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ABSTRACT. Probabilistic finite state automata generating strings of let-
ters is used to represent the symbolic time series. A symbolic time series as a
model is developed, and a measure of the corresponding approximation error
is proposed. The symbolic time series depends essentially on the segmentation
of the initial series. An operator of segmentation using thresholds generates a
structure of segments. Based on the past data, the probability of transitions
and states of the probabilistic finite state automata are estimated. The fore-
casting probability in a symbolic time series is defined. The conditions for an
optimal forecasting are analyzed.
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INTRODUCTION

In some previous papers [2,3], we have developed a syntactic method as an
alternative for other models used in time series analysis. The aim was to find
solutions for forecasting some time series proposed at the 1992 international
contest - Santa Fe Institute Studies in the Science of Complexity [8].

In our study we have considered a time series, graphically represented, as
a digital picture, and the segments of the time series, as objects of the picture.
We have taken as patterns the contour of objects preserving the monotony. A
set of pattern primitives - a finite free set - have been chosen, and their labels,
as a set of free symbols, have been considered as an alphabet ¥. In this way,
a word from the language L (L C X*), corresponds to an object, from the
picture, while a set of words correspond to the whole series. This set of words
has been used in order to construct a symbolic time series.

The main aim in studying time series is to use them in forecasting. In order
to solve this problem, we have used the probabilistic finite state automata
providing the forecast probability.
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1. PROBABILISTIC GENERATION OF STRINGS

1.1. Probabilistic finite state automata

DEFINITION 1.1.A = (Q, X, 0.q0, F) is a finite state automata if

Q - 1s a finite set of states

> - is an alphabet

0 C QXX xQ - 1is the set of transitions

qo - s the initial state

F - is the set of final states

The language T'(A) C ¥*, accepted by the automata is a reqular language.

DEFINITION 1.2.A probabilistic finite state automata is
A= (Qa 2757 IAyFA7PA>7

where:
Py : 5 — [0,1] are the transitions probabilities
I4:Q — [0,1] are the initial states probabilities
Fa:Q — [0,1] are the final states probabilities
14, Py, Fy are functions such that:

Y Iu(g)=1 and VqeQ@, Falg)+ >, Palg.a,qd)=1

q€Q aeX,q'€Q

It is assumed that Pa(q,a,q’) = 0 for all (¢,a,q") & 6.
Computing the probability of a string x € ¥*, that A generates let us
consider

9(1’) = (807I17 $§2,T2, . .. 78k717mk7sk>

a path for x = x1...2, in A | i.e. the sequence of transitions

(80, Ty, 81)7 (51, Tg,582), .-, (Sk—h T, Sk) € 4.

DEFINITION 1.3.The probability of generating a path

9(1’) = (807I17 S$1,%2, . .. 78k717mk7sk>
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15 defined with:
k
Pa(0(x)) = La(so) [T Pa(sj-1, 5, 8;) Fa(sy)-
j=1

Let ©4 be the set of all valid path (having the probability greater than
zero) generated by A.

DEFINITION 1.4.The probability of generating x by A is

Paz)= S P(6).

The automata A defines a distribution D on ¥* if

j{: ]?4($) =1.

TEX*

In the sequel the indices A will be omitted.

1.2. Words and sub-words generated in probabilistic finite state
automata

The probability of reaching state g and generating the prefix x; ... x;, using
the sequence of states S = (sg, s1,...,S;), is

i

VqgeQ, ax(i,q) = D I(s0) [I Plsj-1,25,55)p(q,s;),

SG@(mlxl) 7=1

for 0 <@ <|z|, where p(¢,s;) =1, if ¢ = s; and p(g,s;) =0 if g # s;.
Forward algorithm for calculating this probability:
a:(0,¢) = I(q)
o (i,q) = Y a,(i —1,¢)P(¢ 2i,q9), 1 <i < |z
q7'eQ

Then
P(z) =Y a.(|z],q)F(q).

qe@
The probability of generating the suffix z;;, ...z, from the state ¢, on
the sequence of states S = (s;, Siq1,. .-, 8)g) I8 :

||

Be(i,q) = > p(q,s:) TI P(sj1,5,55)F(s)a));

SE@(Q:H_l ..... T Jj=i+1
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where p(q,s;) = 1if ¢ = s; and p(q, s;) = 0if g # s;.
The backward algorithm:

B (||, Q) F(q)
Buliyg) = Y Buli+1,¢)P(¢ 2i,q), 1 <i<|z|—1
7eqQ
Then
=> 1(¢)5.(0,q).
q€eQ

2. SYMBOLIC TIME SERIES

In order to construct the codification of a time series by words from a
language, we will summarize some basic notions.

2.1. Alphabet, words, operation with words

Let X be a finite set of symbols used as an alphabet. We will denote by ¥*
the set of words obtained on ¥ using the concatenation operation (denoted by
-). Then (X7,) is the free semi-group generated by X. We will aid the null
word A and consider ¥* = X U {A}.

The (X%, -, \) is the free semi-group with unity generated by . A language
L is a subset of ¥*. Let W C YT be a set of words. We define the set of
prefixes of the words from W as the set:

Preff(W)={ulue X", Jve X, wwe W}
and the set of suffixes as:
Suff(W)={vjve Xt Jue ¥t uwe W}

2.2. Segmentation of a time series

In order to construct a symbolic time series by labeling the segments of
a time series we introduce a segmentation operator J, in respect with the
threshold h;, fori =1,2,...,q (h; € R).

A time series is a set of observations z; (z; € R), each one being recorded
at a time t. The sequence

X = {ZL’I,J,’Q,...,ZEN}

is a time series containing the measurements on a discreet time interval
{t17t27 <. atN} - [07T]
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As we have already mentioned, we will consider the envelopes of the time
series, and the picture containing objects - i.e. sequences of non-void values,
and intervals with null values. We will keep the separating points of these
regions in a set of segmentation points. Then, we will add to this set the
points, which separate the monotone parts of the envelopes, and the points
which determine sub-patterns from a free set (a free set has the property that
no element of the set can be expressed as a combination of other elements).

Let us consider a segmentation operator J;, : X — {0, h}, where J,(z;) = h
if x; > h and Jy(z;) = 0 otherwise.

Considering a sequence of thresholds, H = {hy, hs, ..., h,}, such that hy >
ho > ...>hy >0, (h; € R,i=1,2,...,¢q, for ¢ < N), we can combine the
sequence of J, operators in a single one, J : X — {hy, ho,..., hy, 0}, taking
for each x; € X, J(z;) = max{J,(x;)|h € H}.

J(X) is a time series associated to X, and having a reduced set of values,
only. The shape of J(X), and the role of J for a proper segmentation of X,
depends essentially by the threshold selection.

Let us denote by

U= {p,pig,- - psf and  pg < pig < ... <pig

the J(X) steps, i.e. the first indices where the values are changing. We will take
as points of segmentation the values py, o, . .., pts. The points {(u;, piv1)]i =
1,2,...,s — 1} define the segments where the pattern primitives are defined.
We will label the pattern primitives with symbols from the alphabet X.

Let us consider the segmentation points and their corresponding values in
X (pi,xg),i=1,...,sand k € {1,...,N}.

DEFINITION 2.1.The point (u;, xx) is a cut point if |xy — 1| > K, or
|z, — xp—1| > K, where K is a chosen value (for instance K > xy/2).

2.3. The construction of the symbolic time series

In order to construct a symbolic time series, corresponding to the segmented
time series, we will attach to every segment a letter, as a label. If a segment
has a level zero, then it will be labeled by A. Let us denote by W the set of
words occurring in the codification of the initial time series.

Then, the symbolic time series will be

Z (wh' + A% (2.1)
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where:

m - is the number of different words corresponding to the ”objects”

w; - 1s a word

p; - natural number of successive occurrence of w;

¢; - natural number of null intervals between two objects.

As usual, we denoted by |w| the length of the word w.

Here, we have used the following operations with letters and words:

a) The concatenation (-). Two letters can be concatenated if they are the
labels of two adjacent segments without a cut-point in between.

b) The sum of words (+), for a union of ordered words.

EXAMPLE 1.
The objects from a picture have the description:

S=g+ A+ fg+efg+cdefg+ abcdefg

when a,b,c,d, e, f,g € .

In [2] we have studied the error in approximation with symbolic time se-
ries. We found the possibility to decide if a segmentation is acceptable in
respect with a tolerable error. In the sequel we will consider only acceptable
segmentations.

3. PREDICTIBILITY IN SYMBOLIC TIME SERIES

3.1. Reconstruction by interpolation

In the paper [3] we have studied the symbolic time series that can be re-
constructed by interpolation. Let us present, first of all, how we can formulate
an interpolation problem for symbolic time series.

Let us consider a segmented time series, with pq, ..., i, some cut-points,
and aq, as, . .., a,, the letters placed at the right of these points, a; € X, |X| = r,
r symbols used to label the segments of the series.

If we know the pairs (ug, ax), k = 1,...,m, a; € X, the interpolation prob-

lem consist in finding a symbolic time series having in the points p1, ..., tim,
the patterns labeled with aq,ao, ..., a,,.

In this case the pairs (ug,ar), & = 1,...,m, will be called interpolation
points.
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THEOREM 3.1. A symbolic time series interpolates the points (u1,ay), .. .,
(s @), where [y, ...,y are cut-points, if the symbolic time series

m

D (w; + M%), w; €W, ¢; €N

i=1

accomplished the following conditions:

(1) For every j = 1,...,m there exist w; € W, such that ®(w;) = aj;,
where ®(w;) is the first letter of the word w;.

(2) |w;] + N9 | < pyin — iy, for j =1, om— 1.

If there is a symbolic time series interpolating the segmented time series,
we will say that the original time series can be reconstructed by interpolation.

THEOREM 3.2. (on reconstruction by interpolation) The segmented time
series Y can be reconstructed by interpolation if there exists a set of words W
such that every term of the symbolic time series

Z w; + AT
=1

has the property that
1)®(w;) = a;, fori=1,....,m, and for all i, 7, ®(w;) # ®(w,), if i # j,
2) |\wj| + |AY| = pjp1 — pj, forj=1,...,m—1.
In example 1, W = {g,fg,efg,cdefg,abcdefg} with the cut points

(p1, ..., pe). If we take as interpolation points (1, 9), (g2, f), (us,e), (ta,c),
(5, @) then the series can be reconstructed by interpolation.

DEFINITION 3.1. The symbolic time series S, is partially predictible if
knowing the first letter in a word, there is a unique word, or sub-word, in W,
beginning with the respective letter.

It is straightforward the following result:

THEOREM 3.3. If a symbolic time series can be reconstructed by interpo-
lation then it is partially predictable.

3.2. Probabilistic finite state automata generating the interpolation
points

Let us consider a symbolic time series partially predictable. What is impre-
dictible is the next word, after a cut point. If we would have some information

101



C. Jalobeanu - Probabilistic finite state automata ...

on the probability distribution of the interpolation points, we could predict
with a probability the next interpolation point.

We will consider the sequence of interpolating points z; = (u;,a;), i =
1,...,k, where by u; we denote the position of the interpolating point. We
will associate with this string a probabilistic finite state automata.

Considering that from historical data we can estimate the following prob-
abilities: initial states probabilities, transitions probabilities and final states
probabilities 14, P4, F4, we will suppose that

VqeQua Falg)+ > Palga,d)=1 and > Ia(q)=1.

a€¥,q'€Qa q€Qa

In that case we have a probabilistic finite state automata generating the inter-
polation points of a symbolic time series.

Let us consider z = 27 ...z as aword and z;,1 ... z, its suffix i.e. a possible
continuation of the word. We have the possibility to calculate the probability
of generating the suffix, i.e. the probability of a possible continuation of the
word z. As we already have seen in 1.2., using the backward algorithm we find

n

ﬂz(LQ) = Z p(qv Si) H P(sj—b’zj’sj)F(sn)

SE@(ZH_L...,Zn) j=t+1

the probability of generating the suffix z;,; ... 2, beginning with the state q.
This is the probability of the continuation of the word z. When it is asso-
ciate with a symbolic time series, we can find the probability of the forecasting
using the next n — ¢ interpolation points z;,1 ... 2,.
The probabilistic finite state automata is a suitable device for defining dy-
namically the probabilities, as the automata would learn the new probabilities.

4. CONCLUSIONS

In searching for conditions for predictability of a time series, we have seen
that a symbolic time series can be partially extrapolated if it can be recon-
structed by interpolation. If a time series can be reconstructed by interpola-
tion, then knowing the probabilities for each interpolation point, the series can
be extrapolated with the corresponding probability given by the most probable
interpolation point.
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