Time Series - Motif Discovery




Time Series Motif Discovery

* Finding repeated patterns, i.e., pattern mining.

* Are there any repeated patterns, of length m in the TS?
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Why Find Motifs?

* Mining association rules in TS requires the discovery of motifs.
These are referred to as primitive shapes and frequent patterns.

* Several TS classifiers work by constructing typical prototypes of
each class. These prototypes may be considered motifs.

* Many TS anomaly detection algorithms consist of modeling
normal behavior with a set of typical shapes (which we see as

motifs), and detecting future patterns that are dissimilar to all
typical shapes.



Matrix Profile

* The Matrix Profile (MP) is a data structure that annotates a TS and
can be exploited for many purposed: e.g. efficient Motif Discovery.

* Given atime series, T and a desired subsequence length, m.
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Matrix Profile

* For each subsequence we keep only the distance with the closest

nearest neighbor. s ofau set of

subsequence corresponding
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Matrix Profile

* The distance to the corresponding nearest neighbor of each
subsequence can be stored in a vector called matrix profile P.
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Matrix Profile

* The index of corresponding nearest neighbor of each
subsequence is also stored in a vector called matrix profile

index.
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Matrix Profile

* The MP index allows to find the nearest neighbor to any subsequence in constant
time.

* Note that the pointers in the matrix profile index are not necessarily symmetric.
* If A points to B, then B may or may not pointto A

 The classic TS motif: the two smallest values in the MP must have the same value,
and their pointers must be mutual.
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How to “read” a Matrix Profile

* For relatively low values, you know that the subsequence in the
original TS must have (at least one) relatively similar subsequence
elsewhere in the data (such regions are “motifs”)

* For relatively high values, you know that the subsequence in the
original TS must be unique in its shape (such areas are

anomalies). Must be an anomaly in the
/ original data, in this region.

We call these Time Series
Discords
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Must be conserved shapes (motifs) in the original
data, in these three regions



How to Compute Matrix Profile?

* Given atime series, T and a desired subsequence length, m.
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Matrix profile is initialized as inf vector

This is just a toy example, so the values and the vector length does not fit the time series shown
above



How to Compute Matrix Profile?

* Given atime series, T and a desired subsequence length, m.
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At the first iteration, a subsequence T; is randomly selected from T



How to Compute Matrix Profile?

* Given atime series, T and a desired subsequence length, m.
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We compute the distances between T; and every subsequences from T (time complexity = O(|T|log(| T|)))
We then put the distances in a vector based on the position of the subsequences
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\ The distance between T; and T, (first subsequence)is 3



How to Compute Matrix Profile?

* Given atime series, T and a desired subsequence length, m.
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We compute the distances between T; and every subsequences from T (time complexity = O(|T|log(| T|)))
We them put the distances in a vector based on the position of the subsequences
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Let say T; happen to be the third subsequences,
therefore the third value in the distance vectoris O



How to Compute Matrix Profile?

* Given atime series, T and a desired subsequence length, m.
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min Matrix profile is updated by apply elementwise minimum to
these two vectors
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How to Compute Matrix Profile?

* Given atime series, T and a desired subsequence length, m.
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How to Compute Matrix Profile?

* Given atime series, T and a desired subsequence length, m.
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How to Compute Matrix Profile?

* Given atime series, T and a desired subsequence length, m.
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In the second iteration, we randomly select another subsequence T; and it happens to be the 12th
subsequences



How to Compute Matrix Profile?

* Given atime series, T and a desired subsequence length, m.
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Once again, we compute the distance between T, and every subsequences of T
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How to Compute Matrix Profile?

* Given atime series, T and a desired subsequence length, m.
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How to Compute Matrix Profile?

* Given atime series, T and a desired subsequence length, m.
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How to Compute Matrix Profile?

* Given atime series, T and a desired subsequence length, m.
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How to Compute Matrix Profile?

* Given atime series, T and a desired subsequence length, m.
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How to Compute Matrix Profile?

* Given atime series, T and a desired subsequence length, m.
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We repeat the two steps (distance computation and update) until we
have used every subsequences



How to Compute Matrix Profile?

* Given atime series, T and a desired subsequence length, m.

[~ . A
| ‘ s/ “‘”\"\
AWV s VAN \W ,\,/WAV\/—"V\f/\/\f/\% % T SN NN A \"\\ AANSNNA NN
\S ‘\ / \/ J M
% \ — Y, \

e \
- J
m

min

There are |T| subsequences and the distance computationis O(|T|log(|T]))

The overall time complexity is O(|T|?log(|T]))
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Motif Discovery From Matrix Profile
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Local minimums are corresponding to motifs



Motif Discovery From Matrix Profile
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* [tis sometime useful to think
of time series subsequences
as points in m-dimensional
space.

* In this view, dense regions in
the m-dimensional space
correspond to regions of the
time series that have a low
corresponding MP.
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