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Abstract

In recent years, rough path theory, which models the interactions between
highly oscillatory and non linear systems, has emerged as a prominent topic in
mathematical finance. The study builds upon the concept of the signature of a
path, a mathematical object introduced by Terry Lyons in his foundational works
on rough path theory ([14] and [13]).

In this work, we bring this theory to a particular model called Expected Signa-
ture (ES) model, presented in [3], which utilizes the signature of a path to perform
regression between stochastic paths, treating them as input and output variables,
to identify the functional that relates this variables. It involves defining the expec-
ted signature as an element within a probability space to establish the conditional
distribution of the dependent response, facilitating regression-based forecasting.

Key theoretical foundations behind the construction of the ES model are esta-
blished during the thesis, including the critical theorem that linear functionals can
approximate continuous functions over compact sets of bounded variation paths.
This means the ES model can effectively transform intricate relationships within
the data into linear ones. As a result, the model can make more reliable and ac-
curate predictions. A case study validates the ES model’s practical application by
showing its potential to outperform traditional time series models like ARIMA in
certain scenarios.

Resum

En els darrers anys, la teoria dels camins accidentats (rough paths), que modela
les interaccions entre sistemes altament oscil-latoris i no lineals, ha sorgit com
un tema destacat en investigaci6 i recerca a 'ambit de la matematica financera.
L’estudi es basa en el concepte de la signatura d’un cami, un objecte matematic
introduit per Terry Lyons en les seves petjades inicials al voltant d’aquesta teoria
([14] i [13]).

En aquest treball, portem aquesta teoria a un model particular anomenat mo-
del de la Signatura Esperada (model ES), presentat a [3], que utilitza la signatura
d"un cami per fer regressié entre camins estocastics, tractant-los com a variables
d’entrada i sortida, per identificar el funcional que relaciona aquestes variables. Es
tracta de definir la signatura esperada com a un element dins d’un espai de pro-
babilitat per establir la distribucié condicional de la resposta dependent, facilitant
la previsié de futures dades a partir d'un model de regressio.

Durant la tesi s’estableixen els fonaments teorics clau subjacents a la construc-
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ci6 del model ES, inclos el cri teorema que estableix que els funcionals lineals
poden aproximar funcions continues sobre conjunts compactes de trajectories de
variaci6 acotades. Fet que significa que el model ES pot transformar eficaA§ment
les relacions intrinseques de les dades en relacions lineals i, com a resultat, fer
prediccions més fiables i precises. Un estudi de cas final valida 'aplicaci6 practica
del model ES mostrant-ne el potencial per superar, en determinades situacions,
models tradicionals de series temporals, com el model SARIMA.

2020 Mathematics Subject Classification. 60L10, 60L20, 62M10, 62M15
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Chapter 1

Preliminaries

In order to tackle the formalization of the signature of a path, it is important
to introduce some formalization and definitions. We will present the space where
the signature lie and the operations that will be present on its computation. These
basic concepts can also be found in [4] and [13].

1.1 Tensor product

Definition 1.1. (Tensor product) Given two vector spaces V and W, the tensor
product V ® W is a vector space to which is associated a bilinear map V x W —
V ® W that maps a pair (vw), v € Vand w € W, toanelementv@w € V@ W.

Example 1.2. As a basic example, suppose u = [u1,uz] and v = [v1,v;,v3]. The
tensor product u ® v would result in a 2 x 3 matrix:

Up-01 Up-02 Up-03
uRQv=
Up-0U1 Up-TV2 Uy T3

Consider B, and B, the basis of V and W respectively, the set {v®@w | v €
By, w € By} is straightforwardly a basis of V ® W, which is called the tensor
product of the bases By and Byy.

Intuitively, the tensor product is a way to create a new space consisting of
combinations of vectors from V and W. Without delving into the specific formal
definition of the operation v ® w, we can state the following:

dim(V@ W) = (dimV)(dimW) (1.1)

We will firstly generalize our definition using a real Banach space with dimen-
sion d, E?, the space in which the path is defined. Over this space, we can define

1
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the tensor product with itself as it follows.
Definition 1.3. (Tensor power) The n-th tensor power of E“ is defined as:

(EH*" = E'QE' ®--- @ E (1.2)

n times

For simplicity, we will simply use [E when considering the d-dimensional space
[E?. Moreover, as our paths are defined in a finite dimensional space, its basis are
{e1,ez,...,e4}, so the tensor power E®" has the elements {¢;, @ ¢;, ® ... ® ¢;,} as
basis, where iy, ..., iy € {1, ..., d}.

Taking the previous definitions, we can trivially identify the n-th tensor power
with the space of non-commuting polynomials of degree  in d variables. So, E®"
is isomorphic to the space spanned by indexes of length 7 in the possible values
in the set {1,...,d}.

Remark 1.4. E®? is defined as the underlying scalar field of the vector space E. In
our case, we can state that E®0 = R.

We will now define the conditions in which the tensor powers is endowed with
an admissible norm in order to extend properties from the original space into its
tensor powers.

Definition 1.5. Considering [E, the previously mentioned Banach space, its tensor
powers are endowed with an admissible norm |.|, if:

1. For each n > 1, the symmetric group S, acts by isometry on E”, i.e.

lov| = |v|,Vv € E®", Vo € S,,. (1.3)

2. Vn,m>1,
o @ w| < |v||w|,Vo € E®",w € E®™, (1.4)

1.2 Tensor algebra

Definition 1.6. We define a formal E-tensor series as a sequence of tensors (a; € E¥'), N’
denoted by a = (ap,a1,...). If we consider the space E as RY, the formal tensor
series can be called as (non-commuting) formal power series and its elements are

of the form

o]

Y. ) Aiy,o i€y + - - €is (1.5)
k=0 i],...,ike{l,...d}

where the second summation runs over all multi-indexes (iy,..., i), i1,...,i €
{1,...,d}, and A, _; are real numbers.
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In order to construct the algebra, the binary operations we can define on E-
tensor series are the addition + and product ®:

Definition 1.7. Consider the E-tensor series a = (ag,41,...) and b = (b, by, ...),
the addition is defined as

a+b=(ag+by,a1+0by,...) (1.6)

and the product as
a®b = (c,cy,...) (1.7)

where each term of the resulting [E-tensor series is the sum of all the possible
combinations of tensor products between the coordinates of both a and b. For
eachi >0,

i
ci = Z ar Q@ bj_y. (1.8)
k=0

We will use the notation 1 for the series (1,0, ...), and 0 for the series (0,0, ...).
Given a scalar A € R, then we define (Aag, Aay, . ..) as Aa.

Following the previous notation when considering E = R?, the addition can
be seen as

<E Z )\il ,,,,, i Ciy + - - eik> + <2 2 Miy,...i iy - - - eik>

k=0 il,...,ikG{l,...d} k=0 il,..A,ikG{l,...d}

- (1.9)
=) ) (Aiy,.ip + Miy,ooi) €iy - - - €if
k=0 il,..‘,ikG{l,...d}
and the first terms of the product as
<Z Z /\i],n_,ikeil C.. eik) ® <Z Z Miy,...ix€ip - - - eik)
k=01y,...ixe{1,..d} k=0iy,...ix€{1,...d} (1.10)

d d
= Aopo + Z (Aopi + Aipo) ei + Z ()\()]/li,]‘ + /\i}l]' + )\i,]']/l()) ejej+ -+

i=1 ij=1
Definition 1.8. (Tensor algebra) We define T((E)) as the vector space of all formal
E-tensors series. T((E)) with the operations + and ® and the action of R is
an associative and unital algebra over IR, called the tensor algebra. An element
a = (ag,ai,...) of T((E)) is invertible if and only if ay # 0. In particular, the
subset {a € T((E)) | ap = 1} forms a group.

The group {a € T((E)) | ap = 1} will be useful when defining the signature of
a path, as it will be defined as an element of this group.
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Concretely, if E = RY, it is called the non-commutative tensor algebra of R,
where the elements eje, are distinct than eje;.

As we will see, it will be interesting to look only at finitely many terms of
T((E)). In order to define elements of this kind, we will use the space B, =
{a=(ap,a1,...) |ap=...=a, =0}, n > 0, consisting of the formal series with
no monomials of degree less or equal to n. Using this we define the truncated
tensor algebra:

Definition 1.9. Let n > 1 be an integer. The truncated tensor algebra of order n of
E is defined as the quotient algebra

T (E) = T((E))/By. (1.11)

Definition 1.10. We define the canonical homomorphism T((E)) — T (E) as
0. Remarking that T (E) is embedded in T((E)) as a linear subspace, but not
as a sub-algebra.

We can trivially see that T(")(E) is isomorphic to @/_, E%¥ equipped with the
product
(ag,...,an) ® (bo,...,by) = (co,.--,Cn), (1.12)

where, for all k € {0,...,n}, cx = ao @by + a1 @ bg_1 + ...+ ax ® by. Which means
that the homomorphism p, doesn’t take into consideration all the combinations
a; @ b with i + j > n (terms of degree greater than n).

1.3 Path Integrals

1.3.1 Paths

In order to move on with the theory of this work, it is important to present
the definition of the mathematical elements that will be studied, the paths. Basic
definitions of paths in R? can be found in [5].

Definition 1.11. (Path) A path X in E is a continuous mapping from some time
interval [a, b] to R, written as X : [a,b] — R,

For our discussion, we will focus on non-smooth paths that are piecewise dif-
ferentiable. By "non-smooth paths,” we mean paths that do not have derivatives of
all orders, but if the path is divided into segments in a certain way, each segment
is itself differentiable. This property is what we mean by piecewise differentiable.

We now present a concept that is very useful in this theory as it ensures the
well-definedness of the signature, the p-variation of a path, which quantifies the
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roughness or variability of a path over a given interval. A more extended defini-
tion can be found in [13] and [3]].

Definition 1.12. (p-variation of a path) Let p > 1 be a real number and X : | —
E := R? be a d-dimensional path where | is a compact interval. X is of finite
p-variation for certain p if

1/p
HXHPJ = (sup Z Hth - Xfl—l Hp> < %, (1.13)
D/C] 1

taking the supremum over all possible finite partitions of the interval . Let
VP(J,IR%) denote the set of any continuous path X : ] — R¥ of finite p-variation.

Definition 1.13. (p-variation norm) The p-variation norm of a path X € V7 (], R%)
is defined as
HXHp—var = HXHp,j + sup | Xt
te]

In order to further define properties of the signature for non-smooth piece-wise
differentiable paths, we need to define some algebraic properties of paths:

Definition 1.14. Given two continuous paths X : [0,s] — E and Y : [s,t] — E,
their concatenation is defined as the path

X, ifue|0,s];

(1.14)
Xs+Yy—Ys, ifuclst].

(X*Y)u:{

Remark 1.15. This is an associative operation between continuous paths with do-
mains defined over consecutive intervals.

From this point forward, our discussion will be limited to paths that are el-
ements of the set V!(J,E), commonly referred to as 1-variation paths or paths of
bounded variation.

This kind of paths are exactly the set of functions whose first derivatives exist
almost everywhere. It is therefore not a particularly restrictive assumption, as it
contains, for example, all Lipschitz functions. In particular, if X is continuously
differentiable, and X is its first derivative with respect to t, then

1 .
I Xlh-oar = [ 1%t

By these means, we observe that it is possible to define Riemann-Stieltjes integrals
along paths using the bounded variation property.
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1.3.2 Iterated Integrals

We now present the definition of path integral against a fixed function, for
simplicity we will set E := R? as done in [5]. For a one-dimensional path X:
[2,b] = Rand f: R — R, the path integral of X against f is defined as the usual
Riemann integral

b b
/ F(X)dX; = / F(X0) (dX,/dt)dt. (1.15)

Generally, we can integrate any path X! : [4,b] — R against another path
X2 : [a,b] — R. Following this, we can define

b b
/ XtdX? = / X} (dX?/dt)dt (1.16)

An intuitive example that will be really useful in our work is the following;:

Example 1.16. Consider the path X; = {X},X?} = {1,X?} for all t € [a,]]. It
follows that dX} = 1 for all t € [a,b], and so the path integral of X' against X? is
the increment of X? at the interval [a, b]:

b b
/ Xldx? = / (dX2/dt)dt = X2 — X2 (1.17)
a a
Example 1.17. Consider a linear path X : [0,1] — RY, ie.,

Xt:(th,...,Xtd>:(611—|—b1t,...,61d—|—bdt), 0<t<1, ay...,a5,b1,...b5 ER.

Then, given f1,t, € [0,1]

t
tr 2] j;lz bldu bl(tz - tl)
dX, = | X,du = : = :
f f b
fh bydu bi(ta — t1)

A simple calculation is now presented in order to understand the signature
definition, as done in [5]. If we consider a path X : [a,b] — R“, where, at time
t, its components are written as (X}, ..., Xf) Taking i € {1,..,d} we define the
following:

s(x)1) = / <5<th§ — XX, (1.18)

or, equivalently, the increment of the coordinate X' of the path on the interval
[a,t].
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Now for any pair i,j € {1,...,d}, we can define

s = [

a<s<t

S(X)} dX] = / axidx., (1.19)

a<r<s<t

which correspond to integration over a simplex (i.e. triangle in dimension 2).

We can continue recursively and define it in by any collection of indexes.

Definition 1.18. Given k > 1 integer and iy,...,ix € {1,...,d}, the k-fold iterated
integral of X along the indexes iy, . .., iy is defined as

S(x) (i) — / S(x) i) g e — / / AxXit ... Xk, (1.20)
’ a<s<t ’ a<t<t a<t; <t ! k

The previous iterated integrals are all well defined because each S(X)gf}""’ik”)

is itself a real valued path.

Example 1.19. Let’s see an example with the path X; = {X}, X?} = {2t,3 + t},
dX; = {2,1}. Using basic integration rules we can compute some:

1
S(X)O,g? = A<t<3 dth = X% — X(l) =6, (1.21)

. . 3 t
sl = / AXidx) = / [ / 2ds]2dt = 18, (1.22)
4 0<s<t<3 0 Jo

3 t
S(x) &Y = / Ax2dx! = / [ / ds]2dt — 9, (1.23)
4 0<s<t<3 0 JO
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Chapter 2

Signature of a path

2.1 Definition

After defining the fundamental concepts necessaries for the study of path sig-
natures, we will now turn our attention to the formal definition of the signature for
a path of bounded variation, along with its informal interpretation. This approach
aims to provide deeper insights into potential applications of the signature. It is
important to maintain the formalities when defining the signature in order to be
able to prove its properties later on. Following this, a similar definition as the one
given at [4] is presented.

Definition 2.1. (Signature of a path) Let [ denote a time interval in R*. Let
X : I — E? be a path of bounded variation or a rough path of finite p— variation
such that the prior integration makes sense. The signature S(X) (or X) of X is an
element of T((E)) defined as S;(X) = @, S}(X) where

S%X)=1 and 5’;(X):/ o [ax, ®...@dX, for n>1
a<t<..<t,<t t1

Where each element S (X) lies on (IE)®" and consist of the iterated integrals con-
sidering the possible combinations of indexes of order n, i.e. if n =2 and d = 3,
the combinations are (1,1),(1,2),(1,3),(2,1),(2,2),(2,3),(3,1),(3,2),(3,3). If we
check all the coordinates of the signature, we have the following infinite vector

Si(X) = (1,S(X)D, .., (X)W, 5, (X)), 51(x)12), )
with its coordinates defined as before, but with the tensor product (more general)

§3(X) i) — / / Xl ® ... @ Xk,
a<tp<t a<ti<tp

9
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which superscripts run along the set
W= {(i,..0) | k>1,11,..ik e {1,..,d}}
and a4, t are the limits of the interval I.

Definition 2.2. (Truncated signature) The truncated signature of X of order n is
denoted by p,(S(X)) and defined as

for every integer n > 1. Basically, it means taking all coordinates of the signature
until the last possible combination of order n, i.e. until last (i1, ..., i) with iy, ..., i, €
{1, ...,d}. The truncated algebra is an element of the truncated tensor algebra T"(E)

2.2 Interpretation of the signature coordinates

The interpretation of the coordinates of the signature is something necessary
in order to generate a visual idea of this characteristic object. High order terms
of the signature are complex to understand, so we will focus only until order 3
terms. See [9] and [6]].

As already mentioned, when considering the first order signature coordinate,
ie. S fori=1,..,d, we have

S(X)y = Xi - i,

the first order increments of each component X'. This component will be really
useful in our work, but it only provides limited information regarding the path.

Now, if we take the second order coordinates of the signature, its interpretation

is not straightforward. For the second order coordinates of the kind S(X );Zt , it can

be seen as ‘ -
.. XZ _ Xl
S(X)gfil) _ ( t 5 s) ,

which comes from the definition of the iterated integrals of second order, and a
special case of the shuffle product that we will present later on.

Nevertheless, when the superscripts are different, i.e. S(X)S;j )
nates are related to the Lévy area (shown in A;]t by

, this coordi-

.. 1 ) . . ) 1 .. ..
A= 2 ( / dx, dxl, - dx), dx;2> = (sC0 =5
2 s<uy<up<t s<uy<up<t 2
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Figure 2.1: The Lévy area is the signed area of the path with respect to the chord
joining its endpoints

which determine the signed area between the curve u — (X!, X{l) fori € [s, t]
and the cord that connects the initial and final values of the coordinates (X}, X))
at the interval. We consider different possibilities regarding the sign of the area
depending on the direction in which we travel along the path and the trajectory
of the path in comparison with the cord we previously mentioned. We can see the
six general cases displayed in

o 1 2 3 4 s

(@) () (®)

Figure 2.2: The six possibilities of signed area

With the information that the Lévy area provides, we can easily realise that
paths similar than both in 2.3| have Lévy area equal to 0, so there is no possibility
of differentiation between each other. In order to be able to tell the difference
between these two paths using signature coordinates, one has to look into the
third order terms and the second order area appears.

A;/,glf]) = _ (/ dXill dAls,,]uz _/ dA;z,]uz dX;z)
2 s<up<up<t s<uy<up<t

(5(X)s, £09) — 5(x)s, 134

N =
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08

cumulative traded volume
cumulative traded volume

Figure 2.3: Example of two paths with Lévy area = 0

Basically, it represents the signed area of the path u + (X}, A;JM), the evolution
of the value of the Lévy area with respect to the coordinate X, of the path, see

olume - time area

mulative v

7
time time

Figure 2.4: Second order area, considering the [2.3| paths

In brief, the signature of a path may be interpreted as the extraction of the
order and area of one coordinate with respect to some collection of other coordi-
nate paths. Similar recursive arguments using the shuffle product property
prove that higher order areas are related to other linear combinations of iterated
integrals. For the formal and extended demonstration, the reader is refereed to
section 2.2.3 of [13].

2.3 Properties of the signature

Apparently, the signature of a path seems to contain relevant information of
the path, nevertheless, in order to state whether this stream of features (signature
coordinates) define the path itself, some properties need to be defined. These prop-
erties are the basic fundamentals where rough path theory has been constructed,
and it has been proven for all kind of p-variation paths, nevertheless, we will only
focus on bounded variation paths, which lie on the scope of this thesis.

The following fundamental Chen’s theorem [8] asserts that the signature is
indeed an homomorphism, taking the concatenation of paths as the multiplicative
operation between them.
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Theorem 2.3. (Chen) Let X : [0,s] — Eand Y : [s,t] — E be two continuous paths
of VI(],R?) . Then
S(X*Y)=5(X)®S5(Y).

Proof. (Theorem 2.9. [13]). O

Let’s see a practical application of this theorem, as done in [3]], which will
be important in the study and computation of the signature when considering a
piece-wise linear path, relevant when studying time series. Firstly, we want to see
in a practical example what is the signature of a linear path.

Example 2.4. Let X : I — E be a linear path, i = [0, T]. It implies that for any
te[0,T], X = Xo+ @t. For any integer n > 1 and any (iy, ..., i)

o (i1) (in)
(11eesin) o / o / (XT - XO) 1 (XT - XO) tn
S X) = d -
[0,T] ( ) 0<t,<T 0<ti<ty ( T T
) <X§ij) _ Xéif)>
_ - dty - - - dt,
]1} " /0<tn<T /0<t1<t2 !

And if we calculate the integrals

TVl
/ / dty---dt, = —,
0<t,<T 0<t <ty n!

glinin) (X) can be simplified to

% 'n (X?,-) _ Xé%‘))

j=1

the product of all ij-coordinate increments within the time interval, divided by
n! Now, if we consider all signature coordinates, the signature ends up with the
expression

S(X) = exp (X7 — Xo),
where

1
exp (XT — XO) = E E(XT — X0)®n

n>0 """

For the curious reader, as a generalization of the example, note that the signa-
ture of a path it is indeed the solution of the differential equation

S(x)as = Sur(x) ®dxt, Sua = (1,0,..) € T((E)), 2.1)
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see [13] for more details.

Now that we have seen how the signature of a linear path can be understood,
we can try to apply Chen’s theorem for piece-wise linear paths. Let X be a piece-
wise linear path, X : [0,T] — [E := R, that connects the points x,..., x; € R, we
can use the Chen’s identity considering

X=X *xXp%..x Xp_1q,

where each X; is a linear path connecting x; with x;;;, and the Example 2.5 to
obtain

k—1
5(X) = Qexp(X;) (22)
i=1

The second important property of the signature is the invariance under time
reparametrizations of the path (Lemma 1.6 [13] and Lemma 2.12 [3])).

Lemma 2.5. Let X € V!(J,R%) and A : [0, T] — [a,b] be a non-decreasing surjec-
tion (images maintain order and every element in the codomain has at least one
preimage in the domain) and define X} := X, for the reparametrization of X
under A. Then, for every s, t € [0, T],

S(X)a = S(XM)ss

Proof. (For simplicity, we prove it only considering smooth reparametrizations,
although it is not strictly necessary) Given A : [0, T] — [4,b], a continuous non-
decreasing surjection, a reparametrization, if we define the path coordinates reparametrized
Xi = th and X] = Xﬂu , observe that

dX} = dX} dA(t),
and it follows that
h~j . T j ) T ; )
/a Xl dXi = /O X), dXi, dA(t) dt = /0 X1 axi

where 1 = A(t). With that path integrals are invariant under time reparametriza-
tion, hence the signature is invariant under time reparametrizations, using this
result recursively. O

The next proposition gives a notion of how the signature of a time reversed
path is related to the signature of the initial path, see [13] for more details.
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Proposition 2.6. Let X : [0, T] — E be a path of bounded-variation. Let ? be the
path X run backwards, i.e. the path defined by Yt = X7, t € [0, T]. Then

S(X) =s(x)!

In particular, we can state that the range of S : V¥([0,T],E) — T((E)) is a
group.

Proof. (Proposition 2.14. [13]). O

Corollary 2.7. As a particularity of the fact that the range of the signature is a
group, we have that given X : [0,T] — E, S(X) ® S(?) =1

We have already seen several reasons why S(X) = S(Y) does not imply X =
Y. For example, S(X) does not depend on the parametrization of X. Or, the
signature of the constant path is equal to 1, but, S(X) ® S(?) = S(X % ?) =1
Thus, the constant path and X * X have the same signature, but X * ? cannot be
reparametrised to be constant.

In order to explore to what extent the signature of a path determine the path,
we first make some definitions.

Definition 2.8. (Tree-like paths) Given X : [0, T| — E, we say X is a tree-like path
in E if there exists a positive real valued continuous function / defined on [0, T]
such that 1(0) = h(T) = 0, and such that

Xt — Xs|[g < h(s) +h(t) =2 inf h(u). (2.3)
UE|s,t]
The function / is called a height function for X. We say X is a Lipschitz tree-like
path if i1 can be chosen to be of bounded variation.

Lemma 2.9. X : [0,T] — E is a tree like path if and only if it is a null path as a
control, i.e. the trajectories are completely canceled out by themselves.

Proof. See Appendix at [2] for the complete proof. O

- As an intuitive example, if X, Y, Z are non-constant paths, then X x Y x V x /%
7« X is a tree-like path. As explained in [13], "Tree-like paths are those which
can be reduced to a constant path by removing possibly infinitesimal pieces of the
form W  W". With this example, we note that the tree-like paths X are not strictly
of thekind X = Y+ Y
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Definition 2.10. Let X,Y € BV (V). We say X ~ Y if the concatenation of X and Y
‘run backwards’ is a Lipschitz tree-like path.

We now focus on [E = R and state some results that won’t be proved as they
are out of the scope of this work. See [2].

Theorem 2.11. Let X € BV (R?). The path X is tree-like if and only if the signature
of Xis 0 = (1,0,0,...).

As we have seen, the map X — R is a homomorphism, and running a path
backwards gives the inverse for the signature in T(R), so an immediate conse-
quence of the previous theorem is

Corollary 2.12. If X,Y € BV (]Rd), then X = Y if and only if the concatenation of
X and " Y run backwards’ is a Lipschitz tree-like path.

Taking all of these together, we can state the following theorem.

Theorem 2.13. (Uniqueness of the signature) Let X € BV (RY), then S(X) deter-
mines X up to the tree-like equivalence.

As the signature determines the path up to sections on which the path ex-
actly retraces itself, if we have a path in which it has a monotone component, its
trajectories will never cancel out, so the following lemma holds.

Lemma 2.14. Let A be a set of continuous paths with bounded variation such that
all paths have the same initial value and have at least one monotone coordinate.
Then the signature of a path in A completely determines it in A.

At this point, we have seen which are the conditions to identify a path for
each signature. When doing our practical application, these conditions can not be
missed, as the results are strictly tied to these last lemma, before every computa-
tion of the signature of a path, we will apply the transformations:

1. Base-point augmentation (X*): As a concatenation of the path X;,t € [0, T]
with the linear path defined between t = —1 and t = 0, between 0 and x,
being x, the value of X(0):

(4 Dx te[-1,0),
Xf —
X te0,T).
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2. Time-augmentation (X*): Adding the time as an extra coordinate of the
path. X; = (¢, X}).

Proposition 2.15. (Lyons et al, [13], Proposition 2.2) Let X : [0,T] — R? be an
element of V!(J,R?). For any k € IN we have

. X
|/ / dX;i@...@dX;ﬂSik'
a<tp<t a<ti<tp .

with || X Hll(,[O,T} being the p-variation norm previously presented (p = 1).

From this, we can deduce that taking the first elements of the signature until
a given level k is a good way to approximate the signature of a path, i.e. the
truncated signature of order k: px(S(X)).

Corollary 2.16. Let X € V'([0, T],R?), then for every € > 0 there existsa N € N
such that
IS(X) —pn(S(X))] < e.

Furthermore, if we restrict X to a compact set C € V1([0, T],IR?), this convergence
is uniform.

Proof. Consider X € V!([0,T],IR%). We know from Proposition 2.16 that each of
the elements of the signature of order k verify the following inequation

o 111,
s (x) | < =2

0,7]

o (2.4)

The difference between the signature of X and the truncated signature of order
kas Ay = S(X) — pn(X). So,

AN = IS(X) — pn(X) |
and 2.4

k=N+1

| X k1
[AN] < ( Y. Tvar

Since || X||x1_var is bounded for all k, the series converges, and we can make the
second term as small as we want by choosing a sufficiently large N. Thus, for
every € > 0 there exists an N € IN such that [|[Ay|| <e.

Consider K compact subset, and x, a sequence in K. By sequential compact-
ness, there exists a subsequence x,, such that x, converge to some x as n — oc.
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To demonstrate the uniform convergence, we need to show that for any € > 0
there exists an N such that for all Ny > N, ||Ay,|| < e. We have seen that for all k,
| AN, || < €/2Mx, so if we choose an N such that €/2N < ¢,

AN || < /2N < e/2N <e.

O

One of the fundamental properties of the signature, originally shown by Ree
at [10], is that the product of two terms S(X)(-#) and §(X)U1-~i») can always be
expressed as a sum of another collection of terms of S(X). Note that when doing
analysis, it is really important to find a core of real functions on the space we are
working on, and this core, ideally, should be an algebra. We will see in this section
that this real functions are induced by linear forms on T((E)).

We first introduce the definition of the dual basis of the tensor space as done
in [12]. Considering B = {e;}9_, the d-dimensional basis of E, for every n € N, B
determines the basis

BE" = {eK =€, ®...Qe, : K= (kl,...,kn) S {1,...,61}"}
for E®", and also determines the corresponding dual basis
(B i={ex =ef, ®... @€ K= (ky,...,ky) € {1,...,d}"}

for (IE*)®", forming a basis of T(E*), if we think of an element as a non commuting

power series in the letters ey, ...,e;, then e{ i) picks up the coefficient of the

i1
monomial ¢;, ...¢; . Considering this, we see that we have a linear action of (E*)®"
on elements of (IE)®", which we can extend naturally to a linear map (E*)®" —

T((E))* defined by

¢(A) := ¢(a"), when A = (a°,at,a?,...) € T((E)) and a" € E®" (2.5)

By letting n vary between 0 and co, we get the linear mapping

o]

T(E") = Q(E")™" = T((E))" (2.6)

n=0

So we can trivially see that T(E*) C T(E)* by linearity. Basically, we have
extended a linear action over each of the elements of the basis of the tensor algebra
to a linear action over an element in T(E), as it is A. In particular, if ¢ = @, ¢n €

T(E*) and v = @ vs € T(E), then ¢p(v) = Yo Pu (Vn).
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Now we define the inner product over the tensor algebra and relate it with the
action of the linear forms of the dual basis of T(E). This inner product comes from
the choice of the basis of B by

1 ifi=j

2.7
0 ifikj 27)

@@&:%Z{
extending to the whole of space E bilinearly.

The extension into E®” is done by defining

n
<61’] ®¥...0¢6,€, &...0 8]'”>1E Qn ‘= H <eik’ejk>]E = 51'1]'1 .. 5injn (2.8)
k=1
and binearly extending it to the whole space. Finally, if we want to define the
inner product on the whole T((E)) space, we have to set

oY) 1) = }°_’jo<pn<x>,pn<y>> 29)

for x,y € T((E)), having (T((E)), (-, -)) as an inner product space. Hence, we can
define the completion of T((E)), T((E)), by adding all limit points, in order to
ensure that all Cauchy sequences converge within the space. T((E)) is a Hilbert
space with this inner product (allowing us to apply geometric interpretations and

rigorous analysis).

If we want to understand the elements of the dual basis (B*)" in terms of the
inner product, we have that for every n € IN, they are given by

el*<() = <'I€K>/ (2'10)

which means that the vectors of the dual basis that correspond to the tensor space
T((E)) are equivalent to computing the inner product with its corresponding vec-
tor of the base of T((E)), i.e. the projection.

With this theoretical framework, we are now totally able to define the coordi-

nate iterated integral (signature coordinate).

Definition 2.17. Following the notation provided at givenaword I = (iy,...1,) €
{1,...,d}", ife; = ¢, ® ... ®e;, € E®", we define the coordinate iterated integral
7! (Sap(X)) by

”I(Sa,b(X)) = <Su,b(X)r€I>T(E) =g ( Zb(X)) :

Interpreting it as the projection of the component S” (X) € E®" into the basis
er, which will lead to the coordinate of the signature in the tensor space that
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corresponds to the index I

I
S(X) = | o [ )y (e, o)
A0 = [ [ e )

and all the other coordinates (or iterated integrals) of the signature vanish due to
the inner product operator.

Having understood the coordinate iterated integral, or signature coordinate,
we want to understand how the product operation between two coordinate iter-
ated integrals is done. This product of linear forms is actually a quadratic form
(easy to proof), but we want to see that it also is a linear form on the range of
the signature. By this means we introduce the Shuffle product between two multi-
indexes.

First, a permutation of the set 1,...,k + m is called a (k,m)-shuffle if c=1(1) <
v <o Yk)and el (k+1) < ... < 07 Y (k+m), and (c(1),...,0(k +m)) is called
a shuffle of (1,...,k) and (k+1, ...,k + m). We will denote Shuffles(k,m) the set of
all (k,m)-shuffles, and interpret them as the list of all the ways that two words, of
length k and m respectively, can be combined into a single word, of length k + p,
while preserving the order in which the letters of each original word appear.

Definition 2.18. (Shuffle product). Consider two multi-indexes I = (iy, ..., i) and
I = (1, eoor jm) With i1, .o, i, j1, oo jm € 1, ..., d. And define

(rll 4 Tk, rk+l/ ceey rk—i—m) = (ill seey ik/jl/ /]m)

The shuffle product of I and J, I LLIJ, is defined as the following finite set

LT i= {(To@)s s To(k)r (ki) s To(krm)) | 0 € Shuffles(k,m)}

Returning to the coordinate iterated integrals, if we consider 77!(S,,(X)) and
7 (S,5(X)), their product is given by the following theorem (Theorem 2.15. in
[13]).

Theorem 2.19. (Shuffle product property). For any I;,, € A*, A* = {I =
(i1, ..., in) where i; € {1,...,d},Vj € {1,...,n},¥n € N}, it holds that for any path X
of bounded variation

T (S(X) 2 (S(X)) = (' Lm')(S(X)).
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Corollary 2.20. (Theorem 2.15 [13])The linear forms on T((E)) induced by T(E*),
when restricted to the range S(V'([0, T], E)) of the signature, form an algebra of
real-valued functions.

Proof. It is a direct implication of the Shuffle product property for bounded varia-
tion paths. See [13] for the whole proof. O

Example 2.21. To clarify it, we will introduce a simple example. Consider a two-
dimensional path X : [a,b] — R% If we apply the shuffle product property we
have

a1 (5(x)) 2 (5(X)) = n P (s(X)) + 7>V (5(X))

) (5(X))nV((X)) = 221D (5(X)) + *D(5(X))

Note that the shuffle product computes all the possible combinations without al-
tering the order of the indices of the initial words. The combination (1,1,2) is not
possible as 2 needs to be before 1, when considering the indices of the initial word
(2,1).

As we have seen, the signature of a path embodies a multitude of essential
properties crucial for path analysis. Firstly, Chen’s Identity serves as a pivotal tool
for concatenating paths, allowing for the seamless integration of path segments.
Remarkably, the signature is independent of how fast or slow a path is traversed,
ensuring that paths with the same shape retain the same signature regardless
of timing. This property, known as time—invariance, is crucial for robust analysis
across varying speeds. Furthermore, the signature demonstrates unique character-
istics under tree-like paths, guaranteeing distinct representations for different path
structures. Notably, the uniqueness property extends to paths featuring mono-
tone increasing components, which allows reconstruction of the entire path from
its signature if the starting point is known and there exists a monotone increas-
ing coordinate. The signature’s efficiency is another strength, achieved through a
property where higher order terms have a diminishing effect, making it computa-
tionally friendly and paves the way for its application in machine learning tasks.
To top it off, the product property simplifies the multiplication of complex path
interactions by expressing the product of signature terms as a sum based on their
multi—indexes. These properties collectively underscore the versatility and power
of the signature as a comprehensive tool for path analysis and processing.
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Chapter 3

The expected signature framework

3.1 Law on signatures

In our work, we aim to construct an expected signature model which forecast
the signature of stochastic paths. In order to do so, it is important to properly
define the expected signature as an element defined in a probability space and
measure, as done in [3]. Basic knowledge on measure theory and stochastic pro-
cesses is assumed for this definition. For simplicity, from this point on, we will
denote X := S(X).

Definition 3.1. Given a probability space (Q, P, F) and a R%-valued stochastic
process X, for every w € Q, X(w) is well defined almost surely and its expectation
(E[X(w)]) is finite under the probability measure P. We call E[X(w)] the expected
signature of X.

Chevyrev and Lyons at [7] define the characteristic function of a random sig-
nature X and assert, as its main result, that ¢x determines X. By the following
theorem, we provide sufficient conditions to state that the expected signature de-
termines the law of the signature, under certain conditions (we will not deep into
these conditions).

Theorem 3.2. (Proposition 6.1 [7]). Let X and X be two random paths of bounded
variation, X and X their corresponding signatures as random variables. If E[X] =
[E[X] and they both have infinite convergence radius, then X = X.

23
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3.2 The expected signature model

Basically, our expected signature model will consist in a regression framework
based on time series data. This data is discrete, so, in order to properly use this
framework, it is necessary to transform the discrete information of the time series
into a continuous path. In order to tackle this problem, there are many possible
approaches, which comparison is out of our scope, but we can, for example, think
about piece-wise linear interpolation between data-points.

Our goal is to formulate the effects of data streams as a dependent variable of
a regression problem with an explanatory and dependent variables being paths.
Imagine we have observations of the input and output paths {X;, Y; ?:_01 of the
theoretical regression, both X; and Y; of bounded variation taking values in E =
RY. This linear relation can be understood as

Y; = f(XZ) +¢€Vi=0,.,n—1

Obviously, the functional form of the relationship is unknown or really complex,
so it is necessary to identify specific features of the observed data to linearize its
functional relationship. To achieve this, we will present a way to do it using the
signature of the path as features on the space where the path is defined.

We first present a very important theorem where this theory is sustained,
which states that it suffices to look for linear functions f.

Theorem 3.3. (Signature approximation). Let S (V¥(J,E)) be the set of bounded
variation paths, and S; C S (V?(J,E)) a compact subset. Then, given ¢ > 0 and a
continuous function f : S — R, there exists a linear functional L € T((E))* such
that for every a € S;

f(a) = L(a)| <e.

In order to proof this result we present the following well-known theorem.

Theorem 3.4. (Stone-Weierstrass theorem). Given X, a compact Hausdorff space,
and A a subalgebra of C(X, R), which contains a non-zero constant function, then,
A is dense in C(X, R) if and only if it separates points.

Proof. (Signature approximation) Let £ (S;) denote a family of all linear func-
tions in T((E))* restricted to Sq, by the shuffle product property of signatures and
Corollary L (51) is an algebra. Since the 0" term of the signature is always
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1, this algebra contains constant functions. Moreover it separates the points (this
assumption comes from Corollary 2.16 in [13]). Now, using the Stone-Weierstrass
theorem, we can say that £ (S1) is dense in the space of continuous functions on
S1. O

Corollary 3.5. If 51 is the set of signatures of any finite number of sample paths,
Theorem 3.3 holds.

Proof. Trivial, as this finite set is a compact subset of S (V¥ (],E)). O

As we presented at the beginning of this section, we want to understand the
conditional distribution of Y given the information of X, and we now can state
that, in our framework, this is equivalent to saying that we are looking for E[Y|X]
due to the following results that we have already seen:

Given X a bounded variation path,

1. X uniquely determines X up to the tree-like equivalence.

2. According to under certain conditions (will be assumed that are in our
work), the expected signature of stochastic process determines the measure
on the random signatures.

Finally, we are be able to present our model with the conclusion that, restricting
to the case where E[Y|X] is a continuous function of X, by Theorem E[Y|X]
can be well approximated by a linear function on X locally, as each coordinate of
the signature can be itself well approximated by a linear functional, and we have
seen that these coordinates (77!(X)) form an algebra of real valued functions and
serve basis functions to represent any smooth function on signatures locally.

Definition 3.6. (Expected Signature Model [3]). Let X and Y be two stochastic
processes taking values in [E and W respectively. Suppose that the X and Y are
well defined a.s.. We assume that

Y =L(X)+e, (3.1)
considering E[¢|X] = 0, and L a linear functional mapping T((E)) to T((W)).

We will note px the conditional expectation E[Y|X] and Y% the conditional
covariance defined as

Y3 :A*x A* - R

(1,]) = Cov (' (Y), 7/ (Y)[X) . (3.2)
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The following lemma from [3] won’t be explicitly used during this work, but it
is an interesting property that we wanted to highlight, as it is a direct implication
of the shuffle product property. It asserts that £5 is determined by px.

Lemma 3.7. Let ux and % be defined as before. Then for every I,] € A*,

SR = (7' W) () = 7 () 7 (x).

Proof. For each I, ] € A*, conditional variance states that
22(I,]) = E [nf(y)nf(mx} —E [nf(y)yx} E [nf(y)yx} .
Using the shuffle product property of the signature,
E {nI(Y)n](Y)|X} —E Knl anf) (Y)\x] = (7‘(1 I_I_|7r]> (E[Y|X]),
and we obtain:

S%(L ) = (7wl () = 7 (i) 7 ()

3.2.1 Model calibration and prediction

After understanding how the model is theoretically constructed, now, it is nec-
essary to explain how it will be implemented with real world data. First, note
that this approach is defined over the space where the signature of a path lies, an
infinite dimensional space, which is clearly impossible to handle in terms of com-
putational methods. Hence, we will make use of the Proposition and we will
limit our problem to estimate the expected signature of Y given information of X
by estimating the truncated signature of the order m p,,(E[X]|Y]), in other terms,
estimating p,, o f. Given a large number of samples {X;, Y;} ,, this problem will
be reduced to a linear regression problem, where the coordinate iterated integrals
of pm(Y) are estimated by the explanatory variables p, (X). We will call this the ES
approach and will be used further in this work in a practical setup.



Chapter 4

The ES approach as a time series
model

When considering real-life time series, such as financial data, the data collected
is discrete (e.g., tick-by-tick or minute-by-minute). It might seem effective to ap-
proximate this data by sampling it at very fine intervals. However, interpreting
the information using discrete data or linear functionals like Fourier transforms
has proven inefficient. This approach generates a lot of redundant data and leads
to dimensionality issues when dealing with high sampling rates. In such cases,
non-linear feature sets, such as signature transformations, become important. The
signature of a path, computed from the embedded discrete time series, is not par-
ticularly sensitive to the number of time steps. This makes it a more effective
method for capturing the essential features of the data.

While financial data is typically visualized as univariate time series (a sequence
of data points over time for a single variable), computing informative features
from this data requires embedding it into a continuous path that preserves key
characteristics. We won'’t delve into finding the optimal embedding method here,
but we’ll explore some theoretical options and discuss some of their pros and cons.

4.1 Time series embedding
Consider {(t;)}N, an univariate time series. Our goal is to transform it into
a continuous function (path). There are many possibilities, and here we present

some of them:

1. Piece-wise linear interpolation.

27
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2. Rectilinear interpolation.

3. Lead-lag transformation.

The first two are the most basic and can be seen at Figure with red dots
being the discrete data and the blue lines its embedding. Piece-wise linear inter-
polation simply interpolate datapoints linearly and rectilinear interpolation lead
to a piece-wise linear path with each linear section parallel to an axis.

X2

N W A o o N

o = N w & o o 9~

0 1 2 3 0 1 2 3
t t

Figure 4.1: Different interpolations [5]. Piece-wise linear interpolation (left) and
Rectilinear interpolation (right).

The Lead-lag transformation is a more complex approach, as it augments
the dimension of the path that contains the data. In our case, it maps our one-
dimensional path into a two dimensional one. Let’s see with a practical example
how it is computed: Consider a one dimensional path with the following time-
indexed values:

{Xi}ioo = {1,426},

The corresponding LeadLag transformation is:

Xlead —{1442026,6}

X; = {1,4,2,6}
=1 s {XLag ={1,1,4,4,2,2,6}

Constructing a 2-dimensional path with a leading component, and a lagged com-
ponent. Generally, the Lead Lag transformation with lag 1 is defined by

(le?(ld, Xlug) — (th lll)‘r(\) Xt*E)

and, then, a linear interpolation of the 2-dimensional points is made, as seen in

4.2l
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XZ.Lead

0 1 2 3 4 5 6 7
XE,Lag

Figure 4.2: [5] Lead-lag transform of 1-dimensional data {X;};.

Let’s briefly state some properties of each different embedding. Regarding
piece-wise linear interpolation, when considering a 1-dimensional time-series, it is
a really straightforward computation, but the path will only encode information
related to increments, leading us to lose some essential information. Contrary,
lead-lag transformation provide enough information to read the volatility of the
path directly from the second term of the signature (see Equation {.1I), a very
important parameter when dealing with financial data. By Chen’s theorem, we
can straightforwardly see this assumption by computing the signature coordinates
of a of a lead-lag embedding:

1] /N 2 N-1 1
52 5 (Xip1 = Xi) | + ), (Xiga — Xi)
i i
oy 1 [ /N1 2 N-1 |
SV = X K= X)) = X (X — X))
and the following holds
L. N+1.a2 , N=T 04
Mean(X) = NS( ); Var(X) = — e s(12) 4 WS( ). (4.1)

Finally, regarding the rectilinear path, we can highlight that it has an structure
with an easy way to extract the path from its signature. As we are aiming to com-
pare the Expected Signature model with some traditional approaches for financial
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time series, we are going to consider a special case of the rectilinear interpolation
called the Time-joined transformation.

Remark 4.1. For the curious reader, if one is considering to deal with high fre-
quency data and wants to summarize the information ignoring time re-parameterizations,
one should consider piece-wise and lead-lag methods. They prevent over-fitting,

as they allow the signature to summarize and incorporate high frequency infor-
mation using only a few parameters.

411 Time joined embedding

Definition 4.2. (Time joined transformation [3]). Let {(¢;,7;)}_, be a uni-variate
time series. Let R : [2m,2n + 1] — R + xR be a 2-dimensional time-joining path
of {(t;,7;)}_, , which is defined as :

i=m’
tme1 + rm(s —2m)ey, ifs € 2m,2m+1);
R(s) = S [ti+ (tiy1 — 1) (s —2i —1)] eg + rien, ifse2i4+1,2i+2);, (42
tiy1e1 + [Ti + (Ti+1 — 1) (s —2i — 2)] e, ifs € [2i+2,2i+3)

with {ej, e} an orthonormal basis of R? and i = m,m +1,...,n — 1.

R is an specific case of a rectilinear embedding. For a better understanding of
this procedure let’s see it in an example.

Example 4.3. Consider the following time series:

{(ti,r1)} = {(2,3),(3,4),(4,7),(5,5),(6,9)}.

The 2-dimensional path R(s) is the piece-wise linear interpolation of the 2-dimensional
points

{(2,0),(2,3),(3,3),(3,4),(4,4),(47),(57),(5,5),(6,5),(6,9) }.

The transformed path is plotted as seen in figure
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2.‘0 2.‘5 3.‘0 3.‘5 4;0 4.‘5 5.‘0 5.‘5 6.‘0
t
Figure 4.3: Time-joined transformation of example time series. The red points
refer to the initial values of the time series

4.2 The signature of a time series

As we have seen, to utilize the Expected Signature model for time series anal-
ysis, it is crucial to first embed the data points into a path. This path can be
constructed in various ways, depending on the requirements of the experiment
and the features that need to be analyzed. Before making further assumptions in
our time series model, we must describe the signature of a time series and un-
derstand its key properties. Let’s consider a time series {(t;7;)}"_,, and R(s) its
time-joined transformation (recall, that these results can be made for other type of
embeddings, but we focus on the previously presented).

Remark 4.4. The time-joined transformation of a time series is a two dimensional
path with an non-decreasing coordinate (time) and a fixed starting point (¢, 0).

Lemma 4.5. With properties described at Remark we can state that the sig-
nature of the path constructed by the time-joined transformation (R(s)) of a time
series {(t;,r;)}!_, uniquely determines the time series {(t;,7;)}" .

Proof. Given {(t;, i)}, the time series and R its time-joined embedding, by con-
struction, the first coordinate of R is non-decreasing. Hence, R is not possibly
tree-like. Moreover, all paths R contain the same base-point (t,,0), so we are
under the conditions of Lemma to state that there is a correspondence be-

tween the signatures of the paths R generated by {(f;,;)}" , and time series

{(ti,ri) i, [
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Definition 4.6. We use the expression "the signature of a time series” when con-
sidering the signature of its time-joined transformed path R, and denote it by

SH{(ti, i) o)

At this point, the reader must be wondering if it is possible to find the values
{ri} of a time series {(t;r;)}/_, given its signature. The answer is that, if time
series is embedded using the time-joined transformation, it is possible. Lemma

is presented at [3] and provides the concrete procedure.

First, we present Vandermonde matrices and characterize its determinant, as
they are necessary for the proof of the Lemma proof.

Definition 4.7. A square matrix of sizen, A, isa Vandermonde matrix if there are scalars,
X1, X2, X3, ..., Xn SUch that [A;;] = xf_l, 1<i<nl1<j<n.

Theorem 4.8. Suppose we have A a square Vandermonde matix of size n, constructed by
the coefficients x1,x3, ..., Xu, then the determinant of A can be expressed as

det(A) = ] (xj—xi)

1<i<j<n

Lemma 4.9. Let X denote the signature of a time series {(t;,7;)};_; for a known
{t;}i_;. Then,

AR =T1s,
where
0!772(X) 11 1
11712(X) t1 t tn
S — ’ T = 7
(1’1 1)!7.(1..,12()0 t;l_l tgz—l tz—l
"
rh —1
AR :=
Tn — Tp—1

Thus, {r;} can be represented as a linear functional on the signature of the time
series.
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Proof. To understand how the equation of the Lemma is constructed and proof
it, is important to analyse the coordinate iterated integrals of of the path R. The
information we have at this point is the values of the signature coordinates and the
time steps that the time series took values. As we want to get the equation to find
the values {r;};, we need to find which coordinates of the signature are directly
related with them. Actually, if we compute the following signature coordinate,
considering the coordinates of R given by Rgl) and R§2>, time and r(t) respectively,

2n—1 1

1) = [© 3 (nx))%aRL.
0

And, as R(s) is constructed over an orthonormal basis of R?, we can simplify the
calculations and note that in the time intervals of the kind (2i +1,2(i + 1)), the
differential of the coordinate R is null, so we have the expression

(12) oA, 1,
702 (X) = Z/zl- B (e —1)s) = L 58 (e —m). @)
i=0 j

With ry = 0, as seen in the time-joined transformation. Note that it is clearly a
linear combination of the {r;}; values. In order to get the other equations to solve
the system, we consider the general expression, obtained similarly than equation

2i+1 1

(1 / k'tkd ry,s) + Z/z k'ti‘d t — T8 S)

1”1 + Z k! z Tt — fi) :

In consequence, if we put all the equations in a matrix form, given n > 2, we get:

S =TAR,
with the previous notation
0!77%(X) 1 1 ... 1
6. 117712(X) _ t b ... Hy
(n —1)!t12(X) o
5}
o —11

AR :=

'm —¥n-1



34 The ES approach as a time series model

Now, continuing with the proof, since T is the transpose of a square Vander-
monde matrix with all x; = t; different from each other, T is also invertible. So,
we can state that

AR = T71S.

4.3 Expected Signature model for time series

When analyzing time series models, it is crucial to understand the conditions
under which the problem operates. One of the most common conditions is the
stationarity of the time series, or more generally, the stationarity of a stochastic
process. Let’s define this concept. Refeer to [11] for a deeper insight of time series
theory.

Definition 4.10. We say that a process { Xy, k € Z} is strictly stationary if for any
ki, ..., k, and I the vectors

(Xk1/ ceey an) and (Xk1+l/ ceey Xkﬁ—l)
have the same law. In particular, taking n = 1, all variables have the same law.

Definition 4.11. We say that a process { Xy, k € Z} is weakly stationary if

1. E[X¢)) =p € R, forany k € Z,

2. C(Xy, Xi +1) = v(I)Vk,1 € Z where v is defined on IN, due to symmetry of
covariance.

The primary assumption in defining the ES model is the stationarity of the time
series {r;};. This means that the distribution of any (r, ..., 7x;,) remains consistent
throughout the entire time series. A clear conclusion on the previous definitions
is that strict stationarity implies weak stationarity.

Following this, let’s denote the present time as t;, and Fj the information we
have until ;. Also, denote X as the signature of the past steps, S({(¢;,7;)}

and Y as the signature of the future steps, S({(#;, ri)}::,j ).

k
i:k—p+1)’

When applying the ES model to an univariate time series {(t;,7;) }Y;, we will
try to predict the signature of g-future values given the signature of the last p
values, given p,q € IN. By these means, there must exist a linear relation between
the signature of the past and the signature of the future.
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Definition 4.12. (Expected Signature model ES(p,q,n,m)). Given an stationary
time series {r;} . We say that it satisfies the assumptions of the expected signa-
ture model with parameters p, q, n and m, ES(p, g, n,m), if the following holds.
There exists a linear function f : T"(R?) — T™(IR?) such that

pm(Yx) = f(on(Xk)) + €,

where E[ex|Fi] =0and N >=p+g+ 1.

Now, we denote as y the expectation of Y, conditional on the information up
to the time f, i.e.
e = E[Y|F] (4.4)

which means that py is a function f on Xj, i.e.

fT((R?)) = T((R?))

(4.5)
Xk — Mk

And the conditional covariance function of Y}
X2 A x A* = R

(4.6)
(1,]) = Cov (7' (Yu), 7 (Y| )

Note that the ES model utilizes Corollary and assumes that considering
the higher-order terms of the signature is sufficient for the linear regression to
hold. Therefore, the most important information is contained within these terms,
providing facilities to manipulate the model computationally. It also assumes
that the distribution of the future values on condition of the current information
Fi depends uniquely on the truncated signature of the last p+1 values of the
time series. The ES model does not assume that future values of the time series,
given the current information, follow a specific distribution. Instead, it describes
the likely distribution of future data points in a flexible, non-parametric manner,
enabling the description and prediction of future outcomes based on the present
information.

4.4 Classical time series models as ES-model special cases

In classical time series analysis, the foundational models that often come to
mind are AR (Autoregressive), ARMA (Autoregressive Moving Average), and
ARCH (Autoregressive Conditional Heteroskedasticity). They have been exten-
sively studied and widely applied, particularly in the financial sector, to explain
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and predict patterns in data such as logarithmic prices. They have been settled
as standard tools in the analysis of the dynamics and volatilities inherent in time-
dependent data. See complete definitions in the Appendix

As prediction-based models, they aim to forecast two key parameters of future
values based on the information available up to time t;: the conditional expecta-
tion of the future value 1 and its variance. In this section, we will explore how
these models are specific instances of the ES model. To achieve this, we will derive
the same parameters that traditional time series models estimate using a specific
ES model, denoted as ES(p, q, n, m). Let’s denote this parameters as

m,; := E[ry11|Fx] and, 4.7)
ot = Var[ry 1| Fi]-

In the previous section, we presented the ES model, and how the signature of
future values could be obtained from the signature of the p-lag values. This idea
is related to the traditional time series approach. Nevertheless, in this case, we
would like to uniquely predict the expectation of the future value given present
information at time fy, i.e. p, how can this value be obtained from the signature
of the future q steps? In order to answer to this question, we will recall Lemma

at Lemma [4.13]

Lemma 4.13. Given a time series {(¢;,7;)}! ; and its signature X (as the signature
of the join-transformed path of the time series), then

ry = 1 (X) (4.8)
Proof. 1t is straightforward by using Lemma O

Remark 4.14. When considering the ES(p,q,n,m) model to predict the immediate
future step on condition of i, we will assign 4 = 1. Concretely, the ES(p,1,n,m)
model provides the conditional expectation of the future time series { (tx;, rc1i)1_g },
on condition of the signature of the p-lagged values.

Corollary 4.15. The ES(p,1,n,m) model is used to forecast the next step of a time
series at a given the information at time t; by taking the coordinate 77?) of Yy, i.e.
my = E[req|Fi] = 7 (Y)), we name y; as the truncated signature obtained by
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the ES(p,1,n,m) model. Hence, by Lemma and the shuffle product property,
the following holds

My = 77:(2) (,uk)/

49
ot = 2712 () — (1@ ()% )

Having explored how to use the ES model to forecast the immediate future
step in a time series, it is now time to demonstrate how traditional time series
models are special cases of the ES(p, q, n, m) model. To do this, we first need to
present a preliminary result. Let’s present a modification of Lemma 4.11. in [3].

Lemma 4.16. Suppose that a time series {ry}; satisfies ARMA(p,q) conditions.
Then,

p
= o+ ) Pirr—i,
i=1
being ¢ a constant vector. Suppose € = {€, ..., €;} is the white noise error term,
with mean 0 and variance ¢2. Then, for n = {1,2}, E[r}",,|Fi] is a polynomial of
lagged (p+q) values of {r¢}.

Proof. Givenn € {1,2},
q
E[r}|Fi-1] = E[(pc + ) Ojer—j + €x)"| Fie-1]
=1

q
= E[(ur+ ) _ Ojer—; + €)" | Fr-1]
]'7

Y E[Chu ZQek i+ €)' | Fit]
I=0 j=

(4.10)

n
2 i EL( Ef)ek i+ ex) | Fiei]
1=0 ]71

Then, by using the definition of the error term €;_; = r_; — pix—j, we compute
IE[(Z?:] 9j€kfj + Gk)l|./_"k,1] taking [=1,

9
]E[Zgjek—j+€k’fk 1 Zeek - = 29 Ti— —j "l/tk_]'), (4.11)
j=1

and [ =2,

ZQek it e Fial = Y 07 (rij — pk)* + of. (4.12)
= =1
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Finally, considering that

P
ej =0+ Y dire—ji, Vi € {1,..q},
i=1

we can see that E[r}| Fi_1] is a polynomial of (p+q) lagged values of {ry } for both
n=1andn=2. O

Theorem 4.17. Suppose that a time series {r,} satisfies ARMA(p,q) conditions,
and its mean equation is

P
M=o+ Y Pire—iy
i—1

there exist an integer N such that the time series satisfies the assumptions of
ES(p + 4,1, N, 2), hence, ARMA(p,q) is a particular case of the ES model.

Proof. This result is equivalent to proof that the first and second moment, [E[ry| Fy_1]
and E[r?|F_1], can be expressed as a linear functional on the signature of the
(p+q) lagged values of r, which have been proven at Lemma to be true.

We know that linear forms on the signature of (p+4)-lagged values of r; are
dense in the space of smooth functions on (p+q)-lagged values of r¢, and that the

signature of a time series completely determines the time series. Hence, there
exists a linear functional fj such that

E[re| Fi1] = fo(SH (teis i) Y1),

and a linear functional f; such that

E[r§|Fi1] = A(SH (o) }T))-

And these two equations are enough to obtain a precise approximation of the
ARMA(p,q) model parameters, mean and variance. O

This result can be proven for other different traditional time series models, as
the ARCH (see [3]]), GARCH or AR (specific case of the last theorem, with q=0).
Considering these results, one can conclude that the ES approach provides at least
as good predictions of time series data as traditional time series models, if the
correct parameters p,q,n, m are chosen.



Chapter 5

Using the ES model for financial
time series prediction

This chapter will investigate the conditions under which AR and ARMA mod-
els are special cases of the ES model. Additionally, it will be demonstrated how
the ES model can enhance the results obtained from financial data traditionally
analyzed using AR or ARMA models. While the main focus of this thesis is es-
tablishing path signatures as a new approach to time series analysis, providing
computational examples strengthens the theoretical foundation. The code itself
will be included in the appendix for interested readers. This experiments will ex-
plore in the conditions that: AR and ARMA are special cases of the ES model, and
the ES model provides an improvement in the results that can be obtained from
financial data, when considering data that was traditionally studied using the AR
or ARMA. The full code is available in the (Github repository).

5.1 Unveiling Computational Insights: AR as a particular
case of the ES approach

As recently explained, traditional time series models can be seen as specific
instances of the expected signature model. To accomplish this, we will generate a
time series by using AR conditions. Subsequently, we will employ the ES model
in order to approximate them in optimal precision, and check that the information
that generates the AR time series is encapsulated within the ES model. Following
this, an analysis of accuracy statistics and computational outcomes will facilitate
our conclusions. Recall that the AR (AutoRegressive) model is an ARMA (Au-
toRegressive Moving Average) with g=0.

39
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We consider the time series {r}; generated by an AR model with length n =
4000, verifying the equation:

P
re=¢o+ Y ire—i+ et (6.1)
i=1

with ¢ = {0,0.4,—0.5,—0.2} as constant parameters and €; a white noise with
variance ¢ = 2. The time series generated can be seen in figure

Generated AR Time Series

10.0 — AR Series

rt)

[ 500 1000 1500 2000 2500 3000 3500 4000
Time

Figure 5.1: AR series

Remark 5.1. An AR(p) time series with p > 1 is stationary if the polynomial
1— 1z — poz? — ... — ¢pzP = 0 lie outside the unit circle in the complex plane.
Refer to [11] for more details. It can be checked that the generated AR(3) time
series with parameters ¢ = {0,0.4, —0.5, —0.2} is stationary.

As our main goal is to check that the AR model is a special case of the ES
model, we aim to obtain the same expected future value and conditional variance
given information up to time Fj. It will be sufficient to obtain the same E[r 1| F]
and ]E[rf 1 | Fx] as the AR model. First, we need to determine the suitable p, g, n
and m parameters of the ES(p,q,n,m) model. As each step of the AR time series is
constructed by using a linear combination of the prior p = 3 values, we can use
Theorem to state that p = 3 in our ES model. Then, in order to compute the
immediate expected future step of a time series, we noted in Corollary that
g parameter must be set to 1, this allows us to use the second coordinate of the
expected signature obtained by the model, i.e. 772 (IE[Y|F}]), to predict the future
step k+1.

The other two parameters to determine are n and m, the order of the truncated
signatures that will be used in the ES regression. We have seen how the factorial
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decay property of the signature is key to understand that the most important infor-
mation that the signature of a path contains is within its low order coordinates. As
we will use the coordinates of X as features in our regression model, its important
to use the minimum necessary to avoid non-informative noise and computational
complexity. As seen in Theorem there exists a sufficiently large n = N which
approximates the ES(3,1,N,2) model to the AR in the most suitable manner. We
will begin with n = 4, and modify if results are unsuccessful. Ultimately, as we
have demonstrated, the most relevant information contained in the future steps
signature is found in the first and second order coordinates. Therefore, we will set
a truncation order g = 2.

Overall, f : T*(IR?) — T?(R?) is the linear functor that represents the regres-
sion in the ES(3,1,4,2) model as

p2(Ye) = f(pa(Xk)) + €k, (5.2)
and El[e;|Fix] = 0.

In order to learn the function f, we are going to use linear regression, con-
cretely, LASSO regression, a regression method suitable for a dataset which con-
tains a high number of features. Another benefit of LASSO regression is its ability
to prevent overfitting. By penalizing the use of many coefficients in the regression,
LASSO encourages simpler models that generalize better to new data.

After obtaining the AR series of length n = 4000, we train the regression
model using the signatures of the windows of the past p-values as independent
variables and the signatures of the future values as dependent variables. The data
processing that has been followed to construct the ES model has been:

1. Compute all the rolling windows of size p = 3 of the AR time series, as these
will be the windows used to compute S({(t;, ;) }5_, . 1)

2. Compute all the rolling windows corresponding to the future steps of the
AR time series. These rolling windows will be of size 2, taking the present
value and the immediate future step (g = 1).

3. Calculate the Expected AR time series, which consists of calculating, for each
step of the AR time series, the next step expected value using the formula:

P
Mk = ¢o + Z@VH
i=1

The Expected AR time series will be used to compare the expected future
value predicted by the ES model in comparison with the expected future
value underlying on the AR.
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4. For each of the windows, the following modifications are applied, in order
to meet the conditions of this theoretical model:

(i) Time augmentation: Transform the 1-dimensional windows {r;}; into
the 2-dimensional windows { (¢, ¢) }+.

(ii) Base-point augmentation: Add the base-point (—1,0) at the beginning
of each window.

These two modifications lead to a unique correspondence between the win-
dows and their signatures, as seen in Lemma providing meaningful
data for the regression.

5. Compute the signature of both past and future windows. To this mean, we
have used the esig python package developed by T.Lyons and his team. This
package provides functions to compute the signature of the transformed
path from given time series as data points.

6. Split the data into train/test and train the model: In the model, the sig-
natures of the past p-values are used as independent variables (X) and the
signatures of the future as dependent variables (Y). This data is split into
two sets, train and test (80% train and 20%test), obtaining X_train, X_test,
Y_train and Y_test. Next, LASSO regression is applied for training with a
regularization parameter (x) set to 0.01.

7. Test the model using X_test as input variables. The output data obtained
during testing consists of the expected signatures of future steps for each
input in the test data, as generated by the ES model.

8. For each output, take the signature coordinate 72 as the expected future
step obtained by the ES(3,1,5,2) model during the test phase, and take 2

(2.2)

times the signature coordinate 77'“~/, as we have proven in Lemma 3.7 that it

is equivalent to E[rz, | F].

Once obtained the predictions of the ES model we check the accuracy using
two methods: first, overlapping the last 100 steps of the ES predictions with the
Expected AR time series, and second, by creating a regression line between the
expected values that the AR model computes in each step and our ES predictions

(Figure 5.2).
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ES predictions and Expected AR overlap (test data). 100 last values Regression Line between the expected values of both AR and ES models
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Figure 5.2: (left) Overlap of the ES model predictions and Expected AR Time
Series. Last 100 values. (right) Regression line

In addition to the visual results, the model yields a coefficient of determination
of R = 0.99 and a mean squared error (MSE) of 0.0057, confirming that the
E[rys1|Fk| obtained by the ES(3,1,4,2) is nearly identical to the E[ry 1|Fy| used
to generate the time series. Now, we do a similar procedure to show how the
E[r?, || F] is also well predicted. We plot a regression line between the expected
conditional squared r; 1 generated by the AR and the ones obtained by our model.
The values corresponding to the AR model can be computed using Lemma
specifically, E[r¢_ | Fi] for the AR model is equal to yi + 0f. The coefficient of

determination obtained is R? = 0.994. See Figure

Regression Line between the expected r? values of both AR and ES models

® Data
—— Regression Line
40 1

30 A

201

Expected r? ES predictions

10 1

10 20 30 40
Expected r2 AR values, given information until t;

Figure 5.3: Regression line between the expected squared future values for both
AR and ES
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Remark 5.2. For an AR time series, we have seen in 4.9| that the conditional vari-
ance can be directly derived from E[r1|F] and E[r7 | Fy].

Given the accuracy with which the ES(3,1,4,2) model approximated the mean
and conditional variance of the AR time series, considering the expected error
from truncating the signatures and the inherent error in the LASSO regression, we
can conclude that our theoretical framework has been validated by these practical
results and the AR model is a specific case of the Expected Signature model. This
approach can be similarly reproduced for an ARMA time series with g > 0.

5.2 ES model for financial time series forecasting

During this thesis we have presented an alternative to the traditional time
series models. Actually, we have proven how traditional time series are special
cases of the ES model, highlighting the extensive information embedded within
this model. Nevertheless, it is clear that financial data is inherently complex and
influenced by many factors, making it really challenging to model and predict.
Many models, such as ARMA, ARIMA or GARCH time series models, aim to
capture underlying patterns and trends, but the battle against randomness is often
unsuccessful. By these means, we aim to explore whether the ES model improves
modelling and forecasting of real financial data in comparison to traditional time
series models.

When modelling financial data, it is important to understand which patterns
and features characterize the time series, in order to use the most suitable theoret-
ical approach. Nevertheless, time series data is the most of the time unprepared
for its analysis, some techniques must be applied before moving to forecasting.

5.2.1 Catfish sales and forecasting

We are going to analyze an open-source dataset which contains historical data
of catfish monthly sales (catfish sales 1986-2012). Concretely, we will study the
data within the dates "1992-1-1" and "2012-1-1". This study is an extension of [15]].

Before comparing the Expected Signature (ES) model with traditional time se-
ries models, it is essential to comprehend key features of the data. This under-
standing aids in formulating assumptions about which models might be more
appropriate. The first interesting approach is to make a STL decomposition of the
data, which means, to decompose the time series into three components: season,
trend and residual. See figure


https://www.kaggle.com/datasets/yekahaaagayeham/time-series-toy-data-set/data?select=catfish.csv
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Figure 5.4: Original and differentiated catfish monthly sales in 1000s of Pounds

It is appreciable that the sales time series has an upwards-downwards trend,
and a 12-month seasonal pattern. Then, in order to get information about how past
data influences future data, i.e. p-lag values, there are some methods to determine
them, for instance, the Autorrelation and Partial Autocorrelation function plots
for the formal definitions). See the results in Figure The shaded area
represents the confidence intervals for the autocorrelation values.
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Figure 5.5: ACF and PACF plots

From the plots we can note that there is a significant spike around 6 and
12 months lag, and a sinusoidal behaviour in PACF, which tell us that there might
be a seasonal effect in our data. Taking all this assumptions into consideration, we
can estimate which will be the best traditional time series model for to tackle this
problem. As the PACF plot exhibits a seasonal character, it suggests that the data
may be well modeled using the SARIMA model (refer to the Annex).
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There exists a useful function called auto_arima from package pmdarima, which
employs a stepwise approach to search through multiple combinations of ARIMA
(and SARIMA) and selects the model with the lowest AIC (Akaike Information
Criterion) score. In our code, the outcome of this function confirms our prior
assumptions by suggesting that the model SARIMAX(0,1,0)x(1,0,[1],12).

Now, we will split our data into train/test (80% train and 20% test), fit the
model to the training data, and then predict the future data and compare it with
the test. The results obtained will be analyzed by considering the time series
paths comparison and a regression line (and R? coefficient) between actual and
predicted differentiated data (for a proper comparison with the ES model). The
actual test values vs the predicted values using the SARIMA model can be seen in
Figure The explanation of the training data appears to be quite accurate and
improves at each iteration, but the testing fit is confusing and results in significant
errors in many of the steps. The corresponding linear regressions can be seen in
Figure which yield a coefficient of determination R* = 0.46 for the training
data and R? = 0.26 for the test data.
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Figure 5.6: (Top) Predicted vs. actual differentiated data using SARIMA model
(test data) - (Bottom) Predicted vs actual differentiated data using SARIMA
model (train data)

It is time to compare this results with the model we have been developing
throughout this thesis, the ES(p,q,n,m) model. To be under the conditions of the
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Figure 5.7: (Top) Linear regression on predicted vs. actual differentiated data
using SARIMA model (test data) - (Bottom) Linear regression on predicted vs
actual differentiated data using SARIMA model (train data)

ES model, the data that will be used will be the differentiated time series, as it
improves the stationary of the data. It seems quite obvious to define a p-lag of
12, as we encountered that there exists a seasonality of length 12. The parameter
will be set by choosing the best one fitting the training and test data. Finally,
as it is a model to predict immediate future step of a time series, we set g =
1 and m = 2. The results we are considering are the same that the previous
model, paths comparison and linear regression (coefficient of determination). In
Figure the predicted vs actual paths are displayed, and it is appreciable a
better approximation of the predictions and a better understanding of the patterns
in the training data, these results are sustained by the linear regressions and its
corresponding R?, which can be seen in Figure

The results obtained by the ES model are better, with coefficients of determina-
tion R? = 0.34 for the test data and R? = 0.61 for the training data. This indicates
that the model provides a superior explanation of the patterns underlying the
training data and offers more accurate predictions for new data.
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Figure 5.8: (Top) Predicted vs. actual differentiated data using the ES(12,1,4,2)
model (test data) - (Bottom) Predicted vs. actual differentiated data using the
ES(12,1,4,2) model (train data)
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Figure 5.9: (Top) Linear regression on predicted vs. actual differentiated data
using the ES(12,1,4,2) model (test data) - (Bottom) Linear regression on predicted
vs. actual differentiated data using the ES(12,1,4,2) model (train data)



Chapter 6

Conclusions

After exploring the theoretical framework and practical applications of the ES
model conclusions can be drawn. Firstly, it has been demonstrated how the the
traditional time series models can be seen as a specific case of the ES model in
some defined conditions. This might lead to a misconception that traditional time
series are obsolete since they can be generalized within a broader model. However,
this is not the case, traditional time series models are still necessary in order to
obtain a proper explanation of how the data is modelled, as they offer concrete
equations underlying the time series.

The ES model is a non-parametric model that employs machine learning tech-
niques, leading to the phenomenon known as the "black box", where the relation
between the income and the outcome is uncertain. We have seen how the ES model
performed significantly better in both modelling the training data and predicting
unknown data. Contrary to the common criticism that ML models are very prone
to overfitting and often fail in real-world prediction scenarios, our model exhib-
ited strong performance in the prediction phase. This improvement in accuracy
comes from the ES model’s ability to capture data patterns similarly to traditional
time series while incorporating additional features in the different signature coor-
dinates, providing extra information beneficial for prediction.

Historically, traditional time series models have been seen as a good way to
model and display the equations and patterns within the data, but they have been
quite unsuccessful when referring to the prediction phase. Hence, this counterpart
can be obtained by the Expected Signature model, which doesn’t contain an equa-
tion that models each step of the data, but performs better in prediction. When
comparing and analyzing time series models, it is crucial to ensure that the data
satisfies the conditions of the models used; if noisy, uncleaned, or unprocessed
data is used as input, none of the models will yield satisfactory results.

49
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I want to highlight that throughout the completion of this thesis, I thoroughly
enjoyed every specific phase I was involved in, from gathering information to
drawing conclusions and finalizing my writing. It has been a journey that sur-
passed my initial expectations. Contrary to what I had anticipated, this experi-
ence has opened the door to further research phases in my life, as it has been truly
satisfying.

Regarding further research in rough path theory, I am very excited to start my
master’s program to delve deeper into this complex field and gain a comprehen-
sive understanding of the theory. I am aware of its difficulty and the years of
study it might require, but I believe every step and contribution to this research
area will be insightful.
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Appendix

6.1 Traditional time series models

Definition 6.1. (ARMA model). Let {r;}; be a time series. We note ARMA(p,q) as
an autoregressive moving average model of order p and 4. This ARMA(p,q) model
with parameters ¢ = ¢y, ..., ¢p], 0 = [61,...,0,] and p,q € IN is defined as

P q
"= ¢o+ 2471'7’1%71' + ) bier—jtey (6.1)
i=1 =1

where ¢ and 6 are the autorregressive and moving average parameters, respec-

tively. Also, p and g are non-negative integers, and €; is a white noise with mean

0 and variance ¢7.

Definition 6.2. (ARCH model). Let {r;}; be a time series. We note ARCH(q) as
an autoregressive conditional heteroskedasticity model of order 4. This ARCH(g)
model with parameters a = [y, ..., #;] and g € IN is defined as

€t = 01Z¢, (62)
where z; is a white noise process with mean 0 and variance 1, and
2 g 2
of = agp + Z wj€r_j, (6.3)
j=1

where aj > 0 for all j and ag > 0.

Definition 6.3. (ARIMA model). Let {r;} be a time series. We note ARIMA(p,d,q)
as an autoregressive integrated moving average model of order p, d, and g. This
ARIMA(p,d,q) model with parameters ¢ = [¢1,...,¢p], 0 = [61,...,0;] and p,d,q €
N is defined as

p q
Adrt = ¢o+ Z (piAdrt,i + Z 9j€t,j + €4, (6.4)
i=1 =1
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where A? is the differencing operator applied d times, and ¢ and 6 are the au-
toregressive and moving average parameters, respectively. Also, p, d, and g are

non-negative integers, and €; is a white noise with mean 0 and variance (762.

Definition 6.4. (SARIMAX model). Let {r;}; be a time series. We note
SARIMAX(p,d,q)(P,D, Q)s

as a seasonal autoregressive integrated moving average model with exogenous
regressors, of order p, d, q, P, D, and Q with seasonality s. This model with
parameters ¢ = [¢1,...,p], 0 = [01,...,0;], ® = [@,..,Dp], @ = [Oy,...,00] and
p,d,q9,P,D,Q,s € IN is defined as

@ (B%)¢(B)A"APr; = O(B*)0(B)e; + Xi, (6.5)

where B is the backshift operator, A? is the non-seasonal differencing operator
applied d times, AP is the seasonal differencing operator applied D times, ¢(B)
and 6(B) are the non-seasonal autoregressive and moving average polynomials of
orders p and g, respectively, ®(B*) and ©(B*) are the seasonal autoregressive and
moving average polynomials of orders P and Q, respectively, X; represents the
exogenous regressors, and p represents their coefficients. Also, p, d, q, P, D, Q,
and s are non-negative integers, and €; is a white noise with mean 0 and variance

o2.

6.2 Time series autocorrelation

Definition 6.5. (Autocorrelation). Let {r:}; be a time series with mean y and
variance 2. The autocorrelation function (ACF) at lag k, denoted by py, is defined

° E[(r — ) (i — )]

where E[-] denotes the expected value operator. The autocorrelation py measures
the linear relationship between r; and r;_.

Definition 6.6. (ACF Plot). The Autocorrelation Function (ACF) plot is a graphical
representation of the autocorrelations of a time series {r;}; at different lags k. The
ACEF plot helps in identifying the extent of correlation between values of the time
series separated by different time lags.

Definition 6.7. (PACF Plot). The Partial Autocorrelation Function (PACF) plot
is a graphical representation of the partial autocorrelations of a time series {r;};
at different lags k. The partial autocorrelation at lag k, denoted by ¢, measures
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the correlation between r; and r;_; after removing the linear influence of all the
intervening lags. The PACF plot helps in identifying the number of significant
lags in an autoregressive model.
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