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INTELLIGENT TIME SERIES STORING AND INFERENCE ENGINE
IMPLEMENTATION WITH FOCUS ON PERFORMANCE
AND HIGH LEVELS OF ABSTRACTION

This paper covers several aspects of intelligent time series database implementation. It also includes
the description and analysis of a symbolic time series representation scheme. The paper focuses on various
indexing and parallelization approaches in conjunction with actual backend storage engines. Special emphasis
is made on identifying the problem of combining simple queries with time series pattern search and retrieval
requests and finding a solution to this problem. The paper also considers query definition and provides the
general architecture of a time series database with data mining capabilities.
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PEAJIUSALIUA BbICOKOMNMPOU3IBOAUTE/IbHbIX CUCTEM XPAHEHUA
U OBPABOTKHU BPEMEHHbIX PAAOB, NMPEACTABJIEHHbIX
B BUAE BbICOKOYPOBHEBbIX ABCTPAKLIUMA

PaccMOTpEeHBI acTIeKTHI peaiM3allii BBICOKOIIPOU3BOOUTEIBHBIX CUCTEM XpaHEHMSI M 00pabOTKU Bpe-
MEHHBIX DSIIOB, IPEACTABICHHBIX B BUAE BBHICOKOYPOBHEBBIX abcTpakiuii. Ocoboe BHUMAaHUE YIEICHO
TIPOM3BOIUTEIBHOCTH KOHEUYHOTO PEIICHUS M CIoco0aM YBEIMYCHUS TIPOM3BOIMTENIBHOCTU. IIpoBemeHO
CpaBHEHUE Pa3IMYHBIX BHICOKOYPOBHEBBIX IIPEICTABICHUI BPEMEHHBIX PSIIOB IO Pa3HBIM KpUTepusiM. W3-
YUeHBI pa3IUYHbIC pacrpenejicHHBIe HU3KOYPOBHEBBIC XpaHUJININA JAaHHBIX. YCTaHOBIIEHA M pacCMOTpeHa
npobyseMa 3PHEKTUBHOTIO BBHIMOJHEHUS KOMOMHUPOBAHHBIX 3alIpOCOB K XPaHWIMILY BPEMEHHBIX PSIIOB.
PaccmoTpeHa 3amada co3maHMsI 3aIpoca IS paccMaTpruBaeMoil 60a3hl JaHHBIX BPEMEHHEIX psmoB. I1puse-

JIeHa KOHEYHasi apXUTeKTypa paccMaTpMBaeMOl CUCTEMBI.
BA3A JAHHBIX BPEMEHHBLIX PAOJOB; PACITPEAEJIEHHAS CUCTEMA; UHIEKCHUPOBA-

HUE.

Nowadays big volumes of time series data
are generated in various fields of science and
engineering. Most of the time such data is just
stored and forgotten (or analyzed using standard
visualization / retrieval tools «by hand»), but
it is very tempting to have an opportunity to
extract certain amounts of information that
might be useful for immediate and strategical
problem solving and control tasks, such as
events, patterns, motifs, anomalies etc, in
an automated or even automatic manner.
The implementation of such system (which
may also be called as intelligent database) is
always accompanied by various problems. The
main part of this paper contains a set of such
problems and ways of solving them, referenced
by related work and several contributions of

this paper's author.

The main contribution of this paper is
the integration of various techniques (which
originated in signal processing, data mining, big
data and distributed systems, engineering fields)
connected with efficient and production-ready
intelligent time series database implementation
into a single reusable framework. Several
secondary contributions are related to existing
algorithm combinations and optimization.
A novel time series approximation scheme
is proposed. The purpose of this paper is to
provide a general method (framework) of
solving a range of tasks related to intelligent
time series management and mining, as well as
a general overview of the problem with some
concrete ideas and practices.

23



St. Petersburg State Polytechnical University Journal 1' (188) 2014
Computer Science. Telecommunications and Control Systems

Time Series Data, Representation Scheme

First of all, data itself, or, to be specific,
the amount of time series and data quality is a
problem. Hundreds of gigabytes of time series
data to be processed in such system require
high performance of storage backends. The
quality or (and) specifics in data streams is also
an issue: intelligent similarity search algorithms
tend to depend on internal parameters of time
series and have problems with generalization.
Usually one should consider at least problems
of noise (SNR) and data misses and provide
ways of intelligent algorithms parametrization.

The general intelligent algorithm that
works with time series data usually uses some
intermediate time series representation. Many
time series representations have been introduced
(e. g. FFT, Wavelets, Piecewise-Constant
Approximation, curve-based approximation
etc). Recently it has been shown that symbolic
representations of time series outperform
most of other representations in terms of
approximation performance and execution
performance. Moreover, they allow using some
frameworks which require symbolic input (e. g.
Markov models, Kolmogorov complexity based
methods, suffix trees), give good compression
rate and give a lower bound on the real value
(useful in data mining applications), reduce
sensitivity to noise and greatly improve
computational performance [1]. There are two
types of time series symbolization: the first
one is based on quantization and the second
is based on temporal segmentation. It was
found that quantization-based symbolization
performs generally better on signals without
temporal structure (the criteria are: information
loss, accuracy, alphabet size) and vice-versa
[2]. Several extensions for basic representation
scheme have been developed, such as:
symbolization based on kNN segmentation
[3] where a relative frequency is used to
determine the best approximation parameters,
symbolization based on k-Means [4] which
highly outperforms the standard scheme on
highly Gaussian distributed streams. One may
also employ a more intelligent approach: in
order to optimize the algorithm for a particular
dataset, a neural network may be tested and
used either for an efficient rank-based parameter
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pick as in [3], or for an efficient segmentation
scheme as in [4]. There is no doubt that
symbolic representation of time series is most
appropriate for similarity search in intelligent
database (most arising) and it is the best
solution for fast retrieval due to availability of
various data structures from bioinformatics and
computer science communities.

During the investigation of SAX time series
representation the followingspecifics were found.
SAX is very dependent on parameters (window
size, word size, alphabet size). The window
size parameter is responsible for capturing the
dynamics of time series (data is normalized
in each window and as a consequence).
The word size and alphabet size parameters
determine performance/space requirements
of the transformation and operations over
transformed time series. The word size and
alphabet size correspond to discretization and
quantization. It comes true that determining
optimal parameters of SAX is an important and
actual problem. Moreover, domain knowledge
should be integrated in order to organize the
most efficient storage and retrieval scheme. An
example of such domain knowledge integration
is manually defined stream groupings provided
by an expert, the other example is unsupervised
classification of time series, which determines
parameters. It should be noted that it is also
not optimal to generate an infinite number of
parameter triples, because this requires a lot
of additional computations. The optimization
task should be defined to perform an on-line
unsupervised classification that also minimizes
the number of class reallocation in time.

Indexing Symbolic Time Series. Simple
Queries. Approximations and Storage.
Parallel Execution

Indexing is the core of a database, because
there always are response and performance
requirements of a database in production sys-
tems. One always faces a space-time dilemma
when some indexing scheme is implemented,
and uses an underlying representation (symbolic
in our case) for the best performance. The
chosen indexing scheme directly depends on
queries to be executed against a database. In
case of intelligent time series database, the
main query is a «pattern query» or a similarity
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query. The other possible queries are event
queries like «X more than 10 and Yless than 20»
and more simple ones.

Here two combinations of indexing schemes
are proposed. Each of these combinations
allows fulfilling all query requirements.

Let’s consider the first combination. In
order to allow fast «direct> pattern match
against symbols, a suffix tree is built over
symbolic representations of time series. This
can be called the first level of index. The second
level of index is an index for similarity-based
queries. A KD-tree is used for this purpose.
The same KD-tree is used to execute event
queries. Performance is improved via using the
following methods. At first, one probabilistic
suffix tree is used to perform faster first level
index operations. Secondly, KD-tree performs
partial queries and uses heuristics. Last, but
not the least, a separate «reduces space» index
could be built in the reduced feature space of
time series, where the reduction is done via
domain knowledge or general PCA or SOM
scheme. These approaches were evaluated by
the author of this paper. Alternative approaches
to KD-tree index are other structures
optimized for similarity search: general B-tree
based structures [5], R-trees [6]. It should be
noted, that the second index level techniques
listed here are basic ones: trees need special
measures to handle balancing issues, more
parallelization and distribution considerations
should be made. Even though a tree index can
be equally distributed, processing time for each
node needs prediction, which itself represents
a forecasting problem that is not easily solved;
nodes distribution mechanisms with random
effects also have some difficulties.

The second combination of methods and
techniques that allow fulfilling advanced
querying requirements as well as performance
requirements gives more focus on distributional
and fault-tolerance capabilities of the system.
Instead of using a suffix tree as a primary
indexing structure, one can use a distributed
hashing structure. There has been large research
on distributed hashing structures recently,
especially Distributed Hash Tables (DHT):
CAN [7], Chord [8] and others. Generally, the
problem of indexing time series was thoroughly
studied in [9].

The advantage of the suffix tree as a first
level indexing structure is its simplicity and
general ability to perform suffix (substring)
queries. DHT-like  structures  require
much more additional space to allow such
expressivity. On the other hand, DHT-
based structures are purely distributed, thus
naturally allowing distributed computations
and storing.

A storage and cluster computation mecha-
nism is required in order to fulfill strict
requirements of productions environment.
Although there is some research into standard
backends usage for time series mining tasks [10],
such DBMSs lack replication and fault-tolerance
due to highly structured data predisposition. The
integration of intelligent capabilities requires
modifying the source code like in [11], which is
error prone and not appropriate in many cases.
A modern distributed computation framework
is much more preferable, given the fact that
parallelism can always be exploited and is
implemented naturally in such frameworks. One
more requirement is the ability of manual RAM
caching of computations in such framework, the
indexes are more preferable in RAM rather than
on hard drive. As a result, considerable systems
are [12—14].

It should be noted, that such distributed
systems are executed on commodity hardware
(i. e. standard hardware with no special
requirements), comparing to specialized
massively parallel solutions, for example [13]
meaning that they are more universal and
have bigger latencies comparing to specialized
hardware/software massively parallel solutions
at the same time. One implication is that the
time series database system implemented on
top of commodity hardware is not capable
of handling hard real time tasks arising, for
example, in military domains.

The General Architecture of an Intelligent
System

The general architecture of an intelligent time
series database can be represented in Fig. 1.

The central component is the intelligent
database itself, where indexes are stored in
memory, while raw data is stored in symbolic
form on the disk. This may require a cluster of
machines due to large size of indexes.
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Fig. 1. The overview of architecture of an intelligent time series database

The system is highly coupled with some
3«d_party storage, because raw data is always
stored somewhere. A good architectural
solution is to create an «Adapter» for each 3w
party, the database is working with, so that
the intelligent database itself and adapters are
highly reusable.

The CEP component of the system is
responsible for preprocessing data for detection
of some event types. This component executes
event processing queries against data, a good
solution is to reuse some CEP engine while
building indexes and use some declarative
language to find events rather than to encode
requests by hand. CEP component also provides
additional stream processing capabilities for
on-line analysis, i. e. stream manipulation,
aggregation, joining etc.

It is very important to have a subsystem
responsible for user communication so that an
operator would have a way to present patterns
for queries in convenient forms. An example of
such assistance is a visual pattern constructor,

where it is easy to define the shape of a curve
(pattern) to be found in the database.

The concept of multilevel indexing is
represented in Fig. 2.

As discussed in the previous session, the
most optimal storing and indexing scheme
for time series is the scheme containing both
computer science techniques and bioinformatics
techniques. This allows fulfilling performance
requirements as well as provides capabilities
to perform simple queries, exact time series
match queries, range queries, N-nearest time
series queries and others. Not only does such
scheme allow such querying capabilities, but
it also allows using distributed systems and
networks concepts and experience: standard
DHT or CAN implementations may be used as
the second level of index.

It is convenient to have a distributed
optimization component in common space
to allow its reusability: the need of solving
optimization tasks arises on multiple levels of
the system. Currently a version of distributed

a2 Ny
~ N ( R
Inner endpoint of interfacing component
o J =
S
4 : . ) ©
Tree-based index over hash representation of E =
_ time series ) § g
e . . , ~ g g
DHT-based index with advanced hashing £ 3
L scheme ) %
~ : : ~N (=)
A backend storage and execution engine (e.g.
9 Spark Map-Reduce) ) U )
Intelligent database distributed storage and execution engine

Fig. 2. The overview of architecture of an intelligent time series database
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simulated annealing is used as an optimization
framework. A special protocol is implemented
for optimization of agents’ communication. This
protocol allows asynchronous optimization,
incremental updates of «current optimum» and
dynamic task reallocation.

The following figure (Fig. 3) shows in detail
the process of parsing incoming and generating
a distributed index for later querying as well as
the process of query generation, processing and
execution, one can also consider this figure as a
general algorithm, i. e. how the system works.

A system constantly accepts incoming data
from various origins. CEP/Stream processing
(as well as any simple processing like stream
multiplication) queries are constantly executed
on incoming data in order to receive alternated
streams.

These data streams arrive to the
module responsible for generating symbolic
representation. This very module contains
additional domain knowledge, possibly
automatically inferred from data, that allows
more efficient storage and representation.
For example, there can be additional logic
for automatic unsupervised classification of
incoming data streams. A simpler approach is
to integrate domain knowledge of an expert
in various forms. For example, an expert
can set up proper groups of similar signals

from all. Different parameters based on
domain knowledge are then used for symbolic
representation generation algorithm.

The output of the module described in the
previous paragraph goes to a specially designed
hash function that gives hash values to time
series dividing them into equivalence groups
(dimensionality reduction). Generated hash
values are then mapped into DHT / CAN
nodes and distributed around the network.
This process is executed continuously because
amounts of incoming data can be too large. The
other continuously running indexing process is
the process that performs indexing of hashes
into tree structures. These structures are also
ideally distributed as it was discussed in the
previous chapters.

User defined queries, possibly from a special
graphical interface for query construction,
as well as constraints on window size and
additional parameters are supplied to the other
side of the system. This data is then translated
into patterns suitable for search, a search query
is executed and some post processing of search
results are performed.

At least two general ways of the described
system integration can be defined. The first
one puts time series database in the front line
(data acquisition layer). The second way of
integration considers time series database as an

, : . ~ 4 A
Incoming data (time series)
R represen _ —l\ indexing in
i tation cluster via
Incoming data ) 1
; 9 CEP Indexed events generation hash
(time series) component l/ function
N Y )
U input ¢
ser input:
time series Query KD-tree N A backend
queries and preproces- index over KD-tree storage
constraints sing hashes .
l/ index over
hashes
-/ ~—

Fig. 3. Internal data flows




St. Petersburg State Polytechnical University Journal 1' (188) 2014
Computer Science. Telecommunications and Control Systems

)
3 party Data
system A streams
)
Incoming data Ti'T'E N J . rd
(time series) d:tearllazsse T o A N 39 party
database N ] systemB
3r:| party
system B

Fig. 4. Ways of integrating time series database with other systems: left, where time series database
is considered as a part of data acquisition layer and right, where considered system is used as an auxiliary
system for other products

auxiliary part of another bigger system. Both
these cases are represented in Fig. 4.

The left case (Fig. 4, left) inserts time series
database into the system circuit, thus reducing
total system fault-tolerance. On the other side,
in such way time series database receives on-
line data and has this data indexed allowing
other systems to work with this data at once.
Thus, such way is the best for 3™ party systems
that require intelligent time series manipulations
with low latency. It is also possible to stream
data in parallel to third party components
having all pros at the same moment.

The right case (Fig. 4, right) puts time series
database aside from real time series. In this way
an intelligent database does not have data in
real time, but it is not located in the main data
circuit. Such way of integration is more suitable
for cases when off-line processing is required
for some existent systems as a separate module,
and extra low latency is not required.

The approach provided in this paper is
applicable to a wide range of tasks related
to time series: analysis, efficient storage,
approximation, motif discovery, classification,
and others. For example, in order to implement

a fully functional prototype of the vibration
diagnostic system based on models from [16], it
is required to have a subsystem able to provide
both raw time series functionality and similarity
search functionality. The system based on the
concept from [17] also requires historical access
and advanced time series similarity search
capabilities.

It was shown that the chosen methods
(symbolic representation + multilevel indexes
with approximations at distributed storage,
queries are executed in cluster in parallel) greatly
outperform standard approaches (standard time
series representations, SQL databases) in terms
of amount of queries per second and single
query execution time.

The ongoing research is targeted at
investigation and comparison of concrete
algorithms and methods for each stage of
the described systems, integration of chosen
algorithms, improving them and investigating
the means of domain knowledge integration.

The research and implementation of the
system based on the concepts from this paper
is performed as a part of the project related to
time series analysis and visualization in Siemens
LLC.
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