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FAST GROUPING OF TIME SERIES

TECHNICAL FIELD

[0001] This disclosure relates to the technical field of data analysis.

BACKGROUND
[0002] Data in the form of a time-series is common in many fields, including science,
engineering, and business. Analyzing one or more time-series can provide valuable
insights. For example, operating engineers managing thousands of machines running
different services in a cloud can monitor CPU usage and memory consumption of the
machines. In order to improve resource allocation and capacity planning, operating
engineers may collect and analyze one or more time-series of data points that
represent CPU usage and memory consumption for one or more corresponding
machines. Thus, an operating engineer may have many different time-series that
represent CPU usage for many different machines. Due to the large amount of data
associated with different time-series, an operating engineer may find it challenging to
organize the data and to recognize patterns or similarities across many different

machines.

SUMMARY
[0003] Implementations described herein provide for analyzing and grouping a time-
series data set in a fast and efficient manner. Fast grouping of multiple time-series
into clusters can be implemented using several techniques, even with limited

information or no prior knowledge regarding characteristics of the multiple time-series.
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Examples of such techniques include data reduction by multi-step sampling, data
characteristic estimation, and by clustering a sampled set. In some implementations, a
user can control time-series grouping results by selecting a level of granularity. A
finer granularity level will output smaller sized clusters with smaller maximum
distance between time-series pairs in a cluster, and a relatively large number of
clusters. A less fine granularity level will output relatively larger sized clusters.

[0004] This Summary is provided to introduce a selection of concepts in a simplified
form that are further described below in the Detailed Description. This Summary is
not intended to identify key or essential features of the claimed subject matter; nor is it

to be used for determining or limiting the scope of the claimed subject matter.

BRIEF DESCRIPTION OF THE DRAWINGS
[0005] The detailed description is set forth with reference to the accompanying
drawing figures. In the figures, the left-most digit(s) of a reference number identifies
the figure in which the reference number first appears. The use of the same reference
numbers in different figures indicates similar or identical items or features.
[0006] FIG. 1 i1s a block diagram illustrating an example environment including
select components for performing grouping of multiple time-series according to some
implementations.
[0007] FIG. 2 illustrates an example of displaying a cluster of time-series according
to some implementations.
[0008] FIG. 3 illustrates an example of displaying a cluster of time-series according

to some implementations.
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[0009] FIG. 4 1s a flow diagram of an example process of assigning multiple time-
series to clusters according to some implementations.

[0010] FIG. 5 is a flow diagram of an example process of grouping multiple time-
series according to some implementations.

[0011] FIG. 6 is a block diagram illustrating a representative computing device that

can implement grouping of multiple time-series.

DETAILED DESCRIPTION

Fast Grouping of Multiple Time-Series

[0012] The technologies described herein are generally directed toward grouping
multiple time-series. As used herein, a time-series is a series of numerical values or
data points. For example, a time-series can be a series of values that 1s stored or
presented in an order corresponding to a point in time that each value was collected.
A time-series data set 1s a collection of at least two time-series. In some
implementations, a time-series data set is a collection of one or more time-series.
Multiple time-series can be more efficiently analyzed by organizing them into
different groups. For example, two or more time-series with similar characteristics or
patterns can be organized into the same group or cluster. In some implementations,
each time-series of a time-series data set has the same number of numerical values or
data points.

[0013] Time-series analytics may involve pivoting based upon time-series data or a
single-value. Pivoting may involve operations such as group-by, sorting, and filtering

against a data set, the results of which can be presented on a display. For example, in
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the domain of system management, operating engineers may be interested in learning
about usage patterns of many different machines during a certain period of time.
System operators may wish to understand usage patterns (e.g., CPU usage) of a subset
of the machines, which could be a set of machines that are filtered by a single-valued
attribute (e.g., the type of service running on the machine). In other cases, the set of
machines can be filtered by a particular type of usage pattern associated with a time-
series attribute (e.g., a memory consumption pattern or CPU usage pattern). Thus,
machines that exhibit a particular pattern of memory usage over a particular time
interval can be identified and presented to a user.

[0014] In some implementations, to enable pivoting with either a time-series
attribute or a single-valued attribute, patterns of time-series attributes (e.g., patterns of
CPU usage of hundreds of thousands of time-series in one day) are obtained or
identified via clustering. In some examples, a time-series clustering algorithm fulfills
at least two goals in order to support pivoting for multiple time-series. The first goal
1s for the clustering algorithm to be fast and scalable. To support a smooth user
experience associated with pivoting, it is important that the underline analysis engine
has real-time or approximately real-time response for a user’s pivoting. Data sets can
be extremely large. For example, a datacenter may have hundreds of thousands of
machines, with a time-series associated with each machine.

[0015] The second goal is for the algorithm to provide for clustering data with
unknown characteristics or clustering data with limited information regarding
characteristics of the data. It may be difficult to determine the populations of time-

series patterns in a data set, such as the number of clusters and the density of clusters,



WO 2014/198052 PCT/CN2013/077213

because data may be different in different domains. Moreover, even in the same
domain, the characteristics of different time-series attributes may be different (e.g.,
CPU usage, memory consumption). Furthermore, one type of time-series may have
different cluster populations at a different time period.

[0016] In order to make an algorithm fast and scalable, multi-step sampling may be
used to reduce computational cost of identifying cluster centers, while retaining
enough accuracy for cluster-center identification. Then, a locality sensitive hashing
(LSH) technique may be used to match each time-series of the data set against the
identified cluster centers and to assign each time-series to the closest cluster. In some
implementations, multi-step sampling may include at least two steps or processes.
The first step is using piece-wise aggregation approximation (PAA) to perform data-
dimension reduction, or other suitable data-dimension reduction techniques, such as
discrete Fourier transform, discrete wavelet transform, and discrete cosine transform.
In some implementations, parameters used for PAA will be determined by the
algorithm. The second step i1s to perform time-series sampling, which includes
selecting a subset of time-series to represent the time-series data set distribution as an
approximation. After the above steps, a sampled time-series data set is obtained, with
reduced dimensionality, with fewer data points than the original time-series data set.
A clustering algorithm can then be applied on the sampled time-series data set, in
order to obtain a set of cluster centers. Then, a locality sensitive hashing (LSH)
technique is implemented to match each time-series of the data set against obtained
cluster centers to assign each time-series to the closest cluster. Other suitable

matching techniques may be used in place of LSH, such as computing the distance
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between a time-series and all time-series cluster centers (e.g., instead of computing the
distance between a smaller portion of time-series cluster centers with a matched LSH
value, as above).

[0017] In some implementations, in order to process various time-series with limited
or no knowledge regarding characteristics of the time-series, an algorithm uses an
iterative approach to determine or estimate the population of clusters, which can
include the number of clusters, the center of each cluster, and a distance threshold for
clustering. In some implementations, most or all of the clustering parameters are
determined by the clustering algorithm. Furthermore, in some implementations, a user
specifies a level of clustering granularity, from rough to fine, which will cause the
clustering algorithm to output a relatively small number of clusters to a relatively
large number of clusters, respectively. In some implementations, the clustering
algorithm 1s highly efficient and highly scalable.

[0018] In some implementations, a time-series data set is defined as D = {T;},i =
1,...,N, where T; is a time-series and N is the total number of time-series in D. A
time-series T is defined as T = {t;},i = 1, ..., m, where t; is a numerical value and m
1s the number of data points in a time-series. In some implementations, all time-series
in D have the same number of data points.

[0019] In some implementations, a distance metric for time-series clustering may be
defined. In some examples, such as high dimensional data mining applications, LI-
norm may be used, rather than the Euclidean distance metric (L2-norm). Thus, in

some implementations, L;-norm distance is used as the distance metric.
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[0020] In some implementations, given a time-series data set D and a clustering
granularity level (L = {l},l = 1,2, ..., L14x), an algorithm outputs a set of clusters of
time-series C; = {C;;}, where |Cy| = |C,]| = -+ = |Clmax| and |-| indicates the number
of clusters. In some implementations, the quality of the clustering result achieves the

maximal value as an object function J based on L;-norm distance.

Example Environment

[0021] FIG. 1 1s a block diagram illustrating an example environment 100 including
select components for performing grouping of multiple time-series data according to
some implementations. The environment 100 includes a data store 102. Data store
102 can comprise any type of machines or storage devices suitable for data storage.
[0022] In the illustrated example, the environment 100 includes one or more servers
104, which can each include one or more processor(s) 106 and a computer readable
medium 108. The processor 106 and the computer readable medium 108 are
described in further detail below.

[0023] The environment 100 can include various modules and functional
components for performing the functions described herein. In some implementations,
the environment 100 can include a transformer module 110 for transforming a time-
series data set 112 into a feature vector set 114, described in further detail below.
Furthermore, a cluster module 116 can select a subset of the feature vector set 118 to
generate time-series clusters 120, as described in further detail below. In some
implementations, the cluster module 116 builds one or more LSH tables 122, which

are used to generate time-series clusters 120, described below in further detail below.
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[0024] In some examples, the functions performed by the transformer module 110
and the cluster module 116, along with other functions, can be performed by one
module or by a larger number of modules than two. Additional aspects of the
transformer module 110 and the cluster module 116 are discussed below. Moreover,
the environment 100 can be interconnected to one or more clients 124 via a network
126, such as the Internet, in order to access the data store 102 and the servers 104.
Furthermore, the one or more servers 104 can be interconnected via an intranet
infrastructure (e.g., a local area network 128) within the environment 100. In some
implementations, some or all of the information in computer readable medium 108 is
stored in data store 102.

[0025] In some implementations, the cluster module 116 may collect multiple time-
series that correspond to multiple computing devices, wherein each of the multiple
time-series comprises a series of numerical values that represents resource
consumption by one of the computing devices during a time period. For example, the
cluster module 116 may collect a time-series that corresponds to two or more of
servers 104, wherein each of the time-series represents resource consumption by a

server, such as memory usage, CPU usage, or electricity usage.

Examples of Time-Series Clusters

[0026] FIG. 2 illustrates an example of displaying a cluster of time-series according
to some implementations. In the example, a time-series cluster 202 is presented on a
display, such as a monitor or other device suitable for presenting graphical output (e.g.,

a display on the client 124). The time-series cluster 202 includes three different time-
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series, each of which represents a percent of memory usage of a different computing
device. In the example, the Y-axis 204 corresponds to memory usage and the X-axis
206 corresponds to time, with time increasing towards the right. Thus, the cluster
module 116 can present a graphic representation of at least one of multiple clusters to
indicate resource consumption (e.g., memory usage, CPU usage) of one or more of the
computing devices during the time period. In the example, the cluster module 116
presents a cluster indicating resource consumption of three different computing
devices.

[0027] In the example, all three time-series of the time-series cluster 202 exhibit a
similar pattern of memory usage, which varies roughly between 25% and 75%. In
some implementations, the cluster module 116 groups the three time-series to form the
time-series cluster 202 based upon techniques described herein. In some
implementations, a fewer or larger number of time-series is included in the time-series
cluster 202. For example, the time-series cluster 202 may include 100 different time-
series, each of which 1s displayed. In some implementations, a user may select a
subset of time-series of the time-series cluster 202 to be displayed. In some
implementations, after the user selects a number of time-series to be displayed as the
subset, the cluster module 116 selects the number of time-series at random from the
time-series cluster 302 for display. In some implementations, one or more additional
clusters of time-series may also be displayed at the same time, allowing a user to make
visual comparisons between different clusters and different time-series within each

cluster.
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[0028] FIG. 3 illustrates an example of displaying a cluster of time-series according
to some implementations. In the example, a time-series cluster 302 is presented on a
display, such as a monitor or other device suitable for presenting graphical output.
The time-series cluster 302 includes three different time-series, each of which
represents a percent of memory usage of a different computing device. As in FIG. 2,
the Y-axis 304 corresponds to memory usage and the X-axis 306 corresponds to time,
with time increasing towards the right.

[0029] In the example, all three time-series of the time-series cluster 302 exhibit a
similar pattern of memory usage, which varies roughly between 0% and 50%. In
some implementations, the cluster module 116 groups the three time-series to form the
time-series cluster 302 based upon techniques described herein. In some
implementations, a fewer or larger number of time-series is included in the time-series
cluster 302. For example, the time-series cluster 302 may include 100 different time-
series, each of which 1s displayed. In some implementations, a user may select a
subset of time-series of the time-series cluster 302 to be displayed. In some
implementations, after the user selects a number of time-series to be displayed as the
subset, the cluster module 116 selects the number of time-series at random from the
time-series cluster 302 for display. In some implementations, one or more additional
clusters of time-series may also be displayed at the same time, allowing a user to make
visual comparisons between different clusters and different time-series within each

cluster.
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Grouping Multiple Time-Series to Form Clusters

[0030] In some implementations, the cluster module 116 implements a clustering
algorithm to automatically estimate or determine the population of clusters of a time-
series data set. The population of clusters may be reflected by the number of clusters,
the center of each cluster, and the diameter of each cluster. After determining the
cluster population, each time-series 1s assigned to a cluster for which the time-series
has the minimum distance from the cluster center compared with the distance from
other cluster centers.

[0031] In some examples, a rough to fine approach for estimating cluster population
1s performed in three steps. In the first step, a subset of time-series is randomly
sampled from a full time-series data set. The sampled subset of time-series may still
reflect the characteristics of the full time-series data set. Thus, in some examples,
each cluster may have some representatives in the sampled set, and larger clusters may
have a larger number of time-series in the sampled set. In the second step, the
transformer module 110 transforms the raw time-series data of the sampled subset to a
code space with a reduced number of dimensions (e.g., by leveraging PAA and
Symbolic Aggregate Approximation (SAX)). In the code space, time-series which are
close to each other will have the same code or similar code. In some examples, a
ranked list of code associated with a different number of time-series can be obtained
by grouping the code. All time-series associated with the same code can be viewed as

a community of time-series, since they are “roughly” close to each other. Conversely,

11
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time-series with different codes are “roughly” far away from each other. Thus, the
majority of the population of time-series falls into the top communities.

[0032] In the third step, the cluster module 116 estimates or determines the real
population from the top communities. First, the cluster module 116 estimates a center
time-series to represent each community and an upper bound d,,,,0f the distance
among the top communities. Then, the cluster module 116 clusters these center time-
series of the top communities with a set of sampled values of distance thresholds in
the range of [0, d,;;4]- By checking the quality of the clusters obtained with different
distance thresholds, including the number of clusters and the internal quality of
clusters, the cluster module 116 can determine a range of distance thresholds that is
associated with the best quality of clustering results, as well as other cluster
population information. The cluster module 116 can then build a mapping between
the appropriate distance thresholds and different granularity levels.

[0033] In some implementations, in order to make the algorithm fast and scalable,
two feature spaces are implemented with different data reduction rates. Thus, the
transformer module 110 leverages both PAA and SAX for estimating a rough
community of time-series. Final clustering is implemented by just applying PAA for
data reduction, which can be much faster than working on the raw time-series space,
while keeping acceptable accuracy. In some implementations, the cluster module 116
implements LSH to accelerate the process of assigning each time-series to its closest
time-series cluster. Using LSH, it is not necessary to compute the distance between a

time-series and all centers of time-series clusters, but only a small portion of time-

12
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series cluster centers that match the LSH value. Thus, the clustering algorithm can be
implemented faster and more efficiently.

[0034] FIG. 4 is a flow diagram of an example process 400 of assigning multiple
time-series to clusters according to some implementations. At step 402, given a time-
series data set 112, the transformer module 110 implements data transformation. The
transformer module 110 determines the best PAA parameter, which is the number of
equally sized segments in which each time-series will be divided into. In response to
determining the best PAA parameter, the transformer module 110 transforms the raw
time-series data into a feature vector space using PAA to generate the feature vector
set 114. At step 404, the cluster module 116 estimates clustering parameters. The
cluster module 116 uses an iterative approach in a sampled data set to estimate
clustering parameters, including the number of clusters, the center of each cluster, and
the distance threshold for each granularity level. Based on the generated feature
vector set 114 and the centers generated at step 404, at step 406, the cluster module
116 builds the LSH tables 122 for all of the centers.

[0035] At step 408, the cluster module 116 implements clustering based on the LSH
tables 122 to generate the time-series clusters 120. The cluster module 116 matches
every time-series against all the centers of time-series using the LSH tables 122. A
time-series will be assigned to a cluster if the cluster’s center has the smallest distance
with the time-series out of all centers and the distance 1s smaller than the distance
threshold. Thus, a particular cluster may include multiple time-series that are more

similar to each other in one or more aspects than other time-series of other clusters. In

13
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some implementations, a center of a time-series cluster is a time-series whose values

are the average values of all time-series within the cluster.

Determination of PAA Parameters

[0036] Given a time-series data set, the transformer module 110 transforms the time-
series data set 112 into a feature space with much lower dimension compared to raw
time-series data. Transforming data into the feature vector set 114 with smaller
dimension can significantly reduce computation costs. In some implementations, data
reduction is implemented through PAA. In order to apply PAA to the time-series data
set 112, the number of segments into which to divide each time-series may be
determined. The appropriate number of segments may vary for different data sets.
[0037] PAA divides a time-series T = tq,t,, ..., t,,, with M (M < m) equally sized
segments and represents each segment with the averaged value of data points in the

segment. The generated feature vector can be represented as T = {T;}, where:

where M denotes the number of equally sized segments and m denotes the number of
numerical values in the time-series.

[0038] The best value of M for a given time-series data set depends on factors such
as the desired data reduction rate and data reduction error. Smaller M will cause a
larger data reduction rate and larger data reduction error. In contrast, a larger M will

cause a smaller data reduction rate and smaller data reduction error. In order for a

14
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user to make an informed decision regarding the value for M, a model can be
developed for measuring the data reduction error and the data reduction rate.

[0039] In some implementations, PAA’s effect on a time-series can be analyzed in
the frequency domain. PAA has similarities to using a low-pass filter because PAA
uses average values of segments to represent the original time-series. High frequency
components of a time-series will be reduced by a smoothing operation (e.g., averaging
each segment). The length of each segment (e.g., m/M) determines the cut-off
frequency of the low-pass filter.

[0040] In some implementations, a large M corresponds to a short smoothing
window (e.g., segments), which leads to a high cut-off frequency. At one extreme, if
M=m, then the cut-off frequency equals the frequency up-bound of the original time-
series, and both data reduction error and data reduction rate are zero. At the other
extreme, if M=1 (e.g., using the average value to represent a time-series), then the data
reduction rate 1s 1-1/m and the data reduction error 1s the variance of data in the time-
series. Therefore, selecting a suitable value of M involves a trade-off between the data
reduction error and the data reduction rate.

[0041] In some implementations, a power-spectrum-based algorithm 1s used to
determine a value of M, in order to ensure that at least some or most time-series have a
small mean square error compared after implementing PAA. Because PAA can be
modeled as a low-pass filter, according to signal processing theory, the mean square
error between a transformed time-series after PAA and the original time-series is
approximately equal to the energy of high frequency (e.g., beyond cut-off frequency)

components that are suppressed by the low-pass filter.
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[0042] Therefore, the power spectrum of the time-series can be calculated, and a
suitable cut-off frequency can be selected such that for a significant percentage (ratio
greater than a threshold f) of time-series, the energy of the low frequency (lower than
the cut-off frequency) components will retain a significant percentage (ratio greater
than a threshold a) of the energy of the raw, original time-series. The value of M
corresponding to the cut-off frequency can then be calculated. This procedure is
described in more detail below.

[0043] First, the transformer module 110 determines a cut-off frequency for each
time-series based on power spectrum analysis. For a time-series T = {t;},i =1, ...,m,
transformer module 110 uses discrete Fourier transform (DFT) to decompose the
time-series into a set of complex sine waves with different frequencies. The DFT

transform 1is:
K
_ 1 om —i2m—j
Xk = ;Zj=1 tij e m’,
s . . k.
where X, indicates the coefficient of the component with frequency 2715 in the
original time-series and k represents the point index of the data-series on the

frequency domain. The energy of the component with frequency 2n£ is || X, ]|?. Next,

the transformer module 110 determines a cut-off frequency kythat has the minimal
value satisfying the following formula:

ko 2
S0, I

m/2 -
ST 2 Xk

(1

[0044] The ratio of kept energy (energy of components whose frequencies are below

ko) 1s no less than . In other words, the ratio of lost energy (e.g., mean square error)

16
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from the original time-series 7 to the low-frequency time-series 77 (e.g., the time-
series consisting only of the components whose frequencies are not bigger than k) 1s
no more than (1- o). With a value for a that ensures the low-frequency time-series has
a satisfying approximation of the original time-series, transformer module 110 can
calculate the cut-off frequency k, according to formula (1).

[0045] Next, the transformer module 110 collects cut-off frequencies of the time-
series, arranges them in ascending order, and selects S-percentile of the cut-off
frequencies as the final cut-off frequency (cf). In some implementations, ¢f is selected
to guarantee that the f percentage of the time-series keeps more than o percentage of
energy in the low-frequency components (e.g., < ¢f).

[0046] According to some implementations, the transformer module 110 then
determines the number of segments M as 2 * cf. According to the sampling theory in
signal processing, for a low-frequency series whose highest frequency 1s cf, the series
can be reconstructed from data that is sampled with the sampling rate 2*cf. Since the
low-frequency series is a good approximation of the original time-series, the same
sampling rate 2*cf1s used to sample the original time-series 7. Thus, 7 is divided into
2*cf segments. Finally, transformer module 110 uses the average value to represent

each segment.

Determination of Cluster Population
[0047] After transforming the time-series data set 112 to feature space using PAA,
the cluster module 116 determines or estimates the cluster populations, including the

number of clusters, the center of each cluster and the diameters of clusters. First, the

17
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cluster module 116 randomly samples a subset of the time-series from the full time-
series data set 112. The population of the sampled set will be similar to the overall
population of the full data set. Since data sets in the real world typically have low
intrinsic dimensionality, the cluster module 116 can determine an appropriate number
of samples that are similar to the population of the full data set. In some examples,
users may be satisfied with the clustering results of time-series data sets when the
number of clusters ranges from 2 to 100. Moreover, when implementing pivoting,
users may desire to view a smaller number of groups (e.g., from 2 to 100 groups). In
some implementations, the cluster module 116 chooses a number of samples of
approximately 10,000. In other implementations, a smaller or larger number of
samples may be selected by the cluster module 116. The time-series data set that is
randomly sampled from the full data set D is denoted as Dgg,, = {T;},i = 1,+-+, Ny.

[0048] In some implementations, in order to determine the cluster population or to
get a rough estimation of the cluster population, the cluster module 116 uses SAX to
obtain a symbolic representation for a time-series data set. By implementing SAX for
time-series analysis, the cluster module 116 reduces the amount of data to be
processed. Implementing SAX further discretizes the feature vector obtained by PAA
to a symbol sequence. As discussed above, a time-series 7 with m numerical values
may be mapped to a vector with M numerical values T by PAA. The vector can be
further transformed by SAX to a new vector S = sq,:--, sy with M symbols by
encoding the M numerical values as M symbols, s; is mapped from T;. In some
examples, the cardinality of the symbol space is relatively small (e.g., from 2 to 10).

In some implementations, a cardinality of 2 or 3 1s sufficient. In some
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implementations, if the cardinality of the symbol space is card, then the full range of
possible values will be segmented into card segments. A numerical value will be
encoded as one of the card symbols, based on the index of the segments where the
value falls into.
[0049] In some implementations, each time-series can be considered as one point in
a higher-dimension space. SAX is used to partition the space into a series of sub-
regions and to obtain a rough data distribution by accounting for a number of data
points within each sub-region. Thus, the rough data distribution can further guide the
sampling of each time-series.
[0050] By simply grouping the code vector of time-series in Dgg,,,, the cluster
module 116 obtains:

Degm:=1{C'}i=1,..,cl (2)
where C' is a group of all the time-series that maps to a single symbol vector S. The
number of time-series in C%, denoted as F req(C 1), satisfies the following equations:

Freq(CY) = Freq(C?) = -+ Freq(C®) (3)
and

f21Freq(C') = |Dsaml, (4)

where |Dgqm| denotes the number of time-series in Dggy,. There are ¢l rough
populations of time-series in Dsg,,, where C! is the first community with the highest
number of time-series, all of which are similar to each other in that they map to the
same code vector.
[0051] To remove the trivial (e.g., long-tail groups (e.g., Freq(C*)~1)) from

{C'},i =1, ...,cl, a tail-cutting sampling technique may be used. The tail-cutting
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sampling technique removes the trivial groups, but also preserves the overall
distribution of {C*} with a confidence level a by using a Kolmogorov-Smirnov test.
Detailed steps are illustrated as follows. First, a confidence level a is set (a real value
between 0 and 1), and then an integer 7T (tail index) is identified, so that the groups
Uj<r C* can represent U;.; C* with confidence level a. In some implementations, the
above steps may be carried out according to the following psuedocode:

Procedure EstimateTaillndex

Input: _

rough population {C'},i =1, ..., cl,

|CI| = |C**| when i<c—1; a: confidence level, K, :
Kolmogorov coefficient based on o; N = |Dggp|.

Output:
T
Begin
Set T=1
Fori=1,--,cl
M = 3_, Freq(C’)
D; = max {Fr%(lﬂ), Freq(1) %}
if VMD; > K,
then 7' = i;
return;
Endfor
End

In some implementations, the time complexity of this algorithm is approximately
O(cl). In some implementations, a binary search can be used to speed up the
algorithm to a time complexity of approximately O(log(c/)).

[0052] In some implementations, a density-based clustering technique similar to
DBSCAN (or other suitable techniques) is applied to a sampled time-series set TS.

TS is obtained from the time-series set in {’I_}|T] € Ujcr C i}, where T is estimated by

the above procedure EstimateTaillndex and ’1_} 1s the time-series after PAA of the
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corresponding T; (the original time-series). A portion of time-series in € Lis put into
TS by a random sampling ratio r, in order to obtain a better representative set of time-
series TS (this can be much better than simply randomly sampling the full time-series
set). To improve the efficiency of this step, R*-Tree 1s applied to index the
neighborhood information for each time-series. In some implementations, the overall
time complexity 1s approximately O(NlogN). This step groups the time-series into
several clusters, G = {g}.

[0053] Thus, in some implementations, identifying clusters by applying density-
based clustering to a sampled time-series set may involve several steps. The first step,
which estimates the proper and various densities, may be a very important step. An
algorithm, named model-based density estimation algorithm, identifies multiple
densities fast and effectively, based on the k-dis curve. As used herein, £-dis means
the distance between a time-series and its kth nearest time-series. The k-dis curve is
obtained as follows: for each point (a time series represented in the high dimensional
space), its kth nearest point is obtained. Then the corresponding distance is recorded.
Such distances for all the points are collected. The points are sorted by the distances,
then listed in order from the largest distance to the smallest distance. Such an
arrangement of points is a k-dis curve. The inflection points in this curve indicate
there are different areas in the feature space with different densities. By identifying
inflection points in the k-dis curve, the multi densities in the feature space can be
estimated. Inflection points separate k-dis into multiple segments, and each segment

may have a good fit to a model, e.g., a line with a slope and an offset. An optimal
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selection of inflection points can lead to an obtained model that has the smallest fitting
error and the biggest difference among models in different segments.

[0054] Our algorithm 1dentifies inflection points as follows: if one point is an
inflection point, then a model is estimated for the left-side points and right-side points,
respectively. Then, the similarity of the two models is measured. For each point, the
corresponding similarity score is obtained. Then the lowest value among all the points
1s obtained. If the lowest value is smaller than a given threshold (which may be very
close to 1, here it 1s 0.99), then this point is an inflection point. Such inspection is
performed recursively on the right part of the curve, until no more inflection points are
identified. Since the left-side of a k-dist curve are data points with highest k-dist
values, indicating they are outliers, there is no need to 1dentify inflection points in left-
part again. In the example implementation, the model 1s a linear model and the
similarity metric of two models is the difference of the slopes. However, any suitable
models with a suitable similarity metric can also be applied with the algorithm (e.g,
Gaussian models).

[0055] In some implementations, the k-distribution curve is identified in order to
estimate the proper density-distance and minimum-points. Then, the core-points
which satisfy a certain criterion (derived from the density-distance and minimum-
points) are determined based on the model-based density estimation algorithm. Then,
the connected components can be identified from a graph. In particular, the clustering
procedure is works by inspecting from the most dense value to the least dense value,
so that the densest regions can be first identified. Then, the less dense regions can be

identified, and so on. The benefit of such a procedure is that the two different clusters
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can be isolated, even though the denser cluster is embedded in the less dense cluster.
Then, the connected components can be identified from a graph. The R*-Tree and
some other derived data structure can be used to index neighborhood information of
each point, which may cause the overall complexity to be approximately O(NlogN), as

discussed above.

Clustering Based on LSH

[0056] Next, the border-core-points are identified, and the left points (the points not
be selected after sampling) are assigned to each cluster. In some implementations,
border-core-points are defined as follows. For each core-point, if all of its connected
points are core-points, then it is an intra-core-point; otherwise, it is a border-core-point.
For each new point (the points that need to be assigned to a cluster ID), the closest
border-core-point is identified, and the corresponding cluster 1d (of the border-core-
point) 1s assigned to the new point. To speed up this step, LSH, or other suitable
techniques, 1s used to assign each time-series in the data set to a closed border-core-
point. For each time-series T with PAA vector T, LSH is able to return {T;|i =
1,++,7r,Dist(T,T;) < d} with probability 1 — §, where § is a constant as confidence
level, e.g., 6§ = 0.05. In some implementations, the cluster module 116 generates
multiple clusters by assigning each of the time-series to one of multiple border-core-
points based, at least in part, on hash values. In some implementations, the cluster
module 116 assigns time-series in a data set D to r set of border-core-points (each set

represent the border of one particular cluster) according to the following pseudo-code:
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Procedure AssignTimeSeries

In_put: timg—series data set D; PAA vector of r set of border-core-
points, {T;}, -+, {T.}; distance threshold d; confidence level 6
Output: clusters {CC;},i=1,--:,r

Begin

Determine L based on 6 and LSH theory, L is the number

of LSH tables

End.

[0057] Meanwhile, abnormal time-series can also be eliminated. The time-series of
each group can be mapped back to the single symbol vector, denoted D,: = {C;}},i =
, e, Clg, where Cgi 1s a group of all the time-series belonging to cluster g that map to
a single symbol vector S’. In some implementations, each cluster g is divided into
several sub groups, due to the consideration of the “long French bread” concern: some
time-series located at the same cluster g, may have a significant different distance,
because a continuous shift may exist from one time-series to another (this 1s why they

are clustered together). These time-series can be separated apart to gain a better

//build hash-table

For each {T;} in {Ty}, -, {T;}

gij = [hj1({Ti}), ... hjx{TiP] , hjm is randomly
selected from 1-stable LSH function family, j=1,---, L
End for

Set CCI = {Tl},l = 1, cee, I

ForeachT € D
g(T) = [h1(T), ..., hy(T)]
Retrieve a subset {T,,} from ( Ty,--,T,) where
g(T,,) and g(T) are matched at least for one Hash function.
Identify Ty, from{T,,,}, where Dist( Ty, T) >
Dist(Ty,, T), Ty, € (Ty,+++, Tp), m' # mat.
CCpy = CCppy U T
End for
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visualization for end users. The detailed steps are illustrated as follows (the following

steps can have input: D,: = {Cgi},i =1, ..., cl;, where Cgi 1s a group of all the time-

series belonging to cluster g that map to a single symbol vector S%).

[0058] First, the cluster module 116 defines a center PAA vector T}CQ"’i for C*:
T = Median({Tf|T* € C, 1), j =1, M, (5)

where the PAA value of the center T¢®™ in one segment is equal to the median value

of the PAA value of the same segment of all time-series in Cgi.

[0059] Given a distance threshold d, the time-series in D, can be separated into

several sub-groups, such that the upper bound of any two different time-series in one
sub-group cannot exceed d.  Under such constraints (called the property
“meaningful”), the overall number of sub-groups can be minimized (minimization
refers to the property of “compact” covering), referred to as an optimization problem
of set-covering. To solve this problem, a heuristic algorithm can be identified, as

illustrated in the following pseudo-code:
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Procedure EstimatePopulation

Input:
rough population {C,'}, i = 1, ..., cl,,
|c,/| = |¢,"| when i < cl, — 1; distance threshold d
Output:
sub-groups G, = {sg,}sg4
Begin
Set Crese = U; €00 = 1,0, I

SetG,= @
Seti=1
While C,.g; is not @
Setg=90
Add C,'to g
Assign all €7 in C,. to g that satisfies
Dist (Teeni Teeniy < d /2
Gy =G, UGy g

Crest = Crest\d _
Update i, so that C,"is the biggest group in Cyog¢

End While
End

[0060] Based on the triangle inequality relationship and the distance between the
first center in g and any center in g being smaller than d /2, the population G obtained
by the above pseudo code has the following property: the distance between any two
centers in a same group g in G is smaller than d.

[0061] Since different data sets have different characteristics, the appropriate
distance threshold may change, depending on the data set. In some implementations,
an iterative approach can be used to determine an appropriate distance threshold
among a set of candidate distance thresholds. For each candidate threshold, the
cluster module 116 can evaluate the internal quality of the grouping result, as

described below.
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[0062] First, the cluster module 116 determines or estimates a maximum possible
distance threshold as:
dmax = max; Dist (T, Teenl) i =2, cl, (5)

where d,,,, is the maximum distance between the center time-series of C! and the
center time-series of other communities. In some implementations, an appropriate
distance threshold can be smaller than d,,,,,. In some implementations, the cluster
module 116 determines a mapping between granularity levels and corresponding
distance thresholds according to the following pseudo-code:

Procedure EstimateDistanceThreshold

Input:

rough population {C'},i =1, ..., cl,

|Ci| = |Ci+1| when i <cl—1; 1. the number of clustering

granularity levels; dyax, Qmin: @ minimal value of quality threshold
Output:

dy, ..., d

Begin
dstep = dmax/K, k is a constant integer

Fori=1,-,k
d(i) = dygep * |
G = EstimatePopulation({C'}, d(i))
Q1) = CalQualityMetric( G )
Endfor

Find minimal ip,;, and maximal ip,x s0 that Q(ij) = Qmin
for any imin = ] = imax
Set d; = d; d; = d;

Imin? Imax”’

and d; = = (d, - dy) + d,
End

[0063] In the above pseudo-code, £ is the number of different threshold values
sampled in the range of [0,d,4.]. The cluster module 116 executes the

EstimatePopulation procedure for each distance threshold and evaluates the quality of
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the estimated population. CalQualityMetric 1s a procedure that estimates the quality of
a population G. In some implementations, a metric for determining the quality of the
population G 1s the number of clusters. Thus, the quality score will be high if the
number of clusters is within a particular range (e.g., within a lower threshold value
and upper threshold value). In some implementations, the cluster module 116 selects
or identifies a population if the number of clusters 1s within the lower threshold value
and the upper threshold value. In some implementations, a user selects the lower
threshold value and the upper threshold value. In some examples, the cluster module
116 may implement one or more additional types of metrics instead of or in addition
to the above metric. For example, the cluster module 116 may implement a
“silhouette” to evaluate the quality of the population results.

[0064] Given the mappings between the granularity levels and the distance threshold
values, the cluster module 116 can determine the number of seeds and the seed time-
series for each granularity level. For each granularity level, the population G can be
obtained by the procedure EstimatePopulation. For each group in G, the cluster
module 116 collects all time-series that correspond to the seeds of G, and finds an

updated center of G using equation (5).
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Example Process

[0065] In the following flow diagrams, each block represents one or more operations
that can be implemented in hardware, software, or a combination thereof. In the
context of software, the blocks represent computer-executable instructions that, when
executed by one or more processors, cause the processors to perform the recited
operations. Generally, computer-executable instructions include routines, programs,
objects, components, data structures, and the like that perform particular functions or
implement particular abstract data types. The order in which the blocks are described
1s not intended to be construed as a limitation, and any number of the described
operations can be combined in any order and/or in parallel to implement the process.
While several examples are described herein for explanation purposes, the disclosure
1s not limited to the specific examples, and can be extended to additional devices,
environments, applications and settings. For discussion purposes, the processes below
are described with reference to the environment 100 of FIG. 1, although other devices,
systems, frameworks, and environments can implement this process.

[0066] FIG. 5 is a flow diagram of an example process 500 of grouping multiple
time-series according to some implementations.

[0067] At 502, the cluster module 116 collects a plurality of time-series. In some
implementations, each of the plurality of time-series comprises a series of numerical
values.

[0068] At 504, if the cluster module 116 determines if there is another time-series to

process.

29



WO 2014/198052 PCT/CN2013/077213

[0069] At 506, if there 1s another time-series to process, then the transformer module
110 generates a feature vector that corresponds to the time-series. The process then
returns to block 504, where, if there is not another time-series to process, the process
goes to block 508.

[0070] At 508, the cluster module 116 applies the tail-cutting sampling technique to
obtain fewer time-series (a sampled time-series) while preserving the original
distribution of {C*} with a confidence level a, as described above.

[0071] At 510, the cluster module 116 applies density-based clustering to the
sampled time-series to identify each cluster.

[0072] At 512, the cluster module 116 maps between granularity levels and distance
thresholds used for clustering, based upon a subset of the multiple feature vectors.
[0073] At 514, the cluster module 116 generates a plurality of seeds that correspond
to one of the granularity levels, based upon the mapping of block 512. In some
implementations, the one of the granularity levels 1s selected by a user.

[0074] At 516, the cluster module 116 assigns each of the plurality of time-series to
one of the plurality of seeds. In some examples, the cluster module 116 assigns each
of the plurality of time-series to one of the plurality of seeds based upon locality
sensitive hashing (e.g., LSH table, as described above).

[0075] At 518, the cluster module 116 causes a display to present a graphic
representation of at least one of the plurality of the clusters. For example, the display
may present one or more clusters that include multiple time-series. In some

implementations, the graphic representation of at least one of the plurality of the
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clusters indicates resource consumption of at least one of a plurality of computing

devices during a particular time period, as discussed above.

Example Computing System

[0076] FIG. 6 is a block diagram illustrating a representative computing device 600
that can implement erasure coded storage. For example, the computing device 600
can be a server, such as one of the servers 104, or the client 124, as described in
FIG. 1. However, it will be readily appreciated that the techniques and mechanisms
can be implemented in other computing devices, systems, and environments. The
computing device 600 shown in FIG. 6 is only one example of a computing device
and 1s not intended to suggest any limitation as to the scope of use or functionality of
the computer and network architectures.

[0077] In the illustrated example, the computing device 600 includes one or more
processors 106, one or more computer-readable media 108 that includes the
transformer module 110, the cluster module 116, the time-series data set 112, the
time-series clusters 120, the LSH tables 122, the feature vector set 116, and the subset
of the feature vector set 118, one or more input devices 602, one or more output
devices 604, storage 606 and one or more communication connections 608, all able to
communicate through a system bus 610 or other suitable connection.

[0078] In some implementations, the processor 106 is a microprocessing unit (MPU),
a central processing unit (CPU), or other processing unit or component known in the
art. Among other capabilities, the processor 106 can be configured to fetch and

execute computer-readable processor-accessible instructions stored in the computer-
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readable media 108 or other computer-readable storage media. Communication
connections 608 allow the device to communicate with other computing devices, such
as over a network 108. These networks can include wired networks as well as wireless
networks.

[0079] As used herein, “computer-readable media” includes computer storage media
and communication media. Computer storage media includes volatile and non-
volatile, removable and non-removable media implemented in any method or
technology for storage of information, such as computer-readable instructions, data
structures, program modules, or other data. Computer storage media includes, but is
not limited to, random access memory (RAM), read only memory (ROM), electrically
erasable programmable ROM (EEPROM), flash memory or other memory technology,
compact disk ROM (CD-ROM), digital versatile disks (DVD) or other optical storage,
magnetic cassettes, magnetic tape, magnetic disk storage or other magnetic storage
devices, or any other medium that can be used to store information for access by a
computing device.

[0080] In contrast, communication media can embody computer-readable
instructions, data structures, program modules, or other data in a modulated data
signal, such as a carrier wave. As defined herein, computer storage media does not
include communication media.

[0081] Computer-readable media 108 can include various modules and functional
components for enabling the computing device 600 to perform the functions described
herein. In some implementations, computer-readable media 108 can include the

transformer module 110 and the cluster module 116 for performing grouping of
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multiple time-series and operations related to grouping of multiple time-series. The
transformer module 110 and/or the cluster module 116 can include a plurality of
processor-executable instructions, which can comprise a single module of instructions
or which can be divided into any number of modules of instructions. Such
instructions can further include, for example, drivers for hardware components of the
computing device 100.

[0082] The transformer module 110 and/or the cluster module 116 can be entirely or
partially implemented on the computing device 600. Although illustrated in FIG. 6 as
being stored in computer-readable media 108 of computing device 600, the
transformer module 110 and the cluster module 116, or portions thereof, can be
implemented using any form of computer-readable media that is accessible by
computing device 600. In some implementations, the transformer module 110 and/or
the cluster module 116 are implemented partially on another device or server.
Furthermore, computer-readable media 108 can include other modules, such as an
operating system, device drivers, program data, and the like, as well as data used by
the cluster module 116 and other modules (e.g., the time-series data set 112, the time-
series clusters 120, the LSH tables 122, the feature vector set 116, and the subset of
the feature vector set 118).

[0083] Computer-readable media 108 or other machine-readable storage media
stores one or more sets of instructions (e.g., software) embodying any one or more of
the methodologies or functions described herein. The instructions can also reside,
completely or at least partially, within the computer-readable media 108 and within

processor 106 during execution thereof by the computing device 600. The program

33



WO 2014/198052 PCT/CN2013/077213

code can be stored in one or more computer-readable memory devices or other
computer-readable storage devices, such as computer-readable media 108. Further,
while an example device configuration and architecture has been described, other
implementations are not limited to the particular configuration and architecture
described herein. Thus, this disclosure can extend to other implementations, as would
be known or as would become known to those skilled in the art.

[0084] The example environments, systems and computing devices described herein
are merely examples suitable for some implementations and are not intended to
suggest any limitation as to the scope of use or functionality of the environments,
architectures and frameworks that can implement the processes, components and
features described herein. Thus, implementations herein are operational with
numerous environments or architectures, and can be implemented in general purpose
and special-purpose computing systems, or other devices having processing capability.
Generally, any of the functions described with reference to the figures can be
implemented using software, hardware (e.g., fixed logic circuitry) or a combination of
these implementations. Thus, the processes, components and modules described
herein can be implemented by a computer program product.

[0085] Furthermore, this disclosure provides various example implementations, as
described and as illustrated in the drawings. However, this disclosure is not limited to
the 1mplementations described and illustrated herein, but can extend to other

implementations, as would be known or as would become known to those skilled in

b1 b1

the art. Reference in the specification to “one example” “some examples,” “some

implementations,” or similar phrases means that a particular feature, structure, or
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characteristic described 1s included in at least one implementation, and the
appearances of these phrases in various places in the specification are not necessarily

all referring to the same implementation.

Conclusion

[0086] Although the subject matter has been described in language specific to
structural features and/or methodological acts, the subject matter defined in the
appended claims 1s not limited to the specific features or acts described above. Rather,
the specific features and acts described above are disclosed as example forms of
implementing the claims. This disclosure is intended to cover any and all adaptations
or variations of the disclosed implementations, and the following claims should not be
construed to be limited to the specific implementations disclosed in the specification.
Instead, the scope of this document is to be determined entirely by the following

claims, along with the full range of equivalents to which such claims are entitled.
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CLAIMS

1. A method comprising:

collecting a plurality of time-series, wherein each of the plurality of time-series
comprises a series of numerical values;

generating a plurality of feature vectors, wherein each of the plurality of feature
vectors corresponds to one of the plurality of time-series;

mapping between granularity levels and distance thresholds for clustering,
based, at least in part, on a subset of the plurality of feature vectors;

generating a plurality of seeds that corresponds to one of the granularity levels,
based, at least in part, on the mapping; and

assigning each of the plurality of time-series to one of the plurality of seeds.

2. The method as recited in claim 1, wherein generating the plurality of feature
vectors comprises:

determining a number for dividing each of the plurality of time-series;

dividing each of the plurality of time-series by the number to form a plurality
of segments for each time-series, wherein each of the plurality of segments comprises
an approximately equal number of numerical values; and

averaging numerical values within each segment of each of the plurality of

segments.
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3. The method as recited in claim 2, wherein determining the number for dividing
each of the plurality of time-series comprises:

calculating a power spectrum of each of the plurality of time-series;

selecting a cut-off frequency such that for at least a first threshold percentage
of the plurality of time-series, an energy of frequency components below the cut-off
frequency 1s at least a second threshold percentage of an energy of the plurality of
time-series; and

determining the number based, at least in part, on the cut-off frequency.

4, The method as recited in claim 3, wherein determining the number based, at
least in part, on the cut-off frequency comprises multiplying the cutoff frequency by

two.

5. The method as recited in claim 1, wherein generating a plurality of seeds that
corresponds to one of the granularity levels, based, at least in part, on the mapping
comprises:

transforming the subset of the plurality of feature vectors by encoding each
numerical value of the plurality of feature vectors to a symbol based, at least in part,
on a mapping of numerical values to symbols;

determining a distance threshold that corresponds to the one of the granularity
levels based, at least in part, on the mapping; and

generating the plurality of seeds based, at least in part, on the distance

threshold.
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6. The method as recited in claim 1, wherein the one of the granularity levels is

selected based, at least in part, on user input.

7. The method as recited in claim 1, wherein the subset of the plurality of feature

vectors 1s randomly sampled from the plurality of feature vectors.

8. The method as recited in claim 1, wherein the assigning each of the plurality of

time-series to one of the plurality of seeds is based, at least in part, on locality

sensitive hashing.
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9. A system comprising:
one or more pProcessors;
a memory that includes a plurality of computer-executable components, the
plurality of computer-executable components comprising a module to:
collect a plurality of time-series, wherein each of the plurality of time-
series comprises a series of numerical values;
generate a plurality of feature vectors, wherein each of the plurality of
feature vectors corresponds to one of the plurality of time-series;
generate a plurality of seeds that corresponds to a granularity level,
based, at least in part, on at least a subset of the plurality of feature vectors; and
assigning each of the plurality of time-series to one of the plurality of

seeds.
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10. A computer-readable medium storing computer-executable instructions that,
when executed, cause one or more processors to perform acts comprising;

collecting a plurality of time-series that corresponds to a plurality of computing
devices, wherein each of the plurality of time-series comprises a series of numerical
values that represents resource consumption by a respective one of the computing
devices during a time period;

generating a plurality of feature vectors based, at least in part, on a power
spectrum of each of the plurality of time-series, wherein each of the plurality of
feature vectors corresponds to a respective one of the plurality of time-series;

identifying clusters by applying density-based clustering to at least a portion of
the plurality of feature vectors;

mapping between granularity levels and distance thresholds for each of a
plurality of the clusters, based, at least in part, on a subset of the plurality of feature
vectors;

generating a plurality of seeds that corresponds to one of the granularity levels
based, at least in part, on the mapping, wherein the one of the granularity levels is
selected based, at least in part, on user input;

assigning each of the plurality of time-series to one of the plurality of seeds
based, at least in part, on hash values; and

presenting a graphic representation of at least one of the plurality of the clusters
to indicate resource consumption of at least one of the computing devices during the

time period.
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