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The field of statistics has undergone profound changes in recent decades. Firstly, the types
of datasets that statisticians are asked to analyse have transformed dramatically. In the
past, we typically dealt with datasets containing many observations and a modest number
of carefully chosen variables. Today, by contrast, it is common to encounter datasets with
thousands of variables—sometimes even far exceeding the number of observations. For
instance, in genomics, we might measure the expression levels of several thousand genes
but only across a few hundred tissue samples. Classical statistical methods are often
simply not applicable in these “high-dimensional” settings. As the scale of data collection
has expanded, so too has the scope of the questions we seek to answer. Whereas statistics
was once primarily concerned with uncovering associations between variables, we are now
increasingly interested in understanding the causal structure of data. And rather than
focusing solely on prediction, we often aim to predict the effects of interventions. At the
same time, the rapid rise of machine learning has provided us with powerful new tools.
In this course, we will explore how these advances can be harnessed to tackle some of the
modern statistical challenges outlined above. The selection of material is heavily biased
towards my own interests, but I hope it will nevertheless give you a flavour of some of the
most important recent methodological developments in statistics.

The course is divided into 4 chapters (of unequal size). Our first chapter will start by
introducing ridge regression, a simple generalisation of ordinary least squares. Our study
of this will lead us to some beautiful connections with functional analysis and ultimately
one of the most successful and flexible classes of learning algorithms: kernel machines.
The second chapter concerns the Lasso and its extensions. The Lasso has been at the
centre of much of the developments that have occurred in high-dimensional statistics, and
will allow us to perform regression in the seemingly hopeless situation when the number
of parameters we are trying to estimate is larger than the number of observations. In
the third chapter we will study graphical modelling and provide an introduction to the
exciting field of causal inference. Where the previous chapters consider methods for relating
a particular response variable to a potentially large collection of (explanatory) variables, in
the third chapter, we will study how to infer relationships between the variables themselves
and answer causal questions using so-called double/debiased machine learning approaches.
In the final chapter, we will turn to the problem of multiple testing which concerns
handling settings where we may be performing thousands of hypothesis tests at the same
time.

Before we begin the main content of the course, we will briefly review two key classical
statistical methods: ordinary least squares and maximum likelihood estimation. This will
help to set the scene and provide a warm-up for the modern methods to come later.
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Classical statistics

Ordinary least squares

Imagine data are available in the form of observations (Y;,z;) € R x RP, i =1,...,n, and
the aim is to infer a simple regression function relating the average value of a response, Y;,
and a collection of predictors or variables, x;. This is an example of regression analysis,
one of the most important tasks in statistics.

A linear model for the data assumes that it is generated according to

Y = X3 +¢, (1)

where Y € R" is the vector of responses; X € R™*? is the predictor matrix (or design
matrix) with ith row z]; € € R” represents random error; and $° € RP is the unknown
vector of coefficients.

Provided p < n, a sensible way to estimate § is by ordinary least squares (OLS). This

yields an estimator 3°5S with

BOS .= argmin |Y — X2 = (X" X)'X Y, (2)
BERP

provided X has full column rank.
Under the assumptions that (i) E(g;) = 0 and (ii) Var(e) = 021, we have that:

o Ep o2 (8O8) = B{(XTX)'XT(XB" +2)} = 5°.
o Vargo ,2(3°0) = (XTX) "' X TVar(e) X (X TX) ' = 02(XTX) L.

The Gauss—Markov theorem states that OLS is the bestNIinear unbiased estimator in
our setting: for any other estimator f that is linear in Y (so 8 = AY for some fixed matrix

A), we have . R
Var50702 (5) — Val"50702 (ﬂOLS)

is positive semi-definite.

Maximum likelihood estimation

The method of least squares is just one way to construct as estimator. A more general
technique is that of maximum likelihood estimation. Here given data y € R™ that we take
as a realisation of a random variable Y, we specify its density f(y;#) up to some unknown
vector of parameters § € © C R?, where O is the parameter space. The likelihood function
is a function of # for each fixed y given by

L(0) == L(0;y) = c(y) f(y; 0),

where ¢(y) is an arbitrary constant of proportionality. The maximum likelihood estimate
of 8 maximises the likelihood, or equivalently it maximises the log-likelihood

€(0) = £(0;y) = log f(y; 0) + log(c(y)).
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A key quantity in the context of maximum likelihood estimation is the Fisher informa-
tion matrix i(0) := Covy(VL(#)). It can be thought of as a measure of how hard it is to
estimate # when it is the true parameter value. The Cramér—Rao lower bound states that
if § is an unbiased estimator of 8, then under regularity conditions,

Varg(0) —i1(0)

is positive semi-definite.

A remarkable fact about maximum likelihood estimators (MLEs) is that (under quite
general conditions) they are asymptotically normally distributed, asymptotically unbiased
and asymptotically achieve the Cramér—Rao lower bound.

Assume that the Fisher information matrix when there are n observations, i (#) (where
we have made the dependence on n explicit) satisfies i™(#)/n — I(6) for some positive
definite matrix I. Then denoting the maximum likelihood estimator of # when there are
n observations by é(”)7 under regularity conditions, as the number of observations n — oo
we have

V(0™ — 0) 55 Ng(0,171(6)).
Returning to our linear model, if we assume in addition that &; BN (0,0?), then the
log-likelihood for (3, 0?) is

n

2y _ I 2 1 T 5\2
B,0%) = =5 log(0") = 5 2 (i —z; B)".
We see that the maximum likelihood estimate of S and OLS coincide. It is easy to check

that 25Ty
. 2y o O
i(B,07) = ( 0 n0_4/2> '

The general theory for MLEs would suggest that approximately v/n(3—3) ~ N,(0,02(n ' X T X)1);
in fact it is straightforward to show that this distributional result is exact.
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Chapter 1

Kernel machines

Let us revisit the linear model with
Vi=p'+ 2/ 8%+

Note that here we have included an explicit intercept term, for reasons that will become
clear later. However, our interest will continue to centre on 3°, which quantifies the
contributions of each of the predictors to the regression function. For unbiased estimators
of B°, their variance gives a way of comparing their quality in terms of squared error
loss. For a potentially biased estimator, B , the relevant quantity is the mean-squared error

Eso02{(B — B°)(B - 8°)"} = E[{B — E(B) + E(B) — B°HB — E(B) + E(B) — 5°}"]
= Var(8) + {E(8 — B°)HE(3 - 89},

a sum of squared bias and variance terms. A crucial part of the optimality arguments
for OLS and MLEs was unbiasedness. Do there exist biased methods whose variance is is
reduced compared to OLS such that their overall prediction error is lower? Yes—in fact the
use of biased estimators is essential in dealing with settings where the number of parameters
to be estimated is large compared to the number of observations. In the first two chapters
we will explore two important methods for variance reduction based on different forms of
penalisation: rather than forming estimators via optimising a least squares or log-likelihood
term, we will introduce an additional penalty term that encourages estimates to be shrunk
towards 0 in some sense. This will allow us to produce reliable estimators that work well
when classical MLEs are infeasible, and in other situations can greatly outperform the
classical approaches.

1.1 Ridge regression

One way to reduce the variance of BOLS is to shrink the estimated coefficients towards 0.
Ridge regression [Hoerl and Kennard, [1970] does this by solving the following optimisation
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problem

(A%, B%) = argmin {[[Y —pl — X535 + Al|5]15}-
(k,8)ERXRP

Here 1 is an n-vector of 1’'s. We see that the usual OLS objective is penalised by an
additional term proportional to ||3]|3. The parameter A > 0, which controls the severity of
the penalty and therefore the degree of the shrinkage towards 0, is known as a reqularisation
parameter or tuning parameter. We have explicitly included an intercept term which is not
penalised. The reason for this is that were the variables to have their origins shifted so
e.g. a variable representing temperature is given in units of Kelvin rather than Celsius, the
fitted values would not change. However, X B is not invariant under scale transformations
of the variables so it is standard practice to centre each column of X (hence making them
orthogonal to the intercept term) and then scale them to have fo-norm +/n.

It is straightforward to show that after this standardisation of X, it =Y := "  Y;/n,
and

AR = (XTX +AD)'X Y.

In this form, we can see how the addition of the Al term helps to stabilise the estimator.
Note that when X does not have full column rank (such as in high-dimensional situations),

we can still compute this estimator. On the other hand, when X does have full column
rank, we have the following theorem.

Theorem 1. For \ sufficiently small (depending on 3° and o?),
(5% — 5% (5% = )T —E(B5y - 8)(BY - )"
18 positive definite.

Proof. First we compute the bias of B}\:‘ We drop the subscript A and superscript R for
convenience.

E(f) -8 = (XTX + M) XTXS — p°
= (XTX+MN)"HXTX + M- ADB° - °
= —AMXTX +A)7'B
Now we look at the variance of B .

Var(8) = B{(X X + A1) "' X e} {(X X + AI) "X e}
=2 (XX + M) XTX(XTX + )7L

Thus E(5O9 — §9)(5°5 — 5°)T —E(5 — 8°)(5 — 8°)" is equal to
AXTX) T = AXTX + AN XTX(XTX + M) = XX TX + AN B8 T (XTX + M)
After some simplification, we see that this is equal to

AXTX + AD o2 {20 + AMXTX) ™ = A8°8° (X TX + M)~
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Thus E(3°LS — 80)(3OL8 — g0 —E(5 — 89)(3 — 8°)T is positive definite for A > 0 if and
only if
o2{21 + A(XTX) '} — AR "

is positive definite, which is true for A > 0 sufficiently small (we can take 0 < A <
20%/(18°113)- O

The theorem says that Bf‘ outperforms ﬁAOLS provided A\ is chosen appropriately. To
be able to use ridge regression effectively, we need a way of selecting a good A—we will
come to this very shortly. What the theorem doesn’t really tell us is in what situations
we expect ridge regression to perform well. To understand that, we will turn to one of the
key matrix decompositions used in statistics, the singular value decomposition (SVD).

1.1.1 Connection to principal components analysis

The singular value decomposition (SVD) is a generalisation of an eigendecomposition of a
square matrix. We can factorise any X € R"*P into its SVD

X=UDV'.

Here the U € R™™ and V' € RP*P are orthogonal matrices and D € R™*P has Dy; > Doy >
-+« > Dy > 0 where m := min(n,p) and all other entries of D are zero. To compute
such a decomposition requires O(npmin(n,p)) operations. The rth columns of U and V
are known as the rth left and right singular vectors of X respectively, and D,, is the rth
singular value.

When n > p, we can replace U by its first p columns and D by its first p rows to produce
another version of the SVD (sometimes known as the thin SVD). Then X = UDV " where
U € R™*? has orthonormal columns (but is no longer square) and D is square and diagonal.
There is an analogous version for when p > n.

Let us take X € R™ P as our matrix of predictors and suppose n > p. Using the (thin)
SVD we may write the fitted valued!] from ridge regression as follows.

XA =X(XTX+A)"'XTY
=UDV'(VD*VT + \I)"'VDUY
=UD(D*+ \)"'DU"Y
vy, 2

2

— D+

jJ

.
uly.

Here we have used the notation (that we shall use throughout the course) that U, is the
jth column of U. For comparison, the fitted values from OLS (when X has full column
rank) are

XBOM = X(X'TX)' XY =UU Y.

!There is a slight abuse of terminology here as we are ignoring the contribution of ﬂg‘\.
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Both OLS and ridge regression compute the coordinates (U jTY)g-’:1 of Y with respect to the
basis of the column space of X given by the columns of U. Ridge regression then shrinks
these coordinates by the factors Djzj (ij + A); if Dj; is small, the amount of shrinkage
will be larger.

To interpret this further, note that the SVD is intimately connected with Principal
Components Analysis (PCA). Consider v € R? with ||v]ls = 1. Since the columns of X
have had their means subtracted, the sample variance of Xv € R", is

1 1
' X" Xv="0"VD*VTo.
n n

Writing a = V"o, so ||aljs = 1, we have

1 T 2y, T 1 T2 1 22 1 2 1 2
~0'VDVTo=—a"D%a=~% aiDj; < ~Du ) aj=—Dj,.

n n n

J J

As || XVi||3/n = D%, /n, Vi determines the linear combination of the columns of X which
has the largest sample variance, when the coefficients of the linear combination are con-
strained to have fo-norm 1. XV; = D;,U; is known as the first principal component of
X. Subsequent principal components DgUs, ..., DpyyU, have maximum variance D]Zj /n,
subject to being orthogonal to all earlier ones—see example sheet 1 for details.

Returning to ridge regression, we see that it shrinks Y most in the smaller principal
components of X. Thus it will work well when most of the signal is spanned by the large
principal components of X. We now turn to the problem of choosing .

1.2 The kernel trick

An alternative expression for the ridge regression solution is given by the following
XUXXT+AL)=(XTX +A)XT
(XTX + L)' XT = XT(XXT +AL,)"
(XTX +AL)'XTY = XT(XXT +AL,)" 'Y = 3R (1.1)
Two remarks are in order:

e Note while X" X is p x p, XX T is n x n. Computing fitted values via the the LHS of
(1.1]) would require roughly O(np?®+ p?) operations. If p > n this could be extremely
costly. However, the alternative formulation

XA = XXT(XXT+AD)7YY

would only require roughly O(n?p + n?®) operations, which could be substantially
smaller.



e We see that the fitted values of ridge regression depend only on inner products
K = XX between observations (note K;; =z ;).

Now suppose that we believe the signal depends quadratically on the predictors:

Y = %Tﬁ + Z TikTilp + €.
k,l

We can still use ridge regression provided we work with an enlarged set of predictors
Tity ooy Tipy TilLils « - 5 Ti1Tipy, TigTily - -+ LigTipy -+ -+, LipTip. (1.2)

This will give us O(p?) predictors. Our new approach to computing fitted values would
therefore have complexity O(n?*p* + n3), which could be rather costly if p is large.

However, rather than first creating all the additional predictors and then computing
the new K matrix, we can attempt to directly compute K. To this end consider

1 S|
(1/2+af2)* —1/4 = (§+zk:l’ikl’jk> 1

= E Iz’kl'jk+g Tk Tyl T T
k k.l

Observe this amounts to an inner product between vectors of the form ((1.2)) Thus if we set
K= (1/2+x]z;)? - 1/4 (1.3)

and plug this into the formula for the fitted values, it is exactly as if we had performed
ridge regression with an enlarged predictor matrix

¢(21) "
o .= :
Cb(xn)T

Now computing K using (1.3)) would require only O(p) operations per entry, so O(n?p)

operations in total, compared to O(n*p?) for our earlier approach.
Predictions at a new z € R” may be computed similarly. From (1.1f), we have

B)TBY = 6(r)@T (@07 £ AN = 3 b w0
=1

where & := (K + A\ )7'Y € R™.
This is a nice computational trick, but more importantly for us it serves to illustrate
some general points.



e Since ridge regression only depends on inner products between observations, rather
than fitting non-linear models by first mapping the original data z; € R? to ¢(z;) € R?
(say) using some feature map ¢ (which could, for example introduce quadratic effects),
we can instead try to directly compute k(x;, ;) = (¢(x;), o(z;)).

e In fact rather than thinking in terms of feature maps, we can instead try to think
about an appropriate measure of similarity k(z;, z;) between observations. Modelling
in this fashion is sometimes much easier.

We will now formalise and extend what we have learnt with this example.

1.3 Kernels

We have seen how a model with quadratic effects can be fitted very efficiently by replacing
the inner product matrix (known as the Gram matriz) XX in (1.1 with the matrix in
. It is then natural to ask what other non-linear models can be fitted efficiently using
this sort of approach.

We won’t answer this question directly, but instead we will try to understand the sorts
of similarity measures k that can be represented as inner products between transformations
of the original data.

That is, we will study the similarity measures k : X x X — R from the input space X
to R for which there exists a feature map ¢ : X — H where H is some (real) inner product
space with

k(z, o) = (9(x), (a")). (1.4)

Recall that an inner product space is a real vector space H endowed with a map (-,-) :
H x H — R that obeys the following properties.

(i) Symmetry: (u,v) = (v, u).
(ii) Linearity: for a,b € R (au + bw,v) = a(u,v) + b{w, v).
(iii) Positive-definiteness: (u,u) > 0 with equality if and only if u = 0.

Definition 1. A positive definite kernel or more simply a kernel (for brevity) k is a
symmetric map k : X x X — R for which for all n € N and all zy,..., 2, € X, the matrix

K with entries
Kij = k(ﬂ?l, ili'j)

is positive semi-definite.

A kernel is a little like an inner product, but need not be bilinear in general. However,
a form of the Cauchy—Schwarz inequality does hold for kernels.

Proposition 2.
k(z,2")? < k(x, 2)k(2, o).
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Proof. The matrix

()

must be positive semi-definite so in particular its determinant must be non-negative. [

First we show that any inner product of feature maps will give rise to a kernel.
Proposition 3. k defined by k(z,2") = (¢(z), d(2')) is a kernel.

Proof. Let x1,...,2, € X, aq,...,a, € R and consider

Zaik(xi,xj)aj = Zai@(xi), o(z;))a;
— < Z a;p(;), Z aj¢(a:j)> > 0. u

Showing that every kernel admits a representation of the form (1.4) is slightly more
involved, and we delay this until after we have studied some examples.

1.3.1 Examples of kernels
Proposition 4. Suppose kq, ko, ...: X x X — R are kernels.

(1) If a1, as > 0 then ajky + asky is a kernel.

(11) If limy, o0 ki (x,2") =: k(x,2") exists for all x,2" € X, then k is a kernel.
(111) The pointwise product k given by k(z,x') = ki(z, 2" )ka(x, ") is a kernel.
Proof. Let K, Ky, Ky, ... be the corresponding kernel matrices and take o € R".

(i) o' Ka = aja" Kia + aza’ Kya > 0.

(i) a'Ka = a' lim, . Kna = lim, . a' K,a > 0.

(iii) Let X and Y be independent random vectors with Var(X) = K, Var(Y) = K,. The
the entrywise (Haddamard) procuct K = K; ® K> satisfies

K = E(X; X;)E(YY;) = E(X3Y; X;Y;) = (Var(X ©Y))y,

and Var(X ®Y) is positive semi-definite as a covariance matrix.

Linear kernel. k(z,2')=z"2'.



Polynomial kernel. k(z,2') = (1+z"2")%. To show this is a kernel, we can simply note
that 1 + 2"z’ gives a kernel owing to the fact that 1 is a kernel and (i) of Proposition
Next (ii) and induction shows that k as defined above is a kernel.

Gaussian kernel. The highly popular Gaussian kernel is defined by

) l‘—(lﬁ,2
k(x,x):exp(—%).

For = close to 2’ it is large whilst for z far from 2’ the kernel quickly decays towards 0.
The additional parameter h > 0 known as the bandwidth controls the speed of the decay
to zero. Note it is less clear how one might find a corresponding feature map and indeed
any feature map that represents this must be infinite dimensional.

To show that it is a kernel first decompose || —2'||2 = ||=||2 +||2']|2 — 22 "2’. Note that

by Proposition 3] T 12|12
€T T
fa(z, ') = exp ( - 2h22) o ( - 2h22)

is a kernel. Next writing

o //h2
ko(z,2") = exp(z "2’ /h?) = Z

r=0

and using (i) of Proposition (4| I shows that ks is a kernel. Finally observing that k = kiko
and using (ii) shows that the Gaussian kernel is indeed a kernel.

First order Sobolev kernel. Take X to be [0, 1] and let k(z,2') := 2 A2’ = min(x,2’).
We have

1
bea!) = [ D) L) = (T, L)
0

so k is a kernel by Proposition

Second order Sobolev kernel. Take X to be [0, 1] and let

_ /Oxm' /Oz/\y<x W)y — W

Jaccard similarity kernel. Take X to be the set of all subsets of {1,...,p}. For
x,7’ € X with x Uz’ # () define

|z N 2|

|z U 2|

k(x,z') =

and if x Uz’ = ) then set k(x,2’) = 1. Showing that this is a kernel is left to the example
sheet.



1.3.2 Reproducing kernel Hilbert spaces

Recall that we wish to show that each kernel k admits a representation for the form
k(xz,z") = (¢(x), p(x')) for some feature map ¢ : X — H where H is an inner product
space. Before showing this, let us first consider the case where k : X x X — R for finite
X, so without loss of generality, X = {1,..., N} for some N € N. Then K € R¥*¥ with
Ki; = k(i,7) contains all the information about k. The eigendecomposition K = PTDP
then readily confirms what we want to show: taking ¢(i) = D'/?P;, we have

k(i,j) = Kij = P DP; = (D'?P)"(D'?P;) = ¢(i) " 6(j).

Note however that representation of k£ through an inner product is not unique. Consider
¢(i) = K; and the weighted Euclidean inner product on the column space H, of K given by
(u,v) = u' PTD*Pu, where D" has (D*);; = D;;' when D;; > 0 and 0 otherwise. Then
for a € RY,

(¢(i), Ka) = (P"DPe;)" P"D"PP"DPa = ¢/ Ka = (Ka);,
SO
(0(1), (7)) = (K;)i = Ky
as required. Note also the interesting property that the inner product of ¢(i) and Ka
extracts the 1th component of K«a. It is this second representation that generalises most
fruitfully to the case where X may be infinite.

Consider now taking H, to be the linear span of the functions {k(-,z) : € X}, i.e.
the vector space of functions of the form

CEDILTICENE (1.5

where n € N, z; € X and «o; € R. Given another function

m

9() =Y Bik(-, ) (1.6)

j=1
we define their inner product to be
(f,g) = ZZaiﬁjk(m‘i,x;). (1.7)
i=1 j=1

We need to check this is well-defined as the representations of f and ¢ in (1.5 and ([1.6))
need not be unique. To this end, note that

> bk, ) = Z%’g(iﬂz’) = Zﬁjf(%)- (1.8)

i=1 j=1

9



The first equality shows that the inner product does not depend on the particular expansion
of g whilst the second equality shows that it also does not depend on the expansion of f.
Thus the inner product is well-defined. We define our feature map ¢ : X — H, to be

o(x) = k(- ). (1.9)

Theorem 5. For every kernel k, the space Ho above is an inner product space and the

feature map satisfies
k(z,2") = (¢(z), o(2")). (1.10)

Proof. First we check that with ¢ defined as in ((1.9) we do have relationship ((1.10). Observe
that

(k(x), f) = aik(ws, x) = f(x), (1.11)
i=1
so in particular we have

(0(x), o)) = (k(,2), k(- 7)) = k(z, ).

It remains to show that (1.7]) is indeed an inner product. It is clearly symmetric and
(1.8) shows linearity. We now need to show positive definiteness.
First note that

()= aik(zi,x)a; >0 (1.12)
i3
by positive definiteness of the kernel. Now from ([1.11]),

f@)* = ((k(-,2), £))".

If we could use the Cauchy—Schwarz inequality on the right-hand side, we would have

F@)? < (k(,2), kC,2)) S, f), (1.13)

which would show that if (f, f) = 0 then necessarily f = 0; the final property we need
to show that (-,-) is an inner product. However, in order to use the traditional Cauchy—
Schwarz inequality we need to first know we're dealing with an inner product, which is
precisely what we're trying to show!

Although we haven’t yet shown that (-,-) is an inner product, we do have enough
information to show that it is itself a kernel. We may then appeal to Proposition [2] to

obtain (1.13]). With this in mind, we argue as follows. Given functions fi,..., f,, and
coefficients 71, ..., v, € R, we have

Sl fis = (S s ) 20

irj i ]
where we have used linearity and (1.12]), showing that it is a kernel. O
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To further discuss the space Hy we recall some facts from analysis. Any inner product
space B is also a normed space: for f € B we may define ||f||% := (f, f)5. Recall that a
Cauchy sequence (f,,)>°_; in B has || fm — fulls = 0 as n,m — co. A normed space where
every Cauchy sequence has a limit (in the space) is called complete, and a complete inner
product space is called a Hilbert space.

Hilbert spaces may be thought of as the (potentially) infinite-dimensional analogues of
finite-dimensional Euclidean spaces. For later use we note that if V' is a closed subspace
of a Hilbert space B, then any f € B has a decomposition f = u + v with v € V' and

veV+t:={veB: (vu)g=0foraluecV}

Moreover, if V' is finite-dimensional, then it is closed.
By adding the limits of Cauchy sequences to Hy (from Theorem [5) we can make create
a Hilbert space. If (f,,,)3_, € H is Cauchy, then since by ([1.13)) we have

[fm () = fo(2)] < VE@ @) fn = falla,

we may define function f*: X — R by f*(z) = lim,, o fi(x). We can check that all such
f* can be added to H, to create a Hilbert space.

In fact, the completion of H, is a special type of Hilbert space known as a reproducing
kernel Hilbert space (RKHS).

Definition 2. A Hilbert space H of functions f : X — R is a reproducing kernel Hilbert
space (RKHS) if for all z € X, there exists k, € B such that it satisfies the reproducing

property
fz) = (ks, f) for all f € B.

The function

E:XxX—=R
(2, 2") = (ky, ky) = kp ()
is known as the reproducing kernel of H.

Note that the reproducing kernel is well-defined: if k, and h, satisfy the reproducing
property above, then

Hkac - hw”%—[ = <kac7 ka: - hac> - <hmvkx - h;t> = (kac - hm)(x) - (k;z - hx)(‘r) =0.

To summarise what we have learnt, by Proposition [3| the reproducing kernel of any
RKHS is a (positive definite) kernel, and Theorem [5|shows that to any kernel k is associated
an RKHS that has reproducing kernel k. One can further show that this is the unique
RKHS with k as its reproducing kernel.

Examples

Linear kernel. Here H = {f : f(z) = 8"z, f € R?} and if f(z) = 8"z then ||f|j3, =
1813
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First-order Sobolev kernel. Take H to be the class of almost everywhere differentiable
functions f : [0,1] — R, with f(0) = 0 and fol(f’(u))2 du < oo. This is an RKHS with

reproducing kernel k(z,y) = x A y and inner product

= [ g i
_ / )T () dut = / ) du = ()

Second-order Sobolev kernel. Take H to be the set of differentiable functions f :
[0,1] — R with f(0) =0, f/(0) = 0 and where f’ is almost everywhere differentiable with

fol(f”(u))2 du < co. For f,g € H define

(f.9) = / £ (u)g" (u) du

Recall (see Ex. sheet) that k,(y) := k(z,y) := fox/\y(x—u)(y—u) du satisfies k2 (y) = (z—y)+

and for f € H,
(f ks) /f” (x —u)y

:[ ( x—u /f ]1[033]
= f(z).

We can check

1.3.3 The representer theorem

To recap, what we have shown so far is that replacing the matrix X X ' in the definition of

an algorithm by K derived form a positive definite kernel is essentially equivalent to running

the same algorithm on some mapping of the original data, though with the modification

that instances of zz; become (¢(x;), #(x;)). This corresponds to ridge regression on a

predictor matrix with ith row ¢(z;) in the case where ¢ : X — H maps into a Euclidean

space, but the question remains as to how to interpret this when H is infinite-dimensional.
If H denotes the RKHS of the linear kernel, then

# = arg min {Z{Y / mz>}2+A||f||H} (1.14)

feH

is the usual fitted regression function from ridge regression. The following theorem shows
in particular that kernel ridge regression (i.e. ridge regression replacing X X T with K ) with
kernel k is equivalent to the above with H now being the RKHS corresponding to k.

12



Theorem 6 (Representer theorem, |[Kimeldorf and Wahbal, 1970, Scholkopf et al., [2001]).
Let ¢ : R" x X" x R™ — R be an arbitrary loss function, and let J : [0,00) — R be strictly
increasing. Let x1,...,x, € X, Y € R". Finally, let f € H where H is an RKHS with
reproducing kernel k, and let K;; = k(z;,2z;) 1,5 =1,...,n. Then f MINIMISES

Qu(f) = (Y21, 2, f(a1), . (@) + T (I f113)
over f € H iff. f(-) = S0, @&k(-, z;) and & € R™ minimises Qy over o € R™ where
Qa(a) =c(Y,x1,..., 20, Ka) + J(a Ka).

Proof. Let U be the linear span of {k(-,z;),i = 1,...,n}. As U is finite-dimensional and
hence closed, we can decompose any f € H as f = v+ v with v € U and v € U*. Then

fla) = (fk( a0) = (ut v k(@) = (u, k(- 22)) = u(zs).
Meanwhile,
T30 = T(lallz + oll3) = T (full,),
with equality if and only v = 0. Thus in minimising ()1, we may restrict attention to those
feU,i.e., those

f = Z aik('v IZ)

for some a € R™. But for such f,

11 = { 3 ke, Y k() ) =K

and f(z;) = K, a so (f(x;)), = Ka. Thus Q1(f) = Q2(). O
Consider the result specialised the ridge regression objective. We see that (1.14]) is
essentially equivalent to minimising

|Y — Kal3 + \a' Ka,

and you may check (see example sheet 1) that the minimiser & satisfies K& = K(K +
A)~'Y. Thus (1.14)) is indeed an alternative way of expressing kernel ridge regression.
The result also tells us how to form predictions: given a new observation x, our prediction

for f(x) is
flo) =" aik(z, ;).

The application of the result is however not limited to ridge regression and shows that
a whole host of algorithms can be ‘kernelised’. For example, recall that in the classification
setting where Y; € {—1, 1}, standard logistic regression may be motivated by assuming

13



and picking (f, B) to maximise the log-likelihood. This leads to the following optimisation

problem:

arg min Z log{1 + exp(=Y;(pu + z; 8))}.
(m.B)ERP "

The kernelised version is then given by

argmin S log{1 -+ exp{~Yi(u + e )} + M1 .

BER, fEH i—1

where H is an RKHS (note that here we have included an unpenalised intercept term).

1.4 Kernel ridge regression

We have seen how the kernel trick allows us to solve a potentially infinite-dimensional
version of ridge regression. This may seem impressive, but ultimately we should judge
kernel ridge regression on its statistical properties e.g. predictive performance. Consider a

setting where
Y; = fo(x) + &, E(e) = 0, Var(e) = o°1.

We shall assume that f© € H where H is an RKHS with reproducing kernel k. Let K be
the kernel matrix K;; = k(x;, ;) with eigenvalues dy > dy > -+ > d,, > 0. We will see
that the predictive performance depends delicately on these eigenvalues.

Let fy be the estimated regression function from kernel ridge regression with kernel k:

A—mm{ZW.mW+wm}

feH

Theorem 7. The mean squared prediction error (MSPE) may be bounded above in the
following way:

'@ AL
—E{ Z{f0 i) — fal@)}? } < %21: CESERa™ " (1.15)

0’1 A3
< — = d; /4, \) + )
- nA — min(d; /4, A) + 4n

Proof. We know from the representer theorem that

(fA(xl), o fx(xn)>T — K(K +AI)7Y.

You will show on the example sheet that

<f0(x1), N .,fo(:pn)>T — Ka,

14



for some a € R", and moreover that || f°||?, > a" Ka. Let the eigendecomposition of K be
given by K = UDUT with D;; = d; and define § = U Ka. We see that n times the LHS

of (L.15) is
E|K(K +X)H (U0 +¢) — U2 =E|DU(UDU" + X)) (U0 + <) — 0|3
=E|DD+ M) 0+U"e) - 0>
= |{D(D + XI)"" = 1}0|3 + E||D(D + X)) 'U el|2.

To compute the second term, we use the ‘trace trick’

E||D(D +A)"'UTe|3 = E{D(D + AU e} D(D+ M)~ UTe]
= E[tr{D(D + \I) U ec " UD(D + A\I)"'}]
= o {D(D+ X)"'D(D + \)™"}

Y
=0 L.

: 2
— (di +A)
For the first term, we have

%7
DD+ X' =13 =Y — .
DD+ AN =16l = 3 5

Now as # = DU ", note that 6; = 0 when d; = 0. Let DT be the diagonal matrix with ith
diagonal entry equal to D;;' if Dy > 0 and 0 otherwise. Then

62
> % < WD = o KUD'UTKa = aTUDD* DUTa = o Ka < |,
i:d; >0 g

By Holder’s inequality we have

22 02 AN d;\?
<920 /4
Z(d )2 d e = e = 174,

using the inequality (a + b)? > 4ab in the final line. Finally note that

d?

CFS)E < min{1,d?/(4d;\)} = min(\, d;/4)/\. 0

To interpret this result further, it will be helpful to express it in terms of fi; := d;/n
(the eigenvalues of K/n) and v, := A\/n. We have

LB S0 — o | < T8 S minGi4 ) + 1B/t = 0,02 (116)

n
In =1

15



Here we have treated the x; as fixed, but we could equally well think of them as
random. Consider a setup where the z; are i.i.d. and independent of €. If we take a further
expectation on the RHS of , our result still holds true (the fi; are random in this
setting). Ideally we would like to then replace E min(/i;/4,~) with a quantity more directly
related to the kernel k.

Mercer’s theorem is helpful in this regard. This guarantees (under some mild conditions)
an eigendecomposition for kernels, which recall are somewhat like infinite-dimensional ana-
logues of symmetric positive semi-definite matrices.

Given a random variable X taking values in X', we say a non-zero function e € H is an
eigenfunction with eigenvalue p € R if

pe(z) = Ek(z, X)e(X).
Mercer’s theorem states the following under mild conditions, including that Ek(X, X) < oo:
e The set of positive eigenvalues is at most countable.

e The subspace spanned by the eigenfunctions corresponding to each positive eigenvalue
has a finite dimension known as the multiplicity of the eigenvalue.

o Writing (41;)jes (where J = {1,...,m}, some m or J € N) for the eigenvalues
counted with multiplicity, there exist corresponding eigenfunctions (e;);c; that are
orthonormal in the sense that

Ee;(X)er(X) = Lij—x)

and satisfy

k,y) =) myej(@)e;(y). (1.17)

jeg
Lemma 8. When (1.17) holds, we have for ~ > 0,
I~ . . 1 :
E Ezmm(#i/4> 7)) < Ezmm(#y‘/‘h )
i=1 jed

Theorem 9. Provided the eigendecomposition (1.17)) holds, there exists 7y, such that for
fized 0% > 0,

%E{ Z{fo(xz) — f%(xi)}2} _ o(n—1/2)'
Proof. Let ¢ : [0,00) — [0,00) be given by

¢(v) == min(u;,7).

jed
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Observe that ¢ is increasing and as ) ; p; < 00, lim, g ¢(y) = 0 (this is clear when J is
finite; otherwise note that given an arbitrary € > 0, there exists M such that Z;’i w i <€

but then ¢(y) < My + e — e as v} 0). Let v, = n~Y2/d(n"1/2) so 7, = o(n~'/?). Thus
for n sufficiently large ¢(7,) < ¢(n~1/2), whence for such n we have

d)(v )

nf{6(7)/ (n7) + 7} <

<2\/¢ “U2) /= o(n”'?). O

In specific cases, we can get faster rates.

First-order Sobolev kernel. When £k is the Sobolev kernel, and considering a uniform
distribution on X = [0, 1], an eigenvalue—eigenfunction pair (u,e) must satisfy

/mmxy )dy—/ (y)dy+x/:6(y)dy,

() = aela) + [ ely)dy —ae(w) = [ ety dy (1.18)

SO

hence
pe” () = —e(x).

This ODE has general solution e(x) = a,sin(z/\/1t) + b, cos(z/\/i) and the boundary
condition e(0) = 0 gives b, = 0. Also from (1.18)), we see that ue'(1) = 0, so 1/\/n =
/2 + km for some k =0,1,2,.... Thus the jth eigenvalue satisfies

1
==
W= e

We therefore have

1 1 1

2 '7n y=1/241} /2 2%—1)
= VT F /2= (\/_)

as v, — 0. Putting things together, we see that

0.2

NYn

Thus an optimal 7, ~ (02/n)%? gives an error rate of order (o /n)%/3.
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1.5 Large-scale kernel machines

We introduced the kernel trick as a computational device that avoided performing cal-
culations in a high or infinite dimensional feature space and, in the case of kernel ridge
regression reduced computation down to forming the n x n matrix K and then inverting
K 4+ M. This can be a huge saving, but when n is very large, this can present serious
computational difficulties. Even if p is small, the O(n?) cost of inverting K + Al may cause
problems. What’s worse, the fitted regression function is a sum over n terms:

f) = Z ik (i, ).

Even to evaluate a prediction at a single new observation requires O(n) computations
unless & is sparse.

In recent years, there has been great interest in speeding up computations for kernel
machines. We will discuss one exciting approach based on random feature expansions.
Given a kernel k, the key idea is to develop a random map

b: X >R

with b small such that E{¢(z)T¢(z')} = k(z,'). In a sense we are trying to reverse the
kernel trick by approximating the kernel using a random feature map. To increase the
quality of the approximation of the kernel, we can consider

e %@m, L du(x) ERP

with each (¢;(z))L, being i.i.d. for each . Let ® be the matrix with ith row given by
(p1(xs), ..., ¢r(x;))/vV/L. We may then run our learning algorithm replacing the initial
matrix of predictors X with ®. For example, when performing ridge regression, we can

compute
(@T® 4+ )oY,

which would require O(nL?b? + L3b®) operations: a cost linear in n. Predicting a new
observation would cost O(Lb).

The work of Rahimi and Recht| [2007] proposes a construction of such a random mapping
¢ for shift-invariant kernels, that is kernels for which there exists a function g with k(x,2") =
g(x — ') for all z,2" € X = RP. A useful property of such kernels is given by Bochner’s
theorem.

Theorem 10 (Bochner’s theorem). Let k: RP x RP — R be a continuous kernel. Then k
18 shift-invariant if and only if there exists some ¢ > 0 and distribution F' on RP such that
when W ~ F

k(z,2') = cEBe'**)"W = (E cos((z — ') TW).

18



To make use of this theorem, first observe the following. Let u ~ U[—7, 7], z,y € R.
Then

2E cos(x + u) cos(y + u) = 2E{(cos x cosu — sinx sinu)(cosy cosu — siny sinu)}.

d : : :
Now as u = —u, Ecosusinu = Ecos(—u)sin(—u) = —Ecosusinu = 0. Also of course
cos?u + sinu = 1 so Ecos?u = Esin?u = 1/2. Thus

2 cos(z + u) cos(y + u) = cosx cosy + sinzsiny = cos(z — y).

Given a shift-invariant kernel £ with associated distribution F', suppose W ~ F and
let u ~ U[—m, 7| independently. Define

o(x) = V2ccos(W 'z 4 u).
Then

E(x)p(2') = 2¢R[E{cos(W & + u) cos(W 2’ 4+ u)|[W}]
= cEcos((z — 2')"W) = k(z,2').
As a concrete example of this approach, let us take the Gaussian kernel k(x, ') = exp{—||z—

'[3/(2h*)}. Note that if W ~ N(0,h™%I), it has characteristic function E(et™W) =
e~ It3/(2h) g6 we may take (z) = v/2cos(W Tz + u).
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Chapter 2

The Lasso and extensions

2.1 Model selection

Let us revisit the linear model Y = X3° + ¢ where E(¢) = 0, Var(e) = ¢%I. In many
modern datasets, there are reasons to believe there are many more variables present than
are necessary to explain the response. Let S be the set S = {k : 8 # 0} and suppose
s = |S| < p.

The MSPE of OLS is

%EHXBO _ XBOLSHg _ %E{(ﬁo _ BOLS)TXTX(ﬁO _ BOLS)}
= %E[tr{(ﬁo — O)(8° — 5O TX T XY
= TlE{(5° — FOW)(5° — B} XTX]
= %tr(Var(BOLS)XTX) = 502_

If we could identify S and then fit a linear model using just these variables, we’d obtain
an MSPE of 02s/n which could be substantially smaller than o?p/n. Furthermore, it can
be shown that parameter estimates from the reduced model are more accurate. The smaller
model would also be easier to interpret.

We now briefly review some classical model selection strategies.

Best subset regression

A natural approach to finding S is to consider all 27 possible regression procedures each
involving regressing the response on a different sets of explanatory variables X,; where
M is a subset of {1,...,p}. We can then pick the best regression procedure using cross-
validation (say). For general design matrices, this involves an exhaustive search over all
subsets, so this is not really feasible for p > 50.
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Forward selection

This can be seen as a greedy way of performing best subsets regression. Given a target
model size m (the tuning parameter), this works as follows.

1. Start by fitting an intercept only model.

2. Add to the current model the predictor variable that reduces the residual sum of
squares the most.

3. Continue step 2 until m predictor variables have been selected.

2.2 The Lasso estimator

The Least absolute shrinkage and selection operator (Lasso) [Tibshirani, 1996] estimates
B° by %, where (4", 3%) minimise

1
%HY_,Ul_Xﬁ”g‘i‘)‘HBHl (2.1)

over (i, 5) € R x RP. Here ||3]]; is the ¢;-norm of B: ||5]l1 = D F_1 |Bxl-

Like ridge regression, BI\J shrinks the OLS estimate towards the origin, but there is
an important difference. The ¢; penalty can force some of the estimated coefficients to be
exactly 0. In this way the Lasso can perform simultaneous variable selection and parameter
estimation. As we did with ridge regression, we can centre and scale the X matrix, so then
i% =Y. As before, our target of interest is 4°. Define

1
Qa(B) = IV = X B3 + I8 (2.2)
Now the minimiser(s) of @,(/5) will also be the minimiser(s) of
IY = X 5|5 subject to [|6]lx < [|5¥[]-

Similarly, with the Ridge regression objective, we know that Bff minimises ||[Y — Xf]3
subject to [[B]l2 < [[B]l2-

Now the contours of the OLS objective ||[Y — X 3|3 are ellipsoids centred at BOLS,
while the contours of ||3|| are spheres centred at the origin, and the contours of ||3]]; are
‘diamonds’ centred at 0.

The important point to note is that the ¢; ball {3 € R? : |||, < ||A%||} has corners
where some of the components are zero, and it is likely that the OLS contours will intersect
the ¢; ball at such a corner.
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2.2.1 Prediction error of the Lasso (slow rate)

A remarkable property of the Lasso is that even when p > n, it can still perform well in
terms of prediction error. Suppose the columns of X have been centred and scaled (as we
will always assume from now on unless stated otherwise) and assume the normal linear

model
Y=pl+Xp +e¢ (2.3)

where € ~ N, (0, 0%I).

Theorem 11. LetB be any Lasso solution when

|
A= Ao M.

n

With probability at least 1 — 2p~(A*/2-1)

- 1
L (s - )13 < a0y B2 g0y

n
Proof. From the definition of B we have
1 5 . X 1 _
oY V1= XBIE 4+ ABl < oY~ V1= X3+ A"

Rearranging,
1

—&
n

X~ I3 < e X (B %) + Ml Al

Now [eTX (8 — 8] < | X ellsollB = 801. Let Q = {||XT¢|lo/n < A}. Lemma |15 below
shows that P(Q) > 1 — 2p~(*/2=1 Working on the event Q, we obtain

1 . . .
5 IX(B° = D)2 < AlIB° = Bl + Al = MBI

1 .
—[1X(8° = B3 < 4M18°1, by the triangle inequality. O
n

2.2.2 Concentration inequalities 1

The proof of Theorem [11] relies on a lower bound for the probability of the event 2. A
union bound gives

P(| X "e|loo/n > A) = P(ugzl\xjd/n > \)

<> P(X[el/n > N).

—

<

Now Xe/n ~ N(0,0%/n), so if we obtain a bound on the tail probabilities of normal
distributions, the argument above will give a bound for P(€2).
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Motivated by the need to bound normal tail probabilities, we will briefly discuss the
topic of concentration inequalities that provide such bounds for much wider classes of
random variables. Concentration inequalities are vital for the study of many modern
algorithms and in our case here, they will reveal that the attractive properties of the Lasso
presented in Theorem (11| hold true for a variety of non-normal errors.

We begin our discussion with the simplest tail bound, Markov’s inequality, which states
that given a non-negative random variable W,

E(W)
—

P(W >1t) <

This immediately implies that given a strictly increasing function ¢ : R — [0, 00) and any
random variable W,

POV 2 ) = PLo(7) 2 w(0)} < 22

Applying this with ¢(t) = e (o > 0) yields the so-called Chernoff bound:
P(W >1t) < ;g% e “EeV.
Consider the case when W ~ N(0,0?). Recall that
Ee®V = ¢2*"/2, (2.4)
Thus

P(W >t) < inf ¢ 7°/270t = =7/,
- T a>0

Note that to arrive at this bound, all we required was (an upper bound on) the moment
generating function (mgf) of W ([2.4)).

Sub-Gaussian variables

Definition 3. We say a random variable W is sub-Gaussian if there exists ¢ > 0 such
that

]Eea(WfEW) < €a20'2/2
for all & € R. We then say that W is sub-Gaussian with parameter o.

Proposition 12 (Sub-Gaussian tail bound). If W is sub-Gaussian with parameter o then
P(W —EW > t) < ¢ /(%)

As well as Gaussian random variables, the sub-Gaussian class includes bounded random
variables.
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Lemma 13 (Hoeffding’s lemma). If W takes values in [a,b], then W is sub-Gaussian with
parameter (b — a)/2.

The following proposition shows that analogously to how a linear combination of jointly
Gaussian random variables is Gaussian, a linear combination of sub-Gaussian random
variables is also sub-Gaussian.

Proposition 14. Let (W;)", be a sequence of independent sub-Gaussian random vari-
ables with parameters (o;)%, and let v € R™. Then v W is sub-Gaussian with parameter

(Z 9 2)1/2
i Vi 0 .

Proof. Wlog, we may assume EW,; = 0 for all .. We have
E exp (a Z %VVZ) = H E exp(ay; W)
i=1 i=1
< [ exp(a®}0?/2)
i=1

= exp (azzﬁaf/Z). O
i=1
We can now prove a more general version of the probability bound required for Theo-
rem [I11

Lemma 15. Suppose (¢;)?_, are independent, mean-zero and sub-Gaussian with common

parameter o. Note that this includes € ~ N,(0,0%I). Let A = Ac+/log(p)/n. Then
P(| X Telloc/n < A) > 1 — 2p~A/270),
Proof.
P
P(| X elloo/n > A) <> P(IXe|/n > \).
j=1

But £X "¢ /n are both sub-Gaussian with parameter (02| X;||3/n*)"? = o/y/n. Thus the
RHS is at most
2
2pexp(—A2log(p)/2) = 2pt~47/2. O
2.2.3 Some facts from optimisation theory and convex analysis

In order to study the Lasso in detail, it will be helpful to review some basic facts from
optimisation and convex analysis.
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Convexity

A set C C R is convez if
r,ye C=(1—-tlx+tyeC  forallte(0,1).
Given C' C R?, We say a function f : C' — R is convex if C' is convex and

(A=t +ty) <A —t)f(x)+tf(y)

for all z,y € C and t € (0,1). It is strictly convez if the inequality is strict for all z,y € C
with = # y. If a strictly convex function has a minimiser, it must be unique. In the
following, C' C R? is a convex set.

Proposition 16. (i) Let fi,..., fm : C — R be convex functions. Then if c1,...,cp >
0, nfi+ -+ cmfm: C— R is a convex function.

(ii) If f : C = R, and A : R™ — R? is an affine function (so A(x) = Mz + b for
M € R™™ and b € R?) then g : D — R, where D = {x € R™ : A(z) € C} given by
g(x) = f(A(x)) is convexr.

(15i) If f: C' — R is conver with C open and f is twice continuously differentiable on C,
then

(a) f is convex iff. its Hessian H(x) is positive semi-definite for all x € C,
(b) [ is strictly convex if H(x) is positive definite for all x € C.

The Lagrangian method

Consider an optimisation problem of the form
minimise f(z), subject to g(x) =0, reC CRY (2.5)

where ¢g : C' — R”. Suppose the optimal value is ¢* € R. The Lagrangian for this problem
is defined as

L(z,0) = f(z) + 0" g(x)
where 6 € R®. Note that

inf L(z,0) < inf L(z,0)=c"

zeC z€C:g(x)=0

for all 8. The Lagrangian method involves finding a # = 6* such that the minimising r = z*
on the LHS satisfies g(z*) = 0. This #* must then be a minimiser in the original problem

(2.5).
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Subgradients

Definition 4. Given convex C' C RY, a vector v € R? is a subgradient of a convex function
f:C—=Ratxif
fy) > flx)+v" (y — ) for all y € C.

The set of subgradients of f at z is called the subdifferential of f at x and denoted Of(x).
In order to make use of subgradients, we will require the following two facts:

Proposition 17. Let f: C' — R be convex, and suppose f is differentiable at x € int(C).
Then Of(z) = {V f(z)}.

Proposition 18 (Subgradient calculus). Let f, fi, fa : R — R be convex. Then

(i) Oaf)(x) ={ag: g€ df(x)} for a >0,

(it) O(f1+ f2)(@) = {91+ 92 : g1 € 0f1(x), g2 € Ofa(x)}.
Also if h : R™ — R is given by h(x) = f(Az +b) where A € R>*™ and b € RY, then
(iii) Oh(z) = {ATg: g€ Of(Ax +b)}.

The following easy (but key) result is often referred to in the statistical literature as the
Karush-Kuhn—Tucker (KKT) conditions, though it is actually a much simplified version
of them.

Proposition 19. Given convexr f: C — R, x* € argmin f(x) if and only if 0 € Of (x*).

xeC
Proof.
fy) > f(z*) forall ycC <« f(y)> f(@*)+0"(y—x) forall yeC
& 0e€of(z"). O
Let us now compute the subdifferential of the ¢;-norm. First note that || - [|; : R? — R

is convex. Indeed it is a norm so the triangle inequality gives ||tz + (1 — t)y||; < t||=|1 +
(1 —=t)||lyll,- We introduce some notation that will be helpful here and throughout the rest
of the course.

Forz € R and A = {ky,... , ky,} C{1,...,d} with k; < -+ < ky,,, by 24 we will mean
(Tkys - -+ T, ) . Similarly if X has d columns we will write X4 for the matrix

Xa=(Xp, - Xg,,)-

Further in this context, by A¢, we will mean {1, ..., d}\ A. Additionally, when in subscripts
we will use the shorthand —j = {j}° and —jk = {j, k}°. Note these column and component
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extraction operations will always be considered to have taken place first before any further
operations on the matrix, so for example X | = (X4)'. Finally, define

sgn(zry) =< 0 ifzy =0
1 if 1 >0,

and

sgn(z) = (sgn(z1), ... ,sgn(za)) "

Proposition 20. For z € R? let A= {j :x; #0}. Then
||zl ={v € RY: |v]]oo <1 and vy = sgn(xa)}

Proof. We can write ||z||; = E;.lzl le] x| where e; is the jth standard basis vector. The
subdifferential of the function u — |u] is [—1,1] if u = 0 and {sgn(u)} otherwise. Thus

from Proposition [1§(c) we see that the subdifferential of g;(x) =:= |e] x| is
dg;(x) — {sgn(x;)e;} if x; >0
! {te; -t € [-1,1]} otherwise.
Proposition [L§|(b) then gives the result. O

2.2.4 Lasso solutions

Equipped with these tools from convex analysis, we can now fully characterise the solutions
to the Lasso. We have that (Y is a Lasso solution if and only if 0 € 9Q\(8%), which is

equivalent to
1

n

for 7 with [|7]|o <1 and writing Sy = {k : 8, # 0}, 75 = sgn( iSA)
Lasso solutions need not be unique (e.g. if X has duplicate columns), though for most
reasonable design matrices, Lasso solutions will be unique. We will often tacitly assume

Lasso solutions are unique in the statement of our theoretical results. It is however straight-
forward to show that the Lasso fitted values are unique.

XTY = X35 = A,

Proposition 21. Fiz A > 0 and suppose SV and P are two Lasso solutions. Then
XpM = X5,

Proof. Suppose () and 5 both give an optimal objective value of ¢*. Now by strict
convexity of || - [|3,

1Y — XY /2 - Xp® /2|3 < |y — XBW|3/2+ )Y — X8P|3/2,
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