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Abstractd The recently introduced data structure, the Matrix Profile, annotates a time
series byrecording the locatiorof and distanceao the nearest neighbor of every
subsequence. This information trivialprovides answes to queries forboth time
series motifsand time series discordsperhaps twoof the most frequently used
primitives in time series data minin@ne attractive feature of the Matrix Profile is
that it completely divorces the higlevel details of the analyscperformedfrom the
computati onado fdThheeav Matlriifxt i Rr of i | e can
appropriate computational paradigfor the task at handCPU, GPU, FPGA,
distributed computing, anytime computation, incremental computadiwh,so forth.
However,all the details osuch computatiosan be hidden from the analygho only

need to think about heanalytical needin this work we expand on thiphilosophy
andask the following questiorif we assume that we get the Matrix Profile for free
what interesting analytics can we dariting at most ten lines of codé we will

show, the answer is surprisingly large and dive@ar. aimhere is not to establish or
compete with statef-the-art resultsput merely to show thatve canboth reproduce

the results of mangxistingalgorithms and find novel regularities in time sexdesa

collectionswith very little effort.
KeywordsTimeSeries Joins Motif Discovery AnomalyDetection

1 Introduction

The recently introduced time series data structure, the Matrix Profile, annotates a time
series by recording the locatiaf and distanceo the nearest neighbor of every

subsequencg52][57]. This mean that it encodesll the information needed to



answer bothime series motiéndtime series discordueriesperhaps twaf themost
frequently usedprimitives in time series data minirjg4][28][48][52][57]. Both of
theseprimitives canbe discovered in other waylsowever the Matrix Profile can be
computed very efficientlyregardlessof the length of the subsequences considered
(i.e. the dimasionality). This is a useful properbecause all other algorithms that
compute thesprimitives suffergreatlyfrom the curse of dimensionalif24][28][48].
For example, before thavention of theMatrix Profile, no one attempted to discover
motifs longer than 900 datapoints lofi3#][28][48]. In contrast[52] demonstrates a
successfulxperiment in bioinformatic¢hatrequires finding motifs ofength60,000.
Similarly, before the Matrix Profilehe longest dataset seaedior exactmotifs was

a million datapoints lond24][28][48], but [57] increases that record chendred
fold.

While the scalability of the Matrix Profile is an attractive and enalpmagperty it is

not its most interesig feature. The original Matrix Profile paper concludes with the

s e nt eTheteaare mény avenues for future work, and we suspect that the research
community will find many uses for the matrix profilb2]. Recently this claim has
been borne out in a series of papers to show that the Matrix Profile can be used to
support a host of analytic tasks inclugtisemantic segmentatiqt3], the discovery

of evolving patterns (timeseries chains]55], and finding predictive patterns in
weakly labeled datfbl]. It is the extraordinargeneralityof the Matrix Profile that is

its most important and useful featufie® support thissomewhat subjectivelaim, in

this work we make a more concrete clafgiven just the Matrix Profile, and at most

ten lines of additional code (in a hifgrvel language, here we use Matlaime can
perform a host of analytic taskas well asreprodwe the results of much more

complicated algorithms.

Philosophically, we would like the community to regard the Matrix Profilehlike
most programmers regard tBert subroutine in their favorite language. A casual
programmer does notaie or need to know hoiwis implemented (quickort, merge

sort, heapsortetc.),she regardsa s ¢ o mp u t a toiamd sheisds if tosdivier e e

we wi || revisit the idea of ¢ o m§featiorsltFordhe aasd of sorfinfgr e e 0
numbers, most invocations of sadiare on less than one million numbers, and it is possible to sort a million 32
bit numbers on a modern machine in 2flliseconds with essentially no space overhead. Thus, for most



many problems. In a similar spirit, a data analyst does not need to know how the
Matrix Profile is compted (It could be by STAMP52], STOMP[57], STOMPI [53],
SCRIMP++[56], etc.),shecan typicallyregardia s comput at i aseal | vy
to solve manyiime series datmining problemsWe regard this simple abstraction as
game changingAnalysts are much more likely to try out a new idea if they could get

the first results in a few minutes, includingtbba@oding time and computational time.

A tentative idea that take hours or days to produce may never get past the idea stage.

The rest of this paper is organized as follows. After a brief review of the Matrix
Profile in Sectior?, in Section3 we will show ten case studies that support our claim
that many interesting problensan be solvedsing the Matrix Profé and at most ten
lines of additional code. In Sectigh we will offer conclusions and directions for

futurework.

2 General Related Work and Background

In the following section wériefly review the notion and definitionsecessary to
understand the Matrix Profil®0][51][52][53][55][56][57]. Readers familiar with this

material can skip ahead Section 3.

2.1 Definitions and Notation

We begin by defining the data type of interéiste series
Definition 1: A time seriesT N 94 is a sequence of reahlued numberg™ a: T
=[ty, to, ...,t)] wherenis the length off.

We are not interested in tlygobal, but the local properties of a time series. A local

region of a time series is callegdabsequence

Definition 2: A subsequenc& m™ A of time seriesT is a continuous subset of
the values fronT of lengthm starting from position. Formally, Tim = [ti, ti+1, € ,
tium1], Wh e rGen-ntt+1, &dmis a usedefined subsequence length

We can extract all the subsequences from a given time seriegdimgsh window of

sizemacross the time series. This is caléedhll-subsequencset

applications/users, it makes sense to think of sorting ascastaesotce. Clearly, sorting can be a bottleneck
for some applications, but these are rare enough that we think our claienidelfit

~
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Definition 3: An all-subsequencsetA of a time serieq is an orderedset of all
thesubsequences 0t A ={Tim, Tom, € Thm+1m}. We useA; to denoterl; m.
Note the all-subsequenceset is defined purely for notational purposes. In our
implementation, we do not actuakxtractthe subsequences in this form as it would
require significant time overhead, and explode the memory requirements
We cantake any subsquence from a time series and compute its distance to all the
sequences in an aglubsequence sa&le store these distance values in a vector called
thedistance profile
Definition 4: A distance profileD is a vector of the Euclidean distances betwaeen
given query subsequenaad every subsequenicethe allsubsequence set
We assume the distance is measured as the Euclidean distance between the z

normalizedsubsequencdd].

The first four definitions ar#lustrated inFig. 1.

| Q, query of lengthn

T, a snippet of a synthe
time series m M‘/

R
D, a distance profil Note tha{D| = |T|-{Q[+1
L J
0 mi2: m2 2,000
l_'_l

Fig. 1 A subsequenc® extracted from a time seridds used as a query to every subsequende in
The vector of all distances is a distance profile.

Note the query subsequence and thewatisequence set may or may not belong to the
same time series. By definition, if the query subsequence and th&akquence set
belong to the same tinseries, the distance profile must be zero at the locatidmeof t
guery, and close to zero just before and aftesuming only that the time series is
somewhat smoothBuch matches are call&dvial matchesin theliterature[28], and

are avoided by ignoring an exclusion zone (shown as a gray regio before and
after the location of the query. Practically, we setdis¢ance values in the exclusion

zone to infinity.

The minimum value of a distance fite indicates the nearest neighl{oe., INN) of

the given gquery subsequence within thesalbsequence séiVe are interested in



finding the nearest neighbor e¥erysubsequencehis constitutes a&imilarity join

set

Definition 5: Smilarity join set: given two all-subsequence sets and B, a

similarity join setJag of A andB is a set containing pairs of each subsequenge in

with its nearest neighbor iB: Jas={06 A[i], B[j] O] dinn (A[i], B[j])}. Here dinm

(Alil, B[j] ) 1 s a Bool ean funct iRBjhistehneaccht r et u
neighbor ofA[i] in the setB. We denotehe similarity join seformally asJas =

A& q1nnB.

We use twovectorss, the matrix profile and thematrix profile index to store the
nearest neighbor informatioof a similarity join set.The matrix profile storesthe

distances between d@he subsequences and their nearest neighbors:

Definition 6: A matrix profile Pas is a vector of the Euclidean distances between
each pair inJas, where the™ element ofPag is the distance betweek and its

nearest neighbor iB.

We call this vector a matrix profile since it could be computed by using the full
distance matrix of alpairs of subsequences in time seri€s and evaluating the
minimum value of each row (although this method is naive and -$peieient).

Fig. 2 shows the matrix profile of our running example.

T, a snippet of a synthetj
time series M

R_Y_J
e T\
profile Note that |P| =T|-|Q|+1

L

J
0 2,000

Fig. 2 A time seriedT, and its seHoin matrix profileP.
The i element in the matrix profileP indicates the Euclidean distance from

subsequencém to its nearest neighbor in time seriedHowever, it does not indicate
the location of that nearest neighbor. This information is recorded in a companion

data structwe calledthe matrix profile index

Definition 7: A matrix profile indexias of a similarity join setJas is a vector of

integers where thigh element ofagisj if { A, BiG'N Jas



By storing the neighboring information in this manner, we can efficiently retrieve the

nearest neighbor of queAy by accessing thi' element in the matrix profile index.

In general, the function which computes the similarity join set of two input time series
is not symmetricJags | Jea, Pagl Pea, andlag i Iga, except in the special case where
A=B.

We can regarthe matrix profile as anetatime series annotating the time serlei

the matrix profile is generated by joiniAgwith itself (.e., A=B). This profilehas a

host of interesting and exploitable properties. For example, the highest point on the
profile corresponds to the time s=idiscord8], the (tying) lowest points correspond

to the locations ofhe best time series motif pa##8], and the variance can be seen as

ameasureofthB0s compl exi ty.

We call thisspecial case of similarity join seéD¢finition 5) a selfsimilarity join set
the corresponding matrix profile aelfsimilarity join matrix profile and the

corresponding matrix profile indexsalfsimilarity join matrix profileindex

Definition 8: A seltsimilarity join set Jaa is the similarity join of an all
subsequence sét with itself. We denote this formally adaa = A & qinn A. We
denote the corresponding sselfmilarity join matrix profile as Paa, and the

correspondingelf-similarity join matrix profile indexasl| aa.

For clarity of presentation, we have confined this work to the single dimensional case;
however, nothing about our work intrinsically precludes generalizations to
multidimensional data. In the multidimensional data, we would stilehawingle
matrix profile and a singlenatrix profile indextheonly change needed is to replace
the onedimensional Euclidean Distance with thelimensional Euclidean Distance,

whereb is the number of dimensions the user wants to consider

2.2 Summary of the Previous Section

Since theprevious section was rather denkBerewe summarize the main takeaway
points. We can create two meta time seriles matrix profile and thematrix profile
index, to annotate a time serie& with the distanceto and locationof all its
subsequencésearest neighbors in itself or another time seBe§hese two data

objects explicitly contain the answers ttee time series data mining task$é motif



discovery and discord discovef$3]. Moreover, as wewill show below,we can
easily perform many other kinds of analyticsing thematrix profile and thematrix

profile indexas primitives

To makethe ontributions of this work more concrete, wél occasionally show the
actual code we use to solve various problems. The two basic tools that perform the
key operations explained above are:
[MP, MPindex] = computeMatrixProfile(T, m; % Def 8
[JMP, JMPindex] = computeMatrixProfileJoin(A,B,m); % Def6 -7

Once again, a key assumption of this work is that these operations can be computed
very fast, by anyne ofhalf a dozen algorithmgptimized for various computational
paradigms. Thusve simply take these operations as gjveemd see what we can do

with themwith just a tiny amount of extra coding effort

3 Ten Useful Things you can do with the Matrix Profile and Ten Lines of
Code

In this sectionwe show the eponymousen useful things you can do with the matrix
profile and ten lines of codén every case we make the data avail§d®. The cale
to compute the matrix profile can be found4@] and the remaining code is placed
inline in this work. Note that we see these asdemonstrationsWe do notxpand
any section with theigor onemight expect if itwere asingle idea being presented in

a paper.

3.1 Discovering Motifs Under Uniform Scaling

The utility for motif discovery under uniformcaling invariance was first considered
in [48]. We revisit the motivation with a simpéend visually compellingxample. We
took two exemplars &ém the same class from the MALOAdatasef9] and imbedded
them into a random walk datasés Fig. 3.top shows, even without the coleoded
clue brushed do the data by theMatrix Profile discoverytool [40], the repeated

pattern is visudy obvious.
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Fig. 3 topleft) A random walk time seriesith two exemplars from the MALLAT dataset
imbedded at locations 2001 and 5025. The color highlighting indicates tke rrogtif, which
unsurprisingly are exactly the imbedded pattetmaright) The matrix profile corresponding to the
random walk time series. The minimum values correspond to th#& toptif in the time series.
bottomleft) The samédime seriesbut with the second half linearly stretched by 5%. This causes the
top-motif to chan@ to snippets of random walkottom.righy The matrix profile corresponding to
the stretched time series. We can see that the minimum points changed.

We then took the second half of the time series and linearly sckitchy 5%. By

any standard such a change is a trivial differenceand essentially visually
imperceptible Nevertheless, d5g. 3.bottomshows, the pair of imbedded patterns are

no longer the tofd motif, an unexpected and disquieting result. Before we show how

t o addr ess this Atwheée hivMatt hk senfinresopcedeéd s pl u

frameworko we note the following facts that mitigathe issue.

1 For the rescaled version, the pair of imbedded patterngheasecondbest

motif and onlyjust nudgedout bythe spurious random walk pair.

1 If, instead of searching with a motif length of 1,024, the original length of the
imbedded pattern, evhad searched for a stenmength, say 500, then the best
motif would have been a ssibquenceof the imbedded patterrlhe user
couldthen haveexaminel the shortermotif and realized it could be extended
significantly while maintaining its similarity.

1 We deliberatelychose this dataserom the85 in the UCR &chive, knowing
it would be verysensitive to changes ilnear scaling. This is because
complextime series (sef3]) with very sharp rises and falls aparticularly
sensitive tchaving featuresut of phase. For modhatasets, motif discovery is

much more robust to small amounts of uniform scaling.

Despiteall thesemitigating facts Fig. 3.bottomclearly shows tat theremay besome
situations in which there is a need to fimbtifs with invariance to uniform scaling.
To the best of our knowledge, there is only one research effoltabatddressed this

However this method ispproximaterequires manyparameters to be setndis only



ableto support a limited range of scalifgg]. In contrast, we can easindexactly

solve thisproblemunderour simpleassumptions

For the momentassume that we know the scaling factor we want to be invariant to
happens to be 1.64. We can take the dafbsetd copy a stretched version of it into
T2, simply by using

T2=T(1:1 00/164: end); % Unofficial Matlab  way to resample

If we now call

[JMP, JMPindex] = computeMatrixProfileJoin(T,T2,500);

Now, the resulting Matrix Profilewill discover the motifs with the appropriate
uniform scaling invariance. In fact, we did exactly this on a 6,106,456 length trace of
household electrical demanddscover the motif shown iRig. 4.

2000 January 14 January 18

1000

0

326,100 327,100 367,000 367,400

The January 14™ patternis a near perfect
match the January 18t pattern, after the
latter is uniformly stretched to 164% of its
original length.

Fig. 4 top) Two noncontagious snippetsdm the ElectriSense datagé6]. While semantically
similar, they have a very large Euclidian distamezause they are of different lengtbstton)
After stretching thddanuaary 18" pattern by 164%, the two patterns ahmostidentical

Themotif patternappears to be the three elements of a dishwasher cycle, (thesa
dry), which can take differe@mounts of time due to the use of the optidradi-load
feature[23]. In this case, w&new from some first principle physics hdw setthe
scalng factor but hat may not always be the cas@#ven our assumptions, we can
simply iterate over all possible scaling factors imgigen range. Br example to
discovermotifs that are similar after scaling one pattbyn150%0 to 180%, we can

use the folbwing code snippet.



min JMP=inf(1,length(T)), minScale=ones (1,length(T)) ;
minJMPindex=zero s(1,length(T)) ;
for scale_factor = 150 : 180
T2 = T(1: 100/scale_factor: end);
[JMP, JMPindex] = computeMatrixProfileJoin(T,T2,500);
locs = JMP < minJMP;
minJMP(locs ) =JMP(locs ), minScale( locs ) =scale_factor/100;
minJMPindex(locs)=JMPindex(locs );
end

This example perfectly elucidates the philosophy driving this paper. For many time
series data mining tasks, we may not need to spend significant human time designing,
implementing and tuning new algorithms. The Matrix Profile and ten lines of code

may besufficient.

3.2 Discovering Time Series Semordnilaps

Consider the sentence fr agédhetongestveddi scov
Tasmanian devil recorded was Cool@lo [46]. This snippet contains &enordnilap

pair [33], themirroredw o r divsedo i a ded!0 Semordnilap are easy to find in

arbitrary text stringsand indeed have an important roleniolecular biology For

example, mny restrictionrenzymesecognize specific palindromic sequences and cut

them As a concrete examplde restriction enzyme EcoReécognizs the following
palindromicp a i GAATT@0 a @TTAAGO[21].

Because theriginal definition of time series motifs was directly inspired thg
analogy to DNA, it is natural to ask if there is a natural time series analogy to
semordnilap, and if so, can they be efficiently discovereBfom the previous
example, the reader will readily see that thigivial, we can simply use:

T2 = fliplr (M); % returns T reversed
[JMP, JMPindex] = computeMatrixProfileJoin(T,T2, ny;

The only question remaining:isre therenatural domains that contain time series

semordnilap? The answer is affirmative.

To demonstrate the utilitpf Semordnilap discovery, we consider Joseph Haydn's
Symphony No. 47 in G major, written in 1772. In particulse examined a

performane by the Tafelmusik Orchestrdirected by Bruno Weil in 199[80]. The



performance iswenty-oneminutes and tw@econddong. As shown irfig. 5.top, we
convertedit to Mel-frequency cepstral coefficients (MFCC) using windows with 0.5
second and 50% of overlap (sti@nd music processing settinggye setmto 150, or

37.5 seconds

At 14 minutes and 53 secondisere is a Semordnilapf a passage we encountered at

14 minutes and 16 seconds.

MF C &ynphony
No. 47

0 minutes:seconds 21:02
14:53 C—\)
14:16
0 seconds 40 0 seconds 40
() | - e @ |- | ,
o HEF 1 | T I 1 I N I T —J ] | ]
i Yy 1 1 | I | 1 | - | - | -
[ Fan r I+ T | T | 5 & " i I T T -
37 = 3 | _J 1| | 1 11 Il 1 1 11 1 | K ]
[y — i T T I
al roverso
Gy | -~ | - - | _

L= EEEmaer e eerecemene
= ol o] | l‘—r ] R '.!_./

Fig. 5 top) Haydn's Symphony No. 47 converted to MFQ@@nter.leff Two snippets found by
Semordnilap discovery appear unrelated until we flip one backwards indamter(righf). bottom
The sheet music for the relevant section explains this unexpgisteyvery.

Fig. 5.bottomexplains the presence of such a perfectly conseBasdordnilap As

noted in[7], Thi&é most extraordinary of all canonic movements from this ignoé
course from Symphony No. 47. Here Haydn writes out only one reprise of a two
reprise form, and the performe mu st pl ay t hdhe seocosad tine 6 b a ¢ k

around .
While this example is clearly contrived, there may ®emordnilap waiting to be
disoovered in dance, travel trajectoriesedical dataindustrial processes, and a host

of domains that have yet to occur to us.



3.3 Discovering Time Series Reverse Complements

Our success in findin@emordnilap immediately suggests another specialized type
patern we could search for. Are there examples of patterns which repeat, but in which
one pattern is thmverse of thether?That is to say, unlik&emordnilap, which are

Af |l i pp etiheaxis, are thehegattertisatare flipped upsidelown in thevalue

axis?We call such patterns Time Series Reverse Complements (TSRCSs).

For example,El Nino Southern OscillationENSO is a phenomenon that is
characterized byntermittentnegative correlations between the surface temperatures
observedin the Central and Eastei@cean[19]. However, there are much more
guotidianexampes. Considethe two-minute snippetof time serieshown inFig. 6.

It shows the yaxis from a hipworn accelerometer from the US4AD Database

[54]. As shownin Fig. 6.bottom.leff the best motif of lengthwenty seconds is not

well conserved, and almost looks like two random subsequences. This is unsurprising,
apart from dance or athletic performances, we would not expect human behavior to
faithfully repeat over such an extended timalecHowever, we also searched for the
best TSRC pattern of the same length, and as shoWwig.il6.bottomcenterand Fig.

6.bottomright it is stunningly well conserved.

1 minute 2 minutes

The red pattern has
’ \ been inverted
L H ) )

1 seconds 20 1 seconds 20 1 seconds 20

Fig. 6 top) Approximately two minutes from a dataset from aWigrn accelerometer of quotidian
activity. bottom.leff The best motif of lengttwenty seconds is not well conserved, however, if we
generalize the search to consider TSRC moliégtém.centerwe find a highly conserved pattern.

To better see how well conserved it is, bottom.righ} we show the patterns with one element
inverted, and both patterns smoothed. However, we note that we discovered this pattern in the
original noisy space.



What is the machanism that produced this pattern? At albaenty-two seconds into

the recording, the user stepped into an
elevator ascending, followed by thed-apir e cover 06 as the el evat
desiredfloor. After about one minute, the user took a return trip, descending the same

number of floors.

The reader will readily appreciate that discovering TSRCs with the matrix profile is
trivial, we simply usé:
T2=T* (-1); % returns T flipped upside down
[JMP, JMPindex] = computeMatrixProfileJoin(T,T2, ny;
Note that in this case, the discovered TSRIEo happens to be &emordnilap
However this need not be the case in general.

3.4 Segmenting Repetitive Exercises

In recent yearghere have been dozens of papers published on the task of segmenting
repetitive exercisesi such as weight training and calisthenicsvia body worn
sensos. Seg[26] and the refererss therein and thereof. A86] forcefully argues,
this problem ismore difficultthan itmay seem at first ghece. Many of the proposed
methods use Hidden Markov Models, a powerful technique, but one that typically
requires a lot of trainingata and careful parameter tuning. While we do not claim to
be able to reproduce all the features of systemeh aRecoFit[26], we note that at
least in some casef)e Matrix Profile and a single line of extra code can segment
repetitive exercises with high accura@pnsiderthe following two lines of code.

[MP, MPindex] = computeMatrixProfile(T,m);

regions_of _ repetiti  on =MP< 2/3* (min( MB+max(MP) );
We tested this codgnippeton the Pamap Datasd84], a dataset frequently used by
the relevant communityig. 7 shows the result.
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Fig. 7 top to bottom A snippet of accelerometer data fréfamap Datase$ubject 1 shoeAcc X-

axis, with its ground truthrsegmentation, into Ascending stairs, Descending stairs and Transitional
activities. The MP segmentation we predicted largely agrees, and was computed simply by
thresholding the Matrix ProfileAfter castingthe ground truthsegmentation in a Boolean vectdf
{Transitional | other} we find out predicted segmentation agrees with it 93% of the time.

Why does this simple idea work so well? Bltdtat activitiessuch asascending stes
and descending stairs correspond to very-a@tiserved, periodic movemenf the
person, so such data would haveloav matrix profile value. In contrastthe
transitional activities arenore at randomgenerating very noisy patterns wikigh
matrix profile valuesTherefore,n this dataset, a single threshold is enofaytus to

segment the activities.

3.5 Robust Distance Functions

Distance functions are at the heart of much of data mining, espduiad\serieslata
mining [3]. We can characterize distance functions by the inmaea they achieve.
For examplé€here walllustrate with text the discrete analogu# time series):

1 Euclidian distance is invariant to noisy data, and able to discover the similarity
betweercat andrat .

1 Dynamic Time Warping is invariant to local misalignments in the data and
differing data lengths, and able to discover the simyldretweenconcat

andcooncat .



1 Cross Correlation is invariant to phaséignment, andcan discover the
similarity betweercathouse andhouse cat .
1 Longest Common Subsequence is invariant to minor insertions/deletion in the

data and able to discover the similarity betwgenome andgene .

While thereare many such distance measures to handleoteridistortions irshort
time series,long time series provide greater challenge€onsider the following
phrases:

A= we can sequence the genome of the cat
B = the cats genome was sequenced in 2014
C = xe hes jlvoegee kjsw eagwe ogawe acea

Here the hamming distance (the discrete analoglsuolidean Distance) between
andB is 31, but the distance betwegmndC is only 26. This is an unintuitive result,
given that we immediately see the common structueandB. What we want is a
distance measure that can rewardndB for sharingmany subsequences, even if they
are out of orderThis issue also occurs for time series. To see this, we consider pairs
of tenrsecond snippets extracted from four individuals experiencing cardiac issues. A
shown inFig. 8.left, we clustered them using a Euclidean distaaneragdinkage
hierarchical clustering

o bl L AL L LY L LA 7 e
Distance Shared
B I O T O N O VO

Distance

Fig. 8 left) Eight tensecond snippets of time series, from four individuals, clustered using
Euclidean distance singlenkage hierarchical clusteringight) The same snippets clustered using a
Matrix Profile based distance measure.

Here the disappointing results of Euclidean distance could be mitigated by very

careful beat extraction and alignmeHbwever,we want to be able to use distance



functions with minimum human effort and knowledge. There are some distance
functions thatanachieve the required invariances.eifmames bagof-patterng25],
bagof-words [45], and so onsuggest both their source of inspiration and their
approach. Whilehtese methods may produce better results for our task at hand, they
all have at least three parametansl require significant implementation effort. In the
spirit of this work, can we reproduce at leasmeof their effortwith the MP and a

few lines of code? To answer this question, consider the following lines of code:

[JMP, dummy] = computeMatrixP ro ilfeJoin(A,B,m) ;

MSMD = min(JMP) ;
Using this MSMD distance measure, we produced the clustering showrigin
8.right. Note that MSMD is symmetric: we can reverse the order of A and B in the
pseudocode and obtain the same result. Asslihé a set of all subsequences
extracted from time serie&, and’Y is a set of all subsequences extracted from time
seriesB, then MSMD is simply the minimum among all pairwise distances between

subsequencesdm Y and subsequences from.

We can further test the utility of the MSMD distance measure, using classification.
Almost all time seriesclassification comparisons are based on the UCR archive
[3][11]. However most of the datasets in that archive are extracted from larger
datasets with ra extrat¢ion tool based on the Euclidian distance. Given that, it is
hardly surprising that Euclidian distance (and DTW, which subsumes Euclidian
distanceasa special case) will be hard to b§ht]. However, thenewest release of

the archive contains three related datasets that were processed in a different way. The
source dataset is data from fifttyo pigs having three vital signs monitored, before
and after an induceidjury [15]. The data areital signs measured at high frequency
(250Hz) using a bedide hemodynamic monitoring systemuch like a setup that
one might expect tgsee in a modern ICUThe collected measuremerase arterial

blood pressure, central venous pressure, and airway presiusieally for our
pur poses, t leikeanuhe(pre@2018)UGR data setS, the vital signs are
not temporally aligned: Aie starting point of observation is effectively arbitarye

compared MSMD, Euclidian distance and DTW on the three pig datasets. We used

the predefined train/test snpland, DT&asnib



value forw (the warping window width) with cross validation on just the training

data.Tablel summarizes the results.

Table 1: A comparison of the hotlout error rates of onenearest neighbor with three distance measures
In each dataset, the default rate is 0.980, because each of the 52 gEgequally likely.

Dataset MSMD (m) Euclidian distance DTW (w)
PigAirwayPressure 0.134 (425) 0.944 0.903 (1)
PigArtPressure 0.000 (140) 0.875 0.802 (1)
PigCVP 0.105 (200) 0.918 0.841 (11)

The results show thathile both Euclidian distance and DTW struggle to beat the
default rate, the MSMD can achieve a very low error rate. It is possible that we could
improve DTW by using endpoint invariance DTW, and we could improve Euclidian
distance by doing circular shift Euclidian distance. However, these results strongly
support our basic claimyou can get good results with the Matrix Profile and a

handful of lires of code.

3.6 Meter-Swapping Detection

Electricity theft isa multi-billion-dollar problem worldwidg39]. There aredozens of
ways to steal power, but some modern wireless meters offer a surprisingly easy
methodwith little chance of detectiof0]. Suppose customéris a heavy consumer
of electricity; perhaps he has several electric cars, or a machineostzomaijuana
nursery in his garagefurther suppose that he notes that one of neighbors
customerB, an elderly widow living alonegonsumes very little power. It is possible
for A to surreptitiously switcthis meterwith B, and thus only have to pay for her
meager consumption, while sheinwittingly gets lumberedwith paying for his
extravagant consumptiorThis crime is calledmeterswapping and has become
increasingy prevalent apower companies have reduced meter reading staff im favo
of wireless meter readif§9].

It might be imagined that this would be easy for the power company to detect, as there
would be a significant change ithe averagepower consumedy two houses
However, as Fig. 9.top hints at, power consumption is often bursty anywgyr
example families take vacationsyelcome a new babyr have childrerreturn from

collegefor a few weeks.



Our intuition to solve this problem is to note that wivitdumeof consumption is not

a good feature, some households may have
a day. Note that wdo notexpectall days to be conserveddunique, it is sufficient

for our purposes that theuseholdoccasionallyproduces a weitonserved pattern,

perhaps correspond to a lgewer use on th8abbathfor an orthodox family, or (as

in one of theauthosbexperienciganall-dayobligation to wash and dry the soccer kits

for the entire teamnce every seven weeks

We consider a dataset of household electrical power demand colfemtetventy
housesin the UK in 2013[29]. To simulate a meteswapping event, we randomly
chose two of these time series, and swapped their tstagig atNovember 18.

As we can see iRig. 9.top this change is not readily visually obvious.
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Fig. 9 top) Five time series fronthe set 0f20 we consider for this demonstration, spanning from

January 1 to December 23 A randomly chosen pair of time seriesad t heir At ail so (
after November 1) swapped to simulate a meswapping eventniddle If we join thehead and

tail of H11, the ¥ motif pair h& a mutual distance of 9.56, slightly lower than the mefthe

motif distancefor all 20 housesbotton) If we join the head and tail pair from any of the 400 such
combinations, thes motif pair from the join ofHeadi:; and Taiks produce the smallest utual

distance, of just 28 the motif patterntook strikingly similar.



To find the swapped time seripair, we propose the following simple algorithkive
divide all the time series into two sectionsh e foHead or t o"ahlov e mbe
the GTaubsequent " wWejoilNal possible eombirfatibns of Heads
and Tails, andecord thepair H, H;j that minimizes the following score:
SwapScore{,j) = min(Headh & glnn Taily) / (min(Headh & glnn Taiki) + epsilon)
In our simple experiment, this score was minimized byH11 and = H4, whichas
it happensare our swapped pair. ABig. 9.bottomshows the motif spanning these
two apparently distinct traces time seriessisspiciouslysimilar, perhapssimilar
enough to warrant a visit by a meter reader/fraud prevention officer.
As before, the code to do thsstrivial given the Matrix Profile
for =15
[ MP,MPindex] = computeMatrixProfile( Head(i) , m;
minMP = min(MP) + eps %epsis Mat | abos -mepsilort
for j=i+1 5 % Prod uce all pairs of Heads and Tails
[IMP,IJMPindex]=computeMatrixProfileJoin( Head(i) , Tail(j),m );
Score = min(JMP) / minMP ;
<trivial code to maintain the minimum Score so far>
end
end
Note that in ousimpleexample we assumed we knew the date of the swap, removing

that assumptiomould simply require expanding our search space.

3.7 Shapelet discovery

Time series shapeketire time seriessubsequensethat bestrepresent a claggl9].
The Matrix Profile can help us quickly identify good shapelet candidaléss idea
was mentioned in passing j82] but was not fully developed and evaluated due to
lack of space.

We demonstrat®ur approach with th&unPoint dataset. This dataset has tvesses,
Gun and NoGunNoGun isalso known adPoint, hence the name GunPoinfs

shown inFig. 10, we construct time serieBa by concaenating all the instances of the



Gun class, and construct time seriesby concatenating all the instances of the
NoGun class. WensertanNaN value inbetween every two concatenated instances to
avoidintroducing artificialpatternghat arenot present in the original time seri&ge
then computéwo matrix profiles,Pss andPsa. For simplicity, we us& subsequence
length of 38, which is the length tife best shapelet reported for this datd46i.

Intuitively, Pss will be smaller thanPsa because we wouldxpect subsequers
within thesame class to be more similar than those of different claBsedlifference
betweenPga and Pgs (we denote it a® = Psa - Pgg), as shownn Fig. 10.bottom

generallyagrees with this intuition.

Ta: Concatenation of class 1 (Gun)
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Tg: Concatenation of class 2 (NoGun)
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Fig. 10top and middle Two time serie®\ andB formed by concatenating instances of each clas
GunPoint datasetbotton) The difference betweerPsa and Pgs. The topl0 peak values
(highlighted with red circles) are suggestive of good shapelet candidates

We propose the peak values fhare indicabrs of good shapelet candidates, because
they suggest patterns thae well conservead their own class butre very different
from their closest match in the other £ta We pick the tofi0 candidates fronTs
(analogouslywe can find the tofi0 candidates frorfia if we consider the difference

betweerPag andPaa). Thecode snippeis as follows



[PBB, dummy] = computeMatrixProfileJoin(B, B, m);
[PBA, dummy] = computeMatrixProfileJoin(B, A, m);
MPdiff =  PBAT PBB

indicesOfTopShapelet = topTen(MPdiff); % trivial code to
implement topTen (extracting the top 10 peaks from the matrix
profile) omitted

In Fig. 11left, we can see that all the 40 shapelets give very highassification
accuracy on both the train atestdata.Among them, & choose the one that renders
the highest classification earacy on the training set (th& 6hapelet) and show it in
Fig. 11lright. This shapelet gives 93.33% accuracytbe test data, which ishigher

than the 91.33% accuracyof OneNearestNeighbor with DTW distance measure,
with a bonus advantage significantly lessclassification time. The shapelet learned
reflectsa distinct characteristic of the class that it repreg@u&un), asdiscussed by

Ye and Keogh49]: théiNoGunclasshas a @Adi po where the
down by her side, and inertia carries her hand a little too far and she is forced a
correct it a phenomenon known d@svershooid. In contrast, inthe oppositeGun
class, theactor carries a gurbhe needs to put the gun baickthe holster and then

bring her hand to a complete rest position, generatidifferentpattern

1
Aninstance fromthe NoGun class
0.95 Train accuracy /

Best shapelet
Test accuracy /

o
©

0.85

Classification Accuracy

o
3

1 2 3 4 5 6 7 8 9 10 0 80 160
Shapelet candidates

Fig. 11 left) Classification accuracy of ten tépn shapeletandidates. All the candidates rend
high classification accuracy on both train and test daght) The best shapelet found in trainin
Classification with this shapelet on test data gives 93.33% accuracy, higher than the ¢
accuracy of Onédeares-Neighbor DTW. This 93.33% accuracy is also the best accuracy ach
with theclassic shapelet search approftdi.

In hindsight, thisshapeletalso achieves the samdassificationaccuracy on the test
data asthe original shapelet algorithrf#9]. However, in contrast tothe classic

shapeletalgorithm which exhaustively evaluasethe classification power of every
possible shapelet candidate in the databet MPreadily providesthe top shapelet

candidates for free

a



3.8 Detecting and Locating Low Frequency Earthquakes

Low frequency earthquakes (LFES), whichcur episodically,c o u Ipatentiélly
contribute to seismic hazard forecasting by providing a new means to monitor slow
slip at cepthd [37]. As such, detecting and locatihgfEs are ofgreat importance to

the seismology community.

The waveforms ofarecurring LFErecorded at the sanseismic statiorare normally
very similar to each otheas they reflect the unique signature of the wave reflecting
and refracting through the local substrate. Theescandetectthem by extracting the
top motifs from the Matrix Piide of the continuousseismograplrecordingtime
series(e.g., [57]). However, as indicated ifb7], this can result in a lot of false
posiives sincethe sensorrecordingof a single seismic statiooften contairs many
repeatingsensor artifactsr instrument noiseThough such false positives are easy to
filter out byhuman eyd57], this becomes untenable when the data is long enough to
contain hundreds or thousands of false positive evéinds.12 shows the matrix
profile correponding to a 24our seismic recordingf the FROB stationnear the
central San Andreas fault aaRfield, CA on Oct 9", 2007. The data is sampled at
20Hz (1.728 million datapoints in tojalrhe matrix profile contains hundreds of deep

valleys, but onlyless than 10% of theare corresponding to true LFEs.
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Fig. 12 The matrixprofile of the FROB station on Oct"92007 contains a lot of deep valleys, a
vast majority of which are false positives

Is there a way to automatically filter out &ahe undesirable eventgi.e. false
positives® Note thatsensor artifacts or instrument noee local(i.e., they will only
be detected by a single seismic statiamhile recurring LFEscan be detected by
multiple stations at similar ties. Correspondingly, wewould expect the matrix

profiles of multiple staons to showlow values at the time when an LFE o=un



contrast, when #alse positive evenbccurs, onlyone of the matrix profiles would
show low valuesand the others will show high valuéis renders a simple solution
to our problem: all we neetb dois get theelementwise maximumof the matrix

profiles corresponding to multiple nearby stations.

In Fig. 13.topwe zoom ina 15second snippet of the matrix profs@ownin Fig. 12
at around 3amwhen an LFE occursand compare it witthe same snippet taken from
the matrix profile ofa nearby seismistationJCNB (shownin Fig. 13.botton). As

expectedboth snigpetscontain avalley.
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Fig. 13 top) A 15-second snippet of the matrix profile showig. 12 at around 3ambotton) The

same snippet of the matrix profile corresponding to the seismic recording oédieystation

JCNB. Both snippets contain a deep valley, but they are a little bit misaligned as the two stations
receive the earthquake signal at slightly different ime

However, note that the two valleys ataghtly misaligned This is because the swe

of the LFE locateslightly closer to theJCNB station than to th&ROB station and
earthquakes travedt a finite speed. Thusf we simply take theelementwise
maximum of the two matrix profiles, thalley will become shallowFortunatelythis
misalignment(denoted asqirr in Fig. 13.botton) has physical limits:the two stations
are about 10 km away, and the veloadfyseismic waves near the surface of the earth
is around 34 km/s, sdigirr cannot be more than 5 seconds (i.e., 100 data poksds).
such,we slightly adjustourfi e | e-me 8 € ma strataegytortkie following we
match the™ elementof MPrros (1 | O [MPerosg|) to the minimum elementwithin the
range fnax(@-100, 1), min(i+100 |[MPicngl)] of MPscng, then take their maximum.

Thepseudecode is as follows.



[MPfrob ,dummy]= computeMatrixProfile( DATArob , m); %FROB station
[MPjcnb,dummy]=computeMatrixProfile( DATAjcnb , m); %JCNB station
Lfrob = length(MPfrob), Ljcnb = length(MPjcnb);
for i =1 :Lfrob
[min Val, minldx ] =min( MRcnb (max(i - 100,1):min(i +100, Ljcnb )) );
MHArob (i ) = max(MHRArob (i),minV al ), Index (i )=minldx ;
end
Fig. 14.top shows theresulting matrix profilevArob , which is muchficleane6 than
the one shown ifrig. 12. We presentedhe top 10 motifs extracted from this matrix

profile to a seismologisi36] (thetop 3are shown irFig. 14.botton), and he verified
that theyare all true LFEs.
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Fig. 14 top) The deep valleysiithe resulting matrix profilall correspondo true events (compare
to Fig. 12). bottor) The top 3 motifs extracted from the resulting matrix profile

Besidesdeteting true LFEs, note thatour simple strategyalso provides extra
implicationsfor locating the LFES. The time differencetqir sShown inFig. 13 can be
found from the Index vector in our pseudocodeand f we know such time
difference betweeB pairs ofnearbyseismic stationsiithe area, the exact location of
the source of the LFE can be calculated. igervedetailed analysis and further

demonstration of such considerasdar future work.

































