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ABSTRACT

The parallel explosions of interest in streamingadand data mining of
time series have had surprisingly little intersewctiThis is in spite of the
fact that time series data are typically streantath. The main reason for
this apparent paradox is the fact that the vastortgjof work on
streaming data explicitly assumes that the datiésiwete, whereas the vast
majority of time series data is real valued.

Many researchers have also considered transformeag valued time
series into symbolic representations, noting thathsrepresentations
would potentially allow researchers to avail of theealth of data
structures and algorithms from the text processing bioinformatics
communities, in addition to allowing formerly “lwhtonly” problems to
be tackled by the streaming community. While manymisolic
representations of time series have been introdovedthe past decades,
they all suffer from three fatal flaws. Firstly,ettdimensionality of the
symbolic representation is the same as the origiatd, and virtually all
data mining algorithms scale poorly with dimensidga Secondly,
although distance measures can be defined on theddig approaches,
these distance measures have little correlatiom istance measures
defined on the original time series. Finally, madt these symbolic
approaches require one to have access to all tiae lefore creating the
symbolic representation. This last feature expjiditwarts efforts to use
the representations with streaming algorithms.

In this work we introduce a new symbolic represgataof time series.
Our representation is unique in that it allows dusienality/numerosity
reduction, and it also allows distance measurebeodefined on the
symbolic approach that lower bound correspondingtadice measures
defined on the original series. As we shall demaiet this latter feature
is particularly exciting because it allows one tm rcertain data mining
algorithms on the efficiently manipulated symbaiapresentation, while
producing identical results to the algorithms thperate on the original
data. Finally, our representation allows the realued data to be
converted in a streaming fashion, with only annitésimal time and
space overhead.

We will demonstrate the utility of our represemation the classic data
mining tasks of clustering, classification, query dbntent and anomaly
detection.
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1. INTRODUCTION

The parallel explosions of interest in streamintpd4, 8, 10, 18],
and data mining of time series [6, 7, 9, 20, 21, 28, 34] have
had surprisingly little intersection. This is initgpof the fact that

time series data are typically streaming data,efkample, stock
value, medical and meteorological data [30]. Thénmeason for
this apparent paradox is the fact that the vasoritgjof work on
streaming data explicitly assumes that the datiésigete, whereas
the vast majority of time series data is real vdl[28].

Many high level representations of time series hdeen
proposed for data mining. Figure 1 illustratesexdnichy of all the
various time series representations in the liteeaf@, 7, 14, 16,
20, 22, 25, 30, 31, 35]. One representation thatdhta mining
community has not considered in detail is the @iszation of the
original data into symbolic strings. At first glandhis seems a
surprising oversight. In addition to allowing therhing of time
series problems as streaming problems, there israrmous
wealth of existing algorithms and data structurtest allow the
efficient manipulations of symbolic representationSuch
algorithms have received decades of attention énteft retrieval
community, and more recent attention from the Baimatics
community [3, 13, 17, 29, 32, 33]. Some simple exan of
“tools” that are not defined for real-valued sequemsn but are
defined for symbolic approaches include hashing, rkela
models, suffix trees, decision trees etc. As a mooecrete
example, consider the Jaccard coefficient [13]istadce measure
beloved by streaming researchers. The Jaccardigeeffis only
well defined for discrete data (such as web cliokdndividual
keystrokes) as thus cannot be used with real-vaioegiseries.

There is a simple explanation for the data miniognmunity’s
lack of interest in symbolic manipulation as a supipg
technique for mining time series. If the data aems$formed into
virtually any of the other representations depictedrigure 1,
then it is possible to measure the similarity ob time series in
that representation space, such that the distangedranteed to
lower bound the true distance between the timeesein the
original space. This simple fact is at the core atrhost all
algorithms in time series data mining and indeXitdj. However,
in spite of the fact that there are dozens of teples for
producing different variants of the symbolic regnestion [2, 11,
20], there is no known method for calculating tligtahce in the
symbolic space, while providing the lower boundguarantee.

In addition to allowing the creation of lower boumgl distance
measures, there is one other highly desirable ptppé any time
series representation, including a symbolic onendst all time
series datasets are very high dimensional. Th& challenging
fact because all non-trivial data mining and indgxalgorithms
degrade exponentially with dimensionality. For epdan above
16-20 dimensions, index structures degrade to sgigiscanning
[19].
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Figure 1: A hierarchy of all the various time series repreagons in the literature. The leaf nodes refethi® actual representation, and the internal
nodes refer to the classification of the approddte contribution of this paper is to introduce avmepresentation, the lower bounding symbolic

approach

None of the symbolic representations that we ararawf allow
dimensionality reduction [2, 11, 20]. There is soraduction in
the storage space required, since fewer bits apeinsd for each
value; however, the intrinsic dimensionality of tlsymbolic
representation is the same as the original data.

In [4], Babcock et. al ask ifthere is a need for database
researchers to develop fundamental and generalgsep
models... for data streamisThe opinion of the authors is
affirmative. In this work we take a step towardsstigoal by
introducing a representation of time series thasugable for
streaming algorithms. It is dimensionality redugintpwer
bounding and can be obtained in a streaming fashion

As we shall demonstrate, the lower bounding featise
particularly exciting because it allows one to roertain data
mining algorithms on the efficiently manipulated mdyolic
representation, while producing identical resulighte algorithms
that operate on the original data. In particulare will
demonstrate the utility of our representation oa tfassic data
mining tasks of clustering [21], classification [léndexing [1,
14, 22, 35], and anomaly detection [9, 24, 31].

The rest of this paper is organized as follows.tiBac2 briefly

discusses background material on time series damengnand

related work. Section 3 introduces our novel syritbapproach,
and discusses its dimensionality reduction, nunigresduction

and lower bounding abilities. Section 4 containseaperimental
evaluation of the symbolic approach on a varietyata mining

tasks. Finally, Section 5 offers some conclusiomd suggestions
for future work.

2. BACKGROUND AND RELATED WORK

Time series data mining has attracted enormousitattein the
last decade. The review below is necessarily breg refer
interested readers to [30, 23] for a more in deptiiew.

2.1 Time Series Data Mining Tasks

While making no pretence to be exhaustive, theofalg list
summarizes the areas that have seen the majorityesgfarch
interest in time series data mining.

e Indexing: Given a query time series Q, and some

similarity/dissimilarity measureD(Q,C), find the most
similar time series in databa®® [1, 7, 14,22, 35].

e Clustering: Find natural groupings of the time series in

databaseDB under some similarity/dissimilarity measure
D(Q.C) [21,25].

e Summarization: Given a time series Q containing
datapoints whera is an extremely large number, create a
(possibly graphic) approximation of Q which retaiits
essential features but fits on a single page, coenmcreen,
executive summary, etc [26].

e Anomaly Detection: Given a time series Q, and some model
of “normal” behavior, find all sections of Q whiatontain
anomalies, or “surprising/interesting/unexpectedétd
behavior [9, 24, 31].

Since the datasets encountered by data minersatiypton’t fit in
main memory, and disk 1/0O tends to be the bottleriecany data
mining task, a simple generic framework for timeiee data
mining has emerged [14]. The basic approach ismadtlin Table
1.

Create an approximation of the data, which wilidimain
memory, yet retains the essential features of éster

2. | Approximately solve the task at hand in main memory

Make (hopefully very few) accesses to the origoheta on
disk to confirm the solution obtained in Step 2, tor
modify the solution so it agrees with the solutioe
would have obtained on the original data.

Table 1: A generictime series data mining approach

It should be clear that the utility of this framekodepends
heavily on the quality of the approximation createdStep 1. If

the approximation is very faithful to the origindhta, then the
solution obtained in main memory is likely to be ttame as, or
very close to, the solution we would have obtaioedhe original

data. The handful of disk accesses made in StepcBrtfirm or

slightly modify the solution will be inconsequent@mpared to
the number of disk accesses required had we wodtedhe

original data. With this in mind, there has beeragrinterest in
approximate representations of time series, whi@h consider
below.

2.2 Time Series Representations

As with most problems in computer science, thealét choice of
representation greatly affects the ease and «ffigief time series
data mining. With this in mind, a great number whe series
representations have been introduced, including Dhiscrete
Fourier Transform (DFT) [14], the Discrete Wavelgtnsform
(DWT) [7], Piecewise Linear, and Piecewise Constamdels
(PAA) [22], (APCA) [16, 22], and Singular Value Dmoposition
(SVD) [22]. Figure 2 illustrates the most commonlsed

o Classification: Given an unlabeled time series Q, assign it to epresentations.

one of two or more predefined classes [16].



Discrete Fourier Piecewise Linear Haar Wavelet Adaptive Piecewise

Transform Approximation Constant Approximation

M

T~ Pz — L
K N, e = =
——

0 50 100 0 50 100 0 50 100 0 50 100

Figure 2: The most common representations for time serigs da
mining. Each can be visualized as an attempt tooappate the signal
with a linear combination of basis functions

Recent work suggests that there is little to chdoseveen the
above in terms of indexing power [23];
representations have other features that may astrasgths or
weaknesses. As a simple example, wavelets haveuseéul
multiresolution property, but are only defined fome series that
are an integer power of two in length [7].

One important feature of all the above represematis that they
are real valued. This limits the algorithms, dataictures and
definitions available for them. For example, in arady detection
we cannot meaningfully define the probability ofsebving any
particular set of wavelet coefficients, since thebability of

observing any real number is zero [27]. Such litiotes have lead
researchers to consider using a symbolic representaf time

series.

While there are literally hundreds of papers oncmizing

(symbolizing, tokenizing, quantizing) time seri@s 20] (see [11]
for an extensive survey), none of the techniquiesval a distance
measure that lower bounds a distance measure deéinethe
original time series. For this reason, the genBne series data
mining approach illustrated in Table 1 is of littlélity, since the
approximate solution to problem created in main mgmnmay be
arbitrarily dissimilar to the true solution that uld have been
obtained on the original data. If, however, one laadymbolic
approach that allowed lower bounding of the trustatice, one
could take advantage of the generic time series aaining

model, and of a host of other algorithms, defimtoand data
structures which are only defined for discrete dateluding

hashing, Markov models, and suffix trees. This xactly the

contribution of this paper. We call our symboképresentation of
time series SAX (Symbolic Aggregate approXimatiomnd

define it in the next section.

3. SAX: OUR SYMBOLIC APPROACH

SAX allows a time series of arbitrary lengthto be reduced to a
string of arbitrary lengthw, (w < n, typically w << n). The
alphabet size is also an arbitrary integewherea > 2. Table 2
summarizes the major notation used in this and esyent
sections.

C | Atime serieC =c¢y,...,G
— | A Piecewise Aggregate Approximation of a time serig
C|cCc=¢c,.c
c,..,C,
C | A symbol representation of a time ser@€s= G,,...,,
W The number of PAA segments representing time seriges
C
a | Alphabet size (e.g., for the alphabetat,c}, a=3)

Table2: A summarization of the notation used in this paper

however, the

Our discretization procedure is unique in that es an
intermediate representation between the raw timmeseand the
symbolic strings. We first transform the data itihe Piecewise
Aggregate Approximation (PAA) representation andenth
symbolize the PAA representation into a discret@gt There are
two important advantages to doing this:

e Dimensionality Reduction: We can use the well-defined
and well-documented dimensionality reduction povedr
PAA [22, 35], and the reduction is automaticallyriead over
to the symbolic representation.

Lower Bounding: Proving that a distance measure between
two symbolic strings lower bounds the true distabesveen
the original time series is non-trivial. The keysebvation
that allows us to prove lower bounds is to con@datron
proving that the symbolic distance measure lowemis the
PAA distance measur&hen we can prove the desired result
by transitivity by simply pointing to the existingroofs for
the PAA representation itself [35].

We will briefly review the PAA technique before cdering the

symbolic extension.

3.1 Dimensionality Reduction Via PAA

A time serie<C of lengthn can be represented innadimensional
space by a vectolC =C,,...,C,. The i element of Cis
calculated by the following equation:

aj
=% > D
j=0(i-1)+1

Simply stated, to reduce the time series frordimensions tov
dimensions, the data is divided intoequal sized “frames.” The
mean value of the data falling within a frame itcakated and a
vector of these values becomes the data-reducedsexgation.
The representation can be visualized as an attengyproximate
the original time series with a linear combinatiohbox basis
functions as shown in Figure 3.
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Figure 3: The PAA representation can be visualized as amit
to model a time series with a linear combinationboix basis
functions. In this case, a sequence of length $28duced to 8
dimensions

The PAA dimensionality reduction is intuitive arichple, yet has
been shown to rival more sophisticated dimensionadiduction
techniques like Fourier transforms and wavelets E&? 35].

We normalize each time series to have a mean af aed a
standard deviation of one before converting it tee tPAA



representation, since it is well understood thét iheaningless to
compare time series with different offsets and dmugés [23].

3.2 Discretization

Having transformed a time series database into PW#, can

apply a further transformation to obtain a discneteresentation.
It is desirable to have a discretization technithw will produce
symbols with equiprobability [3, 28]. This is egsdichieved since
normalized time series have a Gaussian distribuf@fi. To

illustrate this, we extracted subsequences of led@8 from 8
different time series and plotted a normal prohbbplot of the

data as shown in Figure 4.
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Figure 4: A normal probability plot of the cumulative didttion of
values from subsequences of length 128 from 8rdiffedatasets. The
highly linear nature of the plot strongly suggettat the data came
from a Gaussian distribution
Given that the normalized time series have highlgussian
distribution, we can simply determine the “breakysi that will
producea equal-sized areas under Gaussian curve [27].

Definition 1. Breakpoints breakpoints are a sorted list of
numbersB = f,...,.1 such that the area underN{0,1)
Gaussian curve frong to 3., = 1/a (5, andf, are defined as
-0 andoo, respectively).

These breakpoints may be determined by looking thenin a
statistical table. For example, Table 3 gives theakpoints for
values ofa from 3 to 10.

N345678910
B1

Probability

-043| -067| 084 -097 -10f -115 -172 -1p8
B, 0.43 0| -025| -043 -057 -0.6f -076 -0.84
B3 067| 0.25 o| 018 -037 -04p -0.92
B 084| 043| 018 o -014 -0.25
Bs 097| 057| 032 0.14 (
Bs 1.07 | 067 043 0.4
B, 115| 076 052
Bs 122| 084
Bo 1.28

Table 3: A lookup table that contains the breakpoints that
divide a Gaussian distribution in an arbitrary nemffrom 3
to 10) of equiprobable regions

Once the breakpoints have been obtained we caretirFgca time
series in the following manner. We first obtain &APof the time
series. All PAA coefficients that are below the #e%t breakpoint
are mapped to the symboh,” all coefficients greater than or
equal to the smallest breakpoint and less tharse¢hend smallest
breakpoint are mapped to the symblo|"“etc. Figure 5 illustrates
the idea.
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Figure 5. A time series is discretized by first obtaining FAA
approximation and then using predetermined breapdio map the
PAA coefficients into SAX symbols. In the exampleose, withn =
128,w = 8 anda = 3, the time series is mapped to the woadbcchc
Note that in this example the 3 symbolg,”*“b,” and ‘c” are
approximately equiprobable as we desired. We c#lé t
concatenation of symbols that represent a subsegqusavord.

Definition 2. Word A subsequenceéC of length n can be
represented as aord é:él,,,,,éwas follows. Let alpha
denote the'l element of the alphabet, i.e., alpkea and alpha
= b. Then the mapping from a PAA approximati€® to a
word é is obtained as follows:

¢ = alpha,, iif

BL<C <B,

We have now defined SAX, our symbolic representat{the
PAA representation is merely an intermediate steguired to
obtain the symbolic representation).

3.3 Distance M easures

Having introduced the new representation of timgesewe can
now define a distance measure on it. By far thetrcosamon
distance measure for time series is the Euclidéstartte [23, 29].
Given two time serie® andC of the same length, Eq. 3 defines
their Euclidean distance, and Figure 6.A illustsate visual
intuition of the measure.

1 2
D(Q.C)=x(4-c) 3)
=
If we transform the original subsequences into PAA

representationsQ and C, using Eq. 1, we can then obtain a

lower bounding approximation of the Euclidean dis&between
the original subsequences by:

DRQ.C)=\2X.",(@-cf @

This measure is illustrated in Figure 6.B. A préwdtDR(Q ,C)
lower bounds the true Euclidean distance appearf22h (an
alterative proof appears in [35] ).

If we further transform the data into the symbokpresentation,
we can define a MINDIST function that returns th&imum
distance between the original time series of twodsp

MlNDlST(@,é)E\/ﬂzi“;(dist(q &) ©

The function resembles Eq. 4 except for the faat the distance
between the two PAA coefficients has been repladgddthe sub-
function dist(). The dist) function can be implemented using a
table lookup as illustrated in Table 4.




a b C d
a 0 0 0.67] 1.34
b 0 0 0 0.67
c | 0.67 0 0 0
d| 1.34] 0.67 0 0

Table 4: A lookup table used by the MINDIST function. This
table is for an alphabet of cardinality of 4, ia=4. The
distance between two symbols can be read off bynaag
the corresponding row and column. For examgigt{a,b) = 0
anddist(a,c) = 0.67.

The value in cellr(c) for any lookup table can be calculated by
the following expression.
0 if|r-¢=<1

cell, . = _
ﬂmax(r,C)—l - ﬂmin(r ) otherwise

For a given value of the alphabet siethe table needs only be
calculated once, then stored for fast lookup. Th&éNMST
function can be visualized in Figure 6.C.
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Figure 6: A visual intuition of the three representationsadissed in this
work, and the distance measures defined on thmrhe Euclidean
distance between two time series can be visuabzeithe square root of
the sum of the squared differences of each patooksponding points.
B) The distance measure defined for the PAA appration can be seen
as the square root of the sum of the squared diftms between each
pair of corresponding PAA coefficients, multiplieg the square root of
the compression rat€) The distance between two SAX representations
of a time series requires looking up the distartmetsveen each pair of
symbols, squaring them, summing them, taking theass root and
finally multiplying by the square root of the corepsion rate

There is one issue we must address if we are taausgnbolic
representation of time series. If we wish to apprae a massive
dataset in main memory, the parametersand a have to be
chosen in such a way that the approximation makedest use of
the primary memory available. There is a cleareanifibetween
the parameterw controlling the number of approximating

elements, and the valug controlling the granularity of each
approximating element.

It is infeasible to determine the best tradeofflgially, since it

is highly data dependent. We can, however, emglyidatermine
the best values with a simple experiment. Since wigh to

achieve the tightest possible lower bounds, we sanply

estimate the lower bounds over all possible feasgarameters,
and choose the best settings.

MINDIST(Q,C) @
D(Q.C)

We performed such a test with a concatenation ofiri® series
databases taken from the UCR time series data gniaiohive.
For every combination of parameters we averagedrébalt of
100,000 experiments on subsequences of length Rigére 7
shows the results.

Tightnesof Lower Bound=

Tightness of lower bound

Figure 7: The empirically estimated tightness of lower baainger the
cross product of = [3...11] andw = [2...8]. The darker histogram bars
illustrate combinations of parameters that reqaipproximately equal
space to store every possible word (approximatehedabytes)

The results suggest that using a low valueafaesults in weak
bounds, but that there are diminishing returnsldoge values of
a. The results also suggest that the parametensaar®o critical;
an alphabet size in the range of 5 to 8 seems todmed choice.

3.4 Numerosity Reduction

We have seen that, given a single time seriesapproach can
significantly reduce its dimensionality. In additjoour approach
can reduce the numerosity of the data for somecgjans.

Most applications assume that we have one very fiong series
T, and that managealdebsequencesf lengthn are extracted by
use of a sliding window, then stored in a matrix farther
manipulation [7, 14, 22, 35]. Figure 8 illustrathe idea.

T i

— Ce7

p=1..8 ! L i i |

40 60 80 100 120

Figure 8: An illustration of the notation introduced ingtgection: A
time seriesT of length 128, theubsequenc€s;of lengthn = 16, and
the first 8 subsequences extracted gliding window Note that the
sliding windows are overlapping




When performing sliding windows subsequence extractwith
any of the real-valued representations, we muse st |T| -n + 1
extracted subsequences (in dimensionality reducedn)f
However, imagine for a moment that we are using proposed
approach. If the first word extracteddabbcc, and the window is
shifted to discover that the second word is asabbcc, we can
reasonably decide not to include the second oauceref the
word in sliding windows matrix. If we ever need retrieve all

occurrences odiabbcc, we can go to the location pointed to by the

first occurrences, and remember to slide to thietyigesting to see
if the next window is also mapped to the same wdérd.can stop
testing as soon as the word changes. This simge isl very
similar to the run-length-encoding data compressigorithm.

The utility of this optimization depends on the graeters used
and the data itself, but it typically yields a nuosity reduction
factor of two or three. However, many datasetsciu@racterized
by long periods of little or no movement, followég bursts of
activity (seismological data is an obvious exampley these
datasets the numerosity reduction factor can be.h@gnsider the
example shown in Figure 9.

Space Shuttle STS-57 Telemetry
s
aabcchb

aabbcc

I I ! I I
0 200 400 600 800 1000

Figure 9: Sliding window extraction on Space Shuttle Telemet
data, withn = 32. At time point 61, the extracted wordaabbcc, and
the next 401 subsequences also map to this worly. &pointer to
the first occurrence must be recorded, thus produca large
reduction in numerosity

There is only one special case we must considerwésoted in
Section 3.1, we normalize each time series (indgdi
subsequences) to have a mean of zero and a stashelaation of
one. However, if the subsequence contains only \ahee, the
standard deviation is not defined. More troublesaméhe case

where the subsequenceaisnostconstant, perhaps 31 zeros and a

single 0.0001. If we normalize this subsequence, s$ingle
differing element will have its value exploded to4& This
situation occurs quite frequently. For example, I 200 time
units of the data in Figure 9 appear to be constauit actually
contain tiny amounts of noise. If we were to noig&l
subsequences extracted from this area, the notializ would
magnify the noise to large meaningless patterns.

We can easily deal with this problem, if the stadddeviation of
the sequence before normalization is below an @psi] we

simply assign the entire word to the middle-rangfzhabet (e.g.
cccece if a =b).

We end this section with a visual comparison betw8AX and

the four most used representations in the liteeagbigure 10).

OB O R N®

Figure 10: A visual comparison of SAX and the four most coomm

time series data mining representations. A raw tieees of length

128 is transformed into the word
ffffffeeeddchbaabceedchaaaaacddee. This is a fair comparison since
the number of bits in each representation is theesa

4. EXPERIMENTAL VALIDATION OF SAX

We performed various data mining tasks using SAXor
clustering and classification, we compared the Iteswith the
classic Euclidean distance, and with other preWopsoposed
symbolic approaches. Note that none of these atpproaches
use dimensionality reduction. In the next parpbrawe
summarize the strawmen representations that we a@mpAX
to. We choose these two approaches since they yaiealt
representatives of symbolic approaches in theglitee.

André-Jonsson, and Badal [2] proposed the SDA dlguorthat

computes the changes between values from one destanthe

next, and divide the range into user-predefinedorey The

disadvantages of this approach are obvious: pmmwkedge of

the data distribution of the time series is recpliine order to set
the breakpoints; and the discretized time seriess dmt conserve
the general shape or distribution of the data \&alue

Huang and Yu proposed the IMPACTS algorithm, whictes

change ratio between one time point to the nexe tpoint to

discretize the time series [20]. The range of dearatios are then
divided into equal-sized sections and mapped iptobsls. The
time series is converted to a discretized collectaf change
ratios. As with SAX, the user needs to define ¢hedinality of

symbols.

4.1 Clustering

Clustering is one of the most common data minirgkgabeing
useful in its own right as an exploratory tool, ado as a sub-
routine in more complex algorithms [12,15, 21].

4.1.1 Hierarchical Clustering

Comparing hierarchical clusterings is a very go@ywo compare
and contrast similarity measures, since a dendnogré sizeN

summarizes Q%) distance calculations [23]. The evaluation is
typically subjective; we simply adjudge which dista measure
appears to create the most natural groupings afdtee However,
if we know the data labels in advance we can alakenobjective
statements of the quality of the clustering. Inufgg 11 we
clustered nine time series from the Control Chatadet, three
each from thelecreasing trendipward shiftandnormal classes.
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Figure 11: A comparison of the four distance measures’ abtiit
cluster members of the Control Chart dataset. Cetagdinkage was
used as the agglomeration technique
In this case we can objectively state that SAXuisesior, since it
correctly assigns each class to its own subtreés iBhsimply a
side effect due to the smoothing effect of dimemnaiiy
reduction. More generally, we observed SAX closetymics
Euclidean distance on various datasets.

4.1.2 Partitional Clustering

Although hierarchical clustering is a good sanibeck for any
proposed distance measure, it has limited utility data mining
because of its poor scalability. The most commamegd data
mining clustering algorithm ik-means [15], so for completeness
we will consider it here. We performed k-means lmth the
original raw data, and our symbolic representatibigure 12
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Figure 12: A comparison of th&-means clustering algorithm using
SAX and the raw data. The dataset was Space Shatdmetry,
1,000 subsequences of length 512. Surprisingly kingrwith the
symbolic approximation produces better results tlvarking with the
original data

4.2 Classification

Classification of time series has attracted mudbrést from the
data mining community. The high dimensionality, thifeature
correlation, and typically high levels of noise folin time series
provide an interesting research problem [23]. Althlo special-
purpose algorithms have been proposed [25], we eulisider
only the two most common classification algorithfos brevity,

clarity of presentations and to facilitate indepamdconfirmation
of our findings.

4.2.1 Nearest Neighbor Classification

To compare different distance measures on 1-neaedghbor
classification, we used leaving-one-out cross ‘adiah. We
compare SAX with Euclidean distance, IMPACTS, SDehd
LP,. Two classic synthetic datasets are used: thend@-Bell-
Funnel (CBF) dataset has 50 instances of timesésreeach of

shows a typical run dé-means on a space telemetry dataset. Both the three clusters, and the Control Chart (CC) 1 instances

algorithms converge after 11 iterations on average.

The results here are quite unintuitive and sumpgisivorking with
an approximation of the data gives better resuit tworking
with the original data. Fortunately, a recent papéfers a
suggestion as to why this might be so. It has bsewn that
initializing the clusters centers on a low dimensépproximation
of the data can improve the quality [12], this ikatvclustering
with SAX implicitly does.

for each of the six clusters [23].

Since SAX allows dimensionality and alphabet sizeiser input,
and the IMPACTS allows variable alphabet size, wa the
experiments on different combinations of dimensiitya
reduction and alphabet size. For the other aghesmwe applied
the simple dimensionality reduction technique oipplng data
points at a fixed interval. In Figure 13, we shibw results with a
dimensionality reduction of 4 to 1.

Similar results were observed for other levels mhehsionality
reduction. Once again, SAX’s ability to beat Euehid distance is
probably due to the smoothing effect of dimensiypakduction;
nevertheless, this experiment does show the sujigridf SAX
over the other approaches proposed in the litezatur

4.2.2 Decision Tree Classification

Due to its poor scalability, Nearest Neighbor issuitable for
most data mining applications; instead, decisiergrare the most
common choice of classifier. While decision trees defined for
real data, attempting to classify time series udimg raw data
would clearly be a mistake, since the high dimemality and
noise levels would result in a deep, bushy treé pitor accuracy.
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Figure 13: A comparison of five distance measures utility fearest
neighbor classification. We tested different alpétatizes for SAX and
IMPACTS. SDA's alphabet size is fixed at 5.

In an attempt to overcome this problem, Geurts [46ygests
representing the time series as a Regression TRA¢ (this
representation is essentially the same as APCA &8 Figure
2), and training the decision tree directly on thépresentation.
The technique shows great promise.

We compared SAX to the Regression T(B&) on two datasets;
the results are in Table 5.

Dataset SAX Regression Tree
CC 3.04+ 1.64 2.78:2.11
CBF 0.97+1.41 1.14+1.02

Table 5: A comparison of SAX with the specialized
Regression Tree approach for decision tree claasidin.
Our approach used an alphabet size of 6; both aphes
used a dimensionality of 8

Note that while our results are competitive witle RT approach,
The RT representation is undoubtedly superior irmse of
interpretability [16]. Once again, our point is @iy that our
“black box” approach can be competitive with splzéal
solutions.

4.3 Query by Content (I ndexing)

The majority of work on time series data mining egpng in the
literature has addressed the problem of indexing tseries for
fast retrieval [30]. Indeed, it is in this contekiat most of the
representations enumerated in Figure 1 were inted(i7, 14, 22,
35]. Dozens of papers have introduced techniquemtmdexing
with a symbolic approach [2, 20], but without exiep, the
answer set retrieved by these techniques can hediiéerent to
the answer set that would be retrieved by the fuelidean
distance. It is only by using a lower bounding tégbe that one
can guarantee retrieving the full answer set, with false
dismissals [14].

To perform query by content, we built an index gsBAX, and
compared it to an index built using the Haar wavajgproach [7].
Since the datasets we use are large and disk-nésided the
reduced dimensionality could still be potentialighn (or at least
high enough such that the performance degenemtssquential
scan if R-tree were used [19]), we use Vector Agjnation

(VA) file as our indexing algorithm. We note, hoveeythat SAX
could also be indexed by classic string indexirghtégues such
as suffix trees.

To compare performance, we measure the percenfatjskol/Os

required in order to retrieve the one-nearest rimghto a
randomly extracted query, relative to the numberdisk 1/0Os

required for sequential scan. Since it has beasilfigrshown that
the choice of dataset can make a significant diffee in the
relative indexing ability of a representation, vested on more
than 50 datasets from the UCR Time Series DataridiAirchive.

In Figure 14 we show 4 representative examples.

0.6
05 — E oW Hear
04 B sax |
0.3
0.2
0 —
Ballbeam Chaotic Memory Winding
Dataset

Figure 14: A comparison of indexing ability of wavelets vessBAX.

The Y-axis is the percentage of the data that rhestetrieved from
disk to answer a 1-NN query of length 256, whendhmeensionality
reduction ratio is 32 to 1 for both approaches

Once again we find our representation competitiviln wxisting
approaches.

4.4 Taking Advantage of the Discrete Nature
of our Representation

In the previous sections we showed examples of foow
proposed representation can compete with real-dalue
representations and the original data. In thisieeate illustrate
examples of data mining algorithms that take eiplidvantage
of the discrete nature of our representation.

4.4.1 Detecting Novel/Surprising/Anomalous Behavior

A simple idea for detecting anomalous behaviorinmetseries is
to examine previously observed normal data anddtauiinodel of
it. Data obtained in the future can be comparethi® model and
any lack of conformity can signal an anomaly [9}. drder to
achieve this, in [24] we combined a statisticalbuisd scheme
with an efficient combinatorial approach. The st@tal scheme is
based on Markov chains and normalization. Markosirth are
used to model the “normal” behavior, which is inéer from the
previously observed data. The time- and spaceiefity of the
algorithm comes from the use of suffix tree as thain data
structure. Each node of the suffix tree represengattern. The
tree is annotated with a score obtained compahiagstipport of a
pattern observed in the new data with the supgatnded in the
Markov model. This apparently simple strategy tums to be
very effective in discovering surprising patterts.the original

work we use a simple symbolic approach, similatiMBACTS

[20]; here we revisit the work using SAX.

For completeness, we will compare SAX to two higtdferenced
anomaly detection algorithms that are defined oal ralued
representations, the TSA-tree Wavelet based approfiShahabi
et al. [31] and the Immunology (IMM) inspired wook Dasgupta
and Forrest [9]. We also include the Markov techeicqusing
IMPACTS and SDA in order to discover how much of th
difference can be attributed directly to the repreation. Figure
15 contains an experiment comparing all 5 techréque
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Figure 15: A comparison of five anomaly detection algorithamsthe
same taskl) The training data, a slightly noisy sine wave afdth
1,000.11) The time series to be examined for anomaliesigisy sine
wave that was created with the same parameterdhedraining
sequence, then an assortment of anomalies weinted at time
periods 250, 500 and 7501) andl111) The Markov Model technique
using the IMPACTS and SDA representation did neady discover
the anomalies, and reported some false alavth3he IMM anomaly
detection algorithm appears to have discovereditsieanomaly, but
it also reported many false alarmél) The TSA-Tree approach is
unable to detect the anomaliegll) The Markov model-based
technigue using SAX clearly finds the anomalieghwio false alarms

The results on this simple experiment are impressdince suffix
trees and Markov models can be used only on desdata, this
offers a motivation for our symbolic approach.

4.4.2 Motif discovery

It is well understood in bioinformatics that overesented DNA
sequences often have biological significance [3, 28]. A

substantial body of literature has been devotetethniques to
discover such patterns [17, 32, 33]. In a previousk, we

defined the related concept of “time series mof#6]. Time

series motifs are close analogues of their discieasins,
although the definitions must be augmented to prevertain

degenerate solutions. The naive algorithm to discthe motifs is
quadratic in the length of the time series. In [26¢ demonstrated
a simple technique to mitigate the quadratic cowipldy a large
constant factor; nevertheless, this time complexyclearly

untenable for most real datasets.

The symbolic nature of SAX offers a unique oppoitjuto avail

of the wealth of bioinformatics research in thisar In particular,
recent work by Tompa and Buhler holds great prorf3sd. The

authors show that many previously unsolvable mdisicovery

problems can be solved by hashing subsequencesbirdkets
using a random subset of their features as a key doing some
post-processing search on the hash butkédteey call their
algorithm RROJECTION

We carefully reimplemented the random projectiogoathm of
Tompa and Buhler, making minor changes in the postessing
step to allow for the fact that although we arehivag random
projections of our symbolic representation, we alfyjuwish to
discover motifs defined on the original raw dataFigure 16

Lof course, this description greatly understatesctirgributions of this
work. We urge the reader to consult the origingdgra

shows an example of a motif discovered in an inthistiataset
[5] using this technique.
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Figure 16: Above, a motif discovered in a complex datasethsy

modified RROJECTIONalgorithm. Below, the motif is best visualized

by aligning the two subsequences and “zoomingTheé similarity of

the two subsequences is striking, and hints atpeeed regularity
Apart from the attractive scalability of the algbrm, there is
another important advantage over other approachise
ProJECTION algorithm is able to discover motifs even in the
presence of noise. Our extension of the algorithimerits this
robustness to noise.

5. CONCLUS ONSAND FUTURE DIRECTIONS

In this work we introduced the first dimensionalitgduction,
lower bounding, streaming symbolic approach in literature.
We have shown that our representation is competitiith, or
superior to, other representations on a wide waoétclassic data
mining problems, and that its discrete nature ala, to tackle
emerging tasks such as anomaly detection and distibvery.

A host of future directions suggest themselvesaddition to use
with streaming algorithms, there is an enormousltives useful
definitions, algorithms and data structures in Hi@informatics
literature that can be exploited by our represémal3, 13, 17,
28, 29, 32, 33]. It may be possible to create aelolounding
approximation of Dynamic Time Warping [6], by sligh
modifying the classic string edit distance. Finallyere may be
utility in extending our work to multidimensionairte series [34].
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