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Abstract—Currently, the mining of streaming time series has become increasingly important in
a wide range of applications. The matrix profile (MP) is a simple yet powerful exploratory time
series mining tool, which provides the discovery of numerous time series mining primitives without
requiring prior domain knowledge. The research community has introduced a substantial number
of MP computation algorithms. However, to the best of our knowledge, no existing method is
both GPU-oriented and stream-oriented. In this article, we introduce the StreaMP (Streaming
Matrix Profile) algorithm for GPUs, which overcomes the above limitation. Our algorithm processes
incoming data in a segment-wise manner, accumulating the time series arriving from a sensor in
RAM. StreaMP merges the MPs of the segment and the time series accumulated so far using a
proposed multistep scheme. To compute MPs, StreaMP is able to apply any GPU-based algorithm,
which encapsulates all details of parallel processing. The MP built by StreaMP makes it possible to
discover repeated and anomalous patterns in the streaming time series in linear time. Experimental
evaluation shows that StreaMP outperforms SCAMP, which is currently the fastest GPU-based
MP computation algorithm for batch processing.
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INTRODUCTION

Currently, the mining of time series data, which arrive in a streaming manner from various edge
devices, has become increasingly important in a wide range of applications: Internet of Things[1], smart
cities [2] and buildings [3], personal healthcare [4], etc. In such scenarios, key tasks include motif and
anomaly discovery, which require efficient and scalable processing techniques.

The Matrix Profile (MP) [5] is defined as a real-valued array, where the ith element is the distance
from the ith subsequence of the original time series to its nearest neighbor (i.e., to the most similar
non-overlapping subsequence). The MP has emerged as a flexible and versatile tool for extracting a
multitude of time series mining primitives, including motifs (repeated patterns) [6], discords (anoma-
lies) [7], snippets (behavioral patterns) [8], chains (evolving patterns) [9], etc. The MP allows for
revealing underlying patterns and anomalies without requiring prior domain knowledge, which makes
it well-suited for exploratory time series mining in many domains: digital industry [10], medicine [11],
seismology [12], etc.

A considerable body of research has focused on developing efficient algorithms for the MP computing:
STAMP[5], STOMP [5], STOMPI [5], SCRIMP++[13],and SCAMP [14]. Some of the developments
above have been parallelized for GPUs. However, to the best of our knowledge, STOMPI is the only
existing algorithm designed for streaming operation, but it does not leverage GPU parallel processing
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capabilities. In this study, we address the limitation above. In summary, the main contributions of this
article are as follows:

e Weintroduce a novel algorithm called StreaMP ( Streaming Matrix Profile), which enables GPU-
accelerated MP computation for streaming time series. Our algorithm processes incoming data
in a segment-wise manner and merges MPs of the segment and the time series read so far through
our proposed multistep schema. To compute MPs, StreaMP employs a GPU-based algorithm,
which we treat as a hyperparameter that encapsulates all parallel processing details. The MP
built by StreaMP makes it possible to discover motifs and discords in the streaming time series
in linear time.

e We carry out experiments to evaluate StreaMP against SCAMP [14], which is currently con-
sidered the fastest GPU-based MP computation algorithm for batch mode, employing SCAMP
as an underlying tool to compute MPs on GPU. In the experiments, we measure performance
as follows: for SCAMP, it is the running time to process the entire fixed-length time series; for
StreaMP, it is the running time to process only the last segment. Experimental results showed
that, for the time series longer than hundreds of thousands, StreaMP surpasses SCAMP in
performance by several times: from one and a half to 27 for time series lengths from hundreds
of thousands to tens of millions. Finally, we made our data and code publicly available for the
research community to confirm and extend our work.

The remainder of the article is organized as follows. Section 1 provides a brief overview of related work
and formal definitions. In Section 2, we introduce the StreaMP algorithm. In Section 3, we discuss the
results of the experimental evaluation of StreaMP. Finally, in Conclusion, we summarize our findings
and outline future research directions.

1. BACKGROUND

Prior to introducing our approach, we first briefly discuss related work and then give basic definitions
and notation.

1.1. Related Work

The matrix profile (MP) concept is proposed by Keogh et al. in [5], where also the following MP
computation algorithms are introduced: STAMP, STOMP, and STOMPI.

STAMP (Scalable Time series Anytime Matrix Profile) [5] offers a faster MP computation by
leveraging the MASS (Mueen’s Algorithm for Similarity Search) algorithm [16] for efficient distance
computation. STAMP employs an iterative refinement strategy: it approximates MP and then refines
it by recomputing distance profiles for random subsequence subsets. As an anytime algorithm [17],
STAMP progressively improves accuracy and can be terminated early at any point, offering a trade-off
between computation time and accuracy. GPU-STAMP [5] further accelerates MP computation as a
version of STAMP ported to graphics processors.

STOMP (Scalable Time series Ordered-search Matrix Profile) [5] builds upon STAMP to further
improve MP computation speed. STOMP precomputes the dot products required by the MASS
algorithm and reuses them across multiple subsequence comparisons, reducing redundant calculations.
This optimization allows STOMP to achieve significantly faster performance than STAMP, particularly
for longer time series. A GPU-accelerated version of STOMP, called GPU-STOMP [18], primarily
targets batch processing of entire time series rather than streaming data.

SCRIMP++ [13] is a highly efficient, exact algorithm for computing MP. It uses a divide-and-
conquer strategy, along with several optimizations to minimize redundant calculations. SCRIMP++
can process large datasets in a relatively short amount of time, making it a competitive alternative to
other CPU-based MP algorithms. However, it is not inherently designed for parallel execution on GPUs
or for processing streaming data.

SCAMP (Scalable Matrix Profile) [14] is a highly optimized algorithm that avoids the iterative
refinement approach of STAMP and STOMP, and instead leverages fast Fourier transforms (FFTs)
to compute all pairwise distances between subsequences efficiently. Importantly, SCAMP is designed
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for parallel execution on GPUs, making it well-suited for large datasets. However, SCAMP is primarily
intended for processing entire time series in batch mode, rather than streaming data.

STOMPI (STOMP Incremental) [5] adapts STOMP for streaming data and assumes that there is
an initial time series and its MP is pre-computed. The algorithm processes incoming data elements,
updating MP incrementally. To the best of our knowledge, STOMPI is the only existing algorithm
capable of computing MP in a true streaming fashion. However, STOMPI is not inherently parallelized
to leverage the processing power of GPUs, which motivates the development of our StreaMP algorithm.

1.2. Formal Definitions and Notation

Time series and subsequence. Streaming data to be mined are a form of time series. A time series
is a chronologically ordered sequence of real-valued numbers:

T ={ti}ie,, tieR,

where n is the time series length and denoted by |T'|.

When mining a time series, we primarily process relatively short segments, called subsequences. A
subsequence T; ,, of a time series T is a set of m consecutive elements starting at position

Tim={ts}il7 ", 1<i<n-m+1, 3<m<n.

7

We denote the set of all m-length subsequences in T" by S7', where |ST!| =n —m + 1.

Trivial matches. In time series mining, trivial matches refer to subsequences that are very close
in time and therefore highly similar [6]. Trivial matches should be excluded from processing since
they obscure more significant patterns and distort the results of mining algorithms. For the given
subsequence T; ,,, we denote its non-trivial matches as NV and avoid the trivial ones by imposing an
exclusion zone of m/2 before and after the subsequence [6]:

N, o =A{Tjm € ST |1i = 4| = [m/2]}.

Nearest neighbor. To measure the similarity of time series subsequences, let us given a nonnegative
and symmetric distance function Dist : R™ x R™ — R. For the given subsequence, its closest non-
trivial match is called the (first) nearest neighbor. The fact that some subsequence N is the nearest
neighbor of the given subsequence @ is indicated by the Boolean function ny : ST x S7' — B:

Oinn(Q@, N) = TRUE & N = arg min Dist(Q, C).
CeNg

Matrix profile. At this point, we are ready to formally define the matrix profile [5] (see Fig. 1 for
illustration). For the given time series 7" and subsequence length m, the matrix profile (MP) is an

array Pr € R"~™+1 where each element holds the distance between the respective subsequence and its
nearest neighbor:

Pr = {d;}?="", d; = Dist(T;, ;m, N), 01xn(Th,m, N) = TRUE.

To locate the nearest neighbors, the matrix profile is accompanied by a supplemental index structure.
The matrix profile index (MPI) is an array It € N*~™*+1 where each element holds the index of the
nearest neighbor of the respective subsequence:

I = {idz;};- "™, 0,\N(Ti,m, Tide;, m) = TRUE.

Motifs and discords as the MP by-products. Motif points out repeated patterns in the time
series and can informally be described as a pair of the most similar non-trivial match subsequences [5].
Formally, for the given time series 7" and subsequence length m, the motif is a pair of subse-
quences {Ticit, m, Tright,m} for which the following holds:

Vi, ,7 DiSt(TIeTt,ma Tright,m) < DiSt(Ti,my Tj,m)y Tright,m € NTl Tj,m € NTZ-,m'

eft, m?

Discord reflects an anomalous pattern in the time series and can informally be described as a
subsequence with the most dissimilar nearest neighbor [7]. Formally, for the given time series 7" and
subsequence length m, the discord is a subsequence T;_, for which the following holds:

Vj Dist(T},m, N) < Dist(T;, y, N), Tjm € N, .
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Fig. 1. An example of the matrix profile.

Obviously, for the given time series and subsequence length, top-1 motif and discord can be
discovered through, respectively, the MP minimum and maximum:
Top1Motil = {Ticit, m» Tright,m ), left = arg 19,Smglli_]flmﬂ Pr(i), right = Ip(leit),
Top1Discord = T ,, © = arg 1g£f_)fn+1 Pr(i).

The rest motifs and discords are trivially generalized as the MP local minima and maxima, respectively.

Join matrix profile. The MP concept can be generalized to the case of two time series as follows [5].
Let us given two time series A and B (that are not necessarily of equal length) and the subsequence
length m. Then it is possible to use the above MP and MPI definitions up to a change in the definition of
the nearest neighbor. Avoiding the above requirement regarding the non-trivial matches, we demand
that for any subsequence in A, its nearest neighbor should be some subsequence in B. Formally
speaking, VA; ., € SKL/\/'AZ.’m = S%. In this case, we call P4p and I4sp the join matrix projile
(JoinMP) and join matrix profile index (JoinMPI), respectively. From this point of view, MP and
MP can be called self-JoinMP and self-JoinMPI, respectively. It is worth noting that, commonly,
Pap # Ppaand Iap # Ipa.

Distance function. To conclude formal definitions, we mention that all the MP computation

algorithms above use the z-normalized Euclidean distance (ED), which is defined as follows. Let us
have X, Y € S™, then

Dist(X, Y)=ED(X,Y), ED(X,Y)=

Em:(fl?i - yi)2] " )

i=1

where X = {#}, the z-normalized version of the subsequence X, is defined as follows:

x M 1 m 1 m 1/2
~ 7 X z : § : 2 2
Ti=—", Ux = — i, ox = | — T, — W .
7 X mi . 7 X [mZ - 7 X]

2. GPU-BASED STREAMING MATRIX PROFILE

Below, we introduce StreaMP, a novel algorithm for computing MP of streaming time series on GPU.
The basic idea is to keep the time series arriving from a sensor in RAM and process incoming data
segment-by-segment, where the segment length is the algorithm’s parameter. During processing, we
merge the MP of the time series accumulated so far with that of the current segment. To compute MPs
for segments, we employ a GPU-based algorithm, which serves as a hyperparameter of StreamMP and
encapsulates all parallel processing details, including data transfer to the GPU and retrieval of results
back to the CPU. Next, the current segment is simply appended to the time series accumulated at the
moment. However, if we simply concatenate the MP of the time series read so far with that of the
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Fig. 2. Calculation schema of StreaMP.

segment, the resulting MP clearly does not satisfy the definition of MP. To make the above-mentioned
concatenation possible and produce the correct streaming MP, we must perform several operations,
including computing JoinMPs on the GPU that involve both the time series accumulated so far and the
current segment.

The computing schema we propose is as follows. Figure 2 shows the moment when the MP of
the streaming time series read so far has been computed, and the current segment has been read from
the sensor and awaits processing. Let us denote the streaming time series read so far, its MP, and the
current segment as T', Pr, and S, respectively. The schema consists of the following six steps. Firstly, we
compute Prg, the JoinMP of T"and S. Notably, we overlap T"and .S to avoid losing results at the junction
of the two operands, namely, m — 1 last points of T', where m is the subsequence length, are copied into
the beginning of S. In the second step, we merge MPs Pr and Prg. This operation simply computes
the element-wise minima of the operands and stores the results in the first operand. Further, we will use
the resulting MP Pr for concatenation. In the third and fourth steps, we compute, respectively, self-
JoinMP Pg and JoinMP Psr, where the latter is correct thanks to the above-described overlapping. In
the fifth step, we merge MPs Pg and Pst placing the result into Pg. Finally, concatenation of MPs Pr
and Pg results in the correct streaming MP Pr.

In Algs. 1 and 2, we show pseudocodes of StreaMP and the operation of merging MPs, respectively,
which together implement the above-described ideas. Below, we clarify some details of StreaMP
(Alg. 1), since the MergeMPs algorithm (Alg. 2) is self-explanatory. After initialization of data
structures (see line 1), StreaMP processes the streaming time series segment-by-segment in an
“eternal” loop until there is an interruption (see lines 2—24). In the loop body, firstly, the algorithm
reads data from the sensor into the segment (see lines 3—10), overlapping each segment starting from
the second with the time series read so far (see line 6). Then, we calculate the self-JoinMP and self-
JoinMPI of the current segment (see line 11). Notably, both self-JoinMP and JoinMP computations can
be implemented through any GPU-based algorithm. Indeed, we employ SCAMP [14], which currently
is the fastest MP computing algorithm for GPU. Next, StreaMP starts to merge the segment and the
time series read so far. In case the segment is the first one, it is used to initialize the time series, and
the algorithm proceeds ahead of schedule to the beginning of the loop (see lines 12—15). The rest of the
loop body basically follows the description we give above with Fig. 2. Notably, when MPs Pr and Prg
are merged, since the resulting MP is placed into Pr, we need to shiit its MPI, I7, where the offset
is |Pr| — m + 1 (seelines 17—19). Let us also mention that at the end, the current segment is appended
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Algorithm 1 STREAMP

Input data: segment length n, subsequence length m (both taken as a power of two and n > m)
Output data: not provided
Local data: streaming time series T' = {T'(k)} 22 4,

streaming MP and MPI {Pr, It} = {Pr(k), IT(k)}%2,,

current segment S = {S(k)}7_;,

top-1 m-length motif and discord to be permanently found in stream {moti f, discord}
T« 2, Pr<+ @I+ o > Initialize streaming data

> Process the streaming time series segment-by-segment until there is an interruption

2: while not Interruption do
3: it T = @ then
4: S+ @k« 0 > Process the first segment
5: else

> Process subsequent segments with overlap: a segment starts with the last subsequence of the time series read so far
6: 5 —Tn-mi2,m-1;k+m—1
7: endif
8: whilek < ndo > Read sensor data into the segment

9: k<« k+1;S(k) < READFROMSENSOR()

10:  end while

> Merge the current segment and the time series read so far
I1: {Ps, Is} < SELFJOINMP(S, m) > Calculate self-JoinMP and self-JoinMPI of the current segment
12: it T = @ then > Merge the first segment with itself

13: T+ S;{Pr, IT} < {Ps, Is}
14: continue
15:  endif
> Update MP and MPI of the time series read so far based on the current segment
16: {Prs, ITs} + JOINMP(T, S, m); {Pr, It} < MERGEMPS(Pr, I, Prs, Irs)
> Shift MPI values of the accumulated time series to prepare for concatenation with the current segment’'s MP
17: fork < 1to|Pr|do
18: Ir(k) < Ir(k)+ |Pr| —m+1
19:  end for
> Update MP and MPI of the current segment based on the time series read so far
20:  {Psrt, IsT} + JOINMP(S, T, m); {Ps, Is} + MERGEMPS(Ps, Ig, Pst, IsT)
> Concatenate the updated MP and MPI of the time series read so far with updated counterparts of the current segment
21: APr, It} « {Pr, It} - {Ps, Is}
22: T+ T -Sm-1,n-—m+1 > Concatenate the time series read so far with the current segment (excluding overlap)
> Discover top-1 motif and discord in the streaming time series based on the built MP and MPI
23:  {motif, discord } <~ DISCOVERTOPIMOTIFDISCORD(T, { Pr, IT})
24: end while
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Algorithm 2 MERGEMPS

Input data: MP and MPI of the time series A and B {P4, I}, {Pp, Ip}

Output data: P4 updated by the element-wise minima in A and B, and I4 updated accordingly
l: for k < 1to|P4| do

2:  if Pg(k) < Pa(k)

3: Pu(k) < Pp(k); La(k) < Ig(k)

4:  endif

5: end for

6: return {Py4, I}

to the time series read so far, excluding the overlapping points (see line 22). Finally, the loop body ends
with top-1 motif and discord discovery, which is based on the built MP and MPI and thus costs O(|Pr|).

3. EXPERIMENTAL EVALUATION

In the experiments, we evaluate our algorithm’s efficiency in comparison with the state-of-the-art
analog. We designed the experiments to be easily reproducible with our repository [15], which contains
the algorithm’s source code and supplemental data.

3.1. Experimental Setup

Baseline. Since our review of related work did not reveal any MP computation solution that is both
GPU-oriented and stream-oriented, we compare StreaMP with SCAMP [14], the fastest state-of-the-
art GPU-based MP algorithm, even though it is designed for batch rather than stream processing.

Simulation of stream processing. To simulate continuous MP computation on streaming data,
we use a fixed-length time series, which can be entirely placed in RAM. We employ a set of synthetic
time series generated through the random walk model [19]. In the set, each time series length is a power
of two to provide the highest possible performance of the FFT that the MP computation algorithms rely
on; the time series length gradually increases from 216 (tens of thousands) to 2% (tens of millions). We
take the subsequence length 256, since in the experimental evaluation of time series mining algorithms,
it is one of the most common values for such a parameter [20].

We simulate stream processing by implementing the READFROMSENSOR subroutine (see line 9 in
Alg. 1) with a deliberate delay, which plays the role of the sensor frequency. We calibrate the frequency
based on the time series length used in the experiment, defining it as n/rys:, where n and ry, are,
respectively, the segment length and the running time StreaMP processes the last segment of the input
time series. This technique ensures minimal delay in streaming mode: the algorithm has enough time
to process any segment before the next one arrives, even in the worst case, when computing JoinMPs is
most time-consuming.

To confirm the relevance of the above-described simulation method, in Table 1, for each time series
length involved in the experiments, we show the calibrating frequency calculated w.r.t. our hardware
platform together with a real-domain example of streaming time series processing, which employs a
sensor with the frequency close to calibrating one.

Hardware. In Table 2, we summarize the hardware platform of our experiments installed in the HPC
center of the South Ural State University (Chelyabinsk, Russia) [30]. Notably, in the evaluation, we
employ three configurations of the platiorm, where one, two, and four graphics processors are involved
(referred below as 1 x GPU, 2 x GPU, and 4 x GPU, respectively).

Metrics. In the experiments, we measure the performance of competitors, understanding it as
follows. On one hand, despite the above-described approach to simulation imitating stream processing,
we cannot employ metrics based on the running time over fixed-length time series, since the length of
the real streaming time series is unlimited (infinite). Thus, the performance of StreaMP is defined as
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Table 1. Simulated sensors used in the experiments and their real-domain counterparts

Time series | Simulated Example of a real-domain sensor
length, 22 | SeNsor freq, : :
’ kHz freq, kH7 subject domain
16 240.9 240 Contactless measurement of resp.ira.tion rate and respiratory signal
characteristics [21]
Measurement of velocity, turbulence, and air flow profile; Investigation of
17 228.5 230 . o i .
sound generation and propagation in moving media [22]
18 209.2 210 Remote sensing of the seafloor; biological studies [23]
19 152.6 153 Acoustic assgssment of biomass and distribution of key
marine ecosystem components [24]
Detection of bearing defects and rotor imbalance at early stages;
20 92.6 90 Monitoring of overloads and microstructural deformations in aircraft
fuselages [25]
Attitude control of mini-satellites and UAVs under turbulent conditions;
21 50.6 50 ! A .
Tracking of surgical instrument micromovements [26]
929 926.6 25 High-frequency vibration monitoring; Recording and analysis of rapidly
time-varying mechanical forces, pressures, vibrations, and
23 11.3 10 deformations [27]
Vibration monitoring; autonomous systems;
24 2.5 2 5 .
resource-efficient solutions [28]
Monitoring of seismic wave propagation between wells in
25 0.6 0.6 S :
seismic exploration [29]

Table 2. Hardware platform of the experiments

Feature GPU CPU
Brand and product line NVIDIA Tesla Intel Xeon Gold
Model V100 SXM2 6254
Number of cores 5120 18
Core frequency, GHz 1.455 3.1
RAM, Gb 32 64
Peak performance (double precision), TFLOPS 14.9 8

the running time to process the last segment of the fixed-length time series, which is the worst case
when the algorithm merges the MPs of the current segment and the streaming time series accumulated
at the moment. On the other hand, SCAMP is intended for batch, not stream processing. Thus, the
performance of SCAMP is defined as the running time to process the entire fixed-length time series,
which is the worst case when the algorithm computes the MP of the current segment appended to
the streaming time series accumulated at the moment, performing this from scratch. To present the
experimental results in a more convenient way, we additionally define the absolute speedup measure of
our algorithm over its rival as a ratio of SCAMP and StreaMP performance.

3.2. Results and Discussion

Figure 3 depicts the experimental results for the 1 x GPU configuration. StreaMP outperforms
SCAMP except for time series of length 216 (tens of thousands) and 2'7 (hundreds of thousands). As
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expected, for short time series, our algorithm is slower than its competitor, since in such a case an
overhead of CPU-GPU data transfer is greater than calculation time. As for the time series longer than
hundreds of thousands, StreaMP surpasses SCAMP in performance by several times: from one and a
half to 27 for time series lengths from hundreds of thousands to tens of millions.

The results demonstrate the fundamental difference between StreaMP and SCAMP algorithms
when processing streaming time series. Thanks to its streaming nature, the performance of StreaMP
depends only on the new segment length, not on the total length of the accumulated time series.
SCAMP, in contrast, is designed for batch mode. In a streaming context, its processing time increases
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exponentially with increasing time series length, since when each new segment arrives, it must
recompute the MP from scratch for the entire accumulated time series.

In Fig. 4, we show the absolute speedup of our algorithm on all the hardware configurations. As can
be seen, StreaMP still outperforms SCAMP on two and four GPUs, although not as significantly as
in the case of one GPU. Moreover, StreaMP scales poorly with respect to the number of GPUs. The
most revealing cases are time series with tens of millions of lengths (i.e., 224 and 2%%), where doubling
the number of GPUs in the case of one and two GPUs allows for a performance gain of only about 5%
and 3%, respectively. The reason is that SCAMP, which we use inside StreaMP to compute MPs, is
not well suited for distributed processing of streaming time series. We leave the problem above for future
work.

CONCLUSION

In this article, we addressed the topical problem of GPU-accelerated matrix profile (MP) computa-
tion for streaming time series. For the given time series and subsequence length, MP is defined as a
real-valued array, where the ith element is the distance from the ith subsequence to its nearest neighbor
(i.e., to the most similar non-overlapping subsequence) [5]. The MP allows one to reveal numerous
underlying patterns and anomalies: motifs [6], discords [7], snippets [8], chains [9], etc. However, among
the wide range of MP computation algorithms (e.g., STAMP [5], GPU-STAMP [5], STOMP [5], GPU-
STOMP [18], STOMPI [5], SCRIMP++ [13], and SCAMP [14]), none are both GPU-oriented and
stream-oriented to the best of our knowledge.

In the article, we introduced a novel algorithm called StreaMP (Streaming Matrix Profile), which
employs GPU to accelerate MP computation of streaming time series. StreaMP keeps in RAM the time
series arriving from a sensor and processes incoming data in a segment-wise manner, where the segment
length is the algorithm’s parameter. While processing, we merge the MP of the time series accumulated
at the moment with one of the current segment. To compute MPs, we employ a GPU-based algorithm,
which we consider a hyperparameter of StreaMP. Next, the current segment is appended to the time
series accumulated at the moment. In contrast, MP of the segment we computed is merged with MP
of the time series read so far through our proposed multistep schema. StreaMP computes the JoinMP
of the time series and the segment, and vice versa, and merges their resulting MPs with MPs of the
time series and the segment, respectively. Notably, in all the steps above, avoid losing results at the
junction of the time series and the segment, StreaMP overlaps them in a range that is one less than
the subsequence length. In the end, the algorithm concatenates the modified MP of the time series and
segment, placing the result into the former. The MP we built in this way makes it possible to discover
motifs and discords in the streaming time series in linear time.

In the experimental evaluation, we employed SCAMP [14] as an underlying facility of StreaMP to
compute MPs on GPU and compare our algorithm with SCAMP, since it is the fastest state-of-the-art
GPU-based algorithm for batch mode. We simulated stream processing of a synthetic fixed-length time
series through the deliberate delay, which imitates reading data from a sensor. The sensor frequency is
calibrated to ensure the fact that StreaMP has enough time to process a segment before the next one
arrives. In the experiments, we measure the performance of competitors, understanding it for SCAMP
and StreaMP as the running time to process, respectively, the entire fixed-length time series and its last
segment. Experimental results on a one-GPU configuration showed that, for time series longer than
hundreds of thousands, StreaMP surpasses SCAMP in performance by several times: from one and
a half to 27 for time series lengths from hundreds of thousands to tens of millions. However, for the
shorter-length time series, our algorithm was predictably inferior to its opponent, since an overhead of
CPU-GPU data transfer is greater than the calculation time. As for two- and four-GPU configurations,
StreaMP still outperforms SCAMP (although not as significantly as in the case of one GPU) but scales
poorly w.r.t. the number of GPUs since SCAMP we employ inside StreaMP to compute MPs is not
well-suited for distributed processing of streaming time series.

We have made the StreaMP code and experimental data publicly available [15] so that the research
community can confirm and extend our work. In further work, we plan to extend our approach, revisiting
the problem of efficient distributed MP computing in streaming mode and considering the discovery of
other MP-based data mining primitives in streaming time series.
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