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Abstract—The problem of time series subsequence matching
occurs in a wide spectrum of subject areas. Currently Dynamic
Time Warping (DTW) is the best similarity measure but despite
various existing speedup techniques it is still computationally
expensive. Due to this reason science community is trying to
accelerate DTW calculation by means of parallel hardware. There
are implementations of DTW-based subsequence matching on
GPU and FPGA but there none for accelerators based on the
Intel Many Integrated Core architecture. This paper presents a
parallel algorithm for time series subsequence matching based
on DTW distance adapted to the Intel Xeon Phi coprocessor. The
experimental results on synthetic and real data sets are presented
and confirm the efficiency of the algorithm.
Index Terms—data mining, time series, subsequence matching,
dynamic time warping, parallel computing, OpenMP, Intel Many
Integrated Core architecture, Intel Xeon Phi coprocessor

In this regard, in our opinion not enough attention is paid to
the Intel Xeon Phi coprocessor based on Intel Many Integrated
Core (MIC) [11] architecture. This paper presents a parallel
algorithm for time series subsequence matching based on
DTW distance adapted for use on a central processor unit
(CPU) accompanied with the Intel Xeon Phi coprocessor.
The rest of the paper is organized as follows. Section II
gives the formal definition of the problem and briefly considers
the Intel Xeon Phi architecture and programming model. In
section III a description of the proposed algorithm is given.
The results of the experiments evaluating the algorithm are
presented in section IV. Section V discusses related work.
Section VI contains concluding remarks and directions for
future research.

I. I NTRODUCTION

II. R ESEARCH BACKGROUND

A time series represents a collection of data points, measured chronologically. Currently, time series data mining
touches upon a wide spectrum of scientific and applied tasks in
various subject areas, e.g. medical monitoring [1], economic
forecasting [2], climate modeling [3], etc. Being one of the
most important problems of time series data mining, subsequence matching assumes that a query sequence and a longer
time series are given, and the task is to find subsequences in
the longer time series, which match the query sequence.
To measure the similarity between two time series, a number
of Euclidean-based distance measures have been suggested but
currently the Dynamic Time Warping (DTW) [4] is the most
popular similarity measure in many applications [5]. DTW
is computationally expensive and there are many approaches
that have been proposed to solve this problem, e.g. pruning the
subsequences using lower bound of distance [5], computation
reusing [6], data indexing [7], early abandoning [8], etc.
However, DTW still takes a large part of the total application
runtime. That is why there are researches devoted to accelerating subsequence matching by means of parallel hardware,
e.g. computer-cluster [9], multicore [10], FPGA and GPU [6].

A. Problem Definition
A time series T is an ordered sequence t1 , t2 , ..., tN of real
data points, measured chronologically, where N is a length of
the sequence.
A subsequence Ti,k of time series T is its continuous subset
of length k starting at i position.
A query Q is a certain subsequence to be found in T .
Subsequence matching problem aims to finding all the
subsequences Ti,j such that distance D(Ti,j , Q) is minimal.
Dynamic Time Warping (DTW) is a similarity measure
between two time series which may vary in time or speed.
DTW distance between two time series X and Y , where
X = x1 , x2 , ..., xN and Y = y1 , y2 , ..., yN , is denoted as
D(X, Y ) and defined as follows.
D(X, Y ) = d(N, N ),

 d(i − 1, j)
d(i, j − 1)
d(i, j) = |xi − yj | + min

d(i − 1, j − 1),
d(0, 0) = 0; d(i, 0) = d(0, j) = ∞;
i = 1, 2, . . . , N ; j = 1, 2, . . . , N .
B. The Intel Xeon Phi Architecture and Programming Model
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The Intel Xeon Phi coprocessor is an x86 many-core coprocessor of 61 cores, connected by a high-performance ondie bidirectional interconnect where each core supports 4×
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III. S UBSEQUENCE M ATCHING
ON THE I NTEL X EON P HI C OPROCESSOR

If the lower bound has exceeded some threshold, the DTW
distance also exceeds the threshold, so the subsequence can
be pruned off.
[no Tij]

Get next Tij

else

Lower Bound Cascade Pruning
LB_Kim(Tij, Q)

[lb_kim ≥ bsf]
else

LB_Keogh(Tij, Q)

pruned

hyperthreading and contains 512-bit wide vector processor unit
(VPU). Each core has two levels of cache memory: a 32 Kb L1
data cache, a 32 Kb L1 instruction cache, and a core-private
512 Kb unified L2 cache. The Intel Xeon Phi coprocessor
is to be connected to a host computer via a PCI Express
system interface. Being based on Intel x86 architecture, the
Intel Xeon Phi coprocessor supports the same programming
tools and models as a regular Intel Xeon processor.
There are three programming modes to deal with the Intel
Xeon Phi coprocessor: native, offload and symmetric. In native
mode the application runs independently, on the coprocessor
only. In offload mode the application is running on the host
and offloads computationally intensive part of work to the
coprocessor. The symmetric mode allows the coprocessor to
communicate with other devices by means of Message Passing
Interface (MPI).

[lb_keogh ≥ bsf]
else

A. Research Roadmap
Development of the parallel algorithm of time series subsequence matching adapted for the Intel Xeon Phi coprocessor
consists of the following steps, which will be discussed in
detail further.
Firstly, we had developed a parallel version of the UCRDTW serial algorithm [8]. Using OpenMP technology, we
have obtained a parallel algorithm for CPU, keeping in mind a
possibility of running this algorithm on the Intel Xeon Phi coprocessor in native mode. However, experiments have shown
that, despite the one-order speedup of parallel algorithm, it
works slower on the Intel Xeon Phi coprocessor in native mode
than on CPU. This results from low operational intensity of our
algorithm, i.e. insufficient FLOPs (floating point operations)
per byte of data to be effectively processed on the Intel Xeon
Phi coprocessor.
Next, we modified our algorithm combining CPU and
coprocessor to process time series. In this version of the
algorithm both CPU and the Intel Xeon Phi run the parallel
version of the UCR-DTW algorithm developed at the first
step. Here we used offload mode to transmit code and data to
the Intel Xeon Phi. Experiments, where we varied the portion
size of data to be transmitted to the coprocessor, show results
similar to those obtained at the first step due to the same
reason.
Finally, we developed an advanced version of the algorithm.
The key point of this version is to support a queue of
subsequences on CPU that are offloaded to the coprocessor
to compute DTW. This significantly increased the operational
intensity of the calculations on the coprocessor and experiments show acceptable performance of the algorithm.
B. Parallel Algorithm for CPU
The UCR-DTW algorithm proposed in [8] is one of the
fastest existing subsequence matching algorithms. This algorithm (see Fig. 1; hereinafter, we use UML activity diagrams)
uses a cascade estimation of the lower bound of DTW distance.
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LB_KeoghEC(Tij, Q)

[lb_keogh_ec ≥ bsf]
else
non-pruned

[pruned]
else

bsf = min(bsf, dist)

dist = DTW(Tij, Q)

Fig. 1. Serial algorithm

A parallel version of the UCR-DTW algorithm is depicted
in Fig. 2. We parallelize the original algorithm using the
OpenMP technology. The time series is splitted into equal
portions and each portion is processed by a separate OpenMPthread. Here UCR-DTW is a subroutine that implements the
original serial algorithm. It uses the bsf (best-so-far) shared
variable that stores the distance to the nearest subsequence.
This allows each thread to prune off unpromising subsequence
using lower bounding. Master thread reads new data from a file
simultaneously with processing of data that have been read.
We evaluated the obtained algorithm on synthetic time
series both on CPU and on the Intel Xeon Phi coprocessor
in native mode (see Fig. 6). Although parallel algorithm
expectedly surpasses the original algorithm it works slower
on the coprocessor in native mode.
This was a result of low operational intensity of our algorithm, i.e. insufficient FLOPs per byte of data to be effectively
processed on the Intel Xeon Phi coprocessor.
C. Naı̈ve Parallel Algorithm for CPU and the Intel Xeon Phi
Fig. 3 depicts the modified version of the algorithm. This
version is called “naı̈ve”, because in comparison with the
previous version it only distributes work among CPU and
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Open file

Swap Buf_1
and Buf_2

Read data
in Buf_1

else

index++
else
Read data
in Buf_2

[EOF]

[index < N]
[pruned]

UCR-DTW

UCR-DTW

Local Bound Cascading Pruning

... UCR-DTW

Queue.Push(index)

else

[Queue
is full]

dist = DTW(...)

bsf = min(bsf, dist)
result = min_dist(result, res1, ..., resCPU_THREADS)

Fig. 5. UCR-DTW* subroutine

[Buf_2 is empty]

Output
result

Close file

else

Fig. 2. Parallel algorithm for CPU

coprocessor. Here ALPHA is a parameter that determines a
portion of data to be transmitted to the coprocessor. We use
offload mode to organize data exchange between CPU and
the coprocessor. The min_dist subroutine chooses subsequences with minimal value of DTW.
As well as in the previous step we evaluated the obtained
algorithm on synthetic time series (see Fig. 6). Regardless of
the ALPHA value this algorithm has worse performance in
comparison with the parallel algorithm for CPU.
This is because we still have not increased operational
intensity of calculations on the coprocessor. Additionally,
bsf shared variable can not be synchronized between the
CPU and the coprocessor while offloading is performed (the
synchronization is possible at the beginning and at the end
of offload section). That is why we have more non-pruned
subsequences to calculate DTW.
D. Advanced Parallel Algorithm for CPU
and the Intel Xeon Phi
The advanced version of the algorithm obtained at the
previous step is depicted in Fig. 4.
The idea of the advanced algorithm is to support a queue
of subsequences on CPU. Subsequences of the queue are
candidates to be offloaded to the coprocessor to calculate
DTW. One of the CPU threads is declared as a master and
the rest as workers. When the queue is full master offloads it
to the coprocessor.
Worker’s activity looks like the following. A worker calculates cascade estimates for the subsequence. If it is dissimilar
to the query then the worker prunes it off otherwise worker
pushes this subsequence to the queue. If the queue is full (and
data previously transmitted to the coprocessor have not been
processed yet), the worker calculates DTW by itself.
The UCR-DTW* (see Fig. 5) subroutine implements
worker’s behavior as described above.
At the end of offload section the information about most
similar subsequences found on the coprocessor is transmitted
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to the CPU. The final result is calculated among the most similar subsequences found on the CPU and on the coprocessor.
Additionally, we slightly modified the original source code
of DTW calculation to provide vectorization of operations
inside the for loop.
IV. E XPERIMENTAL E VALUATION
To evaluate the algorithm developed we performed experiments on a Tornado SUSU [12] supercomputer’s node (see
Tab. I for its specifications). In these experiments subsequence
matching runtime was measured while varying query length.
Experiments have been performed on synthetic and real time
series. We also investigated usage time of the coprocessor,
impact of queue size on the speedup, and compared our
algorithm with analogues for GPU and FPGA.
TABLE I
S PECIFICATIONS OF T ORNADO SUSU
Specifications
Model
Cores
Frequency, GHz
Threads per core
Peak performance, TFLOPS

SUPERCOMPUTER NODE

Processor
Xeon X5680
6
3.33
2
0.371

Coprocessor
Xeon Phi SE10X
61
1.1
4
1.076

A. Performance on Synthetic and Real Data Sets
In the first set of experiments we used synthetic time series
generated by one-dimensional random walk comprising of
100 million data points.
Fig. 6 depicts the experimental results on synthetic data
sets. The results show that our algorithm is more effective for
longer queries. In case of shorter queries the algorithm has the
same performance as parallel algorithm for CPU only.
The second set of experiments investigates the algorithm’s
performance on real electrocardiographic (ECG) data with
about 20 million data points (approximately 22 hours of ECG
sampled at 250 Hz).
Results of experiments on real data are shown in Fig. 7.
Our algorithm shows a three times higher performance than
the parallel algorithm for CPU only.
We evaluate what was the contribution of the coprocessor in
computations as well. Fig. 8 depicts that increasing the query
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CPU
Swap Buf_1
and Buf_2

Intel Xeon Phi

Read data
in Buf_1

Open file
Receive

else

α portion of Buf_1

[EOF]

Send

α portion of Buf_1
Read data
in Buf_2

UCR-DTW

UCR-DTW ... UCR-DTW

UCR-DTW

...

UCR-DTW

Receive phi_result
phi_result = min_dist
(res1, ..., resPHI_THREADS)
result = min_dist(result, res1, ..., resCPU_THREADS)

else

[Buf_2 is
empty]

Send phi_result
Output
result

Close file

Fig. 3. Naı̈ve parallel algorithm for CPU and the Intel Xeon Phi

CPU
Swap Buf_1
and Buf_2

else
Read data
in Buf_2

Intel Xeon Phi

Read data
in Buf_1

Open file
Receive
candidates

Wait for
candidates

[EOF]

UCR-DTW* UCR-DTW* ... UCR-DTW*

Send candidates

else

result = min_dist(result, res1, ..., resCPU_THREADS)
[Buf_2 is
empty]

Close file

...

DTW

Receive
phi_result

[no candidates and
all threads are finished]

else

DTW

phi_result = min_dist
(res1, ..., resPHI_THREADS)

Send phi_result
Output
result

Fig. 4. Advanced parallel algorithm for CPU and the Intel Xeon Phi

length greater than 4000 leads to almost 100% usage of the
Intel Xeon Phi coprocessor for both synthetic and real data
sets.
B. Impact of Queue Size
The results described in subsection above have been
achieved when queue size was 2400. We empirically select
this value having performed some experiments beforehand (see
Fig. 9).
C. Comparison with Algorithms for GPU and FPGA
We compared the performance of our algorithm with analogues for GPU and FPGA developed in [6]. We repeated the
experiments presented in that paper keeping the same length of
the time series and query length. The results of the experiments
are depicted in Fig. 10.
We took into account that the peak performance of the
hardware we used is significantly greater than its counterparts
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of that paper, i.e. overall peak performance of our hardware
was 1.44 TFLOPS whereas GPU as NVIDIA Tesla C1060
had 77.8 GFLOPS and FPGA as Xilinx Virtex-5 LX-330 had
65 GFLOPS.
To provide a “fair” experiment we added to the chart hypothetical results for NVIDIA Tesla K40 (1.43 TFLOPS) [13]
and Xilinx Virtex-7 980XT (0.99 TFLOPS) [14] multiplying
real results of NVIDIA Tesla C1060 and Xilinx Virtex-5 LX330 by a respective scaling factor. As we can see our algorithm
provides significantly higher performance.
Finally, we compared relative costs of performance (see
Fig. 11). The charts show that Intel-based solution is a bit
more expensive than the latest one from NVIDIA but at the
same time provides significantly higher performance.
V. R ELATED W ORK
A substantial amount of work has been done in the area
of time series data mining, including subsequence matching
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problem [15].
One of the earliest researches [16] considers the time series
as a set of multi-dimensional rectangles and constructs its
spatial index to perform search of subsequences as spatial
queries to the index. This work serves as a basis for many
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researches devoted to improving subsequence matching performance. For instance, the DualMatch algorithm [17] and its
improved version, the GeneralMatch algorithm [18], split the
time series into non-overlapping windows and query pattern
into sliding windows. In [19] and [7] an index interpolation
to overcome the storage and CPU time overhead is used. All
the former techniques are based on lower bounding of the
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Euclidean distance.
Nowadays the Dynamic Time Warping (DTW) [4] measure
is recognized as the best similarity measure for many time
series subject domains [5]. DTW-based subsequence searching techniques include a suffix tree [20], a segment-based
approach based on piecewise time warping [21], an indexbased approach based on prefix querying [22] and a comparison optimization approach [23]. An algorithm proposed
in [8] integrates all the possible existing speedup techniques
and most likely it is the fastest of the existing subsequence
matching algorithms.
All the aforementioned algorithms basically focus on reducing the calling times of DTW calculation, not accelerating
DTW itself. However, because of its complexity, DTW still
takes a large part of the total application runtime. Due to this
reason science community tries to exploit the effectiveness
of parallel hardware to accelerate subsequence matching.
Existing researches assume allocation of DTW calculation of
different subsequences into different processing elements, e.g.
computer-cluster [9], multicore [10], FPGA and GPU [6].
Despite the existing research devoted to use of the Intel
Xeon Phi coprocessor in data mining [24] in our opinion
not enough attention is paid to applying this coprocessor for
time series subsequence matching. In this work we adapt the
algorithm [8] to the Intel Xeon Phi coprocessor (what was
done for the first time, to the best of our knowledge).
VI. C ONCLUSION
In this paper we have described the parallel algorithm for
time series subsequence matching adapted for CPU accompanied with the Intel Xeon Phi coprocessor. The algorithm
uses data parallelism and OpenMP technology. To establish
interaction between CPU and the coprocessor the offload
execution mode is used, when the program is run by the CPU
while some code and data are transmitted to the coprocessor.
To provide high operational intensity of the calculations on the
coprocessor the algorithm supports a queue of subsequences
on CPU, where subsequences are candidates to be offloaded to
the coprocessor to calculate DTW. Experiments on synthetic
and real data sets have shown that our algorithm outperforms
analogous algorithms for GPU and FPGA.
As future work we plan to extend our algorithm for the
case of a cluster system based on nodes equipped with the
Intel Xeon Phi coprocessors.
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