figure 3.10: Results on synthetic data 20D. The top two rows are the rsttwo

dimensions of raw data. The 3rd row is the ground truth of change points. Fran

the 4th row to the 6th row, results are the posterior distributions of being change

points at each position and the number of segments generated from the inde-

pendent model, the full model and the Gaussian graphical model respectfully.

In the bottom 2 rows, we plot the posterior over all graph stuctures, P (GjYs:t),

the true graph structure, the MAP structure Guyap = argmaxgP(GjYs:t), and

the marginal edge probability, P(G;; = 1jYs) on 3 segments detected by the

Gaussian graphical model. Results are generated by 'show20D'.
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Figure 3.11: Results on U.S. portfolios data of 5 industries. The top ve ows
are the raw data representing annually rebalanced value-weighted monthly re-
turn in 5 industries from July 1926 to December 2001. Total there are 906
month. The 6th row is the result by Talih. From the 7th row to the 9th row,
results are the posterior distributions of being change points at each podon
and the number of segments generated from the independent model, the full
model and the Gaussian graphical model respectfully. In the bottom three
rows, we plot the posterior over all graph structures, P(GjYs), the MAP
graph structure Gyap = argmaxgP(GjYs:), and the marginal edge proba-

bility, P(Gij =1jYs:). Results are generated by 'showPorto os'.
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Figure 3.12: Results on U.S. portfolios data of 30 industries. We show thest
two industry raw data in the top two rows. The third row is the result of the
posterior distribution of being change points at each position and the nunber
of segments generated from the Gaussian graphical model. In the fourth row,
we show the MAP graph structures in 3 consecutive regions detected by the

Gaussian graphical model. Results are generated by 'showPort30'.
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Figure 3.13: Results on honey bee dance data 4. The top four rows are the raw
data representing x, y coordinates of honey bee andin, cos of its head angle

. The 5th row is the ground truth. The 6th row is the result from independent
model and the 7th row is the result from full covariate model. Results are

generated by 'showBees(4)'.
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Figure 3.14: Results on honey bee dance data 6. The top four rows are the raw
data representing x, y coordinates of honey bee andin, cos of its head angle

. The 5th row is the ground truth. The 6th row is the result from independent
model and the 7th row is the result from full covariate model. Results are

generated by 'showBees(6)'".
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Chapter 4

Conclusion and Future
Work

In this thesis, we extended Fearnhead's algorithms to the case of multiple di-
mensional series. This allowed us to detect changes on correlation structures, as
well as changes on mean, variance, etc. We modeled the correlation structures
using undirected Gaussian graphical models. This allowed us to estimate the
changing topology of dependencies among series, in addition to detecting change
points. This is particularly useful in high dimensional cases because of spargit
We can also model the correlation structures by directed graphs. In directed
graphs, we can compute the marginal likelihood for any graph structures. How-
ever, we don't have a fast way to generate candidate list of graph structures
since currently all structure learning algorithms for directed graphs are too
slow. Hence if there is a fast way to learn structure of directed graphs, we can
use directed graphs.

Finally, the conditional independence property sometime might not be reason-
able. Or we might want to model other constrains on changing over consecutive

segments. This requires us to come up with new models.
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