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Abstract into hierarchical structures. Among them, KD tree has been
seen as an optimal choice for memory based data [4, 8].
In many applications, it is important to quickly find, Another type of partitioning algorithms that are based on
from a database of patterns, the nearest neighbors of high-R-tree, SR-tree [6], e.g., are commonly used for the disk
dimensional query points that come into the system in abased data. A common problem of these index based ap-
streaming form. Treating each query point as a separate proaches is that when the data dimensionality is higheh suc
one is inefficient. Consecutive query points are often reigh as greater than 20, the performance drops so quickly that
bors in the high-dimensional space, and intermediate re- these methods become worse than the sequential scan.
sults in the processing of one query should help the process-  |n many cases, the consecutive query points in the stream
ing of the next. This paper extends the KD tree with triangle may somewhat related. In each dimension, the values
inequality to deal with high-dimensional streaming time se should not “jump” too big and too often in a gradually
ries. More specifically, the distances calculated for earli  changing environment. Consecutive query points are neigh-
query points (to patterns) are used to filter out patterng tha bors not only in time, but also in space. We call this the
are not possible to be the nearest neighbor of the current“continuity of streaming time series. In this paper, we pro-
one. Experiments show that this extension works well. pose a solution which combines the traditional algorithms
with the “triangle inequality” to exploit the continuity fo
better query performance.
1 Introduction Intuitively, once a distance between a pattern and an ear-
lier query point is calculated, we can save this distance for

Many applications deal with high-dimensional data such r€use when the next query point is processed. If the two
as hyperspectral data, histograms of images or data samduery points are close enoqgh, a distance Iower-bound. be-
pled by sensor arrays. The data are generally coming fromfWeen the second query point and the pattern can be given
an outside environment, and the system needs to “reasof?y USing “triangle inequality”. Therefore, some patteras ¢
about” the incoming data. A common technology is to use be f||ter_ed out quickly and the times of the real distance
a database of patterns that are of the same structure as the igvaluation can be reduced a lot.
coming data. The system finds the pattern from the database In this paper, we focus on the memory based nearest
that matches most closely to the incoming data, and thus deneighbor query. Extension of the investigated methods to
rives useful information for quick responses. disk based queries should be interesting but beyond the

When the high-dimensional data come to the query pro- scope of this paper. We choose the KD tree and sequen-
cessing system continuously in forms of streams, which wetial scan methods as benchmark algorithms. By enhancing
call high-dimensional streaming time serigbe challenge  the KD tree with the triangle inequality strategy, we obtain
to process these queries in real time is two-fold. Firsgiti @ new algorithm for streaming time series, which we call
costly, in terms of the CPU time and I/0 access, to find the the KD+TR algorithm. Our experiments show that this new
nearest neighbor from a large pattern database. Secondhalgorithm can provide very good improvement over the tra-
the data in the stream may arrive fast and the time allowedditional methods for streaming time series with strong con-
to process each query is relatively short. Thus, how to effi- tinuity.
ciently find the nearest neighbor in a stream is the key issue This paper deals with the continuous queries on high-
to achieve the goal of processing on the fly. dimensional streaming time series and thus falls into the

Commonly used approaches for the nearest neighborarea of data stream processing and management. Recently,
search with high dimensional data are partitioning algo- there are special interest in this area due to the emerging
rithms. Inthese methods, each patternis treated as a pointi new applications. Generally, the studies on data streams
the high-dimensional space and all patterns are partitione are classified into four categories: (a) traditional dasaba



operations on data streams [2], (b) query plan optimiza- exclusively use the Euclidean distance which satisfies the
tion [9, 7, 9], (c) data stream mining [11, 5] and (d) data triangle inequality condition.

stream architectures and framework [3, 10]. More detail  we define theontinuityas follows.

about related issues can be found in the tutorial [1].

The rest of this paper is organized as follows. Section 2 Definition For a pattern databage and a streaming time
defines the related concepts and terms of streaming time seseriesS, the continuityof S on databas@®, within a time
ries. Section 3 describes our algorithm. Section 4 shows theperiod, is the percentage of cases when two successive
results of the experiments, and finally Section 5 concludesquery points share the same nearest neighbor.
the paper and addresses our future work.

Note the continuity of a streaming time series is not a
2 Problem Definition constan?, ra_lther it wi_II change from time to time..Howgver,
the continuity value is always between 0 and 1, inclusively.
In our experiments, since we are dealing with finite streams,
we will use the averaged continuity over the entire (finite)
stream.

Definition Given an integerl > 0, a sequence of real
values is called &igh-dimensional pointvith d being the
dimensionalityof this point.

We call the high-dimensional points stored idatabase 3 Algorithms
P aspatterns and we useP; to denote the'” pattern in
the database. In this paper, we assume that all pattefs in

. . . A straightforward use of traditional algorithms for our
have the same dimensionality &f

continuous queries is to process each query point indepen-
dently. Since KD tree can be used for its good perfor-
mance in relatively low-dimensional data for memory based
gueries, we choose it as the benchmark index method in
We assume that the data points in the stream arrivethis paper. In very high-dimensional cases, sequential sca

Definition A time sequence of high-dimensional points is
called ahigh-dimensional streaming time series

at timesto, t1,t2,.... We useS; to denote the high- method has better performance and thus can be used as an-
dimensional point that arrives at time and thusS; = other benchmark method. More detail about the sequential
(S}, 82,...,89), where eacts! is a real value. We also scan and KD tree can be found in [4].

assume that alb; has the same dimensionality éfas the The basic idea of using the continuity is as follows. Sup-
patterns in the databa%e The high-dimensional streaming pose when query poirfi;, was processed, the distance be-
time series is denoted #&andsS = (So, S1,. .., S, .. .). tweensS), and a patterrP was calculated. When a subse-

o . _ quent query poinb; arrives and ifS; is quite close toS,
Definition Given a pattern databage, a distance mea-  then we can use the “triangle inequality” and the already

surery and a high-dimensional streaming time serfes- calculated distance betwesh and P to check whetheP
(S0, 51,...,5i,...), thenearest neighbors of is an infi- ~ may be the nearest neighborsfor not. The distanc®5;,
nite sequence’ = (P, Poy, ..., Po,, - ..), WhereP, is s known whenS; comes. The triangular property of the
in P with the condition thai?,,S; < P;.S; for all k # n;. Euclidean distance determines

EachsS; is thus also called query point PS; > PS, — 5.5, (1)

If PS; — SiS; > h, whereh is the current minimum dis-
tance toS;, thenP.S; > h and henceé? cannot be the near-
est neighbor of;. In high dimensional space, distance cal-
culation can be very costly and this triangle inequality can
save us from the trouble of calculating many distances by
using previously calculated distané&s;,.. Note thatS}S;

Definition Thecontinuous quergtudied in this paper is to IS hot related to patterns, and when query péintomes, it

find the nearest neighbors of a high-dimensional streaming'S relatively less costly to calculatg, S; for a few selected
time series from a pattern database. Si. Also note that if only partial distance betwegp and

P was calculated, we can still use the above strategy.

In general, the distance function in the above definition ~ We extend the KD tree with triangle inequality. We call
can be any that is meaningful for an application. However, it the KD+TR algorithm. Figure 1 shows the data structure
in order to use the triangle inequality strategy of this pape of terminal nodes for the KD+TR algorithm. We associate
the distance functiod must satisfy the following triangle  with the node the latest query point that requires a scan on
inequality condition:@;a; < a@;ar + axa; for all high- the node and the distance lower bound of this query point
dimensional points;, a; anday. In this paper, we will to all the patterns in the node. For each pattern in the node,

Therefore, the nearest neighbors of a high-dimensional
streaming time serie§ = (S, S1,...,) are the nearest
neighbors in the pattern databaBeof all S;. Here, we
assume there are no ties for the nearest neighbor ofgach
Otherwise, one of the tied patterns will be randomly chosen.




we associate its distance to a query point (which is the lastone. The patterns and query points in the synthetic data set
one whose distance to this pattern is calculated), and thewere generated by a random process. We generated pat-
query point ID. Before the patterns in a terminal node are tern sets of 4, 10, 20 and 80 dimensions respectively. The
examined, we use triangle inequality as follows. First, the real data set came from the Digital Spectral Library (1993)
guery point and associated distance lower bound are use@f U.S. Geological Survey which are of 436 dimensions.
to determine if any of the patterns in the node needs to beFor each pair of successive query points in the initial query
examined with respect to the current minimum distance. If stream, we generated a middle query point by using the av-
the answer is positive, we go into the node and examineeraged value on each dimension. After inserting this middle
each pattern. Again, triangle inequality is used. The new query point into the stream, we generated a new stream-
distance calculations will replace older ones, and theyquer ing time series with different continuity. We create seVvera
point associated with the node will be replaced®y The groups stream queries whose continuity from 0% to about
smallest distance found in this scan is stored as the distanc 90%.

lower bound ofS; to all the patterns in the node.
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In summary, the major steps of KD+TR algorithm are
given in Figure 2.

Figure 3. Effect of continuity (synthetic data,
number of patterns=100,000)

Figure 2. The KD+TR algorithm

4 Experimental Results

To assess the performance of KD+TR algorithm, we per-

1. Ifthe node is a terminal node:
1.1 Use triangle inequality at the terminal node.
1.2 1f termlnal node satisfies tr!anglelnequgll Y, The experimental results with the synthetic data are
use it at pattern level and find the candidate . S .
) given in Figure 3. Figure 3.(a) compares the performances
patterns in the node. . .
1.3 Examine all candidate patterd, record of the KD tree and KD+TR algorithm. Figure 3.(b) shows
their distances and the query IDs the comparison of the KD+TR algorithm with the sequen-
1.4 Find the nearest neighbor of the query pgint  tial scan in the 80-dimensional case. As can be seen, the
inside the node, record its distance to termi- cost of the KD tree algorithm (or sequential scan) does not
nal node. If this distance is less than the cur- ~ change very much. But the cost of KD+TR algorithm de-
rent minimum one, update the current negr- creases very quickly as the continuity increases. Since the
est neighbor and the minimum distance. KD+TR algorithm uses full distance calculation, there is a
2. if the node is a nonterminal node: same |as cross-over point at which the KD+TR algorithm performs
traditional KD tree. well over the KD tree algorithm (or sequential scan). In
the database with 100,000 10-dimensional patterns, the KD

tree algorithm needs to verify about 10% of the patterns.
But once we introduced triangle inequality, the verificatio
drops from 8% (continuity=0) to 0.8% (continuity=88%).
This basically is where the performance improvement of
the KD+TR algorithm comes from. Continuity also affects
query processing when dimensionality is rather high.
Similar results are seen in the experiments with the real

formed the experiments with a synthetic data set and a realdata set, as shown in Figure 4. Since the real data have a



very high dimensionality of 436, we need to pre-process References

the data in order to use KD tree and KD+TR methods.
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Figure 4. Effect of continuity (real data, data
set size=480, dimensionality=436)
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