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Abstract

In this paper we present theandmark Model , a model for
time series that yields new techniques for similarity-lohse
time series pattern querying. Th@&ndmark Model does
not follow traditional similarity models that rely on point
wise Euclidean distance. Instead, it leadsLl@andmark
Similarity , a general model of similarity that is consistent
with human intuition and episodic memory.

most similarity models this is too expensive in practice. In
stead, features with good properties are extracted from the
raw data to form feature sets, which then can be compared
for similarity. Each feature set is used to represent a porti

of the original time series. Then feature sets are indexed
and stored based on multi-dimensional indexing structures
For example, the pioneering work by Agrawal et al[1] and
Faloutsos et al[10] uses Euclidean distance as the similar-
ity model, the coefficients of the moving-window Discrete

By tracking different specific subsets of features of land- Fourier Transform (DFT) as the data representation, and an

marks, we can efficiently compute differdrandmark

Similarity measures that are invariant under correspond-
ing subsets of six transformations; namely, Shifting, Uni-
form Amplitude Scaling, Uniform Time Scaling, Uniform
Bi-scaling, Time Warping and Non-uniform Amplitude Scal-
ing. A method of identifying features that are invariant un-

R*-tree as the index structure.

The similarity model has been extended in many differ-
ent directions: taking time warping into account [4, 15, 14,
17]; allowing amplitude shifting [9, 15, 7]; allowing time
series segments of different amplitude scales to be similar
[9, 2, 8, 7]. Some work also takes smoothing or noise re-

der these transformations is proposed. We also discuss anoval into account. Rafiel et al[14] proposed a similarity

generalized approach for removing noise from raw time se-

measurement based on moving averages. Agrawal et al[2]

ries without smoothing out the peaks and bottoms. Besidesyggested eliminating gaps before time series segments are

these new capabilities, our experiments show tteid-
mark Indexing is considerably fast.

1. Introduction

compared.

Even the simplest similarity measures are often too ex-
pensive to apply on raw data. The situation grows worse
as the similarity model is made invariant under transfor-
mations to the data (see Section 2.3). Assuming the to-
tal length of the time series in a databaséVisthe search

Time series data is ubiquitous in science, engineeringSPace i¥)(\V) for fixed-length pattern querying ari( N'*)
and business. Recently there has been a surge of interedpr variable-length pattern querying. With a linear time
in managing this kind of data, and in processing similarity- comparison algorithm, the overall time complexity can be
based queries in time series databases. Data mining an@(V?) and O(N*) respectively. For example, [4] uses
knowledge discovery in time series databases[11] have als@! algorithm withO(N*) time complexity to handle time

enjoyed this interest.

Research in similarity-based pattern querying can be

classified by three criteria: the similarity model, the data
representation, and the index structure.

the similarity of two time series is directly computabler fo

*Currently with Candle Corp., El Segundo, CA 90245

The similarity
model defines the semantics of pattern queries. Although

warping. Real time series databases are not queryable with-

out a sub-linear time algorithm. So various feature extrac-
tion methods have been proposed in order to provide an ‘in-
dexable’ search space. The majority of these [10, 1, 9, 14, 7]
use a few DFT coefficients for each time window. Wavelet

coefficients are used in [5]. Shatkay [15] suggested break-
ing sequences into meaningful subsequences and represent-
ing them using real-valued functions.
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Figure 1. Instances of Double Bottonpattern. These charts are found by our prototype.

Given a good data representation, the final issue is how toevery real measurement. Humans usually perceive similar-
choose an indexing structure with good performance. Theity of patterns with an implicit smoothing procedure. Most
R-tree,R*-tree, R*-tree and simple inverted files are com- chart readers have long known that every pattern is only rec-
mon choices. ognizable on certain time scales. In charts with long time

Although previous work has generalized the similarity scales, small fluctuations are treated as noise. Smoothing i
model in different directions, there is no apparent way to an essential issue in defining patterns. Most previous work
unify all this work under a generalized similarity model. does not take smoothing as an integral part of the process of

The above arguments can be illustrated by the following pattern definition, index construction, and query progessi
brief example: Figure 1 show some instances of the doublelnstead, this work tends to apply smoothing techniques first
bottom pattern. Humans can spot the resemblance betweeand then build an index on the result. But commonly-used
these charts almost immediately, which means these chartsmoothing techniques, such as various kinds of moving av-
are similar to some degree although they are noisy and haveerages, either lag or miss the important peaks and bottoms
different levels, scales, and time spans. To our best knowl-Peaks and bottoms are generally very significant, and have
edge, currently there is no technique that can efficientty su meaning. Smoothing or removing them can lead to a con-
port pattern querying using the similarity model impligiti ~ Siderable loss of information. Also, the parameters used in
these charts. current smoothing techniques often lack clear meaning.

We also question the adequacy of using Euclidean dis- In this paper, we propose a new technique called the
tance as a similarity measurement. From previous researci-andmark Model . Its underlying similarity model.and-
it has become clear that ordinary Euclidean distance is amark Similarity , is consistent with human intuition and

poor similarity measurement. Its inadequacies are hard toepisodic memory.Landmark Similarity is defined in a
enumerate, but for example: way that a variety of similarity measurements — each in-

variant under (i.e., insensitive to, oblivious of) a subskt
1. Euclidean distance works only on same-length seg-six basic transformations on time series — can be selected
ments. Even a small difference in length requires op- by users. To accomplish this efficiently we also propose
erations like interpolation in order to align time series a new data representation method, a procedure to find a
segments. Rafiei and Mendelzon [14] have also ad- minimal feature set for any non-degenerate subset of these
dressed this issue. transformations. A smoothing technique that can be param-
eterized intuitively is also introduced. Then we reduce the
2. Euclidean distance can be strongly influenced by scaleindexing problem to a string indexing problem.
(amplitude): similarity in a lower range can be over-
whelmed by mild subsequent dissimilarity in a higher
range. By contrast, similarity among volatile time se-
ries sometimes can be relatively insensitive to scale.
This is exemp”ﬁed by Figure 1, and particularly by In most preViOUS Work, S|m|lar|ty models and data mod-
recent stock market trends: Since the Second half Ofels are diﬁerent. It iS then important to establish a connec

1997, many Internet-related US stocks have followed tion between the two. For example, the Parseval theorem
similar wild growth patterns. relates point-wise Euclidean similarity with a Fourier se-

2. Similarity model and data representation

. . 1The smoothness of a curve is measured by the frequency atidine
Beside these drawbacks, the presenceai$ealso af- changes. So removing major peaks and bottoms is not negessan

fects the similarity significantly. Noise accompanies adino  smoothing a curve.



ries model. This separation also makes completeness (no ~
false dismissals) and soundness (no false alarms) two seri- -
ous issues in pattern querying. Soundness can be guaran-
teed by checking the original data. Completeness is often
more difficult, because when a search through indices fails, -=
there may be no way to avoid scanning the whole database.
A common strategy is to relax error tolerance and allow
more false alarms in order to reduce or eliminate false dis- **[
missals. Eventually, both completeness and soundness grow -. j/
into performance problems.

This separation between data model and similarity model
is not necessary. In this section, we introduce the concept -
of the Landmark Model, which is both a similarity and a
data model.
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Figure 2. Cisco stock price from 6/1/1998 to
11/30/1998. The original time series, and the
2.1. Landmark concept two time series reconstructed from first-order
landmarks and from 4 DFT coefficients.
Researchers in Psychology and Cognitive Science have
amassed considerable evidence that human and animals de-
pend onlandmarks in organizing their spatial memory [6].
Research intepisodic memorhas also produced results
for organizing memory around ‘landmark events’ [12, 3].
This all conforms to our daily experience. If one is asked
to look at Figure 1(a) for a short period and then duplicate
the chart, a relatively successful strategy is to memokiee t

positions of the turning points and reconnect them. TheseWas resolved easily. As shown in Table 1, even for IBM

turning points serve as the landmarks in their charts. The S
g S stock (which is supposed to be comparably more stable than
success of this strategy also implies that humans, to some

extent, consider two charts similar if their turning poiate other stocks)} 384 points out of2854 — almost half of the

o records — are either local minima or maxima. Also, the
similar and the rest of the charts are curves that connect the . . .
turning points normalized error (Appendix B) is reasonably small when

Extrem ints al re significant to chart readers. Tak the curve is reconstructed from the landmarks. So, for the
. €Mme points aiso are sighincant to chart readers. 1ak- o o of g paper, we restrict discussion to only “first-erd
ing stock prices as an example, every trader would wish

he/she had bought (covered) at every local minimum soldIandmarks“ (although in other applications different land
. ; . marks might be more useful).

(shorted) at every local maximum, and otherwise did little. A somge hat surorisin 2‘act about landmarks is that
The curves between the extreme points are indifferent to theth mor vWI il f:hp Itirlng i thu | anifi Int th
maximal potential profit or the optimal trading strategy. 1€ more volalle the fime Series, the 1ess sighiiicant the

Based on this observation, we define Landmarks in timehlgher-order Iapdmarks. Only slowly changing time series,
series to be those points (times, events) of greatest impor-'r! which the distances between extrema are ang, require
tance. The gist of theLandmark Model is to use land- higher-order landmarks for accurate reconstruction.
marks instead of the raw data for processing. Different G|:/entadsbequence OI Iarf]dmallrksl, th(jefcur\ig canlbeAre—
landmarks arise in different application domains, andrthei conz_ru;e yhsegrrr:en S{ ot rea —vta u? " unctions. f N Ap-
definition can range from simple predicates (for example, pendix A, erl N gw EW IS' recogs r#c IThe sganes roma
local maxima, local minima, inflection points, etc.) to more sequtencte 8 fan rlnards. Ilgured SF?I'WSN te tw]?tsheneDsFrl'e-
sophisticated constructs. Since most important points pos constructed from fandmarks an - Note that the

sess some mathematical properties, a more generic way | ses only 4 coefficients to represent the window of length

to categorize them mathematically. We call a pointatin 128 we have chqsgn. In a time series of lengffthere are
order landmark of a curve if the-th order derivative i9 on roughly 4n coefficients to be processed because the DFT

the point. So local maxima and minima are first-order land- h?stto Ee 'pegg:n;(e)g Qndever)r/] tra|I|rt1r? window. Our ?Udyf
marks, and inflection points are second-order landmarks. IO SdOC Sk'r.] | th |n2 exs 3\;\'3 itz;l]vetr'age r:)%m ero
The decision as to which kinds of points can be land- andmarks is less thas/2, regardiess of the time span

marks amounts to a tradeoff bEtWFj'en two extremes. The  21hesy, DFT coefficients ana:/2 landmarks are not the actual amount
more different types of landmarks in use, the more accu- of information that needs to be stored.

rately a time series will be represented, and hence the more
detail patterns are defined. However, using fewer landmarks
will result in smaller index trees. The decision about where
to balance this tradeoff should be based on the nature of the
data.

In our empirical study in stock market data, this decision




days) and regards @% gain or loss as significant, then
MDPP(OP) he/she simply uses MDPR,(5%) to smooth the data. This
0D and BV E<P approach ensures that no price movement larger ifiais
smoothed out.

(x1y1)

In contrast, the DFT does not scale as well as the MDPP.
Figure 5 shows the error generated from DFT and MDPP.
This is a fair comparison because the DFT must be per-
Figure 3. Minimal Distance/Percentage Prin- formed on every trailing window (assuming the DFT is per-
ciple formed on all elements in a sliding fixed-size window).

The Landmark Model has another desirable property
that all the peaks (local maxima) and bottoms (local min-
ima) are preserved, while they are typically filtered out by
both the DFT and DWT (being captured in coefficients of
higher frequencies), as shown in Figure 2.

2.2. Smoothing

Real world data are usually noisy. Even for the most typ-
ical pattern like Figure 1, one cannot expect smooth transi-

tions from each major landmark (for example, the two bot- ao

toms and the local maximum between them) to the next. © =20 4o 6o 80 100120140
Low-pass filters like the DFT and moving averages are often (a) Varying the MDPP distance parameter
introduced to eliminate noise in these transitions. Moving 85 Sriginal Hata :
averages, like the DFT, tend to smooth out peaks and bot- s0 MBERSZ:8:9R T, A
toms along with noise. Moving averages are also known to s i
belagging indicatorswhich have a phase delay comparing —o |

to the original data.

While there are infinitely many possible ways to es )
classify landmarks, we introduce th&linimal Dis- so 7
tance/Percentage Principle (MDPP)MDPP is a smooth- 55 .
ing process that can be implemented as a linear time al- 50 .
gorithm. It is defined as follows: Given a sequence of s i
landmarkgz1, 1), -, (Tn, yn), @ Minimal distanc® and "o
a minimal percentagd’, remove landmarksz;,y;) and O =20 40 60 8O0 100 120 140
(Tit1,Yit) If (b) Varying the MDPP percentage parameter

Tip1 —T; < D andM < P. Figure 4. Sensitivity of the Minimal Distance/
(il + lyiral) /2 Percentage Principle.

We useMDPP(D, P) to represent this process.

Figure 3 illustrates how MDPP works. Figure 4 shows
the effect of MDPP while using different distances and per- - - . .
centages. Table 1 shows how the parameters affect the A difficult decision to make with the DFT approach is
number of remaining landmarks and the normalized error. which window size to choose. In contrast, MDPP is almost

The real power of tha.andmark Model and MDPP can invariant of 'Fhe window size. .In fac't, neither raw landmarks
be illustrated by the last cell in Table 1. We can us&% nor MD'.DP is based on moving windows, S0 the length of
(52/2854) of the original points to represent the whole time time series has very little effect on the quality of thend-
series with only5.1% normalized error. This is not a spe- mark Model.
cial case. Our studies on financial data shows almost every The MDPP preserves the offsets of each landmark. It is
stock with sufficiently long history gives similar results. possible to design different smoothing methods that remove
The parameters of MDPP have intuitive meaning. For the ‘noisy’ segments and support a similarity model similar
example, if a stock trader trades once a week (5 businesgo the one introduced by Agrawal et al[2].



D/P 2% 4% 6% 8% 10% 12% 14% 16% 18%

2 612/1.5% | 526/1.7% | 516/1.8% | 516/1.8% | 512/1.8% | 512/1.8% | 512/1.8% | 512/1.8% | 512/1.8%
4 414/2% | 244/2.5% | 220/2.6% | 206/2.7% | 204/2.7% | 204/2.7% | 204/2.7% | 204/2.7% | 202/2.7%
6 410/2.0% | 194/2.9% | 158/3.0% | 136/3.2% | 132/3.2% | 130/3.2% | 128/3.2% | 128/3.2% | 126/3.2%
8 410/2.0% | 178/3.2% | 136/3.5% | 110/3.7% | 102/3.9% | 96/4% 94/4% 94/4% 94/4%
10 410/2.0% | 174/3.3% | 126/3.6% | 102/3.9% | 88/4.3% | 84/4.3% | 82/4.3% | 82/4.3% | 82/4.3%
12 410/2.0% | 174/3.3% | 126/3.6% | 102/3.9% | 82/4.4% | 76/4.4% | 74/4.4% | 74/4.4% | 74/4.4%
14 410/2.0% | 172/3.3% | 122/3.8% | 98/4.1% | 78/4.6% | 68/4.8% | 66/4.7% | 66/4.7% | 66/4.7%
16 410/2.0% | 166/3.4% | 116/4% 90/4.3% | 70/4.8% 60/5% 58/4.9% | 58/4.9% | 58/4.9%
18 410/2.0% | 166/3.4% | 114/4.0% | 86/4.5% 64/5% 54/5.2% | 52/5.1% | 52/5.1% | 52/5.1%

Table 1. The number of remaining landmarks and the normalize

different minimal distances(D) and minimal percentages(P

prices of IBM. The number of raw landmarks is 1384. For exampl
612 and the normalized error is

number of remaining landmarks is
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Figure 5. Normalized error generated by the
MDPP and DFT. DFT(k) is the time series re-
constructed from £ coefficients. The data
used here reflects different time series win-
dow lengths for the daily Dow Jones Indus-
trial Average ending on 4/23/1999.

2.3. Transformations

A similarity measure isinvariant under a family of

ters similarity. As previously mentioned, the more trans-
formations included in a similarity model, the more power-
ful the similarity model. Most related work has considered
two or three transformations. In this paper, we consider six
Given an univariate time series assumef(t) is a contin-

functionals:

These transformations can be composed to form new
transformations. The composition order is flexible, in the

d error generated by MDPP with
). The original data contains 2854 closing
e, after applying MDPP(2,2%), the
1.5%.

. Shifting

SHy(f)suchthatSHy (f(t)) = f(t) + k wherek is a
constant.

. Uniform Amplitude Scaling

UASk(f) such thaty AS,(f(t)) = k f(t) wherek is
a constant.

. Uniform Time Scaling

UTSk(f) such that/ TS, (f(t)) = f(kt) wherek is
a positive constant.

. Uniform Bi-scaling

UBS;(f) suchthalU BS,(f(t)) = k f(t/k) wherek
is a positive constant.

Time Warping (or Non-uniform Time Scaling)
TW,(f) such thatT W, (f(t)) = f(g(t)) whereg is
positive and monotonically increasing.

Non-uniform Amplitude Scaling
NAS,(f) such thatNAS,(f(t))

= ¢(t) where for
everyt, g'(t) = 0 if and only if f'(t) = 0.

sense that for any two transformatiofis andG ,,, there ex-
ist alternativeu’ andv’ such thatF, o G, = G, o Fy.

The

composition is also idempotent, in the sense that for

any transformatiort’ and parameters andv, there exists
transformations if applying them to time series never al- a pa

rameter such thatt,, = F, o F,. With these two

properties, we can use basic transformations to represent a
composite transformation.

The purpose of introducing these transformations is not
actually to perform them, but instead to extend the seman-

tics of similarity to ‘ignore’ them. For example, time sesie
uous function obtained by interpolating between the points segmentsf; (¢) and f»(t) are similar (actually: identical)
in s. The transformations are each defined as a family of moduloShiftingif there exist a constarit such that for all
t in the domainf, (t) = f2(t) + k. Putting it another way,
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Figure 6. The six transformations inthe  Landmark Model

the set of functions that are similar modulo Shiftingris

variantunder Shifting transformations. There is no need to (i)~ (-l )| -
{ R e IR TY

(er—2e_1[+HTe,—a],_,1)/2

find a specific value for a constahtor functiong in the gtime (L [y =

definitions above. In Section 3 we will show that not every 0 otherwise
composition is meaningful. . ’ 0 if g =y,

C o, C(L, L") = lyr—y).| otherwise
2.4. Landmark similarity el +Ty.1)/2

The error tolerance in most similarity models is a single The distance between the two sequences is

va}luee that.|s cpmputed from pointwise d_n‘ferences in am- A(L, L') = (|8t (L, L) |, | 9P (L, L') |) = (87, game)

plitude. This simple error measurement is no longer suffi-

cient when transformations like Uniform Time Scaling and where| - | is a vector norm, viewing botff’™ (L, L') and

Uniform Bi-scaling are taken into account. In thand- demP (L, L") asn-vectors. The max norfd | . = maxy dy,

mark Model, drift on the time axis also can be significant. often works well on financial time series.

Furthermore, the scales on the amplitude-axis and time- .

axis are incomparable, which means the 2-dimensional Eu- Abusing language, we uge= (5""¢, ") to denote

clidean distance is meaningless. Hence we must generalizéhe distance between two time series segments when the pa-

the dissimilarity measurement. rameters are clear from context. We def{ia&™e, §4m») <
(ytime}élamp) if 6time S 6Itime andgame S §lamp.

Definition 1 Given two sequences of landmarks =

(Ly,---,Lp)yandL’ = (L}, ---, L) whereL; = (x;,y;) Lemma 1 The landmark distance function satisfies the tri-
andL; = (z},y}), the distance between tlteth landmarks  angle inequality. That is, for any landmark sequenges
is defined by L'yand L", A(L, L") < A(L,L") + A(L',L"). Given

A(L, L") = (6tme(L, L"), 6, (L, L")) where fixed MDPP parameters, since each time series segment is



mapped to a unique sequence of landmarks, the inequality3. Data representation

property also applies.

With this dissimilarity measurement, we now can define
the similarity in theLandmark Model .

Definition 2 A landmark similarity relationis a binary re-
lation on time series segments defined by a 5-tigleS =
(D, P,T,etme_eamp) where D and P are MDPP pa-
rameters, T is a set of basic transformations!™¢ is
an error tolerance on the time-axis and™? is an er-
ror tolerance on the amplitude-axis. Given two time se-
ries segments; and s», let L; and L, be the land-
mark sequences afte¥/ DPP(D, P) smoothing. Then
(s1,s2) € LMS if and only if |L] |L,| and
there exist two parameterized transformatiofis and
Ty of T' such thatd"™¢(Ty(L1),Tz(L2)) < €™ and
0*™P(Ty (L), To(La)) < €*™P,

Figure 7 illustrates the operational structure of landmark
similarity.

<

TR

Extract Raw Landmarks l

Smooth with MDPP

Apply Transformation

Compare

S
5

Figure 7. The operational structure of Land-
mark similarity. In comparing two time se-
ries segments s; and s, we first extract land-
marks and apply MDPP on the raw landmarks.
The dissimilarity of the two time series seg-
ments is the minimal distance error between
the landmark sequences under the given set
of transformations.

Up to this point, we have used only simple coordinates
of landmarks in modeling time series. But a sequence of
landmarks denoted by coordinates represents only a partic-
ular time series segment. The similarity we seek is to treat
a family of time series segments as equivalent under the six
transformations we introduced. The solution we propose is
to use various features of landmarks that are invariantiunde
the transformations to represent time series.

Given a sequence of landmarks,,---, L, where
L; = (z;,y;), we can define as many features as pos-
sible. In this paper, we use a small feature set=
{y, h,v, hr,vr,vhr, pv}® for demonstration purposes, de-
fined by:

hri; = hip /b
pU; = 0; [Yi.

hi =2 —zi
vr = vig1 /v

Vi =Yi —Yi
vhr; = v;/h;

All these features are generated from the coordinates of
landmarks, but each has different characteristics. Ingart
ular, every feature is invariant under some time seriesstran
formations. Table 2 indicates which features are invariant
under each transformation:

The invariant feature set of a composite transformation
is the intersection of the invariant feature sets of its comp
nents.

By observing the invariant sets, it is easy to see that not
every composition of these transformations is meaningful.
Time series might bever-transformedand the similarity
relation become a complete relation (in which each seg-
ment is similar to all others) if the time series segments are
long enough. This happens when the transformation has
an empty invariant feature set. For example, under Time
Warping and Non-uniform Amplitude Scaling of a time se-
ries, segments can be transformed to any shape if they are
sufficiently long that the intersection of their invariaet s
empty.

On the other hand, one basic transformation can be sub-
sumed by another transformation. For example, Uniform
Time Scaling is subsumed by Time Warping. A composite
transformation that contains botfirSand TW s identical
to the transformation withoutTSas a component.

A family of time series can be reconstructed from the
values of features. Assumgé = {F' F? ... F"}is a
feature set. Given a multivariate sequerce- /1, ---, 4,
wherel; = {F},---, F"}, we define the quotient function
© such that

o(L) {time series segment the landmarks of

have the same feature valuelas

3z is used only when a user requires a pattern to appear atrceffsét.
We found this happened only rarely, sads not included in feature list.



| ||y|h|v|hr|vr|vhr|pv|

Shifting (SH) e | o | o ° °
Uniform Amplitude Scaling (UAS) . o« | o .
Uniform Time Scaling (UTS) . o o | o .
Uniform Bi-scaling (UBS) o | o . .
Time Warping (TW) . . o o
Non-uniform Amplitude Scaling (NAS . .
Table 2. Invariants of transformations
Abusing language slightly, we I8 (F’) denote the fam- A
ily of time series segments defined by values in the feature - (1+dph 5
setF of a sequence of landmarks whereL is clear from '
context. By observing the dependency relation, we have the &, : (1-dt)h
following lemma. 3 : %
= : - —
Lemma 2 If F'is a set of features, and)' denotes disjoint = : : |5
union: s : : < |8
X ' o |
1. O(FU{y,v}) = O(F U{y}) ; i | e =
2. O(FU{h,hr}) = O(F U {h}) —
3. O(F U {v,vr}) = O(F U {v}) Lia Li Time
4. O(F U {vhr,y,h}) =O(FU{y,h . . )
( {vhr.y. h}) ( .1 Figure 8. Possible range of a landmark with
5. O(F U {vhr, h,v}) = O(F U {h,v}) error tolerance (¢/™¢, ¢*™?) (denoted (dt,da)
6. O(F U {pv.y}) = O(F U {y}) In the figure).

The above lemma should be interpreted as a set of rewrite
rules that reduces the number of features. Having fewer
features to extract and manipulate leads to more efficient  Qur approach is to adapt spatial indexing structures for
execution. query processing. A major difference between tempo-
ral data sequences and strings is that strings have a well-
defined, fixed alphabet. So, we “construct” an alphabet to
translate landmark sequences to strings. Indexing multi-
dimensional spatial object sequences (in this case, land-
mark sequences) is still a rarely discussed topic. For this
purpose, we propose the*-Tree [16], an index structure
Given a error tolerancé!i¢ ¢4™P) the range of the for subsequence matching of spatial objects. Due to space
values of an invarianf is bounded, as shown in Figure 8. limitations, we cannot explain the structure $f-Tree in
We usef~ and f* to denote the lower bound and upper detail, but very briefly: theS?-Tree is a combination of
bound off respectively. Table 3 shows the lower and upper two tree structures: (i) the X-tree, which provides a clus-

Example 1 A user chooses to construct a landmark set
under Shifting, Uniform Time Scaling and Time Warping.
The feature set i$h, v, hr,vr,vhr} N {y, v, hr,vr,pv} N
{y,v,vr,pv} = {v,vr}. By Lemma 2, we can use oHly}

as the feature set.

bounds of the features discussed in this paper. tering method of spatial objects. Ti$&-Tree converts the
These lower and upper bounds can be simplified if the spatial objects into binary encodings according to cluster
amplitudes of time series elements are always positive. ing. A partial order in the binary encodings reveals relatio
ships among the original spatial objects. (ii) The suffietre
4. Querying landmark sequences which implements subsequence matching on sequences of

the binary encodings.

Unlike other set-oriented data representations, land- A dominant factor in query processing performance is
marks are sequential. Based on this fact, landmark se-the size of the index. In Figure 9, we show the results of
guences are more like strings than multi-dimensional ob- some experiments. The data for experiment is the 10-year
jects. Consequently, string indexing techniques are moreclosing price of stocks in the Standard & Poor 500 index.
suitable than R-tree-like structures. We use the Java ‘float’ type for prices, so each occupies 4



| /| LowerBound | Upper Bound
Yi y; =min((1—e"P)y;, (14 €*"P)y;) yi = maz((1—"P)y;, (1 + €""P)y;)
h, h: = (1 — Eti’me)hi hj— = (1 + Ef’imﬁ)hi
vi v =y vi =Y Y
hr; hr; = h;+1/h?' hr?‘ = h?;_l/h;
uT; or; = min(vi;] [v;, 7)111 /7);,7)1.;] /7)?, U;f,r] /7)?) w;“ = max(vi;] /7);,7)111 [v;, Vi /Uf, 7)111 /7)?)
vhr; | vhr; = min(v;/h;,v;/h?) Uhr;r = max(v;r/h;,vj/hf)
poi | po; = min(v] [y v fyi v [y v Jui) po; = max(v [yl 0 [y; v [y o [yi)
Table 3. The lower and upper bounds of features
bytes. by comparing features that are invariant under these trans-

formations. The flexibility of this model stands in contrast
with the rigidness of similarity models that ignore artiéici
A transformations and/or a limited number of transformation
1 For example, DFT-based techniques permit similarity com-
1 parison modulo Shifting (by ignoring th@th coefficient)
1 and Uniform Amplitude Scaling (by storing normalized co-
1 efficients instead of their absolute values). However, it is
1 generally not easy for DFT-based techniques to incoperate
1 the other four transformations discussed in this paper.
o We have proposed a two-dimensional dissimilarity mea-
I surement function that considers time drift and amplitude
o 0200 Y=y 8001'00(”1200 differ.ence. separately. The relation. between error tolezan
# Of records in database (x1000) and invariant features is also designed so that users only
need to work on setting the value of the error tolerance with-
Figure 9. Index size vs. database size out being distracted by the choice of invariants.
Summarizing, we feel theandmark Model is intuitive
in several ways. First, it is designed so that every parame-
5. Conclusion ter and error tolerance has an intuitive meaning. The sim-
ilarity model is defined relative to transformations which
capture six natural ways that people feel two time series

a new model for similarity-based pattern querying in time ‘Match’. Finally, theLandmark Model does not require
series databases. Thandmark Model integrates similar- ~ SOME certain assumptions, such as that several Discrete
ity measurement, data representation and smoothing techFourier Transform coefficients is a good model for time se-
niques in a single framework. Conceptually, the model is €S segments, or that similarity based on Euclidean digtan
based on the fact that people recognize patterns in chartdS réasonable.

by identifying important points. The idea of using land-

marks also turns out to have good mathematical propertiesReferences

Furthermore, landmarks can represent time series more ac-

curately with less information. In contrast, DFT-basedhtec [1] R.Agrawal, C. Faloutsos, and A. N. Swami. Efficient simi-

Index Size (Mega bytes)

In this paper, we have proposed thendmark Model,

nigues require computing low-frequency coefficients for ev larity search in sequence databases=@DO, 1993.

ery sliding window, which can result in longer processing [2] R. Agrawal, K.-I. Lin, H. S. Sawhney, and K. Shim. Fast

time. similarity search in the presence of noise, scaling, antstra
We have introduced the Minimal Distance/Percentage lation in time-series databases. VhDB, 1995. o

Principle (MDPP) as a smoothing method for thend- [3] G. A.M. What memory is for. Behavioral and Brain Sci-

ences20(1), 1997.
[4] D. J. Berndt and J. Clifford. Finding patterns in time se-
ries: A dynamic programming approach. Audvances in
putable. Knowledge Discovery and Data Miningages 229—248.
The Landmark Model supports a very general similar- MIT Press, 1996.
ity model that permits similarity comparison modulo six  [5] K.-P. Chan and A.-C. Fu. Efficient time series matching by
very natural transformations of time series. This is done wavelets. INCDE, 1999.

mark Model. The MDPP parameters are intuitive. We
have shown that the MDPP is scalable and linear-time com-



[6] K. Cheng and M. Spetch. Mechanisms of landmark use in to interpolate between two landmarks. Since landmarks are
mammals and birds. In S. Healy, editBpatial Representa- extreme points, we have the curve
tion in Animals Oxford University Press, 1998.
[7] K. K. W. Chu and M. H. Wong. Fast time-series searching fl@)=y1 flze)=ya f'(zr1)=0 f'(z2)=0
with scaling and shifting. iPODS 1999.
[8] G.Das, D.Gunopulos, and H. Mannila. Finding similargim To obtain the coefficients, let
series. INPKDD, 1997.
[9] D.Q.Goldin and P. Kanellakis. On similarity queries for

time-series data: Constraint specification and implementa 2 T @ 1
tion. In International Conference on the Principles and a Y1
Practice of Constraint Programming 995. z2®  19? mp 1 b Yo
[10] C. Faloutsos, M. Ranganathan, and Y. Manolopoulost Fas X = 9 C= c Y = 0
subsequence matching in time-series databasesSI®Ga 3y 2z, 1.0 d 0
MOD, 1994. . . 322 2z 1 0 '
[11] U. M. Fayyad, G. Piatetsky-Shapiro, P. Smyth, and Rudth
rusamy, editors. Advances in Knowledge Discovery and 5nd solveX(C = V. We obtain
Data Mining MIT Press, 1996.
[12] M. Humphreys, J. Wiles, and S. Dennis. Toward a theory - 9 Y2 — Y1
of human memory: Data structures and access processes. o o3 + 310 2,2 — 2,3 — 334 102

Behavioral and Brain Science$7(4), 1994.
[13] D. S. Parker, E. Simon, and P. Valduriez. Svp: A model S 5 S
capturing sets, lists, streams, and parallelismvdry Large T2” + 31 217 — 117 — 3y Tp
Data Bases (VLDB) Conferenc£992. ¢ = _6 z1 (Yo — Y1) 2
[14] D. Rafiei and A. O. Mendelzon. Similarity-based quefias T T3 + 32012 — 743 — 31 302
time series data. IBIGMOD, 1997.
[15] H. Shatkay and S. B. Zdonik. Approximate queriesandrep J = - .
resentations for large data sequencedCIDE, 1996. T2® + 312 w17 — 1 — 3w1 17
[16] H. Wang and C.-S. Perng. Th& — tree: An index struc-
ture for subsequence matching of spatial objects. Techni- B. Normalized error
cal Report 990050, University of California, Los Angeles,
Computer Science Department, 1999.
[17] B.-K.Yi, H. Jagadish, and C. Faloutsos. Efficient mt&l of

(y2 —y1) (w2 + 1)

PR

~21%ys + 311%ys T2 + Y1 12 — 3y; 11 17

Definition 3 Given two sequences of length X =

similar time sequences under time warping)@DE, 1098.  (Zi>**»#n) @NAY = (y;,---,yn), thenormalized dis-
] tance function A is defined by:
Appendix
The concepts introduced in this appendix are not needed in AX,)Y)=— Z |T71/|2
query processing. Instead, they only serve for demonstrat- n = (@i +yi)/

ing the quality of the landmark model. The similarity model The normalized distance function has three important
and the data representation introduced in this paper are mu- L P
tually dependent, i.e. the original time series are idehtiz properties:

their landmark representations if measured in the landmark 1 symmetric:A(X,Y) = A(Y, X).

similarity model. To avoid this self-reference in showing

the accuracy of the landmark model, it is necessary to pro- 2. Invariable to amplitude scale: A(X,Y) =
vide a way to reconstruct a time series from its landmark A(kX,kY) wherek # 0, kX = (kz;,- -, kz,) and
representation (like inverting the DFT from a few coeffi- kY = (kyi. -, kyn).

cients). However, we again need a good point-wise similar-
ity measurement. As remarked in Section 1, the Euclidean
distance has many undesirable properties, so we propose a
new similarity measurement.

3. Non-accumulative: Assumeis the concatenation op-
erator, X1, X»,Y; and Y, are landmark sequences
where|X;| = |Y1| and | Xy| = |3, thenA(X;
XQ,Yl ] YQ) S m,(l."L‘(A(Xl,Yl),A(XQ,YQ)).

A. Reconstructing time teries tegments from
landmarks

Given two first-order landmarkée,, y1) and (z2, y2),
we use a cubic function

f(z) =ar® +b2® + cx +d



