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Dataset

@ Consider the measurement of a quantity. This quantity can be:

> personal health data, including blood pressure, blood sugar, and blood fat,
i . . . ey

> images from a specific scene but taken from different perspectives,

> images from several categories of animals, such as cat, dog, frog, etc.,

> medical images, such as digital pathology image patches, including both healthy
and tumorous tissues,

> or any other measured signal.

@ The quantity can be multidimensional, i.e., a set of values, and therefore, every quantity
can be considered a multidimensional data point in a Euclidean space.

@ Let the dimensionality of this space be d, meaning that every quantity is a d-dimensional
vector, or data point, in RY. The set of d values for the quantity can be called features of
. — et
the quantity.

@ Multiple measurements of a quantity can exist, each of which is a d-dimensional data
point._Therefore, there will be a set of d-dimensional data points, called a dataset.
—_— — —

—_—
@ For example, the quantity can be an image, whose features are its pixels. The dataset can
be a set of images from a specific scene but with different perspectives and angles.
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Learning Model ;

x X

(o)

@ Consider a dataset of n data points {x; € R? = each of which is a d-dimensional vector
in the d-dimensional Euclidean space. We canpft these vectors column-wise in a matrix

X e REXn
—_

@ Consider a learning model f which is a map f_ro/mg.'ata space to some output space:

_—

f:R?—RP,
f:x— f(x).

@ Usually, p < d but not necessarily.

f(x)
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Learning Tasks

@ Learning model is like a new-born baby (it fi_rst’kn_o&rm and we should teach it)
@ Supervised:
Supervised:

> Regression: example of learning EMG signals for artificial leg, example of weather
prediction

f(x) € [0,1]° or f(x) € R.

p—

> Classification: example of teaching apples and cucumbers to a baby

—@ € {l1,0a,...,4m}. e

@ Unsupervised:
> Clustering: example of clustering apples and cucumbers by a baby

el W
F(x) € {1, bo,... Ln} &
LA

@ Environment (world):
> Reinforcement learning: example of teaching a dog

f(x)=ac A,
where A is the set of possible actions.
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Learning Tasks

@ Dimensionality re i ifold learning): learning an embedding space

f:RY > RP.

where p < d, and usually p < d.
» Unsupervised dimefSionanty reduction: embedding similar patterns close to each
other
> Supervised dimensionality reduction: Decreasing the intra-class variances and
increase the inter-class variances
> For more information on dimensionality reduction , you can see our textbook [1]:
https://link.springer.com/book/10.1007/978-3-031-10602-6

® Numerosity processing:
> Outlier (anomaly) detection: detecting outliers in data
> Prototype selection [2]: selecting important instances
> Prototype generation [3]: selecting and generating important instances
> For more information on dimensionality reduction and numerosity processing, you
can see my PhD thesis: [4]:
https://uwspace.uwaterloo.ca/handle/10012/16813
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Other Fields of Al

Some other fields of Artificial Intelligence (Al):
@ Soft computing:
=
> Fuzzy logic and fuzzy control
> Metaheuristic optimization and intelligent search

@ Biological-inspired (third generation) neural networks - relation to neuroscience and
e . TR —_—
cognitive science - Example: spiking neural network

—_—
@ Feature engineering (pre-processing):
> Feature selection
> Feature extraction (dimensionality reduction)

@ Application of Al in various fields of science and technology

T
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Column Space

@ Consider p basis vectors. We can define a p-dimensional Euclidean space by these p basis
vectors. For example, two vectors define a plane and three vectors define a 3D space.

@ In terminology: The p basis vector’the el ional Euclidean space. Or the
p-dimensional Euclidean space is spanned by the p basis vectors.

@ Consider the p vectors {uj,...,up}. These vectors can be stacked columnwise in matrix
U=1Jui,...,up] € RIXP]
< 2P ———

@ The space spanned by the columns of matrix U is called the column space of matrix U,
denoted by Col(U):

Col(U) := span{uy, ... (2)

@ In other words, the space whose bases are the c‘?linﬁgfm‘atr_iw is called the column
. B ———
space of matrix U,
_

,upt.
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Linear Projection

Assume there is a data point x € R?. The aim is to gro'ect this data point onto the

vector space spanned by p vectors {us, ..., up}, where each vector is d-dimensional and
usually p < d.
.

These vectors can be stacked columnwise in matrix U = [u1, ..., uy] € RIXP. In other
words, the goal is to project x onto the column space of U, denoted by Col(U).

As p < d, this projection is projection onto a subspace because we are projecting from
d-dimensional space onto a lower dimensional space.
The projection of x € R onto Col(U) € R” is: i A;;\\
SX:= UTx./7 (3)
p
~ . . . b .
The reconstruction of x € RP in the d-dimensional space is:
LN T
9 x ::KUx =UU"'x. (4)
Xy ‘\’fx\
Reconstruction is its representation in RY again, but after projection.
'KL zz 1
ael Gl er
4

P
<4 A
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Linear Projection

(A\K\ﬂ

@ Reconstruction error: There is a residual/error between the original data x and its

reconstruction (if the data point is already in the column space, this residual is zero):
—_—————

@: x—UUx. (5)

T
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Inner product

Definition (Inner product of vectors)

Consider two vectors x = [xi, ... 7xd]@e R? and y = [y1,...,yq4]" € RY. Their inner product,
also called dot product, is: _

'7\\\5\ ,(.’Az:iz_+'~+’)1°{ 3é
(x,y) =@= leiy:‘

L=

(V2 <
L

Definition (Inner product of matrices)

We also have inner product between matrices X, Y € R%X% et X j denote the (i, j)-th
element of matrix X. The inner product of X and Y is: -

d o

(X,Y) :‘tk/x_:yj) = ; ,; Xi;Yij,
l,_,_‘__l

¥

where tr(.) denotes the trace of matrix.
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Definition (Norm)

A function || - || : RY — R, || - || : x > ||x|| is a_norm if it satisfies:
¥O (T
+* Q Vx and all scalars a_

# @ |/x|| =0 ifand only if x =0

® @ Triangle inequality: |Ix + y|| < [|x]| + [ly]l-

Preliminaries
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Important norms for vectors

Some important norms for a vector x = [x1, ..., xg] | are as follows.

@ The £, norm is:

1
Ixllp = (Jxal? + - - + xal?) 2,

where p > 1 and |.| denotes the absolute value.
— .
@ Two well-known £, norms are ¢; norm and ¢, norm (also called the Euclidean norm) with
p=1and p =2, respectively: -
=

d
P xll = bal 4+ |xal = D Ixil,
i=1

d
D3l o= /o + = [ S
i=1
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Important norms for matrices

Some important norms for a matrix X € R X% are as follows.
_—
@ The formulation of the Frobenius norm for a matrix is similar to the formulation of ¢,
rrobenius norm
norm for a vector:

d &

5,

i=1 j=1
-

¥ IX|F =

where X; denotes the (i, j)-th element of X.
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Quadratic forms using norms I
© i s = (13D (# )

For x € R? and X € RN%% we have:

d
o lxlp=x"x = (x.x) = gx?,
dp dp
K IXIlE = tr(XTX) = =22 X,

which are convex and in quadratic forms.

—ﬁ(x)

;Ji . ( @m o

T




Preliminaries on Derivatives
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Dimensionality of derivative

@ Consider a function f : R% — R%, f: x s f(x).

@ Derivative of function f(x) € R% with respect to (w.r.t.) x € R% has dimensionality

@ This is because tweaking every element of x € R% can change every element of
f(x) € R%. The (i, /)-th element of the (di x d>)-dimensional derivative states the

(d1 X d2).

w2

2 3 (001l

A

amount of change in the j-th element of f(x) resulted by changing the i-th element of x.

Examples

The derivative of a scalar w.r.t.
The derivative of a scalar w.r.t.
The derivative of a scalar w.r.t.
The derivative of a vector w.r.t.
The derivative of a vector w.r.t.

The derivative of a matrix w.r.t.

a scalar is a scalar.
a vector is a vector.
a matrix is a matrix.

a vector is a matrix.

a matrix is a rank-3 tensor.

a matrix is a rank-4 tensor.

Preliminaries
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Dimensionality of derivative

In more details:

@ If the function is f : R — R, f : x — f(x), the derivative (0f(x)/0x) € R is a scalar
because changing the scalar x can change the scalar f(x).

@ If the function is f : RY — R, f : x — f(x), the derivative (8f(x)/dx) € R? is a vector
because changing every element of the vector x can change the scalar f(x).

@ If the function is f : RAX% — R, f: X — f(X), the derivative (9f(X)/0X) € R X% js
a matrix because changing every element of the matrix X can change the scalar f(X).

@ If the function is f : R — R% f : x = f(x), the derivative (9f(x)/9x) € RN*X% s 3
matrix because changing every element of the vector x can change every element of the
vector f(x).

@ If the function is f : RAX% — R%B £ : X — f(X), the derivative (9f(X)/0X) is a
(di x do X d3)-dimensional tensor because changing every element of the matrix X can
change every element of the vector f(X).

@ If the function is f : RAX% — R%BXd . X s f(X), the derivative (9f(X)/0X) is a
(di X d2 X d3 x ds)-dimensional tensor because changing every element of the matrix X
can change every element of the matrix f(X).

IR



Gradient and Hessian

Definition (Gradient)

Consider a function f: RY — R, f : x — f(x). In optimizing the function f, the derivative of
function w.r.t. its variable x is called the gradient, denoted by:

Definition (Hessian)

Consider a function f : RY — R, f : x + f(x). The second derivative of function w.r.t. to its
derivative is called the Hessian matrix, denoted by:

_ 82f(x) c Rdxd.

| ) y

B = V2f(x) :

The Hessian matrix is symmetric. If the function is convex, its Hessian matrix is positive
semi-definite.

SWES



Chain rule

@ When having composite functions (i.e., function of function), we use chain rule for
derivative. Example:

Fx) = Vo3 +x2 —x+10=g(x), g(x) =x*+x*—x+10,
of(x) _ 9f(x) « dg(x) 1 3x2+2x—1
ax  og(x) " ox  2y/z(x) 2Vx3Fx2 —x +10

@ The chain rule in matrix derivatives is usually stated right to left in matrix multiplications
while transpose is used for matrices in multiplication.

x(3x24+2x—1) =

@ Let vec(.) denote vectorization of a R?*? matrix to a R#" vector.

-1

@ Letvec  ,

(.) be de-vectorization of a R#" vector to a R?X? matrix.

S



Optimization
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Optimization

@ Lagrangian: =
minimize
X

subject to  yi(x) <0, i€ {1,...,m},

hi(x):07 i€ {17---7m2}'

_9[,(x,)\,1/ = Z)\,y,(x +Zy, i(x) 7fx)+)\Ty(x)—|—L-T’h’_2.

{,/1_,__] i=1
O g R L//Q’J
¥ ox
@ Unconstrained optimization:
alatdladatl i
minimize f(x),
X

XD . 500 4 (ax)0),

Gradient method: x(**1) .= x(0) ()7 (x(K)y,

_3¢ Newton's method: x(**1) := x(K) _ () (72 (x(K) _1Vf(x(k)).
E_’—)‘j | S |

@ Constrained optimization: We can use interior-point method or proximal methods, ...

Preliminaries
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Eigenvalue and
Singular Value
Decomposition
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Eigenvalue Problem

Eigenvalue and generalized eigenvalue problems play important roles in different fields of
science, including machine learning, physics, statistics, and mathematics.

In the eigenvalue problem, the eigenvectors of a matrix represent the most important and
informative directions of that matrix. For example, if the matrix is a Covariance matrix of
data, the eigenvectors represent the directions of the spread or variance of data and the
corresponding eigenvalues are the magnitude of the spread in these directions [5].

These directions are impacted by another matrix in the generalized eigenvalue problem. If
the other matrix is the identity matrix, this impact is cancelled and the eigenvalue
problem captures the directions of the maximum spread.

The eigenvalue problem [6, 7] of a symmetric matrix A € R7%? is defined as:
e ——

vie{l,..d), (6)
and in matrix form, it is: | IMI,\ ““[' JMIM

¥ |Av=on )

where the columns of RY¥9 5 & := [¢,, ...
elements of RY*9 5 A== diag([\1, ..., \g
Ai € R.

, @] are the eigenvectors and diagonal
areé the eigenvalues. Note that ¢; € R and
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Eigenvalue Problem

@ For the eigenvalue problem, the matrix A can be nonsymmetric. If the matrix is
symmetric, its eigenvectors are orthogonal/orthonormal and if it is nonsymmetric, its
o
eigenvectors are not orthogonal /orthonormal.

@ Equation (7) can be restated as:

# @@ =on} a8e)- o) Q o)

)

where @ T = ®~1 because ® is an orthogonal matrix.

@ There is always @ @ = [ for orthogonal ®, but there is only ®®T = [ if “all” columns of
the orthogonal ® exist (it is not truncated, i.e., it is a square matrix). Equation (8) is

referred to as “eigen ition”, “eigen-decomposition”, or “spectral
decomposition”.

B =T
AP:WOW] [000]/ & o =T

P 1
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Generalized Eigenvalue Problem

@ The generalized eigenvalue problem [8, 7] of two symmetric matrices A € R4 and
B € R9%9 is defined as:

Ap; = \iBo;, vie{l,...,d}, (9)
and in matrix form, it is:
Ad = BOA, | (10)
where the columns of RY%9 5 & := [¢, ..., ¢4] are the eigenvectors and diagonal
elements of R9%9 5 A := diag([\1,...,\q] ") are the eigenvalues. Note that ¢; € R? and

Ai € R.
@ The generalized eigenvalue problem of Eq. (9) or (10) is denoted by (A, B).

St g
@ The (A, B) is called a “pair” or “pencil” [8], and the order in the pair matters, according
to Eq. (10).

@ The ® and A are called the generalized eigenvectors and eigenvalues of (A, B).
The (®,A) or (¢;, \;) is called the “eigenpair” of the pair (A, B) in the literature [8].
—_—

@ Comparing Egs. (6) and (9) or Egs. (7) and (10) demonstrates that the eigenvalue
problem is a special case of the generalized eigenvalue problem where B = I.

VR



Singular Value Decomposition

@ Singular Value Decomposition (SVD) [9] is one of the most well-known and effective
matrix decomposition methods. There are different methods for obtaining this

decomposition, one of which is Jordan's algorithm [9].

@ SVD has two different forms, i.e., complete and incomplete.
@ Consider a matrix A € R®*8. The complete SVD decomposes the matrix as:

RO*P S‘A =Usv’, \ (11)

UeR¥* VR 5§ cRY*B,
A L i [ W —

where the columns of U and the columns of V are called left singular vectors and right
singular vectors, respectively.

@ In complete SVD, X is a rectangular diagonal matrix whose main diagonal includes the
singular values. In the cases with @ > 8 and a < 3, this matrix is in the following forms:

0 -~ 0
0o .- o’
0 -~ 0

respectively. In other words, the number of singular values is min(a, 8).
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Singular Value Decomposition

@ The incomplete SVD decomposes the matrix as:

R 3 A=UsVT, (12)

UeR™ ¥, VeRH ¥R
—_ v —

where [10]:
k := min(e, B), (13)

and the columns of U and the columns of V are called left singular vectors and right
singular vectors, respectively.

@ In incomplete SVD, X is a square diagonal matrix whose main diagonal includes the
singular values. The matrix X is in the form:
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Singular Value Decomposition

@ Note that in both complete and incomplete SVD, the left singular vectors are orthonormal
and the right singular vectors are also orthonormal; therefore, U and V are both
orthogonal matrices so:

(14)

(15)
If these orthogonal matrices are not truncated and thus are square matrices, e.g. for
complete SVD, there are also:

(16)

(17)
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Relation of SVD and VD (ay)! =37

@ In both complete and incomplete SVD of matrix A, the left and right singular vectors are
the eigenvectors of AAT and AT A, respectively, and the singular values are the square
root of eigenvalues of either AAT or AT A.

@ Proof: There is:
A
‘k‘ AAT = Usz)(uz@@ UZ&W: UzzuT = L@UT,
| N |

which is the eigen-decomposition [11] of AAT where the columns of U are the
eigenvectors and the diagonal of X2 are the eigenvalues so the diagonal of X are the
square root of eigenvalues.

@ Also:

) ATA=(wzvHT(usvT)=vzUTUsvT =vEsV' = \@/T,
L—l___ , I — =

which is the eigenvalue decomposition of AT A where the columns of V are the
eigenvectors and the diagonal of X2 are the eigenvalues, so the diagonal of X are the
square root of eigenvalues.
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Acknowledgement

@ Some slides are based on our textbook: “Elements of Dimensionality Reduction and
Manifold Learning” [1]

@ For more information on optimization, refer to my course “Optimization Techniques” in
University of Guelph. Link in my YouTube channel:
https://www.youtube.com/playlist?list=PLPrxGIUWsqP3ZBM4Zy5YqfCh1BqM5sJov
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