152 Introduction to Statistics for GWs

Part IV: Advanced topics in statistics (OPTIONAL)

9 Time Series

We encountered the notion of a time series, or stochastic process, in Section 7?7 when we
discussed modelling of the noise in gravitational wave detectors. In this section we will
described some more general properties of time series, and several families of time series that
might be encountered when analysing data. The basic idea of a time series if that it is an
ordered sequence of random variables, such that each subsequent value depends on (in the
sense of being correlated with) previous values. There are two main types of time series

e Available data are part of a random sequence {X,;}, which is only defined at integer
values of the time ¢.

e Available data are values of a random function, X (¢), that is defined for arbitrary
t € R, but is only observed at a finite number of times.

Random functions can be represented as random sequences, e.g., by integrating or averaging,
but in general this throws away information, so where possible it is better to treat the function
as continuous when performing an analysis.

We conclude this preamble with some definitions. Let {X;};c7 be a stochastic process,
then

1. if E(X};) < oo, then the mean (or expectation) of the process is
e = ]E(Xt)
If u; is non-constant, i.e., it depends on ¢, then u; is sometimes called the trend.

2. if var(X;) < oo for all t € T, then the (auto)covariance function of the random
process is defined as

v(s,t) = cov(Xg, X3) = E{(Xs — ps)(Xs — 1)}, s,t €T
and the (auto)correlation function of the process is defined by

B v(s,t)
P D) = s )

Note that var(X;) =cov(Xy, Xy) = v(t,t) and |p(s,t)| < 1 for all s,¢ € T from the
Cauchy-Schwarz inequality. In addition, the function v(s,t) is semi-positive definite,
ie.,

s, t €T.

Z a;a;y(ti t;) >0

for any {ai,...,a;} € R and any {t1,...,t}.

9.1 General properties of time series
9.1.1 Stationarity

If S is a set, then we use u + S to denote the set {u+ s:s € S}, and Xs to denote the set
of random variables {X; : s € S. A stochastic process is said to be



Introduction to Statistics for GWs 153

e strictly stationary if for any finite subset S C T and any u such that u +S C T,
the joint distributions of Xs and X, are the same;

e second-order stationary (or weakly stationary) if the mean is constant and the
covariance function v(s,¢) depends only on |s — t|.

When T =7 = {0,+1,£2,...} and the process is stationary
7(t7 1+ h) - 'Y(O, h) - 7(07 _h) = ’7|h| = Yh; NS Z7

where h is called the lag. Similarly p(t,t + h) = pjp) = pi for h € Z. So, in the stationary
case the covariance and correlation functions are symmetric around A = 0.

In practice, it is impossible to verify strict stationarity and many computations require
only second-order stationarity. Elsewhere in this chapter when we refer to “stationarity” we
will mean second-order stationarity. Third and higher-order stationarity is defined analo-
gously, by extending the definition to third or higher correlation moments. In cases where
there is a trend or seasonality in the data, the time series will often be preprocessed to remove
the trend and leave a stationary stochastic process that can be analysed using methods that
assume stationarity. One way to do this is to use differencing.

9.1.2 Examples of stochastic processes

1. A stochastic process is called white noise if its elements are uncorrelated, E(X;) =0
and variance var(X;) = o2 If the elements are normally distributed then it is a
Gaussian white noise process, X; ~4 N(0,02). As all elements of the series are

independent, this is clearly a stationary stochastic process.
2. A random walk is defined by
Xt:Xt_1+wt, t:1,2,

The expectation value of this process is 0, and the autocorrelation is v, = 1 for all A.
However, it is not a stationary process because var(X;) is infinite.

9.1.3 Differencing

We define the backshift operator B by BX; = X;_; and the first difference of the series
{X:} by {VX.}, where
VXt - ([ — B)Xt - Xt - thl

and higher-order differences, such as the second difference {V*X,} by
VQXt — V(VXt) — V(Xt - Xt—l) — Xt - 2Xt_1 + Xt_g

and so on. If X; = p(t) + w;, where p(t) is a polynomial of degree k and {w;} is a stationary
stochastic process, then {V*X,} is stationary, i.e., k'th order differencing removes the poly-
nomial trend. For example, first-order differencing reduces a random walk to a stationary
process. This procedure will be exploited when discussing ARIMA processes later in this
chapter. When dealing with observed time-series, it is normal to apply successive differences
to the data until the resulting time series appears to be stationary.
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9.1.4 Causal processes

Suppose that the process {X;} can be written in the linear form

o
X = Z Vjwi—;
j=—o00
where {w;} is white noise, > |¢;| < oo, and ¢y = 1. The process is called causal if
Y1 =1Y_9 =--- =0, so the linear expression for X; does not involve the future values of

Wt.
Using the backshift operator B we can write w;_; = Blwy, so

X = Z ijijt = (B,

j=—00

where .
Ylu)= >
Jj=—00

is an infinite series and ¢(B) the corresponding operator. The properties of the polyno-
mial defined here are crucial for determining properties of stationary time series such as
invertibility, as we will see in the following sections.

9.2 Moving-average (MA) processes

One of the most commonly encountered types of stationary stochastic process is a moving
average process. Let {w;} ~ (0,0?) be a white noise process for ¢t € Z. Then the time series
{X,} is said to be a moving average process of order ¢ (denoted MA(q)) if

Xy =wp + Ohwp—q + -+ 0wy

where 01, ..., 0, are real valued constants.
The mean of X; is

]E[Xt} = E[wt + (91?1)1571 + -+ qut,q]
= E[wt] + Ql]E[wt_l] + tee + QQE[wt_q] = O (120)

Setting Ay = 1 the autocovariance is

’y(k) = COV(Xt, Xt-l—k) = E[XtXt-‘rk’] — 02
= E[(Qowt + -+ qut_q)<90wt+k + -+ qut+k_q)]

QTQS]E[wt_th+k_S]. (121)

This can be simplified by noting

Efw,_.w = o ift—r=t+k—s
=sTHR=rI T 0 otherwise (since wy are uncorrelated).
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When r,s < g then t —r #t + k — s for any r, s if |k| > ¢ and so

=1 if |k > ¢
! B o’ Zz;gﬂ 0r9r+|k| if |]{Z| <gq.

Since the mean is constant and (k) does not depend on ¢, we see that MA(q) is a stationary
stochastic process. The variance is

q
var(X;) =y = o Z 0>
r=0

and the autocorrelation function is

(k)_{o if k| > g
’ S 0,0,/ 30 02 if K| < q.

Note that p(k) = 0 for |k| > ¢. This fact is useful when detecting MA(q) processes in
observed data.

The moving average process is a weighted sum of a finite number of white noise events.
Applications within economics include modelling the effects of strikes on economic output
(the white noise events are the strikes, but the impact on economic output at any given
time is not only due to any current strikes, but also previous strikes), or modelling the sales
of white goods (people replace white goods when they break, and those breakages are the
white noise processes, but people might not all replace immediately, so there will be some
influence of lags).

The autocorrelation function does not convey all information about a moving average
process, since two different moving average processes may have the same auto-correlation
function. This is most easily seen by an example. Consider the two processes

1
Xt = w¢ + th,l and Xt = w; + awt,l.

The autocorrelation function of both of these processes is

0
p(1) = p(—1) = 1567 p(k) =0 for [k| > 1.

However, we can rearrange the first process to give
Wt = Xt — QXt—l + 02Xt_2 — e

while rearranging the second process we obtain

1 1
wt:Xt_gthl"'ﬁthZ_"'-

If |#] < 1 the series of coefficients converges for the first model and not the second, and vice
versa for |§ > 1. This ambiguity leads to the notion of invertibility.
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9.2.1 Invertible moving average processes

A general MA(q) process {X,} is said to be invertible if it can be written as a convergent
sum of present and past values of X; of the form

o
Wt = E Wth_j
=0

where ) |7;| < co. There is only one invertible MA(q) process associated with each autocor-
relation function p(k) and so this notion eliminates the ambiguity identified in the previous
example. To determine if a MA(q) process is invertible we can use the backshift operator
introduced above to write
Xy =w +0w—q + -+ 0wy
=(1+6,B+0,B*+--+0,B)w,
= 0(B)w, (122)

where 6(B) is the polynomial
O(B)=1+6,B+0,B*+---+0,B"

Although this polynomial defines an operator, it can be manipulated in the same way as
standard polynomials. In this way, it can be seen that the process is invertible if the roots
of §(B) all lie outside the unit circle, i.e., all (possibly complex) solutions to #(z) = 0
have |z| > 1.

Example: The MA(1) model X; = w; + 6w, can be written as
X,=(1+6,Bw, = 6B)=1+6,B

which has a single root at B = —1/6;. Therefore the process is invertible if |0;| < 1.

9.3 Autoregressive (AR) processes

Another commonly encountered type of stationary stochastic process is an auto-regressive
process. Let w; ~ (0,02) for t € Z as in the previous section. The time series {X;} is said
to be an autoregressive process of order p (denoted AR(p)) if

Xi=a Xy g +aoXi o+ +op Xy +wy

where o, a9, ..., oy, are constants. Autoregressive models assume current values of a time
series depend on a fixed number of previous values (plus some random noise). An example
from forensic science is the concentration of cocaine on bank notes in a bundle. Cocaine
transfers between the notes and therefore there will be a correlation between consecutive
notes in the bundle (ordering of the notes in the bundle is a proxy for time in this example).

Example: The autoregressive process of order one is

Xy = Xy +wy
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which is closely related to the random walk process defined earlier. Through repeated sub-
stitution we see

Xt = Oél(OélXt_Q + wt—l) + Wt = Wy + A We—1 + oz%wt_g + -

so an AR(1) process can be written as in infinite order moving average process. The mean
is
E[Xt] = E[wt + w1 + O‘%wt—z + .. ] =0

=0’ Z abal ™ for k > 0 since Elw; ;w4 y,_;] = 0 unless j =k + i
i=0

2k
o ay

)

Hence an AR(1) process with |ay| < 1 is stationary, with var(X;) = v(0) = ¢2/(1 — a?) and
autocorrelation p(k) = v(k)/v(0) = ol

and the autocovariance function is

v(k) = cov(Xy, Xppx) = E

if o | < 1. (123)

For the general AR(p) process, we can write

Xt — 061th1 — 062th2 — ... OépXt,p = Wt
(1—a1B—ayB*— ... —a,B")X; = wy
P(B)Xi = wy. (124)

Recall that a time series is causal if there exists ¢¥(B) = 1 + ¢1 B 4+ »B% + ... such that
Yoo [thi] < oo and X; = ¢(B)w,. From the above result, any such ¢(B) must be the inverse
of ¢(B). We deduce that the AR(p) process is causal if and only if all of the roots of the
polynomial ¢(u) lie outside the unit circle. If this is true, then the coefficients 1; can be
found from the expansion of the function 1/¢(B) in the usual way.

The mean and covariance of a causal AR(p) process can be found from the decomposition
X; = > Yyw;—; The mean is clearly zero and the covariance can be found from

v(k) = cov(Xy, Xiqr)

) (G

= o2 Z@b,@ka for k > 0. (125)
i=0

=E

The auto-covariance function converges (and hence {X;} is weakly stationary) if > |vy]
converges, which was the condition for the series to be causal. So an AR(p) process is
weakly stationary if it is causal.

Example: consider the AR(1) process

Xt = alXt—l + Wt.
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This may be written
&(B)X; = wy, where ¢(B) = (1 — ay B).

The root of ¢(B) is B = 1/ay, which lies outside the unit circle if |oy| < 1. Therefore, AR(1)
models are causal (and weakly stationary) if |ag| < 1. If this is true then we can write

1
Xy = mwt
=(1—a1B)  wy
=14+ B+ (B)*+ .. )w;
= Yowy + Prwi—1 + Pow_o + ... (126)

with ¢; = o for i € {0,1,2,...}. This agrees with the result obtained previously by repeated
substitution of the original equation.

9.4 Estimating properties of stationary time series
9.4.1 Estimation

Suppose we have observed values x1,...,z, of a time series {X;} at times t = 1,2,... n.
We suppose that {X;} is weakly stationary so that E[X;] = p, v(k) and p(k) exist. These
three quantities can be estimated as follows

e We estimate p by the sample mean

_ 1
T=-=)
[
e We estimate (k) at lag k by
1 n—~k
Cr = m tzz;(xt — ZZ’)(I‘,H,k — i’)

The estimator ¢; is called the sample autocovariance coefficient at lag k.

o We estimate p(k) at lag k by
Ck

T = )
Co

and this estimator is referred to as the sample autocorrelation coefficient at lag
k. A plot of r; against k is called a correlogram.

The latter two formulas are only valid if & is small relative to n, roughly k < n/3.
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9.4.2 Tests for a white noise process

If {X;} is a white noise process (plus possibly a constant mean), then for large n
r~N(0,1/n).

To test the hypothesis Hy that the process {X;} is white noise we can use the values of the
rr’s. Rather than treating each rk as an independent test statistic, it is better to count the
number of r,’s that exceed a relevant threshold. For example, for a 5% significance test we
compare each |rg| to 1.96/y/n and count the number, b say, that exceed this value. Under
Hy

b~Bin(m, 0.05)

where m is the number of 7;’s being computed. Roughly speaking, if b exceeds m /20 then
we would reject Hy.

Another test for white noise is the portmanteau test (Box and Pierce 1970; Ljung and
Box 1978). If m < n and n > 1, then

Qm=n(n+2)Y (n—h)""prxm.
h=1

The sensitivity of @), to different types of departure from white noise depends on m. If m is
too large, sensitivity is reduced because some of the p; will contribute no information about
the lack of fit. If m is too small then sensitivity is reduced because some of the p, that
convey information about the lack of fit are missing.

9.4.3 Testing for stationarity

One common test for stationarity is based on fitting the model
Xy =&+ + e, Mg = M1 + Wy, Wy ~Aid (0,0 )

where {¢;} is assumed to be stationary. If 02 > 0 then the sequence is a random walk. If
0w = 0 and & = 0 then the series is called level stationary since {X,} is stationary. If
o, =0 but £ # 0 it is called trend stationary as then {X, — £t} is stationary.

The KPSS test for stationarity is based on a score test for the hypothesis that o2 = 0,

leading to
t
)y=2a(l ZSE, WhereSt:Zej, t=1,...,n,
j=1
where ey, ..., e, are the residuals from a straight-line regression to the data, X; = a+ St +¢,

and &(1)? is the estimated variance based on residuals truncated at lag I. Under certain
assumptions, C(l) has a tractable asymptotic distribution (integral of a squared Brownian
bridge).

9.4.4 Detection of MA(q) processes

As discussed earlier, p(k) = 0 for |k| > ¢ for an MA(q) process. Hence if {X;} are from a
MA(q) process, we would expect

L. 7r1,79,...,1, will be fairly close to p(1), p(2), ..., p(q) (and hence not close to 0).
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2. Tgt1,Tq+2, - - will be randomly distributed about zero.

Inspection of the sample autocorrelation coefficients can thus identify moving average pro-
cesses. For example, if |r1| was large but rq, r3, ... are close to zero, there would be evidence
that is was a MA(1) process.

9.4.5 Detection of AR(p) processes

In an AR(1) process X; = a3 X;_1 + wy, the autocorrelation function is given by

k)

:al.

Therefore, the sample autocorrelation coefficient, rq, %ives an estimate of «y, and the other
sample autocorrelation coefficients should scale like r'lk . Note that, unlike the MA(q) model,
the coefficients, r;, do not drop to zero above some threshold.

For a general AR(p) process, detecting the order of the process by inspection of the
coefficients is difficult. Instead, to fit the general AR(p) model

P
X = Z o Xy—i + wy
i=1

we can find the coeflicients that minimize

n P 2
% Z (It - Z Oéﬂtz’) .
i=1

t=p+1

The resulting estimates &1, &g, . .., &, are known as least squares estimates for obvious rea-
sons. The estimate &, is also called the sample partial autocorrelation coefficient
at lag p. This provides an estimate of the the autocorrelation at lag p that is not ac-
counted for by the autocorrelation at smaller lags, hence the term “partial”. A plot of the
sample partial autocorrelation coefficients versus lag is called the partial autocorrelation
function (pacf) and is analogous to the correlogram. For an AR(p) process, the partial
autocorrelation coefficients 41, Qypt2, ... should drop to around zero. Hence, they can be
used to estimate the order of an AR process in the same way that the correlogram can be
used to estimate the order of a MA process. The partial autocorrelation coefficient at lag
k is significantly different from zero at the 5% significance level if it is outside the range

(=2/v/n,2/+/m).
9.4.6 Time series residuals

The residuals of a time series are defined as
w; = observation — fitted value.

For example, for an AR(1) model, X; = aX;_1+w,, with observations {x;}, t € {1,2,...,n},
the residuals are given by

~

Wy = Ty — AT,
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where & is the estimate of the parameter «, obtained for example from the least squares
estimation procedure described above. The fitted value at time ¢ is the forecast of x;, made
at time t — 1.

For a model that fits well, the residuals {w;} will be approximately white noise, with
constant variance. There are three standard approaches to assessing time series residuals

1. Plotting the residuals versus time. The residuals should be uncorrelated and randomly
distributed about zero. Any patterns in the data, or significant outliers suggest that
the model is not well fitted.

2. Use the Ljung-Box statistic defined above.

3. Looking at the correlogram of the residuals. Any autocorrelation coefficients lying
outside the range +2/4/n can be said to be significantly different from zero at the 5%
significance level.

Note that the residuals are not exactly white noise, so these tests must not be used precisely,
but are guidelines.

9.5 ARMA processes

An ARMA(p, q) process is a combination of an MA(gq) and an AR(p) process. The time
series {X;} is said to be an ARMA(p, q) process if X; is given by

Xt = CYlXt,1 -+ 042th2 + ...+ OépXt,p + wy + 9171],571 + ...+ qut,q

where w; ~ (0,0?) is a white noise process as usual. Using the backshift operator we can
write the ARMA(p, ¢) process as

o(B) Xy = 0(B)w,

where ¢(B) =1—a;B—ayB*—...—a,B? and §(B) = 14+ 6,B+6,B*+...+6,B%. Moving
average, autoregressive and white noise process are all special cases of ARMA models. An
MA(q) process is an ARMA(0, ¢) model, an AR(p) process is ARMA(p,0) and white noise
is an ARMA(0,0) process.

It is useful for ARMA(p, ¢) models to be both causal and invertible and the conditions
for this are the same as the conditions for invertibility of the MA(q) process and causality
of the AR(p) process, namely

e For an ARMA(p, q) process to be invertible, the roots of #(B) must lie outside the
unit circle.

e For an ARMA(p, q) process to be causal, the roots of ¢(B) must lie outside the unit
circle.

If an ARMA(p, q) process is both invertible and causal then it can be expressed both as an
infinite order moving average process and as an infinite order autoregressive process.
An ARMA(p, q) process is regular if

1. It is both invertible and causal,

2. §(B) and ¢(B) have no common roots.
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The second condition is necessary because if the two functions have a common root, the
process can be simplified to one with fewer terms.
If an ARMA(p, q) process is regular then it maybe written

_0B)
X = qzﬁ(B)wt = ¢(B)wt
where
_0(B) N
Y(B) = —gb(B) =+ 1B+ B*+... = ;o ;B

with 1p = 1 and » ;% |1 < oo. In other words
Xt =wp +prwie—1 + howpo + ...

This is an infinite order moving average process and is known as the Wold decomposition
Of Xt-
In the same way, it is also possible to express w; in terms of X; using

_9(B) _ N v

wy, = @Xt = 71(B)X, = ;mX“

where -
7( )z%zlerBerszJr...:;mBi

with my = 1. This inversion formula is used in some forecasting methods.
For a regular ARMA(p, q) process we have

Zioio wﬂvbz-i-k
2 im0 Vi

This can be proved as follows. Firstly we note

p(k) = for k=1,2,....

v(k) = cov(Xy, Xypn) = ]E[XtXt-i-k] -0

i=0 =0
=0 i E(wi—wi k). (127)
i=0 j=0
Now
Wi=iek=i1 =10 otherwise (since w; are uncorrelated.
Therefore -
v(k) = o Z Yitit

i=0

and

¥(0) = a® Y 47
=0
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Taking the ratio p(k) = v(k)/v(0) we deduce the result quoted above.

Example: Consider an ARMA(1,1) process defined by
Xy = aX +w + Bwiy

where a, f # 0 and {w;} is a Gaussian white noise process. Using the previous notation we
have

¢(B)=(1—aB),  0(B)=(1+pB).
The process is regular if the roots of ¢(B) and 6(B) lie outside the unit circle and there are
no roots in common. This is satisfied if

la] <1, |8 <1 and a# —p.

If we now assume that these conditions are satisfied so the process is regular, we can use the
Wold decomposition to obtain the variance and auto-correlation function. First we note

1+4B
Xe = 1—aB"
(1+aB+a232 )1+ BB)w,
=[(14+aB+a’B*+...) + (BB + BaB® + B’ B* + .. )w
= [+ (a+B)B+ (o +af)B* + (o’ +a’B)B* + .. |,
= Z¢iwt—i (128)
i=0
where ¢; = (a + f)a’™! for i = 1,2,... and ¢y = 1. Using this decomposition we can

compute the variance

var[X;| = Zw varfw,_;| = o Zw

1=0
=[1+(a+p) m+ﬁ) +(a+ )%t + .. Jo?
+ B)2
_ l1 + %} o2, (129)
The autocorrelation function can be found from the formula
(k) = Zzo itk
Do V7
For example, for £ = 1, we have from the variance result

Z@Z) _ [1+ (a+ B)? } :1—1—2046—!-52

—a?) 1 —a?

and note

Vo1 + Y1e + thaths + ... = (a4 B) + [(a + B)’a + (o + )%’ + .. ]
=:0%%-6)4—[£gf§€%§3]. (130)

Hence we find

_ (@)1 =)+ (a+Bla] _ (a+B)[1+ap

W)= 1+ 2af3 4 (2 1+2af 462
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9.5.1 ARMA(p, q) with constant mean
The ARMA(p, g) model can be generalised to

Xt =c+ alXt—l + O{gXt_Q + ...+ OépXt_p + wy + let_l + ...+ qut_q

or equivalently
¢(B>Xt =c+ G(B)wt

where ¢ # 0. This is called an ARMA(p, q) model with constant mean. By letting

= ‘ — E[X/]

l—ar—a—...—q

the problem may be converted to a model with no constant term by considering
Yi=Xi —p.
We can see that

¢(B)Y: = ¢(B)(Xy — p) = ¢(B)Xi — ¢(B)p
=c+0(B)wr —c = 0(B)w, (131)

so Y; ~ARMA(p, q). If the ARMA process is regular then

and X; =Y, 4+ u, from which we deduce
Xi=p+ Zi/}iwtﬂ'-
i=0

The autocorrelation function p(k) is the same for X; and Y}, as it does not depend on the
value of pu.

9.6 ARIMA processes

The ARMA(p, ¢) models describe stationary time series, but often an observed time series
{X,} is not stationary. To fit a stationary model to the data it is necessary to first remove the
non-stationary behaviour, for example if the trend, E[X;], is not constant. One approach is
to consider differences of the time series, as these will remove polynomial trends as discussed
earlier.

We denote the backward difference operator, (I — B), by V. If {X;} has a trend which
follows a polynomial of degree < d in time, ¢, then we consider the d-th order difference
process

W, =VeX, = (I - B)‘X,.

If the time series {W;} generated in this way can be modelled using an ARMA(p, q) pro-
cess, then the series is called an autoregressive integrated moving-averaged (ARIMA)
model and is denoted by ARIMA(p, d, q). The process {W;} may be a zero mean ARMA (p, q)
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process, in which case the trend of the original series, E[X;], is a polynomial of degree < d—1
and we may write

o(B)W; = 0(B)wy.

Alternatively, the process {W,} may have a constant mean, in which case E[X/] is a polyno-
mial of degree d and we may write

o(B)W; = ¢+ 6(B)w; with ¢ # 0.

If the ARMA(p, q) process that models {W;} is regular then the polynomials ¢(B) and 0(B)
have no roots outside the unit circle. Writing

®(B) = ¢(B)(I — B)"
we have
O(B)X, = 6(B)(I - BY'X, = 6(B)W, = 0(B)uwy.

The process {X;} is invertible since the roots of §(B) lie outside the unit circle and so we
may write

d(B
Wy = LXt = H(B)Xt = Xt + 7T1Xt,1 + ’/TQXt,Q +....
0(B)
In addition we note that
1—|—7T1+7T2+...:0.

This follows from the fact that
I(B)#(B) =®(B) =¢(B)(I — B)d = II(1)#(1)=0 = TI(1)=0.

The last step follows from the fact that (1) # 0 since by assumption alll of the roots of
0(B) lie outside the unit circle. While ARIMA(p, q) processes are invertible, they are not
causal, since (I — B)? has d roots on the unit circle and hence so does ®(B). Thus the Wold
decomposition cannot be used for ARIMA processes.

Example: Consider the model
Xy =Xy 1 +w, — 0wy, with0< 6] <1 and E[X,] = p.

We can write
Wy =X, — Xy = w, — 0wy,

so W, ~ARMA(0, 1) and hence X; ~ARIMA(0,1,1). We have
®(B)X, = 0(B)w;, where ®(B) = (I — B), 0(B)=1—0B.

We can invert this process to obtain

_I-B
-~ [—-0B
=(1-B)(1+60B+0*B*+..)X,

=[1—-(1-0)B—(1-0)0B>—(1-0)0*B*+..]X;

= mXi (132)
=0

t

w, = T(B)X,
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where 7; = —(1 — 0)0"~!. We can also confirm

im:—u—e)iei:—u—e)ﬁ:q = 1+§:m:o.
=1 =0 =1

9.6.1 ARIMA processes with a constant term

Suppose that we have
¢(B)(I — B)*X; = ¢+ 0(B)wy,

where ¢ # 0. This means that {X;} has a trend term which is a polynomial of degree d. To
work with such a series we define a new series, {Y;}, as

C

Y, = X; — At?,  where A =

di(l—a; —as—...—ap)
The new series is an ARIMA model without a constant term
O(B)(I — B)"Y, = 6(B)w,

and so can be used for forecasting. Forecasts of X; can be obtained by adding At? to the
forecasts of Y.



Introduction to Statistics for GWs 167

10 Nonparametric Regression

The notes in this section are taken from a lecture course on this topic that I gave previously.
We will not cover all of this material in one lecture, but the detailed notes are provided so
that you can learn about more about the topics that interest you.

10.1 Introduction
10.1.1 Difference between parametric and nonparametric regression

The basis for regression is a set of observations of pairs of variables (X;,Y;), i = 1,...,n.
We are interested in finding a connection between X and Y. We assume that Y is random,
but X can be either random or fixed; we focus mostly on the case that the X;’s are fixed.
In parametric regression we assume a particular type of dependence of Y on X (e.g. linear
regression: EY = AX, log-linear regression log(EY) = AX, etc). In other words, we
assume a priori that the unknown regression function f belongs to a parametric family
{9(x,0) : 6 € O}, where g(-,-) is a given function, and © C R*. Estimation of f is the
equivalent to estimation of the parameter vector 6.

In nonparametric regression, by contrast, we do not want to make any assumption about
how EY depends on X, but want to fit an arbitrary functional dependence. We assume that
we observe a function with error:

Y;:f<X7,)+EZ, Z:]_,,TL

Often the errors are assumed to be normally distributed, &; ~ N(0, 0?), independently. The
aim is to estimate the unknown function f.

In nonparametric estimation it is usually assumed that f belongs to some large class F
of functions. For example, F can be the set of all the continuous functions or the set of
all smooth (differentiable) functions. For proving certain properties of estimators, we will
consider sets of functions with k derivatives, which are called Holder spaces of functions.

We will described several different approaches to nonparametric regression — kernel
smoothing, spline smoothing, general additive models and wavelet estimation.

10.1.2 Nonparametric regression model
Throughout this chapter we will assume the following model of nonparametric regression:
Y;:f(XZ)—i—é’“ Zzl,,n

with independent errors E(g;) = 0, Var(g;) = 02 and a function f: [0,1] — R.
Now suppose that we observe data (z;,v;), ¢ = 1,...,n, which is a realisation of iid
random variables (X;,Y;). The aim is to estimate the unknown function f(z) = E(Y;|X; = ),

namely to construct an estimator J?n(x) for all x € [0,1] which is consistent and efficient,
and to be able to test hypotheses about f(xy) for a fixed zy and about f(x) for all z
simultaneously.

The maximum likelihood estimator (MLE) of f(z) gives estimates of f only at points z;

~

where we observe the data: f(z;) = y;. Since E[g;] = 0, this estimator is unbiased at x;, as
Ef(xz;) = EY; = f(x;). However, the MLE (and the model) does not give any information
about f(x) for x # ;. The model is not fully identifiable hence some additional assumptions

about f are needed. A key assumption we will make about f that it is smooth.
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10.1.3 Estimators

There are two major approaches to nonparametric estimation.

1. Smoothing: fitting a flexible smooth curve to data. We will consider two methods:
kernel smoothing and spline smoothing. The main question in this context is how smooth
should this curve be, and do we have to decide that in advance, or can we let the data to
decide?

2. Orthogonal projection estimation: represent the regression function f as a series
in an orthogonal basis, and estimate the coefficients from the data. We will consider wavelet
bases. Wavelets can be spiky, so they are well suited for modelling not very smooth functions,
e.g., with jumps or sharp spikes. The main question is how to estimate the coefficients, so
that the function estimate is neither too smooth nor too spiky.

10.1.4 Consistency

The key requirement for any estimator is consistency, that is, the more data we have, the
closer the estimator is to the function of interest. We encountered consistency in the context
of estimators of parameters, and there is a corresponding definition for functions.

Definition 10.1. fAn is a (weakly) consistent estimator of f in distance d based on n obser-

vations iff R
Ve >0, P(d(fn, f)>€)—0 as n— oo.

In the rest of this chapter, when we refer to consistency we will mean weak consistency.
We consider two distances on function spaces d( f,, f).

1) Pointwise at xy (local): d(ﬁ, f)= |ﬁ(x0) — f(zo)], for some xy € [0, 1].

2) Tntegrated (global) : d(F. f) = IF, — flle = \/Jo (Fu(e) — f(a))2d.
Here || - ||2 is defined by

PR / (g(x) e

It is a norm in Hilbert space L?[0,1] = {g : [0,1] — R such that ||g||s < co}.

Markov’s inequality is a tool to verify consistency:
P<d(fn7 f) > 6) S 672E[d(fn7 f)2]
For these distances, E[d(f,, f)]? has particular names.

1) Mean squared error (MSE):
MSE(fu(20)) = E[|fu(z0) — f(0)[*] = v(wo) + [b(xo)]?

2) Mean integrated squared error (MISE):

MISE(F,) = B[, — fI) [/ o) - flo)Pde| = /01v<x>dx+ /Ol[bm]?dx,

~ ~

where b(x) = bias(f(x)) = [ x } — f(z) and v(x) = Var(f(z)) are the bias and the

variance of f(x)
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Therefore, M(I)SE(fn) — 0 as n — oo implies consistency in the corresponding distance.
We will also study the rate of convergence of the estimators, that is, how fast MISE and
MSE decrease to 0 as a function of sample size n.

10.1.5 Notation
The indicator function of a set A is

1, ifxeA,
La(z) = { 0, ifx¢ A

Informally, we will also write 1(|x| < 1) for 1j5<1(2).
Denote the support of a function g, the set of arguments where g is nonzero, by

supp(g) = {z : g(x) # 0}.

10.2 Kernel estimators
10.2.1  Designs
Definition 10.2. A set (Xi,...,X,) is called a design

Definition 10.3. A design (X1,...,X,) is called fized if the values x1, ..., x, are non ran-
dom

Example 10.1. An equispaced (reqular) design x1 < x9 < ... < x, is a fized design such

_ S S I T A |
that x; —x;_1 = 1/n, e.g. 2 =i/n 0, = = 1y = 5= + .

Definition 10.4. A design (X,...,X,) is called random iff Xi,..., X, are iid random
variables, X; ~ p(x).

Example 10.2. z; ~ U[0, 1] with p(x) =1 for x € [0, 1].

10.2.2 Nadaraya-Watson estimator
Definition 10.5. A function K (z) is called a kernel iff [*° K(x)d(x) = 1.

If K(x) >0, K(x) is a probability density.
Definition 10.6. If K(z) = K(—x), then K(z) is a symmetric kernel.

Definition 10.7. A kernel K has order m iff ffooo 2'K(x)dx =0 forall £ =1,2,...,m —1
and [7 a™K(x)dx # 0.

If K is symmetric, then K has order > 2.

Example 10.3. All these kernels are symmetric of order 2, except the last one.
a) Uniform (boz, rectangular) kernel K (z) = 31(|z| < 1).
b) Triangular kernel K(z) = (1 — |z|)1(|z| < 1).

¢) Gaussian kernel K(z) = \/%76_302/2.
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d) Cosine kernel K(x) = 7 cos(mz/2)1(|z| < 1).

e) Sinc kernel K(x) = Singx). This kernel has infinite order, since fj;o sin(rz)a™ tdr =
0 for all integer m > 1.

Remark 10.1. If K(z) is a kernel, then Ky(z) = +K (%) is also a kernel. h is called the
bandwidth.

Example 10.4. If K(z) = $1(|z| < 1) is a kernel then K(z) = 11(|z| < 2) is a kernel.

Definition 10.8. The Nadaraya- Watson Estimator

f/WW(a:) % 1Y}§ZL(X , when ZKh # 0,

otherwise ]/“WW( )=0.

Motivation for the Nadaraya-Watson estimator.

Recall that f(x) can be written as

f(2) = E(Y | X, = 2) = / uply | z)dy = / %c@

Consider the following kernel density estimators:
ZKh — ), Dulz,y) ZKh — ) K (ys — y). (133)

Plugging p,(z) and p,(z,y) into E(Y;|X; = ), we have
> > ybu(@,y)
Now we simplify the numerator, assuming that the kernel is symmetric

/_Ooypn(xy) 5/ yZKh i — ) Kaly ZKh x/ooyKh(y_y»dy,

and the last integral is

l/w yK (y;y) dy=1[2=(y—y)/h] = /Oo(hz—i—yi)K(z)dz

h . N
= yi/ K(z)dz + h/ 2K (z)dz = y;

assuming that the order of the kernel K is at least 2.
Therefore, an estimator of f can be written as

N Tty K —a o
w (o) = n=ty " Ki(z — o) <Z Kn(z ) # 0)

which coincides with the Nadaraya-Watson estimator. Thus, we proved the following
proposition.
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Proposition 10.1. If K(x) is a symmetric kernel of order > 2, under random design,

TNW > ypu(z,9) ~
T) = ——dy 1(pn(x 0),
v = [, 0
where D, (x) and py(x,y) are kernel density estimators defined by (133).

npl(x) Z?:l leh(xz — ZE)
> yilKp(@; — ). This estimator also works

~

If X; ~ UJ0,1] then p(z) = 1 and f(
for a regular fixed design.

—1

If we know p(x), then we can write f(w) =
r) =

Example 10.5. Consider the boz kernel K(z) = 0.51(z € [—1,1]). Then, for x and h such
that |x; — x| < h for at least one i, the Nadaraya-Watson estimator can be written as

SIS D aizn Vi

7 () = e V() S0 Vg () B |
=ty K (555) Yo s L(FE <) > o—o|<h 1

The Nadaraya-Watson estimator is an example of a linear estimator.

~

Definition 10.9. Estimator f(x) is called linear if it can be written as a linear function of y,

ie. flz)=>"" Wilx)Y; = WT(2)Y where Y = (y1,...,yn)", W(z) = (wi(z),. .., wy(x))"
and W (z) does not depend on y, only on (x1,...,2,).

If an estimator is linear, then it is easy to find its distribution, and hence to construct a
confidence interval and a confidence band (see Section 10.2.8).

Now we study the bias and the variance of the Nadaraya-Watson estimator in two frame-
works, asymptotic as the sample size n grows to infinity, and for a fixed sample size.

10.2.3 Asymptotic properties of the Nadaraya-Watson estimator

As we saw in Section 10.1.4, to study consistency of an estimator, it is sufficient to study
the asymptotic behaviour of its bias and variance. Thus, to study consistency of the NW
estimator, we investigate asymptotic expressions for its bias and variance under the following
assumptions.

Assumptions
1. Asymptotic: n — oo, h — 0, nh — o0,
2. Design xq, ..., x, is regular deterministic,
3. x€(0,1),
4. 3 f",
5. Kernel:
“+o0o def “+oo
/ K (z)der =0, 0<p(K) = / 2? K (z)dr < oo,

K3 = /_+OO[K(x)]2d:c < 0.

o0
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In particular, we assume that the unknown function f has a bounded second derivative and
the kernel is of order 2.

A key tool to deriving the asymptotic expressions for the bias and the variance is
approximation of a sum by an integral. Since the design (z;) is regular deterministic, i.e.
x; — x;—1 = 1/n, for any function g(z),

%Zg(:p,) ~ /0 g(2)dz.

In particular, the denominator of the NW estimator is

%iiKh(Xi—x)%/olKh(z—x)dz = /OIK(Z;x)d<%>:/O:;K(U)dU

&
=
S
Q
<
I
—_

since n — oo, —x/h — —oo and (1 —z)/h — +00 as h — 0. Here it is important that x # 0
and x # 1, that is, it is not at the boundary.

Asymptotic bias of the NW estimator: b(z) ~ ”2(K f”( ).

b(x) =E f sz X;) — f(z)] [Taylor Expansion ]

~3uie [ X —w)+f”()w—f(x)}

. g Ky, i_x) e . e (Xi_x)Q
Y e [

— )
~% [f’(:v)Z(X — ) Kp(X; —2) + f'(z ZKh X%”’”V]

~ fl($) Al(z — -T)Kh(z _ x)dz + f//(m)A Kh(z B x) (Z —2x)2dz
1-z)/h 2 1—-x)/h
/ K(v)vdv + f"(z / K (v 2dv
= ﬁf”(m)

2
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2

Asymptotic variance of the NW estimator: v(z) ~ Z||K|[3:
- - Kn(X; — 2))
v(z) = o? Z[wz(x)]Q =0’ Z LK 2] >
i=1 i=1 [Z?:l Kp(X; — x)}
2 n

g 2
%{% Yy Kn(Xi—z)~1} n2 Z [Kn(X; — 7))

=1

1 o® [ 2 o [ 2—\]° S
s =2 [ ore= [ e (5] 4 (550)

2

(1-z)/h 2 poo

g 2 g 2
vmzzz) = 2 K@Pdo~Z | [K@)]d
oy =y [ KOs T [ K@

—0Q0

2

g
= —||K||3.
I

Therefore, the asymptotic MISE (AMISE) is:

2

AMISE = /01 [16(2)]> + v(z)] do ~ /01 {Mf”(x)l

2
Hf”“% 4 2 02HKH§
:—h _——
1 [12(K)]” + w

We are in general interested in having the “best” estimator of the function. This can be
interpreted as finding A and K that minimise this error. We start with optimising over the
kernel, introducing canonical kernels.

10_2 )
d —||K||5d
ot [ TR

10.2.4 Canonical Kernel

Given a kernel K (x) of order 2, consider a scale family of kernels:

{Kg(x) — %K (%) 0> 0}

Definition 10.10. The canonical bandwidth, dy, is defined by

where po(K) = fj;o 2?’K(x)dx and ||K||s = \/fj:OO[K(x)]zdx

Then, given a scale family of kernels {K(;(x) = %K (%) L0 > 0}, the canonical kernel,

K50? is
1 x

Choosing the canonical kernel in the scale family allows comparison across families of
kernels. For example, we shall see that if we choose a canonical kernel, the optimal bandwidth
does not depend on the kernel.
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Lemma 10.1. For a scale family {Ks,§ > 0}, the canonical bandwidth &y satisfies
15515 = [p2(Ks,)].
Proof. We show that if [|K3||3 = [p2(K3)]° if and only if h = &,. Consider separately the

right and left hand sides.
il = [ rae =g [ (5 (5)] a(F) = HIKIE

po(Kp) = /_:O 2Ky (z)de = h? /_:o (%)ZK (%) d% = h*pa(K)

L|K||2 = [h2uy(K))* which implies that

Therefore, |[Ku|[5 = pa(Kn)* <
1
15113 )5
h=|——-—55] =do.
([M2(K)]2 ’

10.2.5 Optimal kernel and optimal bandwidth
We are looking for the kernel and the bandwidth that minimise the asymptotic MISE. The

AMISE is given by
" 2 K 2
AMISE ~ If (4)”2 [h M2<K)}2+%|I th

For a canonical kernel, the AMISE factorises into a term that depends on bandwidth and a

term that depends on the kernel:
" 2 2
AMISE ~ || K |2 [h‘*—”f @l | hla—l .
4 n
For any kernel, we can also define the optimal bandwidth, A, by minimising the
AMISE over h. First, we take a derivative of the AMISE with respect to h:
0 C
— AMISE = |4h*Cy —h 22| =0
oh n

where Cy = ||f"(z)||312(K)?/4, and Cy = o2||K||3, which is solved by

, :(&>:( o?| K1 )
= e ) T \nllF ) Bua()?

which corresponds to the minimum of AMISE. For a canonical kernel we note that || K|[5 =
p2(K)? and so the optimal bandwidth does not depend on the kernel but it does depend on

ut =

the unknown function.
Using the optimal bandwidth, the AMISE becomes

sanse UL ()’
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Optimal kernel: choose the kernel K to minimize the AMISE. From the preceding
expression, this corresponds to minimising the quantity /po(K)||K||3. We note that this

is independent of bandwidth, in the sense that +/us(K)|| K2 = +/u2(K5)|| K 6|3 for all 4.
However, rescaling by ¢ in this way will change the corresponding optimal bandwidth, so
that the rescaled kernel with its optimal bandwidth is unchanged. We can use this freedom
to set po(K) = 1 (which requires rescaling by § = 1/4/pu2(K)). For this choice, minimising
the bandwidth-optimised AMISE is equivalent to minimising ||K||3 under the constraints:

/K(x)dx =1, /xK(as)dx =0, /:BQK(x)dx =1

The canonical kernel that minimises || K ||2 under these constraints is

Ko () — 2% (1 _ %) 1(J2] < V5).

This kernel is called the Epanechnikov kernel. For the Epanechnikov kernel, || K||2 = 3/5v/5
and po(K) = 1 by construction, so the optimal bandwidth is

b :( 302 )5
P sVl f@)l3)

Therefore, the optimal kernel with the optimal bandwidth, K}, is given by

1 x 3 1 x?
K, (z)= —K == 1— —— ) 1(|z| < V5hop),
@) =t (55 ) = S (1 ) 1001 < VB

opt

and the Nadaraya-Watson estimator constructed with this kernel has the smallest AMISE.
The efficiency of a kernel family {Ks, 6 > 0} for a given kernel K is defined as

5 5
5 5
ViU IKIE V(B EKsll3 [ m(Ks) | [ 1Kl
/ o opt||2 o o o opt o opt ||2
/’LQ(K pt)||K ptHQ /’LQ(Kégptt)HKég;tH% ILLQ(K(SSN) ||K58Pt||2

where 4y is the canonical bandwidth for this kernel family, K°P! is the Epanechnikov kernel
and 0™ is its canonical bandwidth. The efficiency to the fourth fifths power gives the ratio
of the AMISE for this family of kernels relative to the optimal kernel family. For many kernel
families, the efficiencies are close to 1, for instance, it is 0.951 for the Gaussian kernel family,
0.930 for the box kernel family and 0.986 for the triangular kernel family.

Note that since the optimal bandwidth depends on the unknown function, this expression
gives a theoretical bound but it is not applicable in practice. One way to avoid dependency
on the unknown function is to take hopy = Cn~1/5 which gives the same order of MISE in n
but not the optimal constant. Another way to find the best h that is used in practice is to
use another approximation of MISE which results in the approach called cross-validation.

10.2.6 Non-asymptotic properties of the Nadaraya-Watson estimator

Nonasymptotic properties of the Nadaraya-Watson estimator can be found in the form of
upper bounds on the absolute value of the bias and the variance, and hence on the MSE
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and MISE. We shall see that the upper bounds are the same functions of the sample size n.
The constants in the upper bounds inform us how the errors depend on other features of the
model, such as the kernel, the smoothness of the function, design, etc.

Before we state the upper bounds, we will define a class of smooth functions, the Holder
Class HP(M). When the parameter 3 is an integer, the class H?(M) contains functions
with 8 derivatives whose absolute values are bounded by M. However, the class is defined
for arbitrary values g > 0.

Definition 10.11. The Hélder Class HP (M) of functions on [0,1] with 8 > 0, M > 0 is
defined as the set of functions f that satisfy the following conditions with k = | 3] :

1. |f®)(2)| < M for all z € [0,1],
2. |fW(@) = fPy)| < Mz —y|P~F, Va,y € [0,1],
where %) is the kth derivative of f.
I6€(01), k=0 and f(x) = f(z).

Example: if 3 = 1, the Holder class H'(M) contains functions such that |f'(x)] < M
for all z € [0, 1].

Example: the function f(z) = /|z — 0.5], z € [0, 1], does not have a derivative for all
x € [0,1] but it belongs to the Hélder class HP (M) with 8 = 1/2 and M = 1 due to the

inequality
VIzl = VIl < V2 =yl Vz,y€[0,1].

Now we derive upper bounds on the absolute value of the bias and the variance of the
Nadaraya-Watson estimator of a function f that belongs to a Holder class HP (M) with

g€ (0,1).

Proposition 10.2. Suppose that f € H*(M) on [0,1], with 8 € (0,1] and M > 0. Let fYW
be the Nadaraya — Watson estimator of f.
Assume also that:

a) the design (Xi,...,X,) is reqular deterministic;
b) var(s;) = o?;

¢) AN > 0 such that ¥z € [0,1],

d) supp(K) C [-1,1] (i.e. K(x)=0 forx ¢ [—1,1]),
and 3 Kpax € (0,00) such that 0 < K(u) < Kpax, Vu € R.

Then, for all xy € [0,1] and h > 1/(2n),

0 Kmax
|b(z0)| < MR, v(xo) < Wi
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Proof. 1. The bias of the NW estimator when f € HB(M) with 3 € (0,1) is
bias( YV (2)) = E(F7 (« Z WY (@) [ () = ().
Note that Va, >.7  WNW(z) = 1, since

> W) % 1?; (ZKh oz 7Ao)

Therefore, the bias is given by

bias(ﬁvw(x)) = Z WY (@) [f (z;) — f(2)).

Since the support of K is [—1,1], the support of Kj,(x) = + K (x/h) is [~h, h], therefore the
sum is only over those i where |x; — z| < h, that is,

(DK — @) _ |Seinao KEES ) - 1)
[bias(f™" (z))] = S K (5) > K( =
< Zi:|$i—x|§hK(mi}:x)| f(xi) = f(z)] Z Jai— a:|<h e M|$i—$|ﬁ
- > K(25%) > K(555)
< MM,

using K (z) > 0 for all z. In particular, the bias is small when A is small, that is, bias(fN W(x)) —
0 if h — 0. The extension of the proof to § = 1 is left as an exercise.

2. The variance of the NW estimator can be written as

v(w) = Var(fX" (x)) = Var <Z wi(ﬂﬁ)(}ﬁ')) =) [wi(@)]*Var(Y))
i=1 i=1
since the Y;’s are independent. From assumptions (a) & (b), we know that Var(Y;) = o2,

since the x;’s are fixed. Therefore,

2 - [Kn(X; _x)]Z

v(r) =0 ) assumption d) K(z) > 0 for all z
=1 [Zj:l Kn(X; — x)]
_ 2% S KR(Xi — ) assumption d),l‘v’u, IX((iu) < Ifgmax implies
i z KX o) = b (5%) < B
|:Zj:1 Kn(X; — 33)]
, Krgax ZZL CKn(X; — x) z[abssil]mptlon ¢) 3Xo > 0 such that Va €
"0 2o (s =) S (X, — ) = .
0% Kax
nh)\()
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Now we consider the bounds on the MSE of the NW estimator. Under the conditions of
Proposition 10.2,
02 Knax

MSE(f¥Y () = [bias(fYW (20))]) + Var(F¥ (20)) < MR + TS

n n

The upper bound on MSE is the smallest if

2 1/(28+1)
h=h, = O Konax
2&M2/\07l

)

and the corresponding MSE bound is

) 2K 28/(28+1) 2K 2ﬁM2)\0TL 1/(26+1)
o (ke o )

MSE(fY, <
S (fn’hn (x[))) - 2/6M2)\0n + TLAO UQKmaX
2K\ P08
< (1428)M*/5HD (%Tonx) —0 as n— oo.

1/(26+1)
Hence, the Nadaraya — Watson estimator with A = h,= < 0% Knax ) and kernel K

satisfying conditions of Proposition 10.2, is consistent for estimating functions from Hoélder
class H? (M) for 8 € (0, 1].

Example 10.6. (continued) Derive upper bounds on the absolute value of the bias and
the variance of the NW estimator with the box kernel K(z) = 31(z € [—1,1]) under the
nonparametric regression model with 0®> = 1 and x; = i/n. Let f € H*(M), M =5, = 1/2.

Now we verify the assumptions of Proposition 10.2. Assumptions a),b) are satisfied.
Assumption c) is 5~ Zi:\xi—z\gh% > N, h > 1/2n.

Let’s count the number of integers i between 1 and n such that |i/n — x| < h. Since
li/n —z| < h < (ne —nh) <i < (nx+nh),

we need to count the number of integers in the interval [nx — nh, nx + nhj.

In general, in an interval [a,a + b] for some b > 0, the number of of integers is |b] if a
is not integer, and it is |b] +1 if a is integer. Here |b] is the lower integer part of b, that
is, the largest integer that is less than or equal to b, e.g. |5] =5, [7.3] =7 and |2.8| = 2.

Therefore, the smallest number of integers in the interval [nx — nh,nx + nh| is |2nh]
which is greater than 2nh — 1 since |2nh| < 2nh < |2nh] + 1 by the definition of the lower
integer part. Hence, we need h > 1/(2n), and then we can take \g =1 — 1/(2nh) > 0 since

1 1>2nh—1
n h — 2nh

=1—1/(2nh) = X

Assumption d) is satisfied with Kp.x = 1/2.
Therefore, by Proposition 10.2, for n =12 and h > 1/24,
1 1 1

b@)] < MB =5Vh,  v(w) < h(l—1/(2nh))  2nh—1  2dh—1'

The corresponding MSE (and MISE) for fNV (z) is bounded by

MSE(fNW () = b*(z) + v(x) < 25h +

24h —1°
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The derivative of the upper bound with respect to h is

24

25 — —“°
° (24h — 1)?

which is zero for h > 1/24 at

1 24
By = — | 1 “2 ) = 0.0825.
vt 24< + 25)

This corresponds to the minimum of the MSE since the second derivative with respect to h
. 2 . . .,
of the upper bound is %ﬁl)g which s positive.
Therefore, the optimal bandwidth is 0.0825.

10.2.7 Rates of convergence

We would like to find the estimator of f which is not only consistent, but also achieves the
best possible rate of convergence over some class of functions F, such as the Holder class
HP(M). Now we determine the rate of convergence of the NW estimator, in both local and
global distances, and address the question whether it is possible to achieve a faster rate of
convergence.

Definition 10.12. ¢, is the convergence rate of an estimator f; at point z, (local
rate of convergence) over a class of functions F, if

Falzo) — F(o)]]
On,

0<c<supE
feF

< C < o0,

where constants ¢ and C' do not dependent on n, and the rate ¢, is only related to n and the
function class F. R
Similarly, the global rate of convergence of estimator f,, over a class of functions F is ¢y,

if
11 = fllo fll:]”
Dn

where the constants ¢ and C' do not depend on n, and the rate ¢, is only related to n and
the function class F.

0<c<supE
feF

< O < oo,

Recall that [|f,(x) — f(@)l]2 = \/J; [Fu(e) — f(2)2da.

Definition 10.13. For a class of functions F, ¢} is the local minimax convergence
rate, if

MSE(f,
=inf sup sup —(J: g%))
fu moe@) o7 (97)

0<c<inf sup supE
Jn 20€(0,1) fEF

< C < o0,

o) — f(xo)]]
or

where the constants ¢ and C do not depend on n, and the rate ¢} is only related to n and
the function class F.
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Similarly, for a class of functions F, ¢} is the global minimax convergence rate, if

1o f!lz] it sup MISEU)
o

< C < oo,
fn feF (¢7)? h

0<c<infsupE
fn fEF

where constants ¢ and C do not depend on n, and the rate ¢}, is only related to n and the
function class F.

Definition 10.14. An estimator ]/‘; is said to achieve a minimax rate of convergence (local
or global), if the rate of convergence of this estimator is the corresponding (local or global)
minimax rate of convergence.

Now we investigate whether the local rate of convergence for the Nadaraya-Watson esti-
mator is minimax.

Theorem 10.1. Let assumptions of Proposition 10.2 hold for all x € [0,1]. Then, the NW
estimator fNW(x) with h = an™Y8+Y) for same o > 0 satisfies

lim sup sup E [((ﬁNW(:EO) - f(xg))nﬁ/(wﬂ))g} < C < oo,

N0 20€[0,1] FEHA (M)
where constant C depends only on 3, M, 02, \o, Kmax, O

Proof. By Proposition 10.2, V.f € H?(M),Vx € [0,1],
B|(7"" @ - s@)’| < cos
with C' < oo dependent on K., Ao, 8, M, o, 0? which can be written as
B[R @) - fap)| <c

Taking supremum over f € H°(M), x € [0,1] and n, as n — oo, we have the statement. [

Therefore, the pointwise rate of convergence of the Nadaraya-Watson estimator is n =2/ (26+1),
In fact, it can be shown (Tsybakov, 2009, chapter 2) that this is the local minimax rate of
convergence, so the Nadaraya-Watson estimator achieves this minimax rate and so it is in
this sense the “best” estimator, but there do exist other estimators that achieve this rate of
convergence. It is straightforward to show that the NW estimator also achieves the global
minimax rate of convergence.

The upper bounds being used here apply for the Holder space with 8 € (0,1]. For the
Nadaraya-Watson estimator to achieve the minimax convergence rate for 5 > 1, one needs
to use kernels of higher order. Local polynomial estimators, which will be discussed in
Section 10.2.12 are locally and globally minimax for g > 1.

10.2.8 Inference using a linear estimator
In this subsection we consider the nonparametric regression model
}/;:f<X’L)+€Zj ’izl,...,n

with independent errors &; ~ N(0,0?) and a deterministic design (z1,...,2,). These as-
sumptions imply that E(Y;) = f(X;) and Var(Y;) = o2
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10.2.9 Confidence intervals for f(zy) based on a linear estimator

Denote b(z) = bias(f(x)) =E []?(x) - f(x)] and v(x) = Var(f(:z)). Then, for a linear

estimator f(z) =" Yiw;(x),

Var (@) = o* Y lu(a))? = vl),

~

therefore f(z) ~ N (b(z) + f(z),v(x)).

The variance depends on the weights w;(x) and o which are known, so it can be calculated
exactly. If we knew the bias, which depends on the unknown function, we could construct
(1 — @)100% confidence interval using the fact that the following inequality

holds with probability 1 — «, that is,

~ ~

[(@) € [F(w) = ) = 25 V/olw), Flw) = b(a) + 2 /ol@)].

Here z, = ®~}(1 — ) where ®(z) is the cumulative distribution function of N(0,1).

However, the bias is unknown, so it is not possible to construct the exact confidence
interval. There are two approaches to addressing this issue. The first one is to construct
an asymptotic confidence interval where the estimator is constructed in such a way that
asymptotically the bias is much smaller than the variance, and therefore may be treated as
0. For the NW estimator, this means choosing a smaller bandwidth. The second one is to
use an upper bound on the bias to construct a conservative confidence interval.

e (1 —a)100% Conservative Confidence Interval for f(z).
If |b(z)| < bo(z) & v(x) < vo(x), then

f2) € fla) + (bo(x) + 24 %(x)) .

e (1 —a)100% Asymptotic Confidence Interval for f(z).

-~

Choose the estimator f(z) so that b(z)? < v(x), thus we can assume b(z) ~ 0:

~

f(z) € f(x) £ 2a/v(z).

The asymptotic expression for the variance is often used in this case.
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10.2.10 Confidence intervals using the Nadaraya-Watson estimator

For a Nadaraya-Watson estimator f € H?(M) on x € [0, 1], under the conditions of Propo-

sition 10.2,
0° Kinax

< ;
@S T
Therefore, a (1 — a)100% Conservative Confidence Interval for f(z) is

ﬁVW(I) + (Mhﬁ + Za/20V Kmax/(nhf)\O)>
= J/HVW(x) - Mhﬁ — Ra/20V Kmax/(nh)\(J), J/HVW(Q:) + Mh’B + Za/20V/ Kmax/(nh)\o)] .

Alternatively, taking the limit n — co and h — 0,

~ pi2(K)h?
2

Therefore, a (1 — a)100% Asymptotic Confidence Interval for f(x) is

b(z)| < MR,

02 2 "
v(z) & IKl,  b(2) f'(x) = 0.

PN (@) £ zappo /|| K |3/ (nh))

= [fww(:v) — 20\ 1K/ (nh), F¥Y (@) + Za20 HK!B/(M)} :

10.2.11 Asymptotic Confidence Band for f

~

Assume that the bias of f(x) is much smaller than its standard deviation and is close to 0,
ie. |b(x)] < \/v(x) and b(x) =~ 0. Then, an asymptotic (1 — a)100% confidence band based
on the NW estimator is given by

I 1f@) = J(@)] < cav/o(@), V€ [a,]
{ }

ao b —al [[K"[]
208 (22, where oy = ,
C og oh where agp . HKH2

(see Wasserman, section 5.7). For the NW estimator, we can use v(z) ~ g—z||K||§
Confidence bands can be used to test hypotheses about f, e.g.

Hy : f(x) = constant Va € [0, 1].

with

10.2.12 Local polynomial estimators.

Motivation and definition The Nadaraya-Watson estimator can be viewed as a local
constant least squares approximation of the unknown function. If the kernel K takes only
nonnegative values, then for each = € [0, 1], J/mw(x) satisfies

n

Ja" () = arg min {i“ —0.)°K (Xih_ )}

=1

n X, —
:argglé%{Z(Qi—Z@mE%—Yf)K( Zh .:1:)}

i=1

_ X,—x - X,—x
— 1 2. ¢ — . . t
= arggﬁlg& {996 ;:1 K( . ) 0, -2 ;21 Y;K( . ) + C'Xzyl(x)}
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Therefore, if Z?Zl Ky(X; — z) # 0, the value of 6, that minimises this weighed sum of
squares coincides with the Nadaraya-Watson estimator:

NW(SL‘) _ Z?:l KK}L(‘XZ B x)
" Z?:1 K (X; — x)
This estimator can be generalised further by considering a local polynomial rather than

a local constant approximation. For a function f(x), if 3f*)(2), then for x; sufficiently close
to x,

(k) b .
e 1) + P @)+ D= S P gy
k |
; I A N E—
=2 L!( ) |-

where

0, = (F(x), F(@)h, f'(x)h2, ..., O @)k

T
U 1@—1‘1 T, — T 2 l T, — T k
S\ R 2 h T g h

Definition 10.15. A local polynomial estimator of f(x) of order k , denoted LP(k) estima-
tor, is defined by

Fif () = O ()

. o T
where for each x 0(x) = (Go(x), 01(z),. .., Qk(x)> is the solution of

~ i X, —x
f(z) = Vi —UL6.)PK ([ ——— ) ¢.
(@)= al"ggglﬂékﬂﬂ{Z( urorx (2 )}

i=1
For eachm =1,...,k, O,,(x)/h™ is an estimator of ™ (z).

Therefore, the local polynomial estimator provides simultaneous estimators not only for
f(z) but also for all existing derivatives of f.

This estimator can be written explicitly. Noticing that the expression to be minimised is
quadratic in the vector #,, we can open the brackets to obtain

~ - X, —x
— ; T 2 v
6, = arg n%m{ g (Y = U, 0.)°K < ; )}

T

i=1
= argmin Zn:(QTU U0, —2UL.0,Y; + YK Xi—@
6. — A N A K'Y Tt 7 h
- " X, —«x
:argmm{QT ZUMUT ( ; ) .HI—QE-QEYQUMK( . >+CX¢,Y,~<-T)}

which is equivalent to

0, = arg H;in {67 - B(z) -6, — 207 - a(z)}
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where the matrix B(x) and vector a(z) are defined by

X, —x 1 — X, —x
U T — E . .
nh Z villai ( h ) alz) = nh — Yot ( )

1 n
= § jU“UT Kn(X; — ) =~ Y YUKy (X — x)
—

Hence, if B(x) is invertible,
0, = B~ (x)a(x).

Therefore, the Local Polynomial estimator can be written as
Fif (@) = o) = e B~ (w)a(x)
where the matrix B(z) and vector a(x) are defined above and el = (1,0,0,---,0).

Note that the local polynomial estimator ]?nLP (x) is linear:

with weights

that are independent of Yi,...,Y,,.

Bias, variance, consistency and the rate of convergence for local polynomial
estimator

Proposition 10.3. Suppose that f € H?(M) on [0,1], with 3 > 0 and M > 0, and
a) the design (Xi,...,X,) is reqular deterministic;
b) E(g;) =0,Var(e;) = o%;

c) 3o > 0 such that Vo € [0,1], the smallest eigenvalue Ayin(B(z)) of B(x) satisfies

Amin(B(x)) = Ao , where B(x ZUMUTK;L —x);

d) supp(K) C [—1,1] and 3 Kpax € (0,00) such that Vu, |K(u)| < Kpax-
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Let ﬁfp be the Local Polynomial estimator of f which satisfies the above assumptions

with k = |B]. Then, for allx € [0,1] and h > 5-,

CK ,3

2C% 2K
b(a)| < 5 M o Ck .

- with Cg = "

v(z) <

Note that if 8 € (0, 1), the LP estimator becomes the NW estimator, and this proposition
coincides with Proposition 10.2. R

Now we study consistency and the rates of convergence of f-¥(x). Under the assumptions
of Proposition 10.3, MSE of fXP(z) is bounded by

B (7270 = b + o) < [Sn] 0+

0-20}'2( h*l

which is minimised at

a2C% 23T 2112 N
ey — [ ) — (M) "
Qﬁ(CKM) 28M?n

with the value of the minimum being

28

C 2 202
MSE [fnhopt(x)] < { |:/€_['(M:| hggt g hopt} CLP n 2+ — 0 as n — 00,

where Cpp is a constant depending only on M, k, 0% and Ck (i.e. Kpax, \o)-

Now we study the local and global minimax rates of convergence of the LP(k) estima-
tor with h, = an 7 over HP(M) with k = |3]. In this case, under the conditions of
Proposition 10.3,
a?M>

(k1]

-1 2 28
+a o7 | n 26+,

MSE | FH (2)] < C% [
which also implies that
MISE (FLP(z)) = [, MSE(FLP (2))da < Cn~ 5+t

with the same constant as in the upper bound on the MSE. Therefore, both local and global

B . . .
rates of convergence of LP (k) are n” 1#26 . Therefore, the local polynomial estimator achieves
both local and global minimax rates of convergence. Hence, we proved the following theorem.

Theorem 10.2. Under the assumptions of Proposition 10.3, the Local Polynomial estimator
1
with the bandwidth h = h,, = an” 25+1, a > 0, satisfies

~ 2
lim sup sup sup E [n%‘%]f(xo) — fn(aso)@ < (O < oo,
n—o0 feHA (M) zo€[0,1]

92
lim sup sup E [nw‘%Hf - ang} < (O < oo,
n%oofeHB(M)

where C' is a constant depending only on B, M, ag, Ao, 0 Kinax and o.

max 7
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10.3 Smoothing Splines
10.3.1 Definition

Definition 10.16. A smoothing spline is the penalised least squares estimator of f:

n

fret(w) = angmin | 3 7(Vi = f(20))* + Apen(f) (134)

i=1

with penalty function pen(f) = [[f"(z)]?dz = ||f"||3; X > 0 is called the regularisation
parameter.

The solution to this minimisation problem has a simple form that is called a natural
cubic spline.

Definition 10.17. Let a < t; < .. < ty < b be a set of ordered points - called knots. A
cubic spline is a continuous function g such that

e g(x) is cubic on [t;, t;41], for each j =1,..,N —1:

g(a:) = 0j0 + bjl.T + bj2x2 + bjgﬂfg, T € [t]’, tj-i-l]a

e both ¢ and ¢" are continuous at t;, 1 =1,..,N.
A spline that is linear beyond the boundary knots is called a natural spline.
e g(x) is linear on [a,t1] and [ty, D]
g(x) =boo + borx , =€ la,t]
g(x) =bno+byiz, x € [ty, D]
Theorem 10.3. (without proof) Solution f}fen of the above problem is a natural cubic
spline with knots at the data points.

Theorem 10.4. Let knots a <ty <--- <ty <b. Forj=3,...,N, define

hi(z) = 1,ho(z) ==,

hi(z) = (z— tj—Q)i - (tx — v 1) (r —tn_1)y
tn_1 —T;—
(Nl J2>($_tN)i’-> V3<]<N7
(tv —tn-1)

where (z — y)% = max {(z —y)®,0}

The set of functions (hj)j.vzl forms a basis for the set of natural cubic splines at these
knots.

Thus, any natural cubic spline g(z) can be written as

g(w) = Zﬂjhj($)~
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By Theorem 10.3, the solution of the minimisation problem that defines the smooth-
ing spline is a natural cubic spline, and by Theorem 10.4, it can be written as the linear
combination of the basis functions h;(z), j = 1,2,..., N. Hence, minimising over functions

f25 = arg min {Z (Yi = f(:))" + A/ ()] dﬂc}

= arg min {Z (f(xz)2 —2f(z:)Yi + YZQ) + )‘/ [f”(x)]Q dx}

is equivalent to minimising the following expression over the (n + 2)-dimensional vector f:

[iﬁjhj( ] —2%[25] Y+)\/[Zﬁjh” r

J=1 i=1 Lj=1

N
— arg min
B = arg min >

i=1
= arg Bmﬂig}v {B"H"HB —28"H"Y + \3"Qp},
(S

where N x N matrix H has entries H;; = h;(z;), i =1,...,N,j=1,...,N,and N x N
matrix  has elements Qj, = [ hf(x)hj(x)dz, j,=1,...,N.

Hence, if (HTH + )\Q) is invertible,
B= (" H+x) " 1Y,
Therefore, we have proved the following theorem.

Theorem 10.5. A smoothing spline can be written as
N ~
Si = Zﬁjhj ()
j=1
where B = (B\l, . ,B\N)T is given by
B=(HTH+ ) 'H"Y
where Y = (Y1,...,Y,)T, and matrices H = (H;;) and Q = () have entries
b
Hi; = hj(x;), Q= / h;’(a;)h;’(ac)dx, rel,...,n, j,lel,....N

The smoothing spline is a linear estimator since it can be written as

N)\_E w;(x

with weights
N

w;(z) = Zhj(x) [(HTH - /\Q)f1 HT]

j=1 7



188 Introduction to Statistics for GWs

Figure 46: Smoothing spline for example 10.7.

Example 10.7. Construct a smoothing spline on [—2,2] given data (—1,2), (0,4), (1,1).
Take A = 0.01, and construct the smoothing spline using

:ZZ [(H"H +XQ)~ H']jih(2)Yi.

i=1 j=1

The matrices necessary for the calculation are H = (H;;), Hij = hj(x;):

1 -1 0 30 7
H=(1 0o 1], H'H=[0 2 6
1 1 6 7 6 37

and Q = (), Qe = [ WI(x)h](x)dz:

00 0
Q=100 0
0 0 24

We find the coefficients of the natural spline are BT = (5.00917,2.94037, —1.14679). The
data and smoothing spline are shown in Figure 40.

10.3.2 Choice of Regularisation Parameter A

In papplications, A is usually chosen using cross-validation

X = arg r§1>1£1 {i <Y; - J?,\z(iUz))Z}

=1
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Smoothing splines Silverman kernel

0.3
1

0.2

0.1

0.0

Figure 47: Left: smoothing spline estimator  Right: Silverman kernel

where ]?A,,i is a smoothing spline based on all data points except the ¢’th. The expression
to be minimised is an unbiased estimator of MISE.

Smoothing spline estimators with different regularisation parameters A are plotted in
Figure 47 (Left). The black line corresponds to A is chosen by cross-validation, the red
line - to A = 0.05, and the blue line - to A = 2. For small A = 0.05, where the leading
contribution comes from the likelihood, the fitted curve is close to the data points but is not
particularly smooth. For larger A = 2, the penalisation term dominates the likelihood term,
and the linear curve is such that the penalty term is zero (since the second derivative of a
linear function is 0). A chosen by cross-validation provides the estimator with the trade-off
between fit to the observed data and smoothness.

10.3.3 Smoothing Spline as a Kernel Estimator

For large N, the smoothing spline is asymptotically equivalent to a kernel estimator:
N N
F3(x) = fY (),

where fN W(x) is the Nadaraya-Watson estimator with the Silverman kernel:

K(2) = ge MV sin(|2] )V + 7 /4),

plotted in Figure 47 (right), and the bandwidth h can be expressed in terms of A as h = \'/%.
Note that this kernel can take negative values. In particular, the smoothing spline has the
same optimality properties as a kernel estimator, such as consistency and the optimal rates
of convergence.
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10.4 Generalized Additive Models

So far we have only talked about regression models with one covariate. However, a more
common regression problem would have multiple covariates and take the form

}/;:f(ajliax%"";ajmi)—i_ei’ 7::1,...7717

where x1,...,x,, are a set of covariates. Fitting of multivariate regression models is more
challenging, not least because large amounts of data are in general required to ensure con-
vergence. The optimal rate of convergence for f € H?(M) (i.e., functions with an integrable
second derivative) is n~*/° with one covariate, but this degrades to n=*“*+™) when there
are m covariates. If n is the sample size required to achieve a certain accuracy with one
covariate, then the sample size required to achieve the same accuracy with m covariates
is n4*™/5 and therefore grows exponentially with m. Nonetheless, generalisations of most
univariate nonparametric methods exist and we will describe some of these here.

10.4.1 Multivariate local polynomial regression

Kernel regression can be carried out with multiple covariates, but requires generalisation of
the kernel function so that it is a function of m variables. The one-dimensional bandwidth
h is replaced by a bandwidth matrix H, allowing a family of kernels to be defined via

_ 1)

Ky(x) \/F(H)K (H™'*x).
A common approach is to rescale the covariates so that they have the same mean and variance
(at least approximately) and then use an isotropic kernel A=K (||x||2/h) where K(-) is a
one-dimensional kernel.

Given a choice of kernel, the local polynomial estimator of order k is found in
the same way as before. Firstly we note that an arbitrary function of m variables can be
expanded as

fxy, ... zm) = f(z) + g—i(as)(:vl —21) + 5_1{.2(17)({[’2 — ) %(ﬂf)(ﬂﬁm )
T % (g_xj%@)(xl —z)* + 28:?15;2 (@) (21 — 21) (22 — 22)+

o*f 2
+@(l‘)($m—zm)>+

1 (0% . o f
+E <8—x]1€($)<l’1—2’1> ++%($)<l’m—2m) .
There are a total of My = ., 1xCy = (m + k)!/(m!k!) distinct partial derivative terms in this

expansion. We can define analogues of the parameter vector 6 and the design vector U, ;
with this many components

O, = (0°,01,0),...,6L 03,62, .. .0° ok )

rrmo mm? ) Tmmee-m

AT R e W R Toi — T 1 (21— 21\? (2 — 20 (22 — 2
X, T ) h Y h AR h 72! h Y h h 7

1 ([ Zpi — T 2 1 (T — o g
g - SRR - .
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In the above, h™ = \/det(H), 6 . corresponds to h’d*f/dx;, ---dx;, and the estimator
of this quantity provides an estlmate of this particular derivative of the function. Note that
we must be careful to ensure the ordering of derivatives in ¢ and Uy, is consistent.

Using this notation the solution for the local polynomial least squares estimator

0 = arg min {Z (Yi — U;{ﬁx)QKH(Xi — X)}

0cRMa | £
=1

takes exactly the same form as before, namely 6, = B~(x)a(x) where

1 n
ZUXIUT Ky(x; — x), a(x) = - Z}/;Ux,iKH(Xi — X).

=1

10.4.2 Multivariate splines

In a similar way, the notion of a spline can be generalized to more than one dimension. Once
again, we aim to minimize the sum of squares, but penalise functions that are not sufficiently
smooth. This is formulated in general as

,t?f = argmfm {Z(YZ — f(T1s, o mi))? + /\Jn(f)}

=1

where

n=J [T\ 2 () +2 (o)

2 f 2 O f 2 % f 2
+(5) 2 (egm) + (G | et

The solution to the minimization problem is a thin plate spline.

Definition 10.18. A thin plate spline through a set of knots x1,Xa, . . . X,, in m-dimensions,
with weights wy, ... w,, is a function of the form

= ZwiG(Hx — X;|]2) + bo + ijxj
i—1 =1

where G(r) i, m =2 orm=4 and ||x||2—zm:x2
ri=m otherwise ’ 2 a
In higher dimensions, m > 4, this solution diverges at the knots and so it is not a useful
smoothing method. In that case the m = 2 basis function, G(r) = r?Inr, is often used, or
the simple solution G(r) = r2. If these alternative solutions are used the resulting solution
is in general not the minimizer for the above problem.
Thin plate splines are difficult to fit and so are not used widely in dimensions higher
than 2. It is more common to take an approach that reduces the multi-dimensional fit to a
set of one-dimensional fits by using an additive model.
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10.4.3 Additive models

While the preceding methods provide ways to fit general multivariate nonparametric models,
they are often hard to visualize and interpret. This motivates assuming a somewhat simpler
form for the unknown function, called an additive model.

Definition 10.19. An additive model is a model of the form
Yi:a—i—ij(mj)—i—ei, izl,...,n
j=1

where f1,..., fm are smooth functions.

The model above is not identifiable since a constant can be subtracted from any one of
the functions and added to « or any of the other functions to leave the model unchanged.
The usual approach to making the model identifiable is to set & = Y = Sor,Y;/n and
forcing " | fj(xﬂ) = 0. The resulting functions can be regarded as representing deviations
from the mean Y.

An additive model can be fitted using any of the techniques for one-dimensional
problems that have been described in this course using a procedure known as backfitting.

Definition 10.20. The backfitting algorithm obtains estimates offj (x;) in the additive model
as follows. Fiz the estimator & =Y and choose initial quesses for fi,..., fm. Then

1. Forj=1,....,m:

(a) Compute Y; =Y; — & — Dkt folzr),i=1,... n.

(b) Apply a one-dimensional nonparametric fitting procedure (smoother) to Y; as a
function of x;. Set f; equal to the output of this procedure.

(¢) Renormalise by setting f;(x) equal to f;(z) — S0, f;(x5:)/n.

2. Repeat step 1 until the estimators converge.

10.4.4 Projection pursuit

Projection pursuit regression attempts to approximate the unknown function f(zq, ..., 2y)

by one of the form
M

i+ Z ri(25) where z; = al x
j=1

and each «; is a unit vector. Projection pursuit attempts to find a transformation of the
coordinates that makes an additive model fit as well as possible. In practice, projection
pursuit is fitted iteratively, using some one-dimensional nonparametric method. We use
S(w;Y,x) to denote the value of the output of this nonparametric method at a point w,
where x is the vector of (one-dimensional) covariates at the observed points and Y is the
vector of measured values. First set i = Y as before and then initialise the residuals
¢ =Y; — Y. We use ¢ to denote the vector of current residuals, i.e., (€); = &. We also scale
the covariates so that their variances are equal and then define an m x n matrix X such that
Xi; is the value of the i'th covariate for the j’th data point. Then proceed as follows:
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1. Set j = 0.

2. Find the unit vector v that minimizes
> (6 = S(a"x; 6, X a))?
D i1 €

and then set z;; = a”x; and f;(z;;) = S(a”x;; €, XTa).

I(a)=1-

3. Set j = j + 1 and update the residuals
gi — él — fj(zji)~
4. If 7 = M stop, else return to step 2.

10.4.5 Generalized additive models

Definition 10.21. An generalized additive model is a model in which observed random vari-
ables Y; are assumed to be drawn from a specified distribution in the exponential family, with
a specified link function, g(-), and a model for the expectation value of the form

n(x) = g(E(Y)) = a+ Z fi(z))

where fi,..., fm are smooth functions.

Fitting a generalized additive model can be done iteratively, using a method for fitting
a general additive model, in the same way that generalized linear models can be found
by fitting general linear models using iterative weighted least squares (Fisher’s method of
scoring).
The general procedure is as follows:

1. Start with observed data {(x;,y;) : ¢ = 1,...n} and initial guesses for & and fiveoss fom

2. Then repeat the folliwng steps until the estimates for fl, ceey fm converge:

(a) Compute fitted values

(b) Computed transformed responses

~

2z =10(x:) + (yi — 7(x:))g' (7(x1)),

where ¢/(-) denotes the derivative of the link function.

(c) Compute weights
wi = [(¢'(F(x:))*0%]
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(d) Compute the weighted general additive model for z; as a function of x; with
weights w;.

Note that the above procedure relies on being able to fit a weighted nonparametric model, but
all of the methods described above have assumed equal variance. However, it is straightfor-
ward to generalise the previous methods to the weighted context. For example, the extension
of the Nadaraya-Watson estimator to the weighted case is

> WiYi Ky (X — o)
> i Wil (X —x)

F (@) =

Example 10.8. Construct a general additive model, using smoothing splines, on the interval
[—2,2] x [-2,2] given data (—1,-1,1), (—1,0,3), (—=1,1,0), (0,—1,2), (0,0,4), (0,1,1),
(1,-1,6), (1,0,3), (1,1,2). Use A = 0.01 in both dimensions.

We note that in this case we have data on a reqular grid. The backfitting procedure
fits a function in one dimension at a time, and so we will need to fit a smoothing spline with
multiple observations at a given point. For equal numbers of observations at each point, ng,
this 1s a trivial extension of the procedure described above. The spline takes the same form,
but we replace Y; by the average of the Y/s at each value of x, and we change the smoothing
parameter to \/n.

First we estimate & =Y = 22/9 and subtract this from each point. We then fit a
smoothing spline to the data (—1,—10/9), (0,—1/9), (1,11/9) using A = 0.01/3. The H and

Q matrices are the same as in Fxample 3.1

1 -1
H=1|1 0
1 1

S =)
o)
Il
o O O
o O O
DO
>

and we derive B = [(HTH + XQ) " HTY] as before
AT — (—0.188781, 0.923948, 0.0809061).

This gives fitted values at x = —1,0,1 of

~

fi(=1) = —1.11273,  f1(0) = —0.107875,  f1(1) = 1.2206.

We need to correct the fit by subtracting Z?:1 fi(z1:)/3, but this number is very close to zero
so the values do not change.

We now need to fit for the second dimension, xo. The first stage, in general, is
to subtract fl(xu) from Y; for each i. In this case we have multiple observations at each
value of xo and so we then need to average the Y;’s for each xy. Since the grid is reqular, we
effectively subtract Z?Zl fl(xh-)/S from each value, but this has been fized to equal O and so
does not change the averaged values. This happens generically when the data is on a reqular
grid and means the backfitting algorithm converges in one iteration.

The data to fit in x5 is (—1,5/9), (0,8/9), (1,—-13/9) with A = 0.01/3 again. The

H and ) matrices are unchanged so we obtain

AT = (1.51025,0.941748, —0.647249).
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2 -1 0 1 2 B 1 2

Figure 48: Data (red points) and general additive model fit (shaded surface) for example 10.8.
The top plot shows the full surface, while the bottom two plots show the surface from the
x1 and x5 sides respectively.

The algorithm has now converged and we obtain our general additive model estimate of
f(zy,x9) as

A~

3 3
fx1,m2) = % + Zﬁlihi(iﬁ) + Zﬁmhi(l?)
where hi(x) =1, ;12(56) =z, _h3(x) =(z+1)3 —2(2)% + (z — 1)3.

The raw data and the GAM estimate are shown in Figure 48.
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10.5 Wavelet Estimators

We return again to the nonparametric regression model
Y, = f(z:) + &, i=1,...,n, E(g;) = 0, Var(g;) = 02, independently.

In this subsection we will assume that the design is regular deterministic, that is z; —x;_1 =
1/n for all 7. In particular, we consider z; = *

10.5.1 Orthonormal basis and projection estimator

We will denote the set of square-integrable functions by L? = {f e =1/ [ fAa)de < oo}.

Definition 10.22. A set of functions {¢y(x)}re, is called an orthonormal basis of L*[0,1],

of
. Vg€ L? 3 (ay)2, such that g(x Z arppr(x) (the set spans L?[0,1]),
. Vo, Z arpr(r) = 0= all ay =0 (linear independence),
) J# k,/gpk(a:)@j(x) =0 (orthogonality),
° VE,||¢kll2 =1 (normalisation).

Therefore, any function f € L?[0, 1] can be written as

T) = Z Oripor ()

Due to orthonormality of the basis, the coefficients 6, have a simple expression: 6, =
fo r)dx, since

/01 f(@)pr(@)de = /01 [i 93'%'(@] z)dr = Ze [/ ol )dac} _ o,

Examples of orthonormal bases:

1. Fourier basis: yor(z) = 1, wor(x) = cos(2wkx), @ori1(x) = sin(2rkz), k = 1,2,...,
€ [0, 1] (Tsybakov, 2009).

2. A wavelet basis (Vidakovic, 1999)

3. An orthogonal polynomial basis, such as Chebyshev, Lagrange, Laguerre polynomials

(more commonly used in the context of density estimation)
Projection estimator
Assume that f € L?[0,1], and {¢x(z)}32, is an orthonormal basis of L?[0,1]. Then, we

can write -
) = Z Ok ()
k=0
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for some real coefficients 6y, 0y, .... A projection estimation of f is based on a simple idea:
approximate f by its projection Zi\;o Orpr(z) on the linear span of the first N + 1 functions
of the basis, and replace 65 by their estimators. Thus, a projection estimator is constructed
in three steps.

(1) for large N, approximate f(x Z Oron(x

(2) construct an estimator 05 of 6, from data Y1y sYn), K=0,1,....N
N —~

(3) plug in the estimator Hk in the approximation: fN = Z Oror(x)
k=0

From the expression for 6 in terms of f and ¢y, if we know only values of f(z) at points
x;=1/n,i=1,...,n, then for large n the integral can be approximated by a sum:

© 3 o),

Since we observe values of f(x;) with error, we plug in these observation in the above
expression to obtain the following estimator for 6y:

—~ 1<
==Y Yigr().
n =1

Inserting this expression into the estimator of the function, we obtain a projection esti-
mator:

k=0

:i[ En:fwwz]w Xn:Y

N oq

§ _(pk xz ka
n

k=0

which is a linear estimator with weights w;(z) = Y5, Lo (2i)pr(2) which do not depend
on Y;. The choice of N corresponds to choosing the smoothness of the function fy.

10.5.2 Wavelet basis

A wavelet basis is constructed using two functions, a scaling function ¢(z) and a wavelet
function v (z) that are also called the father and mother wavelet respectively. They satisfy

the following properties:
/gb(x)dx =1, /@/J(x)dx =

Definition 10.23. Given a wavelet function ¢ and a scaling function ¢, a wavelet basis on
[0,1] s
{(bawjk?j: 5 7" k_o _1}7

where ¢;i,(z) = 212¢(2x — k), Yi(x) = 2j/2¢(2jx — k:)
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Figure 49: Haar and Daubechies wavelet functions

Under certain additional conditions on the scaling function ¢(z) and the wavelet function
Y(x), this basis is orthonormal. Then, any f € L?[0,1] can be decomposed in a wavelet

basis:
0o 29-1

f( - 90¢ + Z Z ejk"lvb]k

7=0 k=0

and 6 = {6, 0, } is a set of wavelet coefficients:

6y = / o(2)f(@)de, Oy = / () f(2)de

Wavelets (¢,1) are said to have regularity s if they have s derivatives and ¢ has s
vanishing moments ([ x*y(z)dx = 0 for integer k < s).

Examples of wavelet functions are plotted in Figure 49, and the structure of the wavelet
basis is illustrated in Figure 50.

Example 10.9. The Haar wavelet basis is determined by the scaling function ¢(x) = Lo11(x)
and the wavelet function 1 (x) = Lo1/2(x) — 1 211(x) which satisfy

[otwz =1, [v@ar=0. [vuwiz=0.

Check that the basis {¢, Y, j = 0,1,...,k = 0,...,27 — 1} defined by these functions is

orthonormal, that s, that the functions are normalised

ol = [ @i =1. WlB= [vade =1, [al = [ o -

and are orthogonal:

/ ¢(@) ¢ (x)dz = 0, / Yjk(&)hem () = 0 for (j,k) # (€,m).

Local polynomial and kernel estimators provide localisation in time only. A Fourier basis
provides localisation in frequency only. The advantage of a wavelet basis is that it provides
localisation in both time and frequency, at the expense of having two indices. The wavelet
transform provides a sparse representation of most functions (it is the basis of JPEG2000).
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Figure 50: Daubechies wavelet transform, s = 8

10.5.3 Wavelet estimators

A wavelet estimator can be constructed following the same structure as a projection
estimator: R

1) derive an estimate 6j; from noisy discrete wavelet coefficients

2) substitute into the series expansion to obtain the estimate of f, to obtain a wavelet

estimator f:
0o 27-1

F(z) = Oop(x) + > Y Oistbyla)

j=0 k=0
For example, a wavelet projection estimator can be constructed as

Jo—127 -1

f]o( = 90¢ ) + Z Z Ok 0k

j=0 k=0
with
~ ]l = ~ 1 &
bo=—> Yio(x;), Ojp=—> Yivu(x:), j <o
0 n; Cb(fl?) 7k Tl; wjk('r) J 0

From this definition it follows that é\]k =0 for j > Jy. It is a linear estimator.
The number of nonzero coefficients of f,,(z) is

Jo—127—1 Jo—1

1+ZZ1—1+22J—1+2J0_11 20
j=0 k=0

Example 10.10. For the Haar wavelet projection estimator, the variance is

9 Jo—129—1 Jo—1 ] 9o

Var(f]\o(a:)) =2 (p(2))* + Z Z(%k(x))2 B %

n X
7=0 k=0

1+22J :—0
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since (¢p(z))? =1 for all z € 0, 1], and (Yji(2))? = 27 for (j, k) such that x € supp(;i), i.e.
if 2% <z< % (just one k = |x27| for each j satisfies this condition).

We will also consider wavelet thresholding estimators which are examples of nonlinear
estimators (see Section 10.5.10).
10.5.4 Multiresolution analysis (MRA)

In this section there is a brief explanation of why wavelet functions, together with the scaling
function, form a basis.

Definition 10.24. A multiresolution analysis (MRA) is a sequence of closed subspaces V,,,
n € {0,1,2,..} in L*(R) such that

L. VocVicVaC..., Clos(U;V;) = L*(R), where Clos(A) stands for the closure of a
set A.

2. Subspaces V; are self-similar:

9(2z)€V; & gla) €V,

3. There exists a scaling function ¢ € Vi such that fR x)dx # 0 whose integer-translates
span the space Vy:

Vo= {g c L*(R) : ch¢ x — k) for some (Ck)kgz}

kEZ
and for which the set of functions {¢(- — k), k € Z} is an orthonormal basis.
Property 2 of MRA implies that for any h(z) € V; 3g € Vj such that
h(z) = g(2x ch¢ (2 —k
keZ

and hence {¢(27x — k) }rez or, equivalently, {¢;i}rez, form an orthonormal basis of V;. In
particular, since ¢(z) € Vy we have

=V2)  ho(2x — k). (135)

kEZ

The coefficients in this expansion satisfy
Z hi = V2, Z hihy—21 = -
k k

We then define another function (the mother wavelet)

= \/§ng¢(2$ — k)

and require that ¢(z — m) is orthogonal to ¢(x) for all integers m, and that {¢)(x —m) :
m € Z} is an orthonormal set. These conditions impose constraints on the coefficients {g;}

> Gihipam =0Vm E€Z, > grge-a = du
K k



Introduction to Statistics for GWs 201

which can be satisfied by the choice g, = (—1)'7%h;_j. It is clear that the space of functions
spanned by {¢(x — m) : m € Z}, which we denote W), is orthogonal to that spanned by
{¢(x —m) : m € Z}, which is V. The direct sum Wy & Vi can be seen to coincide with V;
(we will not prove this here, but roughly speaking V; is twice the size of V{ so it makes sense
that adding two orthogonal spaces of the same size as Vj together can generate V7).

We can continue this procedure to larger j. For each 7 > 0, we define the “difference”
space W;: Viy = V;@W;, for which an orthonormal basis is given by {¢;x(x) : k € Z}. We
see that L*(R) = Vo@W1&Wod. . . @W;@. . ., and the set {¢(x), Yu(x) : 5 =0,1,2,.., k € Z}
forms an orthonormal basis of L?(R).

10.5.5 Filter characterisation of the wavelet transform

We now prove some of the results used to describe the MRA above.

Proposition 10.4. 1. >, Iy = V2, Y okez 9k =0
2. ZkeZ hl% =1, Zkez 91% =1
3. For all ¥ 7& 0, ZkeZ hkhk_% = 0, Zk’EZ 9kGk—o0v = 0

4. Foralll € Z, > ey grhi—20 = 0.

Proof of Properties 1 and 2. 1. To prove ), _, hj, = V2, we integrate the scaling equation:

1 = /qb(x)dx = Z hk\/§/¢(2$ —k)dr =[v=2z—k| = Z hk2_1/2/¢(v)dv

keZ keZ
1
= B

which implies the result.
Similarly, to prove ), ., gr = 0, we integrate the wavelet equation:

0 = /¢(m)dm = \/§ng/¢>(2$ —k)dx =[v=2x—k] = 2_1/22gk/¢(v)dv

keZ kez
—1/2
= 27V E 9k
keZ

which implies that ), _, g, = 0.
2. To prove ) ., hi =1, we integrate the squared scaling equation:

| = / 6(x)2dz = 2 / [Z B (20 — k:)] dr =" hih, / (2 — k)o(22 — m)d(22)
— Z h2 |

since [ ¢(2x — k)p(2x — m)d(2xz) = 1 if k = m and is 0 otherwise.
Y kez g2 = 1 is proved similarly, by integrating the squared wavelet equation. O
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The two filter decompositions (for ¢(x), with coefficients {hx} and ¢ (x) with coefficients
{gr} satisfying g = (—1)*h;_;) have other properties which we will use later to show that a
finite dimensional version of wavelet decomposition, a discrete wavelet transform performed
via the cascade algorithm, transforms iid Gaussian random variables to iid Gaussian random
variables.

Example 10.11. Determine filters gy, hy for the Haar wavelet transform.
For the Haar wavelets, the scaling equation is

1(0,1] (ZE) = 1(0,1/2] (l‘) + 1(1/271] (ZE) = 1(071](21’) + 1(071}(21' — 1)

That 1is,
$(x) = ¢(22) + (2w — 1) = V2 hypd (2 — k)

kEZ

which implies that the only nonzero values of hy, are hg = hy = 1//2.
The Haar wavelet function satisfies the following:

Y(x) = 10,12 (z) — 1(1/2,1}(@ = 1(0,1](295) - 1(0,1](21’ -1)= % (6(2z) — @20 — 1))

which implies that gy = 1/v/2, g1 = —1/v/2 and the remaining g, are 0.

10.5.6  Discrete wavelet transform (DWT)

In typical realistic settings, we observe only a finite number of noisy values of the function.
How can we obtain (noisy) wavelet coefficients based on this partial information?

10.5.7 Motivation
We want to discretise the wavelet transform:

wjk

b= [ F@ulade = St/ flifn) = 2= (VL) = T =

where W, an n x n matrix defined by Wy; = ¢(z;), Wi, = t(a;) with | = 29 + k + 1,
is (approximately) orthonormal and f, is a vector f, = (f(1/n),..., f(1)). We assume
n = 27 for some integer J. The subscript (jk) in the above denotes the row, | =2/ + k + 1,
corresponding to a particular pair (j, k).

If the function f is bounded, the approximate wavelet coefficients éjk are close to the
exact coefficients 6;: |9~]k —0;x] < C/n. For Haar wavelets, 6, = HNjk since the Haar wavelets
are constants on each interval (i/n, (i + 1)/n) for n = 27 for some integer J.

Use the linear transform defined by a matrix W as a discrete wavelet transform. There
are other ways to derive the approximation, so that |§Jk — 0| < C/n and matrix W is
orthonormal (WW? = ). In practice, it is done via the cascade algorithm which is
derived from filter properties of wavelet transform. In this case, |9~]k — 01| < C/n and the
matrix W satisfies WW7T = I due to the filter properties (Proposition 10.4).

Applying the discretised wavelet transform W to data yields

dix = wip+em 0<i<J—1,k=0,...,27 -1,

Cop = Ugo + €o,
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where dj, and ¢qo are discrete wavelet and scaling coefficients of observations (y;), and €y
and ey are discrete wavelet coefficients of the noise (¢;). If ¢; ~ N(0,0?) independent, then
gjr. ~ N(0,0?) and g9 ~ N(0,0?) independently due to WW7T = 1.

10.5.8 Cascade algorithm

The wavelet and scaling equations are the basis for the cascade algorithm that can be used to
calculate the wavelet coefficients. The algorithm is very fast, taking 2n steps where n is the
number of the observations. The algorithm is constructed by using recurrent equations for
wavelet and scaling coefficients that are derived from the wavelet and the scaling equations
in the following way.

Suppose we observe values of f(x;), ©; = i/n, i = 1,...,n. Denote the corresponding
“noiseless” discrete scaling coefficients by w;, and discrete wavelet coefficients by w;j, (recall
that 0, ~ w;,/v/n and Oy =~ ug/+/n). Then, the wavelet coefficients satisfy the following
(usmg the wavelet equation):

Ojr = /f )y dx—/ f(z — k)22 dx
- /f(x \/_nggb 2(20x — )—m)] 2972 dz;
0

meZ

- /1 f(x) Z G (2j+1$ 9k — m) 2(j+1)/2] da

LmeZ

= ng/ f ¢g+12k+m()

meZ

Here, fo z)¢;k(x)dz are scaling coefficients of f that are not used directly for estimation
but are useful for computational purposes. For the discrete wavelet and scaling coefficients
wj and u;, we can write the following recurrence relation:

Wi = E GmUj+12k+m-
meZ
Using the scaling equation, we can derive a similar connection between the scaling coefficients
at consecutive levels j and 7 + 1:

Uj \/_/ f(x)pjn(z Z Ui 2k +m-
meZ
These recurrence equations are used in the cascade algorithm. They also apply to noisy
scaling and wavelet coefficients ¢, and d ;.
We need to have a starting point. Assuming that supp(¢) = [0, 1], like for the Haar
scaling function, the scaling coefficients at level .J for k = 0,1, ..,27 — 1 satisfy:

(k+1)/27
/ f@2Po2 e~ do =2 [ f@)o(2’s ~ K)da
k/27
(k+1)/27 1
~ f((k+ 1>/n)/ 2/12¢(27x — k)dr = [v = 27w — k] = f(:ck+1)2“’/2/ ¢(v)dv
k/27 0
f(zri)

Q

vn
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Therefore, we can set uy, = f(zgy1), K =0,1,...,2/ —1 =n — 1. For noisy observations
(Y;), we can start with noisy discrete scaling coefficients ¢, = Yi11.
Assumptions for the cascade algorithm.

1.
2.

3.

Y; are (noisy) observations of a function f at points z;, i = 1,..,n
points (z;) form a regular fixed design (z; — ;-1 = ).

n = 27 for some integer J.

Cascade algorithm

1.

2.

3.

Set ¢y = Yiyq for k=0,1,..,27 — 1, set j = J — 1;

Set

Cjk = E hinCit1 264ms  dji = E ImCit1,2k+m)

MEZ mEZL

if 7 = 0 stop; else set j := j — 1 and repeat step 2.

Output: discrete wavelet coefficients cqo, dji for 0 < j<J -1, k=0,...,2/ —1.
Using the expressions for the Haar wavelet filters h;, and g, the recurrent step of the
cascade algorithm for the Haar wavelet transform is

1 1
Uj = ﬁ (Uj+1,2k + Uj+1,2k+1) y Wik = E (Uj+1,2k - Uj+1,2k:+1) .

To reconstruct the function from the wavelet coefficients, this algorithm can be inverted.

10.5.9 Summary

The number of data points n = 27.
Cascade algorithm: set cjo = Y1,...,¢c 971 = Y,,, and compute recursively

Cjk = E hmcj+1,2k+m; djk = E IGmCj+1,2k+m-
m m

The output of the the cascade algorithm are discrete wavelet coefficients: coo & djy,
j < J that satisfy

djr. ~ N(wjy, 0?), coo ~ N(ug,0?), independently.

To construct an estimator of f, choose estimators w;, Ugo(= coo), and hence construct

the corresponding estimators
~ Upo >~ Wik

902%, jk—\/ﬁ-

These estimators are then used to obtain an estimator of the function f:

Ja) = Bosle) + 3D Bintse(a).
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For example, a linear projection estimator f;)(x) for f(z) can be constructed using the
output of the cascade algorithm:

Wi =dj, j<Jo—1; Wi, =0, j>Jo; Uy = oo

For Haar wavelets, the linear projection estimator fj\o coincides with the wavelet estimator
based on discrete wavelet coefficients with w;, = d;i, for j < Jy — 1 and wj;, = 0 for j > Jj.
10.5.10 Thresholding Estimators for threshold A

Hard thresholding estimator

djk;a if |djk| > A

Wi, = djl (|djx| > A) = { 0, if [dj| <A

Soft thresholding estimator

djk — )\, djk > A\
{Djk - O, —)\ S djk S )\
djk + )\, djk < =A

There is a default choice of threshold A that is called the universal threshold:

A =o0+/2logn.

In practice, the standard deviation o is estimated as the median absolution deviation
(MAD):
b\' - 14826 MAD(dJ,LQ, o 7dJ—1,2J—1)

where MAD(z1, ..., x,) = median(|z; — median(x;)|).

10.5.11 Inference on f using wavelet estimators

10.5.12 Asymptotic confidence intervals for f(x)

Vi = f(:) + e, z = — i~ N(0,0?%)
n

To construct an asymptotic confidence interval for f(z), we use the linear estimator

Jo—1290—1
Fa(@) =0oo(x) + 3 > Outhyu(),
j=0 k=0

where
by = i, @ LSy,
0 = ——=Upo, Upo = Coo = ——= iP\T;
Vn Vn &=

A 5N
Wi, Wik = dj, = n ZYz‘wjk(%i)
i=1
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Recall that this estimator is linear:

1 1 Jo—127-1
= Fn(@) sz Yi wi(r) = ~é(x)o(x) + ~ Wi (i) (x),
j=0 k=0
therefore, given independent observations of Y; ~ N(f(z;),0?) fori=1,...,n,

m ~ N (f(x), o’ ilﬁ(@) for large n.
i—1

For Haar wavelets, we derived that > | w?(z) = 2% /n.
Therefore, an asymptotic (1 — «)100% confidence interval for f(z) based on the Haar
wavelets projection estimator fj (z), assuming that J, is large enough so that the bias is

much smaller than the variance, is
270/2
vn o
Note that if Jy is too large, then the confidence interval is large. Therefore, there is a

tradeoff between bias and variance that results in “optimal” choice of Jy. This is discussed
by considering the MISE of fJO( ).

fJo(x) + Raf2

10.5.13 Hypothesis testing

Local support of the wavelet basis is useful when it is of interest to test whether a function
is a constant on a certain subinterval of [0, 1]. We want to test the hypothesis

Hy : f(x) = constant on (a,b)

using Haar wavelets.

Due to the support of 1 being [k/27, (k+1)/27], for (a,b) = (m27¢, (m+1)27) for some
positive integers m and ¢ this hypothesis is equivalent to the following hypothesis about the
Haar wavelet coefficients of function f:

+1/2
9i

Hy : 0, =0 for (j,k) such that a < <b

that is, the change point of 1, is inside (a,b). The equivalent null hypothesis can also be

written as
1 +1/2

Hy : wj, = 0 for (j, k) such that a < <b

since (0, = wj//n) for Haar wavelets.

Test this hypothesis using observed discrete wavelet coefficients dj, ~ N(wjk, 0?), j =
0,....,J—1,k=0,...,2 — 1, independently.

Given only n = 27 observations, we can test this hypothesis only using the wavelet
coefficients with j < J:

k+1/2
Hy : wy, = 0 for (4, k) such that a < +‘/

<b&j < J
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Test statistic:

T=0" Z d?k

3.k a<k+1/2<b j<J

which has a x2, distribution under the null hypothesis where m is the number of coefficients
tested to be zero, that is, m = Card{(j, k) : a < k+1/2 <b0<j<J,0<k<2 -1}
Example 10.12. Data: y = (—1.0,—-0.2,0.8, 0.6, 0.0, -0.4,-0.3,-0.5), x; =i/8,i=1,..,8,
n = 8. The data follows the nonparametric regression model with o = 0.2.

1. Test Hy : f(x) = const on (1/4,1/2).

Corresponding hypothesis for the wavelet coefficients is Hy : wj, = 0 for (j, k) that satisfy

14 < B2 <1/2  j<J—1=2then (2/4—1/2) <k <2/2—1/2

Since n = 8 = 23, we have J = 3 and hence we consider 0 < j < 2:

J=2:1/2<k<3/2,ie k=1 and hence (j,k) = (2,1) satisfies the condition

j=1:0<k < 1/2 no integer in the interval, so none

j=0:-1/4 <k <0 none.

Therefore, the equivalent hypothesis is Hy : wy = 0. Since the corresponding noisy
discrete Haar wavelet coefficient doy ~ N(wo1,02), under the null hypothesis T = d3,/c? ~
X3, therefore we reject Hy at a 5% significance level if T = d3,/o* > x3(5%) = 3.841. Since
for this data dyy = 0.1414 and hence T = d3,/0? = 0.5 < 3.841, there is not sufficient data
to reject the null hypothesis at a 5% significance level.

2. Now test Hy : f(z) = const on (1/2,1).

The corresponding hypothesis for the wavelet coefficients is Hy : w;, = 0 for (j,k) s.t.
1/2 < kH/Q < 1, that is, for (j,k) such that

<:>2]/2—1/2< k<2 —1/2.

7 < J—1=2. Check this condition for each 0 < j < 2:
J=2:3/2<k<T7/2, that is, k =2,3
jg=1:1/2 <k <3/2, that is, k =1
j=0:0<k<1/2 none

Therefore, the equivalent hypothesis is
HO L W11 = Woo — Wa3 = 0.

The test statistic is T = (d3, + day + d33)/0? ~ X3 under Hy. That is, we reject the
null hypothesis at a 5% significance level if T > x3(5%) = 7.815. For this data, T =
(0.2% 4 0.2828427% 4 0.1414214%) /0.04 = 3.5 < 7.815, therefore there is not sufficient data to
reject the null hypothesis at a 5% significance level.

Remark 10.2. For an arbitrary interval (a,b) (that is, not of the form (m2=¢ (m+1)27%)),
the equivalent null hypothesis in terms of Haar wavelet coeﬁ?cients 18

k 2 k+1
HO:wjkzofor(j,k)suchthat{a<2—<bora< 2/ bora<%<b},

forj=0,1,...,J —1and k=0,1,...,2 — 1. That is, in the more general case we need to
check if any of the three points where the Haar wavelet 1, jumps between different constant
values is inside the interval (a,b).

For an interval of the type (m2=¢, (m + 1)27%) it is not necessary to check the end point
since they are either at the same place with regard to (a,b) (that is, inside or outside) as the
mid point (k+ 1/2)277 or on the boundary of the interval.
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10.5.14 MISE (mean integrated square error) of wavelet estimators

Suppose a function f has the following wavelet decomposition:

oo 29—1
F(@) = 60d(x) + Y > Oitbie(a),
j=0 k=0
and consider a wavelet estimator
. A oo 29—1 A
flo) = bod(x) + D> Optoju()
=0 k=0

Lemma 10.2. (Parseval identity). For a function f and its wavelet estimator f(x),

1 = 113 = (60 — 60)? ZZ ik — 0

7=0 k=0

This is due to the wavelet basis being orthonormal.
Consider the following estimator of the wavelet coefficients for j = 0, .., Jy — 1 for some

J()Z
. 1 &
O = — > (@)Y,
=1

and éjk = 0 for j > Jy. The estimator of the scaling coefficient is 0y = %Z?:l o(z,;)Y;
Sometimes we refer to 6y as 0_1 o, and to ¢(x) as ¥_1 o(z).
The corresponding wavelet estimator is

Fo@) = D" 0phu(x) ZY SN vla) (e

i<Jo—1 k =1 i<Jo—1 k

This wavelet estimator

n

f]o iZY; Z ijk T wjk

= 1<Jo—1 k

is linear since it can be written as

folz Z YiWi(z

with W;(x) = ZJ<J0 1x V(i)Y (), i.e., that is independent of the Y;’s.
By Lemma 10.2,

oo 29—1

Ellf = fII3 =B — 00)* + > Y B0 — ),

=0 k=0

hence it is sufficient to find MSE of éjk, E(é]k — 01)%.
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We know that )
E(0j — 031 = Var(djx) + |bias(dh)]|

Therefore, we need to find the variance and the bias of éjk.

Variance
For j < Jy—1,
. 1 —
Var <9jk> = Var - ;%k(%)yi
1 & _ Pl
52
= 21+
(14 o(1),
due to the independence of the Y;’s and 3% | % () fo =1.
Bias

For 7 < Jy — 1, the bias is

E( k—9jk>= foz%kxz /f )i (x

Assume that f € H?(M;) and is bounded, i.e. |f(x)| < C; for all z € [0,1]. We assume
that the wavelet function ¢ is such that |¢(x) — ¥ (y)| < My|x —y| for all z,y € [0, 1], and it
is bounded: |¢(z)| < Cy for all x € [0,1] (and that the same conditions hold for the scaling
function ¢). We also assume that supp(¢)) C [0, 1] and supp(¢) C [0, 1] .

Under these assumptions with 5 € (0, 1], the absolute value of the bias is bounded by

|E <éjk - 9ﬂc> | < Z/ )Vk(x) — f (@) Vn(z;)| do

IN

Z/ (@) hp() = f(@)an (@)l + [f (@) (i) = f (@) (i)l] do

IN

max|f |23/2Z/ V(2z — k) — (2 — k)| dw

+Z|¢3k (2) / f(w)] da.

Considering the first term on the right hand side, we have

/ (@ — k) — (D — k)| de < Mw/ 2g — k= (22 — k)|da
< 0.5My2'n~>

The intersection of the interval of integration [(i — 1)/n,i/n] and the support of ¥y

supp(vy) = [k277, (k + 1)277] = [k2"7 /n, (k + 1)277 /n]
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is nonempty (and consists of more than a single point) iff k2777 <i—1 < (k+1)2777 or
k2770 <4 < (k+1)2777 ie. k2777 +1 <i << (k+1)2/77. There are 2777 of such 4. Thus,

> / ik () — (i) |de < 0.5M 2702277 = 0.5Myn=227 = 0.5Myn™",
using n = 27 and hence
max | f(2)]207 Z/ Y2z — k) — (2 — k)| dx < 0.5C M2/ *n !

For the second term, we have

| @ = rwar < 0ty [ le-np < o

and using the restriction to the support of

()| < 272C, (k2777 +1 < i < (k+1)2779),
= Z ()| < 2720, S 1(k277 41 <0 < (k+1)277) < 277920, < Cyn212,

=1

Thus,

R , M;C,
Bl — 0] < 0.5CpMy29/2n~ " 4 —I20970/2p =5
| Jk Jk‘ = JH n +<5+1)
again using n = 27 and j < J.
MSE (6;;,) for j > .J
For j > Jo, 6;, = 0, and therefore the MSE (8,;) = E(f; — 0;)% = 0%,
For f € HA(My;), |06 < Mp27965+Y2) for all j, k.

Now we summarise the properties of bias and variance of éjk that we have derived.
Lemma 10.3. Assume that
o f € H(My), Be(0,1), and |f(z)] < Cy for all x € [0,1];

o ¢ is such that supp(y) C [0,1], |¢(x) —Y(y)| < My|lx —y| for all x,y € [0,1], and it
is bounded: |(z)| < Cy for all x € [0,1] (and that the same conditions hold for the
scaling function ¢).

Then, for éjk = % Z?:l Vi (2;)Ys,
. o?

Var <9jk> = ?(1 +o(1)) asn— oo,
ij)

Ibias(fy)| < 20! + 279200,

M;C,,
(B+1) -

where ¢; = 0.5Cy My, and ¢y =
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MISE of f),(z)
Under the assumptions of Lemma 10.3, the MISE of the linear wavelet estimator is

Jo—12i—1 oo 271
Ellf = full} = Bl —00)°+ > > Bl — 007+ > > 0%
J=0 k=0 J=Jo k=0
2 Jo—127—-1 ‘
< 2P (L4 o(1) + 2401+ Y] Y2
j=0 k=0
Jo—129—-1 oo 291
a3 S Y S g
j=0 k=0 Jj=Jo k=0
9 272/5]0
= 207 (14 o(1)) + 280 A2+ 2)/3 4 263y + 1) + MiT—
N
< o*—(1+0(1)) + &n AN + én P logn + &N~ + &n?
n

where N = 2% <27 =n and ¢, = 2¢}/3, & = 2¢3, &3 = M7(1 —272%)"! and & = 4¢}/3.

For the estimator to be consistent, we need the MISE to tend to 0 as n — oo, therefore
we need N/n — 0 and N — oo as n — oo. In this case, the second term is much smaller
than the first one, and log N < logn. Therefore, to find the optimal N (and hence the
optimal Jp) that minimises the upper bound on the MISE, we can consider just 2 remaining
terms:

=

MISE(fy) < o*=(1+0(1)) + &N "2 (1+0(1))

n
This expression is minimised when N = en/@#+D_ that is, when 2% = ¢2//Z8+1) which
implies that Jy = 25%(1 +0(1)) as n — oo (and hence as J — 00).
Therefore, the linear wavelet estimator with Jy = T{‘rl has MISE bounded by
MISE(f;,) < Cn~ /G541

that is, it achieves the global minimax rate of convergence, and it has the same rate of
convergence as the kernel estimator with the optimal bandwidth.

Note that this estimator is non-adaptive, that is, we need to know [, the smoothness
of the unknown function, to estimate f well. The wavelet thresholding estimator with the
threshold (1 + d)oy/2logn for any d € (0,1) (that is, slightly larger than the universal
threshold) achieves the optimal rate of convergence (up to a factor of logn) adaptively,
that is, without using the smoothness of f.
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11 Gaussian and Dirichlet Processes

We encountered stochastic processes when we discussed noise in gravitational wave detectors
and then again in the discussion of Time Series. Another application of stochastic processes
is to generate probability distributions, as the relative frequencies of different outcomes of
the stochastic process over long time intervals. We will be concerned with two particular
types of stochastic process.

e Gaussian processes: These are infinite dimensional generalisations of the Normal
distribution and realisations of these are random fields.

e Dirichlet processes: These are infinite dimensional generalisations of the Dirichlet
distribution, and realisations of these are probability distributions.

11.1 (Gaussian processes

A multivariate Gaussian distribution returns values of a finite set of random variables. A
natural extension is to regard the set of random variables as the values of some random
field at certain points. To generate the full random field we need an infinite dimensional
Gaussian distribution, which is a Gaussian process. Formally we denote a random field,
y(x), generated by a Gaussian process via

y(x) ~ GP(m(x), k(x,x'))

where m(x) and k(x,x’) are the mean and covariance function of the Gaussian process. For
simplicity of notation we assume that the random field is single valued at each point, but
the extension to multivariate outputs is straightforward.

Formally, a GP is an infinite collection of variables, any finite subset of which are dis-
tributed as a multivariate Gaussian. For a set of parameter points {x;}, including, but not
limited to, the training set D,

ly(xi)] ~ N(m, K), (136)

where the mean vector and covariance matrix of this Gaussian distribution are fixed by the
corresponding functions of the GP,

—m(x), (K], = k(%) (137)

)

with probability density function

P ({yx}) =~ exp (—1 S yx) = mix)) [K 1], () - m(xm) - (139)
vV (2m)N K| 24 ’
Gaussian processes are often used for interpolation. In that context, the training set D
represents the set of known values of the field, e.g., the results of computational simulations
at certain choices of input parameters, which we denote by 7(x;). The Gaussian process
is constrained by this training set and then used to predict the value of the field at new
points in the parameter space, with associated uncertainties. If the values of the field at the
training points are not known perfectly, but have uncertainties ¢; ~ N(0,¢?), the expression
above takes the same form but with the replacement
[K,; = k(xix;) + 070

v
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Even with perfect simulations it can be advantageous to include a small error term, as this
helps with inversion of the covariance matrix.

The mean and variance of the GP determine how the function is interpolated across the
parameter space. It is common in regression to set the mean of the Gaussian process to zero,
but specifying the covariance function is central to GP regression as it encodes our prior
expectations about the properties of the function being interpolated. Possibly the simplest
and most widely used choice for the covariance function is the squared exponential (SE)

2 1 a b
k(xi,x;) = ojexp —§gab(xz~ —x;)"(x; — %) , (139)
which defines a stationary, smooth GP. In Eq. (139), a scale oy and a (constant) metric g, for
defining a modulus in parameter space have been defined. These are called hyperparameters

and we denote them as 6 = {0, gap}, with Greek indices p, v, ... to label the components
of this vector.

When the set of points, {x;} coincides with the training set, the probability in Eq. (138)
is referred to as the hyperlikelihood, or alternatively the evidence for the training set; it is
the probability that that particular realisation of waveform differences was obtained from a
GP with the specified mean and covariance function. The hyperlikelihood depends only on
the hyperparameters and the quantities in the training set, so we denote it as Z (5\1?) The
log hyperlikelihood is

In Z(6|D) = —gln(Qﬂ)
~5 Y (ux) = ) kG )™ (y(x5) = ()
_% In det [k(x, x;)]] - (140)

The values of the hyperparameters can be fixed to their optimum values 5Op, defined as
those which maximise the hyperlikelihood:

0Z(0|D)

T ~0. (141)

=0,p

An alternative approach is to consider the hyperparameters as nuisance parameters in ad-
dition to the source parameters x, and marginalise over them while sampling an expanded
likelihood,

Aexpanded(X; e_]D) X E(X|§, D)Z(é“'D) (142)

The disadvantage of this approach is that the hyperlikelihood is expensive to compute and
the inclusion of extra nuisance parameters slows down any application of the GP. In contrast,
maximising the likelihood is a convenient heuristic which is widely used in other contexts
and allows all the additional computation to be done offline.

Having fixed the properties of the covariance function by examining the training set, we
can now move on to using the GP as a predictive tool. As mentioned above, the defining
property of the GP is that any finite collection of variables drawn from it is distributed as a
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multivariate Gaussian in the manner of Eq. (138). Therefore, the set of variables formed by
the training set plus the field at a set of extra parameter points {y(z;)} is distributed as

BEZ” ~N(mY), E= (II{{T g) 7 (143)

where K is defined in Eq. (137) and the matrices K, and K., are defined as

(K.,

ij

=k(xi,25),  [Kulij = k(zi,2;). (144)

The conditional distribution of the unknown field values at the new points, given the observed
values in D, can now be found and is given by

Py} o< exp [~ S (0(a;) — ) S5 (uoxe) — ) (145)

j?k

where the GPR mean and its associated error are given by

po= miz)+ K. (K (00) — mixi)), (146)
J,k
Sy o= [Kauly— Y (K, (K7, K., - (147)

11.2 The covariance function

The properties of the covariance function play an important role in determining the nature
of the Gaussian process and its behaviour when used for regression. The only necessary
requirement on a covariance function is that it is positive definite; i.e. for any choice of
points {x;}, the covariance matrix K;; = k(x;,X;) is positive definite. However, there are
other properties which are not required, but are still desirable.

The covariance function (and the corresponding GP) is said to be stationary if the co-
variance is a function only of 7 = x; — x5, furthermore it is said to be isotropic if it is a
function only of 7 = |7| = |x; — x|.! Isotropy of a GP implies stationarity, but the converse
is not true.

In the following subsections, we consider two aspects that enter the definition of the
covariance function:

1. specifying the distance metric in parameter space ggp;
2. specifying the functional form of the covariance with distance k(7),
These cannot be completely separated; there exists an arbitrary scaling, « of the distance 7 —

a1 which can be absorbed into the definition of the covariance, k(1) — k(7/«). However,
provided the steps are tackled in order, there is no ambiguity.

'We have yet to define a metric on parameter space with which to take the norm of this vector (see
Sec. 11.2.2), but all that is required here is that a suitably smooth metric exists.
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11.2.1 The metric g

One simple way to define a distance 7 between two points in parameter space, and the way
used in the SE covariance function in Eq. (139), is to define 72 = g.,(x1 — X2)%(x1 — X2)°,
where g, are constant hyperparameters. This distance is obviously invariant under a simul-
taneous translation of x; — x;+ A and X9 — X3+ A; therefore, this defines a stationary GP.
For a D-dimensional parameter space, this involves specifying D(D + 1)/2 hyperparameters
Gab-

More complicated distance metrics (with a larger number of hyperparameters) are possi-
ble if the condition of stationarity is relaxed, i.e. gap — gup(x). Given a family of stationary
covariance functions, a non-stationary generalisation can be constructed. A stationary co-
variance function can be considered as a kernel function centred at xi; k(X1, X2) = kx, (X2).

Allowing a different kernel function to be defined at each point x;, a new, non-stationary

covariance function is k(x1,x2) = [ ddka(x1)ka(x2).> Applying this procedure to a D-

dimensional SE function generates a non-stationary analogue

4 —1/2
i1/4 | Hi1/4 |G+ G 1
k(i x;) = op |G 6] — | P <—§Qij) , (148)
where
N

i j

Qi = (xi—x)"(x —x;)" <%gab) ’ (149)

and G', = inv[g.(x;)] is the inverse of the parameter-space metric at position x;. Provided
that the metric g,;(x) is smoothly parameterised this non-stationary SE function retains the
smoothness properties discussed earlier.

The generalisation in Eq. (148) involves the inclusion of a large set of additional hyper-
parameters to characterise how the metric changes over parameter space; for example one
possible parameterisation would be the Taylor series

() = galx0) + (" —xg) 20|y (150)

X=X(

with the hyperparameters g.,(x0), 9gas(x)/0A, and so on. The inclusion of even a single
extra hyperparameter can incur a significant Occam penalty which pushes the training set
to favour a simpler choice of covariance function. For this reason most applications use
stationary GPs.

An alternative to considering non-stationary metrics is instead to try and find new coordi-
nates \ = S\(X) such that the metric in these coordinates becomes (approximately) stationary.
Such transformations are very problem specific and finding them typically requires expert
knowledge of the context of the application.

11.2.2 The functional form of k(1)

The second stage of specifying the covariance function involves choosing the function of
distance k(7). In general whether a particular function k(1) is positive definite (and hence

2To see that k is a valid covariance function consider an arbitrary series of points {x;}, and the sum over
training set points I =, ; a;a;k(x;,%;); for k to be a valid covariance it is both necessary and sufficient

that I > 0. Using the definition of k gives I = [da Y, ; aiajka(xi)ka(x;) = [ du (32, aika(xi))? > 0.
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Power-Law Exponential Cauchy

Figure 51: Plots of the different generalisations of the SE covariance function discussed in
Sec. 11.2.2. The left-hand panel shows the PLE function, the centre panel shows the Cauchy
function, and the right-hand panel shows the Matérn function; in all cases the value of oy was
fixed to unity. In each panel the effect of varying the additional hyperparameter is shown by
the three curves. For the PLE covariance the case n = 2 recovers the SE covariance, while
for the Cauchy and Matérn covariances the case n — oo recovers the SE covariance. Figure
reproduced from Moore et al. (2015).

is a valid covariance function) depends on the dimensionality D of the underlying space (i.e.
x € RP); however, all the functions considered in this section are valid for all D. Several
choices for k(7) are particularly common in the literature, including

e The squared-exponential covariance function (which has already been introduced),
given by
1
kse(T) = oF exp (—572) . (151)

e The power-law exponential (PLE) covariance function, given by

1
kaE(T) = 0']% €xXp (—57‘") , (152)

where 0 < n < 2. The PLE reduces to the SE in the case n = 2.

e The Cauchy covariance function, given by

2

If
kCauchy(T) == (

A2 (153)

where 77 > 0. This recovers the SE function in the limit n — oc.

e The Matérn covariance function, given by
291—n
B 052

bia(7) = (\/%T)"Kn (\/%T) (154)

where 7 > 1/2, and K,, is the modified Bessel function of the second kind. In the limit
1n — oo, the Matérn covariance function also tends to the SE.

Fig. 51 shows the functional forms of the covariance functions. They have similar shapes;
they return a finite covariance at zero distance which decreases monotonically, and tends
to zero as the distance becomes large. In the case of regression this indicates that the
values of the field at two nearby points in parameter space are closely related, whereas the
values at two well separated points are nearly independent. The PLE, Cauchy and Matérn
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function can all be viewed as attempts to generalise the SE with the inclusion of one extra
hyperparameter 7, to allow for more flexible GP modelling. All three alternative functions
are able to recover the SE in some limiting case, but the Matérn is the most flexible of the
three, due to its differentiability properties.

We will see in section 11.3 that the mean-square differentiability of a GP is determined
by the differentiability of its covariance function at 7 = 0. The SE covariance function is
infinitely differentiable at 7 = 0, and so the corresponding GP is infinitely (mean-square)
differentiable. The PLE function is infinitely differentiable at 7 = 0 for the SE case when
n = 2, but for all other cases it is not at all differentiable. In contrast, the Cauchy function
is infinitely differentiable at 7 = 0 for all choices of the hyperparameter n. The Matérn
function, by contrast, has a variable level of differentiability at 7 = 0, controlled via the
hyperparameter 7. The GP corresponding to the Matérn covariance function in Eq. (154)
is (-times mean-square differentiable if and only if n > {. This ability to modify the differ-
entiability allows the same covariance function to successfully model a wide variety of data.
In the process of maximising the hyperlikelihood for the training set over hyperparameter 7,
the GP learns the (non-)smoothness properties favoured by the data, and the GPR returns
a correspondingly (non-)smooth function.

11.2.3 Compact support and sparseness

All of the covariance functions considered up until this point have been strictly positive;
k() >0 V71 €]0,00). (155)

When evaluating the covariance matrix for the training set K;; this leads to a matrix where
all entries are positive definite; i.e., a dense matrix. When performing the GPR it is necessary
to maximise the hyperlikelihood for the training set with respect to the hyperparameters.
This process involves inverting the dense matrix Kj;; at each iteration of the optimisation
algorithm. Although this procedure is carried out offline, it can still become prohibitive for
large training sets. For large training sets the determinant of the covariance matrix is also
typically small which contributes to making the covariance matrix hard to invert.

One potential way around these issues is to consider a covariance function with compact
support,

k(t)>0 7€][0,7T], (156)

k(t)=0 V1€ (T,00),
where T is some threshold distance beyond which we assume that the waveform differences
become uncorrelated. This leads to a sparse, band-diagonal covariance matrix, which is much
easier to invert. Care must be taken when specifying the covariance function to ensure that
the function is positive definite (which is required of a GP): if the SE covariance function is
truncated, then the matrix formed from the new covariance function is not guaranteed to be
positive definite.

It is possible to construct covariance functions which have the requisite properties and
satisfy the compact support condition in Eq. (156). These are typically based on polynomials.
One such series of polynomials was proposed by Wendland. These have the property that
they are positive definite in R” and are 2¢-times differentiable at the origin. Therefore the
discrete parameter ¢ is in some sense analogous to the n hyperparameter of the Matérn



218 Introduction to Statistics for GWs

Wendland Polynomials

1.0
3\\
0.8-
— q=0
_ 06
o) NN ] e q=1
o RS
0.41 “.‘ \\\ 1 eeeeeee- q=
0.2f - 9=3

0. : : .
00 02 04 06 08 10

Figure 52: Plots of the first few Wendland polynomial covariance functions. All these func-
tions have compact support, k(1) = 0 for 7 > 1. As the value of ¢ increases the functions
become smoother near the origin. Figure reproduced from Moore et al. (2015).

covariance function in that it controls the smoothness of the GP. Defining /3 to be

B = LgJ +q+1 (157)

and where ©(x) denotes the Heaviside step function, the first few Wendland polynomials
kp,q(T) are given by,

kpo(T) = a?@(l —7)(1—1)°, (158)
kpa(r) = of0(l—7)1—7)"" 1+ (B+1)7], (159)
kpoo(r) = %@(1 A =734 (384 6)T

+ (2 +48+3) 17, (160)
kp.o(r) = %@(1 — (1= 1) 15+ (158 + 45) 7

+ (687 + 3683 + 45) 7°

+ (B +98*+233+15) 7°] . (161)

The Wendland polynomials are plotted in Fig. 52. Other types of covariance functions with
compact support have also been proposed and explored in the literature, but we will not
discuss them here.

11.3 Continuity and differentiability of GPs

Before moving on to some examples, we give proofs concerning the continuity and differen-
tiability of GPs. Let x1, x5, X3 ... be a sequence of points in parameter space which converges
to a point X, in the sense lim;, |x; — x.| = 0. The GP Y (x) is said to be mean-square
(MS) continuous at x, if

lim E[(¥(x) — ¥ ()Y (%)~ Y(x.))] = 0. (162)
where E[...] denotes the expectation of the enclosed quantity over realisations of the GP.

Here we are using (a|b) to denote the inner product on the output space of the GP. Normally
this will be a vector of real or complex values, in which case this reduces to the usual norm.
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MS continuity implies continuity in the mean,

elirn EY(x) —Y(x:)]=0. (163)
—00
There are other notions of continuity of GPs used in the literature, but the notion of MS
continuity relates most easily to the properties of the covariance function.

The mean and the covariance of a GP are defined as

m(x) = E[Y(x)], (164)
k(x1,%x2) = E[(Y(x1) —m(x1)|Y(x2) — m(x2))].

Using these, Eq. (162) can be written as
lim {k(x,, X.) — 2k(x0, x,) + k(x, x¢)

{— 00

+ (m(x.) —m(xe)|m(x.) —m(xe))} = 0, (165)
and using the continuity of the mean in Eq. (163) gives
lim [k(x., X.) — 2k(xe, X,) + k(X7,%0)] = 0. (166)

{—00

This condition is satisfied if the covariance function, k(x;,x3), is continuous at the point
X; = X9 = X,. Therefore, we arrive at the result that if the covariance function is continuous
in the usual sense at some point x,, then the corresponding GP is MS continuous at this
point.® In the special case of stationary covariance this reduces to checking continuity of
k(T) at 7 =0, and in the special case of isotropic covariance, continuity of k(7) at 7 = 0.

We now move on from continuity to consider differentiability. In the spirit of Eq. (162),
the notion of taking the MS derivative of a GP is defined as

Y (x)

oxe 135({1 Xa(x,€), (167)

where 1.i.m is read limit in MS and
Y(x+eé,) —Y(x)
€

Xa(x,€) = (168)

with parameter-space unit vector é,. This definition can be extended to higher-order deriva-
tives in the obvious way.

The MS derivative of a GP is also a GP; this follows simply from the fact that the sum
of Gaussians is also distributed as a Gaussian. The covariance of X,(x, €) is given by

K (x1,%2) = E[(Xu(x1,€) — Z(x1,¢€)]
Xo(x2,€) — E(x2,€))] (169)

where Z,(x, €) = E[X,(x,€)]. It then follows that

k(xy +¢e,x0 + €) — k(x1,X2 + ¢€)
2

Ke(XhXQ) = B
k(xy + €,%x9) — k(x1,X2)

- 2

(170)

€

3A GP is continuous in MS if and only if the covariance function is continuous, although this is not proved
here.
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Substituting this into Eq. (167), the limit in MS becomes a normal limit, and the result is
obtained that the MS derivative of a MS continuous GP with covariance function k(xi, X2)
is a GP with covariance function 92k (xy, x3)/0x$0x5. In general the covariance function of
the (-times MS differentiated GP

%Y (x)
171
Ox®19x%2 .., Ox% "’ (171)
is given by the 2(-times differentiated covariance function
0%k
(1, x3) (172)

al al a2 as ag¢ ag¢ -
Ox{'0x5'0x120%57 . .. 0%, 0%,

From the above results relating the MS continuity of GPs to the continuity of the covari-
ance function at x; = x9 = Xx,, it follows that the (-times MS derivative of the GP is MS
continuous (the GP is said to be (-times MS differentiable) if the 2¢-times derivative of the
covariance function is continuous at x; = Xy = X,. So it is the smoothness properties of the
covariance function along the diagonal points that determine the differentiability of the GP.*

11.4 Example applications of (zaussian processes

Example: interpolation of a quadratic We consider first a toy problem in which we
generate noisy measurements, {y;}, at 200 points, {z;}, randomly chosen in the interval
0, 1] according to

Y = —2 — 3w + 517 + ¢, €~ N(0,0.15%).

We then fit a Gaussian process to a training set comprising a subset of these points. We
use a squared exponential covariance function and optimize the hyperparameters over the
training set. The results of this procedure are shown in Figure 53. Results are represented
by the expectation value and 1o uncertainty computed from the fitted Gaussian process as a
function of z. We see that the Gaussian process is well able to recover the true function, even
with as a few as ten training points. This is a particularly simple function and if we knew
that the relationship was quadratic there would be no need to use a Gaussian process to fit
the data. In Figure 54 we show the result of fitting a quadratic model to the same data. As
expected, the fit is slightly better, but not hugely so. The advantage of the Gaussian process
approach is that you do not need to know the form of the model in advance, and avoid the
problem of model mis-specification. In Figure 55 we show the result of fitting a linear model
to the same data. We see that we end up with a very precise, but wrong, representation
of the curve. Gaussian process regression models have greater flexibility and should always
converge to the true underlying function in the limit that the number of observations tends
to infinity.

Example: waveform model errors We will now consider a few examples from the
gravitational wave literature. There are many of these that have all appeared since ~
2015, so we cannot describe them all but we will mention a few different examples. The
first application of Gaussian processes in a gravitational wave context was to characterise
uncertainties coming from waveform model errors (Moore & Gair (2014)). A Gaussian
process was used to model the error in a particular waveform model family over parameter

4Tt can be further shown that if a covariance function k(xi,x») is continuous at every diagonal point
X1 = X9 then it is everywhere continuous.
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Figure 53: Gaussian process fit to noisy measurements of a quadratic, for different sizes
training set, as stated in the title of each panel.
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Figure 54: As Figure 53, but now fitting a quadratic linear model to the same data.
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Figure 55: As Figure 53, but now fitting a linear model to the same data.
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Figure 56: Comparison between uncorrected, corrected and “true” likelihood for inference
with waveform models that include model error. The corrected likelihood uses a Gaus-
sian process to model the waveform error and then marginalises this out of the likelihood.
Reproduced from Moore et al. (2015).

space. Using a training set based on model errors estimated as the difference between
two different approximate waveforms, a Gaussian process model for the waveform error
was produced. As this distribution is Gaussian and so is the normal gravitational wave
likelihood, the waveform error can then be marginalised out of the likelihood to give an
alternative marginalised likelihood for use in parameter estimation. This marginalised
likelihood took the form

2

oo 2 vem )

In this X is the vector of parameters characterising the gravitational wave signal, the quantity
,u(X) is the Gaussian process estimate for the model error, and shifts the distribution to
eliminate the error, and UZ(X) is the variance in the Gaussian process, which widens the
posterior to account for the uncertainty in the model error. Use of this marginalised likelihood
corrects for biases in parameter estimation, as illustrated in Figure 56.

Example: waveform interpolation In Williams et al. (2020), Gaussian processes were
used to directly model the gravitational waveform, rather than its error. A set of numerical
relativity waveforms were used to create a training set to which a Gaussian process model
was fitted. In Figure 57 we show some random draws from the GP model at a certain point in
parameter space and compare these to two different waveform approximants evaluated at the
same point. We see that the GP uncertainty band includes all of the different approximants
and so automatically factors in waveform uncertainty.

Example: population inference In Taylor & Gerosa (2018), a Gaussian process was
used as a means to interpolate the output of binary population synthesis code over the
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Figure 57: Comparison of several approximate waveform models to random draws from a
Gaussian process interpolant trained on numerical relativity simulations. Reproduced from
Williams et al. (2020).

space of physical parameters that characterise them. The resulting model, continuous over
parameter space, was then used to infer properties of the underlying astrophysical population
based on a set of observed compact binary inspirals. Figure 58 shows simulated inferred
posteriors on the population parameters that were produced in this way.

Example: equation of state uncertainties Landry & Essick (2019) and Essick,
Landry & Holz (2019) used a Gaussian process to model the equation of state of a neutron
star, p(p). The hyperparameters of the Gaussian process were constrained using a training
set including numerical equation of state simulations. The resulting model generates random
equations of state which can be used to marginalise equation of state uncertainties out of
inference on gravitational wave signals from binary neutron stars. Figure 59 shows a set of
random draws of the equation of state from the Gaussian process.

11.5 Dirichlet Processes

Recall that a Dirichlet distribution generates a set of K random values, {x;}, constrained to
take values with 0 < z; <1 for all ¢ and ) x; = 1. The distribution depends on a vector of
parameters & = (o, ..., o) and has pdf

_ Hfil I'(ai) '
r <Z]K:1 O‘J’)

A realisation of a Dirichlet distribution is a probability mass function for a discrete distribu-
tion with K possible outcomes. A Dirichlet process generalises the Dirichlet distribution
to infinite dimensions and a realisation of a Dirichlet process is a continuous probability
distribution. A Dirichlet process is characterised by a base distribution, P, and a con-
centration parameter, a. The base distribution is a probability measure on a set S. The
process X is a Dirichlet process, denoted X ~DP(P, a) if for any measurable finite partition
of the set S, {B;}!,, the probability distribution on this partition generated by X is

W) = g 1 B@

(X(B1), X(Bs), ..., X(B,)) ~ Dit(aP(B,),aP(Bs), ... ,aP(B,)). (174)

In the limit a — 0, the Dirichlet pdf, which is proportional to x?i_l, places a logarithmi-
cally increasing weight towards the lower boundary of the variable range. Draws from this
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Figure 58: Posteriors on physical parameters of the astrophysical source population inferred
form simulated observations of binaries. Inference relied on a Gaussian process model that
interpolated the output of the population synthesis codes over the astrophysical parameter
space. Reproduced from Taylor & Gerosa (2018).

distribution will therefore be singletons, with all z;’s bar one equal to zero. For small a the
Dirichlet distribution will therefore tend to be discretized, with probability concentrated at
a small number of locations.

In the limit @ — oo, the distribution becomes more and more concentrated at its mode,
which is at x; = P(B;). Every realisation of Dir(aP(By),aP(Bs),...,aP(B,)) therefore
returns (P(By),. .., P(B,)) and every realisation of the Dirichlet process thus gives the base
distribution.

These limits show that the Dirichlet process generates discretized representations of the
base distribution, with the level of discretization decreasing as a — oo. To illustrate this,
we show in Figure 60 and 61 some realisations of a Dirichlet process, for a fixed base distri-
bution, P = N(0,1), and various choices of a. In each figure, we represent the realisation
of the Dirichlet process by a set of 1000 random draws from the realised probability distri-
bution. It is clear that for small a, only a small number of values are returned, showing
high discretisation, but as a increases the number of distinct values is increasing and the
distribution becomes a closer and closer approximation to the base distribution.

11.5.1 Sampling Dirichlet processes

A realisation of a Dirichlet process is a probability distribution on S and hence infinite
dimensional. Drawing such a realisation is therefore very difficult. However, in practice
what we need is not the realisation of the Dirichlet process itself but a set of samples from
that realised distribution, which is much easier to obtain. If the full realisation is required,
this can be evaluated by looking at the distribution of a large number of samples. This is
how the realisations shown in Figures 60 and 61 were produced.

There are several different algorithms for drawing samples from a random realisation of
a Dirichlet process, X ~DP(P,a). The chinese restaurant process generates a sequence
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Figure 59: Random draws from a Gaussian process model of the equation of state of a
neutron star. Reproduced from Essick et al. (2019).



228 Introduction to Statistics for GWs

pmf of F ~ DP(N(0,1),1) pmf of F ~ DP(N(0,1),1) pmf of F ~ DP(N(0,1),1)
2
8 2
i i
2
2
2
El 8
2
z ¥ = =
8 B
o o d L o d ‘ ‘ L
T T T 1 T T T T T T 1 T T T T T T 1
1 0 1 2 05 00 05 10 15 20 25 15 10 05 00 05 10 15
x x x
pmf of F ~ DP(N(0,10),1) pmf of F ~ DP(N(0,10),1) pmf of F ~ DP(N(0,1),10)
2 -
g g -
o _ e
g
4
g
g
8
g4
£ 84 2 g = 8
:
9 s 4
o J ‘ | ‘ ‘\‘l‘ L. ‘ l I“ ‘\ o ‘ ‘\ L ‘J .|Hh \ ‘l. | ‘ o |‘ ‘ I‘ If H‘\hll‘ ||
— T T T T T 1 T T T T 1
-2 -1 4 1 2 1 o 1 2 -2 -1 0 1 2
x x x
pmf of F ~ DP(N(0,100),1) pmf of F ~ DP(N(0,100),1) pmf of F ~ DP(N(0,1),100)
~ ~
@ o
o - w0~ © 4
< <
= S s
o - © -
o o 4 o 4
T T T T T 1 T T T T 1 T T T T T T 1
2 1 0 1 2 3 -2 1 0 1 2 -3 2 1 o 1 2 3
x x x

Figure 60: Sample realisations of a Dirichlet process, X ~DP(N(0,1),a), for a = 1 (top
row), a = 10 (middle row) and a = 100 (bottom row). In each figure we show 1000 samples
from the given realisation of the Dirichlet process. Within each row, the figures show three
distinct realisations of the stated Dirichlet process.
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Figure 61: As in Figure 60, these figures show sample realisations of a Dirichlet process,
X ~DP(N(0,1),a), for a = 1000 (top row) and a = 10000 (bottom row). In each figure we
show 1000 samples from the given realisation of the Dirichlet process. Within each row, the
figures show three distinct realisations of the stated Dirichlet process.
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of samples {z;} for i > 1 as follows
e with probability a/(a + i — 1) draw z; from P;

e with probability n,/(a +i — 1) set z; = x, where n, is the number of previous obser-
vations of x; = x for j < ¢.

This procedure is called the chinese restaurant process by analogy with a restaurant with an
infinite number of tables, each serving a different dish, and each with infinite seating capacity.
A new diner may choose to sit at a new table, or may choose to sit at a table where people
are already eating. The probability of choosing a particular table is proportional to the
number of people observed already sitting at that table and enjoying the offered dish.

Closely related to this is the Polya Urn scheme. In that construction we start with an
urn containing a black balls. At each step of the algorithm, a ball is drawn at random from
the urn. If the ball is black, we generate a new color randomly, color a new ball this color
and return it to the urn along with the black ball. The corresponding sample is the new
color. If the ball drawn is coloured, then we take a new ball, color it the same color as the
sampled ball, and return both of them to the urn. The corresponding sample is the color
of the ball that was drawn. It is clear that the distribution of colors produced in this way
corresponds to the samples generated form the chinese restaurant process.

A final approach to constructing a sample from a random realisation of a Dirichlet process
is the stick breaking construction. This approach explicitly generates a discrete distribu-
tion, X, which is a realisation of the Dirichlet process. The distribution is given by

LH LH
X = (Zpl(SUl) + <1 - Zpl> 5Uo
=1 =1
-1 Ly
m =V, pzz(H(l—Vj)>Vz, 122, po=1->p
=1

Jj=1

Vi~Beta(l,a), l=1,....Ly, U~P, 1=01,...,Ly, (175)

where we take the limit Ly — oo, but in practical applications the procedure is truncated
at some finite, but sufficiently large, value.

11.5.2 Example applications

The main application of Dirichlet processes is in the field of Bayesian nonparametrics, where
they are used as a prior for unknown probability distributions. We will provide two examples.

Example: B-spline regression In the nonparametric regression chapter we encoun-
tered the notion of smoothing splines for regression. In that context, the knots of the spline
were fixed at the locations of the observed data points. The number of knots is therefore
fixed for any given data set and grows as n — co. The smoothing was controlled by the regu-
larisation parameter. Another approach to nonparametric regression is to allow the number
of spline points to vary and let the data choose the optimal number. Even greater flexibility
comes from allowing the locations of the spline knots to vary. In Edwards & Gair (2020) they
presented a Bayesian nonparametric regression algorithm that uses B-splines (an alternative
basis for cubic splines than the one presented in this course), but with the number and
location of the knots both allowed to vary and adapt to the data. The knot locations were
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Figure 62: Nonparametric regression fit to noisy measurements of the function f(x) =
26 exp(—3.25x) —4 exp(—6.5z)+3 exp(—9.75z) using the freespline algorithm with a Dirichlet
process prior on the probability density determining the knot locations. Figure reproduced
from Edwards & Gair (2020).

represented by a random cumulative density function, H, defined on the interval [0, 1], with
the j'th of k — r internal knots located at x; = H(j/(k —r)). The random density H was
assigned a Dirichlet process prior. In Figure 62 we show the result of using this algorithm
to fit noisy measurements of a function

f(x) = 26 exp(—3.25z) — 4exp(—6.5x) + 3exp(—9.75z).

We see that the freespline algorithm is able to capture all of the turning points of this
function, while another widely used regression algorithm, LEX, is not. In Figure 63 we show
another application of that algorithm to obtain a nonparametric fit to the power spectrum
of temperature fluctuations in the CMB measured by Planck. The nonparametric fit can
be compared to the best fit cosmological model prediction. There is some evidence that the
data does not support the up-tick at low multipoles predicted by the model. In fact, there
has been extensive debate in the literature about whether the [ = 2, 3 multipoles are in fact
lower than predicted, and these results seem to support that. There is also weak evidence
that the data suggests the second and third peaks are further apart than the standard ACDM
model predicts. Observations of this nature (if they were to be robust in future data sets)
would help guide modifications to the model, and this would be much harder without the
nonparametric regression tool.

Example: LIGO sky localisation In Del Pozzo et al. (2018), a Dirichlet process
Gaussian mixture model (DPGMM) was used to produce a smooth interpolation of the
output of LALInference sampling. The aim was to produce a continuous representation of
the source localisation volume (sky location and distance), to target electromagnetic follow-
up. The Dirichlet process was used as a prior to generate the centres (in 3-dimensions)
of Gaussians. The sum of these Gaussians, with weights, was used as a representation
of the smooth posterior probability and then constrained by the set of posterior samples
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Figure 63: Nonparametric regression fit to the CMB temperature power spectrum, as mea-
sured by Planck. The dashed red line is the freespline fit to the data, while the blue line is
the prediction of the best fit cosmological model. Figure reproduced from Edwards & Gair
(2020).

previously generated by LALInference. In Figure 64 we show the result of this analysis,
the distribution of posterior credible volumes computed for a set of injections and using the
DPGMM to obtain the credible volumes. This is the only application of Dirichlet processes
in a gravitational wave context to date, but they are likely to be powerful tools for fitting
nonparametric population models as the number of observations becomes large enough to
make this possible.
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Figure 64: Cumulative distribution function of 90% credible volumes for events observed
by the ground-based detector network. The credible volumes were computed by fitting a
Dirichlet Process Gaussian Mixture Model to posterior samples generated by LALInference.
Figure reproduced from Del Pozzo et al. (2018).



