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Abstract— The recently introduced data structure, the Matrix Profile, annotates a time
series by recording the location of and distance to the nearest neighbor to every
subsequence. This information trivially gives the answer to both time series motifs and
time series discords, perhaps the two most frequently used primitives in time series data
mining. One attractive feature of the Matrix Profile is that is completely divorces the
high-level details of the analytics performed, from the computational “heavy lifting”.
The Matrix Profile can be computed using the appropriate computational paradigm,
CPU, GPU, FPGA, distributed computing, anytime computation, incremental
computation, etc., but this can all be hidden from the analyst. Expanding on this
philosophy, in this work we ask the following question. If we assume that we get the
Matrix Profile for free, what analytics can we do, writing at most ten lines of code? As
we will show, the answer is surprising large and diverse. We can both reproduce the
results of many much more complicated algorithms, and find novel regularities in time

series.
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1 Introduction
The (ek will do)

The original Matrix Profile paper concludes with the sentence, “There are many
avenues for future work, and we suspect that the research community will find many
uses for, and properties of, the matrix profile that did not occur to us.” []. With the
Matrix Profile having spent a year it the public eye, we are now ready to consider uses
for the Matrix Profile.



2 General Related Work and Background
To do...

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

1.1 Discovering Motifs Under Uniform Scaling
The utility for motif discovery under uniform-scaling invariance was first considered

in [yy]. We revisit the motivation with a simple and visually compelling example. We
took two exemplars from the same class from the MALLET dataset [4], and imbedded
them into a random walk dataset. As Figure 1.top shows, even without the color-coded
clue brushed onto the data by the Matrix Profile discovery tool [], the repeated pattern

is visually obvious.
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Figure 1: top) A random walk dataset with two exemplars from the MALLAT dataset imbedded at
locations 2001 and 5025. The color highlighting indicates the top-1 motif, which unsurprisingly are exactly
the imbedded patterns. bottom) The same dataset, but with the second half linearly stretched by 5%. This
causes the top-motif to change to snippets of random walk.

We then took the second half of the time series and linearly stretched it by 5%. By any
standard such a change is a trivial difference and essentially visually imperceptible.
Nevertheless, as Figure 1.bottom shows, the pair of imbedded patterns are no longer the

top-1 motif, an unexpected and disquieting result. Before we show how to address this



within this paper’s “the Matrix Profile plus ten-lines-of-code framework”, we note the

following facts that mitigate the issue.

For the rescaled version, the pair of imbedded patterns was the second-best motif,

and only just nudged out by the spurious random walk pair.

If, instead of searching with a motif length of 1,024, the original length of the
imbedded pattern, we had searched for a shorter length, say 500, then the best
motif would have been a subsequence of the imbedded pattern. The user could
then have examined the shorter motif, and realized it could be extended

significantly while maintaining its similarity.

We deliberately chose this dataset, from the eighty-five in the UCR archive,
knowing it would be very sensitive to changes in linear scaling. This is because
complex time series (see [zz]) with very sharp rises and falls are particularly
sensitive to having features out of phase. For most datasets, motif discovery is

much more robust to small amounts of uniform scaling.

Despite all these mitigating facts, Figure 1.bottom clearly shows that there may be some

situations in which there is a need to find motifs with invariance to uniform scaling. To

the best of our knowledge, there is only one research effort that has addressed this,

however this method is approximate, requires many parameters to be set, and only able



to support a limited range of scaling [yy]. In contrast, we can easily solve this problem

exactly, under our simple assumptions.

For the moment assume that we know the scaling factor we want to be invariant to
happens to be 1.64. We can take the dataset T and copy a stretched version of it into
T2, simply by using:

T2 = T(l: 100/164: end); % Unofficial way to resample
If we now call:

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

Now the resulting Matrix Profile will 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 demand to discover the motif shown in Figure 2.
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Figure 2: top) Two non-contagious snippets from the ElectriSense dataset [aa]. While semantically similar,
they have a very large Euclidian distance. bottom) After stretching the January 18™ pattern by 164%, the
two patterns are almost identical.

The motif pattern appears to be the three elements of a dishwasher cycle (clean, rinse,
dry), which can take different amounts of time due to the use of the optional half-load
feature [bb]. In this case, we knew from some first principle physics how to set the
scaling factor, but that may not always be the case. However, given our assumptions,
we can simply iterate over all possible scaling factors in a given range. For example, to



discover motifs that are similar after scaling one pattern by 150 to 180%, we can use

the following code snippet.

for scale factor = 150 : 180
T2 = T(1l: 100/scale factor: end);
[JMP, JMPindex] = computeMatrixProfileJoin(T,T2,500);
<trivial code to record best motifs omitted>
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

really be sufficient.

1.2 Discovering Time Series Semordnilaps
Consider the sentence fragment we discovered in Wikipedia, “..the longest-lived

Tasmanian devil recorded was Coolah..”[xx]. This snippet contains a Semiordnilap pair
[cc], the mirrored words “lived” and “devil”. Semiordnilaps are easy to find in arbitrary
text strings, and indeed have an important role in molecular biology. For example, many
restriction enzymes recognize specific palindromic sequences and cut them. As a
concrete example, the restriction enzyme EcoR1 recognizes the following palindromic
pair, “GAATTC” and “CTTAAG” [dd].

Because the original definition of time series motifs was directly inspired by the
analogy to DNA, it is natural to ask if there is a natural time series analogy to
semiordnilaps, and if so, can they be efficiently discovered? From the previous
example, the reader will readily see that this trivial, we can simply use:

T2 = fliplr(T); % returns T reversed

[OMP, JMPindex] = computeMatrixProfileJoin(T,T2,m);

The only question remaining is are there natural domains that contain time series

semiordnilaps? The answer is affirmative.

To demonstrate the utility Semordnilap discovery, we consider Joseph Haydn's
Symphony No. 47 in G major, written in 1772. In particular, we examined a
performance by the Tafelmusik Orchestra, directed by Bruno Weil in 1993 [xxx]. The

performance is twenty-one minutes and two seconds long. As shown in Figure 3.top,



we converted it to Mel-frequency cepstral coefficients (MFCC) using windows with
0.5 second and 50% of overlap (standard music processing settings). We set m to 150,

or 37.5 seconds.

At time 14 minutes and 53 seconds there is a Semordnilap of a passage we encountered

at 14 minutes and 16 seconds.
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Figure 3: top) Haydn's Symphony No. 47 converted to MFCC. center.left) Two snippets found by
Semordnilap discovery appear unrelated until we flip one backwards in time (center.right). bottom) The
sheet music for the relevant section explains this unexpected discovery.

Figure 3.bottom explains the presence of such a perfectly conserved Semordnilap. As
noted in [yyy], “The most extraordinary of all canonic movements from this time is of
course from Symphony No. 47. Here Haydn writes out only one reprise of a two-reprise

form, and the performer must play the music ‘backward’ the second time around”.

While this example is clearly contrived, there may be Semordnilaps waiting to be
discovered in dance, travel trajectories, industrial processes, and a host of domains that
have yet to occur to us.

1.3 Discovering Time Series Reverse Complements

Our success in finding Semiordnilaps immediately suggests another specialized type
pattern we could search for. Are there examples of patterns which repeat, but in which

one pattern is the inverse of the other? That is to say, unlike Semiordnilaps which are



“flipped” in the time axis, are there patterns which are flipped upside-down in the value

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

For example, ENSO (El Nino Southern Oscillation) is a phenomenon that is
characterized by intermittent negative correlations between the surface temperatures
observed near Australia and Pacific Ocean [ee]. However, there are much more
quotidian examples. Consider the two-minute snippet of time series shown in Figure 4.
It shows the y-axis from a hip-worn accelerometer from the USC Human Motion
Database []. As shown in Figure 4.bottom.left, the best motif of length twenty 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 time scale. However, we also
searched for the best TSRC pattern of the same length, and as shown in Figure

4.bottom.center and Figure 4.bottom.right it is stunningly well conserved.
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Figure 4: top) Approximately two minutes from a dataset from a hip-worn accelerometer of quotidian
activity. bottom.left) The best motif of length twenty seconds is not well conserved, however, if we
generalize the search to consider TSRC motifs (bottom.center) we find a highly conserved pattern. To
better see how well conserved it is, in (bottom.right) 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 mechanism that produced this pattern? At about twenty-two seconds into
the recording, the user stepped into an elevator. The first bump is the “jolt” of the

elevator ascending, followed by the “dip-and-recover” as the elevator decelerated the



desired floor. 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 used:

T2 = T*-1; % returns T flipped upside down

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

Note that in this case, the discovered TSRC also happens to be a Semiordnilap.

However, this need not be the case in general.
us.

1.4 <more examples>
Placeholder

4 Conclusion

We
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