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Abstract—We suggest and experimentally investigate a method to construct forecasting algorithms based on data compression methods (or the so-called archivers). By the example of
predicting currency exchange rates we show that the precision of thus obtained predictions is
relatively high.

1. INTRODUCTION
In information theory, a profound interdependence between randomness, or predictability, of
a character string and its possible “compressibility” is well known. It was discovered by Kolmogorov [1] and developed by his disciples and colleagues [2, 3]. In late 1980s, after the discovery
of optimal universal codes, similar ideas were used to construct optimal prediction methods for
sources which generate symbols of finite alphabets [4]. Later, the approach of [4] was used to construct asymptotically optimal forecasting methods for numerous classes of random processes [5–10].
However, most of these methods, though having good asymptotic behaviour, are hardly applicable
to real forecasting problems where the amount of observation is small.
The present paper is an attempt to apply data compression algorithms to construct practically
applicable prediction methods. As a model problem, we consider that of predicting currency exchange rates (US dollar/euro and US dollar/ruble), which is of a certain practical interest; as data
compression methods, we employ practically used archivers. Here it should be noted that these
computer programs are based on numerous profound results and constructions of information theory as well as on practical experience and ingenuity of many creators of the archivers. It should
also be noted that archivers were found to be an effective tool in authorship attribution [11] and
classification of musical compositions [12]; they are also used in estimation of closeness of genetic
patterns.
Experimental results presented in the paper demonstrate that the precision of forecasting methods based on arhivers is rather high.
2. DESCRIPTION OF THE CONSTRUCTION OF FORECASTING METHODS
BASED ON DATA COMPRESSION ALGORITHMS
First, we introduce necessary notations. Let A be a set, and let {Xi }∞
i=0 be a random process
with values in A.
1

Supported in part by the Russian Foundation for Basic Research, project no. 03-01-00495, and INTAS,
Grant 00-738.
c 2005 Pleiades Publishing, Inc.
0032-9460/05/4101-0065 

66

RYABKO, MONAREV

The following prediction problem is considered: given the values X0 , . . . , Xn−1 , to predict the
average value of the process at time n, i.e., E(Xn | X0 , . . . , Xn−1 ), in the case where statistical
characteristics of the process are a priori unknown. Note that this problem setting is one of the
most common [6–10].
Let us now give necessary facts on nondistorting coding of messages. Let D be a finite alphabet,
Dn be the set of all words of length n, n ≥ 1, and D∗ =

∞


n=1

D n . A map ϕ : Dn → {0, 1}∗ is

called a code. We will consider uniquely decodable codes (sometimes called nonsingular), which by
the definition satisfy ϕ(x) = ϕ(y) for distinct x, y ∈ Dn . Coding theory also often considers the
so-called prefix codes, which possess one more property: for any words x1 , x2 , . . . , xm ∈ D n , m ≥ 1,
n ≥ 1, the sequence ϕ(x1 )ϕ(x2 ) . . . ϕ(xm ) can uniquely be decoded as x1 x2 . . . xm . It is also well
known in information theory that, for any prefix code ϕ, the Kraft inequality [13]


2−|ϕ(u)| ≤ 1

u∈D n

is satisfied (here and in what follows, |x| denotes the length of x if x is a word, and the cardinality
of x if x is a set.)
In [4] it is suggested to use the Kraft inequality to define the probability distribution on the set
of encoded messages,
  −|ϕ(v)|
Pϕ (u) = 2−|ϕ(u)|
2
,
v∈D n

and to predict, or estimate, the occurrence probability of a symbol d ∈ D at time n + 1 by the
formula
Pϕ (Xn+1 = d | X1 = x1 , X2 = x2 , . . . , Xn = xn )



= Pϕ (x1 x2 . . . xn d)





Pϕ (x1 x2 . . . xn e) .

(1)

e∈D

It is shown there that prediction based on this formula is asymptotically optimal if ϕ is a universal
code. It seems to be appropriate to use (1) for non-prefix codes as well if they “compress” effectively
enough the real data for which a prediction method is constructed (though in this case the attractive
property of asymptotic optimality of the prediction is not guaranteed; optimal universal codes, as
well as prefix codes, possess this property). Moreover, in principle, one may use even non-uniquelydecodable (singular) codes if a metric on symbols of the alphabet is defined (this is the case in the
present paper).
Let us emphasize that the prediction based on (1) can only be applied in the case where the
random process takes values from a finite set D. We however consider a more general problem,
to construct a prediction in the case where the set of values A is, generally speaking, infinite
and is equipped with a metric; moreover, unlike [5, 7, 8], we consider not asymptotic properties
but possibilities of practical application. Below we describe the general scheme of the prediction
method in the case where the set A of values of the process is a real line segment, but the suggested
algorithm is easily generalized to the case where A is a part of a multidimensional space. In the
description, we consider various possible situations and indicate parameters that can be varied to
find a method giving the best prediction precision.
Perhaps, the most obvious way to reduce the case of an infinite “alphabet” A to a finite one is to
partition the interval A into k disjoint subintervals {d1 , . . . , dk } (partitioning methods are discussed
below). Now, instead of the values X0 , . . . , Xn−1 , let us consider the indices of the subintervals
where these values occur and estimate the occurrence probabilities of Xn in the intervals according
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Table
Currency
exchange rate

Average precision

Archiver

Number of
intervals

“Sliding window”
size

US dollar/euro

0.00479 (euro)

Rar

15

50

US dollar/ruble

1.306 (kopeck)

Rar

10

70

to (1). As an estimate of E(Xn | X0 , . . . , Xn−1 ), we may take the average value of the “step”
function generated by the partition {d1 , . . . , dk }.
The prediction precision can be increased by varying the number of subintervals k, the method
of partitioning A into k parts, and the compression algorithm used for the prediction. We analyze
two ways of partitioning A into k intervals. The first is to divide A into parts of equal length.
In the second method, A is partitioned into k subintervals so that each of them contains roughly
the same number of sample values, and then this partition is used to predict the next value.
As data compression algorithms, we used the commonly known archivers: Rar, arj, pkzip, and ha.
Finally, let us note that the suggested method can be used in combination with other approaches
and methods used in forecasting. Among such methods, considered below in forecasting currency
exchange rates, there are “trend elimination” and using for the prediction of the next value not all
available dynamic series but only its last part, say, the last 1000 or 50 values, which is often referred
to as a “window,” or “sliding window.” (When using this scheme, it is assumed that statistical
characteristics of the process may vary in time, and “old” data contain no information on “new”
statistical characteristics.)
3. EXPERIMENTAL RESULTS
We considered the problem of predicting the US dollar exchange rate to ruble and euro using daily
data on the value of one dollar in rubles and euros given at the web pages http://www.x-rates.com
and http://www.akm.ru respectively. As was already noted, we made numerous experiments with
various values of parameters, methods of “trend” elimination, and archivers used.
All experiments were conducted in two stages, which we conventionally call parameter estimation
and testing. Data used for parameter estimation were sequences of successive US dollar values,
which we denoted by x1 x2 . . . xn . In the course of experiment, the value xn−99 was predicted from
the data x1 x2 . . . xn−100 , the value xn−98 from data x1 x2 . . . xn−99 , etc., so that xn was predicted
from the data x1 x2 . . . xn−1 . Then we computed the value
δ=

 100




|xi −

x∗i |



100,

(2)

i=1

where x∗i is the predicted value of xi . Based on the computations made, we chose a variant with the
set of parameters with the minimal value of δ. Here, the estimation stage was completed, and we
passed to the testing stage, where the chosen variant was used to predict new (the latest) 100 values,
already known but (we emphasize!) not used in the preceding computations. Obtained values of
the prediction precision, still evaluated by δ, are given in the table of the US dollar values in rubles
and euros. In the table we also indicate the values of the parameters found at the estimation
stage. We also used division into intervals of equal length and data preprocessing aimed at “trend
elimination.” Namely, an original sequence x1 , x2 , . . . , xt was transformed into the sequence of
ratios (x2 /x1 ), (x3 /x2 ), . . . , (xt /xt−1 ), which was used for the prediction. (Of course, δ in (2) was
computed from the absolute values but not relative.)
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In the paper, we used data on the value of dollar in rubles in the period from January 3,
2001, to August 7, 2002, to find parameters giving the minimal error, and in the period from
August 7, 2002, to February 26, 2003, to test the prediction precision. Similarly, we used data on
the US dolar/euro rate from March 16, 2001, to July 9, 2002, and from July 9, 2002, to December 2,
2002, respectively. The obtained results are given in the table; Figs. 1 and 2 present the prediction
results over 10 days, which gives a general insight into the prediction precision. In particular, it is
seen that the largest prediction errors occur when the rate changes abruptly.
It is seen from the table that the average error over 100 days for the US dollar/euro rate is
0.00479 euro, and for the US dollar/ruble rate is 1.306 kopeck, which is close to daily exchange
fluctuations.
Thus, it is the authors’ opinion that the presented data demonstrate that methods of data
compression (or universal coding) can be a basis for constructing prediction methods of practical
interest.
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