Optimization-based data analysis Fall 2017

Lecture Notes 1: Vector spaces

In this chapter we review certain basic concepts of linear algebra, highlighting their ap-
plication to signal processing.

1 Vector spaces

Embedding signals in a vector space essentially means that we can add them up or scale
them to produce new signals.

Definition 1.1 (Vector space). A wvector space consists of a set V, a scalar field that is
usually either the real or the complex numbers and two operations + and - satisfying the
following conditions.

1. For any pair of elements T,y € V the vector sum & + i belongs to V.
For any ¥ € V and any scalar o, o - & € V.

There exists a zero vector 0 such that £+ 0 = T for any T € V.

For any & € V there exists an additive inverse § such that Z+7 = 0, usually denoted
by —.

5. The vector sum is commutative and associative, i.e. for all T,y,7 € V
T+y=y+7, @+y)+27=T+Y+72). (1)
6. Scalar multiplication is associative, for any scalars o and B and any ¥ € V

a(f-7)=(af) T (2)
7. Scalar and vector sums are both distributive, i.e. for any scalars a and  and any
T, yeV
(a+p)T=a-Z+0-7, a (T4+y)=a-T+a-v. (3)
A subspace of a vector space V is any subset of V that is also itself a vector space.

From now on, for ease of notation we ignore the symbol for the scalar product -, writing
a-Tasaf.

Depending on the signal of interest, we may want to represent it as an array of real
or complex numbers, a matrix or a function. All of these mathematical objects can be
represented as vectors in a vector space.



Example 1.2 (Real-valued and complex-valued vectors). R™ with R as its associated
scalar field is a vector space where each vector consists of a set of n real-valued numbers.
This is by far the most useful vector space in data analysis. For example, we can represent
images with n pixels as vectors in R", where each pixel is assigned to an entry.

Similarly, C™ with C as its associated scalar field is a vector space where each vector
consists of a set of n complex-valued numbers. In both R™ and C", the zero vector is a
vector containing zeros in every entry. A

Example 1.3 (Matrices). Real-valued or complex-valued matrices of fixed dimensions
form vector spaces with R and C respectively as their associated scalar fields. Adding
matrices and multiplying matrices by scalars yields matrices of the same dimensions. In
this case the zero vector corresponds to a matrix containing zeros in every entry. A

Example 1.4 (Functions). Real-valued or complex-valued functions form a vector space
(with R and C respectively as their associated scalar fields), since we can obtain new
functions by adding functions or multiplying them by scalars. In this case the zero vector
corresponds to a function that maps any number to zero. A

Linear dependence indicates when a vector can be represented in terms of other vectors.

Definition 1.5 (Linear dependence/independence). A set of m vectors @1, Ts, ..., Ty, is
linearly dependent if there exist m scalar coefficients ay, ao, . ..,y which are not all equal
to zero and such that

i=1

Otherwise, the vectors are linearly independent. FEquivalently, any vector in a linearly
dependent set can be expressed as a linear combination of the rest, which is not the case
for linearly independent sets.

We define the span of a set of vectors {71, ..., %} as the set of all possible linear combi-
nations of the vectors:

m
span (1, ..., Tpy) = {]ﬂ y= Zai ¥; for some scalars as, g, ... ,am} . (5)

i=1

It is not difficult to check that the span of any set of vectors belonging to a vector space
V is a subspace of V.

When working with a vector space, it is useful to consider the set of vectors with the
smallest cardinality that spans the space. This is called a basis of the vector space.

Definition 1.6 (Basis). A basis of a vector space V is a set of independent vectors
{Z,..., %} such that

V =span (Z1,...,Zn) (6)



An important property of all bases in a vector space is that they have the same cardinality.

Theorem 1.7 (Proof in Section 8.1). If a vector space V has a basis with finite cardinality
then every basis of V contains the same number of vectors.

This result allows us to define the dimension of a vector space.

Definition 1.8 (Dimension). The dimension dim (V) of a vector space V is the cardinality
of any of its bases, or equivalently the number of linearly independent vectors that span

V.

This definition coincides with the usual geometric notion of dimension in R? and R3:
a line has dimension 1, whereas a plane has dimension 2 (as long as they contain the
origin). Note that there exist infinite-dimensional vector spaces, such as the continuous
real-valued functions defined on [0, 1] (we will define a basis for this space later on).

The vector space that we use to model a certain problem is usually called the ambient
space and its dimension the ambient dimension. In the case of R™ the ambient dimension
is n.

Lemma 1.9 (Dimension of R"). The dimension of R™ is n.

Proof. Consider the set of vectors €y, ..., ¢, C R" defined by

1 0 0

~ 0 ~ 1 - 0

1= - 2 = - ) €n = - (7)
0 0 1

One can easily check that this set is a basis. It is in fact the standard basis of R". [

2 Inner product

Up to now, the only operations we have considered are addition and multiplication by
a scalar. In this section, we introduce a third operation, the inner product between two
vectors.

Definition 2.1 (Inner product). An inner product on a vector space V is an operation
(-,+) that maps a pair of vectors to a scalar and satisfies the following conditions.

o [f the scalar field associated to V is R, it is symmetric. For any T,y € V
(Z,9) = (4, 7). (8)
If the scalar field is C, then for any Z,y € V
<‘f= y_> = <?j7 f)) (9)

where for any o € C @ s the complex conjugate of «.



e [t is linear in the first argument, i.e. for any o € R and any ¥,y,Z € V

<C¥f,]j> = oz(f,@, (10)
(T+y,2) =(T,2) +(¥,7). (11)

Note that if the scalar field is R, it is also linear in the second argument by symmetry.

o [t is positive definite: (Z,T) is nonnegative for all T € V and if (Z,Z) = 0 then
7=0.

Definition 2.2 (Dot product). The dot product between two vectors T,y € R™
Fogi=>Y i §li], (12)

where T [i] is the ith entry of ¥, is a valid inner product. R™ endowed with the dot product
1s usually called a Euclidean space of dimension n.

Similarly, the dot product between two vectors T,y € C™
7= 7i) 7l (13)
1s a valid inner product.

Definition 2.3 (Sample covariance). In statistics and data analysis, the sample covari-
ance is used to quantify the joint fluctuations of two quantities or features. Let (x1,y1),
(x2,Y2), -, (Tn,yn) be a data set where each example consists of a measurement of the
two features. The sample covariance is defined as

n

cov ((x1,11) -y (T, Yn)) = " i . Z (x; —av(zy,...,xn)) (vi —av (yr, ..., yn)) (14)

where the average or sample mean of a set of n numbers is defined by

1 n
av (ay,...,a,) == EZai. (15)
i=1

Geometrically the covariance is the scaled dot product of the two feature wvectors after
centering. The normalization constant is set so that if the measurements are modeled as
independent samples (X1,y1), (X2,¥2), --., (Xn,¥n) following the same distribution as
two random variables x and 'y, then the sample covariance of the sequence is an unbiased
estimate of the covariance of x andy,

E(cov ((x1,¥1) -+ (Xn,¥n))) = Cov (x,y) = E((x - E(x)) (y —E(y)))- (16)



Definition 2.4 (Matrix inner product). The inner product between two m x n matrices

A and B is

(A, B) := tr (A" B) (17)
= iiAijBij, (18)

where the trace of an n X n matrix is defined as the sum of its diagonal
tr (M) =Y M. (19)
i=1

The following lemma shows a useful property of the matrix inner product.

Lemma 2.5. For any pair of m x n matrices A and B
tr (BTA) :=tr (AB”) . (20)
Proof. Both sides are equal to (18). O

Note that the matrix inner product is equivalent to the inner product of the vectors with
mn entries obtained by vectorizing the matrices.

Definition 2.6 (Function inner product). A wvalid inner product between two complez-
valued square-integrable functions f, g defined in an interval [a,b] of the real line is

f-§:=/ f(2) 9 @) dr. (21)

3 Norms

The norm of a vector is a generalization of the concept of length in Euclidean space.

Definition 3.1 (Norm). Let V be a vector space, a norm is a function ||-|| from V to R
that satisfies the following conditions.

e [t is homogeneous. For any scalar o and any £ € V
[l ]| = |af [|2]] (22)
e [t satisfies the triangle inequality
17+ g1l < [[Z]] + |71l (23)

In particular, it is nonnegative (set yj = —Z).



o ||Z|| = 0 implies that T is the zero vector 0.

A vector space equipped with a norm is called a normed space. Inner-product spaces are
normed spaces because we can define a valid norm using the inner product.

Definition 3.2 (Inner-product norm). The norm induced by an inner product is obtained
by taking the square root of the inner product of the vector with itself,

1Z]l(.,y = V{7, T). (24)
Definition 3.3 (¢, norm). The ly norm is the norm induced by the dot product in R™ or
Cn,
(25)
In the case of R? or R? it is what we usually think of as the length of the vector.
Definition 3.4 (Sample variance and standard deviation). Let {z1,2a,...,2,} be a set
of real-valued data. The sample variance is defined as
var (1, x Tp) = ! i(m-—av (21, ) (26)
1, T2 5 Xn) " n—12 i 1, T2y« Tp
The sample standard deviation is the square root of the sample variance
std (21, T, ..., 2n) = \/var (z1, 2, ..., Tp). (27)

Definition 3.5 (Sample variance and standard deviation). In statistics and data analysis,
the sample variance is used to quantify the fluctuations of a quantity around its average.

Assume that we have n real-valued measurements x1, xs, ..., x,. The sample variance
equals
n
1 2
var (1, To, ..., Ty) = ] E (x; —av(xy, 29, ..., 2y,)) (28)
i=1

The normalization constant is set so that if the measurements are modeled as independent
samples X1, Xa, ..., Xq following the same distribution as a random variable x then the
sample variance is an unbiased estimate of the variance of x,

E (var (x1,X2,...,Xpn)) = Var (x) ==E ((x — E (x))z) . (29)

The sample standard deviation is the square root of the sample variance

std (21, T, . .., 2n) == \/var (z1, 2, ..., Tp). (30)
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Figure 1: Scatter plot of the points (Z1,%1), (Z2,%2), ..., (Zn,yn) for vectors with different
correlation coefficients.

Definition 3.6 (Correlation coefficient). When computing the sample covariance of two
features the unit in which we express each quantity may severely affect the result. If one
of the features is a distance, for example, expressing it in meters instead of kilometers
increases the sample covariance by a factor of 1000! In order to obtain a measure of
joint fluctuations that is invariant to scale, we normalize the covariance using the sam-
ple standard deviation of the features. This yields the correlation coefficient of the two
quantities

p __cov (1, 11) s (T, Yn))
(o)l ) - std (‘1'17 s 7$n> std (yla v 7yn) ‘

(31)

As illustrated in Figure 1 the correlation coefficient quantifies to what extent the entries of
the two vectors are linearly related. Corollary 3.12 below shows that it is always between
-1 and 1. If it is positive, we say that the two quantities are correlated. If it is negative,
we say they are negatively correlated. If it is zero, we say that they are uncorrelated. In
the following example we compute the correlation coefficient of some temperature data.

Example 3.7 (Correlation of temperature data). In this example we analyze temperature
data gathered at a weather station in Oxford over 150 years.! We first compute the
correlation between the temperature in January and the temperature in August. The
correlation coefficient is p = 0.269. This means that the two quantities are positively
correlated: warmer temperatures in January tend to correspond to warmer temperatures

!The data is available at http://www.metoffice.gov.uk/pub/data/weather/uk/climate/
stationdata/oxforddata.txt.


http://www.metoffice.gov.uk/pub/data/weather/uk/climate/stationdata/oxforddata.txt
http://www.metoffice.gov.uk/pub/data/weather/uk/climate/stationdata/oxforddata.txt

p = 0.269 p = 0.962
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Figure 2: Scatterplot of the temperature in January and in August (left) and of the maximum
and minimum monthly temperature (right) in Oxford over the last 150 years.

in August. The left image in Figure 2 shows a scatter plot where each point represents
a different year. We repeat the experiment to compare the maximum and minimum
temperature in the same month. The correlation coefficient between these two quantities
is p = 0.962, indicating that the two quantities are extremely correlated. The right image
in Figure 2 shows a scatter plot where each point represents a different month. A

Definition 3.8 (Frobenius norm). The Frobenius norm is the norm induced by the matriz
inner product. For any matriz A € R™*"

1A]lg == /ir (ATA) =

(32)

It is equal to the {5 norm of the vectorized matriz.

Definition 3.9 (Lo norm). The Lo norm is the norm induced by the dot product in the
inner-product space of square-integrable complex-valued functions defined on an interval

[a7 b]?
1flley = VT =1 / f @) do. (33)

The inner-product norm is clearly homogeneous by linearity and symmetry of the inner
product. [[Z|[, , = 0 implies & = 0 because the inner product is positive semidefinite. We
only need to establish that the triangle inequality holds to ensure that the inner-product
is a valid norm. This follows from a classic inequality in linear algebra, which is proved
in Section 8.2.



Theorem 3.10 (Cauchy-Schwarz inequality). For any two vectors ¥ and § in an inner-
product space

[{Z D < W20l 19l - (34)
Assume [|Z|[,_ y # 0, then
. U e q || Jll;..
ﬁ|M|ﬁ

(5 = 12l 191],.. (36)

Corollary 3.11. The norm induced by an inner product satzsﬁes the triangle inequality.

Proof.
-, 2
12+ = N + 17 +2(8.9) (37)
< HxH )+ HyH y + 217y 1I91],.., by the Cauchy-Schwarz inequality
2
= (|\fu<.,.>+umr<.,>) . (38)
[

Another corollary of the Cauchy-Schwarz theorem is that the correlation coefficient is
always between -1 and 1 and that if it equals either 1 or -1 then the two vectors are
linearly dependent.

Corollary 3.12. The correlation coefficient of two vectors & and y in R™ satisfies

_1 S p(xlvyl)v'“7(xnyyn) S 1 (39)
In addition,
std (y1, .-+, Yn (

pf,g:_l < yi:av(yla"'ay’rL)_ l’i—aV(th...,l'n)), (40)

)
std (y1, -+, Yn)
)(

i ey Tn)) . 41
std (xq,..., 2, v —av (o %n)) (41)

prg=1 <= yi=av(yi,....yn) +

Proof. The result follows from applying the Cauchy-Schwarz inequality to the vectors

a = [ml—av(:cl,...,:cn) To —av(Ty, ..., T,) - xn—av(xl,...,xn)}, (42)

b=y —av(y,... %) Yo—av(y,,....¥) Yo —av(y,.... )], (43)
since

std (21, g, ..., zn) = ||d]],, (44)

std (Y1, ¥, -+ ) = [[B] 2, (45)

cov (21,01) -+ (2 1n) = (@5 (46)

[



Norms are not always induced by an inner product. The parallelogram law provides a
simple identity that allows to check whether this is the case.

Theorem 3.13 (Parallelogram law). A norm || - || on a vector space V is induced by an
inner product if and only if

2121 + 2||71* = |17 - g1 + |7+ 41, (47)
for any &,y € V.

Proof. 1f the norm is induced by an inner product then

1Z = gl* + |17+ 7" = (F = 4,7 = §) + (T + 7.7 +7) (48)
=2 2* + 27" — (£,9) — (4.2) + (£, 9) + (4,7)  (49)
= 2/11* + 2/|7*. (50)

If the identity holds then it can be shown that

L Lo, o LS
(@9) = 7 (1#+ 3" = 17 = 71°) (51)

is a valid inner product for real scalars and

" Lo L = | o L
(@) = 7 (1#+ 31" = 17 = g1° — i (|7 + agil* — 117 — igl*)) (52)
is a valid inner product for complex scalars. O

The following two norms do not satisfy the parallelogram identity and therefore are not
induced by an inner product. Figure 3 compares their unit-norm balls with that of the
{3 norm. Recall that the unit-norm ball of a norm ||-|| is the set of vectors & such that
1Z]] < 1.

Definition 3.14 (¢, norm). The ¢, norm of a vector in R™ or C" is the sum of the
absolute values of the entries,

7], = Z |20l (53)

Definition 3.15 ({,, norm). The {y norm of a vector in R™ or C" is the maximum
absolute value of its entries,

1], = max| (] (54)
Although they do not satisfy the Cauchy-Schwarz inequality, as they are not induced by

any inner product, the ¢; and ¢, norms can be used to bound the inner product between
two vectors.

10



b ls oo

Figure 3: Unit {1, {5 and ¢, norm balls.

Theorem 3.16 (Holder’s inequality). For any two vectors & and i in R™ or C"

Z ) < 1120y [19]] s - (55)

Proof.

(7, 9)| < Z |zl || (56)

< max [g[i]] Z |Zd]] (57)
= 1211 191 - (58)

O

Distances in a normed space can be measured using the norm of the difference between
vectors.

Definition 3.17 (Distance). The distance between two vectors & and i induced by a norm
[I-]] s

d(Z,y) = ||7 = gl]. (59)

4 Nearest-neighbor classification

If we represent signals as vectors in a vector space, the distance between them quantifies
their similarity. In this section we show how to exploit this to perform classification.

Definition 4.1 (Classification). Given a set of k predefined classes, the classification
problem is to decide what class a signal belongs to. The assignment is done using a
training set of examples, each of which consists of a signals and its corresponding label.

11



nearest neighbor h @

Figure 4: The nearest neighbor algorithm classifies points by assigning them the class of the
closest point. In the diagram, the black point is assigned the red circle class because its nearest
neighbor is a red circle.

Figure 5: Training examples for four of the people in Example 4.3.
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Test image

Closest image

Figure 6: Results of nearest-neighbor classification for four of the people in Example 4.3. The
assignments of the first three examples are correct, but the fourth is wrong.

The nearest-neighbor algorithm classifies signals by looking for the closest signal in the
training set. Figure 4 shows a simple example.

Algorithm 4.2 (Nearest-neighbor classification). Assume that the signals of interest can
be represented by vectors in a vector space endowed with a norm denoted by ||-||. The
training set consequently consists of n pairs of vectors and labels: {Z1,11}, ..., {Zn, 1}
To classify a test signal i we find the closest signal in the training set in terms of the
distance induced by the norm,

-k

i* = arg min ||y — @], (60)
and assign the corresponding label I+ to y.

Example 4.3 (Face recognition). The problem of face recognition consists of classifying
images of faces to determine what person they correspond to. In this example we consider
the Olivetti Faces data set?. The training set consists of 360 64 x 64 images taken from
40 different subjects (9 per subject). Figure 5 shows some of the faces in the training
set. The test set consists of an image of each subject, which is different from the ones in
the training set. We apply nearest-neighbor algorithm to classify the faces in the test set,
modeling each image as a vector in R**% and using the distance induced by the £, norm.
The algorithm classifies 36 of the 40 subjects correctly. Some of the results are shown in
Figure 6. JAN

5 Orthogonality

When the inner product between two vectors is zero, we say that the vectors are orthog-
onal.

2Available at http://www.cs.nyu.edu/~roweis/data.html
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Definition 5.1 (Orthogonality). Two vectors & and § are orthogonal if and only if
(Z,9) = 0. (61)
A wvector T is orthogonal to a set S, if
(¥,5) =0, forallseS. (62)
Two sets of Sy, Sy are orthogonal if for any ¥ € 81,7 € Sy
(@, 1) =0. (63)
The orthogonal complement of a subspace S is
St={7| () =0 foralyecS}. (64)

Distances between orthogonal vectors measured in terms of the norm induced by the inner
product are easy to compute.

Theorem 5.2 (Pythagorean theorem). If & and i are orthogonal vectors
2 ) )
Z+ 1l = N2 + 711, - (65)

Proof. By linearity of the inner product

12+ g1l = 2y + 19, + 27 9) (66)
=112 — 12

=12l + 19l - (67)

[

If we want to show that a vector is orthogonal to a certain subspace, it is enough to show
that it is orthogonal to every vector in a basis of the subspace.

Lemma 5.3. Let @ be a vector and S a subspace of dimension n. If for any basis

517527"'7571, 0f87
<f, j-> —0, 1<i<n, (68)

then & is orthogonal to S.

n

Proof. Any vector v € S can be represented asv =), %:15;' for ay, ..., a, € R, from (68)

(7,v) = <g:~‘ Za;@-> =i, <:z 6i> —0. (69)

O

14



If the vectors in a basis are normalized and mutually orthogonal, then the norm is said
to be orthonormal.

Definition 5.4 (Orthonormal basis). A basis of mutually orthogonal vectors with inner-
product norm equal to one is called an orthonormal basis.

It is very easy to find the coefficients of a vector in an orthonormal basis: we just need
to compute the dot products with the basis vectors.

Lemma 5.5 (Coefficients in an orthonormal basis). If {uy,...,4,} is an orthonormal
basis of a vector space V, for any vector ¥ € V

Proof. Since {i, ...,1,} is a basis,
m
= g a; U; for some oy, o, ..., a, € R. (71)
—

Immediately,

i=1 =1
because (U;, 4;) = 1 and (4;, @;) = 0 for ¢ # j. O

We can construct an orthonormal basis for any subspace in a vector space by applying the
Gram-Schmidt method to a set of linearly independent vectors spanning the subspace.

Algorithm 5.6 (Gram-Schmidt). Consider a set of linearly independent vectors Ty, ...,
Ty tn R™. To obtain an orthonormal basis of the span of these vectors we:

1. Set iy == 71/ ||71,

2. Fori=1,...,m, compute

i—1
S @7 (73)
7j=1

and set u; := v;/ ||Ui]]5.
It is not difficult to show that the resulting set of vectors s, ..., i, is an orthonormal

basis for the span of 71, ..., @,,: they are orthonormal by construction and their span is
the same as that of the original set of vectors.

15



6 Orthogonal projection

If two subspaces are disjoint, i.e. their only common point is the origin, then a vector
that can be expressed as a sum of a vector from each subspace is said to belong to their
direct sum.

Definition 6.1 (Direct sum). Let V be a vector space. For any subspaces Sy, So CV such
that

Si1NSy; ={0} (74)
the direct sum is defined as

Sl@SQZZ{f‘f:§1+§2 g1€81,§2€82}. (75)
The representation of a vector in the direct sum of two subspaces as the sum of vectors

from the subspaces is unique.

Lemma 6.2. Any vector ¥ € §; & Sy has a unique representation
f:§1+§2 51 681,§2 € Ss. (76)

Proof. If 7 € §; ® S, then by definition there exist §; € S, 8y € Sy such that ¥ = 57 + 5.
Assume T = U] + Uy, U] € 81,03 € Ss, then § — U7 = §5 — ¥5. This implies that §; — v
and S — Uy are in &) and also in S. However, §; NSy = {0}, so we conclude §; = ¢} and
§2 - '172. D

Given a vector x and a subspace S, the orthogonal projection of ¥ onto & is the vector
that we reach when we go from z to § following a direction that is orthogonal to §. This
allows to express & as the sum of a component that belongs to S and another that belongs
to its orthogonal complement. This is illustrated by a simple example in Figure 7.

Definition 6.3 (Orthogonal projection). Let V be a vector space. The orthogonal pro-
jection of a vector ¥ € V onto a subspace S C V is a vector denoted by Psx such that
7F—Ps¥ecSt

Theorem 6.4 (Properties of the orthogonal projection). Let V be a vector space. Every
vector £ € V has a unique orthogonal projection Ps ¥ onto any subspace S C 'V of finite
dimension. In particular T can be expressed as

f:/Psf—l—'PSL . (77)
For any vector s € S

(Z,s) = (Ps@,s). (78)

16



Figure 7: Orthogonal projection of a vector # € R? on a two-dimensional subspace S.

—

For any orthonormal basis 51, cooybm of S,

Psi=3 <f 52-> b, (79)
i=1
The orthogonal projection is a linear operation. For any vectors ¥ and i and any subspace
S
Ps (¥ +y) =Psi+Psy. (80)

Proof. Let us denote the dimension of S by m. Since m is finite, there exists an orthonor-
mal basis of S: b,...,b . Consider the vector

m

§i= Z<:E E;> 7. (81)

=1

It turns out that ¥ — p’is orthogonal to every vector in the basis. For 1 < 7 < m,

(770 = <f—i<f,z§;>5;,5;> (82)
{2) -3 (28) (7.5 (53)
= (#8) - (.5, =0, (84)

so ¥ —p € St and p'is an orthogonal projection. Since S NSt = {0} * there cannot be
two other vectors #; € S, 7 € St such that ¥ = & + &> so the orthogonal projection is
unique.

3For any vector ¥ that belongs to both S and St (7, 7) = ||17|\§ = 0, which implies ¥ = 0.

17



Notice that 0 := Z—p'is a vector in S+ such that £ — = p'is in S and therefore in (SL)L.
This implies that & is the orthogonal projection of # onto S+ and establishes (77).

Equation (78) follows immediately from the orthogonality of any vector in S and Pg. 7.
Equation (79) follows from (78).

Finally, linearity follows from (79) and linearity of the inner product

Ps (% + g>:§:<f+gagz>gz (85)
i—1
:i<f,gz> gz+i<gagz> bi (86)
i=1 i—1
=Psi+ Psy. (87)
0

The following corollary relates the dimensions of a subspace and its orthogonal comple-
ment within a finite-dimensional vector space.

Corollary 6.5 (Dimension of orthogonal complement). Let V be a finite-dimensional
vector space, for any subspace S CV

dim (S) + dim (§*) = dim (V). (88)

Proof. Consider a set of vectors B defined as the union of a basis of S, which has dim (S)
elements, and a basis of S+, which has dim (SL) elements. Due to the orthogonality of
S and S* all the dim (S) + dim (S*) vectors in B are linearly independent and by (77)
they span the whole space, which establishes the result. O

Computing the inner-product norm of the projection of a vector onto a subspace is easy
if we have access to an orthonormal basis.

Lemma 6.6 (Norm of the projection). The norm of the projection of an arbitrary vector
Z €V onto a subspace S CV of dimension d can be written as

(89)

for any orthonormal basis l;l, e ,gd of S.

18



Proof. By (79)

The orthogonal projection of a vector £ onto a subspace S has a very intuitive interpreta-
tion that generalizes to other sets: it is the vector in S that is closest to Z in the distance
associated to the inner-product norm.

Theorem 6.7 (The orthogonal projection is closest). The orthogonal projection Ps @ of
a vector T onto a subspace S is the solution to the optimization problem

minimize |1z =l ., (94)
subject to ueSs. (95)

Proof. Take any point § € S such that §# Ps &

|# =58, = [|# = Ps &+ Ps =5[], (96)
=117 = Ps [, + |IPs 7 = 817, (97)
> ||Z — Ps f]|?> because § # Ps T, (98)

where (97) follows from the Pythagorean theorem since because Psi ¥ = Z — Ps # belongs
to S+ and PsZ — 5to S. O

7 Denoising
In this section we consider the problem of denoising a signal that has been corrupted by
an unknown perturbation.

Definition 7.1 (Denoising). The aim of denoising is to estimate a signal from perturbed
measurements. If the noise is assumed to be additive, the data are modeled as the sum of
the signal ¥ and a perturbation Z

yi=a+ 7z (99)

The goal is to estimate T from 1.
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Figure 8: Illustration of the two terms in the error decomposition of Lemma 7.3 for a simple
denoising example, where the data vector is denoised by projecting onto a 1D subspace.

In order to denoise a signal, we need to have some prior information about its structure.
For instance, we may suspect that the signal is well approximated as belonging to a
predefined subspace. This suggests estimating the signal by projecting the noisy data
onto the subspace.

Algorithm 7.2 (Denoising via orthogonal projection). Denoising a data vector y wvia
orthogonal projection onto a subspace S, consists of setting the signal estimate to Ps 7,
the projection of the noisy data onto S.

The following lemma gives a simple decomposition of the error incurred by this denoising
technique, which is illustrated in Figure 8.

Lemma 7.3. Let ;= ¥+ Z and let S be an arbitrary subspace, then
17 = Ps g5 = [[Pss |5 + [|Ps 21l5 - (100)

Proof. By linearity of the orthogonal projection

T—Psy=2—PsZ—Ps? (101)
=Ps. T —Ps?Z, (102)
so the result follows by the Pythagorean theorem. O

The error is divided into two terms. The first term is the projection of the signal onto the
orthogonal complement of the chosen subspace §. For this term to be small, the signal
must be well represented by its projection onto §. The second term is the projection of
the noise onto §. This term will be small if the noise is mostly orthogonal to S. This
makes sense: denoising via projection will only be effective if the projection preserves the
signal but eliminates the noise.
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Projection Projection
onto 81 onto Sf

Estimate

Figure 9: Denoising of the image of a face by projection onto the span of 9 other images of
the same person, denoted by S;. The original image is normalized to have ¢5 norm equal to
one. The noise has ¢ norm equal to 0.1. The f5 norms of the projections of the original image
and of the noise onto S; and its orthogonal complement are indicated beside the corresponding
images. The estimate is the projection of the noisy image onto S;.
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Figure 10: Denoising of the image of a face by projection onto the span of 360 other images
of different people (including 9 of the same person), denoted by Sz. The original image is
normalized to have 5 norm equal to one. The noise has £5 norm equal to 0.1. The f5 norms of
the projections of the original image and of the noise onto S and its orthogonal complement are
indicated beside the corresponding images. The estimate is the projection of the noisy image
onto Ss.
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Example 7.4 (Denoising of face images). In this example we again consider the Olivetti
Faces dataset®, with a training set of 360 64 x 64 images taken from 40 different subjects
(9 per subject). The goal is to denoise a test image Z of the same dimensions that is
not in the training set. The data y are obtained by adding noise to the test image. The
entries of the noise vector z are sampled independently from a Gaussian distribution and
scaled so that the signal-to-noise ratio equals 10,

il

SNR := H |

We denoise the image by projecting onto two subspaces:

2 _ 6.67. (103)

B

&y

e S the span of the 9 images in the training set that correspond to the same subject.

e S,: the span of the 360 images in the training set.

Figure 9 and 10 show the results for §; and Sy respectively. The relative fo-norm error
of both estimates is:

||f_ PSI gHQ

: —0.114, (104)
|11

N7 =Ps, §1ly _ ¢ g7, (105)
|11

The two estimates look very different. To interpret the results we separate the error into
two components, as in Lemma 7.3. The norm of the projection of the noise onto S; is
smaller than its projection onto Sy

1Ps, 21l _ [IPs, 1l

17, 17,

0.007 =

= 0.043. (106)

The reason is that &; has lower dimension. The ratio between the two projections
(0.043/0.007 = 6.14) is close to the square root of the ratio of the dimensions of the
subspaces (6.32). This is not a coincidence, as we will see later on. However, the projec-
tion of the signal onto S is not as close to 7 as the projection onto Sy, which is particularly
obvious in the lower half of the face,

[Psdll, ||Ps ]

17l 17l

0.063 = 2 =0.114. (107)

The conclusion is that the projection onto Sy produces a noisier looking image (because
the noise-component of the error is larger), which nevertheless looks more similar to the
original signal (because the signal-component of the error is smaller). This illustrates an
important tradeoff when using projection-based denoising: subspaces with larger dimen-
sion approximate the signal better, but don’t suppress the noise as much. A

4Available at http://www.cs.nyu.edu/~roweis/data.html
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8 Proofs

8.1 Proof of Theorem 1.7

We prove the claim by contradiction. Assume that we have two bases {¥1,...,Z,} and
{#1,...,y,} such that m < n (or the second set has infinite cardinality). The proof follows
from applying the following lemma m times (setting r = 0,1,...,m — 1) to show that
{#1,...,Ym} spans V and hence {4, ..., ¥y,} must be linearly dependent.

Lemma 8.1. Under the assumptions of the theorem, if {ij1, Yo, - - -, Y, Tri1, - - -, Tm} Spans
V then {41, ..., Yri1, Tri,- -, Tm} also spans V (possibly after rearranging the indices
r+1,...,m) forr=0,1,...,m— 1.

Proof. Since {41, 2, .-, Yr, Tri1,- ., Tm} spans V
gT+1:ZBig7:+ Z 774517 617"'7BT77T+17"'77mER7 (108)
i=1 i=r+1
where at least one of the v, is non zero, as {y1, ..., ¥,} is linearly independent by assump-

tion. Without loss of generality (here is where we might need to rearrange the indices)
we assume that 7,1 # 0, so that

Frr = — (Zm— > w> (109)
=1

Vr+1

i=r+2
This implies that any vector in the span of {#1,%s,..., ¥ Tri1,- .., Tm}, le. in V, can
be represented as a linear combination of vectors in {#1,...,¥rs1, Tri2,-- -, Lm}, which
completes the proof. O

8.2 Proof of Theorem 3.10

It [|2[,. , =0 then & = 0 because the inner product is positive semidefinite, which implies
(Z,¥) = 0 and consequently that (34) holds with equality. The same is true if [|y][,_, = 0.

Now assume that ||Z][, , # 0 and ||§]|, , # 0. By semidefiniteness of the inner product,

2 I R S , "
= 2|[Z|[y IG5y + 21120 9l (2,90 (110)

2
212 (12 = L, -
=2 ||$||<> ||y||<.,.> —2 ||x||<> ||?JH<) (T, ) - (111)

0 < ||l 7+ 11, 7

0 < ||l 7~ il 7

These inequalities establish (34).
Let us prove (40) by proving both implications.

—

('7') y

(=) Assume (Z,9) = —||Z]|, ||4]],.,- Then (110) equals zero, so ||¢]|, , Z = — [|Z|
because the inner product is positive semidefinite.
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(<= ) Assume ||y]|, ,Z= —||Z][, ,¢. Then one can easily check that (110) equals zero,
which implies (7, §) = — [[Z]],_, [[41],. .-
The proof of (41) is identical (using (111) instead of (110)).
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Optimization-based data analysis Fall 2017

Lecture Notes 2: Matrices

Matrices are rectangular arrays of numbers, which are extremely useful for data analysis.
They can be interpreted as vectors in a vector space, linear functions or sets of vectors.

1 Basic properties

1.1 Column and row space

A matrix can be used to represent a set of vectors stored as columns or rows. The span
of these vectors are called the column and row space of the matrix respectively.

Definition 1.1 (Column and row space). The column space col (A) of a matriz A is the
span of its columns. The row space row (A) is the span of its rows.

Interestingly, the row space and the column space of all matrices have the same dimension.
We name this quantity the rank of the matrix.

Definition 1.2 (Rank). The rank of a matriz is the dimension of its column and of its
row space.

Theorem 1.3 (Proof in Section 5.1). The rank is well defined. For any matriz A
dim (col (A)) = dim (row (A)). (1)

If the dimension of the row and column space of an m X n matrix where m < n is equal
to m then the the rows are all linearly independent. Similarly, if m > n and the rank
is n then the columns are all linearly independent. In general, when the rank equals
min {n, m} we say that the matrix is full rank.

Recall that the inner product between two matrices A, B € R™*" is given by the trace of
AT B, and the norm induced by this inner product is the Frobenius norm. If the column
spaces of two matrices are orthogonal, then the matrices are also orthogonal.

Lemma 1.4. If the column spaces of any pair of matrices A, B € R™" are orthogonal
then

(A, BY = 0. 2)

Proof. We can write the inner product as a sum of products between the columns of A



and B, which are all zero under the assumption of the lemma

(A, B) :=tr (A"B) (3)
- Z <A:,i7 B:,i> (4)

—0. (5)

O

The following corollary follows immediately from Lemma 1.4 and the Pythagorean theo-
rem.

Corollary 1.5. If the column spaces of any pair of matrices A, B € R™*"™ are orthogonal

1A+ Bz = [[Allg + Il (6)

1.2 Linear maps

A map is a transformation that assigns a vector to another vector, possible belonging to
a different vector space. The transformation is linear if it maps any linear combination
of input vectors to the same linear combination of the corresponding outputs.

Definition 1.6 (Linear map). Given two vector spaces ¥V and R associated to the same
scalar field, a linear map f :V — R is a map from vectors in V' to vectors in R such that
for any scalar o and any vectors ©1,Z9 € V

f @+ 7)) = f (&) + f(72), (7)

flaZy) =af (). (8)

Every complex or real matrix of dimensions m x n defines a map from the space of n-
dimensional vectors to the space of m-dimensional vectors through an operation called

matrix-vector product. We denote the ith row of a matrix A by A;., the jth column by
A,; and the (7, j) entry by A;;.

Definition 1.7 (Matrix-vector product). The product of a matrix A € C™*™ and a vector
T € C" is a vector Ax € C™, such that

(AD) i = > A5 1). ©)

For real matrices, each entry in the matrix-vector product is the dot product between a
row of the matrix and the vector,

(AZ)[i] = (Ai @) (10)



The matrix-vector product can also be interpreted in terms of the column of the matrix,
AT =) F[j] Ay (11)
j=1

AZ is a linear combination of the columns of A weighted by the entries in Z.

Matrix-vector multiplication is clearly linear. Perhaps surprisingly, the converse is also

true: any linear map between C" and C™ (or between R™ and R™) can be represented by
a matrix.

Theorem 1.8 (Equivalence between matrices and linear maps). For finite m,n every
linear map f: C™ — C" can be uniquely represented by a matriz F' € C™*™.

Proof. The matrix is

F= [f (€) f(e) - f(gn)}, (12)

i.e., the columns of the matrix are the result of applying f to the standard basis. Indeed,
for any vector ¥ € C™

fla)=f (Z fmez-) (13)

=D @[i]f(¢}) by (7) and (8) (14)
=1
~ F7. (15)
The ith column of any matrix that represents the linear map must equal f (¢€;) by (11),
so the representation is unique. 0

When a matrix C™*" is fat, i.e., n > m, we often say that it projects vectors onto a
lower dimensional space. Note that such projections are not the same as the orthogonal
projections we described in Lecture Notes 1. When a matrix is tall, i.e., m > n, we say
that it lifts vectors to a higher-dimensional space.

1.3 Adjoint

The adjoint of a linear map f from an inner-product space )V and another inner product
space R maps elements of R back to V in a way that preserves their inner product with
images of f.

Definition 1.9 (Adjoint). Given two vector spaces V and R associated to the same scalar
field with inner products (-, -),, and (-, ) respectively, the adjoint f*: R —V of a linear
map [V — R satisfies

(@), 9)r =&, @)y (16)
forallZ €V and j € R.



In the case of finite-dimensional spaces, the adjoint corresponds to the conjugate Hermi-
tian transpose of the matrix associated to the linear map.

Definition 1.10 (Conjugate transpose). The entries of the conjugate transpose A* €
C™™ of a matriz A € C™™ are of the form

If the entries of the matrix are all real, this is just the transpose of the matriz.

Lemma 1.11 (Equivalence between conjugate transpose and adjoint). For finite m,n
the adjoint f* : C* — C™ of a linear map f : C™ — C" represented by a matrix F
corresponds to the conjugate transpose of the matriz F*.

Proof. For any ¥ € C" and y € C™,

(@) Pen =D f @), (18)
= Zm:E s mej (19)
=35 Fi (20
= (T, F*Y)cn (21)

By Theorem 1.8 a linear map is represented by a unique matrix (you can check that the
adjoint map is linear), which completes the proof. O]

A matrix that is equal to its adjoint is called self-adjoint. Self-adjoint real matrices
are symmetric: they are equal to their transpose. Self-adjoint complex matrices are
Hermitian: they are equal to their conjugate transpose.

1.4 Range and null space

The range of a linear map is the set of all possible vectors that can be reached by applying
the map.

Definition 1.12 (Range). Let V and R be vector spaces associated to the same scalar
field, the range of a map f : V — R is the set of vectors in R that can be reached by
applying f to a vector in V:

range (f) :={y|y= f (&) for some X € V}. (22)

The range of a matrix is the range of its associated linear map.



The range of a matrix is the same as its column space.
Lemma 1.13 (The range is the column space). For any matric A € C™*™

range (A) = col (A). (23)

Proof. For any &, A% is a linear combination of the columns of A, so the range is a subset
of the column space. In addition, every column of A is in the range, since A.; = Ae; for
1 <17 < n, so the column space is a subset of the range and both sets are equal. O

The null space of a map is the set of vectors that are mapped to zero.

Definition 1.14 (Null space). Let V and R be vector spaces associated to the same scalar
field, the null space of a map f:V — R s the set of vectors in 'V that are mapped to the
zero vector in R by f:

null (f) = {f[ £(@) = 6}. (24)
The null space of a matrix is the null space of its associated linear map.

It is not difficult to prove that the null space of a map is a vector space, as long as the
map is linear, since in that case scaling or adding elements of the null space yield vectors
that are mapped to zero by the map.

The following lemma shows that for real matrices the null space is the orthogonal com-
plement of the row space of the matrix.

Lemma 1.15. For any matriz A € R™*"
null (A) = row (A)" . (25)

Proof. Any vector ¥ in the row space of A can be written as ¥ = A’Z, for some vector
ZeR™ If y € null (A) then

(9,7) = (9, ATZ) (26)
= (Ay, %) (27
=0 (28

So null (4) C row (4)*.
If # € row (A)" then in particular it is orthogonal to every row of A, so Az = 0 and
row (A)" C null (4). O
An immediate corollary of Lemmas 1.13 and 1.15 is that the dimension of the range and
the null space add up to the ambient dimension of the row space.
Corollary 1.16. Let A € R™*"

dim (range (A)) + dim (null (A)) = n. (29)
This means that for every matrix A € R™*" we can decompose any vector in R" into two

components: one is in the row space and is mapped to a nonzero vector in C™, the other
is in the null space and is mapped to the zero vector.



1.5 Identity matrix and inverse

The identity matrix is a matrix that maps any vector to itself.

Definition 1.17 (Identity matrix). The identity matriz of dimensions n X n is

7= |01 ::: 0. (30)
00 --- 1

For any ¥ € C", I¥ = 7.

Square matrices have a unique inverse if they are full rank, since in that case the null
space has dimension 0 and the associated linear map is a bijection. The inverse is a matrix
that reverses the effect of the matrix on any vector.

Definition 1.18 (Matrix inverse). The inverse of a square matriz A € C"*" is a matriz
A~ e C™ such that

AATT=ATA=1T (31)

1.6 Orthogonal and projection matrices

We often use the letters U € R™*" or V' € R™*" for matrices with orthonormal columns.
If such matrices are square then they are said to be orthogonal. Orthogonal matrices
represent linear maps that do not affect the magnitude of a vector, just its direction.

Definition 1.19 (Orthogonal matrix). An orthogonal matriz is a real-valued square ma-
trix such that its inverse is equal to its transpose,

Ut =UUT = I (32)

By definition, the columns U.q, U., ..., U, of any n x n orthogonal matrix have unit norm
and orthogonal to each other, so they form an orthonormal basis (it’s somewhat confusing
that orthogonal matrices are not called orthonormal matrices instead). Applying U” to a
vector ¥ € R™ is equivalent to computing the coefficients of its representation in the basis
formed by the columns of U. Applying U to UT ¥ recovers & by scaling each basis vector
with the corresponding coefficient:

F=UUTE=> (U &)U (33)

=1

Since orthogonal matrices only rotate vectors, it is quite intuitive that the product of two
orthogonal matrices yields another orthogonal matrix.



Lemma 1.20 (Product of orthogonal matrices). If U,V € R™™ are orthogonal matrices,
then UV is also an orthogonal matrix.

Proof.
o Uv)=vTutuv = 1. (34)
O

The following lemma proves that orthogonal matrices preserve the 5 norms of vectors.

Lemma 1.21. Let U € R™™ be an orthogonal matrix. For any vector ¥ € R,
NUZ]ly = 1211, - (35)

Proof. By the definition of orthogonal matrix

vzl =#'vTUuz (36)
=7z 37

(37)

= ||]]5 - (38)

u

Matrices with orthonormal columns can also be used to construct orthogonal-projection
matrices, which represent orthogonal projections onto a subspace.

Lemma 1.22 (Orthogonal-projection matrix). Given a subspace S C R" of dimension
d, the matrix

pP:=UU", (39)
where the columns of Uy, Us, ..., Ug4 are an orthonormal basis of S, maps any vector ¥
to its orthogonal projection onto S.

Proof. For any vector ¥ € R"
Pi=UU"Z (40)
d
= (U, 2) U, (41)
i=1
=PsZ by (64) in the lecture notes on vector spaces. (42)
[

2 Singular-value decomposition

In this section we introduce the singular-value decomposition, a fundamental tool for
manipulating matrices, and describe several applications in data analysis.



2.1 Definition

Every real matrix has a singular-value decomposition.

Theorem 2.1. FEvery rank r real matrix A € R™", has a singular-value decomposition
(SVD) of the form

o 0 - 0 171T
A=f@ @ - a]| 0 " % (43)
0 0 - o @T
=USVT, (44)
where the singular values o1 > o9 > --- > 0, are positive real numbers, the left singular
vectors Uy, Us, ...U, form an orthonormal set, and the right singular vectors vy, Vs, . ..U,

also form an orthonormal set. The SVD 1is unique if all the singular values are different.
If several singular values are the same, their left singular vectors can be replaced by any
orthonormal basis of their span, and the same holds for the right singular vectors.

The SVD of an m x n matrix with m > n can be computed in O (mn?). We refer to any
graduate linear algebra book for the proof of Theorem 2.1 and for the details on how to
compute the SVD.

The SVD provides orthonormal bases for the column and row spaces of the matrix.

Lemma 2.2. The left singular vectors are an orthonormal basis for the column space,
whereas the right singular vectors are an orthonormal basis for the row space.

Proof. We prove the statement for the column space, the proof for the row space is
identical. All left singular vectors belong to the column space because u; = A (ai_ 117}). In
addition, every column of A is in their span because A.; = U (SVTQ). Since they form
an orthonormal set by Theorem 2.1, this completes the proof. O

The SVD presented in Theorem 2.1 can be augmented so that the number of singular
values equals min (m,n). The additional singular values are all equal to zero. Their cor-
responding left and right singular vectors are orthonormal sets of vectors in the orthogonal
complements of the column and row space respectively. If the matrix is tall or square,
the additional right singular vectors are a basis of the null space of the matrix.

Corollary 2.3 (Singular-value decomposition). Fvery rank r real matriv A € R™*",



where m > n, has a singular-value decomposition (SVD) of the form

o 0 -+ 0 0 --- 0
0 gy =+ 0 0 -+ 0
A=y iy - Uy Uy -~ Up) |0 0 -+ 0, 0 --- O| [0y -~ T, 177'+1"'17n]T
%/_/ ~ ~~ 7 ~~
Basis of range(A) 0 0 - o 0 -0 Basis of row(A) Basis of null(A)
0 0 0 O 0]

(45)
where the singular values o1 > o9 > --- > 0, are positive real numbers, the left singular
vectors Uy, Us, ..., Uy, form an orthonormal set in R™, and the right singular vectors vy,
U, ..., Uy form an orthonormal basis for R™.

If the matrix is fat, we can define a similar augmentation, where the additional left singular
vectors form an orthonormal basis of the orthogonal complement of the range.

By the definition of rank and Lemma 2.2 the rank of a matrix is equal to the number of

nonzero singular values.

Corollary 2.4. The rank of a matriz is equal to the number of nonzero singular values.

This interpretation of the rank allows to define an alternative definition that is very useful
in practice, since matrices are often full rank due to numerical error, even if their columns
or rows are almost linearly dependent.

Definition 2.5 (Numerical rank). Given a tolerance € > 0, the numerical rank of a matriz
s the number of singular values that are greater than e.

The SVD decomposes the action of a matrix A € R™*™ on a vector & € R" into three
simple steps:

1. Rotation of ¥ to align the component of ¥ in the direction of the ¢th right singular
vector vU; with the ith axis:
VIE=Y (U, % eé. (46)

i=1

2. Scaling of each axis by the corresponding singular value
SVIE=Y"0; (i, 7). (47)
i=1
3. Rotation to align the ith axis with the ith left singular vector

USVTZE =" 0, (U, &) ;. (48)

i=1
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Figure 1: Any linear map can be decomposed into three steps: rotation to align the right
singular vectors to the axes, scaling by the singular values and a final rotation to align
the axes with the left singular vectors. In image (b) the second singular value is zero, so
the linear map projects two-dimensional vectors onto a one-dimensional subspace.
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Figure 1 illustrates this geometric analysis of the action of a linear map.

We end the section by showing that multiplying a matrix by an orthogonal matrix does
not affect its singular values. This makes sense since it just modifies the rotation carried
out by the left or right singular vectors.

Lemma 2.6. For any matriv A € R™" and any orthogonal matrices U € R™™ qnd
Ve R™™ the singular values of UA and AV are the same as the singular values of A.

Pmof Let A = USVT be the SVD of A. By Lemma 1. 20 the matrices U := UU and

V= VTV are orthogonal matrices, so USV” and USV V' are valid SVDs for UA and
AV respectlvely. The result follows by unicity of the SVD. [

2.2 Optimal approximations via the SVD

In the previous section, we show that linear maps rotate vectors, scale them according to
the singular values and then rotate them again. This means that the maximum scaling
possible is equal to the maximum singular value and occurs in the direction of the right
singular vector #;. The following theorem makes this precise, showing that if we restrict
our attention to the orthogonal complement of ¢, then the maximum scaling is the second
singular value, due to the orthogonality of the singular vectors. In general, the direction
of maximum scaling orthogonal to the first ¢ — 1 left singular vectors is equal to the ith
singular value and occurs in the direction of the ¢th singular vector.

Theorem 2.7. For any matriz A € R™ ™, with SVD given by (45), the singular values
satisfy

o1 = max |AZ||, (49)
{lI#l=1| er}
= max i (50)
{||y||271 | jerm }
o = masx EN (51)
{lIZ]l,=1 | Zer?, #151,...,5,1 }
= max HAT?]HZ, 2 <i<min{m,n}, (52)

(=1 | FER™, Lt }

the right singular vectors satisfy

U = argmax ||AZ]],, (53)
{lIzl,=1| Zer}
Uy = arg max |AZ||, 2<i<m, (54)

{I1&ll,=1| #erm, #11,....5-1 }

11



and the left singular vectors satisfy

i = argmax ||AT7]],. (55)
{llgll,=1| germ }
U; = arg max HAng'HQ, 2<i<n. (56)
{llgll=1 | gerR™, gL, -1 }
Proof. Consider a vector © € R™ with unit /5 norm that is orthogonal to v7, ..., U;_1,

where 1 < i < n (if = 1 then 7 is just an arbitrary vector). We express 7 in terms of
the right singular vectors of A and a component that is orthogonal to their span

= Z O‘/j@ + 7Drow(A)L T (57)
j=i
where 1 = ||]]2 > > ;3. By the ordering of the singular values in Theorem 2.1

I|AZ||2 = <Zak (T, Z) ti, Yy 0% (U, ) ak> by (48) (58)
k=1 k=1

n
— —\ 2 — —
= g of (U, )" because iy, ..., i, are orthonormal (59)
k=1

n n 2
k=1 j=i

= Z 0’?01]2- because vy, ..., U, are orthonormal (61)
j=i
< af Z 04]2« because 0; > 0,41 > ... > 0, (62)
j=i
<o? by (57). (63)

This establishes (49) and (51). To prove (53) and (54) we show that #; achieves the

maximum

14z 5 = > o (@ 5)° (64)
k=1
_ (65)
The same argument applied to AT establishes (50), (55), (56) and (52). O

Given a set of vectors, it is often of interest to determine whether they are oriented in
particular directions of the ambient space. This can be quantified in terms of the /5
norms of their projections on low-dimensional subspaces. The SVD provides an optimal
k-dimensional subspace in this sense for any value of k.
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Theorem 2.8 (Optimal subspace for orthogonal projection). For any matriz
A= [d’l 62 c?n] € Ran’ (66)

with SVD given by (45), we have

n n
Z Hpspan(ﬁhig,...,ﬁk) 6@’ |z Z Z ||P3 C_L’z| |§ ; (67)
i=1 =1

for any subspace S of dimension k < min {m,n}.

Proof. Note that

n n k
Z ‘ |7)span(ﬂ1,ﬁ2,...,ﬁk) C_':Z‘ |2 - Z Z <ﬁj7 C_':l>2 (68)
i=1

i=1 j=1
—ZI\AT ills- (69)

We prove the result by induction on k. The base case k = 1 follows immediately from (55).
To complete the proof we show that if the result is true for Kk —1 > 1 (the induction
hypothesis) then it also holds for k. Let S be an arbitrary subspace of dimension k. The
intersection of S and the orthogonal complement to the span of iy, us,. .., Uy_1 contains
a nonzero vector b due to the following lemma.

Lemma 2.9 (Proof in Section 5.2). In a vector space of dimension n, the intersection
of two subspaces with dimensions di and do such that dy + dy > n has dimension at least
one.

We choose an orthonormal basis 51,52, e l;k, for § such that l;k, = b is orthogonal to
Uy, Us, ..., Uk—1 (we can construct such a basis by Gram-Schmidt, starting with b). By
the induction hypothesis,

Z | ‘AT | ‘2 Z | ‘Pspan(ﬁ1,ﬁ2,...,ﬁk71) C_il| ‘Z (70)

= ZH span (81, Bz,..Be_1 ) C_"i z (71)
-3 [l ™

By (56)
[ a7a] > || A75| (73)

13



Combining (72) and (73) we conclude

D Papaniis ) el [ = Z A% (74)

(75)

= Z |Ps a5 (76)
=1
]

The SVD also allows to compute the optimal k-rank approximation to a matrix in Frobe-
nius norm, for any value of k. For any matrix A, we denote by A;.;.; to denote the i x j
submatrix formed by taking the entries that are both in the first ¢ rows and the first j
columns. Similarly, we denote by A.;.; the matrix formed by columns ¢ to j.

Theorem 2.10 (Best rank-k approximation). Let USVT be the SVD of a matriz A €
R™*™  The truncated SVD U:,1:k51:k,1;kV;?Lk is the best rank-k approximation of A in the
sense that

U:71:k51:k,1:kV7T1:k = argmin HA — XH . (77)
{A] rank(A)=k}

Proof. Let A be an arbitrary matrix in R™*" with rank(A) = k, and let U € R™* be a
matrix with orthonormal columns such that col(U) = col(A). By Theorem 2.8,

0asUT0 AL = 3 [Py . (78)
=1

>3 ||Pse) @ (79)
=1

—|[o77a) E | (80)

The column space of A — UUTA is orthogonal to the column space of Aand U , S0 by
Corollary 1.5

-], = [la-o07al| + |4 o0ral| &)
>4~ z?ijAHi (82)

= ||AJ]Z - HﬁﬁTAHi also by Corollary 1.5 (83)

> (Al — |[UaaU%aAll, by (80) (84)

= ||A = U 1.U",A| ‘i again by Corollary 1.5. (85)

0
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2.3 Matrix norms

As we discussed in Lecture Notes 1, the inner-product norm in the vector space of matrices
is the Frobenius norm. The following lemma establishes that the Frobenius norm of a
matrix equals the /5 norm of its singular values.

Lemma 2.11. For any matriz A € R™*", with singular values o1, ..., Owinfmn}

Allg = (86)
Proof. Let us denote the SVD of A by USVT,
|A[[% = tr (AT A) (87)
= tr (VSUTUSVT) by Lemma 2.5 in Lecture Notes 1 (88)
= tr (VSSVT) because UTU = I (89)
= tr (VI'VSS) (90)
= tr (99) because VIV = I. (91)
[

The operator norm quantifies how much a linear map can scale a vector in 5 norm.

Definition 2.12 (Operator norm). The operator norm of a linear map and of the corre-
sponding matrix A € R™*™ is defined by

|Al[ == max [|AZ][,. (92)
{l1al,=1 | #ern}

By Theorem 2.7 (see equation (49)) the operator norm is equal to the ¢, norm of the
singular values, i.e. the largest one, is also a norm.

Corollary 2.13. For any matriv A € R™*", with singular values oy, ..., Owmin{mn}

I|A|] := o7. (93)
We end the section by defining an additional matrix norm, this time directly in term of
the singular values.

Definition 2.14 (Nuclear norm). The nuclear norm of a matriv A € R™ ™ is equal to
the £1 norm of its singular values oy, ..., Ominfmn}

min{m,n}

= Y o (94)
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Any matrix norm that is a function of the singular values of a matrix is preserved after
multiplication by an orthogonal matrix. This is a direct corollary of Lemma 2.6.

Corollary 2.15. For any matriz A € R™" and any orthogonal matrices U € R™™ and
Ve R™™ the operator, Frobenius and nuclear norm of UA and AV are the same as those

of A.

The following theorem is analogous to Holder’s inequality for vectors.

Theorem 2.16 (Proof in Section 5.3). For any matriz A € R™*™,

1All, = sup (4,B). (95)

{IIBl|<1 | BER™*"}

A direct consequence of the result is that the nuclear norm satisfies the triangle inequality.
This implies that it is a norm, since it clearly satisfies the remaining properties.

Corollary 2.17. For any m X n matrices A and B

1A+ Bl[, < |[A[l, +[IBIl, - (96)
Proof.
l|A+ B||, = sup (A+ B,C) (97)
{lic]I<1| CeRm>n}

< sup (A, C) + sup (B, D) (98)

{lic)i<1| CeRm>n} {IID[|<1 | DeR™*n}
= 1Al + 1Bl - (99)
O

2.4 Denoising via low-rank matrix estimation

In this section we consider the problem of denoising a set of n m-dimensional signals 71,
ZTay ..., Tn € R™. We model the noisy data as the sum between each signal and a noise
vector

Our first assumption is that the signals are similar, in the sense that they approximately
span a low-dimensional subspace due to the correlations between them. If this is the case,
then the matrix

X :=[H @& - &, (101)

obtained by stacking the signals as columns is approximately low rank. Note that in
contrast to the subspace-projection denoising method described in Lecture Notes 1, we
do not assume that the subspace is known.
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Our second assumption is that the noise vectors are independent from each other, so that
the noise matrix

Z:=12 Z - Z (102)

is full rank. If the noise is not too large with respect to the signals, under these assump-
tions a low-rank approximation to the data matrix

Yi=[h % - U (103)
—X+7Z (104)

should mostly suppress the noise and extract the component corresponding to the signals.
Theorem 2.10 establishes that the best rank-k£ approximation to a matrix in Frobenius
norm is achieved by truncating the SVD, for any value of k.

Algorithm 2.18 (Denoising via SVD truncation). Given n noisy data vectors yy, o, . .., Yn €
R™, we denoise the data by

1. Stacking the vectors as the columns of a matriz' Y € R™*™.
2. Computing the SVD of Y = USVT.

3. Truncating the SVD to produce the low-rank estimate L
L= U:,l:ksl:k,lzk‘/;?;;kv (105)

for a fized value of k < min {m,n}.

An important decision is what rank k to choose. Higher ranks yield more accurate approx-
imations to the original signals than lower-rank approximations, but they do not suppress
the noise component in the data as much. The following example illustrates this tradeoff.

Example 2.19 (Denoising of digit images). In this example we use the MNIST data set’
to illustrate image denoising using SVD truncation. The signals consist of 6131 28 x 28
images of the number 3. The images are corrupted by noise sampled independently from
a Gaussian distribution and scaled so that the signal-to-noise ratio (defined as the ratio
between the ¢, norms of the clean image and the noise) is 0.5 (there is more noise than
signal!). Our assumption is that because of their similarities, the images interpreted
as vectors in R™? form a low-dimensional (but unknown subspace), whereas the noise
is uncorrelated and therefore is not restricted to a subspace. This assumption holds:
Figure 11 shows the singular values of matrix formed by stacking the clean images, the
noisy images and the noise.

We center each noisy image by subtracting the average of all the noisy images. Subtracting
the average is a common preprocessing step in low-rank approximations (see Figure 5 for
a geometric justification). We then apply SVD truncation to obtain a low-rank estimate
of the image matrix. The noisy average is then added back to the images to produce the
final estimate of the images. Figure 3 shows the results for rank-10 and rank-40 estimates.
The lower-rank estimate suppresses the noise more, but does not approximate the original
signals as effectively. A

! Available at http://yann.lecun.com/exdb/mnist/
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Figure 2: Plots of the singular values of the clean images, the noisy images and the noise
in Example 2.19.

Signals

Rank 40
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Rank 10
approx.

Rank 40
est.

Rank 10
est.

Data

Figure 3: The images show 9 examples from the 6131 images used in Example 2.19. The
top row shows the original clean images. The second and third rows show rank-40 and
rank-10 approximations to the clean images. The fourth and fifth rows shows the results
of applying SVD truncation to obtain rank-40 and rank-10 estimates respectively. The
sixth row shows the noisy data.
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2.5 Collaborative filtering

The aim of collaborative filtering is to pool together information from many users to obtain
a model of their behavior. To illustrate the use of low-rank models in this application we
consider a toy example. Bob, Molly, Mary and Larry rate the following six movies from
1 to 5,

Bob Molly Mary Larry

1 1 5 4 The Dark Knight
2 1 4 5 Spiderman 3
A= 4 5 2 1 Loye Actually ' (106)
) 4 2 1 Bridget Jones’s Diary
4 5 1 2 Pretty Woman
1 2 5 5 Superman 2

A common assumption in collaborative filtering is that there are people that have similar
tastes and hence produce similar ratings, and that there are movies that are similar and
hence elicit similar reactions. Interestingly, this tends to induce low-rank structure in the
matrix of ratings. To uncover this low-rank structure, we first subtract the average rating

=33 Ay (107)
i=1 j=1

from each entry in the matrix to obtain a centered matrix C' and then compute its singular-
value decomposition

779 0 0 0
oaap o 0 162 0 0 |.r
A—pIT"=Usv'=U| o 77 s o |V (108)
0 0 0 062

where T € R* is a vector of ones. The fact that the first singular value is significantly
larger than the rest suggests that the matrix may be well approximated by a rank-1
matrix. This is indeed the case:

Bob Molly Mary Larry

1.34(1) 1.19(1) 4.66(5) 4.81(4)\ The Dark Knight
1.55(2) 1.42(1) 4.45(4) 4.58(5)| Spiderman 3

W17 + oy dl = 4.45(4) 4.58(5) 1.55(2) 1.42(1) Loye Actually '
4.43(5) 4.56(4) 1.57(2) 1.44(1) | Bridget Jones’s Diary
4.43(4) 4.56(5) 1.57(1) 1.44(2) | Pretty Woman
1.34(1) 1.19(2) 4.66(5) 4.81(5)/ Superman 2

(109)
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For ease of comparison the values of A are shown in brackets. The first left singular vector
is equal to

D. Knight Spiderman 3 Love Act. B.J.’s Diary P. Woman Superman 2
up = ( —0.45 —0.39 0.39 0.39 0.39 —-045 ).

This vector allows us to cluster the movies: movies with negative entries are similar (in
this case they correspond to action movies) and movies with positive entries are similar
(in this case they are romantic movies).

The first right singular vector is equal to

Bob Molly Mary Larry
1= (048 052 —048 —0.52)- (110)

This vector allows to cluster the users: negative entries indicate users that like action
movies but hate romantic movies (Bob and Molly), whereas positive entries indicate the
contrary (Mary and Larry).

For larger data sets, the model generalizes to a rank-k approximation, which approximates
each ranking by a sum of k terms

k
rating (movie ¢, user j) = Z oy i vy ] - (111)
I=1

The singular vectors cluster users and movies in different ways, whereas the singular values
weight the importance of the different factors.

3 Principal component analysis

In Lecture Notes 1 we introduced the sample variance of a set of one-dimensional data,
which measures the variation of measurements in a one-dimensional data set, as well as the
sample covariance, which measures the joint fluctuations of two features. We now consider
data sets where each example contains m features, and can therefore be interpreted as a
vector in an m-dimensional ambient space. We are interested in analyzing the variation
of the data in different directions of this space.

3.1 Sample covariance matrix

The sample covariance matrix of a data set contains the pairwise sample covariance be-
tween every pair of features in a data set. If the data are sampled from a multivariate
distribution, then the sample covariance matrix can be interpreted as an estimate of the
covariance matrix (see Section 3.3).
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Definition 3.1 (Sample covariance matrix). Let {#1, T, ..., Z,} be a set of m-dimensional
real-valued data vectors, where each dimension corresponds to a different feature. The
sample covariance matrix of these vectors is the m x m matriz

n

— — ]' — — — — — —
S (T, ..., &) = n_1Z(aji—av(xl,...,xn))(xi—av(a:l,...,xn))T, (112)
=1

where the center or average is defined as
Fod ) =13z (113
av (T, Lo, ..., Tp) = — Z;
1,42, ) n o

contains the sample mean of each feature. The (i,j) entry of the covariance matriz, where
1<1,7 <d, is given by

Al ml) ey
COV((fl[Z]’fl[])""7(571[2]7571[]])) Zfl%]-

In order to characterize the variation of a multidimensional data set around its center,
we consider its variation in different directions. The average variation of the data in a
certain direction is quantified by the sample variance of the projections of the data onto
that direction. Let d € R™ be a unit-norm vector aligned with a direction of interest, the
sample variance of the data set in the direction of d is given by

- - 1 /o ., - 2
Tz Tz ) = T2 T T2
var(d Ti,...,d azn>—n_1;<d xi—av<d T,...,d :En)> (115)
1 “ 7 . ~ 2
:”_1;<d (Ii—aV(wl,...,xn))> (116)
- 1 < -
=d (n_l2(%—aV(il?l,...,xn))(xi—av(ml,...,:cn)) >d
—dTS (i, .., d. (117)

Using the sample covariance matrix we can express the variation in every direction! This
is a deterministic analog of the fact that the covariance matrix of a random vector encodes
its variance in every direction.

3.2 Principal component analysis

Principal-component analysis is a popular tool for data analysis, which consists of com-
puting the singular-value decomposition of a set of vectors grouped as the columns of a
matrix.
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o1/v/n—1=0.705, o1/v/n —1 =0.983, o1/v/n —1 =1.349,
o2/v/n—1 = 0.690 oa/v/n —1 =0.356 oo/ — 1 =0.144

o ..*..e

Figure 4: PCA of a dataset with n = 100 2D vectors with different configurations. The
two first singular values reflect how much energy is preserved by projecting onto the two
first principal directions.

Algorithm 3.2 (Principal component analysis). Given n data vectors Ty, Ts, ..., T, € R,
we apply the following steps.

1. Center the data,

—

Ci:fi—aV(fl,fg,...,fn), 1§Z§7’L (118)

2. Group the centered data as columns of a matrix
C=[a & - &]. (119)

3. Compute the SVD of C. The left singular vectors are the principal directions. The
principal values are the coefficients of the centered vectors when expressed in the
basis of principal directions.

The sample covariance matrix can be expressed in terms of the centered data matrix C
1

n—1

S(F, ... i) =

ccr. (120)

This implies that by Theorem 2.7 the principal directions reveal the directions of maximum
variation of the data.

Corollary 3.3. Let i, ..., iy be the k < min{m,n} first principal directions obtained by

applying Algorithm 3.2 to a set of vectors Ty, ..., ¥, € R™. Then the principal directions
satisfy
i = argmax  var (chfl, . ,JTfn) , (121)
{]d]|,=11 der~}
U; = arg max var (JTfl, . ,JTfn> , 2<i1<k, (122)

{l |cZ] |2:1 | JER", JLﬁl,...,ﬁi_l}
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o1/v/n—1=5.077 o1/vn—1=1.261
oo/v/m —1 = 0.889 oo /v/m —1 =0.139

Uncentered data Centered data

Figure 5: PCA applied to n = 100 2D data points. On the left the data are not centered.
As a result the dominant principal direction u; lies in the direction of the mean of the
data and PCA does not reflect the actual structure. Once we center, @; becomes aligned
with the direction of maximal variation.

and the associated singular values satisfy

L~ max std (J’ T d Tfn> , (123)
n—1 {l|d]|,=1 | der}
ag; N
i max std <d xl,...,den), 2<i<k  (124)
vn—1 {Id]],=1 | dern, Ly, ...5 1 }

Proof. For any vector d

var (JT:fl,...,cZTfn> —dTS (2, ..., T d (125)
1 - .

= d"cc’d 12

n —3 cc (126)
2

= T 12
n—1 ‘C ﬂ ’ (127)
so the result follows from Theorem 2.7 applied to C. [

In words, u; is the direction of maximum variation, us is the direction of maximum
variation orthogonal to w7, and in general u; is the direction of maximum variation that
is orthogonal to y, Us, ..., uw;_1. Figure 4 shows the principal directions for several 2D
examples.

Figure 5 illustrates the importance of centering, i.e., subtracting the sample mean of
each feature, before applying PCA. Theorem 2.7 still holds if the data are not centered.
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Figure 6: Average and principal directions (PD) of the faces data set in Example 3.4,
along with their associated singular values.

However, the norm of the projection onto a certain direction no longer reflects the variation
of the data. In fact, if the data are concentrated around a point that is far from the
origin, the first principal direction tends be aligned with that point. This makes sense as
projecting onto that direction captures more energy. As a result, the principal directions
do not reflect the directions of maximum variation within the cloud of data. Centering
the data set before applying PCA solves the issue.

In the following example, we apply PCA to a set of images.

Example 3.4 (PCA of faces). In this example we consider the Olivetti Faces data set,
which we described in Lecture Notes 1. We apply Algorithm 3.2 to a data set of 400
64 x 64 images taken from 40 different subjects (10 per subject). We vectorize each im-
age so that each pixel is interpreted as a different feature. Figure 6 shows the center
of the data and several principal directions, together with their associated singular val-
ues. The principal directions corresponding to the larger singular values seem to capture
low-resolution structure, whereas the ones corresponding to the smallest singular values
incorporate more intricate details.

24



Center PD1 PD 2
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Figure 7: Projection of one of the faces ¥ onto the first 7 principal directions and the
corresponding decomposition into the 7 first principal components.

Signal 5 PDs 10 PDs 20 PDs 30 PDs 50 PDs

100 PDs 150 PDs 200 PDs 250 PDs 300 PDs 359 PDs

Figure 8: Projection of a face on different numbers of principal directions.

Figure 7 shows the projection of one of the faces onto the first 7 principal directions
and the corresponding decomposition into its 7 first principal components. Figure 8
shows the projection of the same face onto increasing numbers of principal directions. As
suggested by the visualization of the principal directions in Figure 6, the lower-dimensional
projections produce blurry images.

A

3.3 Probabilistic interpretation

To provide a probabilistic interpretation of PCA, we first review some background on
covariance matrices. The covariance matrix of a random vector captures the interaction
between the components of the vector. It contains the variance of each component in the
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diagonal and the covariances between different components in the off diagonals.

Definition 3.5. The covariance matrixz of a random vector X is defined as

Va£ (X [11) Cov (X [1J ,X[2]) -+ Cov ()E' 1] ,%[n])
S Cov (X [:2] X[]) Var (:X [21) Cov (X [:2] X [n]) (128)
Cov (X[n],X[1]) Cov(X[n],X[2]) --- Var (X [n])
=E (xx") - EX)E(X)". (129)

Note that if all the entries of a vector are uncorrelated, then its covariance matrix is
diagonal. Using linearity of expectation, we obtain a simple expression for the covariance
matrix of the linear transformation of a random vector.

Theorem 3.6 (Covariance matrix after a linear transformation). Let X be a random
vector of dimension n with covariance matriz >. For any matriz A € R™*" |

Yag = AXgAT. (130)
Proof. By linearity of expectation
Sax = E ((Ai) (A)E)T> — E(A%)E (4%)7 (131)
= A(E(xX") —EXEX)") AT (132)
=AYz AT (133)
O

An immediate corollary of this result is that we can easily decode the variance of the
random vector in any direction from the covariance matrix. Mathematically, the variance
of the random vector in the direction of a unit vector ' is equal to the variance of its
projection onto v.

Corollary 3.7. Let U be a unit-f3-norm vector,
Var (07X) = 07 2x0. (134)

Counsider the SVD of the covariance matrix of an n-dimensional random vector X

Y = UNUT (135)
oo 0 -+ 0

— [i i 7] 0 o 0 (@1 s @,]" (136)
0o 0 - o,

Covariance matrices are symmetric by definition, so by Theorem 4.3 the eigenvectors 7,
U, ..., U, can be chosen to be orthogonal. These singular vectors and singular values
completely characterize the variance of the random vector in different directions. The
theorem is a direct consequence of Corollary 3.7 and Theorem 2.7.

26



o1 =1.22, /o3 = 0.71 Joi=1, /o =1 Vo1 = 1.38, /a3 = 0.32

i e <

Figure 9: Samples from bivariate Gaussian random vectors with different covariance ma-
trices are shown in gray. The eigenvectors of the covariance matrices are plotted in red.
Each is scaled by the square roof of the corresponding singular value o; or os.

Theorem 3.8. Let X be a random vector of dimension n with covariance matrixz YXgz. The
SVD of ¥z given by (136) satisfies

o1 = max Var (77%), (137)
#l,=1

U = arg IIHhaX Var (7X) , (138)

=1
= max Var (07X) , (139)

11ly=1,5 L1 ....T—1

— T —

Uy, = arg max Var (77X) . (140)

0] y=1,5 Ly ooyl —1

In words, w; is the direction of mazimum variance. The second singular vector us is the
direction of maximum variation that is orthogonal to #;. In general, the eigenvector
reveals the direction of maximum variation that is orthogonal to w1, s, ..., U;_1. Finally,
Uy, is the direction of minimum variance. Figure 9 illustrates this with an example, where
n=2.

The sample variance and covariance are consistent estimators of the variance and covari-
ance respectively, under certain assumptions on the higher moments of the underlying
distributions. This provides an intuitive interpretation for principal component analysis
under the assumption that the data are realizations of an iid sequence of random vectors:
the principal components approximate the eigenvectors of the true covariance matrix, and
hence the directions of maximum variance of the multidimensional distribution. Figure 10
illustrates this with a numerical example, where the principal directions indeed converge
to the singular vectors as the number of data increases.
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n=>5 n =20 n = 100

— True covariance
— Sample covariance

Figure 10: Principal directions of n samples from a bivariate Gaussian distribution (red)
compared to the eigenvectors of the covariance matrix of the distribution (black).

3.4 Dimensionality reduction via PCA

Data containing a large number of features can be difficult to analyze or process. Di-
mensionality reduction is a useful preprocessing step for many data-analysis tasks, which
consists of representing the data with a smaller number of variables. For data modeled as
vectors in an ambient space R where each dimension corresponds to a feature, this can
be achieved by projecting the vectors onto a lower-dimensional space R*, where k < m.
If the projection is orthogonal, the new representation can be computed using an orthog-
onal basis for the lower-dimensional subspace 51, 52, ey I;k: each data vector ¥ € R™
is described using the coefficients of its representation in the basis: (gl, ), <52, ), ...,
Given a data set of n vectors 'y, ¥, ..., T, € R™, the first k£ principal directions span
the subspace that preserves the most energy (measured in ¢ norm) in the centered data
among all possible k-dimensional orthogonal projections by Theorem 2.8. This motivates
the application of PCA for dimensionality reduction.

Example 3.9 (Nearest neighbors in principal-component space). The nearest neighbors
algorithm for classification (Algorithm 4.2 in Lecture Notes 1) requires computing n dis-
tances in an m-dimensional space (where m is the number of features) to classify each
new example. The computational cost is O (nm), so if we need to classify p points the
total cost is O (nmp). If we project each of the points onto a lower-dimensional space k
computed via PCA before classifying them, then the computational cost is:

e O (mnmin{m,n}) to compute the principal directions from the training data.
e kmn operations to project the training data onto the first k principal directions.

e kmp operations to project each point in the test set onto the first k principal direc-
tions.

e knp to perform nearest-neighbor classification in the lower-dimensional space.
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Figure 11: Errors for nearest-neighbor classification combined with PCA-based dimen-
sionality reduction for different dimensions.
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Projection
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Corresponding
image

Figure 12: Results of nearest-neighbor classification combined with PCA-based dimen-
sionality reduction of order 41 for four of the people in Example 3.9. The assignments of
the first three examples are correct, but the fourth is wrong.
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Figure 13: Projection of 7-dimensional vectors describing different wheat seeds onto the
first two (left) and the last two (right) principal dimensions of the data set. Each color
represents a variety of wheat.

If we have to classify a large number of points (i.e. p > max{m,n}) the computational
cost is reduced by operating in the lower-dimensional space.

Figure 11 shows the accuracy of the algorithm on the same data as Example 4.3 in Lecture
Notes 1. The accuracy increases with the dimension at which the algorithm operates. This
is not necessarily always the case because projections may actually be helpful for tasks
such as classification (for example, factoring out small shifts and deformations). The same
precision as in the ambient dimension (4 errors out of 40 test images) is achieved using
just k = 41 principal components (in this example n = 360 and m = 4096). Figure 12
shows some examples of the projected data represented in the original m-dimensional
space along with their nearest neighbors in the k-dimensional space. A

Example 3.10 (Dimensionality reduction for visualization). Dimensionality reduction is
often useful for visualization. The objective is to project the data onto 2D or 3D in a
way that preserves its structure as much as possible. In this example, we consider a data
set where each data point corresponds to a seed with seven features: area, perimeter,
compactness, length of kernel, width of kernel, asymmetry coefficient and length of kernel
groove. The seeds belong to three different varieties of wheat: Kama, Rosa and Canadian.”
To visualize the data in 2D, we project each point onto the two first principal dimensions
of the data set.

Figure 13 shows the projection of the data onto the first two and the last two principal
directions. In the latter case, there is almost no discernible variation. As predicted by
our theoretical analysis of PCA, the structure in the data is much better conserved by the
two first directions, which allow to clearly visualize the difference between the three types
of seeds. Note however that projection onto the first principal directions only ensures

2The data can be found at https://archive.ics.uci.edu/ml/datasets/seeds.
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Figure 14: Effect of whitening a set of data. The original data are dominated by a linear
skew (left). Applying UT aligns the axes with the eigenvectors of the sample covariance
matrix (center). Finally, S~! reweights the data along those axes so that they have the
same average variation, revealing the nonlinear structure that was obscured by the linear
skew (right).

that we preserve as much variation as possible, but it does not necessarily preserve useful
features for tasks such as clustering or classification. A

3.5 Whitening

The principal directions in a data set do not necessarily capture the most useful features
for certain tasks. For instance, in the case of the faces data set in Example 3.4 the prin-
cipal directions correspond to low-resolution images, so that the corresponding principal
components capture low-resolution features. These features do not include important
information contained in fine-scale details, which could be useful for tasks such as classi-
fication. Whitening is a preprocessing technique that reweights the principal components
of every vector so every principal dimension has the same contribution.

Algorithm 3.11 (Whitening). Given n data vectors &1, Zs,...,T, € R, we apply the
following steps.

1. Center the data,

—

G =1; —av (T, %, ..., Tn), 1<i<n. (141)
2. Group the centered data as columns of a matrix

C=[a & - &l. (142)
3. Compute the SVD of C = USVT,

4. Whiten each centered vector by applying the linear map US~1UT
w; = US™'UTG,. (143)
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Figure 15: Centered faces in the data set from Example 3.4 before and after whitening.

The linear map US~'U7 scales the components of the centered vector in each principal
direction by a factor inversely proportional to its corresponding singular value,

) min(m,n) 1
Ww; = Z O'_J <Uj, Cl'> Uy (144)
j=1

If we group the whitened vectors as columns of a matrix, the matrix can be expressed as
W =Us'vtc. (145)
The covariance matrix of the whitened data is proportional to the identity

1

Y (Cly... ) = n—lWWT (146)
1

= — 1US‘1UTCCTUS‘1UT (147)
1

= mUS—lUTUSVTVSUTUS—lUT (148)
1

=—1 (149)

This means that the whitened data have no linear skews, there are no directions in space
that contain more variation than others. As illustrated in Figure 14, this may reveal
nonlinear structure in the data. Figure 15 shows some of the centered faces in the data
set from Example 3.4 before and after whitening. Whitening enhances fine-detail features
of the faces.

4 Eigendecomposition

An eigenvector ¢ of a square matrix A € R™*" satisfies

AT = \] (150)
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for a scalar A\ which is the corresponding eigenvalue. Even if A is real, its eigenvectors
and eigenvalues can be complex. If a matrix has n linearly independent eigenvectors then
it is diagonalizable.

Lemma 4.1 (Eigendecomposition). If a square matriv A € R™*"™ has n linearly inde-
pendent eigenvectors ¢, . .., q, with eigenvalues A1, ..., \, it can be expressed in terms of
a matriz (), whose columns are the eigenvectors, and a diagonal matrix containing the
eigenvalues,

M O - 0
L. . 0O X ... 0 L 1=

A=[0 @ 4 2 @ @& -~ @) (151)

0 0 - \,
=QAQ! (152)

Proof.

AQ = [AGy Ag -+ Ag] (153)
= MG M@ - Nadl) (154)
= QA. (155)

If the columns of a square matrix are all linearly independent, then the matrix has an
inverse, so multiplying the expression by Q! on both sides completes the proof. O

Lemma 4.2. Not all matrices have an eigendecomposition.

Proof. Consider the matrix

01
{0 0} . (156)
Assume an eigenvector ¢ associated to an eigenvalue A, then
g1 _ [0 1] [q[]] _ [r(1]
5] =10 ol L7t = [3ata 157
which implies that ¢[2] = 0 and ¢[1] = 0, so the matrix does not have eigenvectors
associated to nonzero eigenvalues. O]

Symmetric matrices are always diagonalizable.

Theorem 4.3 (Spectral theorem for symmetric matrices). If A € R™ is symmetric, then
it has an eigendecomposition of the form

A=UANUT (158)

where the matriz of eigenvectors U is an orthogonal matrix.
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This is a fundamental result in linear algebra that can be used to prove Theorem 2.1. We
refer to any graduate-level linear-algebra text for the proof.

Together, Theorems 2.1 and 4.3 imply that the SVD A = USVT and the eigendecomposi-
tion A = UAUT of a symmetric matrix are almost the same. The left singular vectors can
be taken to be equal to the eigenvectors. Nonnegative eigenvalues are equal to the singular
vectors, and their right singular vectors are equal to the corresponding eigenvectors. The
difference is that if an eigenvalue \; corresponding to an eigenvector u; is negative, then
0; = —\; and the corresponding right-singular vector v; = —;.

A useful application of the eigendecomposition is computing successive matrix products.
Assume that we are interested in computing

AA- - AZ = AT, (159)

i.e., we want to apply A to & k times. A* cannot be computed by taking the power
of its entries (try out a simple example to convince yourself). However, if A has an
eigendecomposition,

AP =QAQTIQAQ - QAQ™! (160)

= QN*Q™! (161)
)\llc 0O --- 0

—o |0 N Vg (162
0O 0 --- M

using the fact that for diagonal matrices applying the matrix repeatedly is equivalent to
taking the power of the diagonal entries. This allows to compute the & matrix products
using just 3 matrix products and taking the power of n numbers.

Let A € R™" be a matrix with eigendecomposition QAQ~! and let # be an arbitrary
vector in R”. Since the eigenvectors are linearly independent, they form a basis for R,
so we can represent T as

F=) o, o €R, 1<i<n, (163)

=1

Now let us apply A to ¥ k times,

AR =) "o ARG (164)
=1

= a; N (165)
=1

If we assume that the eigenvectors are ordered according to their magnitudes and that
the magnitude of one of them is larger than the rest, |A\;| > |A2| > ..., and that a; # 0
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Figure 16: Illustration of the first three iterations of the power method for a matrix with
eigenvectors ¢; and ¢, with corresponding eigenvalues A\; = 1.05 and Ay = 0.1661.

(which happens with high probability if we draw a random Z) then as k grows larger the
term oy A\¥@, dominates. The term will blow up or tend to zero unless we normalize every
time before applying A. Adding the normalization step to this procedure results in the
power method or power iteration, an algorithm for estimating the eigenvector of a matrix
that corresponds to the largest eigenvalue.

Algorithm 4.4 (Power method).

Set ¥ = Z/||Z||,, where the entries of ¥ are drawn at random. For i = 1,2,3,...,
compute
AT
= ——. (166)
|AZi 1l

Figure 16 illustrates the power method on a simple example, where the matrix is equal to

Ao [0.930 0.388] ' (167)

0.237 0.286

The convergence to the eigenvector corresponding to the eigenvalue with the largest mag-
nitude is very fast.

We end this section with an example that applies a decomposition to analyze the evolution
of the populations of two animals.

Example 4.5 (Deer and wolfs). A biologist is studying the populations of deer and wolfs
in Yellowstone. She concludes that a reasonable model for the populations in year n + 1
is the linear system of equations

5 3
dn+1 = L__ldn - le'rw (168)
_lg 4l =0,1,2 (169)
wn+1_4n 4wna n=.ulz4...

where d,, and w, denote the number of deer and wolfs in year n. She is interested in
determining the evolution of the populations in the future so she computes an eigende-
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Figure 17: Evolution of the populations of deer and wolfs for different initial populations
in Example 4.5.

composition of the matrix

e o
AL e u

If we denote the initial populations of deer and wolfs as dy and wqy respectively, the
populations in year n are given by

] =eve 1] (172)
- E) H {(1) 0%”} {—0055 _1(.]55} [iﬂ (173)
s Rl H1} (174)

As n — oo, if the number of deer is larger than the number of wolfs, then the population
of deer will converge to be three times the population of wolfs, which will converge to a
half of the difference between their original populations. Since the populations cannot be
negative, if the original population of wolfs is larger than that of deer, then both species
will go extinct. This is confirmed by the simulations shown in Figure 17. JAN

5 Proofs

5.1 Proof of Theorem 1.3

It is sufficient to prove

dim (row (A)) < dim (col (A)) (175)
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for any arbitrary matrix A. Since the row space of A is equal to the column space of AT
and vice versa, applying (175) to AT yields dim (row (A)) > dim (col (A)) which completes
the proof.

To prove (175) let r := dim (row (A)) and let 1, . . ., &, be a basis for row (A). Consider the

vectors ATy, ..., AZ,.. They belong to col (A) by (11), so if they are linearly independent
then dim (col (A4)) > r. We prove that this is the case by contradiction.

Assume that AZy,..., AZ, are linearly dependent. Then there exist scalar coefficients
aq,...,q, such that
0= Z o AT, = A (Z aifi) by linearity of the matrix product, (176)
i=1 i=1

This implies that »;_, a;@; is orthogonal to every row of A and hence to every vector
in row (A). However it is in the span of a basis of row (A) by construction! This is only
possible if Y, a;Z; = 0, which is a contradiction because 71, ..., Z, are assumed to be
linearly independent.

5.2 Proof of Lemma 2.9

Let @y, ds, . . ., dg, be abasis for the first subspace and by, bs, ..., by, a basis for the second.
Because the dimension of the vector space is n, the set of vectors ay, ..., @4 ,b1, ..., ba,
are not linearly independent. There must exist scalars a4, ..., ag,, S1, ..., B4y, Which

are not all equal to zero, such that

dy ds
> i+ Y Bibi =0. (177)
i=1 j=1
The vector
dy ds
i=1 j=1
cannot, equal zero because both ay, ..., g and 51, ceey l;dQ are bases by assumption. &

belongs to the intersection of the two subspaces, which completes the proof.

5.3 Proof of Theorem 2.16

The proof relies on the following lemma.

Lemma 5.1. For any () € R™*"

max |Qy| < [|Q]]. (179)

1<i<n
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Proof. Since ||€;]|, = 1,

10l < o (150)
= max Q& (181)
<|lell- (182)
O
We denote the SVD of A by USVT,
sup tr (ATB) = sup tr (V S UTB) (183)
{lIBlI<1| BER™>x"} {lIBl|<1| BER™*"}
= sup tr (S BUTV) by Lemma 2.5 in Lecture Notes 1
{IIBlI<1| BER™*"}
< sup tr (S M) |B]| = ||BUTV|| by Corollary 2.15
{IIM]|<1| MeR™>"}
< sup tr (S M) by Lemma 5.1
{max1§i§n|M“'|§1 ‘ MeRan}
< sup Z M;; o; (184)

{maxlgignlMii|S1 ‘ MERmX”} =1

<> o (185)
(186)

To complete the proof, we need to show that the equality holds. Note that UV7T has
operator norm equal to one because its r singular values (recall that r is the rank of A)
are equal to one. We have

(A, UVTY =tr (ATUVT) (187)
=tr (VSUTUVT) (188)
=tr (VIV S) by Lemma 2.5 in Lecture Notes 1 (189)
= tr (S) (190)
= [[A]l. (191)
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Optimization-based data analysis Fall 2017

Lecture Notes 3: Randomness

1 Gaussian random variables

The Gaussian or normal random variable is arguably the most popular random variable
in statistical modeling and signal processing. The reason is that sums of independent
random variables often converge to Gaussian distributions, a phenomenon characterized
by the central limit theorem (see Theorem 1.3 below). As a result any quantity that results
from the additive combination of several unrelated factors will tend to have a Gaussian
distribution. For example, in signal processing and engineering, noise is often modeled
as Gaussian. Figure 1 shows the pdfs of Gaussian random variables with different means
and variances. When a Gaussian has mean zero and unit variance, we call it a standard
Gaussian.

Definition 1.1 (Gaussian). The pdf of a Gaussian or normal random variable with mean
uand standard deviation o s given by

fx () = e 1)

B 2ro

A Gaussian distribution with mean p and standard deviation o is usually denoted by

N (i, 0%).

An important property of Gaussian random variables is that scaling and shifting Gaussians
preserves their distribution.

Lemma 1.2. Ifx is a Gaussian random variable with mean p and standard deviation o,
then for any a,b € R

y:=ax+0b (2)

is a Gaussian random variable with mean ap + b and standard deviation |a| o

Proof. We assume a > 0 (the argument for a < 0 is very similar), to obtain

Fy(y)=P(y <y) (3)
=P(ax+b<y) (4)

:p(xgygﬁ (5)

r— 2
/ —lamw? da (6)
2770

w—a, 2
/ ~M2EE Qw by the change of variables w = ax +b.  (7)
27@0
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Figure 1: Gaussian random variable with different means and standard deviations.

Differentiating with respect to y yields

1 _ (w—ap—b)?
fy(y) = ——=—e 222 (8)
2mraoc

so y is indeed a standard Gaussian random variable with mean ap + b and standard
deviation |a| 0. O

The distribution of the average of a large number of random variables with bounded
variances converges to a Gaussian distribution.

Theorem 1.3 (Central limit theorem). Let x;, x5, X3, ... be a sequence of iid random
variables with mean p and bounded variance o®. We define the sequence of averages ay,
ag, A3z, ..., as

1 7
i = i 9
a i ;ZI:XJ (9)

The sequence by, by, bs, ...

b; == Vi(a; — p) (10)

2

)

converges in distribution to a Gaussian random variable with mean 0 and variance o
meaning that for any x € R

1 2
lim fp, (z) = e 22, (11)

For large ¢ the theorem suggests that the average a; is approximately Gaussian with
mean ;. and variance o/y/n. This is verified numerically in Figure 2. Figure 3 shows
the histogram of the heights in a population of 25,000 people and how it is very well
approximated by a Gaussian random variable!, suggesting that a person’s height may
result from a combination of independent factors (genes, nutrition, etc.).

IThe data is available here.
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Figure 2: Empirical distribution of the average, defined as in equation (9), of an iid exponential
sequence with parameter A = 2 (top) and an iid geometric sequence with parameter p = 0.4
(bottom). The empirical distribution is computed from 10* samples in all cases. The estimate
provided by the central limit theorem is plotted in red.
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Figure 3: Histogram of heights in a population of 25,000 people (blue) and its approximation
using a Gaussian distribution (orange).

2 Gaussian random vectors

2.1 Definition and basic properties

Gaussian random vectors are a multidimensional generalization of Gaussian random vari-
ables. They are parametrized by a vector and a matrix that correspond to their mean
and covariance matrix.

Definition 2.1 (Gaussian random vector). A Gaussian random vector X is a random
vector with joint pdf (|X| denotes the determinant of )

et e (—t@-p st @i
R = e (<3 =) 7 ) (12)

where the mean vector i € R™ and the covariance matrix 3 € R™™, which is symmetric
and positive definite, parametrize the distribution. A Gaussian distribution with mean i
and covariance matriz 3 is usually denoted by N (fi,%).

When the covariance matrix of a Gaussian vector is diagonal, then its components are all
independent.

Lemma 2.2 (Uncorrelation implies mutual independence for Gaussian random vectors).
If all the components of a Gaussian random vector X are uncorrelated, then they are also
mutually independent.



Proof. 1f all the components are uncorrelated then the covariance matrix is diagonal

o? 0 0
0 o -+ 0

Yx=1. . s (13)
0 0 o2

where o; is the standard deviation of the ith component. Now, the inverse of this diagonal
matrix is just

= 0 0
1
0 = 0
g | , (14)
o 0 --- ULQ
and its determinant is || =[]\, o7 so that
@) = e (-5 (F - )5 - ) (19
()= ——=exp | —= (T — i T —ji
v (2m)" X 2

3

| ﬁ exp <_%> (16)
fz, (%) . (17)

3

)

Since the joint pdf factors into a product of the marginals, the components are all mutually
independent. L

When the covariance matrix of a Gaussian vector is the identity and its mean is zero,
then its entries are iid standard Gaussians with mean zero and unit variance. We refer to
such vectors as iid standard Gaussian vectors.

A fundamental property of Gaussian random vectors is that performing linear transfor-
mations on them always yields vectors with joint distributions that are also Gaussian.
This is a multidimensional generalization of Lemma 1.2. We omit the proof, which is
similar to that of Lemma 1.2.

Theorem 2.3 (Linear transformations of Gaussian random vectors are Gaussian). Let X
be a Gaussian random vector of dimension n with mean [i and covariance matriz . For
any matrix A € R™" and be R™, Y = AR + b is a Gaussian random vector with mean
Al + b and covariance matriz AXAT.

An immediate consequence of Theorem 2.3 is that subvectors of Gaussian vectors are also
Gaussian. Figure 4 show the joint pdf of a two-dimensional Gaussian vector together with
the marginal pdfs of its entries.



f)? ($7y)

Figure 4: Joint pdf of a two-dimensional Gaussian vector X and marginal pdfs of its two entries.

Another consequence of Theorem 2.3 is that an iid standard Gaussian vector is isotropic.
This means that the vector does not favor any direction in its ambient space. More
formally, no matter how you rotate it, its distribution is the same. More precisely, for any
orthogonal matrix U, if X is an iid standard Gaussian vector, then by Theorem 2.3 UX
has the same distribution, since its mean equals U0 = 0 and its covariance matrix equals
UIUT = UUT = I. Note that this is a stronger statement than saying that its variance
is the same in every direction, which is true for any vector with uncorrelated entries.

2.2 Concentration in high dimensions

In the previous section we established that the direction of iid standard Gaussian vectors is
isotropic. We now consider their magnitude. As we can see in Figure 4, in low dimensions
the joint pdf of Gaussian vectors is mostly concentrated around the origin. Interestingly,
this is not the case as the dimension of the ambient space grows. The squared ¢5-norm
of an iid standard k-dimensional Gaussian vector Z is the sum of k independent standard
Gaussian random variables, which is known as a x? (chi squared) random variable with
k degrees of freedom. As shown in Figure 5, as k grows the pdf of this random variable



concentrates around k, which is the mean of the squared fs-norm:

The following lemma shows that the standard deviation of ||X||> is v/2k.

Lemma 2.4 (Variance of the squared ¢, norm of a Gaussian vector). Let X be an iid
Gaussian random vector of dimension k. The variance of ||X||5 is 2k.

Proof. Recall that Var (||%]|2) = ((H 12) ) — B ([%|[2)*. The result follows from

E((RE)") =E (Zx ) (21)

=1

<, , fm%zw) (22)

I
ERs

ko k
= 3B RUPKIP) )
i=1 j=1
k k-1 k
=2 B +2) > ERIP)E &) (24)
i=1 =1 j=i
=3k + k(k —1) since the 4th moment of a standard Gaussian equals 3
(25)
= k(k+2). (26)
O

The result implies that as k& grows the relative deviation of the norm from its mean
decreases proportionally to 1/ Vk. Consequently, the squared norm is close to k with
increasing probability. This is made precise in the following theorem, which yields a
concrete non-asymptotic bound on the probability that it deviates by more than a small
constant.

Theorem 2.5 (Chebyshev tail bound for the {5 norm of an iid standard Gaussian vector).
Let X be an iid standard Gaussian random vector of dimension k. For any € > 0 we have

Ph(1—o <|RIF <k(l+e)> 1—% (27)
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Figure 5: Pdfs of y/k for different values of k, where y is a x? random variable with k degrees
of freedom.

Proof. The bound is a consequence of Markov’s inequality, which quantifies the intuitive
idea that if a random variable is nonnegative and small then the probability that it takes
large values must be small.

Theorem 2.6 (Markov’s inequality, proof in Section 5.1). Let x be a nonnegative random
variable. For any positive constant a > 0,

P(x>a) < ng). (28)
Let y := [[%]|5,
P(ly — k| > ke) =P ((y —E(y))" = ¥¢) (29)
< E ((y ;zi(y))Q) by Markov’s inequality (30)
_ Vz_@') (31)
— % by Lemma 2.4. (32)

When Markov’s inequality is applied to bound the deviation from the mean like this, it
is usually called Chebyshev’s inequality. O]

The bound in Theorem 2.5 only relies on the variance to bound the probability that the
magnitude deviates from its mean. As a result, it is significantly weaker than the following

result, which exploits the fact that the higher moments of a standard Gaussian are well
behaved.



Theorem 2.7 (Chernoff tail bound for the ¢, norm of an iid standard Gaussian vector).
Let X be an iid standard Gaussian random vector of dimension k. For any € € (0,1) we
have

k 2
P(k(1—€)<||f|’§<k}<1+6)>21—26Xp (—%) (33)
Proof. Let y := |[%||2. The result is implied by
ke?
P(y>k(1+¢) <exp —5 ) (34)
ke?
Ply<k(l-¢)<exp|-——o). (35)

We present the proof of (34). The proof of (35) is essentially the same and is presented
in Section 5.3. Let t > 0 be an arbitrary positive number, and note that

P(y >a) = P(exp (ty) > exp (at)) (36)
< exp (—at) E (exp (ty)) by Markov’s inequality (37)

<exp(—at) E (exp <Z txi2>> (38)

k
< exp (—at) H E (exp (txi2)) by independence of xq, ..., X (39)

=1

_exp (—at) (40)
k 7
(1—2t)2
where the last step is a consequence of the following lemma.
Lemma 2.8 (Proof in Section 5.2). For x standard Gaussian and t < 1/2,
1
E (exp (tx%)) = : (41)

v1-—-2t

Note that the lemma implies a bound on the higher-order moments of a standard Gaussian
X, since

E (exp (tx?)) = E (Z (t’j ) ) (42)
_y Ble) (43)

Bounds that exploit the behavior of higher-order moments to control tail probabilities
through the expectation of an exponential are often called Chernoff bounds.



We set a := k(1 +¢€) and

1 1
t:= 5 - m, (44)

by minimizing over ¢t € (0,1/2) in (40). This gives

Ply>k(1+e¢)<(1+e"2exp (-%) (45)

—exp (4 (e~ log(1+.0) ) (46)
< exp (—%) | (47)

where the last step follows from the fact that the function g (z) := = — ‘%2 —log (1 +x) is
nonnegative between 0 and 1 (the derivative is nonnegative and g (0) = 0). O

In the next section we apply this result to characterize the projection of an iid standard
Gaussian vector on a subspace.

2.3 Projection onto a fixed subspace

In Example 7.4 of Lecture Notes 1 we observed that the f5-norm of the projection of iid
standard Gaussian noise onto a fixed subspace is proportional to the square root of the
dimension of that subspace. In this section we make this precise, using that the fact that
the coefficients of the projection in an orthonormal basis of the subspace are themselves
iid standard Gaussians.

Lemma 2.9 (Projection of an iid Gaussian vector onto a subspace). Let S be a k-
dimensional subspace of R™ and Z € R™ a vector of iid standard Gaussian noise. ||Ps Z||§
is a x* random variable with k degrees of freedom, i.e. it has the same distribution as the
random variable

y = inQ (48)

i=1

where X1, ...,Xx are iid standard Gaussian random variables.

Proof. Let UUT be a projection matrix for the subspace S, where the columns of U € R™*¥
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are orthonormal. We have

. L2
1PsZ||; = ||[UU"Z]|, (49)
=72 UUTUU"Z (50)
=z UU"Z (51)
=w'w (52)
k
=) Wi, (53)
i=1
where by Theorem 2.3 the random vector w := U’Z is Gaussian with mean zero and
covariance matrix
Yo = UTSU (54)
=U'U (55)
=1, (56)
so the entries are independent standard Gaussians. O

Since the coefficients are standard Gaussians, we can bound the deviation of their norm
using Theorem 2.7.

Theorem 2.10. Let S be a k-dimensional subspace of R" and Z € R™ a vector of iid
Gaussian noise. For any e € (0,1)

VEL—¢€) <||Ps?ll, < VEk(1+e) (57)

with probability at least 1 — 2 exp (—ke*/8).

Proof. The result follows from Theorem 2.7 and Lemma 2.9. O

3 Gaussian matrices

3.1 Randomized projections

As we discussed in Section 3.3 of Lecture Notes 2, dimensionality reduction via PCA
consists of projecting the data on low-dimensional subspaces that are optimal in the sense
that they preserve most of the energy. The principal directions are guaranteed to lie in
the directions of maximum variation of the data, but finding them requires computing
the SVD, which can be computationally expensive or not possible at all if the aim is to
project a stream of data in real time. For such cases we need a non-adaptive alternative
to PCA that chooses the projection before seeing the data. A simple method to achieve
this is to project the data using a random linear map, represented by a random matrix A

11



built by sampling each entry independently from a standard Gaussian distribution. The
following lemma shows that the distribution of the result of applying such a matrix to a
fixed deterministic vector is Gaussian.

Lemma 3.1. Let A be an a x b matriz with iid standard Gaussian entries. If ¢ € R? is a
deterministic vector with unit {5 norm, then Av is an a-dimensional itd Gaussian vector.

Proof. By Theorem 2.3, (A7) [i], 1 < i < a is Gaussian, since it is the inner product
between ¥ and the ith row A;. (interpreted as a vector in Rb), which is an iid standard
Gaussian vector. The mean of the entry is zero because the mean of A, . is zero and the
variance equals

Var (A].0) = 0754, .0 (58)
= ' Iv (59)
= |4l (60)
=1, (61)

so the entries of Av are all standard Gaussians. Finally, they are independent because
each is just a function of a specific row, and all the rows in the matrix are mutually
independent. O

A direct consequence of this result is a non-asymptotic bound on the /5 norm of Av for
any fixed deterministic vector .

Lemma 3.2. Let A be a a x b matriz with iid standard Gaussian entries. For any ¥ € R®
with unit norm and any € € (0,1)

Va(l—e) <||At]l, < Va(l+e) (62)
with probability at least 1 — 2 exp (—ae®/8).
Proof. The result follows from Theorem 2.7 and Lemma 3.1. O

Dimensionality-reduction techniques are useful if they preserve the information that we
are interested in. In many cases, we would like the projection to conserve the distances
between the different data points. This allows us to apply algorithms such as nearest
neighbors in the lower-dimensional space. The following lemma guarantees that random
projections do not distort the distances between points in a non-asymptotic sense. The
result is striking because the lower bound on k£ — the dimension of the approximate pro-
jection — does not depend on n — the ambient dimension of the data — and its dependence
on the number of points p in the data set is only logarithmic. The proof is based on the
arguments in [3].

12



Lemma 3.3 (Johnson-Lindenstrauss lemma). Let A be a k x n matriz with iid standard
Gaussian entries. Let T1, ..., , € R" be any fized set of p deterministic vectors. For
any pair T;, T; and any € € (0,1)

2

-olle- gl < | an - Joas| sarola-alk. @
2
with probability at least % as long as
161
k> ‘Z—f(m. (64)

Proof. To prove the result we control the action of the matrix on the normalized difference
of the vectors

i —

(65)

Ujj i= =7
175 — 21l
which has unit f,-norm unless Z; = Z; (in which case the norm of the difference is preserved

exactly). We denote the event that the norm of the action of A on %;; concentrates around
k by

Ei={k(1—e) <||AT;|5<k(1+e)} 1<i<p, i<j<p.
Lemma 3.2 implies that each of the &;; hold with high probability as long as condition (64)

holds

2
_2.

P(&) < (66)

However, this is not enough. Our event of interest is the intersection of all the &;;.
Unfortunately, the events are dependent (since the vectors are hit by the same matrix),
so we cannot just multiply their individual probabilities. Instead, we apply the union
bound to control the complement of the intersection.

Theorem 3.4 (Union bound, proof in Section 5.4). Let Sy, S, ..., S, be a collection of
events in a probability space. Then

P (U;S;) < i P (Si). (67)

The number of events in the intersection is (£) = p (p — 1) /2, because that is the number

13



Randomized projection PCA
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Figure 6: Approximate projection of 7-dimensional vectors describing different wheat seeds
onto two random directions. Each color represents a variety of wheat.

of different pairs of vectors in the set {Z,...,Z,}. The union bound yields
PO]%)zl—P(U&ﬁ (68)
ij ]

>1-) P(&) (69)

_plp-1)

2
>1 —
> 5 (70)
1
> —. 71
z (71)
[

Example 3.5 (Dimensionality reduction via randomized projections). We consider the
same data as in Example 3.6 of Lecture Notes 2. FEach data point corresponds to a
seed with seven features: area, perimeter, compactness, length of kernel, width of kernel,
asymmetry coefficient and length of kernel groove. The seeds belong to three different
varieties of wheat: Kama, Rosa and Canadian.? The objective is to project the data
onto 2D for visualization. In Figure 6 we compare the result of randomly projecting the
data by applying a 2 x 7 iid standard Gaussian matrix, with the result of PCA-based
dimensionality reduction. In terms of keeping the different types of wheat separated, the
randomized projection preserves the structure in the data as effectively as PCA. A

2The data can be found at https://archive.ics.uci.edu/ml/datasets/seeds.
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Figure 7: Average, maximum and minimum number of errors (over 50 tries) for nearest-
neighbor classification after a randomized dimensionality reduction for different dimensions.
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Figure 8: Results of nearest-neighbor classification combined with randomized dimensionality

reduction of dimension 50 for four of the people in Example 3.6. The assignments of the first
two examples are correct, but the other two are wrong.
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Example 3.6 (Nearest neighbors after random projection). The nearest neighbors algo-
rithm for classification (Algorithm 4.2 in Lecture Notes 1) requires computing n distances
in an m-dimensional space (where m is the number of features) to classify each new ex-
ample. The computational cost is O (nm), so if we need to classify p points the total
cost is O (nmp). If we perform a random projection of each of the points onto a lower-
dimensional space k before classifying them, then the computational cost is:

e kmn operations to project the training data using a k£ x m iid standard Gaussian
matrix.

e kmp operations to project each point in the test set using the same matrix.

e knp to perform nearest-neighbor classification in the lower-dimensional space.

The overall cost is O (kpmax {m,n}), which is a significant reduction from O (nmp). It
is also more efficient than the PCA-based approach of Example 3.5 in Lecture Notes 2,
which includes an additional O (mn min{m,n}) step to compute an SVD.

Figure 7 shows the accuracy of the algorithm on the same data as Example 4.3 in Lecture
Notes 1. A similar average precision as in the ambient dimension (5 errors out of 40
test images compared to 4 out of 40) is achieved for a dimension of k& = 50. Figure 8
shows some examples of the projected data represented in the original m-dimensional
space along with their nearest neighbors in the k-dimensional space. A

3.2 Singular values

In this section we analyze the singular values of matrices with iid standard Gaussian
entries. In particular we consider an k x n matrix A where n > k. Numerically, we
observe that as n grows, all k singular values converge to y/n, as shown in Figure 9. As
a result,

AU (VnI) V' =y/nUV?", (72)

i.e. A is close to an orthogonal matrix. Geometrically, this implies that if we generate a
fixed number of iid Gaussian vectors at increasing ambient dimensions, the vectors will
tend to be almost orthogonal as the dimension grows.

The following result establishes a non-asymptotic bound on the singular values using
a covering number argument from [1] that can be applied to other distributions and
situations. See also [6] for some excellent notes on high-dimensional probability techniques
in this spirit.

Theorem 3.7 (Singular values of a Gaussian matrix). Let A be a n X k matriz with iid
standard Gaussian entries such that n > k. For any fized € > 0, the singular values of A
satisfy

Vn(l—e) <o <oy <vn(l+e) (73)
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Figure 9: Singular values of n x k matrices with iid standard Gaussian entries for different
values of k and n.

with probability at least 1 — 1/k as long as

64k 12
n>—-log—.
€ €

(74)

By Theorem 2.7 in Lecture Notes 2, the bounds on the singular values are equivalent to
the following bounds

V(1 — ) < [|Adll, < Vi (1+0)

where @ is any vector in the k-dimensional sphere S¥~!, which contains the unit-f,-norm
vectors in R*. This set has infinite cardinality, so we cannot apply the union bound to
establish the bounds as in the proof of the Johnson-Lindenstrauss lemma. To overcome
this obstacle, we consider a set, called an e-net, which covers the sphere in the sense that
every other point is not too far from one of its elements. We prove that the bounds hold
on the net using the union bound and then establish that as a result they hold for the
whole sphere.

(75)

Definition 3.8 (e-net). An e-net of a set X C R* is a subset N, C X such that for every
vector ¥ € X there exists i € N for which

17— 4ll, <e. (76)

Figure 10 shows an e-net for the two-dimensional sphere S*. The smallest possible number

of points in the e-net of a set is called its covering number.

Definition 3.9 (Covering number). The covering number N (X, €) of a set X at scale €
1s the manimal cardinality of an e-net of X, or equivalently the minimal number of balls
of radius € with centers in X required to cover X.
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Figure 10: e-net for the two-dimensional sphere S!, which is just a circle.

The following theorem, proved in Section 5.5 of the appendix, provides a bound for the
covering number of the k-dimensional sphere S¥~1.

Theorem 3.10 (Covering number of a sphere). The covering number of the n-dimensional
sphere S¥=1 at scale € satisfies

N (8516 < (Z“)k < (§)k (77)

€ €

Let €, := ¢/4 and €, := ¢/2. Consider an ¢;-net N, of S*¥1. We define the event
Erer = {n(1—e) [|0]]5 < ||AT]; < m (L + &) [|6]3} . (78)

By Lemma 3.2 for any fixed v € R* P (55,52) < 2exp (—ne?/32), so by the union bound

P (Usen, Efe) < D P (E5s) (79)
TEN,
< NG IP (&) (80)
12\* ne
g% if (74) holds. (82)

Now, to finish the proof we need to show that if Uzen, &5, holds then the bound holds

v,€2
for every element in S*~!, not only for those in the e-net. For any arbitrary vector
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7 € 8! on the sphere there exists a vector in the €/4-covering set 7 € N (X, ¢;) such
that || — v]|, < €/4. By the triangle inequality this implies

|AZ][, < [|Ad]], + [|A (7 = )|, (83)
<vn <1 + %) + [|A (Z — V)], assuming Ugen. €5, holds (84)

€1 V,€2

<vn <1 + E) + o4 ||7 =], by Theorem 2.7 in Lecture Notes 2 (85)

<va(1+5)+ 2 (86)

By Theorem 2.7 in Lecture Notes 2 o7 is the smallest upper bound on ||AZ||, for all Z in
the sphere, so the bound in equation (86) cannot be smaller:

alg\/ﬁ<1+§>+%, (87)

so that

o< Vi (1207 (58)

:\/ﬁ(1+e—€$__€)) (89)

<vn(l+e). (90)

The lower bound on oy follows from a similar argument combined with (90). By the
triangle inequality

91
92

|AZ]|, > [|AT]], — ||A (7 = D)l
> \/n (1 — —) — ||A(Z - D)||, assuming Ugen:., &5, holds
>/n
94
95

(
(1 ) Ja(l+e by (90)

(91)
(92)
1-— —) — o ||7 — V], by Theorem 2.7 in Lecture Notes 2 (93)
(94)
Vvn (1 — (95)

\_/[\3|m

By Theorem 2.7 in Lecture Notes 2 o is the largest lower bound on ||AZ||, for all Z on
the sphere, so o > /n (1 —€) as long as Ugen;,, &5, holds.

4 Randomized singular-value decomposition

4.1 Fast SVD

In this section we describe an algorithm to compute the SVD of a low-rank matrix very
efficiently assuming that we have access to an orthonormal basis of its column space.
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Figure 11: Sketch of the matrices in Algorithm 4.1.

Algorithm 4.1 (Fast SVD). Given a matric M € R™ ™ which is well-approximated as
a k-rank matriz:

1. Find a matriz U € R™ 40 with k + p orthonormal columns that approrimately
span the column space of M.

2. Compute W € REHP*1 gefined by W := UT M.
3. Compute the SVD of W = Uy Sw VL.
4. Output U = (ijw):J:k, S = (Sw)ik1k and V := (Viy).1.6 as the SVD of M.

Figure 11 shows the dimensions of the matrices. Computing the SVD of W has complexity
O (k?n), so overall the complexity of the algorithm is governed by the second step which
has complexity O (kmn). This is a dramatic reduction from O (mnmin {m,n}).

The following lemma establishes that the algorithm works in the idealized situation where
the matrix is exactly low rank and we have access to an orthonormal basis of its column
space.

Lemma 4.2. Algorithm 4.1 outputs the SVD of a matriz M € R™" as long as M 1is
rank k and U spans its column space.

Proof. 1t U spans the column space of M then

M=UU"M (96)
= UW (97)
= UUw SwViL, (98)
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where U := UUyy is an m X k matrix with orthonormal columns since

UTU = UL UTUUy (99)
= U Uy (100)
=1, (101)

Sw € R¥¥¥ is a diagonal matrix with nonnegative entries and Vi € R™** has orthonormal
columns. We conclude that the output of Algorithm 4.1 is a valid SVD of M. O

The following sections describe two methods for estimating the column space based on ran-
domization (i.e., step 1 of Algorithm 4.1). In practice, most matrices of interest will only
be approximately low rank. In that case, the performance of the column-approximation
algorithms depends on the gap between the k first singular values and the k£ + 1th. To
enhance the performance, a popular preprocessing procedure is to use power iterations to
increase the gap. Instead of M, the idea is to apply Step 1 of Algorithm 4.1 to

M = (MMT)" M, (102)

for a small integer q. Expressing M in terms of its SVD, we have

M = (UnS3,UL) Ui Su Vi, (103)
= Uy S29tyL, (104)

M has the same singular vectors as M but its singular values are raised to the power of
2q + 1, so the gap between small and large singular values is amplified. The idea is very
similar to the power method for computing eigenvectors (Algorithm 4.4 in Lecture Notes
2). More details on the power iterations will be given in the next two subsections.

4.2 Randomized column-space approximation

Random projections make it possible to estimate the column space of a low-rank matrix
very efficiently. Here we just outline the method and provide some intuition. We refer
to [4,5] for a more detailed description and theoretical guarantees.

Algorithm 4.3 (Randomized column-space approximation). Given a matriz M € R™*"
which is well-approrimated as a k-rank matrix:

1. Create an n x (k + p) iid standard Gaussian matriz A, where p is a small integer
(e.g. 5).

2. Compute the m x (k + p) matriz B = MA.

3. Compute an orthonormal basis for col(B) and output them as a matriz U € Rmx(k+p)
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Figure 12: Four randomly selected frames from the video in Example 4.7.

Consider the matrix

B =MA (105)
= Uy Su Vi A (106)
= UpSyC. (107)

If M is exactly low rank, by Theorem 2.3 C is a k x (k + p) iid standard Gaussian matrix
since VI Vi = I. In that case the column space of B is the same as that of M because
C is full rank with high probability. When M is only approximately low rank, then C
is a min {m,n} x (k + p) iid standard Gaussian matrix. Surprisingly, for p equal to a
small integer, the product with C conserves the subspace corresponding to the largest k
singular values with high probability, as long as the k + 1th singular values is sufficiently
small. See the seminal paper [4] for more details.

We can improve the accuracy of Algorithm 4.3 by using power iterations as detailed below.

Algorithm 4.4 (Power Iterations for Randomized column-space approximation). Given
a matriz M € R"™ ™ which is well-approximated as a k-rank matrix:

1. Create an n x (k + p) 4id standard Gaussian matriz A, where p is a small integer

(e.g. 5).

2. Compute the m x (k + p) matrix B = MA and let U, denote the matriz formed by
orthonormalizing the columns of B.

3. For i from 1 to q (inclusive) :

(a) Let f‘z be formed by orthonormalizing the columns of MTﬁi_l.
(b) Let INJZ be formed by orthonormalizing the columns of Mf‘,

4. Output qu.
Example 4.5 (Randomized SVD of a video). In this example we consider a data set
that consists of a video with 160 1080 x 1920 frames. Four sample frames are show in 12.

We interpret each frame as a vector in R20:736:990  The matrix obtained by stacking these
vectors as columns is approximately low rank due to the correlation between the frames,
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Figure 13: Singular values of the 160 x 20, 736,000 matrix in Example 4.7.

as can be seen in Figure 13. Computing the SVD of this matrix takes 12 seconds on
our machine. Applying Algorithm 4.1 combined with Algorithm 4.4 we obtain a rank-10
approximation in 5.8 seconds. If we consider a larger video with 691 frames, computing
the SVD takes 281.1 seconds, whereas the randomized algorithm only takes 10.4 seconds.
Figure 14 shows a comparison between the true left singular values and the estimate
produced by the randomized algorithm, using power iterations with parameter ¢ = 2 and
setting p = 7 in Algorithm 4.4. A

4.3 Random column selection

An alternative procedure for estimating the column space of a low-rank matrix is to
randomly select a subset of columns and obtain an orthonormal basis from them.

Algorithm 4.6 (Randomized column-space approximation). Given a matriz M € R™*"
which is well-approrimated as a k-rank matrix:

1. Select a random subset of column indices T := {iy, 1z, ... 1w} with k' > k.

2. Compute an orthonormal basis for the columns of the submatriz corresponding to

Z:
MI = [M:,il M:,iz T M:,ik/] (108)
and output them as a matrix U € RV,

The random submatrix Mz can be expressed in terms of the left singular vectors and
singular values of M, and a submatrix of the right-singular-vector matrix,

Mz = UniSus (Var)z - (109)
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First 10 Singular Values
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Figure 14: First 10 singular values of the 160 x 20, 736, 000 matrix in Example 4.7 and their esti-
mate using Algorithm 4.1 combined with Algorithm 4.4 and Algorithm 4.6 with power iteration.
The estimates are almost perfect.
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Figure 15: The first 4 left singular vectors of the movie computed using the standard SVD
algorithm, and the randomized Algorithm 4.4.
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In order for the algorithm to capture the column space of M, we need (Vi) to be full
rank (and ideally to not have very small singular values). Moreover, if the matrix is only
approximately low rank, we need the right singular vectors corresponding to large singular
values to be spread out so that they are not missed when we subsample. Let us illustrate
this with a simple example. Consider the rank-2 matrix

-3 2 2 2
3 22 2
M=|" 555 (110)
3 22 2
and its SVD
0.5 —0.5
0.5 0.5 | [6.9282 0] [0 0.577 0.577 0.577
M=UnSuVir = |5 _o5 { 0 6] [1 0o 0 0 (111)
0.5 0.5
(112)

Any submatrix of columns that do not include the first one will have a column space that
only consists of the first left singular vector. For example if Z = {2, 3}

2 2 0.5
2 2 0.5

Mz =5 5| = | 5| 69282[0.577 0.577]. (113)
2 2 0.5

Column subsampling tends to ignore left singular vectors corresponding to sparse (or ap-
proximately sparse) right singular vectors. Depending on the application, this may not be
a disadvantage: sparse right singular vectors arise due to columns in M that are almost
orthogonal to every other column and can consequently be interpreted as outliers. In
contrast, column subsampling preserves the part of the column space corresponding to
spread-out right singular vectors with high probability (see [2] for a theoretical character-
ization of this phenomenon).

To use power iteration with column subsampling, define B := U obtained from 4.6, and
apply steps 3,4 from Algorithm 4.4. Although power iteration can be helpful, it will not
alleviate the issue with sparse columns described above.

Example 4.7 (Randomized SVD of a video using subset of columns). In this example we
consider the same data set as in Example 4.7. We estimate a rank-10 approximation of
the 160 x 20, 736,000 matrix by randomly selecting k&’ = 17 columns as in Algorithm 4.6
and then applying Algorithm 4.1. The running time is 5.2 seconds, even faster than if we
use Algorithm 4.1. Figure 14 shows a comparison between the true left singular values
and the estimate produced by the randomized algorithm, using power iterations with
parameter ¢ = 2. In Figure 16 we show the top 4 estimated singular vectors compared
to the true ones. The approximation is very precise, indicating that the first 10 right
singular vectors of the matrix are not sparse or approximately sparse. JAN
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Figure 16: The first 4 left singular vectors of the movie computed using the standard SVD
algorithm, and the randomized Algorithm 4.6.

5 Proofs

5.1 Proof of Theorem 2.6
Consider the indicator variable 1x>,. We have
X — alx>q > 0. (114)

In particular its expectation is nonnegative (as it is the sum or integral of a nonnegative
quantity over the positive real line). By linearity of expectation and the fact that 1>, is
a Bernoulli random variable with expectation P (x > a) we have

E(x) > aE (1x>0) =aP (x> a). (115)

5.2 Proof of Lemma 2.8

2

1 °° u
E (exp (tx%)) = \/_2_71'/_ exp <—?) exp (tu?) du (116)
1 [ (1-2t) u2> .
= — e ———]d finite for 1 — 2t > 0 117
o /_oo Xp ( 5 U ni r (117)
2
(—%) dv change of variables v = (2 — t)u

1 /°°
= — exp
V2r (1=2t) J-
1

= = (118)
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5.3 Proof of (35)

A very similar argument to the one that yields (39) gives

Py <d') = P(exp(—t'y) > exp (—d't')) (119)
k
< exp (a't') H E (exp (—t'x;%)) . (120)

=1

Setting ¢’ = ¢ in (41), we have

E —t'x%)) = ———. 121
(exp (—t'x?)) N (121)
This implies
/t,
Ply <) < 22ldl) (122)
(1+42t)2
Setting
1 1
== 12
! SRETTERE (123)
a:=k(l—¢) (124)
we have
k ke
Ply<k(l—e¢)<(l—¢€)2exp (?> (125)
k
= exp (—5 (—e —log (1 — e))) . (126)
The function h (z) := —z— ‘%2 —log (1 — ) is nonnegative between 0 and 1 (the derivative
is nonnegative and ¢ (0) = 0). We conclude that
ke?
Py <k(l—e¢) <exp 5 (127)
2
< exp (—ki> . (128)
8
5.4 Proof of Theorem 3.4
Let us define the sets:
Sy = S;NNiZiss. (129)
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Figure 17: Sketch of the proof of Theorem 3.10 in two dimensions. B’f /2 (6) is the big red

circle. The smaller shaded circles correspond to Bf/z (Z) for each Z in the e-net.

It is straightforward to show by induction that U;LZISJ- = uyzléj for any n, so U;S; = U,S’Z

The sets S;, Ss, . ..are disjoint by construction, so
< ZP (S;)  because S; C S;. (131)

5.5 Proof of Theorem 3.10

We construct an e-covering set N, C S k-1 recursively:

e We initialize NV, to the empty set.

e We choose a point # € S¥~! such that ||Z — §]|, > € for any ¥ € N.. We add & to
N until there are no points in S¥~! that are e away from any point in N..

This algorithm necessarily ends in a finite number of steps because the n-dimensional
sphere is compact (otherwise we would have an infinite sequence such that no subsequence
converges).

Now, let us consider the balls of radius €/2 centered at each of the points in N.. These
balls do not intersect since their centers are at least ¢ apart and they are all inside the
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ball of radius 1 + €/2 centered at the origin 0 because N, C S*~'. This means that

Vol (Bl.2 (0) ) = Vol (Usew: B, (7)) (132)
— IN.| Vol (Bf/2 (6)) (133)

where BF (Z) is the ball of radius r centered at #. By multivariable calculus

Vol (ij (6)) = r* Vol <B’f (6)) , (134)
so (132) implies

(1+¢€/2)" > N[ (¢/2)". (135)
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Optimization-based data analysis Fall 2017

Lecture Notes 4: The Frequency Domain

1 Fourier representations

1.1 Complex exponentials

The complex exponential or complex sinusoids is a complex-valued function. Its real part is a
cosine and its imaginary part is a sine.

Definition 1.1 (Complex sinusoid).
exp (ix) := cos (z) + isin (x). (1)
The argument x of a complex sinusoid is known as its phase. For any value of the phase, the
magnitude of the complex exponential is equal to one,
|exp(iz)|* = cos(x)? + sin(z)* = 1. (2)

If we set the phase of a complex sinusoid to equal ft for fixed f, then the sinusoid is periodic with
period 1/f and the parameter f is known as the frequency of the sinusoid.

Definition 1.2 (Frequency). A complex sinusoid with frequency f is of the form
hy(t) := exp (27 ft). (3)

Lemma 1.3 (Periodicity). The complex exponential hy (t) with frequency f is periodic with period
1/f.

Proof.
he(t+1/f) =exp <i27rf (t+%)> (4)
= exp(i27 ft) exp(i27) (5)
= hy(1). (6)
[

Figure 1 shows a complex sinusoid with frequency 1 together with its real and imaginary parts.

If we consider a unit interval, complex sinusoids with integer frequencies form an orthonormal set.
The choice of interval is arbitrary, since all these sinusoids are periodic with period 1/k for some
integer k£ and hence also with period one.



Figure 1: Complex sinusoid hy (dark red) plotted between 0 and 10. Its real (green) corresponds to a
cosine function and its imaginary part (blue) to a sine function.

Lemma 1.4. The family of complex sinusoids with integer frequencies
hi (t) := exp (i27kt), keZ, (7)

is an orthonormal set of functions on the unit interval [—1/2,1/2].

Proof. Each function has unit £5 norm,

2 12 2
1hnllz, = | (D) dt (8)
/2

1

=1, (9)

and they are all orthogonal

1/2
(i ) = / B (£) oy (2) (10)

1/2

1/2
= /_1/2 exp (i2m (k — j)t) dt (11)
_exp (im (k — 5)) — exp (—im (k — j)) (12)

' 127 '

_ cos (7 (k — j))i;WCOS (m (k =) (13)
_o (14)
[



Figure 2: Discrete complex sinusoids 5[210] (left) and Eglo} (right) in red along with their real (green) and

imaginary (blue) parts.

Complex sinusoids on the unit interval can be discretized by sampling their values at n equispaced
points. This yields a family of discrete complex sinusoids.

Definition 1.5 (Discrete complex exponential). The discrete complex sinusoid FLLn] e C" with
integer frequency k is defined as

i2rkj

EL"][j]::exp< > 0<jk<n-—1 (15)

The discrete complex sinusoid is periodic in j with period n/k and in k with period n/j. In

particular, they are also periodic with period n, so we only consider values in an interval of length
n. Here we have fixed the interval to be from 0 to n — 1 but this is arbitrary. Figure 2 shows h210]

and ﬁ:[;w] along with their real and imaginary parts

Discrete complex sinusoids form an orthonormal basis of C" if we scale them by 1/y/n.

Lemma 1.6 (Orthonormal sinusoidal basis). The discrete complex exponentials \/Lﬁlqzén], ce \/Lﬁiqz,[fll
form an orthonormal basis of C".

Proof. Each vector has £ norm equal to \/n,

o2 el
BN =2 || (16)
=0
n—1
— 1 (17)
7=0
=n, (18)



and they are all orthogonal

n—1
(LR = SRR (19)
§=0
n—1 .
2 (k —1
_ exp<l u ”) (20)
=0 "
1— exp i27r(l:;l)n>
= : (21)
N 127 (k—1)
1 —exp < - )
= 0. (22)

Since there are n vectors in the set and they are linearly independent, they form a basis of C*. [

1.2 Fourier series

The Fourier series of a function defined in the unit interval is the projection of the function onto
the span of the complex sinusoids with integer frequencies, which are orthonormal by Lemma 1.4.

Definition 1.7 (Fourier series). The partial Fourier series of order N of a function f € Lo[—1/2,1/2]
is defined as

N

Swifyi= Y Flk b (23)
M= (f.n). (24)

The Fourier series of a function f € Lo[—1/2,1/2] is defined as

o0

S{fyi= 3 Flkh, (25)
F k] = (f ) - (26)

For real functions, the Fourier series is a projection onto an orthonormal basis of cosine and sine
functions (we omit the proof that these functions are orthogonal, which is very similar to the proof
of Lemma 1.4).

Lemma 1.8. For a real function f € Lo[—1/2,1/2] we have

S{f} = Z ay, cos (2mkt) + by sin (27wkt) (27)
— 2(f, cos (2mkt)) (28)
= 2(f,sin (2mkt)) . (29)
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Figure 3: Partial Fourier series (blue) of the Gaussian function in Figure 5 restricted to the unit interval.
The complex sinusoids used to produce the approximation are shown in green.



Figure 4: Dirichlet kernel with cut-off frequency k. (left) and corresponding Fourier coefficients (right).

Figure 3 shows the nth-order partial Fourier series of a Gaussian function restricted to the unit
interval for different values of n. As n increases, the approximation obtained by projecting the
function onto the span of the complex sinusoids improves. Remarkably, if the function is integrable,
the approximation eventually converges to the function. We omit the proof of this result, which
is beyond the scope of these notes.

Theorem 1.9 (Convergence of Fourier series). For any function f € Lo]—1/2,1/2]
T [1f = S (£}, =0 (30)

In addition, if f is continuously differentiable, the convergence is uniform and hence also pointwise,
so that

dim Sy {f}(6) = f(t),  for anyt. (31)

By Theorem 1.9 we can represent any square-integrable function defined on an interval by using
its Fourier coefficients, which are known as the spectrum of the function. It is worth noting that
one can generalize this representation to functions defined on the whole real line by considering
real-valued frequencies, which yields the Fourier transform. We will not discuss this further in
these notes.

The Dirichlet kernel is an example of a bandlimited function, for which the higher end of the
spectrum is zero, as illustrated in Figure 4.

Definition 1.10 (Dirichlet kernel). The Fourier coefficients of the Dirichlet kernel with cut-off
frequency k. are equal to

0 otherwise.

DK = {1 if || < ke (32)
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Figure 5: Gaussian function in Example 1.11 and corresponding Fourier coefficients (right).

The corresponding function is given by

ke
d(t)= Y DIkh(D) (33)
n:k:kc |
_ Z ez27rkt (34)
n=—ke

. 35
—Sm((jfz;;)m) otherwise . (35)

_{%,H, ift =0,

Note that the width of the main lobe of the Dirichlet kernel is inversely proportional to its cut-off
frequency, which corresponds to the width of its spectrum. The following example shows that this
is also the case for the Gaussian function.

Example 1.11 (Gaussian). Consider the Gaussian function

o0 = (-5)). (36)

o2

restricted to the interval [—1/2,1/2]. If o is small with respect to the length of the interval, then



we can approximate its spectrum by

1/2 2
G k] = / exp (——2) exp (—i2rkt) dt (37)
—1/2 (%
1/2 2
= / exp (——2) cos2mktdt  because g is even and sin (27kt) is odd (38)
1/2 o
e’} t2
~ / exp (——2> cos 2kt dt if o <<1 (39)
o o
= Vroexp (—m*0’k?). (40)

The envelope of the Fourier coefficients is Gaussian with a standard deviation that is proportional
to 1/0, as shown in Figure 5. A

An important property of the Fourier representation is that shifting a function is equivalent to
scaling its Fourier coefficients by a factor that only depends on the shift and the corresponding
frequency.

Lemma 1.12 (Time shift). We define the T-shifted version of a function f € Lo[—1/2,1/2] by

f[T] (t) = f (t - 7—) ; (41)
where the shift is circular (the function wraps around). For any shift T we have

Fin [k] = exp (—i2nkT) F [K]. (42)

Proof. We interpret f as a periodic function such that f (¢t +1) = f (¢). We have

1/2
Fiy k] = o f(t—7)exp(—i2nkt) dt (43)
1/2—7
— /1/2 f(u)exp (—i2mk (u+ 7)) dt (44)
= exp (—i2wkT) F [k]. (45)

1.3 Sampling Theorem

In this section we consider the problem of estimating a bandlimited signal from samples taken at
regular intervals. Such situations arise when we digitally store or process an analog signal such
as music or speech. Figure 6 shows an example of a bandlimited signal, its spectrum and the
corresponding samples. Two fundamental questions are:

1. What sampling rate is necessary to preserve all the information in the signal?

2. How can we reconstruct the original signal from the samples?



Signal Spectrum Samples

Figure 6: Bandlimited signal (left), corresponding spectrum (center) and regular samples (right).

The answer to the first question is given by the Nyquist-Shannon-Kotelnikov sampling theorem.

Theorem 1.13 (Nyquist-Shannon-Kotelnikov sampling theorem). Any bandlimited signal g €
L5[0,1] of the form

o) =3 Grm () (46)

ke=—ke
can be recovered exactly from n uniformly spaced samples g (0), g (1/n), ..., g((n —1)/n) as long
as the sampling rate fs :=n satisfies
fs = 2k, + 1, (47)

which 1s known as the Nyquist rate.

Proof. To simplify the proof, we assume that n = 2k, + 1 for some integer ks > k.. We denote
the vector of samples by ¢, which equals

9(0) || Sk Gmm) i (0)
2 ke 1 ke 1 ke
C. e k=—ke s k=—k.
g (5] [ G R ()| s (%5)

Now let us define a vector G € C" containing the Fourier coefficients of ¢ (padded by zeros if
ks Z kc)7

- Glk], if |k| <k,
0, otherwise.
By equation (48) we have
go= A, W - )G (50)
= FG. (51)



Figure 7: Reconstruction via linear inversion is equivalent to interpolation with a Dirichlet kernel.

By Lemma 1.6 the matrix F' has orthogonal columns, so that we can recover G and hence g from
Gn- O

To recover the signal we can build its Fourier series from its Fourier series obtained by inverting
the system of equations given by (51). Interestingly, this is exactly equivalent to interpolating the
samples with shifted Dirichlet kernels, as sketched in Figure 7.

Theorem 1.14 (Dirichlet-kernel interpolation). Let n := 2k, + 1 for some integer ks. As long as
ks > k., a bandlimited function of the form (46) is equal to

n—1

7)== 30 G/m) dyjo (0 (52)

where d is a Dirichlet kernel (see Definition 1.10) with cut-off frequency ks.
Proof. Let us define the vector
iy = [exp (—i2mhyt) exp (—i2m(ky — 1)t) -~ exp (i2rkit)]" (53)
such that the adjoint of the matrix F'in (51) can be expressed as
Fr=lay dyn - Am-1y/m) - (54)

F scaled by 1/4/n is orthogonal, so

G =F*j, (55)
1 n—1

= =" 9G/n) dm. (56)
7=0

10



Now, we express g and the Dirichlet kernel in terms of a;,

k
_ 1 - —i2mkt
g(t)=— > Glkle (57)
k=—ke
_laa (58)
= —a/G,
ke
d[T] (t) — Z e*i27rk(tf’r) (59)
k=—ke
=da, d, (60)
We conclude
1., ~ .
g(t)=—a;G by (59) (61)
IS s
== g(i/n)ajd;, by (56) (62)
j=0
1 .
=2 9(i/n)dym(t) by (60). (63)
=0

]

Finally, another interesting question is what occurs when the cut-off frequency of the function
we are sampling k. is too large with respect to the sampling rate k. > ks so that we violate the
sampling-rate condition (47). The following example illustrates this.

Example 1.15 (Aliasing). We consider a function

ket+1
g(t)= Y G h(t). (64)
k=—ke
with cut-off frequency k. + 1 defined on the unit interval. We have set G [—k. — 1] to simplify
notation. Imagine that we underestimate its cut-off frequency and sample it at a rate ks := k./2
instead of k. + 1, gathering n := 2k, +1 = k.+ 1 samples. Let us define G as the vector containing
the Fourier coefficients of g. By (48) we have

= _];[—n]Qké oo ]_?:\([J’I’L] Eg:fl] ct E[Q/'/]L{:]S_;'_li| G_? <66)

= [ R R ]G (67)
1[G

= |F Fi| =~ ) 08
) .

since for any k EE:L] = FLL"J]FH by periodicity of the discrete complex sinusoids. Note that we have

separated G4 into its first and second half. Now we have a problem because [}7’ ﬁ} is clearly not

invertible!

11



Compare this to the situation where n = 2k, + 1. As we showed in the proof of Theorem 1.13
(with a different choice of indices that doesn’t affect the result) in that case

G==F*G, (69)

since F has orthogonal columns by Lemma 1.6.

What happens if we assume that this holds even if it doesn’t and we try to obtain G from Jn in
the same way? Then aliasing occurs:

q 1

Galiased - _f*gn (70)
n
e TG
= _F* - 1
= él + éz- (72)

The recovered spectrum is scrambled. We recover a function with cut-off frequency k. with a
spectrum that equals the sum of the spectrum of g and a copy that is shifted by k.. A

1.4 Discrete Fourier transform

By Lemma 1.6 the discrete complex sinusoids LFL["], e L form an orthonormal basis of C™.
: L V0 el o :

This means that we can express any vector in terms of its coefficients in this representation. The

discrete Fourier transform (DFT), which extracts these coefficients, is consequently the discrete

counterpart of the Fourier series.

Definition 1.16 (Discrete Fourier transform). The discrete Fourier transform (DFT) of a vector
Z € C" are given by

Xk = <f,i‘i£ﬁ>, 0<k<n-—1 (73)
Equivalently,
X=wz (74)
where W* := fzgl] l_i[ln] ﬁglll]* W s known as the DET matrix.

Recovering a vector from its DF'T coefficients only requires inverting the linear transformation.

Lemma 1.17. ]fff contains the DF'T coefficients of ¥ € C", then

n—1
1 L
7==3 X[k A" (75)
n k=0
1 -
= —F*X. 76
- (76)



Proof. By Lemma 1.6 \%F is an orthogonal matrix, so

F*X = F*Fi (77)
=7 (78)
0

As in the case of the Fourier series, the DFT coefficients of a shifted vector can be computed by
scaling linearly the DFT coefficients of the original vector.

Lemma 1.18 (Discrete time shift). We define the m-shifted version of a vector & € C"™ by

where the shift is circular, so that ¥ (j +n) = Z(j). For any shift m we have
Xy [K] = exp (—i2mkm) X [K] . (80)
Proof.
n—1
Xim) [k] = > T [j] exp (—i27kj) (81)
=0
n—1l—-m
= 2l exp (—i27k (I +m)) (82)
l=—m
— exp (—i2mkm) X [k]. (83)
]

Remark 1.19 (Connection between the Fourier series and the DFT). If & corresponds to samples
from a bandlimited function, as in Theorem 1.153, which are measured at the Nyquist rate, then the
DF'T coefficients of ¥ are equal to the Fourier series coefficients of the continuous function. This
follows from (51), since if we re-index the columns adequately (recall that Eﬁn = Ekn} for any k)
we have W = F*. The DFT, combined with the sampling period, consequently makes it possible
to compute the spectrum of continuous signals in practice!

Figure 8 shows the DFT of an electrocardiogram signal. Its frequency representation makes it
possible to locate and remove interference caused by the power-line system.

The DFT of a signal of length n can be obtained with complexity O (nlogn) by applying the fast-
Fourier transform (FFT) algorithm described below. It is difficult to overstate the importance of
this method, which makes it extremely efficient to compute the DFT. The algorithm relies on the
following lemma, which you will prove in the homework.

Lemma 1.20. Let W denote the n x n DFT matriz and assume that n is even. Then for
k<n/2

2k
W[n]f[k] =whAg [k] + exp (—z :LT ) w2z (K], (84)
] = /2] = 27K g2 =
WME [k +n/2) = WEE o, [k] —exp | — . WEE qq [K] - (85)

13



Data Spectrum
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Figure 8: Electrocardiogram data (top left), along with its spectrum (top right). We separate the
spectrum into a low-pass (blue) and a high-pass (red) region. The low-pass region corresponds to the
signal of interest (bottom left), whereas the high-pass component corresponds to power-line interference
(bottom right).
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Figure 9: W®) can be decomposed into even columns (blue) and odd columns (green). As we will see,
it is also useful to distinguish the top half (dark) from the bottom half (light).

Algorithm 1.21 (Fast Fourier transform). If n = 1, then set W& := Z. Otherwise apply the
following steps:

1. Compute WAz 0.
2. Compute WIMAZ 4.

3. Fork=1,2,...,n/2 set

12
Wiz k] .= WAz, . [k] + exp (—Z 7Tk) W44 (K], (86)
n
Wz 2y 27K\ 1)
W Ziny2 i= W S T gven [k] —exp | — p W=z qa [k] - (87)

In Figures 9 ,10, 11, 12 we visually depict the FFT algorithm for n = 8. Figure 13 shows the
recursion tree, which illustrates why the runtime is O(nlgn).

The DFT can be extended to two dimensions by considering two-dimensional sinusoidal atoms
obtained by taking the outer product of the one-dimensional discrete complex sinusoids of different
frequencies.

Definition 1.22 (Two-dimensional DFT). The 2D DFT M of a matriz M € C™" is given by

—~

MIK] = <M, E§3k2>, 0<hi ks <n—1, (88)

15
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Figure 10: The odd columns of W(®) can be calculated from the evens by scaling the rows.

Figure 11: The bottom and top half of the even columns are the same. Both are a DFT matrix of size
4=n/2.

X[0] [0 —2m<o>/8 1
)_('[2] x|4 e—2mi(2)/8 z|b
X|3] |6 e—2mi(3)/8 x|7
Z[0 o—2mi(4)/8 ZN

B Z[2 o—27i(5)/8 Z[3

= | T —2ri(6)/8 7[5

Z[6 o—2mi(7)/8 Z|7

Figure 12: The n = 8 FF'T calculation represented using only the dark blue portion of the matrix. The
reduces the n = 8 FFT to two calls ot the n =4 FFT and then O(n) work to combine the results.
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Figure 13: The recursion tree for the FFT.
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Figure 14: The logarithm of the magnitudes of the 2D DFT coefficients of the image on the left are
shown on the right.

where
72D 7] (70
Py ey 1= Ty (hk2) (89)
B 1 e@ o ei27rk275n—1)
i27mky 27 (k1 +kg) i2n (k1 +ko(n—1))
e n e n e n
= ) (90)
27k (n—1) 27 (k1 (n—1)+ko) 27 (k1 (n—1)+kg(n—1))
n e n ceee n
Equivalently,
M =WMW, (91)
where W = }_i([)"] }2[1"] e Eﬁl] is the 1D DFT matriz.

Figure 14 shows an image along with the magnitudes of its 2D DFT coefficients. As is often
the case for natural images, most of the energy is concentrated in the lower end of the spectrum.
Figure 15 shows the result of projecting different components of the spectrum of the image (see the
right image of Figure 14) onto the image domain. The low-pass component captures low-resolution
variations, the band-pass component higher-resolution details and the high-pass component high-
frequency fluctuations.

1.5 Compression

The discrete cosine transform (DCT) is a variant of the discrete Fourier transform for real discrete
signals. The DCT is obtained from the DFT by assuming that the signal is symmetric (but
only one half is observed). In that case the DFT components correspond to discrete cosines (the

18
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Figure 15: Image corresponding to the low-pass (left), band-pass (center) and high-pass (right) compo-
nents of the image in Figure 14. The corresponding regions of the spectrum are shown in Figure 14.
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Figure 16: 8 x 8 DCT basis vectors.
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Figure 17: Result of projecting each 64-pixel patch from the natural image in Figure 14 onto the lowest
1, 5, 15, 30 and 50 2D DCT basis functions.

4102

Figure 18: Average magnitudes of each 2D DCT coefficient in a database of patches extracted from
natural images.

coefficients corresponding to the sines are zero due to symmetry). The two-dimensional DCT is a
very important tool in image processing. Figure 16 shows the basis vectors of the 8 x 8 2D DCT.

One of the main reasons that the 2D DCT is so useful is that the energy of natural images are
highly concentrated in their low-frequency components. Figure 18 shows the average magnitudes
of each 2D DCT coefficient in a database of patches extracted from natural images. Figure 17
shows the result of dividing the image into 64-pixel patches and projecting it onto the span of the
low-frequency DCT basis functions. Ignoring some of the high-frequency components is almost
imperceptible. This is the main insight behind the JPEG method for lossy compression of digital
images. JPEG divides the image in 8 x 8 patches and then quantizes each band differently, using
more bits for lower-frequency bands where differences are more apparent.

Algorithm 1.23 (JPEG compression (for grayscale images)). 1. Choose a quality setting ) €
(0,100).

2. Divide image into a collection of 8 X 8 pixel patches.

20



16 11 10 16 24 40 51 61
12 12 14 19 26 58 60 55
14 13 16 24 40 57 69 56
14 17 22 29 51 87 80 62
18 22 37 56 68 109 103 77
24 35 55 64 81 104 113 92
49 64 78 87 103 121 120 101
7292 95 98 112 100 103 99 |

Figure 19: JPEG DCT Quantization Matrix

Figure 20: Natural image compared to the result of quantizing the lowest 16 DCT coefficients of each
patch, the highest 16 DCT coefficients of each patch and applying JPEG Compression with ¢ = 90
(which yields a compression factor of between 4 and 5).

3. Compute the 2D DC'T of each patch.

4. Quantize the 2D DC'T of each patch separately. Let P € R®® denote the 2D DCT of a patch
and let M denote the JPEG quantization matriz shown in Figure 77. Set

=, P
Pij = round (S(Q)Mz) S(Q>MZ]7 (92)
where S(Q) is the quality scaling factor:
W9 if Q > 50
S = 50 ’ 93
(@) {% otherwise. (93)

5. Encode into a file. When viewing, the decoder will compute the inverse 2D DCT of each
quantized patch P’ to display the image.

2 Convolution

2.1 Continuous convolution

Convolution between functions is a fundamental operation in signal and image processing.

21



Figure 21: Two functions f and g.

Figure 22: The result of convolving functions f and g from Figure 21.

Definition 2.1 (Convolution). The convolution of two functions f,g € Lo][—1/2,1/2] is defined
as

1/2

frg(t):= s fu)g(t—u) du. (94)

Figures 21, 22 and 23 illustrate the operation with a simple example. To compute the value of
the convolution between two functions at point ¢, we (1) fix one of them (f (u)), (2) flip and shift
the other by ¢ (¢ (t — u)) and (3) integrate their product.

Convolution in time (or space) is equivalent to multiplication in frequency. This implies that we
can compute convolutions very efficiently using the FFT.

Theorem 2.2 (Convolution in time is multiplication in frequency). Let r := f x g for f,g €
Lo]—1/2,1/2]. Then

Rk = F[KGK. (95)

22
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Figure 23: Position of the two functions in Figure 21 when they are multiplied to compute the value of
their convolution at 0.7 (left) and 2.3 (right).

Proof.
1/2
R[k] := / exp (—i27kt) f * g (¢) dt (96)
—1/2
1/2 1/2
= f(u) / exp (—i2mkt) g (t — u) dtdu (97)
~1/2 ~1/2
1/2
= f(u) G[k]exp (—i27ku) dtdu by Lemma 1.12 (98)
~1/2
= F[KGIH]. (99)
]

The convolution theorem shows that we can compute convolutions between continuous functions
by just multiplying their Fourier coefficients. It can also be used to prove the central limit theorem.

Example 2.3 (Sketch of a proof of the central limit theorem). The convolution theorem provides
insight into why the distribution of sums of independent random variables become Gaussian in
the limit.

Theorem 2.4 (Pdf of the sum of two independent random variables). The pdf of z = x+Yy, where
x andy are independent random variables is equal to the convolution of their respective pdfs fx

and fy,

L= [ femwhw d (100)
Proof. Note that
F,(2)=P(x+y<2) (101)
/ ) / fxy(z,y)dzdy (102)
[ [t padudy w=st+y) (103

= / / Fry(w = y,y) dy du, (104)
u=—00 J y=—00
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Figure 24: Result of convolving two different distributions with themselves several times. The shapes
quickly become Gaussian-like.
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where swapping the integrals is justified since the pdfs are nonnegative. Applying independence
shows

o= | T ey dy = / T A W) dy. (105)

oo oo

JAN

Now let us consider a sequence of iid random variables x;, x5, x3, ... with pdf f. The pdf of their
sum is given by

fog s (@) = (fxfx)(2). (106)

Convolutions have a smoothing effect, which eventually transforms the pmf/pdf into a Gaussian!
We show this numerically in Figure 24 for two very different distributions: a uniform distribution
and a very irregular one. Both converge to Gaussian-like shapes after just 3 or 4 convolutions.
The central limit theorem makes this precise, establishing that the shape of the pmf or pdf does
indeed become Gaussian asymptotically. A

2.2 Discrete convolution

Definition 2.5 (Discrete convolution). The circular convolution of two vectors T,y € C" is defined
as

n—1

Exljl=> Emlgli-m], 0<j<n-1, (107)

=0

(108)

where the shifts are circular, so that Z[j] = Z[j +n| and §[j] =y [j + n].

Circular convolution can be expressed as multiplication with a convolution matrix.

Definition 2.6 (Convolution matrix). The convolution matriz corresponding to a vector ¥ € C"
contains every possible shift of the entries of i in its rows

glop — yln—1] - gl2] y[1]
yln=1] gln—2] --- y[1] 7[0]

Matrices with this structure are called circulant matrices. Assuming that the vectors entries are
numbered from 0 to n— 1, the convolution between y and any other vector ¥ € C™ can be expressed
as

T = CyT. (110)

Theorem 2.7 (Convolution in time is multiplication in frequency). Let 77 := Z *x ¢ for &,y € C".
Then

Rkl =X [k]Y [K]. (111)
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Proof.

R[k] := y exp (—i2wky) ; Zm] gy —m] (112)
= Z Z exp (—i2wkj) y[j — m] (113)
= T Z[m] exp (—i2rkm) Y [k] by Lemma 1.18 (114)
- }_[/@] Y [K]. (115)

[]

Let Ay contain the DEFT of an arbitrary vector ¢ € C". We can express the convolution of ¢ with
any vector ¥ € C" as

Cy=Tx7q (116)
lW*A X (117)

n

1
~WIAGWE. (118)

This immediately implies that the discrete sinusoids in the columns of the DFT matrix are eigen-
vectors of the convolution matrix.

Corollary 2.8 (Eigendecomposition of circulant matrices). A circulant matriz Cy corresponding
to a vector i has an eigendecomposition of the form

1
Cy= ~WA;W. (119)

Convolution can be extended to two dimensions by using 2D shifts.

Definition 2.9 (Two-dimensional discrete convolution). The circular convolution of two matrices
My, My € C™™™ 4s defined as

n—1 n—1

My x My [7,1] ZZMlmuMg[]—ml—u] (120)

m=0 u=0

where the shifts are circular, so that M [j,1] = My [j +n,l + n].

In two dimensions, convolution is again equivalent to multiplication in the 2D DFT domain. We
omit the proof, which is similar to the one for the 1D case.

Theorem 2.10 (Convolution in space is multiplication in frequency). Let R := M x My for
My, My € C™™™, Then

R[ky, ko) = My [k, ko] My [y, ko] . (121)
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Spectrum

Figure 25: The top row shows a natural image (left), a blurring kernel (center) and the corresponding
blurred image (right). The bottom row shows the magnitudes of the 2D DFT coefficients of the three
images on a logarithmic scale.

2.3 Wiener deconvolution

In imaging, the resolution of lenses is limited by diffraction. If the resolution is low with respect to
the number of pixels in the image, this is perceived as blur. A simplified model for a blurred image
B is the convolution of the high-resolution images, which we represent by a matrix X € R"*",
and a convolution kernel K € R™ " that depends on the optical system

B=KxX. (122)

In the frequency domain, the 2D DFT of the image equals the product between the DFTs of the
high resolution image and the convolution kernel

B=KoX, (123)

where o denotes the Hadamard or entry-wise product. Figure 25 illustrates this model with an
example. In the frequency domain, we can see how the high-end of the spectrum of the image is
suppressed by the filter. Recovering the high-resolution image from these data is easy. We just
need to invert the action of the kernel,

)?est = [?dec o S} (124)

where the spectrum of the deconvolution kernel is the inverse of the spectrum of the convolution
kernel

~ 1
Kdec[klakZ] ==

— 0<kLk<n-—1, (125)
Kdec[klakZ]
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Figure 26: The top row shows a blurred image (left), a deconvolution kernel obtained by inverting the
spectrum of the convolution kernel K in Figure 25 (center) and the corresponding deconvolved image
(right). The bottom row shows the magnitudes of the 2D DFT coefficients of the three images on a
logarithmic scale.
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assuming that it is nonzero everywhere. Figure 26 shows that this scheme works perfectly on our
simulated data. The deconvolution filter amplifies the high-frequency components to undo the
effect of the convolution kernel.

Unfortunately, real data always contain noise. We take this into account by incorporating a noise
term to our model

Buoisy = K * X + Z, (126)

where Z € R™ ™ represents the noise. Figure 27 shows the noisy data. As opposed to the
image, which has most of its energy concentrated in the low frequencies, the energy in the noise is
distributed uniformly across all the spectrum. This is not surprising, since the noise is iid Gaussian
and the 2D DFT is an orthogonal transformation (up to a constant). By Theorem 2.3 in Lecture
Notes 3, the DFT of the noise is consequently also Gaussian with a unit covariance matrix, so
that the variance of each corresponding frequency coefficient is the same.

What happens if we apply our deconvolution scheme to the noisy blurred image? The result is
catastrophic, as you can see in Figure 28. The reason is obvious when we look at this in the
frequency domain. The high-end of the spectrum of the noisy blurred image is dominated by
the noise. The deconvolution filter amplifies this high-frequency noise drowning out the actual
image! In order to avoid this effect while deconvolving it is necessary to take into account the
ratio between the noise level and the signal level at each frequency. Wiener filtering is a principled
way of doing this if we can have a prior estimate of the spectral statistics of the signal and the
noise.
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Figure 27: The top row shows a blurred image (left), additive Gaussian noise (center) and the corre-
sponding noisy blurred image (right). The bottom row shows the magnitudes of the 2D DFT coefficients
of the three images on a logarithmic scale.
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Figure 28: The top row shows a noisy blurred image (left), a deconvolution kernel obtained by inverting
the spectrum of the convolution kernel K in Figure 25 (center) and the corresponding deconvolved image

(right). The bottom row shows the magnitudes of the 2D DFT coefficients of the three images on a
logarithmic scale.
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The version of Wiener filtering that we present here makes the assumption that the DFT coef-
ficients of the image and of the noise are uncorrelated. However, the method can be adapted
to the case where the correlations are known. Let us model each DFT coefficient of the signal
and the noise as random variables with known means and variances. For simplicity, we subtract
their respective means, so that both random variables have zero mean. This makes it possible to
interpret the random variables as vectors in the vector space of zero-mean random variables.

Theorem 2.11 (Vector space of zero-mean random variables). Zero-mean complez-valued random
variables form a vector space with the usual summing and multiplication operations. The zero
vector is the random variable that equals one with probability one.

Proof. If two random variables have zero mean, any linear combination of the variables also has
zero mean because of linearity of expectation. O]

The covariance between two random variables is a valid inner product in this vector space, which
means that uncorrelated random variables are orthogonal.

Theorem 2.12 (Inner product for zero-mean random variables). The covariance

(x,y) = Cov (x,y) (127)
=E(xy) (128)

15 a valid inner product in the vector space of zero-mean random variables. The corresponding
inner-product norm is the variance,

][, = Var (x) (129)

Proof. This follows directly from linearity of expectation and the assumption that all the random
variables are zero-mean. The fact that (x,x) = 0 implies x = 0 with probability one follows from
Chebyshev’s inequality. In more detail, if ||x[|, , =0, for any € > 0

Var (x)

2

P (x| > ¢) < ~0 (130)

€

so x with probability one. O

The problem of estimating each DFT coefficient from the measured DFT coefficients now boils
down to estimating a zero-mean random variable x given a measurement of the form

y =ax+ z (131)

where a represents the value of the DFT coefficient of the convolution kernel. The following
theorem derives the best linear estimate of x given y assuming that the signal and the noise are
uncorrelated.

Theorem 2.13 (Linear estimation). Let

y =ax+ z (132)
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where a 1s a known constant and x and z are uncorrelated zero-mean random wvariables with
variances o2 and o2 respectively. The linear estimate of X given 'y

XMMSE (= Wy (133)
that minimizes the mean square error
E ((X - XMMSE)z) (134)
s given by
aoly
XMMSE = [aPo? + o2 (135)

Proof. We need to find the vector x in the span of y that minimizes
Ix =%, = VE((x—%)7). (136)

By basic linear algebra, this is just the orthogonal projection of y onto x! The projection is given
by

y y
Ps an X=X, (137)
peny) < [yl <.,>> ¥1l.y

This implies that

1
w = x, — (138)
HYH<.,.> |yl ()

_ (x,ax +z) (139)
===
|lax + z|[,_,
— 2 —
al||lx|l;. ., ta(X,z
_ Il 2< ) (140)
|lax + z][,_,
allx|[,
= I 5 by orthogonality and the Pythagorean theorem (141)
lal? (1]}, + [12l[7..,
= 2
aoz
= —|a|203< et (142)
O

Wiener filtering consists of estimating the statistics of the signal and the noise, and then applying
the best linear estimate at each frequency coefficient. In this version of the method we assume
that the DF'T coefficients of the signal and noise are all uncorrelated and that the noise has zero
mean.

Algorithm 2.14 (Wiener filtering). Given a noisy blurred image Byoisy € R™ ™ and a kernel
K € R™™ apply the following steps:
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Figure 29: The top row shows a blurred image (left), the Wiener filter obtained by applying Al-
gorithm 2.14 (center) and the corresponding deconvolved image (right). The bottom row shows the
magnitudes of the 2D DFT coefficients of the three images on a logarithmic scale.

1. Estimate the variance of each 2D DFT coefficient of the noise oz [k, kQ]Q.

2. Estimate the mean px k1, ka| and variance ox [k, /{:2]2 of each 2D DFT coefficient X (1, ko]
of the image using a database of images.

3. Compute the 2D DF'T coefficients of the noisy blurred image Enoisy and the kernel K .

4. For0 <ki, ko <n-—1

o (Center Enoisy[krl, k] by subtracting I?[/cl, kolpx [k1, ko).

o Set

Wik, ko := —
. o) \K[ky, ko] |ox [k, ko]

K[ky, ks)ox [ky, ko)

2 + (A4 [kl,kg]2

Xw = pux [k, ko] + Wk, k2] Buoisy [k1, ko] -

5. Compute the inverse 2D DFT of Xy .

Figure 29 shows the result of applying Wiener filtering to our running example.
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Figure 30: The goal of spectral super-resolution is to estimate the frequencies of a multisinusoidal signal
like the one on the left from the finite samples shown on the right.

3 Spectral Super-resolution

3.1 The spectral super-resolution problem

The aim of spectral super-resolution is to estimate the components of a multisinusoidal signal from
finite data. This problem arises for example in radar, radio telescopy and other applications where
we want to determine the direction of arrival of a propagating wave using an array of sensors. Here
we will look at a basic version of the problem. Consider a multisinusoidal signal of the form

9(t) = > elilexp (~i2n ). (145)

which is the weighted sum of s complex sinusoids. The goal of spectral super-resolution is to
estimate the frequencies fi, f2, ..., fs and the corresponding complex-valued amplitudes ¢[1],
c[2], ..., €[s] from a finite number of samples of g, as illustrated in Figure 30 (in the figure the
amplitudes are real for ease of visualization). We assume that the frequencies lie in a unit interval,
for example in [—1/2,1/2] and the samples are measured at integer values from —(n — 1)/2 to
(n—1)/2 (n is assumed to be odd to simplify the exposition).

One can model the spectrum of g as spikes with amplitudes ¢y, co, ..., ¢, located at the frequencies
f1, f2, .., fs. To make this mathematically precise, we introduce the Dirac measure.

Definition 3.1 (Dirac measure). A Dirac measure ;) is a measure associated to a point T, which
assigns a value of one to sets that contain T and zero to sets that do not,

e () = {1 yres, (146)

0 otherwise.

Even though it is often called a Dirac delta function, the Dirac measure is not a function. It can
however be interpreted as a distribution or a generalized function such that for any function h we

have
[ ) ) = {h“) yres, (147)

0 otherwise.
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Although a rigorous justification is beyond the scope of these notes, one can define the Fourier
series of a distribution and in particular of a Dirac measure. The coefficients are obtained by
integrating the complex sinusoidal atoms hy, k € 7Z, against the measure. We can now interpret
the spectral super-resolution problem as that of estimating the support of the measure

Hg =)l (148)

j=1

from a finite subset of Fourier coeflicients

/2 1/2
[ Iy (dw = Yol [ ety (du) (149)

1/2 =1 1/2
=) " éljlexp (—i2nkf;) (150)
j=1
—1 —1
—g(k), -~ <k< (151)

In the next section it will become apparent why this is a super-resolution problem.

3.2 The periodogram

In order to estimate the frequencies of g from the available samples, we can compute the truncated
Fourier series of the measure p,. This is known as the periodogram in the signal processing
literature.

Definition 3.2 (Periodogram). The periodogram of a vector of data y € C™ is defined as

n—1

Pyu):= Y gk h(u), (152)

—_n—-1
k= 2

where hy is a complex sinusoid with integer frequency k and the entries of the data are numbered
from —(n—1) /2 to (n— 1) /2 for ease of exposition.

The periodogram can be interpreted as the convolution between a Dirichlet kernel with cut-off
frequency (n — 1) /2 and the measure p,.

Lemma 3.3. The periodogram of g (—(n — 1) /2), ..., g ((n — 1) /2) where g is the multisinusoidal
function defined by equation (145) equals

P, (u) = Z lildy,) (u) . (153)

j=1

Proof. By Definition 1.10 and Lemma 1.12 the Fourier coefficients of a Dirichlet kernel with cut-off
frequency (n — 1)/2 shifted by f are equal to

Dy ] = {exp(—i27rkf) if k| < (n—1)/2 (1540

o otherwise.

34



This implies that the samples

S

—1 —1
Z D[f] _n2 Skﬁnz ) (155)

J=1

are exactly equal to the Fourier coefficients of the periodogram, so that

Py (u) = i g (k) hy (u) (156)
=2l D Digy K] b (w) (157)
=2 clildiy (u). (158)

]

Recall that the width of the main lobe of a Dirichlet kernel is inversely proportional to its cut-off
frequency, which in this case equals (n — 1)/2. As we gather more samples, the widths become
narrower and narrower, revealing the location of the frequencies of interest. The resolution at which
we observe the spectrum i, is consequentially tied to the number of data. This is illustrated in
Figure 31.

Computing the periodogram does not solve the super-resolution problem, it just allows to visualize
a lower resolution version of p,. If the frequencies fi, ..., fs are far apart, the local maxima of
P are a good indication of their location. The problem with this approach is that the side
lobes corresponding to large amplitudes may mask the presence of smaller spikes. As a result,
the periodogram is not very useful if the spikes are not far enough from each other or if their
amplitudes differ substantially, even if no noise is present in the data. The image at the center of
Figure 32 illustrates this: detecting some of the lower-amplitude spikes from the periodogram is
impossible.

In order to alleviate the interference caused by the side lobes of the Dirichlet kernel, one can
window the data before computing the periodogram.

Definition 3.4 (Windowed periodogram). Let us define a bandlimited window function w with
Fourier coefficients W [k] that are only nonzero if |k| < (n —1)/2. The windowed periodogram of
a vector of data vy € C" is defined as

= Y WIklg k) h(u). (159)

Following the exact same reasoning as in the proof of Lemma 3.3,

s

P, (u) = Z c [flwry, [u] - (160)

j=1

35



12

10

Data

20

15

10

Y }
@

-e

. .\.o.\,....\ .
-9

R S

\\\\\\ ® -

°

e )

20 25 30 35 40

15

10

Periodogram

40

30

20

10

Periodogram (left) and corresponding samples (right) for different numbers of measurements
36

(increasing downwards). In the limit where n x oo the frequencies are completely resolved.

Figure 31



—— Data — Window function
—— Windowed data

— Signal (magnitude)
—— Periodogram

—— Signal (magnitude)
—— Windowed periodogram

P,

Figure 32: Data before (top left) and after applying a window function (top right). No noise is added to
the data. Below we see the periodogram (center) and windowed periodogram (bottom) computed from
the data. The scaling of the periodograms is set so that both the large and small peaks can be seen on
the plot.
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Figure 33: Periodogram (left) and windowed periodogram (right) for two signals with identical ampli-
tudes but different minimum separations.

where w denotes the inverse Fourier transform of the window function. Ideally, w should be as spiky
as possible to make it easier to locate the frequency locations from the windowed periodogram.
However, this is challenging due to the constraint that @ has finite support and hence w is a
low-pass function.

In the image on the top right of Figure 32 we apply a Gaussian window to the data. To be more
precise, we set W to be a truncated Gaussian, so that w is also approximately Gaussian. The
resulting periodogram, shown at the center of Figure 32, has much less spectral leakage from the
largest signal components, due to the fact that the Gaussian window has lower side lobes than
the periodized sinc. However, the latter is spikier at the origin, which allows to better distinguish
neighboring spikes with similar amplitudes. In general, designing an adequate window implies
finding a good tradeoff between the width of the main lobe and the height of the side lobes. We
refer the reader to [2] for a detailed account of design considerations and types of window function.

3.3 Prony’s method

Prony’s method solves the spectral super-resolution problem exactly in the absence of noise by
encoding the position of the s frequencies of interest as the zeros of a trigonometric polynomial of
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order s. The following theorem shows that such a polynomial always exists.

Theorem 3.5 (Prony polynomial). Given any set of frequencies fi, fa, ..., fs in the unit interval,
there exists a nonzero complex polynomial of order s

p(z) = ZP[/@]Z’“, (161)

which we call a Prony polynomial, such that its s roots are equal to exp (27 f1), exp (27 fs), ...
exp (21f,)

Proof. Consider the polynomial
p(z) =[] (1 —exp (—i2nf;) 2). (162)

If we expand the product, we have

p(z) =1+ Pk 2* (163)
k=1
for some P[1], ..., P[k]. Since p(0) = 1, the polynomial is nonzero and by the fundamental
theorem of algebra it has at most s roots. By construction,
plexp (i27£;)) = 0 (164)
for 1 < j < s, which establishes the result. ]

If we are able to compute such a polynomial, then finding its roots immediately reveals the
frequencies of interest. Prony’s method consists of building a system of linear equations from the
available data, such that its solution is equal to the coefficients of the Prony polynomial. The
following theorem shows how to build the system.

Theorem 3.6 (Prony system). Let P[k] denote the kth coefficient of the Prony polynomial defined

in Theorem 3.5 and let g be the multisinusoidal function defined by equation (145), for any integer
b

iP[Z]g[l — b =0 (165)
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Proof.

S Pligll b = ZP / Fi (g (du) by (151)

1=0 —1/2

1/2 s
= / exp (i2wbu) Z Pl exp (—i27lu) py (du)

1/2 1=0
1/2
= / exp (i2mbu) p (exp (—i27mu)) g (du)
~1/2

— Z clj) exp (i2wbf;) p (exp (—i2n f;))

=0.

(166)

(167)

(168)

(169)

(170)

[]

Notice that equation (165) only involves samples of g between —b and s — b. Prony’s method
consists of setting up enough such equations in a system so that the solution yields the coefficients

of the Prony polynomial, which can then be used to estimate the frequencies.

Algorithm 3.7 (Prony’s method). The input is the number of frequencies s that we aim to

estimate and 2s + 1 uniform samples of multisinusoidal function defined by equation (145).

1. Form the system of equations

g(1) 9(2) 9(s) 9(0)
9(0) g(1) gs=D| g_ _| 9(=1) |
g(=s+2) g(—=s+3) g(1) g(=s+1)

where P € Cs.
2. Solve the system to obtain P.

3. Root the polynomial

to obtain its s roots z1, ..., Zs.

(171)

(172)

4. For every root on the unit circle z; = exp (12n7) include T in the set of estimated frequencies.

This procedure is guaranteed to achieve exact recovery of the original signal. This implies that
in a noiseless scenario spectral super-resolution is achieved using only n = 2s + 1 measurements,
which is essentially optimal since we need to estimate 2s free parameters (the s frequencies and

the corresponding amplitudes).
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—— Prony polynomial (magnitude)

SNR = 140 dB

—— Signal (magnitude)
—— Prony polynomial (magnitude)

Figure 34: Prony polynomial applied on noiseless data (left). The image on the right shows the effect
of adding a very small quantity of noise to the data. The roots of the polynomial no longer coincide with
the frequencies of the original signal. Note that the vertical axis is scaled differently in the two images.

Lemma 3.8. In the absence of noise, Prony’s method recovers the frequencies of a multisinusoidal
function of the form (145) exactly.

Proof. The coefficients of the polynomial (161) are a feasible solution for the system of equa-
tions (171). In fact, they are the unique solution. To show this we compute the factorization

9(1) 9(2) 9(s)
0 1 s—1
9(0) g9(1) gls =1)| _ (173)
9(=s5+2) g(=s+3) 9(1) |
[ e~ i2mf1 e~ 2 f2 e—i2mfs | _5[1] O --- 0 | _1 e i2mfr L. @*127?(5*1)]‘1—
1 1 . 1 0 ¢C[2] -~ 0 | |1 ei2nf2 e~ 2r(s=f2
e—i27r(2—s)f1 e—i27r(2—s)f2 6—7227r(2—5)fS 0 0 . E[S] 1 6—7L27rfS . e—i27r(s—1)f5

The diagonal matrix is full rank as long as all the coefficients ¢[j] are nonzero, whereas the two
remaining matrices are full rank by the following lemma, proved in Section 4.1 of the appendix.

Lemma 3.9 (Vandermonde matrix). For any distinct set of s nonzero complex numbers z1, zo, . . . , Zs
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and any positive integers my, mo, s such that mg — my + 1 > s the Vandermonde matrix

mi mi . mi
21 Z2 Zs
mi+1 mi+1 mi+1
Zl 2’2 ) ZS
mi1+2 mi1+2 mi1+2
2 2y s 2t (174)
m2 m2 mo
! <2 s

s full rank.

As a result, the matrix in (171) is full rank, so the system of equations has a unique solution equal
to (161). This completes the proof. O

Unfortunately, Prony’s method as presented above cannot be applied to real data even if the
signal-to-noise ratio is exceptionally high. The image on the left of Figure 34 shows how the
Prony polynomial allows to super-resolve the spectrum to very high accuracy from noiseless data.
However, on the right we see the result of applying the method to data that have a very small
amount of noise (the ratio between the ¢; norm of the noise and the noiseless data is around
1078!). The roots of the Prony polynomial are perturbed away from the points of the unit circle
that correspond to the true frequencies, so that it is no longer possible to achieve accurate spectral
super-resolution. It is consequently necessary to adapt the method to deal with noisy data if there
is to be any hope of applying it in any realistic scenario. This is the subject of the following
section.

3.4 Subspace methods

In this section we consider the spectral super-resolution problem when noise is added to the data.
First, we will generalize Prony’s method so that it can use more data than just 2s 4+ 1 samples.
Applying Prony’s method is equivalent to finding a nonzero vector in the null space of Y (s + 1)T,
where Y (m) is defined for any integer m as the Hankel matrix

gop gl - gn—m]
Yy (m) — g[l] 5[2] T ?j[n -—m+ 1] : (175)
gm=1 gm] - yln-1]
where
glkl =g(-k+1) 0<k<n. (176)

The vector in the null space of Y (s + 1)T corresponds to the coefficients of the Prony polynomial,
which we can root to find the frequencies of g.
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In the absence of noise, Y (m) can be decomposed in the following way

1 0 e 0 C_’:O:n—m (fl)T
0 Co e 0 aO:n—m (f2)T
Y (m) - [JO:m—l (fl) dO:m—l <f2) e C?O:m—l (fs)

0 0 Cs 60:n—m (fs)T

= Apm 1 C AL, (177)
where for £ > 0 we define
T

do.x (u) == [1 exp (—i2mu) exp (—i2m2u) --- exp(—i27ku)| , (178)
Aot 1= |dos (1)) o () - dou (1)) (179)

This decomposition suggests an alternative way of estimating the spectrum from Y (m): finding
sinusoidal atoms @p.;,,—1(u) that are in the column space of Y (m + 1). Lemma 3.10 below proves
that the only atoms of this form that belong to the column space of Y (m) are precisely @o.m—1 (f1),

60:m71 (f2)7 sty d‘O:mfl (fs)

In order to apply the same idea in the presence of noise, where
ylk] = g(—k + 1) + z]k| 0<k<n, (180)

for some additive perturbation 2z, we check what atoms are close to the column space of Y (m).
To quantify this we compute the orthogonal complement N of the column space of Y (m) and
construct the pseudospectrum

1
® 1Py (Gom1(w)]

where Py denotes a projection onto A. If an atom is almost orthogonal to A then Py will have
a very large value at that point.

Py(u) = lo _, (181)

The following lemma shows that the maxima of the pseudospectrum reveal the frequencies of
interest of the signal in the noiseless case.

Lemma 3.10. Let N be the null space of the empirical covariance matriz 3 (m) for m > s. Then

Py(fj) =00, 1<j<s, (182)
Py (u) < o0, foru ¢ {fi,...,fs}. (183)
Proof. By (177) the atoms do.m-1(f1), - - -, @o.m—1(fs) span the column space of Y (m) and X (m).

As a result they are orthogonal to the null space N of the empirical covariance matrix, which
proves (182).

We prove (183) by contradiction. The atoms do.m—1(f1), ---, Go.m—1(fs) span the orthogonal
complement to A. As a result, if @p.,,_1(u) is orthogonal to N for some u then ., 1(u) is in
the span of @o.n_1 (f1), -+, @o:m—1 (fs). This would imply that AT~ (T'U {u}) is not full rank,
which can only hold if u € {fi,..., fs} by Lemma 3.9. O
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No noise SNR = 140 dB

v U

Figure 35: Pseudospectrum corresponding to the data used to construct the Prony polynomials in
Figure 34. The true frequencies of interest are marked with red circles.

Figure 35 shows the pseudospectrum corresponding to the data used to construct the Prony
polynomials in Figure 34 when n = 2s 4+ 1. In the noiseless case, the pseudospectrum achieves
exact super-resolution. Unfortunately, the locations of the local maxima are severely perturbed
by even a very small amount of noise.

The subspace N is the null space of the empirical covariance matrix

5 (m) = n_;mﬂyy* (184)
R 1
:n_—mHZ y[‘7..+.1] Gl g+ - yi+m—1]. (185)
=0 ylj+m—1]

In order to obtain an estimate that is more robust to noise, we can average over more data. If
we fix m and increase n, the column space of ¥ (m) remains the same, but the averaging process
will cancel out the noise to some extent. This is the principle underlying the multiple-signal
classification (MUSIC) [1,4].

Algorithm 3.11 (Multiple-signal classification (MUSIC)). The input is the number of frequencies
s, the data y, which are assumed to be of the form (180) and the value of the parameter m > s.

1. Build the empirical covariance matriz ¥ (m) defined in (184).

2. Compute the eigendecomposition of X (m) to select the subspace N corresponding to the m—s
smallest singular values.

3. Output an estimate of s estimated frequencies by locating the s highest peaks of the pseu-
dospectrum

1
Py(u) =1 : 186
N(u) o8 |7D./\/ (60:m71> |2 ( )
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SNR = 40 dB SNR =1dB

Figure 36: Pseudospectrum constructed by the MUSIC algorithm with n = 81 and m = 30 for the same
signal used in Figure 34 and different noise levels. The true frequencies are marked with red circles.

By Lemma 3.10, in the absence of noise MUSIC achieves perfect super-resolution. When additive
Gaussian noise is present in the data, MUSIC is much more robust than Prony’s method. Figure 36
shows the result of applying MUSIC algorithm with n = 81 and m = 30 to the same data used
in Figure 34 and different noise levels. The method is able to super-resolve the frequencies at a
noise level of 40 dB. At 1 dB the pseudospectrum does not detect the smaller spikes (the true
magnitudes are shown in Figure 34), but the estimate for the rest is still rather accurate.

In order to provide a theoretical justification of why MUSIC is stable we study the method in an
asymptotic regime where the two following assumptions on the signal and the noise are met:

e Assumption 1: Consider the amplitude and phase of each coefficient in the multisinusoidal

signal g:

cdj] = ajexp (ig;),  1<j<s, (187)
We model the phases ¢, ..., ¢ as independent random variables that are uniformly dis-
tributed in [0,27]. The amplitudes a4, ..., as can be arbitrary and deterministic. This

implies that E (c[j]) = 0 and that the covariance matrix equals

Oé% 0O --- 0
2 .« e .
Blee=s:= | %2 U (188)
0 0 -.- ao?

e Assumption 2: The noise in the measurements (180) is Gaussian with zero mean and
covariance matrix oI, which is also independent from the signal.

In summary, we model the data as an m-dimensional random vector of the form

¥ = Agm_1 €+ Z, (189)
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where Z is Gaussian with mean zero and covariance matrix o>I. The following theorem, proved in
Section 4.2 of the appendix, derives the covariance matrix of y.

Theorem 3.12. Let ¥ be an m dimensional vector of data satisfying Assumptions 1 and 2. The
SVD of the covariance matrix of ¥ is equal to

S+, 0 }[Usl 190)

E [yy*] = [US UN} 0 UQ]n—s UX/

where S is a diagonal matriz containing the singular values of The singular vectors are divided
mto two unitary matrices.

o Us € C™**® contains an orthonormal basis of the signal subspace which corresponds to the
span Of a)O:m—l (fl); ey C_L’O:’rn—l (fs)

o Uy € C™(m=%) js q unitary matriz spanning the noise subspace, which is the orthogonal
complement of the signal subspace.

This theorem provides a rather intuitive interpretation of the MUSIC algorithm. The SVD of
the covariance matrix of the data allows to estimate a signal subspace and a noise subspace.
As a result, the term subspace methods is often used to describe MUSIC and related algorithms.
Computing the pseudospectrum from these subspaces allows us to locate the support of the signal.

In practice, we approximate the covariance matrix using the empirical covariance matrix X (m)
defined in (184). Asymptotically, if we fix s and m and let n — oo, 3 (m) converges to the true
covariance matrix (see Section 4.9.1 in [5]). However that this does not necessarily imply that
MUSIC will allow to find the support! To ensure that we can actually identify the noise subspace
correctly, the singular values in the matrix S must all be large with respect to the variance of the
noise o2. In the case of signals that have a small separation between the frequencies (with respect
to n), some of these singular values may be small due to the correlation between @g..,,—1 (f1), - - -,

C_iO:m—l (fs)

Figure 37 compares the performance of MUSIC for different noise levels and different values of
the parameter m. On the left column, we see the decay of the singular values of the empirical
covariance matrix. At high signal-to-noise ratios (SNR) there is a clear transition between the
singular values corresponding to the signal subspace (in this case s = 7) and the noise subspace, but
this is no longer necessarily the case when the noise is increased. On the right column, we see the
performance of the algorithm for different values of the SNR and the parameter m. At relatively
high SNRs MUSIC is an effective algorithm as long as the assumptions on the signal (random
phases), noise (Gaussian) and measurement model (equispaced time samples) are satisfied. In
Figure 38 we show the result of running the algorithm for the wrong value of the parameter s.
If the value is not too different to s and the SNR not too low, the method is still capable of
approximately locating the frequencies.
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Singular values of (m)

MUSIC estimate
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Figure 37: Singular values of the empirical covariance matrix ¥ (m) used by MUSIC (left) and corre-
sponding estimates (right) for different values of the parameter m and of the SNR. The cardinality of the
true support is s = 7.

47



SNR =21 dB SNR = 21 dB

I 7 T

x  Original x
m=3_8 x  Original
o m=12 o m=12
m = 16 g X m = 16
1 1 | | | | | 1 1
0.35 0.4 0.45 0.5 02 03 04 05 06 07 08

Figure 38: Line-spectra estimates obtained by Root MUSIC when the estimated number of sources is
equal to s — 1 (left) and s+ 1 (right) for the same data as in Figure 37.

4 Proofs

4.1 Proof of Lemma 3.9

Let us define

1 1 1
21 22 Zs
o 2 2 2
Zo= 2 oz e 22 (191)
2 sl zs1

The determinant of the first s rows of our matrix of interest is equal to

ZI [T z= [I -2 [] «#0 (192)

1<i<s 1<j<k<s 1<i<s

This implies that the first s rows are linearly independent and consequently that the whole matrix
is full rank.

4.2 Proof of Theorem 3.12

Due to the assumptions,

E[y¥*] = E [Apm_1CC* A}, | + Aon_1CZ" + ZC* A, | + ZZ"] (193)
= Aom 1 E[CC] gy + Ao B[] E[27] + E[z] E[¢"] Ag,,,, , + E[227] (194)
= Agm_15:A5,,_ 1 + 0. (195)
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The matrix Ag.,—15z45.,—1 i symmetric and has rank s. It therefore has a singular value decom-
position of the form

A O] |UX
Agm-15eAs,1 = |Us U] . Uf , (196)
N

where Ugs and Uy are as defined in the statement of the theorem.

To complete the proof, we decompose the identity matrix using Us and Uy to obtain

E [yy*] = AO:mflsé’Aa(k);m_l + 02[ (197)
A O] |US ol 0 Us

— |vs U] +|us vy . (198)
o| |y 0 o |Ug
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Optimization-based data analysis Fall 2017

Lecture Notes 5: Multiresolution Analysis

1 Frames

A frame is a generalization of an orthonormal basis. The inner products between the vectors in a
frame and an arbitrary vector preserve the inner-product norm of the vector.

Definition 1.1 (Frame). Let V be an inner-product space. A frame of V is a set of vectors
F = {Uy, ¥, ...} such that for every & € V

2 S o2 2
crllzlliy < D WZ D < eollolly . (1)

veEF

for fized positive constants cy > ¢, > 0. The frame is a tight frame if cp, = cy.

A direct consequence of the definition is that frames span the ambient space.

Lemma 1.2 (Frames span the whole space). Any frame F = {0y, 0, ...} of a vector space V
spans V.

Proof. Assume that there exists a vector i that does not belong to the span, then Ppan(in,n,...)* 7
O

is nonzero and orthogonal to all the vectors in the frame and cannot satisfy (1).

Orthonormal bases are examples of frames. They are frames that contain a minimum number of
vectors.

Lemma 1.3 (Orthonormal bases are tight frames). Any orthonormal basis B := {51, 52, .. } of a

vector space V s a tight frame.

Proof. For any vector & € V, by the Pythagorean theorem

2

ben )
:Z‘<f,g>2 ; j_) (3)
beB ’
:Z‘<f,5>2. (4)
beB



The operator that maps vectors to their frame coefficients is called the analysis operator of the
frame.

Definition 1.4 (Analysis operator). The analysis operator ® of a frame maps a vector to its
coefficients in the frame representation

® (Z) [k] = (Z, V) - (5)
For any finite frame {¥1,0s,... v} of C* the analysis operator corresponds to the matrix
v
Fee|® (6)
U,

In finite-dimensional spaces, any full rank square or tall matrix can be interpreted as the analysis
operator of a frame.

Lemma 1.5 (Frames in finite-dimensional spaces). A set of vectors {v, Vs, ..., Uy} form a frame
of C™ if and only the matriz F defined by equation (6) is full rank. In that case,

Cu = 0%7 (7
L = 0-1217 (8)

where oy s the largest singular value of F' and o, is the smallest.

Proof. By Theorem 2.7 in Lecture Notes 2, for any vector ¥ € C"

m

=112 - =\ 2
on S |IF&|; =) (#,5)" <of. (9)

=1

O

To recover a vector from its frame coefficients, we need to invert the action of the analysis operator.
In finite dimensions this can be achieved using the pseudoinverse of the corresponding matrix.

Lemma 1.6 (Pseudoinverse). If an nxm tall matriz A, m > n, is full rank, then its pseudoinverse

At = (A A) T A (10)
is well defined, is a left inverse of A
ATA=1 (11)
and equals
Al =VSTU~, (12)

where A = USV™ is the SVD of A.



Proof.

Al = (44" A (13)
= (VSU*USV*A) ' VSU* (14)
— (VS visu (15)
=VSV*VSU* (16)
=VsSu, (17)

where S72 and S~! are diagonal matrices containing 0;2 and crj_l in the jth entry of the diagonal,

where o; denotes the jth singular value of A. These matrices are well defined as long as all the
singular values are nonzero, or equivalently A is full rank. In that case,

ATA =VvS-tuvusv* (18)

=1 (19)

O

Corollary 1.7 (Recovering the signal). Let ¢ be the representation of a vector T in terms of a

frame {U1, Vs, ..., U} of C". Then applying the pseudoinverse of F recovers the signal from the
coefficients

i=F'é (20)

2 Short-time Fourier transform

The motivation to consider frames instead of bases is that they often make it possible to build
signal decompositions that are more flexible. An important example is the short-time Fourier
transform (STFT). Frequency representations such as the Fourier series and the DFT provide
global information about the fluctuations of a signal, but they do not capture local information.
However, the spectrum of speech, music and other sound signals changes continuously with time.
The STFT is designed to describe these localized fluctuations. It consists of computing the fre-
quency representation of a time segment of the signal, extracted through multiplication with a
window.

Definition 2.1 (Short-time Fourier transform). The short-time Fourier transform (STFT) of a
function f € Lo[—1/2,1/2] is defined as

STFT {f} (k,7) := v f)w(t—r1)e 2™ qt, (21)
—1/2

where w € Lo[—1/2,1/2] is a window function. In words, it is equal to the Fourier series coeffi-
cients of the pointwise product between f and a shifted window wy;.

The STFT coefficients are equal to the inner product between the signal and vectors of the form
vk (1) == w (t — 7) e*™* which corresponds to the window function w shifted by 7 in time and by
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Figure 1: Examples of STFT frame vectors along with their Fourier representation.
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k in frequency. As long as the shifts are chosen so that the windows overlap, the STFT coefficients
form a frame. Figure 1 shows some of these frame vectors.

The discrete version of the short-time Fourier transform acts upon finite-dimensional vectors and
is usually also known as STFT.

Definition 2.2 (Discrete short-time Fourier transform). The STFT of a vector ¥ € C" is defined
as

STET {f} (k,1) := <I:o i, ﬁk> : (22)

where W is a window vector and ﬁ;cn] is the discrete complex sinusoidal vector from Definition 1.5
. Lecture Notes 4.

As in the continuous case, if the shifts overlap sufficiently, then this transformation is a frame
in a finite-dimensional space. This means that there is a tall matrix that represents the analysis
operator, and that we can invert it with the pseudoinverse by Lemma 1.6. However this would be
very inefficient computationally! The STFT operator is usually applied and inverted using fast
algorithms based on the FFT.

The simplest window function that we can use is a rectangular function, i.e. just selecting intervals
of coefficients. Unfortunately, this introduces an artificial discontinuity at the ends of the interval.
Mathematically, multiplying the coefficients by the rectangular function is equivalent to convolving
with a Dirichlet kernel in the spectral domain, which becomes apparent when we compute the
Fourier coefficients of the windowed data, as shown in Figure 2. In contrast, Gaussian-like windows
that taper off at the ends smooth the borders of the windowed signal and avoid the high-frequency
artifacts introduced by the side lobes of the Dirichlet kernel.

The STFT is an important tool for sound processing. Variations in the spectral components of
signals are visualized using the spectrogram, which is equal to the logarithm of the magnitude
of the STFT coefficients. Figure 4 shows the spectrogram of a real speech signal. The time
and frequency representation of the same signal are shown in Figure 3. In contrast to these
representations, the spectrogram reveals how the frequency components of the speech signal vary
over time. The resolution at which we track these variations depends on the width of the window
chosen to compute the spectrogram. Shorter windows provide higher temporal resolution (we
can track quicker changes), but are not able to detect lower-frequency components whose periods
are longer than the chosen window. This motivates using windows of different lengths to extract
information at multiple resolutions. The next section discusses signal representations designed to
achieve this.

3 Wavelets

3.1 Definition

Wavelets are designed to capture signal structure at different scales. This is achieved with an
analysis operator that contains scaled copies of a fixed function called a wavelet.



Signal Window
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Figure 2: The spectrum of a time segment may contain spurious high-frequency content produced by the
sudden transition at the ends of the segment. In the frequency domain, the spectrum is being convolved
by a sinc function, which has a very heavy tail. Multiplying the signal by a localized window that has a
faster decay in the frequency domain alleviates the problem.



Time Frequency

Figure 3: Time and frequency representation of a speech signal.
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Figure 4: Spectrogram (log magnitude of STFT coefficients) of the speech signal in Figure 3.



Scaling function Mother wavelet

Figure 5: Scaling and wavelet function of the Haar wavelet transform.

Definition 3.1 (Wavelet transform). The wavelet transform of a function f € Ly depends on a
choice of wavelet (or mother wavelet) ¥ € Lo and scaling function ¢ € Ly (or father wavelet).
The scaling coefficients are obtained through an inner product with shifted copies of ¢

Wy {f}(7): \/_/f ot —7)dt (23)

whereas the wavelet coefficients are obtained through an inner product with dilated, shifted copies

of ¥

Wolrh o=z [ 1w (S50) (24

Intuitively, W {f} (s, 7) captures the information at scale s and location 7. The scaling function
can be interpreted as a low-pass filter that extracts the global features that are not captured by
the wavelet coefficients. The Haar wavelet is an example of a wavelet. Figure 5 shows its scaling
and wavelet functions.

Definition 3.2 (Haar wavelet). The scaling function for the Haar wavelet is a rectangular function

<t< (25)

[\’)I»—t
[\DI»—t

The Haar wavelet is of the form

The discrete wavelet transform acts upon finite-dimensional vectors.

Definition 3.3 (Discrete wavelet transform). The wavelet transform of a function f € C" depends
on a choice of wavelet (or mother wavelet) ¥ € C* and scaling vector ¢ € C"™ (or father wavelet).
The scaling coefficients are obtained through an inner product with shifted copies of ¢

W LfH ) = (7.60). 27)



whereas the wavelet coefficients are obtained through an inner product with scaled, shifted copies

of &
Wi df} (s.0) = (& e (28)

where

S

d@ﬂb]:=ﬁ{j_l}- (29)

The discrete Haar wavelet is the discrete counterpart of the Haar wavelet.

Definition 3.4 (Discrete Haar wavelet). The scaling function for the Haar wavelet is a rectangular
function

dij=1, 1<j<n (30)
The Haar wavelet is of the form
. _]-7 ] = %7
vil=191  i=3+1 (31)
0, otherwise.

3.2 Multiresolution decomposition
The discrete Haar wavelet and its corresponding scaling vector can be used to construct a basis
of C".

Definition 3.5 (Haar wavelet basis). Let n := 2K for some integer K. We fiz a single scaling
vector

"y 1 .
olj] = ok l<j<n (32)
We fizx K + 1 scales equal to 2°, 21, ..., 25, The wavelets at the finest scale 2° are given by
Jil={L =2 (33)
0 j>2

and copies | oflp shifted by 2, so that they do not overlap. The wavelets at scale 2%, 1 < k < K are
copies 0f¢ dilated by 2%, multiplied by a factor of 1/\/_ (their {5 norm equals one) and shifted
by multiples of 281 (so the basis vectors at each scale do not overlap).

The Haar wavelet basis contains n unit-norm vector that are all orthogonal, so they form an
orthonormal basis of C". Figure 6 shows the basis vectors for n = 8. Figure 7 shows the coefficients
of an electrocardiogram signal in the basis.

Wavelet bases can be interpreted as a multiresolution representation, where the coefficients cor-
responding to different dilations of the wavelet capture information at the corresponding scales.
This is made more precise in the following definition.
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Figure 6: Basis functions in the Haar wavelet basis for C5.

Signal Haar transform

Figure 7: Electrocardiogram signal (left) and its corresponding Haar wavelet coefficients (right).
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Definition 3.6 (Multiresolution wavelet decomposition). Let n := 25 for some integer K. Given

a scaling vector gg € C" and a wavelet 1/7 € C", a multiresolution decomposition of C" is a sequence
of subspaces Vo, V1, ..., Vi where:

o Vi is spanned by the scaling vector (E

oV, := W, @ Viy1 where Wy, is the span of ¢ dilated by 2% and shifted by multiples of 28+,

For any vector T € C", Py, T is the approzimation of T at scale 2*.

To be a valid multiresolution decomposition, the subspaces must satisfy the following properties:

e Vy = C", the approximation at scale 2° is perfect.
e V), is invariant to translations of scale 2% for 0 < k < K. If ¥ € V) then
Tpory € Vi foralll € Z, (34)
where the shifts are circular.

o Dilating vectors in V; by 2 yields vectors in V;i1. Let T € V; be nonzero only between 1 and
n/2, the dilated vector i defined by

glal = z[15/21] (35)

belongs to Vji1.

By construction, the Haar wavelet basis in Definition 3.5 provides a multiresolution decomposition
of C". In Figure 8 the decomposition is applied to obtain approximations of an electrocardiogram
signal at different scales. Many other wavelet bases apart from the Haar yield multiresolution
decompositions: Meyer, Daubechies, Battle-Lemarie, ... We refer the interested reader to Chapter
7 in [?] for a detailed and rigorous description of the construction of orthonormal wavelet bases.

3.3 Multidimensional wavelet decompositions

Two-dimensional wavelets can be obtained by taking outer products of one-dimensional wavelets,
as in the case of the two-dimensional discrete Fourier transform. 2D wavelets are of the form,

2D . ¢1D 1D *
f[Sl,Sz,kl,kz] T é[sl,lﬂ] (f[sz,kﬂ) ) (36>

where £ can refer to both 1D scaling and wavelet functions. We consider shifts ki, ks in two
dimensions and a two-dimensional scaling s;,ss. The corresponding two-dimensional transform
allows to obtain multiscale representations of images. An example is shown in Figure 10. The
coefficients are grouped by their scale (which is decreasing as we move down and to the right) and
arranged in two dimensions, according to the location of the corresponding shifted wavelet with
respect to the image. Figure 9 shows the vectors in a 2D Haar wavelet basis.

Designing multidimensional transforms that are more effective at providing sparse representations
for images has been a vibrant research subject for many years. Some of these extensions include
the steerable pyramid, ridgelets, curvelets, and bandlets. We refer to Section 9.3 in [?] for more
details.
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Figure 8: Multiresolution decomposition of the electrocardiogram signal in Figure 7. On the left, the

projection of the signal onto W), extracts information at scale 2*. On the right, projection onto V, yields
an approximation of the signal at scale 2*.
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Figure 9: Basis vectors of the 2D Haar wavelet transform.

Wavelet coefficients

Figure 10: An image (left) and its coefficients in a 2D Haar wavelet basis (right). The coefficients are
arranged so that the scaling coefficients are on the top left and coefficients corresponding to increasingly
fine scales are situated below and to the right.
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Wavelet coefficients

Figure 11: Gaussian iid noise (left) and its Haar wavelet coefficients (left).

4 Denoising via thresholding

The STFT and wavelet transforms often yield sparse signal representations, meaning that many
coefficients are equal to zero. In the case of the STF'T, this occurs when only a few spectral com-
ponents are active at a particular time, which is typical of speech or music signals (see Figure 4).
In the case of wavelets, sparsity results from the fact that large regions of natural images (and
many other signals) are smooth and mostly contain coarse-scale features, whereas most of the
fine-scale features are confined to edges or regions with high-frequency textures.

In contrast, noisy perturbations usually have dense coefficients in any fixed frame or basis. As
we establish in Lecture Notes 3, if 7 is a Gaussian random vector with covariance matrix 21,
for some fixed 62 > 0 then F7Z is a Gaussian random vector with covariance matrix FF*. In
particular, if F' is a basis, then F'7 is iid Gaussian, which means that the magnitude of most
entries is approximately equal to the standard deviation o. Figure 11 shows the Haar wavelet
coefficients of iid Gaussian noise. As expected, the coefficients are also noisy and dense in this
representation.

Let us consider the problem of denoising measurements i € C" of a signal ¥ € C" corrupted by
additive noise 7 € C"

Y=+ 7z (37)

Under the assumptions that (1) F'Z is sparse representation where F'is a certain frame or basis and
(2) the entries of F'Z' are small and dense, thresholding F'y makes it possible to suppress the noise
while preserving the signal. Figure 12 shows an example of two noisy images with different signal-
to-noise ratios (SNR), defined as the ratio between the ¢ norm of the signal and the noise. In the
wavelet domain, the coefficients corresponding to the signal lie above a sea of noisy coefficients.

14
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Figure 12: The two noisy images on the left are obtained by adding Gaussian noise to the image in
Figure 10 to obtain an SNR of 2.5 (above) and 1 (below). The coefficients of the images in the 2D Haar
basis are shown on the right.
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Figure 13: Denoising via hard thresholding.

To motivate thresholding-based denoising, consider the case where ¥ itself is sparse and 2. In that
case we can denoise by setting to zero the entries in ¢ that are below a certain value. Figure 13
illustrates this with a simple example. Most signals are not sparse, but in many cases we can
design a linear transform that sparsifies them. We can then apply the same idea to the coefficients
of the measurements in this representation.

Algorithm 4.1 (Denoising via hard thresholding). Let § follow the model in equation (37). To
estimate the signal we:

1. Compute a decomposition F'y, where F' is a frame or basis which sparsifies the signal .

2. Apply the hard-thresholding operator H, : C* — C" to Fy

M ()] = {ﬁm if 1001l > . 38)

0 otherwise,

for 1 < 5 <mn, where n is adjusted according to the standard deviation of F'Z. If F' is a basis
and Z is itd Gaussian with standard deviation o, 1 should be set larger than o.

3. Compute the estimate by inverting the transform. If F is a basis, then
Tost = F'H, (FY). (39)
If F is a frame,
Test := FIH, (F7), (40)

where F' is the pseudoinverse of F (any other left inverse of F would also work).

Figure 14 shows the result of denoising a multisinusoidal signal by thresholding its Fourier coeffi-
cients. Figure 15 shows the result of denoising the images in Figure 12 by thresholding their 2D
wavelet coefficients.
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Figure 14: Denoising via hard thresholding in a Fourier basis.

When we apply transforms that capture localized details of signals, such as the wavelet transform
or the STFT, sparse representations tend to be highly structured. For example, nonzero wavelet
coefficients are often clustered around edges. This is apparent in Figure 10. The reason is that
several localized atoms are needed to reproduce sharp variations, whereas a small number of
coarse-scale atoms suffice to represent smooth areas of the image.

Thresholding-based denoising can be enhanced by taking into account the group sparsity of the
signal of interest. If we have a reason to believe that nonzero coefficients in the signal tend to be
close to each other, then we should threshold small isolated coefficients, but not similar coefficients
that are in the vicinity of large coefficients and therefore may contain useful information. This
can be achieved by applying block thresholding.

Algorithm 4.2 (Denoising via block thresholding). Let i follow the model in equation (37). To
estimate the signal we:

1. Compute a decomposition F'y, where F' is a frame or basis which sparsifies the signal .
2. Partition the indices of F'y into blocks Ty, T, ..., Z;.

3. Apply the hard-block-thresholding operator B, : C* — C" to F'y

vlj] ifj €Z; such that HUIJ.HQ >1,,

B, () 5] == {

0 otherwise,
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Figure 15: Thresholding-based denoising applied to the images in Figure 12.
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Figure 16: Block-thresholding-based denoising applied to the images in Figure 12.
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Figure 17: Comparison between thresholding and block-thresholding applied to denoise the images in
Figure 12.

where n is adjusted according to the standard deviation of FZ. If F is a basis and Z is 1id
Gaussian with standard deviation o, n should be set larger than bo, where b is the number
of indices in each block.

4. Compute the estimate by inverting the transform. If F' is a basis, then
Tot = F'B, (F). (42)
If F is a frame,
Loy == F'B, (Fy), (43)

where F' is the pseudoinverse of F (any other left inverse of F would also work).

Figure 16 shows the result of denoising the images in Figure 12 by partitioning its 2D Haar
coefficients in 4 x 4 blocks and applying block thresholding. As illustrated by Figure 17 block-
thresholding recovers regular such as the vertical lines on the Empire State building more effec-
tively.

We conclude this section with an application of thresholding-based denoising to speech.

Example 4.3 (Speech denoising). The recording shown in Figures 3 and 4 is a short snippet from
the movie Apocalypse Now where one of the character talks over the noise of a helicopter. We
denoise the data using the following methods (click on the links to hear the result):

e Time thresholding: The result, which is plotted in Figure 18, sounds terrible because the
thresholding eliminates parts of the speech.
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Time thresholding

M

Frequency thresholding

0

Figure 18: Time thresholding (top row) applied to the noisy data shown in Figure 3. The result sounds
terrible because the thresholding eliminates parts of the speech. Below, frequency thresholding is applied
to the same data. The result is very low pitch because the thresholding eliminates the high frequencies
of both the speech and the noise.

21
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e [requency thresholding: The result has very low pitch because the thresholding eliminates
the high frequencies of both the speech and the noise. The spectrum is shown in Figure 77
before and after thresholding.

e STFT thresholding: The result is significantly better but isolated STFT coefficients that are
not discarded produce musical noise artifacts. The corresponding spectrogram is shown in
Figure 19.

o STFT block thresholding: The result does not suffer from musical noise and retains some of
the high-pitch speech. The corresponding spectrogram is shown in Figure 19.

The results are compared visually for a small time segment of the data in Figure 20. A

References

For more information on multiresolution approximations and time-frequency signal processing we
refer to the excellent book [?] and references therein.
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STFT
thresholding

STFT block
thresholding

Figure 19: Spectrograms of the noisy signal (above) compared to the estimates obtained by simple
thresholding (center) and block thresholding (bottom). The result of simple thresholding contains musical
noise caused by particularly large STFT coeflicients caused by the noise that were not thresholded. The
result of block thresholding does not suffer from these artifacts.
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Frequency
thresholding

STFT
thresholding

STFT block
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Figure 20: Comparison of the original noisy data (blue) with the denoised signal for the data shown in
Figure 3. We compare frequency thresholding (above) and thresholding (center) and block thresholding
(below) of STFT coefficients.
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Optimization-based data analysis Fall 2017

Lecture Notes 6: Linear Models

1 Linear regression

1.1 The regression problem

In statistics, regression is the problem of characterizing the relation between a quantity of interest
y, called the response or the dependent variable, and several observed variables 1, x2, ..., xp,
known as covariates, features or independent variables. For example, the response could be the
price of a house and the covariates could correspond to the extension, the number of rooms, the
year it was built, etc. A regression model would describe how house prices are affected by all of
these factors.

More formally, the main assumption in regression models is that the predictor is generated accord-
ing to a function h applied to the features and then perturbed by some unknown noise z, which
is often modeled as additive,

y=h(Z)+ z. (1)
The aim is to learn A from n examples of responses and their corresponding features

(y®, 70, (42, 7@) . (3™, 7™). (2)

If the regression function A in a model of the form (1) is linear, then the response is modeled as a
linear combination of the predictors:

Y — <f(i),g*> +20 1<i<n, (3)

where 2 is an entry of the unknown noise vector. The function is parametrized by a vector of
coefficients §* € RP. All we need to fit the linear model to the data is to estimate these coefficients.

Expressing the linear system (3) in matrix form, we have

y® O] zOR - Z2OR| | S(1)
) 7@ 7@ ... 7@ 9 o)
y@ | |Fe 20 #l| AR "
_y(n)_ _f(")[l] Al P) f(n)[p]_ _g*[p]_ _z(”)_

This yields a more succinct representation of the linear-regression model:

J=XB+7% (5)



where X is a n X p matrix containing the features, ¥ € R™ contains the response and 2z € R”
represents the noise.

For simplicity we mostly discuss the linear model (3), but in practice we usually fit an affine model
that includes a constant term [,

y® = By + <f(i),g*> +:0  1<i<n. (6)

This term is called an intercept, because if there is no noise y¥ is equal to By, when the features
are all equal to zero. For a least-squares fit (see Section 2 below), 3y can be shown to equal zero as
long as the response i and the features @, ..., &), are all centered. This is established rigorously
in Lemma 2.2. In addition to centering, it is common to normalize the response and the features
before fitting a regression model, in order to ensure that all the variables have the same order of
magnitude and the model is invariant to changes in units.

Example 1.1 (Linear model for GDP). We consider the problem of building a linear model to pre-
dict the gross domestic product (GDP) of a state in the US from its population and unemployment
rate. We have available the following data:

GDP Population Unemployment
(USD millions) rate (%)
North Dakota 52 089 757 952 24
Alabama 204 861 4 863 300 3.8
Mississippi 107 680 2 988 726 5.2
Arkansas 120 689 2 988 248 3.5
Kansas 153 258 2 907 289 3.8
Georgia 525 360 10 310 371 4.5
lowa 178 766 3 134 693 3.2
West Virginia 73 374 1 831 102 5.1
Kentucky 197 043 4 436 974 5.2
Tennessee 77 6 651 194 3.0

In this example, the GDP is the response, whereas the population and the unemployment rate
are the features. Our goal is to fit a linear model to the data so that we can predict the GDP of
Tennessee, using a linear model. We begin by centering and normalizing the data. The averages
of the response and of the features are

av (y) = 179236,  av(X)= [3 802 073 4.1] : (7)
The empirical standard deviations are

st (7) = 396 701, std (X) = 7720 656 2.80] (8)



We subtract the average and divide by the standard deviations so that both the response and the
features are centered and on the same scale,

[ 0.321] [0.304 —0.600]
0.065 0.137  —0.099

~0.180 —0.105  0.401

0.148 ~0.105 —0.207

7=1-0065|, X=[-0116 —0.099] . 9)

0.872 0.843  0.151

~0.001 —0.086 —0.314

—0.267 ~0.255  0.366

| 0.045 | 0.082 0401 |

To obtain the estimate for the GDP of Tennessee we fit the model
j~XPB, (10)

rescale according to the standard deviations (8) and recenter using the averages (7). The final
estimate 1s

7 = av () + std (7) { T 5) (1)

rTen s centered using av (X) and normalized using std (X). A

where 7

1.2 Overfitting

Imagine that a friend tells you:

I found a cool way to predict the daily temperature in New York: It’s just a linear combination of
the temperature in every other state. I fit the model on data from the last month and a half and
it’s perfect!

Your friend is not lying. The problem is that in this example the number of data points is roughly
the same as the number of parameters. If n < p we can find a 6 such that = X ﬁ exactly, even
if 7/ and X have nothing to do with each other! This is called overfitting: the model is too flexible
given the available data. Recall from linear algebra that for a matrix A € R™*P that is full rank,
the linear system of equations

Ab=¢ (12)
is (1) underdetermined if n < p, meaning that it has infinite solutions, (2) determined if n = p,
meaning that there is a unique solution, and (3) overdetermined if n > p. Fitting a linear model
without any additional assumptions only makes sense in the overdetermined regime. In that case,
an exact solution exists if b € col (A), which is never the case in practice due to the presence of
noise. However, if we manage to find a vector b such that Ab is a good approximation to ¢ when
n > p then this is an indication that the linear model is capturing some underlying structure in
the problem. We make this statement more precise in Section 2.4
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Figure 1: Linear model learned via least-squares fitting for a simple example where there is just one
feature (p = 1) and 40 examples (n = 40).

2 Least-squares estimation

2.1 Minimizing the /,-norm approximation error

To calibrate the linear regression model i ~ X 5 it is necessary to choose a metric to evaluate the
fit achieved by the model. By far, the most popular metric is the sum of the squares of the fitting
error,

= (00— (20 DY 2 o x3|]
> (v - (#9.5)) = |- x3]| . (13)
The least-squares estimate BLS is the vector of coefficients that minimizes this cost function,
Brg = arg min H;J—Xg . (14)
B 2

The least-squares cost function is convenient from a computational view, since it is convex and
can be minimized efficiently (in fact, as we will see in a moment it has a closed-form solution).
In addition, it has intuitive geometric and probabilistic interpretations. Figure 1 shows the linear
model learned using least squares in a simple example where there is just one feature (p = 1) and
40 examples (n = 40).

Theorem 2.1. If X is full rank and n > p, for any v € R™ we have

Fus = argmin |7~ x| (15)
B 2

= VS tuty (16)

— (XTX)"' X"g, (17)

where USV'T is the SVD of X .



Proof. We consider the decomposition of 7 into its orthogonal projection UU?T7 onto the column
space of X col (X) and its projection ([ - UU T) ¢ onto the orthogonal complement of col (X).
Xj3 belongs to col (X) for any § and is consequently orthogonal to (I — UUT) 7 (as is UUTY), so
that

112 112
arg min ng— Xp|| = argminH(I — UUT) gj’Hz + HUUTZZ—XBH (18)
B 2 B 2
112
— argminHUUng—XﬁH (19)
Il 2
112
:argminHUUng—USVTBH : (20)
I 2
Since U has orthonormal columns, for any vector v € RP ||U%]|, = ||V]|,, which implies
112 112
argmian’—Xﬁ :argminHUTy_'—SVTﬁH (21)
B 2 B 2

If X is full rank and n > p, then SV7 is square and full rank. It therefore has a unique inverse,
which is equal to V.S™!. As a result VS~1UTy = (XTX)_1 X714 is the unique solution to the
optimization problem (it is the only vector that yields a value of zero for the cost function). [

The following lemma shows that centering the data before computing the least-squares fit is exactly
equivalent to fitting an affine model with the same cost function.

Lemma 2.2 (Proof in Section 5.1). For any matrizc X € R™™ and any vector y, let

. . L2
{Biso s} = axgmin || - X7 - (22)
0,

2

be the coefficients corresponding to an affine fit, where 1 is a vector containing n ones, and let

- o112
Ifgnt = arg mén‘ g*cent o Xcentﬁ ) (23>

be the coefficients of a linear fit after centering both X and y using their respective averages (in
the case of X, the column-wise average). Then,

-

X s + Brso = X “™"BE™ + av (y) . (24)

Example 2.3 (Linear model for GDP (continued)). The least-squares estimate for the regression
coefficients in the linear GDP model is equal to

- 1.019
LS = : (25)
—0.111

The GDP seems to be proportional to the population and inversely proportional to the unemploy-
ment rate. We now compare the fit provided by the linear model to the original data, as well as
its prediction of the GDP of Tennessee:



GDP  Estimate
North Dakota [ 52 089 46 241
Alabama 204 861 239 165
Mississippi 107 680 119 005
Arkansas 120 689 145 712
Kansas 153 258 136 756
Georgia 525 360 513 343
lowa 178 766 158 097
West Virginia | 73 374 59 969
Kentucky 197 043 194 829
Tennessee 328 770 345 352

A

Example 2.4 (Global warming). In this example we describe the application of linear regression
to climate data. In particular, we analyze temperature data taken in a weather station in Oxford
over 150 years.! Our objective is not to perform prediction, but rather to determine whether
temperatures have risen or decreased during the last 150 years in Oxford.

In order to separate the temperature into different components that account for seasonal effects
we use a simple linear with three predictors and an intercept

y ~ By + P cos (%) + [ sin <%> + B3t (26)

where ¢ denotes the time in months. The corresponding matrix of predictors is

1 cos(ZL) sin(ZL) ¢

L cos (532) sin(532) s

[\

(27)

|1 cos (%) sin (2522) tn |

The intercept [y represents the mean temperature, 5; and [ account for periodic yearly fluctua-
tions and fs is the overall trend. If 3 is positive then the model indicates that temperatures are
increasing, if it is negative then it indicates that temperatures are decreasing.

The results of fitting the linear model using least squares are shown in Figures 2 and 3. The fitted
model indicates that both the maximum and minimum temperatures have an increasing trend of
about 0.8 degrees Celsius (around 1.4 degrees Fahrenheit). A

!The data are available at http://www.metoffice.gov.uk/pub/data/weather/uk/climate/stationdata/
oxforddata.txt.


http://www.metoffice.gov.uk/pub/data/weather/uk/climate/stationdata/oxforddata.txt
http://www.metoffice.gov.uk/pub/data/weather/uk/climate/stationdata/oxforddata.txt
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Figure 2: Temperature data together with the linear model described by (26) for both maximum and
minimum temperatures.
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Figure 3: Temperature trend obtained by fitting the model described by (26) for both maximum and

minimum temperatures.

2.2 Geometric interpretation of least-squares regression

The following corollary of Theorem 2.1 provides an intuitive geometric interpretation of the linear
approximation obtained from a least-squares fit. The least-squares fit yields the vector X 5 in
the column space col (X) of the features that is closest to % in ¢ norm. X ELS is therefore the
orthogonal projection of ¢ onto col (X), as depicted in Figure 4.

Corollary 2.5. The least-squares approximation of i obtained by solving problem (14)

s = X s (28)

is equal to the orthogonal projection of i onto the column space of X.

Proof.
XPs =USVTVS—'UTy (29)
=UUy (30)
O

Example 2.6 (Denoising of face images). In Example 7.4 of Lecture Notes 1, we denoised a noisy
image by projecting it onto the span of a set of clean images. This is equivalent to solving a
least-squares linear-regression problem in which the response is the noisy images and the columns
of the matrix of features correspond to the clean faces. The regression coefficients are used to
combine the different clean faces linearly to produce the estimate. A



X

Figure 4: Illustration of Corollary 2.5. The least-squares solution is the orthogonal projection of the
data onto the subspace spanned by the columns of X, denoted by X; and Xs.

2.3 Probabilistic interpretation of least-squares regression

In this section we derive the least-squares regression estimate as a maximum-likelihood (ML)
estimator. ML estimation is a popular method for learning parametric models. In parametric
estimation we assume that the data are sampled from a known distribution that depends on some
unknown parameters, which we aim to estimate. The likelihood function is the joint pmf or pdf
of the data, interpreted as a function of the unknown parameters.

Definition 2.7 (Likelihood function). Given a realization y € R™ of random vector y with joint
pdf fz parameterized by a vector of parameters 3 € R™, the likelihood function is

Ly (5) = f7(9). (31)
The log-likelihood function is equal to the logarithm of the likelihood function log Ly <5)

The likelihood function represents the probability density of the parametric distribution at the ob-
served data, i.e. it quantifies how [ikely the data are according to the model. Therefore, higher like-
lihood values indicate that the model is better adapted to the samples. The maximum-likelihood
(ML) estimator is a very popular parameter estimator based on maximizing the likelihood (or
equivalently the log-likelihood).

Definition 2.8 (Maximum-likelihood estimator). The maximum likelihood (ML) estimator of the



vector of parameters 5 e R™ is

EML (¢) := argmax Ly (5) (32)
B

= arg mgx log Ly <B> (33)

The maximum of the likelihood function and that of the log-likelihood function are at the same
location because the logarithm is a monotone function.

The following lemma shows that the least-squares estimate can be interpreted as an ML estimator.

Lemma 2.9. Let 4 € R" be a realization of a random vector
¥i=XB+12, (34)

where Z 18 ud Gaussian with mean zero and variance o If X € R™™ is known, then the ML
estimate of B is equal to the least-squares estimate

z | (35)

gML = argmin”y_’— Xg
B

Proof. For a fixed E, the joint pdf of ¥ is equal to

150 =11 = o0 (~ s (911 - (x5) 1)) (36)
= —(271r)"gn exp (—%‘2 Hy - Xp z) . (37)

The likelihood is the probability density function of ¥ evaluated at the observed data i and
interpreted as a function of the coefficient vector j3,
i 38
). (39)

ﬁﬁoﬂ:: éﬁyem)<_%

To find the ML estimate, we maximize the log likelihood

—

y—Xp

Bu, = arg mgx Ly <§> (39)
= arg mgx log Ly (5) (40)
:argmﬁin‘)g—Xg z (41)

10



2.4 Analysis of the least-squares estimate

In this section we analyze the solution of the least-squares regression fit under the assumption
that the data are indeed generated according to a linear model with additive noise,

j=XG*+7 (42)

where X € R™ and Z € R”. In that case, we can express the least-squares solution in terms
of the true coefficients §*, the feature matrix X and the noise Z applying Theorem 2.1. The
estimation error equals

s — f = (X"X) " x”

— (XTX) ' XT

XG +2) (43)
(44)

R~

as long as X is full rank.

Equation (44) implies that if the noise is random and has zero mean, then the expected error is
equal to zero. In statistics lingo, the least-squares estimate is unbiased, which means that the
estimator is centered at the true coefficient vector 3*.

Lemma 2.10 (Least-squares estimator is unbiased). If the noise Z is a random vector with zero
mean, then

E <5LS - @) = 0. (45)

Proof. By (44) and linearity of expectation
E(Bis - 8') = (X"X) " X"E(2) = 0. (46)
0

We can bound the error incurred by the least-squares estimate in terms of the noise and the
singular values of the feature matrix X.

Theorem 2.11 (Least-squares error). For data of the form (42), we have
1211 1211

o Brs —B*HQ < o (47)

<

as long as X s full rank, where o1 and o, denote the largest and smallest singular value of X
respectively.

Proof. By (44)
Bs— B =Vvs1tuTz (48)

The smallest and largest singular values of V.S~!'U are 1/07 and 1/0, respectively so by Theorem
2.7 in Lecture Notes 2

Il 1y gmirs), < 1l
01 Op

(49)

O

11
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Figure 5: Relative fo-norm error of the least-squares coefficient estimate as n grows. The entries of X,
f* and Z are sampled iid from a standard Gaussian distribution. The error scales as 1/y/n as predicted
by Theorem 2.12.

Let us assume that the norm of the noise ||2]], is fixed. In that case, by (48) the largest error
occurs when 7 is aligned with 1, the singular vector corresponding to o,, whereas the smallest
error occurs when 2" is aligned with w7, the singular vector corresponding to o;. To analyze what
happens in a typical linear-regression problem, we can assume that X and Z are sampled from
a Gaussian distribution. The following theorem shows that in this case, the ratio between the
norms of the error and the noise (or equivalently the error when the norm of the noise is fixed to
one) concentrates around y/p/n. In particular, for a fixed number of features it decreases as 1/y/n
with the number of available data, becoming arbitrarily small as n — oo. This is illustrated by
Figure 5, which shows the results of a numerical experiment that match the theoretical analysis
very closely.

Theorem 2.12 (Non-asymptotic bound on least-squares error). Let
v = X5 +Z, (50)

where the entries of the n X p matriz X and the n-dimensional vector Z are iid standard Gaussians.

The least-squares estimate satisfies
(1—¢ (14+¢) /p
— = 51
\/ (1 —i—e\/;_HﬁL \/(1—5)\/; (51)

with probability at least 1 — 1/p — 2exp (—pe®/8) as long as n > 64plog(12/€) /€.

Proof. By the same argument used to derive (49), we have

(52)

12



By Theorem 2.10 in Lecture Notes 3 with probability 1 — 2 exp (—pe®/8)
o2
(1-ap<||UZ[[, < (1+¢)p, (53)

where U contains the left singular vectors of X. By Theorem 3.7 in Lecture Notes 3 with proba-
bility 1 — 1/p

vn(l—e) <op <o <yn(l+e (54)

as long as n > 64plog(12/€)/e*. The result follows from combining (52) with (53) and (54) which
hold simultaneously with probability at least 1 — 1/p — 2exp (—pe®/8) by the union bound. [

3 Regularization

3.1 Noise amplification

Theorem 2.12 characterizes the performance of least-squares regression when the feature matrix
is well-conditioned, which means that its smallest singular value is not too small with respect to
the largest singular value.

Definition 3.1 (Condition number). The condition number of a matriz A € R"*P n > p, is equal
to the ratio o1/, of its largest and smallest singular values o1 and o,.

In numerical linear algebra, a system of equations is said to be ill conditioned if the condition
number is large. The reason is that perturbations aligned with the singular vector corresponding
to the smallest singular value may be amplified dramatically when inverting the system. This is
exactly what happens in linear regression problems when the feature matrix X is not well condi-
tioned. The component of the noise that falls in the direction of the singular vector corresponding
to the smallest singular value blows up, as proven in the following theorem.

Lemma 3.2 (Noise amplification). Let X € R"™*? be a matriz such that m singular values are
smaller than n and let

¥ i=Xp"+z, (55)
where the entries of Z are iid standard Gaussians. Then, with probability at least 1—2 exp (—me?/8)

myv1—e¢

s - 7
2 n

> (56)

Proof. Let X = USVT be the SVD of X, iy, ..., 4, the columns of U and a7, ..., 7, the singular
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values. By (44)

s = || = lIvs—ura]; G7)
=||S'U"Z||;  V is an orthogonal matrix (58)
_ Xp: (ﬁi 5)2 (59)
> %i (@'7)”. (60)

The result follows because > (12?2’)2 > 1 — ¢ with probability at least 1 — 2exp (—me?/8) by
Theorem 2.10 in Lecture Notes 3 . [

We illustrate noise amplification in least-squares regression through a simple example.

Example 3.3 (Noise amplification). Consider a linear-regression problem with data of the form

7:=Xp3"+7 (61)
where
[ 0212 —0.099] [ 0.066 |
0.605 —0.298 —0.077
0213 0.113 } 0.471 | =0.010
X = ) *i= ) z = <62)
0580 —0.285 _1.191 0.033
0.016  0.006 0.010
0.050  0.032 0.028

The ¢ norm of the noise is 0.11. The feature matrix is ill conditioned, its condition number is
100,

—0.234 0.427

—0.674 —0.202
.| 0241 0744 | [1.00 0 | [—0.898 0.440
X=USVT = . (63)
—0.654 0350 | | 0 0.01| | 0440 0.898
0.017 —0.189
0.067  0.257

As a result, the component of 2" in the direction of the second singular vector is amplified by a

14



factor of 100! By (44), the error in the coefficient estimate is

fis—fr=Vvstu'z (64)
1.00 0
=V Utz (65)
0 100.00
0.058
=V (66)
3.004
1.270
= (67)
2.723
so that the norm of the error satisfies
HBLS —
2 =27.00. (68)
11211,

The feature matrix is ill conditioned if any subset of columns is close to being linearly dependent,
since in that case there must be a vector that is almost in the null space of the matrix. This occurs
when some of the feature vectors are highly correlated, a phenomenon known as multicollinearity
in the statistics ling. The following lemma shows how two feature vectors being very correlated
results in poor conditioning.

Lemma 3.4 (Proof in Section 5.2). For any matriz X € R™ P, with columns normalized to have
unit €y norm, if any two distinct columns X; and X; satisfy

(X X)) 21— ¢ (69)

then o, < €, where o, 1s the smallest singular value of X.

3.2 Ridge regression

As described in the previous section, if the feature matrix is ill conditioned, then small shifts in
the data produce large changes in the least-squares solution. In particular, some of the coefficients
may blow up due to noise amplification. In order to avoid this, we can add a term penalizing the
norm of the coefficient vector to the least-squares cost function. The aim is to promote solutions
that yield a good fit with small coefficients. Incorporating prior assumptions on the desired
solution— in this case that the coefficients should not be too large— is called reqularization. Least-
squares regression combined with />-norm regularization is called ridge regression in statistics and
Tikhonov regularization in the inverse-problems literature.

Definition 3.5 (Ridge regression / Tikhonov regularization). For any X € R™P and y € R? the
ridge-regression estimate is the minimizer of the optimization problem

2 5112
‘ +/\HB , (70)
2 2

/Bridge = arg mén “g_ XB

where A > 0 s a fixed reqularization parameter.
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As in the case of least-squares regression, the ridge-regression estimate has a closed form solution.

Theorem 3.6 (Ridge-regression estimate). For any X € R™*? and y € R™ we have

Friage = (XTX + A1) X7, (71)

Proof. The ridge-regression estimate is the solution to a modified least-squares problem
2

- 7 X | -
Dridge = arg min Il - Bl - (72)
g |0 VAL

2

By Theorem 2.1 the solution equals

T -1 T
. X X X i
Bridge = (73)
VAI| |V VI |0
= (XTX + M) XTg. (74)
0

When A — 0 then /ézidge converges to the least-squares estimator. When A\ — oo, it converges to
ZEro.

The approximation X ﬁ:idge corresponding to the ridge-regression estimate is no longer the orthog-
onal projection of the data onto the column space of the feature matrix. It is a modified projection
where the component of the data in the direction of each left singular vector of the feature matrix
is shrunk by a factor of 62/ (¢ + \) where o; is the corresponding singular value. Intuitively, this
reduces the influence of the directions corresponding to the smaller singular values which are the
ones responsible for more noise amplification.

Corollary 3.7 (Modified projection). For any X € R™*? and § € R™ we have

gridge = Xﬁridge (75)
p 0_2
= i y, Us) Uy, 76
> 0 (76)
where Uy, ..., U, are the left singular vectors of X and oy > ... > o, the corresponding singular

values.

Proof. Let X = USVT be the SVD of X. By the theorem,
X riage = X (XTX + A1)~ X7y (77)
= UsVT (VvSVT 4 avvT) T VSsuTy (78)
= USVTV (S + A1) ' VIVSUTy (79)
= US (S?+ A1)~ Uy, (80)

since V' is an orthogonal matrix. O
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The following theorem shows that, under the assumption that the data indeed follow a linear
model, the ridge-regression estimator can be decomposed into a term that depends on the signal
and a term that depends on the noise.

Theorem 3.8 (Ridge-regression estimate). If i := Xﬁ* + 2, where X € R™? 2z € R" and
p* € RP, then the solution of Problem (70) is equal to

U;‘?}H\ 0 0 o.%jjr)\ 0 s 0
2
. 0 =2 -~ 0 . 0 9 _ ...
Bridge =V o2t VTB* +V %m UTZ? (81)
] 0 0o .- ogﬁ_ I 0 0o - %_
where X = USVT is the SVD of X and o4, ..., 0, are the singular values.

Proof. By Theorem 2.1 the solution equals

Bage = (XX + 1) X7 (XF" + 2) (82)

— (VST 4 AV T (VSIVIF 4 visUTE) (83)

=V (24 A1) VT (VST 4 VSUTE) (84)

=V (S2+ ) SV 4+ vV (S2+ A SUTz, (85)

because V is an orthogonal matrix. O

If we consider the difference between the true coefficients 5* and the ridge-regression estimator,
the term that depends on E* is usually known as the bias of the estimate, whereas the term that
depends on the noise is the variance. The reason is that if we model the noise as being random
and zero mean, then the mean or bias of the ridge-regression estimator equals the first term and
the variance is equal to the variance of the second term.

Corollary 3.9 (Bias of ridge-regression estimator). If the noise vector Z is random and zero mean,

- -
Zox 0O --- 0
- — 0 % ctt 0 T —
B (Biase — ) =V g VTG, (86)
A
L0 0 R
Proof. The result follows from the lemma and linearity of expectation. O]

Increasing A increases the bias, moving the mean of the estimator farther from the true value of the
coefficients, but in exchange dampens the noise component. In statistics jargon, we introduce bias
in order to reduce the variance of the estimator. Calibrating the regularization parameter allows
us to adapt to the conditioning of the predictor matrix and the noise level in order to achieve a
good tradeoff between both terms.
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Figure 6: Coefficients in the ridge-regression model (blue) for different values of the regularization
parameter A (horizontal axis). The fit to the data improves as we reduce A (green). The relative error of

the coefficient estimate HE’* - gridge

2/ HB*HQ is equal to one when A is large (because Bﬁdge =0), then

it decreases as A is reduced and finally it blows up due to noise amplification (red).

Example 3.10 (Noise amplification (continued)). By Theorem 3.8, the ridge-regression estimator
for the regression problem in Example 3.3 equals

6ridge o 5* -V 1+ VT@)* Vv 1+ UTZ, (87)
0 A 0 0.01
0.0124-) 0.0124)

The regularization A should be set so to achieve a good balance between the two terms in the
error. Setting A = 0.01

= 0.001 0O - 099 0

Briage — "=~V VIG + v Uz (88)
0 0.99 0 0.99

0.329

- . (89)
0.823

The error is reduced significantly with respect to the least-squares estimate, we have
‘ gridge - g*
2 = 17.96. (90)

1211

Figure 6 shows the values of the coefficients for different values of the regularization parameter.
They vary wildly due to the ill conditioning of the problem. The figure shows how least squares
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(to the left where A — 0) achieves the best fit to the data, but this does not result in a smaller
error in the coefficient vector. A = 0.01 achieves a good compromise. At that point the coefficients
are smaller, while yielding a similar fit to the data as least squares. A

3.3 Ridge regression as maximum-a-posteriori estimation

From a probabilistic point of view, we can view the ridge-regression estimate as a maximum-a-
posteriori (MAP) estimate. In Bayesian statistics, the MAP estimate is the mode of the posterior
distribution of the parameter that we aim to estimate given the observed data.

Definition 3.11 (Maximum-a-posteriori estimator). The mazimum-a-posteriori (MAP) estimator
of a random vector of parameters 3 € R™ given a realization of the data vector y is

Buar (7) = argmax f5,5 (517 (1)
B
where fﬁ\i 1s the conditional pdf of the parameter ,[; given the data y.

In contrast to ML estimation, the parameters of interest (in our case the regression coefficients)
are modeled as random variables, not as deterministic quantities. This allows us to incorporate
prior assumptions about them through their marginal distribution. Ridge regression is equivalent
to modeling the distribution of the coefficients as an iid Gaussian random vector.

Lemma 3.12 (Proof in Section 5.3). Let ¢ € R™ be a realization of a random vector
¥i=XB+17 (92)

where 3 and Z are iid Gaussian random vectors with mean zero and variance o and o3, re-

spectively. If X € R™™ 4s known, then the MAP estimate ofg 15 equal to the ridge-regression
estimate

2

, (93)

2
+A
2 2

3

Buap = argmin| |7 X5

12/ .2
where \ := 03 /07.

3.4 Cross validation

An important issue when applying ridge regression, and also other forms of regularization, is how
to calibrate the regularization parameter A\. With real data, we do not know the true value of the
coefficients as in Example 3.3 (otherwise we wouldn’t need to do regression in the first place!). In
addition, we cannot rely on how well the model fits the data, since this will always occur for A = 0,
which can lead to overfitting and noise amplification. However, we can evaluate the fit achieved by
the model on new data, different from the ones used to estimate the regression coefficients. If the
fit is accurate, this is a strong indication that the model is not overfitting the noise. Calibrating
the regularization parameter using a different set of data is known as cross validation.
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Algorithm 3.13 (Cross validation). Given a set of ezamples

which are centered and normalized, to determine the best value for A we:

1. Partition the data into a training set X, € RMrainXP qf o€ RMin gnd g validation set
Xval € analxp; gval € anal; such that Nirain T Mval = N

2. Fit the model using the training set for every \ in a set A (usually a logarithmic grid of
values)

5112 5012
Firain = XeeanB] ||+ 2 || (95)

Bridge (A) := arg mln’
B
and evaluate the fitting error on the validation set

= 2
err (/\) = gtrain - Xtrainﬁridge(/\) ‘ ‘2 . (96)

3. Choose the value of \ that minimizes the validation-set error

Aoy 1= arg min err (A). (97)

In practice, more sophisticated cross-validation procedures are applied to make an efficient use of
the data. For example, in k-fold cross validation we randomly partition the data into k sets of
equal size. Then we evaluate the fitting error £ times, each time using one of the k sets as the
validation set and the rest as the training set.

Finally, it is important to note that if we have used the validation set to fit the regularization
parameter, we cannot use it to evaluate our results. This wouldn’t be fair, since we have calibrated
one the parameter to do well precisely on those data! It is crucial to evaluate the model on a test
set that is completely different from both the training and validation tests.

Example 3.14 (Prediction of house prices). In this example we consider the problem of predicting
the price of a house?. The features that we consider are:

Area of the living room.

Condition (an integer between 1 and 5 evaluating the state of the house).
Grade (an integer between 7 and 12 evaluating the house).

Area of the house without the basement.

Area of the basement.

The year it was built.

Latitude.

P N O W D=

Longitude.

2The data are available at http://www.kaggle.com/harlfoxem/housesalesprediction
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Figure 7: Coefficients in the ridge-regression model (blue) for different values of the regularization
parameter A\ (horizontal axis). The relative fo-norm error evaluated on the training data is shown in
green. The relative fo-norm error evaluated on the validation data is shown in purple.

9. Average area of the living room of the houses within 15 blocks.

We use 15 houses to train the data, a validation set of 15 houses to calibrate the regularization
parameter of the ridge regression model and a test set of 15 houses to evaluate the results. The
feature matrix has significant correlations (the condition number is equal to 9.94), so we decide to
apply ridge regression. Figure 7 shows the value of the coefficients obtained by fitting the model
to the training set for different values of A. It also shows the corresponding relative £s-norm fit

Zj - Xﬁridge

1971,

to the training and validation sets. For small A the model fits the training set much better than
the validation set, a clear indication that it is overfitting. The validation-set error is minimized
for A = 0.27. For that value the error is 0.672 on the validation set and 0.799 on the test set. In
contrast, the error of the least-squares estimator is 0.906 on the validation set and 1.186 on the
test set. Figure 8 shows the prices estimated by the least-squares and the ridge-regression models
plotted against the true prices. The least-squares estimate is much more accurate on the training
set than on the validation and test sets due to overfitting. Adding regularization and computing
a ridge-regression estimate substantially improves the prediction results on the test set. JAN

: (98)

4 (Classification

In this section, we consider the problem of classification. The goal is to learn a model that assigns
one of several predefined categories to a set of examples, represented by the values of certain
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Figure 8: Prices estimated by the least-squares (blue) and the ridge-regression (orange) models plotted
against the true prices for the training, validation and test sets.

features, as in the case of regression. To be more precise, we have available n examples of category
labels and their corresponding features

(y(l)7 f(l)) 7 (y(2)7 J—;’(Q)) .

The label y® indicates what category example i belongs to. Here, we consider the simple case
where there are only two categories and set the labels to equal either 0 or 1. Our aim is to predict
the label y® € {0,1} from p real-valued features (¥ € RP. This is a regression problem, where
the response is binary.

(y™,z™). (99)

4.1 Perceptron

Inspired by linear regression, let us consider how to use a linear model to perform classification.
A reasonable idea is to fit a vector of coefficients 5 such that the label is predicted to equal 1 if
(£®, B) is larger than a certain quantity, and 0 if it is smaller. This requires finding 3 € RP and
Bp such that

. 1 if 7@ 3) >0
y(z) — { 1 50_'_ <Z‘ 7ﬁ> > (100)

0 otherwise
for as many 1 <+ < n as possible. This method is called the perceptron algorithm. The model is
fit by considering each feature vector sequentially and updating £ if the current classification is
wrong. This method is guaranteed to converge if the data are linearly separable, i.e. if there is a

hyperplane in the p-dimensional feature space RP separating the two classes. However, if this is
not the case, then the method becomes unstable.

4.2 Logistic regression

Logistic regression is an example of a generalized linear model. Generalized linear models extend
the linear regression paradigm by incorporating a link function that performs an entry-wise non-
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Figure 9: The logistic function used as a link function in logistic regression.

linear transformation of the output of a linear model. In the case of logistic regression, this link
function is the logistic function

1

1+ exp(—t)’ (101

g(t):
depicted in Figure 9. The output of g is always between 0 and 1. We can interpret the function as
a smoothed version of the step function used by the perceptron algorithm, as it maps large values
to 1 and small values to 0.

The logistic-regression model is of the form
y =g (Bo + (7, 5>> : (102)

To simplify notation, from now on we assume that one of the feature vectors is equal to a constant,
so that [ is included in 5 . The logistic-regression estimator is obtained by calibrating E in order
to optimize the fit to the training data. This can be achieved by maximizing the log-likelihood
function derived in the following theorem.

Theorem 4.1 (Logistic-regression cost function). Assume that yV, ..., y™ are independent
samples from Bernoulli random variables with parameter

pyo (1) = g (79, 8)) (103)
where the vectors £V, ..., Z™ € RP are known. The mazimum-likelihood estimate ofg given

y D, y™ s equal to

B, = iy“’ logg (79, 3)) + (1= y9) log (1 g (7. 5))). (104)

=1
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Proof. The likelihood L (ﬁ) is defined as the joint pmf of the random variables y™, ... y®
interpreted as a function of the coefficient vector. Due to the independence assumption,

L (5) = pym, .y (¥, y™) (105)
~TLo (@0.)" (1-o (0.3)) ™" (106)
=1

Maximizing this nonnegative function is the same as maximizing its logarithm, so the proof is
complete. O

Even though it is quite implausible that the probabilistic assumptions assumed in this theorem
actually hold in practice, the corresponding log-likelihood function is very useful. It penalizes
classification errors in a smooth way and is easy to optimize (as we will see later on).

Definition 4.2 (Logistic-regression estimator). Given a set of examples (yV,zW), (y®,z®),
cee (y(”), :)3’(")), we define the logistic-regression coefficient vector as

= 3"y logg (@9.5) + (1— ) 1og (1= (@9, 3)). (107)
=1

where we assume that one of the features is always equal to one, so we don’t have to fit an intercept.
For a new feature vector ¥ the logistic-regression prediction is

- {1 if g ((977 gLR)) >0, (108)

0 otherwise.

The value g ((f, ELR>> can be interpreted as the probability under the model that the label of the
example equals 1.

Example 4.3 (Flower classification). The Iris data set was compiled by the statistician Ronald
Fisher in 1936. It contains examples of three species of flowers, together with measurements
of the length and width of their sepal and petal. In this example, we consider the problem of
distinguishing between two of the species using only the sepal lengths and widths.

We assume that we just have access to 5 examples of Iris setosa (label 0) with sepal lengths 5.4,
4.3, 4.8, 5.1 and 5.7, and sepal widths 3.7, 3, 3.1, 3.8 and 3.8, and to 5 examples of Iris versicolor
(label 1) with sepal lengths 6.5, 5.7, 7, 6.3 and 6.1, and sepal widths 2.8, 2.8, 3.2, 2.3 and 2.8.
We want to classify two new examples: one has a sepal length of 5.1 and width 3.5, the other
has length 5 and width 2. Sy = 2.06. After centering and normalizing the data set (note that we
ignore the labels to center and normalize), we fit a logistic regression model, where the coefficient
vector equals

B = (109)
—29.6

and the intercept [y equals 2.06. The coefficients suggest that versicolor has larger sepal length
than setosa, but smaller sepal width. The following table shows the values of the features, their
inner product with Sy r and the output of the logistic function.

24


http://en.wikipedia.org/wiki/Iris_flower_data_set

O 0
eoe Setosa
Versicolor

Sepal width

0.0 0.5
Sepal length

Figure 10: The data used in Example 4.3 is plotted in different colors depending on the corresponding
flower species. The direction of Srg is shown as a black arrow. The heat map corresponds to the value

of g ((f, BLR> + ﬂo> at every point. The two new examples are depicted as white diamonds.
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Figure 11: The data from the Iris data set plotted in different colors depending on the corresponding
flower species. The direction of i, is shown as a black arrow. The heat map corresponds to the value

of g ((:1?, ELR> + 60> at every point.
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0.4
0.3
0.2
0.1
0.0
-0.1
-0.2
-0.3
-0.4

Figure 12: The coefficient vector gLR obtained by fitting a logistic-regression model to distinguish be-
tween 6 and 9. The vector is reshaped so that each coefficient is shown at the position of the corresponding
pixel.

i 1 2 3 4 5 6 7 8 9 10
#01] -0.12 | -0.56 | -0.36 | -0.24 | 0.00 | 0.33 | 0.00 | 0.53 | 0.25 | 0.17
7 @[2] 0.38 | -0.09 | -0.02 | 0.45 | 0.45 | -0.22 | -0.22 | 0.05 | -0.05 | -0.22

(ZD, Bir) + By | -12.9 | -13.5| -8.9 | -18.8 | -11.0 | 19.1 | 87 | 17.7| 26.3 | 13.9
g(<f@>,5m>+ﬁo> 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00

Figure 10 shows the data, which are linearly separable, the direction of ELR (black arrow) and
a heat map of values for ¢ ((:7:’, ELR>) which shows are assigned to what category and with how

much certainty. The two new examples are depicted as white diamonds, the first is assigned to
setosa and the second to wversicolor with almost total certainty. Both decisions are correct.

Figure 11 shows the result of trying to classify between Iris virginica and Iris versicolor based
on petal length and sepal width. In this case the data is not linearly separable, but the logistic-
regression model still partitions the space in a way that approximately separates the two classes.

The value of the likelihood ¢ ((:E, E L R>) allows us to quantify the certainty with which the model
classifies each example. Note that the examples that are misclassified are assigned low values. A

Example 4.4 (Digit classification). In this example we use the MNIST data set® to illustrate
image classification. We consider the task of distinguishing a digit from another. The feature
vector #; contains the pixel values of an image of a 6 (y; = 1) or a 9 (; = 0). We use 2000
training examples to fit a logistic regression model. The coefficient vector is shown in Figure 12,
the intercept is equal to 0.053. The model manages to fit the training set perfectly. When tested
on 2000 new examples, it achieves a test error rate of 0.006. Figure 13 shows some test examples
and the corresponding probabilities assigned by the model. A

3 Available at http://yann.lecun.com/exdb/mnist/
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™
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20.88

16.41

-15.83

7.612

7.822

-2.384

g </§Tf+ 50) Pred. EEL? Tz grz
1.00 6 6 18.22
1.00 6 6 1471
0.00 9 9 -17.02
0.9995 6 9 0431
0.9996 6 9 E 5,084
0.084 9 6 1.164

3T = True
g <B x+ 50) Pred. label

1.00 6 6
0.00 9 9
0.00 9 9
0.606 6 9
0.0025 9 6
0.238 9 6

Figure 13: Examples of digits in the MNIST data set along with the value of B_T T+ 5y and the probability
assigned by the model.
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5 Proofs

5.1 Proof of Lemma 2.2

To ease notation let X := X °" and 7 := X71. Note that

1 — —
gj»(:ent — g»_ -1 1T—»’ (110)
n
~ 1.
X=X--172" (111)
n
By Theorem 2.1
BLS 7T )\ a7
= ([X 1} [X 1D [X 1] g (112)
Brs.o
-1
XTX 71 X1y
= ~ ) (113)
2 n 17y
We now apply the following lemma.
Lemma 5.1. For any matrices A € R™*, let
1
B=A- 13" (114)
n
be invertible, then
—1
Az B! —1ip-1y
= " (115)
T n _iFTpl 1y AgTpoly

Proof. One can check the result by multiplying the two matrices and verifying that the product
is the identity. O

Setting A := X7 X, we have

1
B=X"X - —z3" (116)
n
1. ,.\" 1o,
=(X—-——-17 X—-—-1z (117)
n n
= XTX. (118)
As a result, by the lemma
r ~  ~\ —1 ~  ~\ —1
3 XTX) 1 XTX) 7| [x7y
fso| -4 (XTX) L4kt (XTX) @] | 179
- — o\ —1 .
(X7X) x7(5-L1179)
= _ A . | (120)
1T (RTX) X7 (- HTTg) + 2



which implies

. . SRRSO | 1. N1
XBis + Arsol = X (X7X) Xt - 157 (X7X) X7 + av (7)
n
1

~ ~ N\ —1
= X (X7X) XTgetav ()

~ [~ ~\ —1 ~ o
- X <XTX> XTgeent 4 ay () T,

where the last inequality follows from

v T —cent 1_’_’T 4 - ]‘_’_’T—»
=Xy--X'1I"y—--X"1I"y+ —
n n n
1 -
= X7y EXTﬁTg
:XTg»cent

. N1~
Since [ = (X X ) XTgeent the proof is complete.

5.2 Proof of Lemma 3.4

The orthogonal projection of X; onto the span of X; equals

Pspan(Xj) X = <X17 XJ> Xj

SO
2
[|Papantcy Xil [, = (Xi, X;)° |1 X[ = 1 = €
and
2 ) ) )
‘ ,Pspan(Xj)L Xi 9 - ||XZH2 o Hpspan(Xj) X’H2 =€
Consider the unit norm vector w € RP
\/% ifl =1
wll] = _\/Li ifl=y
0 otherwise.
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(121)
(122)

(123)

(124)

(125)

(126)
(127)

(128)

(129)

(130)

(131)



We have

—(12 1 2
1Xwlly = 5 11X = X1l

2] wpan6) Xi + Papancx, 2
H7’span )Xo = X[, + 2’ span(X;)

:—H<Xz'>X'>Xj—XjH§+§2
X e S

= 62.

Finally by Theorem 2.7 in Lecture Notes 2

Op = HHHHHI ”X6‘|2 > HXwH2 =€
=

5.3 Proof of Lemma 3.12

By Bayes’ rule, the posterior pdf of & given ¥y is equal to

(317 I35 (7.9)
(719) = 2200
v f5 (@)
so for fixed ¥/

arg max f515 (ﬁ | 17) = argmax fay (5 : z?)
= argma 5 (7) fy1 (715).

Since all the quantities are nonnegative, we can take logarithms

argmgxf,gly, <g‘ 37) = argmgxlogfﬁ <g> + Ing§|[a’ (g‘ g) .

Since, conditioned on 3 = (3, y is iid Gaussian with mean X3 and variance o3

o)l (- (1)

o gy @ (a7~ 441
=log————exp|—55

(27{) O’S 20’% 2
_ 1 ‘
203

—|

y—Xp

—|

y—Xp

+ log ——.
‘2 (2m)"o%
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(132)
(133)
(134)
(135)

(136)
(137)

(138)

(139)

(140)

(141)

(142)

(143)

(144)

(145)



Similarly,

~ ) 1
1 »( ): log ——— 146
Setting
2
ag
=2 147
o (147)

combining (142), (145) and (146) and ignoring the terms that do not depend on § completes the
proof.
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Optimization-based data analysis Fall 2017

Lecture Notes 7: Convex Optimization

1 Convex functions

Convex functions are of crucial importance in optimization-based data analysis because they can
be efficiently minimized. In this section we introduce the concept of convexity and then discuss
norms, which are convex functions that are often used to design convex cost functions when fitting
models to data.

1.1 Convexity

A function is convex if and only if its curve lies below any chord joining two of its points.

Definition 1.1 (Convex function). A function f: R" — R is convez if for any T,y € R™ and any
6 € (0,1),

0f (@) +(1=0)f() =[O0+ (1-0)7). (1)
The function is strictly convex if the inequality is always strict, i.e. if ¥ # i implies that
0f (Z)+(1=0)f (@) >[0T+ (1-0)7). (2)

A concave function is a function f such that —f is convew.

Linear functions are convex, but not strictly convex.

Lemma 1.2. Linear functions are convex but not strictly convex.

Proof. Tf f is linear, for any &,y € R™ and any 6 € (0, 1),

fOT+(1=0)y)=0f(Z)+(1-0)f (7). (3)

Condition (1) is illustrated in Figure 1. The following lemma shows that when determining whether
a function is convex we can restrict our attention to its behavior along lines in R”.

Lemma 1.3 (Proof in Section 4.1). A function f : R™ — R is convex if and only if for any two
points T,y € R" the univariate function gz gz : [0,1] = R defined by

g9zg (@) = f (aZ + (1 — @) ) (4)

is convex. Similarly, f is strictly convez if and only if gz y is strictly convex for any T # v.



Figure 1: Illustration of condition (1) in Definition 1.1. The curve corresponding to the function must
lie below any chord joining two of its points.

Convex functions are easier to optimize than nonconvex functions because once we find a local
minimum of the function we are done: every local minimum is guaranteed to be a global minimum.

Theorem 1.4 (Local minima are global). Any local minimum of a convex function is also a global
MINIMAUM.

Proof. We prove the result by contradiction. Let Zj,. be a local minimum and Zg, a global
minimum such that f (Zgon) < f (Zioc). Since T is a local minimum, there exists v > 0 for which
[ (Zoe) < f(Z) for all ¥ € R™ such that ||Z — Ziecl|, < 7. If we choose 6 € (0,1) small enough,
Ty 1= O0T10c + (1 — 0) Tgiop satisfies ||Ty — Zioc||, < 7 and therefore

[ (Zroe) < [ (Zo) (5)
S Qf (floc) + (1 - 8) f (fglob) by COHVGXity of f (6)

< f(Ze) because f (Zgon) < f (ZLioc)- (7)

]

1.2 Norms

Many of the cost functions that we consider in data analysis involve norms. Conveniently, all
Nnorms are Convex.

Lemma 1.5 (Norms are convex). Any valid norm ||-|| is a convex function.

Proof. By the triangle inequality inequality and homogeneity of the norm, for any &,y € R™ and
any 6 € (0,1)

107+ (1 = ) gl < [102]] + (1 = ) gl| = O [|Z]] + (1 — ) ||4]]. (8)



The following lemma establishes that the composition between a convex function and an affine
function is convex. In particular, this means that any function of the form

£(&) = HAerBH (9)

is convex for any fixed matrix A and vector b with suitable dimensions.

Lemma 1.6 (Composition of convex and affine function). If f : R" — R is convex, then for any
A e R™™ and any b € R™, the function

h(Z) = f (Af+ 5) (10)
1S CONVEL.
Proof. By convexity of f, for any Z, ¢ € R™ and any 6 € (0,1)
h(07+(1—0)7) = f (9 (Af+ E) 4 (1-6) (ij+ b))

<0f (Af+6)+(1—9)f(Ag+6) (
—0h(@) +(1—0)h(F).

—~ —~
—_ = =
w N =
~— ~—

]

The number of nonzero entries in a vector is often called the ¢, “norm” of the vector. Despite its
name, it is not a valid norm (it is not homogeneous: for any Z ||2Z||, = ||Z||, # ||Z]|,). In fact,
the £y “norm” is not even convex.

Lemma 1.7 ({y, “norm” is not convex). The ly “norm” defined as the number of nonzero entries
i a vector is not convez.

Proof. We provide a simple counterexample with vectors in R? that can be easily extended to
vectors in R™. Let & := ({) and ¢ := ({), then for any 6 € (0,1)

162+ (1= 0) gl =2 > 1 =6 1l, + (1~ 0) ||l (14)
O

Example 1.8 (Promoting sparsity). Finding sparse vectors that are consistent with observed data
is often very useful in data analysis. Let us consider a toy problem where the entries of a vector
are constrained to be of the form

t
7= |t—1]. (15)
t—1

Our objective is to fit ¢ so that ¥, is as sparse as possible or, in other words, minimize ||z||,.
Unfortunately this function is nonconvex. The graph of the function is depicted in Figure 2. In
contrast, if we consider

f() = lai| (16)
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Figure 2: Graph of the function (16) for different norms and for the nonconvex ¢y “norm”.

where ||-|| is a valid norm, then we can exploit local information to find the global minimum
(we will discuss how to do this in more detail later on) because the function is convex in ¢ by
Lemma 1.6. This is impossible to do for ||7;||, because it is constant except at two isolated points.
Figure 2 shows f for different norms.

The ¢; norm is the best choice for our purposes: it is convex and its global minimum is at the
same location as the minimum ¢; “norm” solution. This is not a coincidence: minimizing the ¢,
norm tends to promote sparsity. When compared to the 5 norm, it penalizes small entries much
more (€2 is much smaller than |e| for small €), as a result it tends to produce solutions that contain
a small number of larger nonzero entries. A

The rank of a matrix interpreted as a function of its entries is also not convex.

Lemma 1.9 (The rank is not convex). The rank of matrices in R™" interpreted as a function
from R™™ to R is not convex.

Proof. We provide a counterexample that is very similar to the one in the proof of Lemma 1.7.

Let
10 0 0
X = lo O} , Y = [0 1] : (17)
For any 0 € (0,1)
rank (0X +(1—-0)Y)=2>1=0rank(X) + (1 — 0) rank (V). (18)
O]



— Rank
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Operator norm [
— Frobenius norm
— Nuclear norm

1.0
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Figure 3: Values of different norms for the matrix M (t) defined by (19). The rank of the matrix for
each t is marked in green.

Example 1.10 (Promoting low-rank structure). Finding low-rank matrices that are consistent
with data is useful in applications of PCA where data may be corrupted or missing. Let us consider
a toy problem where our goal is to find ¢ so that

05+t 1 1
M(@#)==1| 05 05 t]|, (19)
05 1—¢ 05

is as low rank as possible. In Figure 3 we compare the rank, the operator norm, the Frobenius
norm and the nuclear norm of M (t) for different values of ¢. As expected, the rank is highly
nonconvex, whereas the norms are all convex, which follows from Lemma 1.6. The value of ¢ that
minimizes the rank is the same as the one that minimizes the nuclear norm. In contrast, the values
of ¢t that minimize the operator and Frobenius norms are different. Just like the ¢; norm promotes
sparsity, the nuclear norm, which the ¢; norm of the singular values, promotes solutions with low
rank, which is the ¢y “norm” of the singular values. JAN

2 Differentiable convex functions

2.1 First-order conditions

The gradient is the generalization of the concept of derivative, which captures the local rate of
change in the value of a function, in multiple directions.



Definition 2.1 (Gradient). The gradient of a function f : R" — R at a point £ € R" is defined
to be the unique vector V f(Z) € R™ satisfying

i S @+ 9) = f@) = V@)D _ 0
70 121]2

assuming such a vector V f(Z) exists. If Vf(¥) exists then it is given by the vector of partial
derivatives:

o5
Qg

8y
S

(
97[1]
af (&
V(@)= |%C|. (20)

>

91 (%)
OF[n]

If the gradient exists at every point, the function is said to be differentiable.

The gradient encodes the variation of the function in every direction.

Lemma 2.2. If a function f : R* — R is differentiable, the directional derivative f of f at &
equals

= (Vf(2),1) (22)

for any unit-norm vector © € R".

We omit the proof of the lemma, which is a basic result from multivariable calculus. An important
corollary is that the gradient provides the direction of maximum positive and negative variation
of the function.

Corollary 2.3. The direction of the gradient V f of a differentiable function f : R™ — R s the
direction of maximum increase of the function. The opposite direction is the direction of maximum
decrease.

Proof. By the Cauchy-Schwarz inequality

15 @] = [vr @ @ (23)

< IVF (@)l |4l (24)

= IV f (@)l], (25)

with equality if and only if @ = 4+ V@ m

Vi@,

Figure 4 shows the gradient of a function f : R? — R at different locations. The gradient is
orthogonal to the contour lines of the function. The reason is that by definition the function does
not change along the contour lines, so the directional derivatives in those directions are zero.



=

Figure 4: Contour lines of a function f : R? — R. The gradients at different points are represented by
black arrows, which are orthogonal to the contour lines.

The first-order Taylor expansion of a differentiable function is a linear function that approximates
the function around a certain point. Geometrically, in one dimension this linear approximation
is a line that is tangent to the curve (z, f(x)). In multiple dimensions, it is a hyperplane that is
tangent to the hypersurface (7, f (¥)) at that point.

Definition 2.4 (First-order approximation). The first-order or linear approximation of a differ-
entiable function f: R™ — R at ¥ is

@) =f@+VfE@" G-17). (26)

By construction, the first-order approximation of a function at a given point is a linear function
that has exactly the same directional derivatives at that point. The following theorem establishes
that a function f is convex if and only if the linear approximation f2 is a lower bound of f for
any © € R". Figure 5 illustrates the condition.

Theorem 2.5 (Proof in Section 4.2). A differentiable function f:R™ — R is convex if and only
if for every ¥,y € R™

F@) =@+ V@ 7-1). (27)
It is strictly convex if and only if
F@)>1@+Vi@ G-1). (28)

An immediate corollary is that for a convex function, any point at which the gradient is zero is a
global minimum. If the function is strictly convex, the minimum is unique. This is very useful for
minimizing such functions, once we find a point where the gradient is zero we are done!



Figure 5: An example of the first-order condition for convexity. The first-order approximation at any
point is a lower bound of the function.

epi (f)

Figure 6: Epigraph of a function.

Corollary 2.6. If a differentiable function f is conver and V f (Z) = 0, then for any §j € R

f@) > f(@). (29)

—

If f is strictly convex then for any iy # &
F@) > f(). (30)

For any differentiable function f and any # € R" let us define the hyperplane H;z; C R™*! that
corresponds to the first-order approximation of f at 7,

Mpg=qulon+1]=fz| | - : (31)



The epigraph is the subset of R™™! that lies above the graph of the function. Recall that the
graph is the set of vectors in R"*! obtained by concatenating ¥ € R” and f (Z) for every & € R™.
Figure 6 shows the epigraph of a convex function.

Definition 2.7 (Epigraph). The epigraph of a function f : R™ — R is the set

epi(f) =T f <Zn+1],. (32)

Geometrically, Theorem 2.5 establishes that the epigraph of a convex function always lies above
H sz By construction, Hyz and epi(f) intersect at Z. This implies that H;z is a supporting
hyperplane of epi (f) at Z.

Definition 2.8 (Supporting hyperplane). A hyperplane H is a supporting hyperplane of a set S
at T if

e H and S intersect at T,

e S is contained in one of the half-spaces bounded by H.
The optimality condition in Corollary 2.6 has a very intuitive geometric interpretation in terms of
the supporting hyperplane H;z Vf = 0 implies that Hz is horizontal if the vertical dimension

corresponds to the n + 1th coordinate. Since the epigraph lies above hyperplane, the point at
which they intersect must be a minimum of the function.

2.2 Second-order conditions

The Hessian matrix of a function contains its second-order partial derivatives.

Definition 2.9 (Hessian matrix). A differentiable function f : R™ — R is twice differentiable at
T € R" if there is a matriz V2 f(Z) € R™" such that

IV h) = V@) = V@il
A 1

If V2 f(Z) exists then it is given by

[ i@ @) P21 (F) |
T[] dZ[1]0Z[2] BZ[1]0Z[n]
9’ f(Z) 9*f(Z) *f(Z)
\V& f(f) — | 8Z[1]97[2] aZ[1]2 A7[2]0F[n] (33)
9’ f(Z) O f(Z) O f(Z)
| 92[1]0z[n]  97[2]0Z[n] ozF[n]? |

If a function has a Hessian matriz at every point, we say that the function is twice differentiable.

If each entry of the Hessian is continuous, we say f is twice continuously differentiable.



Figure 7: Second-order approximation of a function.

Note that by (33) if f : R — R” is differentiable everywhere and twice differentiable at #¥ € R”
then the Hessian V2 f(7) is always a symmetric matrix.

As you might recall from basic calculus, curvature is the rate of change of the slope of the function
and is consequently given by its second derivative. The Hessian matrix encodes the curvature of
the function in every direction, another basic result from multivariable calculus.

Lemma 2.10. If a function f : R™ — R is twice differentiable, the second directional derivative
f2 of f at ¥ equals

fi (@) =a"V*f (D)4, (34)
for any unit-norm vector i € R".
The Hessian and the gradient of a twice-differentiable function can be used to build a quadratic

approximation of the function. This approximation is depicted in Figure 7 for a one-dimensional
function.

Definition 2.11 (Second-order approximation). The second-order or quadratic approximation of

fatiis

@ =f@+Vf@G-2)+5G-2) V(@) G- (35)

N —

By construction, the second-order approximation of a function at a given point is a quadratic form
that has exactly the same directional derivatives and curvature at that point. This second-order
approximation is a quadratic form.

Definition 2.12 (Quadratic functions/forms). A quadratic function q : R™ — R is a second-order
polynomial in several dimensions. Such polynomials can be written in terms of a symmetric matriz
A e R™™ q vector b € R™ and a constant ¢

q (%) :=FTAZ+ b T+ c. (36)

A quadratic form is a (pure) quadratic function where b=0 and c = 0.

10



The quadratic form f2 () becomes an arbitrarily good approximation of f as we approach Z, even
if we divide the error by the squared distance between Z and 7. We omit the proof that follows
from multivariable calculus.

Lemma 2.13. The quadratic approzimation f3 : R* — R at ¥ € R™ of a twice differentiable
function f :R™ — R satisfies

(37)

To find the maximum curvature of a function at a given point, we can compute an eigendecom-
position of its Hessian.

Theorem 2.14. Let A = UAUT be the eigendecomposition of a symmetric matriz A, where
A1 > - > N\, (which can be negative) are the eigenvalues and wy, ..., U, the corresponding
eigenvectors. Then

A = max 7T A7, (38)
{lIzll,=1| zern }

i, = argmax 2@ AT, (39)
{llZ]l,=1 | Zer" }

n = min T Az, (40)
{l1zlly=1 | zer }

i, = argmin 2T AZ. (41)
{lI#ll;=1] zern }

Proof. By Theorem 4.3 in Lecture Notes 2 the eigendecomposition of A is the same as its SVD,
except that some of the eigenvalues may be negative (which flips the direction of the corresponding
eigenvectors with respect to the singular vectors). The result then follows from Theorem 2.7 in
the same lecture notes. O

Corollary 2.15. Consider the eigendecomposition of the Hessian matriz of a twice-differentiable
function f at a point ¥. The mazimum curvature of f at T is given by the largest eigenvalue of
V2f(Z) and is in the direction of the corresponding eigenvector. The smallest curvature, or the
largest negative curvature, of f at T is given by the smallest eigenvalue of V2 f (¥) and is in the
direction of the corresponding eigenvector.

If all the eigenvalues of a symmetric matrix A € R™*" are nonnegative, the matrix is said to be pos-
itive semidefinite. The pure quadratic form corresponding to such matrices is always nonnegative.

Lemma 2.16 (Positive semidefinite matrices). The eigenvalues of a symmetric matriz A € R"*"
are all nonnegative if and only if

7T AZ >0 (42)

for all ¥ € R™. Such matrices are called positive semidefinite.

11



Convex Concave Neither

Figure 8: Quadratic forms for which the Hessian is positive definite (left), negative definite (center) and
neither positive nor negative definite (right).

Proof. By Theorem 2.14, the matrix has an eigendecomposition A = UAUT where the eigenvectors
i1, ..., U, form an orthonormal basis so that

i' A7 = Z'UANUT 7 (43)
=3 \{ii;, ©). (44)

i=1
]

If the eigenvalues are positive the matrix is positive definite. If the eigenvalues are all nonposi-
tive, the matrix is negative semidefinite. If they are negative, the matrix is negative definite. By
Corollary 2.15 a twice-differentiable function has positive (resp. nonnegative) curvature in every
direction if its Hessian is positive definite (resp. semidefinite) and it has negative (resp. nonposi-
tive) curvature in every direction if the Hessian is negative definite (resp. semidefinite). Figure 8
illustrates this in the case of quadratic forms in two dimensions.

For univariate functions that are twice differentiable, convexity is dictated by the curvature. The
following lemma establishes that univariate functions are convex if and only if their curvature is
always nonnegative.

Lemma 2.17 (Proof in Section 4.4). A twice-differentiable function g : R — R is convez if and
only if ¢" () > 0 for all x € R.

A corollary of this result is that twice-differentiable functions in R™ are convex if and only if their
Hessian is positive semidefinite at every point.

Corollary 2.18. A twice-differentiable function f : R™ — R is convex if and only if for every
T € R", the Hessian matriz V2 f (T) is positive semidefinite.

Proof. By Lemma 1.3 we just need to show that the univariate function g;; defined by (4) is
convex for all 6,5 € R™. By Lemma 2.17 this holds if and only if the second derivative of 9ap

is nonnegative. This quantity is nonnegative for all 6,5 € R" if and only if V2f (Z) is positive
semidefinite for any ¥ € R™. O

12



Remark 2.19 (Strict convexity). If the Hessian is positive definite, then the function is strictly
convex (the proof is essentially the same). However, there are functions that are strictly convex

for which the Hessian may equal zero at some points. An example is the univariate function
f(z) = 2%, for which f"(0) = 0.

We can interpret Corollary 2.18 in terms of the second-order Taylor expansion of f : R®™ — R at
Z: f is convex if and only if this quadratic approximation is always convex.

3 Minimizing differentiable convex functions

In this section we describe different techniques for solving the optimization problem

min  f (%), (45)

ZeR™

when f is differentiable and convex. By Theorem 1.4 any local minimum of the function is also
a global minimum. This motivates trying to make progress towards a solution by exploiting local
first and second order information.

3.1 Gradient descent

Gradient descent exploits first-order local information encoded in the gradient to iteratively ap-
proach the point at which f achieves its minimum value. The idea is to take steps in the direction
of steepest descent, which is —V f (&) by Corollary 2.3.

Algorithm 3.1 (Gradient descent, aka steepest descent). Set the initial point £°) to an arbitrary
value in R™. Update by setting

g = 7® — o v (7W), (46)
where ap > 0 is a nonnegative real number which we call the step size, until a stopping criterion

18 met.

Examples of stopping criteria include checking whether the relative progress
&0 — 20,

17 @],

(47)

or the norm of the gradient are below a predefined tolerance. Figure 9 shows two examples in
which gradient descent is applied in one and two dimensions. In both cases the method converges
to the minimum.

In the examples of Figure 9 the step size is constant. In practice, determining a constant step
that is adequate for a particular function can be challenging. Figure 10 shows two examples to
illustrate this. In the first, the step size is too small and as a result convergence is extremely slow.
In the second the step size is too large which causes the algorithm to repeatedly overshoot the
minimum and eventually diverge.

13
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Figure 9: Iterations of gradient descent applied to a univariate (left) and a bivariate (right) function.
The algorithm converges to the minimum in both cases.

Ideally, we would like to adapt the step size automatically as the iterations progress. A possibility
is to search for the minimum of the function along the direction of the gradient,

ay ;= argmin h («) (48)
= argmin f (Z® — VI (FW)). (49)

This is called a line search. Recall that the restriction of an n-dimensional convex function to a
line in its domain is also convex. As a result the line-search problem is a one-dimensional convex
problem. However, it may still be costly to solve. The backtracking line search is an alternative
heuristic that produces very similar results in practice at less cost. The idea is to ensure that we
make some progress in each iteration, without worrying about actually minimizing the univariate
function.

Algorithm 3.2 (Backtracking line search with Armijo rule). Given o > 0 and 3,1 € (0,1), set
oy, = a’ 3" for the smallest integer i such that £*+tD .= 2®) — , V f (f(k)) satisfies

@) < f(7W) - %ak I\Zi (f(’“))Hia (50)

a condition known as Armijo rule

Figure 11 shows the result of applying gradient descent with a backtracking line search to the
same example as in Figure 10. In this case, the line search manages to adjust the step size so that
the method converges.

Example 3.3 (Gradient descent for least squares). Gradient descent can be used to minimize the
least-squares cost function

y—XB|| . (51)

2

mlnlmlzegeRp
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Figure 10: Iterations of gradient descent when the step size is small (left) and large (right). In the first
case the convergence is very small, whereas in the second the algorithm diverges away from the minimum.
The initial point is bright red.
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Figure 11: Gradient descent using a backtracking line search based on the Armijo rule. The function is
the same as in Figure 10.

15



described in Section 2 of Lecture Notes 6 to fit a linear regression model from n examples of the
form,

(y®,7W) (4@ 7@ (g, 70 (52)

The cost function is convex by Lemma 1.6 (also its Hessian X7 X is positive semidefinite). The
gradient of the quadratic function

1 (5) (53)
= FTXTXfG - QET XTg+ 4"y (54)
equals

Vf(F) =2X"X5 - 2X"y (55)

so the gradient descent updates are
B = B9 4 20, X7 (7 - X5®) (56)
= §® 20,y (gm — (2, guc))) 20 (57)

i=1

This has a very intuitive interpretation in terms of the examples: if ¢/¥) is larger than (z(®, E(k))
we add a small multiple of () in order to reduce the difference, if it is smaller we subtract it.

Gradient descent is not the best first-order iterative optimization method for least-squares min-
imization. The conjugate-gradients method is better suited for this problem. We refer to [5] for
an excellent tutorial on this method. A

Example 3.4 (Gradient ascent for logistic regression). Since gradient descent minimizes convex
functions, gradient ascent (where we climb in the direction of the gradient) can be used to maximize
concave functions. In particular, let us consider the logistic regression log-likelihood cost function

3) =y logyg ((f‘i’, 5)) +(1—y") log (1 —9 <<f(i),5>>> (58)
i=1
from Definition 4.2 of Lecture Notes 6, where g () = (1 —exp —t)~ 1 the labels 3@, 1 < i < n,

are equal to 0 or 1, and the features #(® are vectors in R”. We establish that this cost function is
concave in Corollary 3.23. The gradient of this cost function is given in the following lemma.

Lemma 3.5. The gradient of the function f in equation (58) equals
Zy (1= 9@, 3)) 79 = (1= y) g((#©, 87, (59)

Proof. The result follows from the identities

gt)=gt)(1-g(t), (60)
(1-g@) =-gt)1—-g() (61)
and the chain rule. A
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The gradient ascent updates
e = k>+ak2y (1 - 9@, 39)) #9 = (1 =) g(@0. FONF0. (62)

have an intuitive interpretation. If 7@ equals 1, we add 2 scaled by the error 1 — g((Z®, 3))
to push g((Z®, 5)) up towards #*). Similarly, if 7 equals 0, we subtract = scaled by the error
g({£D, B)) to push g((Z®, 3)) down towards 7). A

3.2 Convergence of gradient descent

In this section we analyze the convergence of gradient descent. We begin by introducing a notion
of continuity for functions from R" to R™.

Definition 3.6 (Lipschitz continuity). A function f : R" — R™ is Lipschitz continuous with
Lipschitz constant L if for any T,y € R"™

L (@) = F(@D)ly < Ly — 2l (63)
We focus on functions that have Lipschitz-continuous gradients. The following theorem shows
that these functions are upper bounded by a quadratic function.

Theorem 3.7 (Proof in Section 4.5). If the gradient of a function f : R™ — R is Lipschitz
continuous with Lipschitz constant L,

IV (@) = V@, < Ll = 7l (64)

then for any ¥,y € R”
— — NT /> — L — =112
f@) = f@+ V@) G -2)+ 5y -2l (65)

The quadratic upper bound immediately implies a bound on the value of the cost function after
k iterations of gradient descent.

Corollary 3.8. Let ) be the ith iteration of gradient descent and oy > 0 the ith step size, if V f
18 L-Lipschitz continuous,

FE) < 7 @) - (1- 255 ) 95 E)] ()
Proof. Applying the quadratic upper bound we obtain
L L L L. L
f( k+1)<f( )+vf(x(k))T(x(k+1)_x(k)>+§Hx(k+1)_$(k)’|; (67)
The result follows because Z **) — 7*) = —q, V f (f(k)). O
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We can now establish that if the step size is small enough, the value of the cost function at each
iteration will decrease (unless we are at the minimum, where the gradient is zero).

Corollary 3.9 (Gradient descent is a descent method). If ay, < £

F(EEDY < F (W) - % |V f (f(k))H; (68)

Note that up to now we are not assuming that the function we are minimizing is convex. Gra-
dient descent will make local progress even for nonconvex functions if the step size is sufficiently
small. We now establish global convergence for gradient descent applied to convex functions with
Lipschitz-continuous gradients.

Theorem 3.10. We assume that [ is convex, V [ is L-Lipschitz continuous and there exists a
point ©* at which [ achieves a finite minimum. If we set the step size of gradient descent to
ar = a < 1/L for every iteration,

fEM) = @) < ”9”(0;;5 s (69)
Proof. By the first-order characterization of convexity
FEED) v (@ED) (@ - 2ED) < F (@), (70)
which together with Corollary 3.9 yields
FE0) =g @) < Vf (EE)" FE0 -3 = S|V @), (71)
= 5q (¢ = |G- |70 — 7 —avs GC)E) ()
= 5= (e = 2|, e - 7] (73

Using the fact that by Corollary 3.9 the value of f never increases, we have

k
FED) -~ FE) <230 FEW) - f ) (74)
=1
< gz (FO - 7IE - 117 - #°[1) 75)
[ERREs
20k 2 (76)

The theorem assumes that we know the Lipschitz constant of the gradient beforehand. However,
the following lemma establishes that a backtracking line search with the Armijo rule is capable of
adjusting the step size adequately.
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Lemma 3.11 (Backtracking line search). If the gradient of a function f : R™ — R is Lipschitz
continuous with Lipschitz constant L the step size obtained by applying a backtracking line search
using the Armijo rule with n = 0.5 satisfies

O > Qpip = Min {ao, %} ) (77)

Proof. By Corollary 3.8 the Armijo rule with n = 0.5 is satisfied if a, < 1/L. Since there must
exist an integer 4 for which 3/L < a°8" < 1/L this establishes the result. O

We can now adapt the proof of Theorem 3.10 to establish convergence when we apply a back-
tracking line search.

Theorem 3.12 (Convergence with backtracking line search). If f is convex and V f is L-Lipschitz
continuous. Gradient descent with a backtracking line search produces a sequence of points that
satisfy

F0 5
ra®) - < )

where Qi = min {ao, %

Proof. Following the reasoning in the proof of Theorem 3.10 up until equation (73) we have

* 2) . (79)

f(f(k:)) @Y < (Hx(k 1) _ 2

, — |2 =

(0%}

By Lemma 3.11 a; > aupin, S0 we just mimic the steps at the end of the proof of Theorem 3.10 to
obtain

) -

wl»—*

Z (") (80)
1

2am <Ha:(0) ||, — Hx(k) -z §> (81)
0 e

= ok )

]

The results that we have proved imply that we need O (1/¢€) to compute a point at which the cost
function has a value that is € close to the minimum. However, in practice gradient descent and
related methods often converge much faster.
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3.3 Accelerated gradient descent

The following theorem by Nesterov shows that no algorithm that uses first-order information can
converge faster than O (1/4/€) for the class of functions with Lipschitz-continuous gradients. The
proof is constructive, see Section 2.1.2 of [4] for the details.

Theorem 3.13 (Lower bound on rate of convergence). There exist conver functions with L-
Lipschitz-continuous gradients such that for any algorithm that selects *) from

2@ 4 span {Vf («), v (zM) ..., Vf (57V)} (83)

we have
2

3L || — ||} (84)

32 (k+1)°

fa®)—f@) >

This rate is in fact optimal. The convergence of O (1/4/€) can be achieved if we modify gradient
descent by adding a momentum term.

Algorithm 3.14 (Nesterov’s accelerated gradient descent). Set the initial point ©© to an arbi-
trary value in R™. Update by setting

y(k+1) — k) _ V[ (x(k)) : (85)
2 = Byt gy ™), (86)

where «y, 18 the step size and By and v are nonnegative real parameters, until a stopping criterion
18 met.

Intuitively, the momentum term y*) prevents the algorithm from overreacting to changes in the
local slope of the function. We refer the interested reader to [3,4] for more details.

Example 3.15 (Digit classification). In this example we apply both gradient descent and accel-
erated gradient descent to train a logistic-regression model on the MNIST data set'!. We consider
the task of determining whether a digit is a 5 or not. The feature vector Z; contains the pixel
values of an image of a 5 (y; = 1) or another number (7; = 0). We use different numbers of
training examples to fit a logistic regression model. The cost function is maximized by running
gradient descent and accelerated gradient descent until the gradient is smaller than a certain value.
Figure 12 shows the time taken by both algorithms for different training-set sizes. A

3.4 Stochastic gradient descent

Cost functions used to fit models from data are often additive, in the sense that we can write them
as a sum of m terms, each of which often depends on just one measurement,

f(#) = % Z fi(@). (87)

! Available at http://yann.lecun.com/exdb/mnist/
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Figure 12: Time taken by gradient descent and accelerated gradient descent to train a logistic-regression
model on the MNIST data set for different training-set sizes.

Two important examples are the least-squares and logistic-regression log-likelihood functions dis-
cussed in Examples 3.3 and 3.4. In those cases each term f; corresponds to a different example
in the training set. If the training set is extremely large, then computing the whole gradient may
be computationally infeasible. Stochastic gradient descent circumvents this issue by using the
gradient of individual components instead.

Algorithm 3.16 (Stochastic gradient descent). Set the initial point £©) to an arbitrary value in
R™. Until a stopping criterion is met, update by:

1. Choosing a random subset of b indices B, where b < m is the batch size.

2. Setting
FED =W — o YV (7)) (88)
where ay, > 0 is the step size.

Apart from its computational efficiency, an advantage of stochastic gradient descent is that it can
be applied in online settings, where we need to optimize a function that depends on a large data
set but only have access to portions of the data set at a time.

Intuitively, stochastic gradient descent replaces the gradient of the whole function by
> LiesVifi (0). (89)
i=1

If B is generated so that every index has the same probability p of belonging to it, then this is an
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unbiased estimate of V f

<Z 1z€viz (k ) = Z ZEB vfz( (%) ) (90)

= ijp (i€ B)Vf (z®) (91)
=mpV f (f(k)) . (92)

Intuitively, the direction of the stochastic-gradient descent is the one of steepest descent on average.
However, the variation in the estimate can make stochastic gradient descent diverge unless the
step size is diminishing. We refer to [1] for more details on this algorithm.

Example 3.17 (Stochastic gradient descent for least squares and logistic regression). By the
derivation in Example 3.3, in the case of least squares the stochastic gradient descent update is

oD = 0 4 90, 3 (%n (2, g<k)>) 20, (93)

i€EB

Similarly, by the derivation in Example 3.4, the update for stochastic gradient ascent applied to
logistic regression is

FOD = F0 a0 30y (1= 9@, F9) 70— (1= y) g7, A0 (90

i€B

In both cases the algorithm is very intuitive: instead of adjusting 5 using all of the examples, we
just use the ones in the batch. A

Example 3.18 (Digit classification). In this example we apply stochastic gradient descent for
to train a logistic-regression model on the MNIST data set for the same task as Example 3.18.
Figure 13 shows the convergence of the algorithm for different batch sizes. JAN

3.5 Newton’s method

Newton’s method minimizes a convex function by iteratively minimizing its quadratic approxi-
mation. The following simple lemma derives a closed form for the minimum of the quadratic
approximation at a given point.

Lemma 3.19. The minimum of the second-order approximation of a convex function f at ¥ € R"

B =f@+VI@G-0)+5G-2) V@) G-, (95)

2

which has a positive definite Hessian at T, is equal to

argmin f2 (§) = & — V[ (£)7 V[ (&). (96)

FER™
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Figure 13: Convergence of stochastic gradient descent when fitting a logistic-regression model on the
MNIST data set. The plot shows the value of the cost function on the training set for different batch
sizes. Note that the updates for smaller batch sizes are much faster so the horizontal axis does not reflect
running time.

Proof. If the Hessian is positive definite, then f2 is strictly convex and it has a unique global

minimum. Its gradient equals
Vi (y) = V(@) + V(@) G- 1) (97)
so it is equal to zero if
V(@) (7 - 7)==V (). (98)

If the Hessian is positive definite, then it is also full rank. The only solution to this system
of equations is consequently 7 = @ — V2f (Z)"' Vf (%), which must be the minimum of /2 by
Corollary 2.6 because the gradient vanishes. O

The idea behind Newton’s method is that convex functions are often well approximated by
quadratic functions, especially close to their minimum.

Algorithm 3.20 (Newton’s method). Set the initial point Z©) to an arbitrary value in R™. Update
by setting

f(k+l) — f(k) . V?f (f(k))*l Vf (f(k)) (99)

until a stopping criterion is met.

Figure 14 illustrates Newton’s method in a one-dimensional setting. When applied to a quadratic
function, the algorithm converges in one step: if we start at the origin it is equivalent to computing
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‘ N ‘
- Quadratic approximation

Figure 14: Newton’s method applied to a one-dimensional convex function. The quadratic approxima-
tions to the function at each iteration are depicted in red.

the closed-form solution for least squares derived in Theorem 2.1 of Lectures Notes 6. This is
illustrated in Figure 15, along with another example where the function is convex but not quadratic.
Newton’s method can provide significant acceleration for problems of moderate sizes where the
quadratic approximation is accurate, but often inverting the Hessian may be computationally
expensive.

Example 3.21 (Newton’s method for logistic regression). The following lemma derives the Hes-
sian of the logistic regression log-likelihood cost function (58).

Lemma 3.22. The Hessian of the function f in equation (58) equals

-,

V2 f(B) = —XTG(B)X, (100)

where the rows of X € R™P contain the feature vectors ), ... 2™

such that

) and G is a diagonal matriz

=, . -

G(B = g((@0.8) (1- 9@, 3)),  1<i<n (101)

Proof. By the identities (60) and (61) and the chain rule we have

32f<ﬁ> _ - =) 3 =) 2 =(i) 117204
S~ ~ 2o 9 ) (1= a0 A L0 (102)
for 1 < 7,0 <p. A

Corollary 3.23. The logistic regression log-likelihood cost function (58) is concave.
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Quadratic function Convex function

Figure 15: Newton’s method applied to a quadratic function (left) and to a convex function that is not
quadratic.

Proof. The Hessian is negative semidefinite, for any arbitrary 5 ,U € RP

7'V (B ZG 4 (X0)[2 <0 (103)

-

since the entries of G(/3) are nonnegative. A
The Newton updates are consequently of the form

FeD o= 0 — (XTG(A®)X) T A(EW). (104)

A potentially problematic feature of this application of Newton’s method is that the Hessian
X TG(E)X may become ill conditioned if most of the examples are classified correctly, since in
that case the matrix G mostly contains zeros. Intuitively, in this case the cost function is very flat
in certain directions. A

4 Proofs

4.1 Proof of Lemma 1.3

The proof for strict convexity is exactly the same, replacing the inequalities by strict inequalities.

f being convex implies that gz is convex for any Z,y € R”
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For any «, 3,6 € (0,1)

grg(Ba+(1—=0)5) = f((0a+(1-0)5) 7T+ (1-0a—(1-06)5)7) (105)
=f(0(aZ+(1-a)g)+(1-0)(B7+ (1-5)7)) (106)
<Of(aZ+(1—-—a)y)+(1—0)f(BZ+ (1 —pP)y) by convexity of f

9z,

= 09z5 () + (1 = 0) gz (8) - (107)

gz g being convex for any &,y € R" implies that f is convex

For any a, 8,6 € (0,1)

FOF+(1=0)7) = gz (0) (108)
< 0gzz(1)+ (1 —0)gzz(0) by convexity of gz (109)
=0f (@) +1-0)f (7). (110)

4.2 Proof of Theorem 2.5

The proof for strict convexity is almost exactly the same; we omit the details.

The following lemma, proved in Section 4.3 below establishes that the result holds for univariate
functions

Lemma 4.1. A univariate differentiable function g : R — R is convex if and only if for all

r,yeR

9() 29 (x)(y —z) +g(x) (111)
and strictly convex if and only if for all x,y € R

9(y)>g (z)(y—=z)+g(x). (112)

To complete the proof we extend the result to the multivariable case using Lemma 1.3.

If f(7) > f(Z)+Vf(@)" (- ) for any #,7 € R” then f is convex

By Lemma 1.3 we just need to show that the univariate function g defined by (4) is convex for

all @, b e R, Applying some basic multivariate calculus yields
— T —
g;g@):w(amu—a)b) (a—b). (113)
Let o, 8 € R. Setting 7:= a@+ (1 —a)band 7 := 8@+ (1 — 8)b we have

114
115

(114)
(115)
aa+(1—a)6)+Vf(aa+(1—a)5)T(a—E)(ﬁ—a) (116)
=gz5(0) + g5 (@) (B—a) by (113), (117)
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which establishes that g is convex by Lemma 4.1 above.

If f is convex then f (§) > f (Z) + Vf (%) (§ — &) for any 7,7 € R"

By Lemma 1.3, gz is convex for any #,y € R".

1)
) g:7(0) by convexity of gz 7 and Lemma 4.1
7)+ V@) (y—1) by (113).

4.3 Proof of Lemma 4.1

g being convex implies g (y) > ¢’ (z) (y — x) + g(z) for all z,y € R

If g is convex then for any x,y € R and any 0 <6 <1

0(g(y) —g(x)+g(®)>g(x+0(y—=x)).

Rearranging the terms we have

Setting h = 6 (y — x), this implies

g — g\
9(y) = . (y—z)+g(x).
Taking the limit when h — 0 yields

9() =g (x) (y —x)+ g(x).

If g(y) > ¢ (z) (y — z) + g(x) for all z,y € R then g is convex
Let z =0z + (1 = 0) y, then by if g (y) > ¢' (z) (y — z) + g()

g(x) >4 (2) (x —2) +g(2)

=g (2)(1-0)(x —y) +g(z)
9(y) =29 (2) (y—2) +g(2)

=9 (2)0(y—x)+g(z)

Multiplying (126) by 6, then (128) by 1 — 6 and summing the inequalities, we obtain

Og(r)+(1—=0)g(y) >g@x+(1-0)y).
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4.4 Proof of Lemma 2.17

The second derivative of g is nonnegative anywhere if and only if the first derivative is nonde-
creasing, because ¢” is the derivative of ¢'.

If g is convex ¢ is nondecreasing

By Lemma 4.1, if the function is convex then for any x,y € R such that y > x

g(®)>g ) (r—y)+g(y), (130)
gy) =g (@) (y—2)+g(x). (131)

Rearranging, we obtain
g y—2)>g9W) —g) >4 (x)(y—x). (132)

Since y — x > 0, we have ¢’ (y) > ¢ (x).

If ¢’ is nondecreasing, g is convex

For arbitrary x,y,0 € R, such that y > x and 0 < 0 < 1,let n =0y + (1 — 0) x. Since y > n > «x,
by the mean-value theorem there exist v, € [x,n] and v2 € [n,y] such that

vy 9 —g(x)
g (m) = ra— (133)
: 9(y)—gm)
= 134
9 (12) - (134)
Since y; < s, if ¢’ is nondecreasing
9@W) =9 9 —g (fﬂ)’ (135)
y—n n—x
which implies
n—=o y—n
g7 > ) 1
y_xg(y) y_xg(w)_g(n) (136)

Recall that n = 0y + (1 —6)x, so that 6 = (n—2x)/(y—=x) and 0 = (n—2x)/(y —x) and
1—60=(y—n)/(y—x). (136) is consequently equivalent to

O0g(y)+(1—0)g(x) > g0y +(1-0)x). (137)

4.5 Proof of Proposition 3.7
Consider the function
g (@)= =7 — f(Z). (138)

We first establish that g is convex using the following lemma, proved in Section 4.6 below.
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Lemma 4.2 (Monotonicity of gradient). A differentiable function f : R"™ — R is convex if and
only if

(V@) - V@) (7-F) >0. (139)

By the Cauchy-Schwarz inequality, Lipschitz continuity of the gradient of f implies

(VI = V@) F-7) < Lllj-l;, (140)
for any 7,y € R". This directly implies
(Vg (@)~ Vg (@) (7~ 7) = (Lj— L&+ V[ () = V()" (7~ ) (141)
= L|[7 =3~ (Vf (@) - V(@) (7~ 7) (142)
>0 (143)
and hence that ¢ is convex. By the first-order condition for convexity,
L g
0TI =9 (144)
> g(7) + Vg (@) (7~ 7) (145)
L o . L T (o =
= 8T [(#) +(LE =V (@)" (7). (146)
Rearranging the inequality we conclude that
, . T
f(y)Sf($)+Vf($)T(y—$)+§IIy—wllg- (147)
4.6 Proof of Lemma 4.2
Convexity implies (Vf (7)) — Vf (£))" (§ — Z) > 0 for all &, € R"
If f is convex, by the first-order condition for convexity
F@=f@+VE@ G-, (148)
f@=F@+VI@D @F-9), (149)
(150)

Adding the two inequalities directly implies the result.
(VI (@) —Vf@)" (7—7) >0 forall Z,7 € R implies convexity

Recall the univariate function g, : [0, 1] — R defined by
gap (@) = f(aa+ (1 —-a)b), (151)

for any a,b € R". By multivariate calculus, g, , (@) = Vf(aa+ (1 —a) b)" (a —b). For any
€ (0,1) we have

Gap (@) = Gap (0) = (Vf (@a+(1—a)b)=V[f(b ))T (a —) (152)
(Vf(aa—l—(l—a) b) — V() (ca+(1—a)b—b) (153)
> O because (Vf (y) — Vf (z ))T( —x) >0 for any z,y. (154)
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This allows us to prove that the first-order condition for convexity holds. For any ¥,y

F (@) = geg (1) (155)
— 027 (0) + / ¢ () da (156)
> g2 (0) + g5 (0) (157)
DV G- ). (158)
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Optimization-based data analysis Fall 2017

Lecture Notes 8:
Convex Nondifferentiable Functions

1 Applications

1.1 Sparse regression

In our description of linear regression in Lecture Notes 6, we assume implicitly that all features
are related to the response. However, this is often not the case in applications: some measured
features may be unrelated and should not be included in the model. Selecting relevant features is
a crucial problem in statistics, which is known as model selection. In this section, we consider the
problem of selecting a small subset of relevant features that yield a good linear approximation to
the data. This is equivalent to finding a sparse vector of coefficients 5 such that

Y~ <f(i)7g> _ (1)

The number of selected features is equal to the number of nonzero entries in 5 )

When fitting a sparse linear model we have two objectives:

2
should be as small as possible.
2

XA - g

e Achieving a good fit to the data;
e Using a small number of features; 5 should be as sparse as possible.

This suggests minimizing a cost function that simultaneously promotes a good fit to the data and
sparsity in the vector of coefficients. In Lecture Notes 6 we describe the ridge-regression estimator,
that uses an ¢5-norm regularization term to ensure that the norm of the coefficients is not too large.
Here we would like to control the number of nonzeros in the support of the coefficient, i.e. its £y
“norm” instead. However, this “norm” is not convex and very difficult to minimize (see Example
1.8 in Lecture Notes 7). Instead, we incorporate an ¢;-norm regularization that promotes sparsity,
but is still convex. In statistics, the solution to an ¢;-norm-regularized least-squares problem is
called the lasso estimator, introduced in [9] (see also [6]).

Definition 1.1 (The lasso). For X € R™? and iy € RP, the lasso estimate is the minimizer of the
optimization problem

— ]_ —
Plasso = arg min — ng— Xp
B

2 ll7=xAL 4|7 @

9
1

where A > 0 is a fized regularization parameter.
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Figure 1: Coefficients of the lasso and ridge-regression estimates in the sparse regression problem in
Example 1.4 for « = 1, 5 examples (n = 5), p := —0.43 and different values of the regularization
parameter .

The following lemma shows that sums of convex functions are convex, so the lasso cost function
is indeed convex.

Lemma 1.2 (Nonnegative weighted sums). The weighted sum of m convex functions fi,..., fm
f= Z @ fi (3)
i=1
15 convex as long as the weights aq, ..., a € R are nonnegative.

Proof. By convexity of fi,..., fm, for any Z,5 € R™ and any 6 € (0,1)
f0F+(1-0) Zazfl (67 + (1 - 0) %) (4)

<D 04D+ (1-0) 1) (5)
S OF@ (-0 ). (6)

Corollary 1.3 (Regularized least squares). Regularized least-squares cost functions of the form
S 2 =
|AZ = gll; + [1Z]], (7)

where ||-|| is an arbitrary norm, are conver.

Example 1.4 (Sparse regression with two features). We consider a simple sparse regression prob-
lem where the response only depends on one feature,

—

y =t + Z, (8)



where ¢ € R" is the response vector, ¥ € R™ contains the relevant feature and 2 € R” is additive
noise. In our data set, there are two features ¥; and ¥y, which is irrelevant to the response.
However, we don’t know this a priori, so we use the feature matrix

X = [fl fg} (9)
to fit a linear-regression model with both features by minimizing the least-squares cost function.
Both features are normalized so that ||Z;||, = ||Z2]|, = 1. The correlation between them equals

pP = <fl, fg) . (10)

Unfortunately, the least-square estimate of the vector of coefficients is dense

1

fis = (XTX) " X7y (11)
-1
1 7l
_ P 1Y (12)
p 1 |57

_ ’ (13)

(14)

unless the noise happens to be orthogonal to both Z; and 75, which is not the case with high
probability. Ridge regression also produces a dense estimate. In contrast, the lasso estimate is
sparse and correctly identifies the right feature. The value of the coefficients for the ridge-regression
and lasso estimators are shown in Figure 1 for a = 1, 5 examples (n = 5) and p := —0.43. For
large A both estimators are equal to zero, as the regularization term dominates. For small A
the estimators tend to the least-squares estimators. For intermediate values of A, the ¢;-norm
regularization term promotes a sparse coefficient vector, whereas the />-norm regularization term
does not. A

Example 1.5 (Prostate cancer data set). In this example, we apply the lasso to a sparse regres-
sion problem related to the study of prostate cancer.! The response is the level of prostate-specific
antigen (PSA) measured for a specific patient (high levels of PSA are an indication of cancer),
whereas the features are characteristics of the patient, including age, weight and other measure-
ments. We fit a sparse linear model to the data using the lasso. The training set contains 60
patients, whereas the test set contains 37 patients. Figure 2 shows the coefficients for different
values of the regularization parameter A. The least-squares estimate (A — 0) achieves the smallest
{5 error on the training set using all of the features. The lasso estimate with A between 0.1 and
0.5 incurs in a larger training error but achieves a similar, or better test error, with a smaller
number of coefficients (5 instead of 8), suggesting that the 3 remaining features are not related to
the response. JAN

IThe data is available here.


https://web.stanford.edu/~hastie/ElemStatLearn/data.html

— Coefficient Values
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0.5

Figure 2: Coefficients, training error and test error of the lasso estimate for different values of the
regularization parameter \ when applied to the sparse-regression problem in Example 1.5.

1.2 Robust principal-component analysis

Outliers may severely distort the results of applying principal-component analysis (PCA) to a set
of data that lie close to a low-dimensional subspace. Even one outlier can have a significant effect,
as illustrated in the following example.

Example 1.6 (PCA with an outlier). A data set contains five examples with three features each.
We apply PCA to these data by computing the SVD of the matrix

-2 -1 51
Y =|-2 -1 01
-2 -1 0 1

(15)

N DN BN

All data points are aligned with the vector [1 1 1}T except for the third one, due to an outlier
that has corrupted one of the features (shown in red). Due of this outlier, the data matrix has
rank 2 instead of 1 and the principal directions are not aligned on the line that contains most of
the points. Figure 3 shows the data points, as well as the principal directions when the outlier is
present and when it is absent. A

This is an example of a general phenomenon where a small number of corrupted entries disrupts
low-rank structure in a matrix, making it appear high rank, despite the correlations between
columns (or rows). As a result, computing the SVD does not uncover the low-rank component of
the data. An alternative is to fit a low rank + sparse model to the data, where the sparse com-
ponent accounts for the outliers and the low-rank component reveals the underlying correlations.



Figure 3: The data points in Example 1.6 are plotted in red. On the left, the data contains no outliers
and the principal direction (blue) corresponding to the only nonzero singular value of the SVD of the data
matrix is aligned with all the points. On the right, adding the outlier distorts the principal directions (in
blue), which are two instead of one because the rank of the matrix increases by one.
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L

Figure 4: Y is obtained by summing a low-rank matrix L and a sparse matrix S.

Figure 4 shows a simulated example of this model. As illustrated in Examples 1.8 and 1.10, it is
usually not tractable to maximize sparsity and minimize rank directly. An alternative that often
works well is to penalize the ¢; and nuclear norm respectively. This technique introduced by [3, 5]
is often called robust PCA (RPCA), since it aims to obtain a low-rank component that is not
affected by the presence of outliers.

Algorithm 1.7 (Robust PCA). For Y € R™™, the robust PCA estimator of the low-rank com-
ponent in Y s the minimizer of the optimization problem

Lpon += axgmin| L], + MY = LI, (16)

where A > 0 is a fized reqularization parameter. Here ||-||, denotes the sum of absolute values of
the entries of the matrix; it is the {1 norm of the vectorized matrixz. Srpca := Y — Lrpca 15 the
estimator of the sparse component.
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Figure 5: Values of the entries of the low-rank and sparse components for different values of A computed
by applying RPCA to the data in Example 1.6.

Once the low-rank component has been recovered, PCA can be applied to it to determine its
principal directions. Figure 5 shows the result of applying RPCA to the data in Example 1.6.
If the parameter A is in certain range, then the low-rank component exactly uncovers the rank-1
structure in the data and the sparse component identifies the outlier. In general, the regularization
parameter A determines the weight of the two structure-inducing terms in the cost function.
Figure 6 shows the low-rank and sparse components of the matrix in Figure 4 for different values
of A. If X\ is too small, then it is cheap to increase the content of the sparse component, which
consequently won’t be very sparse. Similarly, if \ is too large, then the low-rank component
won’t be low-rank, as the nuclear-norm term has less influence. Setting A correctly allows to
achieve a perfect decomposition. In practice, the regularization parameter is usually set using
cross validation.

Example 1.8 (Background subtraction). In computer vision, the problem of background sub-
traction is that of separating the background and foreground of a video sequence. In particular
we consider a scene with a static background. If we stack the video frames in a matrix Y, where
each column corresponds to a vectorized frame, and the background is completely static, then all
the frames are equal to a certain vector ¥ € R™ (m is the number of pixels in each frame) and the
matrix is rank 1,

Y=I[Z & - &=z 1 - 1]. (17)

If the background is not completely static, but instead experiences gradual changes, then the
matrix containing the frames will be approximately low rank. If there are sudden events in
the foreground that occupy a small part of the field of view and do not last very long, then
this is equivalent to adding a sparse component (most entries are equal to zero) to the low-rank
background. The two components can consequently be separated using the robust PCA algorithm.
The results of applying this method to a real video sequence are shown in Figure 7. A
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Figure 6: RPCA estimates of the low-rank and sparse components of the matrix in Figure 4 for different
values of the regularization parameter. For A := 1/,/n the components are recovered perfectly.
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Figure 7: Background subtraction results from a video. This example is due to Stephen Becker. The
code is available at http://cvxr.com/tfocs/demos/rpca.


http://cvxr.com/tfocs/demos/rpca

Figure 8: A nondifferentiable convex function (blue). The red supporting lines are specified by subgra-
dients that determine their slope.

2 Subgradients

2.1 Definition and properties

By Theorem 2.5 in Lecture Notes 7, differentiable functions are convex if and only if their epigraph
has a supporting hyperplane at every point. In more detail, a differentiable function f : R” — R
is convex if and only at any point ¥ € R" there exists a vector ¢ such that

(@) = 1 (@) + (9,9 - T) (18)

for every y € R". In the case of differentiable functions, ¢ is the gradient of f at . Non-
differentiable functions do not have gradients, but the existence of a supporting hyperplane still
characterizes convexity. The vector ¢ that corresponds to such a hyperplane is called a subgradient.

Definition 2.1 (Subgradient). The subgradient of a function f : R" — R at ¥ € R"™ is a vector
g € R™ such that

f@)=>f@+g"(@G—1), foralyeR" (19)
The set of all subgradients is called the subdifferential of the function at .
Figure 8 shows a one-dimensional nondifferentiable convex function, along with some of the hy-

perplanes that support its epigraph. The following theorem establishes that a function is convex
if and only if a subgradient exists at every point.

Theorem 2.2 (Proof in Section 4.1). A function f : R™ — R is convex if and only if it has a
non-empty subdifferential at any & € R™. It is strictly convex if and only for all ¥ € R™ there
exists a subgradient g € R™ such that

F@=f@+g" (7-7), foralyeR" (20)

Subgradients are a useful tool to characterize the minima of nondifferentiable convex functions.



Theorem 2.3 (Optimality condition). A convex function attains its minimum value at a vector
x if and only if the zero vector is a subgradient of f at x. If the function is strictly convex, then
the minimum s unique.

Proof. By the definition of subgradient, if § := 0 is a subgradient at Z, then for any ¢ € R”

F@) =@ +g" (G—a)=f(@), (21)
which is equivalent to & being a global minimum of the function. If the function is strictly convex,
then the inequality is strict for all § # . n

A wuseful property is that the sum of subgradients of two or more functions is a subgradient of
their sum.

Lemma 2.4 (Sum of subgradients). Let g, and g, be subgradients at ¥ € R™ of fi : R" — R and
fo : R" — R respectively. Then G := g1 + go is a subgradient of f := f1 + fo at Z.

Proof. For any i € R"

fW) =)+ f2(¥) (22)
> (@) +3 G-+ L) +§ (-7 (23)

> (@) +7" (-2 (24)

Il

Another useful property is that the subgradient of a function scaled by a constant can be obtained
by scaling the subgradient.

Lemma 2.5 (Subgradient of scaled function). Let g be a subgradient at ¥ € R"™ of f1 : R — R.
Then for any nonnegative n € R go := ngy is a subgradient of fo :=nf1 at Z.

Proof. For any y € R”

f2(§) = nfi (9) (25)
>0 (A (@) +d0 (7- 1)) (26)

> f2(7) + 3, (§-17). (27)

O

2.2 Examples of subdifferentials

If a function is differentiable at a given point, then the gradient is the only subgradient at that
point.

Theorem 2.6 (Subdifferential of differentiable functions). If a convez function f : R™ — R is
differentiable at © € R™, then its subdifferential at ¥ only contains V f (Z).

10



Figure 9: Examples of supporting lines of the absolute value function at the origin. The subgradients
at the origin determine the slope of the lines.

Proof. By Theorem 2.5 in Lecture Notes 7 V f (Z) is a subgradient at #. Now, let § be an arbitrary
subgradient at Z. By the definition of subgradient, for any 1 <¢ <n

(28)

)+ gli] a, (29)
g aé (30)

(31)

where €; is the ith vector in the standard basis (all its entries are equal to zero, except the ith
entry which is equal to one). Combining both inequalities
< gli] <

F@ - fE—ad) o fE+ad) - f@

of (%)
9Z[d]

(32)

If we let a — 0, this implies g[i] = . Consequently, § = V f(Z). O

The following lemma characterizes the subdifferential of the absolute value function.
Lemma 2.7 (Subdifferential of absolute value). The subdifferential of the absolute value function
|| : R — R at x is equal to {sign (z)} if x #0 and to {g e R| |g| < 1} if z = 0.

Proof. If x # 0 the function is differentiable and the only subgradient is equal to the derivative
by Theorem 2.6. At x = 0, we need

yl = f(0+y) (33)

> [(0)+9(y—0) (34)

> gy (35)

for all y € R, which holds if and only if |g| < 1. O

As motivated in Section 1.1, the ¢; norm is an important nondifferentiable convex function in data
analysis. The following theorem characterizes its subdifferential.

11
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Figure 10: On the left the blue lines are contour lines of the ¢; norm in R?. The red arrows correspond
to subgradients at a point where the function is nondifferentiable. On the right the graph of the function
is shown in blue, and the supporting hyperplane corresponding to one of the subgradients (denoted by g
and a red line) is plotted in brown.

A
/

Theorem 2.8 (Subdifferential of ¢; norm). The subdifferential of the ¢, norm at & € R™ is the
set of vectors g € R" that satisfy

] = sign (d]) o 7[i] # 0, (36)
gli)] < 1 if Z[i] = 0. (37)

The theorem is a direct consequence of Lemma 2.7 and the following result.

Lemma 2.9. The vector § € R™ is a subgradient of ||-||, : R* — R at & if and only if q[i] is a
subgradient of |-| : R — R at Z[i] for all 1 <i <mn.

Proof. 1f § is a subgradient of ||-||, at & then for any y € R

lyl = 12 + 17 + (y — Zla)) éll, — (1211, (38)
> |2li]| + |I7]], + g7 (v — li]) & — |11, (39)
= [@ld]] + gli] (y — f[i]) (40)

[i]

If §[i] is a subgradient of |-| at |Z[i]| for 1 <4 < n then for any § € R"

1911, = Z |914] (41)

> Zlf[iﬂ + gl (F[i] — i) (42)

= Iz, + " 7 - 2) (43)

so ¢ is a subgradient of ||-||, at Z. O

12



Another important nondifferentiable convex function in data analysis is the nuclear norm (see
Section 1.2). The following theorem characterizes its subdifferential.

Theorem 2.10 (Subdifferential of the nuclear norm). Let X € R™" be a rank-r matriz with
SVD USVT, where U € R™", V € R™" and S € R"™" contains the nonzero singular values of

X. The subdifferential of the nuclear norm at X 1is the set of matrices of the form

G=UV"+W (44)
where W satisfies
Wl <1, (45)
U'w =0, (46)
WV =0. (47)

Proof. We only prove that a matrix of the form (44) is a valid subgradient. For the converse (all
subgradients are of this form) see [12]. By Pythagoras’ Theorem, for any ¥ € R™ with unit /5
norm we have
2
ot 7|, = 112113 (43)
~ 1 (49)

[[Prowcy 7[5+ || P

As result, since the rows of UVT are all in row (X) and the rows of W are in row (X) by
Condition (47)

IGIP:==  max |G (50)
{ll#l,=1| zer" }

ma uvTE|| + w2 51

{” |2_1|X€Rn}H ||, + 11w 2, (51)

2

- UVT Prowix) 7| HWP 7 52

{llxlzr—nlal}ieR"}H s+ row ()" | (52)

< HUVTH HPrOW mHQ + ||W|| ’ row Lf‘ (53)

<1 by condition (45). (54)

Equality (51) follows from Pythagoras’ Theorem because the column spaces of U and W are
orthogonal by condition (46), which also implies

(W, X) =0. (55)
By equation (191) in Lecture Notes 2
(vt x) = IX]l,. (56)
For any matrix Y € R™*"
Y1, > (G,Y) by (54) and Theorem 2.6 in Lecture Notes 2
= (G, X) +(GY - X)
=({UV",X)+(G,Y - X) by (55)
= X[, + (G, Y — X) by (56).

A~~~
S O ot Ot
OosLexd
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2.3 Analysis of the lasso estimator

In this section we derive an exact characterization of the solution to the lasso estimator for Ex-
ample 1.4. This illustrates how to use the subdifferential of a convex cost function to understand
the performance of its minimizer as an estimator.

Lemma 2.11 (Sparse regression with two features). Assume that « > 0 and n > 2. The lasso
estimator for the sparse-regression problem in Fxample 1.} is of the form

> a+ 77—\
ﬂlasso: |: 6 :| (61)
as long as
717 — pzlZ]
|21 |p|1 <oz (62)
—1p

Proof. The lasso cost function is strictly convex if n > 2 and the matrix X is full rank (i.e. p # 0),
because the quadratic term corresponds to a positive definite quadratic form. By Theorem 2.3, to
establish that Elasso is the unique minimizer it suffices to prove that the zero vector is a subgradient
of the cost function at Elasso.

The gradient of the quadratic term

0 () =5 || x5 -3 (63)
at Elasso equals
V4 (B ) = X7 (X o — 7). (64)

By Theorem 2.8, if only the first entry of Blasso is nonzero and nonnegative, then

Gy = M (65)

is a subgradient of the ¢; norm at Blasso for any 7 € R such that |y| < 1. By Lemmas 2.4 and 2.5,
the sum of V¢ (ﬁlasso> and A\gp, is a subgradient of the lasso cost function at Elasso. If only the

first entry of Elasso is nonzero, this subgradient equals

= 7 ) 1
Qlasso = XT (Xﬁlasso - y) + A [71 (66)
= XT <§lasso[1]fl - 0&7?1 — Z) + A |:i/‘| (67)
| fT (/glasso[l]fl - O./l_"l — 5) —+ A
- _‘; g = - bod (68)
Lo (ﬁlasso[l]xl — T — Z) —+ )vy
_ | Bussoll] ma = 7174 (69)
_pﬁlasso[l] — Pl — :ig2'+ )\’y

14
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Figure 11: Coefficients of the lasso estimates in the sparse regression problem in Example 1.4 for a = 1,
5 examples (n = 5), p:= —0.43 and different values of the regularization parameter A.

The expression is equal to zero if

glasso[l] :Oé"i_f,{g_)\; (70)
()4—}—5,”2— gasso1
POt . PPiasso[1] (71)
2T 2Tz
_HEpE )

In order to ensure that s is a valid subgradient for this choice, we need to check that (1) glasso[l]
is indeed nonnegative, which is the case if \ satisfies equation (62), and (2) that |y| < 1. By the
triangle inequality

+ |l (73)

<1, (74)

as long as A satisfies equation (62). We conclude that 0 is a subgradient of the cost function

at B}asso, which establishes that Blasso as given by equation (61) is the unique solution to the
optimization problem. O

The lemma establishes that in this example the lasso estimator detects the relevant feature vector,
setting the coefficient of the irrelevant feature vector to zero, for a certain range of A. Within
that range the coefficient corresponding to the relevant predictor scales linearly with A. This is
confirmed in Figure 11.
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2.4 Analysis of robust PCA

In this section we analyze the RPCA estimator showing that it succeeds for the data in Exam-
ple 1.6. This is a cartoon example, but similar arguments can be used to analyze the algorithm in
a more general setting [4]. The main idea is to construct a subgradient of the cost function at the
ground truth that is equal to zero. This implies that the true low-rank and sparse components are
a solution to the problem, but not necessarily the unique solution. The following result shows that
if the subgradient satisfies two small additional constraints, then the solution is indeed unique.

Lemma 2.12 (Lemma 2.4 in [4]). Let L*, S* € R™*™ and
Y =L+ (75)

L* is a rank-r matriz with SVD UL*SL*VLJZ, where Up € R™", V. € R™" and S € R™"
contains the nonzero singular values of L*. Assume there exists a matrix

G, = UL V5L +W, (76)
where W is a matriz satisfying
Wil <1 (77)
UTW =0, (78)
WV =0, (79)

and there also exists a matriz Gy, satisfying

|G, [4, 4] < 1 otherwise, (81)

where S* :=Y — L*, such that
G.+ \Gy =0. (82)

Then the solution to the robust PCA problem (16) is unique and equal to L*.

Proof. By Theorem 2.10 G, := U VL +W is a subgradient of the nuclear norm at L*, whereas by
Theorem 2.8 Gy, is a subgradient of ||- — Y||; at L*. As a result by Lemmas 2.4 and 2.5 G, + Gy,
is a subgradient of the RPCA cost function at L*. By Theorem 2.3 G, + AGy, = 0 consequently
implies that L* is a solution. Uniqueness follows from the strict inequalities (77) and (81). The
proof is more involved and can be found in [4]. O

The following lemma establishes that the RPCA estimator recovers the low-rank and sparse com-
ponents for the data in Example 1.6 for any value of the outlier.

Lemma 2.13. Let

-2 -1 a 1 2
Y =|(-2 -1 0 1 2 (83)
-2 -1 0 1 2



For any value of a the unique solution to the optimization problem
min [|Z]], + MY — LI,

18

-2 -1 01 2
L =|[-2 -1 01 2
-2 -1 0 1 2
as long as
2 2
— <A<z
V30 3

Proof. In order to satisfy (80) and (76) at L*, we set

G, =ULVE+W

1
1 [-2 -1 0 1 2]+W,
1

]

Gy, [1,3] = —sign ().
To ensure G, + A\Gy, = 0 we set
00 1 00
W = Asign(a) [0 O =05 0 0],
00 —-05 00

where the entries are chosen so that (78) and (79) both hold, and

2 1 . 1 2
A30 AV30 sign (@) A/30 AV/30
G, = 2 1 sign(a) 1 2
4 = [ Av/30  AV30 2 A/30 A/30
2 1 sign(a) 1 2
M30  AV30 2 V30 V30

To complete the proof we need to check conditions (77) and (81). We have

3\2 2

WP == <1, ﬁA<v;
1 2 2
Gy, |1, 7] < max< -, ——= ¢ < 1, ifA>—.
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3 Minimizing nondifferentiable convex functions

3.1 Subgradient method

Consider the optimization problem
minimize f (%) (94)

where f is convex but nondifferentiable. This implies that we cannot compute a gradient and
advance in the steepest descent direction as in gradient descent. However, we can generalize the
idea by using subgradients, which exist because f is convex. This is useful as long as it is efficient
to compute the subgradient of the function.

Algorithm 3.1 (Subgradient method). We set the initial point ©©) to an arbitrary value in R™.
Then we compute

gD = g _ o, gk (95)

k)

where §¥) is a subgradient of f at Z®), until a convergence criterion is satisfied.

Interestingly, the subgradient method is not a descent method. The value of the cost function can
actually increase as the iterations progress. However, the method can be shown to converge at a
rate of order O (1/€?) as long as the step size decreases along iterations, see [11].

We now apply the subgradient method to solve the lasso problem, i.e. least-squares regression
with ¢;-norm regularization. The cost function in the optimization problem,

1
minimize - [|AZ — g3 + A |12l (96)
is convex but not differentiable. By Theorem 2.8 sign (%) is a subgradient of the ¢; norm at Z, so
P = AT (A7® — §) + A sign (7V) (97)

is a subgradient of the cost function at #®).

Algorithm 3.2 (Subgradient method for sparse regression). Set the initial point #© to an arbi-
trary value in R™. Update by setting

Fo) gk _ (AT (Af(’“) —§) + A sign (f(k))) , (98)

where o, > 0 1s the step size, until a stopping criterion is met.

Figure 12 shows the result of applying this algorithm to an example in which A € R2000x1000
y = AZ* 4+ Z where 7* is 100-sparse and 7 is iid Gaussian. The example illustrates that decreasing
the step size at each iteration achieves faster convergence.

18
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Figure 12: Subgradient method applied to least-squares regression with ¢;-norm regularization for

different choices of step size (g is a constant).



3.2 Proximal gradient method

As we saw in the previous section, convergence of subgradient method is slow, both in terms of
theoretical guarantees and in the example of Figure 12. In this section we introduce an alternative
method that can be applied to a class of functions which is very useful for optimization-based data
analysis.

Definition 3.3 (Composite function). A composite function is a function that can be written as
the sum

[ (@) + h(Z) (99)

where f convex and differentiable and h is convexr but not differentiable.

Clearly, the least-squares regression cost function with ¢;-norm regularization is of this form.

In order to motivate proximal methods, let us begin by interpreting the gradient-descent iteration
as the solution to a local linearization of the function.

Lemma 3.4. The minimum of the function

(@)= f(@P)+Vf(ED) (7-7W)+ % |7 —z®|| (100)
is ®) —aV f (£ W),
Proof.
g = 7 — v f (£W) (101)
:argmjn‘W— (i"(k) —o, Vf (:E(k)))Hz (102)
= argmin f (7)) + Vf W) (- 2W) + 2%% |7 —z®|[5. (103)
O

A natural generalization of gradient descent is to minimize the sum of ~ and the local first-order
approximation of f.

7 * ) = arg min f (f(k)) +Vf (f(k))T (7 — f(k)) + % |7 - f(k)Hz + h(2) (104)
z k

= argmjn% e (:i"(k) —ap Vf (:Z"(k)))HZ + ap h (Z) (105)

= prox,, , (Z® — a, Vf (™)) . (106)

We have written the iteration in terms of the proximal operator of the function h.

Definition 3.5 (Proximal operator). The proximal operator of a function h: R™ — R is

» T ST
prox; (§) := argmin b (%) + - [|7 = §l; (107)
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Solving the modified local first-order approximation of the composite function iteratively yields
the proximal-gradient method, which will be useful if the proximal operator of h can be computed
efficiently.

Algorithm 3.6 (Proximal-gradient method). We set the initial point £ to an arbitrary value
i R™. Then we compute

gD — Prox,, (Z® -, Vf (W), (108)

until a convergence criterion is satisfied.

This algorithm may be interpreted as a fixed-point method. Indeed, fixed points of the proximal-
gradient iteration are a minima of the composite function and vice versa. This suggests applying
the iteration repeatedly to minimize the function, although it does not prove convergence (for this
we would need to prove that the operator is contractive, see [11]).

Theorem 3.7 (Fixed point of proximal operator). A vector &* is a solution to
minimize f (Z) + h(Z), (109)
if and only if it is a fixed point of the proximal-gradient iteration
T = prox,, (¥ —aVf(Z)) (110)

for any a > 0.

Proof. T is a solution to the optimization problem if and only if there exists a subgradient g of h
at @* such that Vf (2*) + g = 0. & is the solution to

1
minimize ah(f)+§]|£”“ —aVf(@) -3, (111)

which is the case if and only if there exists a subgradient g of h at Z* such that aV f (&*)+ag = 0
As long as a > 0 the two conditions are equivalent. O

Proximal methods are very useful for fitting sparse models because the proximal operator of the
/1 norm is very tractable.

Theorem 3.8 (Proximal operator of ¢; norm). The proxzimal operator of the {1 norm weighted by
a constant o > 0 is the soft-thresholding operator

ProXq .1, (y) = Sa (9) (112)
where
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Proof. Writing the function as a sum,

n

a2l + 115~ 7 = 3 aclaill + 5 (51 — 71 (114)

i=1
reveals that it decomposes into independent nonnegative terms. The univariate function
1 .. 9
h(x):=alz|+ 3 (yli] — x) (115)

is strictly convex and consequently has a unique global minimum. It is also differentiable every-
where except at zero. If x > 0 the derivative is A4z —¢[i], so if ]i] > «, the minimum is achieved
at yli] — a. If gli] < a the function is increasing for x > 0, so the minimizer must be smaller or
equal to zero. The derivative for x < 0 is —a + & — ¢[i] so the minimum is achieved at ¥[i] + « if
yli] < —a. Otherwise the function is decreasing for all x < 0. As a result, if —a < ¢[i] < « the
minimum must be at zero. O

This result yields the following algorithm for least-squares with ¢;-norm regularization.

Algorithm 3.9 (Iterative Shrinkage-Thresholding Algorithm (ISTA)). We set the initial point
7O to an arbitrary value in R™. Then we compute

T = S a (F® — ay, AT (AZ® — 7)), (116)
until a convergence criterion is satisfied.
ISTA can be accelerated using a momentum term as in Nesterov’s accelerated gradient method.
This yields a fast version of the algorithm called FISTA.

Algorithm 3.10 (Fast Iterative Shrinkage-Thresholding Algorithm (FISTA)). We set the initial
point £ to an arbitrary value in R™. Then we compute

70) — z(0) (117)

FE =S\ (FW — ap AT (A2 — 7)) (118)
k

>(k+1) — = (k+1) v (=(EH1)  =(k) 119

until a convergence criterion s satisfied.

ISTA and FISTA were proposed by Beck and Teboulle in [1]. ISTA is a descent method. It has
the same convergence rate as gradient descent O (1/€) both with a constant step size and with
a backtracking line search, under the condition that V f be L-Lipschitz continuous. FISTA in
contrast is not a descent method, but it can be shown to converge in O (1/4/€) to an e-optimal
solution.

To illustrate the performance of ISTA and FISTA, we apply them to the same example used in
Figure 12. Even without applying a backtracking line search both methods converge to a solution
of middle precision (around 1072 or 10~%) much more rapidly than the subgradient method. The
results are shown in Figure 13.
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Figure 13: ISTA and FISTA applied to least-squares regression with ¢1-norm regularization.

4 Proofs

4.1 Proof of Theorem 2.2

We prove the statement about convexity. The statement about strict convexity can be proved in
a similar way.

The epigraph of a convex function is a convex set, meaning that it contains the line between any
of its points. As a consequence of the separating-hyperplane theorem, which states that there is
a separating hyperplane between any two disjoint convex sets (we omit the proof which can be
found in any text on convex analysis), such sets have a supporting hyperplane at every point. This
establishes that convex functions defined on R™ have a subgradient at every point.

Now assume that a function has a subgradient at every point. The for any ¥,y € R" and o € R
there exists a subgradient ¢ of f at aZ + (1 — «) ¢. This implies

f@=flai+1-a)h) +3" (y—af—(1-a)y) (120)
=flaf+(1-a)y) +ag" (y-7), (121)
F@2flai+(1-a)))+g" (@—af—(1-a)y) (122)
=fla@+(1-a)g)+(1-a)d" (y 7). (123)

Multiplying equation (121) by 1 — a and equation (123) by « and adding them together yields
af @)+ (1 —a) f(H) = flaZ+(1-a)y). (124)

We conclude that the function is convex.
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Optimization-based data analysis Fall 2017

Lecture Notes 9:
Constrained Optimization

1 Compressed sensing

1.1 Underdetermined linear inverse problems

Linear inverse problems model measurements of the form
AZ =7 (1)

where the data y € R™ are the result of applying a linear operator represented by the matrix
A € R™™ to a signal £ € R™. The aim is to recover ¥ from 7/, assuming we know A. Math-
ematically, this is exactly equivalent to the linear-regression problem discussed in Lecture Notes
6. The difference is that in linear regression the matrix consists of measured features, whereas in
inverse problems the linear operator usually has a physical interpretation. For example, in imaging
problems the operator depends on the optical system used to obtain the data.

Each entry of ¢/ can be interpreted as a separate measurement of ¥

where A;. is the ith row of A. In many applications, it is desirable to reduce the number of
measurements as much as possible. However, by basic linear algebra, the number of measurements
must be at least equal to m. If m > n the system of equations (1) is underdetermined. Even if A
is full rank, its null space has dimension m — n by Corollary 1.16 in Lecture Notes 2. Any signal
of the form & + W where w belongs to the null space of A is a solution to the system.

As we discussed in Lecture Notes 4 and 5, natural images, speech and other signals are often
compressible: they can be represented as sparse combinations of predefined atoms such as sinusoids
or wavelets. The goal of compressed sensing is to exploit the compressibility of signals in order
to reconstruct them from a smaller number of measurements. The idea is that although it is
impossible to recover an arbitrary m-dimensional signal from n measurements if m > n, it may be
possible to recover an m-dimensional signal that is parametrized by an s-dimensional vector, as
long as s < n. The simplest example of compressible structure is sparsity. We will mostly focus
on this case to illustrate the main ideas behind compressed sensing.

Example 1.1 (Compressed sensing in magnetic-resonance imaging). Magnetic resonance imaging
(MRI) is a popular medical-imaging technique that measures the response of the atomic nuclei
of body tissues to high-frequency radio waves when placed in a strong magnetic field. MRI
measurements can be modeled as samples from the 2D or 3D Fourier transform of the object that
is being imaged, for example a slice of a human brain. An estimate of the corresponding image
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Figure 1: Image of a brain obtained by MRI, along with the magnitude of its 2D discrete Fourier
transform (DFT) and the logarithm of this magnitude.

can be obtained by computing the inverse Fourier transform of the data, as shown in Figure 1. An
important challenge in MRI is to reduce measurement time: long acquisition times are expensive
and bothersome for the patients, especially for those that are seriously ill and for infants. Gathering
less measurements, or equivalently undersampling the 2D or 3D Fourier transform of the image of
interest, results in shorter data-acquisition times, but poses the challenge of recovering the image
from undersampled data. Fortunately, MR images tend to be compressible in the wavelet domain.
Compressed sensing of MR images consists of recovering the sparse wavelet coefficients from a
small number of Fourier measurements. A

Example 1.2 (1D subsampled Fourier measurements). This cartoon example is inspired by com-
pressed sensing in MRI. We consider the problem of recovering a sparse signal from undersampled
Fourier data. The rows of the measurement matrix are a subset of the rows of a DF'T matrix,
extracted following two strategies: regular and random subsampling. In regular subsampling we
select the odd rows of the matrix, whereas in random subsampling we just select the rows uniformly
at random. Figure 2 shows the real part of the matrices. Figure 3 shows the underdetermined
linear system corresponding to each of the subsampling strategies for a simple example where the
signal has sparsity 3. A

1.2 When is sparse estimation well posed?

A first question that arises when we consider sparse recovery from underdetermined measurements
is under what conditions the problem is well posed. In other words, is it possible that there may
be other sparse signals that produce the same measurements? If that is the case, it is impossible to
determine which sparse signal actually generated the data and the problem is ill posed. Whether
this situation may arise or not depends on the spark of the measurement matrix.

Definition 1.3 (Spark). The spark of a matriz is the smallest subset of columns that is linearly
dependent.
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Figure 2: Real part of the DFT matrix, as well as the corresponding regularly-subsampled and randomly-
subsampled measurement matrix, represented as a heat map (above) and as samples from continuous
sinusoids (below).

Regular x2 subsampling Random x2 subsampling

Figure 3: Underdetermined linear system of equations corresponding to the subsampled Fourier matrices
in Figure 2.



The spark sets a fundamental limit to the sparsity of vectors that can be recovered uniquely from
linear measurements.

Theorem 1.4. Let yj := AZ*, where A € R™*" ¢ € R" and £* € R™ is a sparse vector with s
nonzero entries. The vector ¥* is gquaranteed to be the only vector with sparsity level equal to s
consistent with the measurements, i.e. the solution of

min ||Z]], subject to AT =y, (3)

for any choice of £* if and only if

spark (A4) > 2s. (4)

Proof. ©* is the only sparse vector consistent with the data if and only if there is no other vector
7' with sparsity s such that AZ¥* = Ax’. This occurs for any choice of * if and only if for any
pair of vectors 71 and ¥y with sparsity level s, we have

Ay — ) #0. (5)

Let T7 and T, denote the support of the nonzero entries of Z; and Z5. Equation (5) can be written
as

Anond #0  for any @ € RIMVEL (6)

This is equivalent to all submatrices with at most 2s columns (the difference between 2 s-sparse
vectors can have at most 2s nonzero entries) having no nonzero vectors in their null space and
therefore being full rank, which is exactly the meaning of spark (A) > 2s. O]

If the spark of a matrix is greater than 2s then the matrix represents a linear operator that is
invertible when restricted to act upon s-sparse signals. However, it may still be the case that
two different sparse vectors could generate data that are extremely close, which would make it
challenging to distinguish them if the measurements are noisy. In order to ensure that stable
inversion is possible, we must in addition require that the distance between sparse vectors is
preserved, so that if @y is far from #5 then AZx; is guaranteed to be far from Axy. Mathematically,
the linear operator should be an isometry when restricted to act upon sparse vectors.

Definition 1.5 (Restricted-isometry property). A matriz A satisfies the restricted-isometry prop-
erty with constant k4 if for any s-sparse vector &

(1= ws) [[7]], < [[AZ]], < (1 + £) [17]], (7)

If a matrix A satisfies the restricted-isometry property (RIP) for a sparsity level 2s then for any pair
of vectors 77 and ¥y with sparsity level s, the distance between their corresponding measurements
11 and 7> is lower bounded by the difference between the two vectors

92 — ill, = A (%) — 7y) (8)
> (1 — ko) |72 — 715 - (9)
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Figure 4: Correlation between the 20th column and the rest of the columns for the matrices described
in Example 1.2.

Figure 4 shows the correlation between one of the columns in the matrices matrices described
in Example 1.2 and the rest of the columns. For the regularly-subsampled Fourier matrix, there
exists another column that is exactly the same. No method will be able to distinguish the data
corresponding to even l-sparse vectors, since the contributions of these two columns will be im-
possible to distinguish. The matrix does not even satisfy the RIP for a sparsity level equal to
two.

In the case of the randomly-subsampled Fourier matrix, column 20 is not highly correlated with any
other column. This does not immediately mean that the matrix satisfies the restricted-isometry
property. Unfortunately, verifying that a matrix satisfies the spark or the restricted-isometry
property is not computationally tractable (essentially, one has to check all possible sparse subma-
trices). However, we can prove that the RIP holds with high probability for random matrices. In
the following theorem we prove this statement for Gaussian iid matrices. The proof for random
Fourier measurements is more complicated [8,10].

Theorem 1.6 (Restricted-isometry property for Gaussian matrices). Let A € R™*™ be a random
matrix with iid standard Gaussian entries. \/LRA satisfies the restricted-isometry property for a

constant ks with probability 1 — % as long as the number of measurements

m= og (%) (10)

for two fixed constants C1,Cy > 0.

Proof. Let us fix an arbitrary support 71" of size s. The m x s submatrix Ay of A that contains
the columns indexed by T has iid Gaussian entries, so by Theorem 3.7 in Lecture Notes 3 (in
particular equation (81)), its singular values are bounded by

Vm(l—ky) <os <oy < Vm(l+ k) (11)



with probability at least

12\° mk?2
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This implies that for any vector & with support T’

Vl_“SHZszS S\/1‘{""?9‘@”2' (13)
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This is not enough for our purposes, we need this to hold for all supports of size s, i.e. on all
possible combinations of s columns selected from the n columns in A. A simple bound on the
binomial coefficient yields the following bound on the number of such combinations

n en s
<(—) . 14
(3) o ( S ) (14)
By the union bound (Theorem 3.4 in Lecture Notes 3), we consequently have that the bounds (13)
hold for any sparse-s vector with probability at least

s (12\° 2 12 2
1—2<%) — | exp IR 1 —exp | log2+ s+ slog <E> +slog| — | — T
s K 32 s K 2

s

&
<1—-—= 15
<1-° (15)
for some constant C5 as long as m satisfies (10). O

1.3 Sparse recovery via {;-norm minimization

Choosing the sparsest vector consistent with the available data is computationally intractable,
due to the nonconvexity of the ¢, “norm” ball. Instead, we can minimize the ¢; norm in order to
promote sparse solutions.

Algorithm 1.7 (Sparse recovery via ¢;-norm minimization). Given data §j € R" and a matriz
A € R™*™  the minimum-{1-norm estimate is the solution to the optimization problem

min ||Z||, subject to AT =y. (16)

Figure 5 shows the minimum /- and ¢;-norm estimates of the sparse vector in the sparse re-
covery problem described in Example 1.2. In the case of the regularly-subsampled matrix, both
methods yield erroneous solutions that are sparse. As discussed previously, for that matrix the
sparse-recovery problem is ill posed. In the case of the randomly-subsampled matrix, f>-norm
minimization promotes a solution that contains a lot of small entries. The reason is that large
entries are very expensive because we are minimizing the square of the magnitudes. Such large
entries are not as expensive for the /;-norm cost function. As a result, the algorithm produces
a sparse solution that is exactly equal to the original signal. Figure 6 provides some geometric
intuition as to why the ¢;-norm minimization problem promotes sparse solutions.
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Figure 5: Minimum /»- and ¢;-norm estimates of the sparse vector in the sparse recovery problem
described in Example 1.2.
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Figure 6: Cartoon of the f5- and £;-norm minimization problems for a two-dimensional signal. The
lines represent the hyperplane of signals such that AZ = ¢. The £;-norm ball is spikier, so that as a result
the solution lies on a low-dimensional face of the norm ball. In contrast, the £5>-norm ball is rounded and

this does not occur.
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Figure 7: Two different sampling strategies in 2D k space: regular undersampling in one direction (top)
and random undersampling (bottom). The original data is the same as in Figure 1. On the right we see
the corresponding minimum-£s-norm estimate for each undersampling pattern.
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Figure 8: Minimum-¢;-norm for the two undersampling patterns shown in Figure 7.



1.4 Sparsity in a transform domain

If the signal is sparse in a transform domain, then we can modify the optimization problem to
take this into account. Let W represent a wavelet transform, such that we assume that the
corresponding wavelet coefficients of the image are sparse. In that case, we solve the optimization
problem,

min ||, subject to AWc=1y. (17)

If we want to recover the original ¢* then we would need to verify that AW should satisfy the
RIP, which would require analyzing the inner products between the rows of the measurement A
(the measurement vectors) and the columns of W (the sparsifying basis functions). However, we
might be fine with any ¢’ such that A¢’ = ¥*. In that case, characterizing when the problem is
well posed is more challenging.

Figure 8 shows the result of applying ¢;-norm minimization to recover an image from the data
corresponding to the images shown in Figure 7. For regular undersampling, then the estimate is
essentially the same as the minimum-/5-norm estimate. This is not surprising, since the minimum-
ly-norm estimate is also sparse in the wavelet domain because it is equal to a superposition of
two shifted copies of the image. In contrast, ¢;-norm minimization recovers the original image
perfectly when coupled with random projections. Intuitively, £;-norm minimization cleans up the
noisy aliasing caused by random undersampling.

2 Constrained optimization

2.1 Convex sets

A set is convex if it contains all segments connecting points that belong to it.

Definition 2.1 (Convex set). A convex set S is any set such that for any ©,y € S and 6 € (0,1)

97+ (1—0)je S. (18)

Figure 9 shows a simple example of a convex and a nonconvex set.

The following lemma establishes that the intersection of convex sets is convex.

Lemma 2.2 (Intersection of convex sets). Let Sy, ..., Sy be conver subsets of R™, N, S; is conver.

Proof. Any 2,y € N, S; also belong to S;. By convexity of &) 07 + (1 — 6) i belongs to S for
any 6 € (0,1) and therefore also to N, S;. O

The following theorem shows that projection onto non-empty closed convex sets is unique.



Theorem 2.3 (Projection onto convex set). Let S C R"™ be a non-empty closed convex set. The
projection of any vector vex € R™ onto S

Ps (%) = argmin||Z — 3|, (19)
yeS
exists and is unique.

Proof. Existence

Since S is non-empty we can choose an arbitrary point y’ € S. Minimizing ||Z — y]|, over S
is equivalent to minimizing ||Z — ]|, over SN {y| ||Z — ¥l|, < ||Z — ¥’||,}. Indeed, the solution
cannot be a point that is farther away from ' than ¢’. By Weierstrass’s extreme-value theorem,
the optimization problem

minimize  ||Z — 7| (20)

subject to s € SN{Y| ||Z = 4ll, < 17 - 7'|I,} (21)

has a solution because ||Z — 7|5 is a continuous function and the feasibility set is bounded and
closed, and hence compact. Note that this also holds if S is not convex.

Uniqueness

Assume that there are two distinct projections y; # 7». Consider the point

o gl + 372

Yy o 5
which belongs to & because S is convex. The difference between Z and 3’ and the difference
between 7, and ¢’ are orthogonal vectors,

(22)

(@ -y = (g - DT g T (23)
2 2
I—G T—h I T
_ _ 24
< > T2 T 2 > (24)
1 — — 112 — — 112
= 7 (1F =@l + 117 = %) (25)
=0, (26)
because ||Z — #1|| = ||Z — || by assumption. By Pythagoras’ theorem this implies

17 =3l = 112 = "Il + 1t — 7l (27)

— — 2
— e 715+ || 5 23)

2 2

— — 2

> |7 =7l (29)

because i) # vy by assumption. We have reached a contradiction, so the projection is unique. [

A convex combination of n points is any linear combination of the points with nonnegative coeffi-
cients that add up to one. In the case of two points, this is just the segment between the points.

10



Nonconvex Convex

Figure 9: An example of a nonconvex set (left) and a convex set (right).

Definition 2.4 (Convex combination). Given n vectors &y, Zs,...,T, € R",
i=1

s a convex combination of ¥1, X, ..., T, as along as the real numbers 01,0, . .., 0, are nonnegative
and add up to one,

> 0=1 (32)

The convex hull of a set S contains all convex combination of points in §. Intuitively, it is the
smallest convex set that contains S.

Definition 2.5 (Convex hull). The convex hull of a set S is the set of all convex combinations of
points in S.

A possible justification of why we penalize the ¢;-norm to promote sparse structure is that the
¢1-norm ball is the convex hull of 1-sparse vectors with unit norm, which form the intersection
between the ¢y “norm” ball and the /,,-norm ball. The lemma is illustrated in 2D in Figure 10.

Lemma 2.6 (¢;-norm ball). The {1-norm ball is the convex hull of the intersection between the (o

“norm” ball and the f.-norm ball.

Proof. We prove that the ¢;-norm ball By, is equal to the convex hull of the intersection between
the ¢y “norm” ball By, and the ¢, -norm ball B, by showing that the sets contain each other.

By, CC (By, NBy.)

Let & be an n-dimensional vector in By,. If we set 0; := |Z[i]|, where Z[i] is the ith entry of & by

11



Zfi], and 6y =1 — > " | 6; we have Y " 6, = 1 by construction, §; = |Z[i]| > 0 and

n+1

i=1
=1-lz]l, (34)
>0  because T € By,. (35)

We can express now & as a convex combination of the standard basis vectors multiplied by the
sign of the entries of & sign (Z[1]) €1, sign (Z[2]) €3, ..., sign (Z[n]) €,, which belong to By, N By,
since they have a single nonzero entry with magnitude equal to one, and the zero vector 0, which
also belongs to By, N By,

F =) 0;sign (i) & + 0,0. (36)
=1

C(By,NBe,) C By,

Let @ be an n-dimensional vector in C (B, N By, ). By the definition of convex hull, we can write
=0, (37)
i=1

where m > 0, 41, ..., yn € R™ have a single entry bounded by one, §; > 0 for all 1 <7 < m and
Y, 0; = 1. This immediately implies & € By,, since

Z]], < Z 0;1ly;||; by the Triangle inequality (38)
i=1

< Z 9;||%i]l,, because each g; only has one nonzero entry (39)
i=1

< Z 0; (40)
i=1

<1. (41)

[

2.2 Constrained convex programs

In this section we discuss convex optimization problems, which are problems in which a convex
function is minimized over a convex set.

Definition 2.7 (Convex optimization problem). An optimization problem is a convex optimization
problem if it can be written in the form

minimize  f; (7) (42)
subject to  f; () <0, 1<i<m, (43)
hi (T) =0, 1<i<p, (44)
where fo, fi,-. ., fms h1, oo by t R™ = R are functions satisfying the following conditions

12



Figure 10: Illustration of Lemma (2.6) The ¢y “norm” ball is shown in black, the {s-norm ball in blue
and the ¢1-norm ball in a reddish color.

e The cost function fy is convew.
o The functions that determine the inequality constraints fi, ..., fm are convex.

o The functions that determine the equality constraints hy,..., h, are affine, i.e. h; (Z) =
arz +b; for some @; € R™ and b; € R.

Any vector that satisfies all the constraints in a convex optimization problem is said to be feasible.
A solution to the problem is any vector ©* such that for all feasible vectors ¥

Jo(Z) = fo(27). (45)
If a solution exists f (Z*) is the optimal value or optimum of the optimization problem.

Under the conditions in Definition 2.7 we can check that the feasibility set of the optimization
problem is indeed convex. Indeed, it corresponds to the intersection of several convex sets: the

O-sublevel sets of fi,..., fm, which are convex by Lemma 2.9 below, and the hyperplanes h; () =

al'? + b;. The intersection is convex by Lemma 2.2.

Definition 2.8 (Sublevel set). The y-sublevel set of a function f: R"™ — R, where v € R, is the
set of points in R™ at which the function is smaller or equal to 7,

C, = {&] £ (@) < ). (46)

Lemma 2.9 (Sublevel sets of convex functions). The sublevel sets of a convex function are convex.

Proof. 1t Z,ij € R™ belong to the 7-sublevel set of a convex function f then for any 6 € (0, 1)

FOZ+1—0)9) <0f (&) +(1—0)f () by convexity of f (47)
<7 (48)

13



because both # and g belong to the y-sublevel set. We conclude that any convex combination of
Z and 7 also belongs to the y-sublevel set. O

If both the cost function and the constraint functions of a convex optimization problem are affine,
the problem is a linear program.

Definition 2.10 (Linear program). A linear program is a convex optimization problem of the form

minimize @ ¥ (49)
subject to &7 <d;, 1<i<m, (50)
AZ =b. (51)

It turns out that ¢;-norm minimization can be cast as a linear program.

Theorem 2.11 (/;-norm minimization as a linear program). The optimization problem

minimize  ||Z||, (52)

subject to AT =1b (53)

can be recast as the linear program

minimize Z 4] (54)

i=1
subject to  t[i] > &7, (55)
fli] > -&"7, (56)
AT =b. (57)

Proof. To show that the linear problem and the /;-norm minimization problem are equivalent, we
show that they have the same set of solutions.

Let us denote an arbitrary solution of the linear program by ( Ip t_‘lp) For any solution £% of the

{,-norm minimization problem, we define £* such that % [i] := [Z0[i]|. (2%, t%) is feasible for
the LP so

—»KlHl Zfel (58)

> Z t"[i] by optimality of £ (59)
> ||Z"||, by constraints (55) and (56). (60)

This implies that any solution of the linear program is also a solution of the ¢;-norm minimization
problem.

14



To prove the converse, we fix a solution Z“ of the ¢;-norm minimization problem. Setting % [i] :=
}f “11i]|, we show that (:E'El, tgl) is a solution of the linear program. Indeed,

>t =1z, (61)
=1

< Hflp| ‘1 by optimality of &% (62)

< Zflp[z’] by constraints (55) and (56). (63)
i=1

[

If the cost function is a positive semidefinite quadratic form and the constraints are affine a convex
optimization problem is called a quadratic program (QP).

Definition 2.12 (Quadratic program). A quadratic program is a convex optimization problem of
the form

minimize 7 QT +d’ ¥ (64)
subject to @Tf <d;, 1<i<m, (65)
AT =, (66)

where () € R"™™" is positive semidefinite.

A corollary of Theorem 2.11 is that ¢;-norm regularized least squares can be cast as a QP.

Corollary 2.13 (¢;-norm regularized least squares as a QP). The optimization problem

minimize ||AZ — y|[5 + |||, (67)
can be recast as the quadratic program
minimize 27 ATAZ — 2577 + A 1]i] (68)
i=1
subject to  t]i] > &7, (69)
ti] > -z (70)

2.3 Duality

The Lagrangian of an optimization problem combines the cost function and the constraints.

Definition 2.14. The Lagrangian of the optimization problem in Definition 2.7 is defined as the
cost function augmented by a weighted linear combination of the constraint functions,

Vil h; (Z), (71)

L(fv&v ﬁ) = fO (f) +Z&[Z] fz (f) +

p

J

where the vectors a € R™, IV € RP are called Lagrange multipliers or dual variables, whereas T is
the primal variable.

15



The Lagrangian yields a family of lower bounds to the cost function of the optimization problem
at every feasible point.

Lemma 2.15. As long as ali] > 0 for 1 < i <m, the Lagrangian of the optimization problem in
Definition 2.7 lower bounds the cost function at all feasible points, i.e. if ¥ is feasible then

Proof. 1f ¥ is feasible and &[i] > 0 for 1 < i < m then

afi] f; (2) <0, (73)
) by () = O, (74)
which immediately implies (72). O

Minimizing over the primal variable yields a family of lower bounds that only depends on the dual
variables. We call the corresponding function the Lagrange dual function.

Definition 2.16 (Lagrange dual function). The Lagrange dual function is the infimum of the
Lagrangian over the primal variable ¥

1(@,7) == inf L(Z,a,7). (75)

ZeR™

Theorem 2.17 (Lagrange dual function as a lower bound of the primal optimum). Let * denote
an optimal value of the optimization problem in Definition 2.7,

Ha,7) <z, (76)

as long as dfi] > 0 for 1 <i<n.

Proof. The result follows directly from (72),

T = fo(Z7) (77)
> L(z*,d, V) (78)

> 1 (a,v) (79)

0

Optimizing the lower bound provided by the Lagrange dual function yields an optimization prob-
lem that is called the dual problem of the original optimization problem. The original problem is
called the primal problem in this context.

Definition 2.18 (Dual problem). The dual problem of the optimization problem from Defini-
tion 2.7 s

maximize [ (d,v) (80)
subject to  a[i] >0, 1<i<m. (81)



Note that the cost function is a pointwise supremum of linear (and hence convex) functions.

Lemma 2.19 (Supremum of convex functions). Pointwise supremum of a family of convez func-
tions indexed by a set T

fsup (f) i=sup fz (f) . (82)

€L

18 convez.

Proof. For any 0 < 6 <1 and any 7,y € R,

foup (07 +(1 = 0) ) = sup £, (07 + (1= 0)7) (53)
< supbf, (Z)+ (1—6) f; (§) by convexity of the f; (84)

< 0sup £ (7) + (1 = 0)sup J, 7) (55)

= 6 fuup (7) + (1= ) fup () (56)

[]

As a result of the lemma, the dual problem is a convex optimization problem even if the primal is
nonconvex! The following result, which is an immediate corollary to Theorem 2.17, states that the
optimum of the dual problem is a lower bound for the primal optimum. This is known as weak
duality.

Corollary 2.20 (Weak duality). Let &* denote an optimum of the optimization problem in Defi-
nition 2.7 and d* an optimum of the corresponding dual problem,

d* < 7. (87)

In the case of convex functions, the optima of the primal and dual problems are often equal, i.e.
d-=z". (88)

This is known as strong duality. A simple condition that guarantees strong duality for convex
optimization problems is Slater’s condition.

Definition 2.21 (Slater’s condition). A vector x € R™ satisfies Slater’s condition for a convex
optimization problem if

[i(@) <0, 1<i<m, (89)

A proof of strong duality under Slater’s condition can be found in Section 5.3.2 of [2].

The following theorem derives the dual problem for the /;-norm minimization problem with equal-
ity constraints.

17



Theorem 2.22 (Dual of ¢;-norm minimization). The dual of the optimization problem of

min ||Z € R™||, subject to AT =y (91)
18
max gTo subject to HATﬁH <1 (92)
veER™ o0

Proof. The Lagrangian is equal to
L(Z,7)=||7]l, + 7" (§ — A7), (93)
so the Lagrange dual function equals

(& 7) = inf |7]], — (AT9)7Z + 777, (94)

HSING

If (AT7)[i] > 1 then one can set Z[i] arbitrarily large so that [ (&, ) — —oo. The same happens
if (ATD)[i] < 1. 1f ||AT7| ‘Oo < 1, by Hélder’s inequality (Theorem 3.16 in Lecture Notes 1)

|(ATo) | < [z, [|AT 7], (95)

<17l , (96)

so the Lagrangian is minimized by setting ¥ to zero and [ (@,7) = ©¥Tj. This completes the
proof. O

Interestingly, the solution to the dual of the ¢;-norm minimization problem can often be used to
estimate the support of the primal solution. Figure 11 shows that the vector A”7*, where A is
the underdetermined linear operator and 7* is a solution to Problem (92), reveals the support of
the original signal for the randomly-subsampled data in Example 1.2.

Lemma 2.23. If the exists a feasible vector for the primal problem, then the solution U* to
Problem (92) satisfies

(AT7*)[i] = sign(*[i])  for all £*[i] # 0 (97)

for all solutions T* to the primal problem.

Proof. 1f there is a feasible vector for the primal problem, then strong duality holds because the
optimization problem is a linear program with finite cost function. By strong duality

lz2*|l, = 5" v (98)
= (Az*)"o (99)
= (T°)1(AT ") (100)
= Z(ATJ*)[z‘]:E*[i]. (101)
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Figure 11: The vector AT7*, where A is the underdetermined linear operator and 7* is a solution to
Problem (92), reveals the support of the original signal for the randomly-subsampled data in Example 1.2.

By Holder’s inequality

121, > D> _(AT")[i]#"[i] (102)
=1
with equality if and only if
(AT7*)[i] = sign(z*[i]) for all ¥*[i] # 0. (103)
O

Consider the following algorithm for sparse recovery. Our goal is to find nonzero locations of a
sparse vector ¥ from i = AZ. We have access to inner products of & and AT for any @, since

g w = (AD) (104)
= 77 (AT). (105)

This suggests maximizing A7, while bounding its magnitude entries by 1. In that case, the
entries where Z is nonzero should saturate to 1 or -1. This is exactly Problem (92)!

3 Analysis of constrained convex programs

3.1 Minimum /s-norm solution

The best-case scenario for the analysis of constrained convex program is that the optimization
problem has a closed-form solution. This is the case for ¢s-norm minimization.
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Theorem 3.1. Let A € R™*™ be a full rank matriz such that m < n. For any iy € R" the solution
to the optimization problem

arg min || ||, subject to AT = 1. (106)
18
7= VST = AT (ATA) ' g, (107)

Proof. Let us decompose 7 into its projection on the row space of A and on its orthogonal com-
plement

f - PI'OW(A) f + PrOW(A)L f. (108)

Let A = USVT be the reduced SVD of A where S contains the nonzero singular values. Since A
is full rank V' contains an orthonormal basis of row (A) and we can write Piow(a) & = V'€ for some
vector ¢ € R"”. We have

AT = AProwa) T (109)
=Usvtve (110)
=USé (111)

So that the equality constraint is equivalent to

i~

Sc =1y, (112)
where US is square and invertible because A is full rank, so that
c=S"tuty (113)
and hence for all feasible vectors &
Prow(a) & =VS'Uy. (114)

By Pythagoras’ theorem, minimizing ||Z||, is equivalent to minimizing

2 112 12
11 = [ Peowia 2[5 + || Prowar: 7 (115)

) .

—

Since Prow(a) ¥ 1s fixed by the equality constraint, the minimum is achieved by setting P, 1)+ &
to zero and the solution equals

7 =VSTUT = AT (ATA) . (116)

]

The next lemma exploits the closed-form solution of the minimum /¢s-norm to explain the aliasing
that occurs for the regularly-subsampled data in Figure 5.
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Lemma 3.2 (Regular subsampling). Let A be the regularly-subsampled DFT matriz in Exam-
ple 1.2 and let

7= [f?up ] (117)

Ldown

be the original signal. The minimum fo-norm estimate equals

Ty, = arg min ||Z||, (118)
AZ=y
_ 1 fup + fdown (119)
2 fup + fdown '

Proof. As is obvious in Figure 2 and we discussed in Example 1.15 of Lecture Notes 4, the matrix
A is equal to two concatenated DFT matrices of size m/2 (for simplicity we assume m is even)

1
A= — Fm Fm ) 120
V2 [ /2 /2} (120)
where F;/Qme = Fm/gFm/2 = [. By Theorem 3.1
F, = AT (ATA) g (121)
-1
1 [F* 1 Z
m/2 m Fm - m/2 - Fm Fm |:_’ up :| 1992
[ m/2} ( /2 /2] \/5 |:F':1/2:|> \/§ [ /2 /2} Ldown ( )
1 F* 1 -1
~3 FZj 5 LFmeFry +Fm/2Fm/z}) (Fnjaup + FinjoZaown) (123)
1[F*
=35 T/z I_l (Fm/qup + Fm/Qfdown) (124)
2 _Fm/2
_ l _FTZL/Q (Fm/ijup + Fm/2€down):| (125)
2 _Fm/2 (Fm/ﬂup + Fm/296‘down)
1 [ — —
_ = fﬁup + {down:| ) (126)
2 | Zup + Zdown
O

3.2 Minimum /;-norm solution

Unfortunately, the solution to /;-norm minimization with linear constraints does not have a closed-
form solution. When we considered unconstrained nondifferentiable convex problems without
closed-form solutions in Lecture Notes 8, we characterized the solutions by exploiting the fact
that the zero vector is a subgradient of a convex cost function at a point if and only if the point
is a minimizer. Here we will use a different argument based on the dual problem (which can often
also be interpreted geometrically in terms of subgradients as we discuss below). The main idea is
to construct a dual feasible vector whose existence implies that the original signal which we aim
to recover is the unique solution to the primal.

21



Consider a certain sparse vector £* € R™ with support T such that AZ* = g. If there exists
a vector 7 € R" such that AT is equal to the sign of ¥ on 7" and has magnitude smaller than
one elsewhere, then v is feasible for the dual problem 92, so by weak duality ||Z||, > ¢’ 7 for any
T € R™ that is feasible for the primal. We then have

|z, =g v (127)
= (AZ")" v (128)
= (#%)T(ATD) (129)
= Zf*m sign(z*[]) (130)
= [1Z7]], - (131)

Geometrically, AT7 is a subgradient of the ¢; norm at #*. The subgradient is orthogonal to
the feasibility hyperplane given by AZ = ¢ (any vector ¢ within the hyperplane is the difference
between two feasible vectors and therefore satisfies A7 = 0). As a result, for any other feasible
vector &

121, > [|27]], + (AT9)" (% — &) (132)
= ||Z*||, + 7" (AT — AT™) (133)
= [|Z"]]; . (134)

These two arguments show that the existence of a certain dual vector can be used to establish
that a certain primal feasible vector is a solution, but they do not establish uniqueness. It turns
out that requiring that the magnitude of AT#7 be strictly smaller than one on T is enough to
guarantee it (as long as A is full rank). In that case, we call the dual variable 7 a dual certificate
for the ¢;-norm minimization problem.

Theorem 3.3 (Dual certificate for ;-norm minimization). Let £* € R™ with support T' such that

AZ* = i and the submatrix Ap containing the columns of A indexed by T s full rank. If there
exists a vector v € R"™ such that

(AT D)[i] = sign(*[i])  if T[] #0 (135)

(ATD)[i]] <1 if ¥*[i] = (136)

then ©* is the unique solution to the {1-norm minimization problem (16).

Proof. For any feasible & € R™, let h =% — @*. If Ay is full rank then A # 0 unless h=0
because otherwise hy would be a nonzero vector in the null space of Ar. Condition (136) implies

-

hre

-

> (ATD)  hye, (137)

1

where hize denotes h restricted to the entries indexed by T°. Let Pr (-) denote a projection that
sets to zero all entries of a vector except the ones indexed by 7. We have

Zll, = || + Pr (h) ‘ + HﬁTc because 7" is supported on T (138)
1 1

> [1Z°\ly + (AT Pr (k) + (AT9)TPre () by (137) (139)

= [|7*||, + 7T AR (140)

= 12"l (141)
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]

A strategy to prove that compressed sensing succeeds for a class of signals is to propose a dual-
certificate construction and show that it produces a valid certificate for any signal in the class.
We illustrate this with Gaussian matrices, but similar arguments can be extended to random
Fourier matrices [7] and other measurements [4] (see also [6] for a more recent proof technique
based on approximate dual certificates that provides better guarantees). It is also worth noting
that the restricted-isometry property can be directly used to prove exact recovery via f;-norm
minimization [5], but this technique is less general. Dual certificates can also be used to analyze
other problems such as matrix completion, super-resolution and phase retrieval.

Theorem 3.4 (Exact recovery via ¢;-norm minimization). Let A € R™*" be a random matriz with
itd standard Gaussian entries and £* € R™ a vector with s nonzero entries such that Ax* = yj.
Then ©* is the unique solution to the ¢1-norm minimization problem (16) with probability at least
11— % as long as the number of measurements satisfies

m > Cslogn, (142)

for a fized numerical constant C'.

Proof. By Theorem 3.3 all we need to show is that for any support 1" of size s and any possible
sign pattern o := Z7 € R® of the nonzero entries of ©* there exists a valid dual certificate /. The
certificate must satisfy

AT = . (143)

Ideally we would like to analyze the vector v satisfying this underdetermined system of s equations
such that AZ.7 has the smallest possible £, norm. Unfortunately, the solution to the optimization
problem

subject to ALy = (144)

. T =
min } ‘ATCV ‘OO
does not have a closed-form solution. However, the solution to

min | |7, subject to  ATD = (145)
14
does, so we can analyze it instead. By Theorem 3.1 the solution is

7, = AL (ATA;) " @ (146)

To control ¥y, we resort to the bound on the singular values of a fixed m x s submatrix in
equation (11). Setting ks := 0.5 we denote by &€ the event that

0.5vm < os <oy < 1.5¢ym, (147)
where
m
>1— (=
P& >1 exp( C s> (148)
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for a fixed constant C’. Conditioned on €& A7 is full rank and AL A7 is invertible, so &, guarantees
condition (135). In order to verify condition (136), we need to bound AT, for all indices i € T°.
Let USVT be the SVD of A;. Conditioned on £ we have

| Ze, 1], = |[VS™HU 4|, (149)
| ],
< p (150)

< 2\/% (151)

For a fixed i € T° and a fixed vector ¢ € R™, A0/ ||0]|, is a standard Gaussian random variable,
which implies

T =

P (|ATd) = 1) =P (% > ||U||2) (152)
2

< 2exp (~ |I7l13 /2) (153)

by the following lemma.

Lemma 3.5 (Proof in Section 4.1). For a Gaussian random variable u with zero mean and unit
variance and any t > 0

P(jul > t) < 2exp (-%) . (154)

Note that if i ¢ T then A; and ¥, are independent (they depend on different and hence indepen-
dent entries of A). This means that due to equation 151

P(|A]z,|>11&) =P <|AiT17| >1 for |||, < 2\/%) (155)

< 2exp (—g) : (156)

As a result,
P (|AT,| > 1) <P (|ATD,| > 1]€) + P (£9) (157)
< 2exp <_£> + exp (—C'%) : (158)

We now apply the union bound to obtain a bound that holds for all = € T°. Since T has cardinality
at most n

P (U (750] 21)) < 2o () e (-2)). (150
ie€Te
We can consequently choose a constant C' so that if the number of measurements satisfies

m > Cslogn (160)

we have exact recovery with probability 1 — % O

24



4

Proofs

4.1 Proof of Lemma 3.5

By symmetry of the Gaussian probability density function, we just need to bound the probability
that u > t. Applying Markov’s inequality (Theorem 2.6 in Lecture Notes 3) we have

P(u>t) =P (exp(ut) > exp (t*)) (161)
< E (exp (ut — %)) (162)

= exp <—§) J%TT /Z exp (—(x%tf) dz (163)

(1) 204
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Optimization-based data analysis Fall 2017

Lecture Notes 10:
Matrix Factorization

1 Low-rank models

1.1 Rank-1 model

Consider the problem of modeling a quantity y[i, j] that depends on two indices ¢ and j. To fix
ideas, assume that yli, j| represents the rating assigned to a movie ¢ by a user j. If we have
available a data set of such ratings, how can we predict new ratings for (¢, j) that we have not
seen before? A possible assumption is that some movies are more popular in general than others,
and some users are more generous. This is captured by the following simple model

yli, 3] = ali]bl]. (1)

The features a and b capture the respective contributions of the movie and the user to the ranking.
If ali] is large, movie [i] receives good ratings in general. If b[j] is large, then user [i] is generous,
they give good ratings in general.

In the model (1) the two unknown parameters a[i] and b[j] are combined multiplicatively. As a
result, if we fit these parameters using observed data by minimizing a least-squares cost function,
the optimization problem is not convex. Figure 1 illustrates this for the function

f(a,b) == (1 —ab)?, (2)

which corresponds to an example where there is only one movie and one user and the rating
equals one. Nonconvexity is problematic because if we use algorithms such as gradient descent to
minimize the cost function, they may get stuck in local minima corresponding to parameter values
that do not fit the data well. In addition, there is a scaling issue: the pairs (a,b) and (ac,b/c)
yield the same cost for any constant ¢. This motivates incorporating a constraint to restrict the
magnitude of some of the parameters. For example, in Figure 1 we add the constraint |a| = 1,
which is a nonconvex constraint set.

Assume that there are m movies and n users in the data set and every user rates every movie. If
we store the ratings in a matrix Y such that Y;; := y[i, j| and the movie and user features in the

vectors @ € R™ and b € R", then equation (1) is equivalent to
Yaab! (3)

Now consider the problem of fitting the problem by solving the optimization problem

min ||y — aETH subject to |||, = 1. (4)
F

GeR™  beR™
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Figure 1: Heat map and contour map for the function (1 — ab)?. The dashed line correspond to the set
la| = 1.

Note that @b7 is a rank-1 matrix and conversely any rank-1 matrix can be written in this form
where ||d||, = 1 (@ is equal to any of the columns normalized by their ¢, norm). The problem is
consequently equivalent to

min ||Y — X||p subject to rank (X) = 1. (5)
XeRan

By Theorem 2.10 in Lecture Notes 2 the solution X,,;, to this optimization problem is given by
the truncated singular-value decomposition (SVD) of YV’

Xmin = 010177, (6)

where o7 is the largest singular value and u; and v; are the corresponding singular vectors. The
corresponding solutions @y, and by, to problem (4) are
nin = U1, (7)
bonin = 01771 (8)
Example 1.1 (Movies). Bob, Molly, Mary and Larry rate the following six movies from 1 to 5,

Bob Molly Mary Larry

1 1 ) 4 The Dark Knight
2 1 4 ) Spiderman 3
A= 4 5 2 1 Love Actually 9)
5 4 2 1 Bridget Jones’s Diary
4 ) 1 2 Pretty Woman
1 2 5 5 Superman 2

To fit a low-rank model, we first subtract the average rating

p= 334 (10)

i=1 j=1



from each entry in the matrix to obtain a centered matrix C' and then compute its singular-value
decomposition

779 0 0 0
ooop o 0 162 0 0 | p
A—pl1I"=Usv'=u| o 7 5 o |V (11)
0O 0 0 062

where 1 € R* is a vector of ones. The fact that the first singular value is significantly larger than
the rest suggests that the matrix may be well approximated by a rank-1 matrix. This is indeed
the case:

Bob Molly Mary Larry

1.34(1) 1.19(1) 4.66(5) 4.81(4)\ The Dark Knight
1.55(2) 1.42(1) 4.45(4) 4.58(5) | Spiderman 3
TTT & oyt il =| 445 (4) 4.58(5) 1.55(2) 1.42(1) | Love Actually 19
g NI =L U3 (5) 456(4) 157(2) 144(1) | Bridget Joness Diary 2
4.43(4) 456(5) 1.57(1) 1.44(2)| Pretty Woman
1.34(1) 1.19(2) 4.66(5) 4.81(5)/ Superman 2

For ease of comparison the values of A are shown in brackets. The first left singular vector is equal
to

D. Knight Spiderman 3 Love Act. B.J.’s Diary P. Woman Superman 2
Uy = ( —0.45 —0.39 0.39 0.39 0.39 —0.45 ).

This vector allows us to cluster the movies: movies with negative entries are similar (in this case
action movies) and movies with positive entries are similar (in this case romantic movies).

The first right singular vector is equal to

Bob Molly Mary Larry
U= (048 052 —048 —0.52)- (13)

This vector allows to cluster the users: negative entries indicate users that like action movies but
hate romantic movies (Bob and Molly), whereas positive entries indicate the contrary (Mary and
Larry). A

1.2 Rank-r model

Our rank-1 matrix model is extremely simplistic. Different people like different movies. In order
to generalize it we can consider r factors that capture the dependence between the ratings and
the movie/user

r

yli il = > alilbyj]- (14)

=1

The parameters of the model have the following interpretation:



e q[i]: movie i is positively (> 0), negatively (< 0) or not (= 0) associated to factor [.
e b[j]: user j likes (> 0), hates (< 0) or is indifferent (= 0) to factor .
The model learns the factors directly from the data. In some cases, these factors may be

interpretable— for example, they can be associated to the genre of the movie as in Example 1.1 or
the age of the user— but this is not always the case.

The model (14) corresponds to a rank-r model
Y ~ AB, AeR™"  BeR™™. (15)

We can fit such a model by computing the SVD of the data and truncating it. By Theorem 2.10
in Lecture Notes 2 the truncated SVD is the solution to

Aengrl}geerHY_AB”F subject to ||dill, =1, ..., ||d||, = 1. (16)

However, the SVD provides an estimate of the matrices A and B that constrains the columns of
A and the rows of B to be orthogonal. As a result, these vectors do not necessarily correspond to
interpretable factors.

2 Matrix completion

2.1 Missing data

The Netflix Prize was a contest organized by Netflix from 2007 to 2009 in which teams of data
scientists tried to develop algorithms to improve the prediction of movie ratings. The problem
of predicting ratings can be recast as that of completing a matrix from some of its entries, as
illustrated in Figure 2. This problem is known as matrix completion.

At first glance, the problem of completing a matrix such as this one

oy

may seem completely ill posed. We can just fill in the missing entries arbitrarily! In more mathe-
matical terms, the completion problem is equivalent to an underdetermined system of equations

Mll
10000 0| |Mxn 1
00010 0f|Mgs 3
= (18)
0000 1 0] My 5
00000 1| |Mg 2
_M23_


http://en.wikipedia.org/wiki/Netflix_Prize

Figure 2: A depiction of the Netflix challenge in matrix form. Each row corresponds to a user that ranks
a subset of the movies, which correspond to the columns. The figure is due to Mahdi Soltanolkotabi.

In order to solve the problem, we need to make an assumption on the structure of the matrix that
we aim to complete. In compressed sensing we make the assumption that the original signal is
sparse. In the case of matrix completion, we make the assumption that the original matrix is low
rank. This implies that there exists a high correlation between the entries of the matrix, which
may make it possible to infer the missing entries from the observations. As a very simple example,
consider the following matrix

(19)

R
[ = S SO Y
= = =
= =
— = = e
[ S —r

Setting the missing entries to 1 yields a rank 1 matrix, whereas setting them to any other number
yields a rank 2 or rank 3 matrix.

The low-rank assumption implies that if the matrix has dimensions m x n then it can be factorized
into two matrices that have dimensions m x r and r x n. This factorization allows to encode the
matrix using r (m + n) parameters. If the number of observed entries is larger than r (m + n)
parameters then it may be possible to recover the missing entries. However, this is not enough to
ensure that the problem is well posed.

2.2 When is matrix completion well posed?

The results of matrix completion will obviously depend on the subset of entries that are observed.
For example, completion is impossible unless we observe at least one entry in each row and column.



To see why let us consider a rank 1 matrix for which we do not observe the second row,

111 1]. (20)

As long as we set the missing row to equal the same value, we will obtain a rank-1 matrix consistent
with the measurements. In this case, the problem is not well posed.

In general, we need samples that are distributed across the whole matrix. This may be achieved
by sampling entries uniformly at random. Although this model does not completely describe
matrix completion problems in practice (some users tend to rate more movies, some movies are
very popular and are rated by many people), making the assumption that the revealed entries are
random simplifies theoretical analysis and avoids dealing with adversarial cases designed to make
deterministic patterns fail.

We now turn to the question of what matrices can be completed from a subset of entries samples
uniformly at random. Intuitively, matrix completion can be achieved when the information con-
tained in the entries of the matrix is spread out across multiple entries. If the information is very
localized then it will be impossible to reconstruct the missing entries. Consider a simple example
where the matrix is sparse

000 0 0O
00023 00
000 0 0O (21)
000 0 0O

If we don’t observe the nonzero entry, we will naturally assume that it was equal to zero.

The problem is not restricted to sparse matrices. In the following matrix the last row does not
seem to be correlated to the rest of the rows,

(22)

W NN DN DN
N NN DN
W NN DN DN

This is revealed by the singular-value decomposition of the matrix, which allows to decompose it



into two rank-1 matrices.

M=USVT (23)
0.5 0
B 8'2 8 {8 o} {0.5 0.5 05 0.5 (24)
05 0 0 6/ ]—-0.5 05 —-05 0.5
0 1
0.5 0
0.5 0
=8105| [0.5 0.5 05 0.5]+6 (0] [-0.5 0.5 —0.5 0.5] (25)
0.5 0
0 1
= O'lUl‘/lT + U2U2‘/2T. (26)
The first rank-1 component of this decomposition has information that is very spread out,
2 2 2 2
2 2 2 2
oU V=12 2 2 2. (27)
2 2 2 2
00 00

The reason is that most of the entries of V; are nonzero and have the same magnitude, so that
each entry of U; affects every single entry of the corresponding row. If one of those entries is
missing, we can still recover the information from the other entries.

In contrast, the information in the second rank-1 component is very localized, due to the fact that
the corresponding left singular vector is very sparse,

0 0 0 0
0 0 0 0
oLVl =10 0 0 0 (28)
0 0 0 0
-3 3 -3 3

Each entry of the right singular vector only affects one entry of the component. If we don’t observe
that entry then it will be impossible to recover.

This simple example shows that sparse singular vectors are problematic for matrix completion.
In order to quantify to what extent the information is spread out across the low-rank matrix we
define a coherence measure that depends on the singular vectors.

Definition 2.1 (Coherence). Let U SVT be the singular-value decomposition of an n X n matriz
M with rank r. The coherence pu of M is a constant such that

2 i
e 2 U= o 29)
Sy <
1I£ja§}$t Vij = r (30)



This condition was first introduced in [1]. Tts exact formulation is not too important. The point is
that matrix completion from uniform samples only makes sense for matrices which are incoherent,
and therefore do not have spiky singular values. There is a direct analogy with the super-resolution
problem, where sparsity is not a strong enough constraint to make the problem well posed and
the class of signals of interest has to be further restricted to signals with supports that satisfy a
minimum separation.

2.3 Minimizing the nuclear norm

We are interested in recovering low-rank matrices from a subset of their entries. Let ¢ be a vector
containing the revealed entries and let €2 be the corresponding entries. Ideally, we would like to
select the matrix with the lowest rank that corresponds to the measurements,

min rank (X) such that X = 7. (31)
XeRmxn
Unfortunately, this optimization problem is computationally hard to solve. Substituting the rank
with the nuclear norm yields a tractable alternative:

min |[|X]||, such that Xq = 7. (32)
X EeRmxn
The cost function is convex and the constraint is linear, so this is a convex program. In practice,
the revealed entries are usually noisy. They do not correspond exactly to entries from a low-rank
matrix. We take this into account by removing the equality constraint and adding a data-fidelity
term penalizing the fo-norm error over the revealed entries in the cost function,

o1
min —
XeRmxn 2

[1Xa =715 + Al1X1,, (33)

where A\ > 0 is a regularization parameter.

Example 2.2 (Collaborative filtering (simulated)). We now apply this method to the following
completion problem:

Bob Molly Mary Larry
1 ? ) 4 The Dark Knight
Spiderman 3
Love Actually (34)
Bridget Jones’s Diary
Pretty Woman
Superman 2

— o Ot s D
N O = Ot =
=N N
Ot N — 9 Ot

In more detail we apply the following steps:

1. We compute the average observed rating and subtract it from each entry in the matrix. We
denote the vector of centered ratings by .

2. We solve the optimization problem (32).



3. We add the average observed rating to the solution of the optimization problem and round
each entry to the nearest integer.

The result is pretty good,

Bob Molly Mary Larry
1 2 (1) 5 4 The Dark Knight

2 (2) 1 4 5 Spiderman 3
4 5 2 2 (1) | Love Actually (35)
5 4 2 1 Bridget Jones’s Diary
4 5 1 2 Pretty Woman
1 2 5 (5) 5 Superman 2
For comparison the original ratings are shown in brackets. A

2.4 Algorithms

In this section we describe a proximal-gradient method to solve Problem 33. Recall that proximal-
gradient methods allow to solve problems of the form

minimize f(z) + g (z), (36)
where f is differentiable and we can apply the proximal operator prox, efficiently.

Recall that the proximal operator norm of the ¢; norm is a soft-thresholding operator. Analogously,
the proximal operator of the nuclear norm is applied by soft-thresholding the singular values of
the matrix.

Theorem 2.3 (Proximal operator of the nuclear norm). The solution to

1 2
min 2y - X[+ |1X], (37)
is D, (Y), obtained by soft-thresholding the singular values of Y = U SVT
D, (Y):=US, (S)VT, (38)

Sii - T Zf Su > T,

. (39)
0 otherwise.

S (9); = {

Proof. Due to the Frobenius norm term, the cost function is strictly convex. This implies that any
point at which there exists a subgradient that is equal to zero is the solution to the optimization
problem. The subgradients of the cost function at X are of the form,

X -Y +1G, (40)
where G is a subgradient of the nuclear norm at X. If we can show that
1
Ly - D, (1) (11)



is a subgradient of the nuclear norm at D, (Y') then D, (Y) is the solution.

Let us separate the singular-value decomposition of Y into the singular vectors corresponding to
singular values greater than 7, denoted by Uy and Vj and the rest

Y =USVT (42)
So O T
~ (w0 vl [T o) " (4
Note that D, (Y) = Uy (So — 71) V', so that
1&-D4ﬂpﬂ@§+£@&%ﬁ (44)
T T

By construction all the singular values of U;5;V/! are smaller than 7, so

1
‘hm&%’gL (45)

In addition, by definition of the singular-value decomposition Ul U; = 0 and V'V; = 0. As a
result, (44) is a subgradient of the nuclear norm at D, (Y) and the proof is complete. O]

Algorithm 2.4 (Proximal-gradient method for nuclear-norm regularization). Let Y be a matrix

such that Yo = y and let us abuse notation by interpreting ng) as a matriz which is zero on Q°.
We set the initial point X© to Y. Then we iterate the update

X (k+1) — ’Dak)\ <X(k) — Qg (Xg()k) _ Y)) : (46)

where ay, > 0 is the step size.

Example 2.5 (Collaborative filtering (real)). The Movielens data set contains ratings from 671
users for 300 movies. The ratings are between 1 and 10. Figure 3 shows the results of applying
algorithm 2.4 (as implemented by this package) using a training set of 9 135 ratings and evaluating
the model on 1 016 test ratings. For large values of A the model is too low rank and is not able
to fit the data, so both the training and test error is high. When A is too small, the model is
not low rank, which results in overfitting: the observed entries are approximated by a high-rank
model that is not able to predict the test entries. For intermediate values of A the model achieves
an average error of about 2/10. A

2.5 Alternating minimization

Minimizing the nuclear norm to recover a low-rank matrix is an effective method but it has a
drawback: it requires repeatedly computing the singular-value decomposition of the matrix, which
can be computationally heavy for large matrices. A more efficient alternative is to parametrize
the matrix as AB where A € R™** and B € R**", which requires fixing a value for the rank of
the matrix k (in practice this can be set by cross validation). The two components A and B can
then be fit by solving the optimization problem
_ min
AERMXk BeRkxn

<g§>9 a ?]H ' (47)
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Figure 3: Training and test error of nuclear-norm-based collaborative filtering for the data described in
Example 2.5.

This nonconvex problem is usually tackled by alternating minimization. Indeed, if we fix B=8B
the optimization problem over A is just a least-squares problem
_min (ZB) - Q’H (48)
AcRmXxk Q 2

and the same is true for the optimization problem over B if we fix A = A, Iteratively solving
these least-squares problems allows to find a local minimum of the cost function. Under certain as-
sumptions, one can even show that a certain initialization coupled with this procedure guaranteees
exact recovery, see [3] for more details.

3 Structured low-rank models

3.1 Nonnegative matrix factorization

As we discussed in Lecture Notes 2, PCA can be used to compute the main principal directions of a
dataset, which can be interpreted as basis vectors that capture as much of the energy as possible.
These vectors are constrained to be orthogonal. Unfortunately, as a result they are often not
necessarily interpretable. For example, when we compute the principal directions and components
of a data set of faces, they both may have negative values, so it is difficult to interpret the directions
as face atoms that can be added to form a face. This suggests computing a decomposition where
both atoms and coefficients are nonnegative, with the hope that this will allow us to learn a more
interpretable model.

11



A nonnegative matrix factorization of the data matrix may be obtained by solving the optimization
problem,

2

minimize HX _AB (49)
F

subject to A, ; >0, (50)

Bi; >0, foralli,j (51)

where A € R" and B € R™" for a fixed r. This is a nonconvex problem which is computationally
hard, due to the nonnegative constraint. Several methods to compute local optima have been
suggested in the literature, as well as alternative cost functions to replace the Frobenius norm.
We refer interested readers to [4].

Figure 4 shows the columns of the left matrix A, which we interpret as atoms that can be combined
to form the faces, obtained by applying this method to the faces dataset from Lecture Notes 2
and compares them to the principal directions obtained through PCA. Due to the nonnegative
constraint, the atoms resemble portions of faces (the black areas have very small values) which
capture features such as the eyebrows, the nose, the eyes, etc.

Example 3.1 (Topic modeling). Topic modeling aims to learn the thematic structure of a text
corpus automatically. We will illustrate this application with a simple example. We take six
newspaper articles and compute the frequency of a list of words in each of them. Our final goal
is to separate the words into different clusters that hopefully correspond to different topics. The
following matrix contains the counts for each word and article. Each entry contains the number of
times that the word corresponding to column j is mentioned in the article corresponding to row <.

singer GDP senate election vote stock bass market band Articles

6 1 1 0 0 1 9 0 8 a
1 0 9 5 8 1 0 1 0 b
A — 8 1 0 1 0 0 9 1 7 c
0 7 1 0 0 9 1 7 0 d
0 3 6 7 3 6 0 7 2 e
1 0 8 ) 9 2 0 0 1 f

Computing the singular-value decomposition of the matrix— after subtracting the mean of each
entry as in (11)— we determine that the matrix is approximately low rank

23.64 0 0 0
0 1882 0 0 0 0
e 0 0 1423 0 0 0 |
A=USVE=U1 0 0 363 0 o0 | (52)
0 0 0 0 203 0
0 0 0 0 0 136

Unfortunately the singular vectors do not have an intuitive interpretation as in Section ??7. In

12
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NMF

Figure 4: Atoms obtained by applying PCA and nonnegative matrix factorization to the faces dataset
in Lecture Notes 2.



particular, they do not allow to cluster the words

a b ¢ d e f
U = (-024 —047 —024 —0.32 —0.58 —0.47)
Uy = (064 —023 067 -003 —0.18 —0.21) (53)

U; = (-0.08 —-0.39 —0.08 0.77 0.28  —0.40)

or the articles

singer GDP senate election vote stock bass market band
Vi = (-018 —-024 -051 —-0.38 —-046 -034 -02 —-03 —0.22)
Vo, = (047 001 -022 —015 -025 —0.07 063 —0.05 049) (54
V3 = (-013 047 —-03 014 -0.37 052 —-0.04 049 —0.07)

A problem here is that the singular vectors have negative entries that are difficult to interpret. In
the case of rating prediction, negative ratings mean that a person does not like a movie. In contrast
articles either are about a topic or they are not: it makes sense to add atoms corresponding to
different topics to approximate the word count of a document but not to subtract them. Following
this intuition, we apply nonnegative matrix factorization to obtain two matrices W € R™** and
H ¢ R¥™" such that

In our example, we set k = 3. Hy, H, and H3 can be interpreted as word-count atoms, but also
as coefficients that weigh the contribution of Wi, W5 and Wjs.

singer GDP senate election vote stock bass market band
H, = (0.34 0 3.73 254  3.67 0.52 0 0.35 0.35)
Hy, = ( 0 221 021 045 0 264 021 243 022) (57)
H; = (322 037 0.19 0.2 0 0.12 413 0.13 3.43)

The latter interpretation allows to cluster the words into topics. The first topic corresponds to the
entries that are not zero (or very small) in H;: senate, election and vote. The second corresponds
to Hy: GDP, stock and market. The third corresponds to Hj: singer, bass and band.

The entries of W allow to assign the topics to articles. b, e and f are about politics (topic 1), d
and e about economics (topic 3) and a and ¢ about music (topic 3)

a b c d e f
Wy = (003 223 0 0 159 224)
W, = (01 0 008 313 232 0) (58)
W; = (213 0 222 0 0 0.03)
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Finally, we check that the factorization provides a good fit to the data. The product W H is equal
to

singer GDP senate  election vote stock bass market band  Art.
6.89 (6) 1.01 (1) 0.53 (1) 0.54 (0) 0.10 (0) 0.53 (1) 883 (9) 0.53 (0) 7.36 (8) a
0.75 (1) 0 (0) 832 (9) 5.66 (5) 818 (8) 1.15 (1) 0 (0) 0.78 (1) 0.78 (0) b
7.14 (8) 0.99 (1) 0.44 (0) 047 (1) 0 (0) 047 (0) 9.16 (9) 0.48 (1) 7.62 (7) c

0(0) 7(691) 0.67 (1) 1.41 (0) 0 (0) 828 (9) 0.65 (1) 7.60 (7) 0.69 (0) d
0.53 (0) 5.12 (5) 6.45 (6) 5.09 (7) 5.85 (5) 6.97 (6) 0.48 (0) 6.19 (7) 1.07 (2) e
0.86 (1) 0.01 (0) 8.36 (8 5.69 (5) 8.22(9) 1.16 (2) 0.14 (0) 0.79 (0) 0.9 (1) f
For ease of comparison the values of A are shown in brackets. A

4 Sparse principal-component analysis

In certain cases, it may be desirable to learn sparse atoms that are able to represent a set of
signals. In the case of the faces dataset, this may force the representation to isolate specific face
features such as the mouth, the eyes, etc. In order to fit such a model, we can incorporate a
sparsity constraint on the atoms by using the ¢; norm

k
~ ~112 ~
minimize HX—AB 2+>\;HA1» X (59)
subject to HA" =1 1<i<k (60)

Due to the sparsity-inducing constraint, this problem is computationally hard, as in the case of
nonnegative matrix factorization. We refer the interested reader to [6] for algorithms to compute
local minima. Figure 5 shows the atoms obtained by applying this method to the faces dataset
from Figure 4. The model indeed learns very localized atoms that represent face features.
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