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Abstract  Revealing evolution insights of things, time series mining is becoming an indispensable
component of big data driven decision making. As a fundamental operation in time series mining,
given a similarity measure, similarity join gathers all pairs of similar time series. It is demonstrated
that DTW (Dynamic Time Warping) has served as the best measure in disparate domains ranging
from scientific to social fields such as text mining or tendency prediction. In this paper., we for

the first time propose to join similar time series with DTW as the similarity measure. Specifically,
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we for the first time define two tasks, the threshold based and the Top-£ based similarity join
under DTW. Besides to serve time series further mining tasks such as stock prediction, these two
tasks can be directly applied to a wide spectrum of applications such as machine translation and
delay-correlation detection. Unfortunately, trivial solutions suffer from the large scale nature of
time series and high computational complexity of DTW. Numerous indexing techniques and
various lower and upper bounds of DTW have been proposed. However, these works aim at
similarity search rather than similarity join under DTW. In concrete, they assume that a fixed
time series serves as a query and index or precomputation is performed on the query time series.
It is time and space-consuming to construct index and precompute for the fixed time series.
However, under our similarity join task, all time series serve as the fixed query and thus the
index construction or precomputation time for all the time series is even beyond the execution
time of the trivial solution and thus these techniques become impractical. To tame similarity join
under DTW, we first propose two pruning based processing frameworks for the threshold-based
and Top-k based similarity join tasks respectively. These two frameworks prune unnecessary
calculation of accurate DTW similarity between time series by leveraging the cheap upper and
lower bound of DTW measure. In this way, we further devise novel upper and lower bounds for
DTW measure. Both bounds are developed on top on time series partition. Since fine-grained
partition enables more accurate DTW similarity but consumes more execution time while coarse-
grained partition results in less accurate DTW similarity but consumes less execution time, we
develop a mechanism based on binary search to quickly tune the granularities of partitions
automatically and thus enable the overall practical performance. When single machine cannot
meet the requirement of performance or cannot hold the massive time series, we extend our
processing frameworks to distributed environment. Specifically, we design a MapReduce imple-
mentation to our pruning based similarity join framework. We conduct extensive experiments to
demonstrate the effectiveness and efficiency of our methods. First, we apply the two proposed
similarity join tasks on two real world datasets to demonstrate that the threshold-based similarity
join task can be used to find correlated power supplement sources and find the same entities in
different languages. Then., we use both real world and synthetic datasets to demonstrate that our
methods outperform existing solutions consistently under various lengths and volume of time series.
Keywords dynamic time warping; time series; similarity join; partition-based pruning; distribu-

tion-based pruning
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15. H=H—{T.}
16. Else
17. break
18. End If
19. End While
20.  End For
21. Foreach T,€ H
22. calculate DTW(T,.T,)
23.  End For
24.  sort H by DTW in ascending order
25.  ret=retU(H[0:k—1]X{T,})
26. End For

27. return ret
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6. End For
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8. D;[(T;[k]—min)/gap]++
9. End For

10. DTW, (T, ,T;)=0

11. For each D[k ]>0

12.  D;[ks ]=bSearchLargest(D; . D;[ k1)
13. D, [k J=bSearchLeast(D; s D; [k )
14, I (D; Lk Jiesr = =D;[Fpore D

15. continue

16. End If

17.  lefty = D[k —D; [k

18, righte, =D; ke Jiepe — DiLE ] i

19. U Ueftyy >righty.,)

20. DTW, s (T;,T;)=D;[k]Xrights,,
21.  Else

22. DTW, (T, , T;)=D,[k] X left,,

23. End I

24. End For

25. return DTW,; (T, , T;)
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Background

Time series data is pervasive across almost all human
endeavors, including medicine, finance, science and entertain-
ment. As such, it is hardly surprising that time series data
mining has attracted significant attention and research effort.
Most time series data mining algorithms require similarity
join as a subroutine, and in spite of the consideration of
dozens of alternatives, there is increasing evidence that the
classic Dynamic Time Warping (DTW) measure is the best
measure in most domains.

Currently, due to the high computationally complexity
of DTW, none works has considered the proposed problem in
this paper, namely the similarity join on time series under
DTW. Works on DTW suffers from high pre-computation

overhead when they are applied to similarity join while works
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on similarity join has not considered the DTW measure. This
paper for the first time defines and investigates the novel
problem of similarity join on time series under DTW measure
and develops two novel upper and lower bounds on DTW to
speed up the query evaluation. Real world datasets demon-
strate the applications of our proposed problem and extensive
experiments on real world and synthetic datasets validate the
effectiveness of our solution and the pruning power of our
proposed upper and lower bounds.
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