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QUERY PROCESSING IN DATA ANALYSIS

BACKGROUND

[0001] Data analysis or data exploration is becoming
increasingly important in data mining, business intelligence
and other applications. A user can submit a query to the data
analysis platform for various aspects (dimensions) of data
and a query processing tool explores and analyzes the data
and returns a query result to the user. Since the query of the
user may be related to various dimensions of the data, the
query processing tool is required to be able to extract
insights from the data across the dimensions and mine
information behind the data. Online Analytical Processing
(OLAP) techniques can be applied to perform data analysis.
[0002] Most of the data analysis tasks are time-sensitive
and are expected to obtain query results in a more prompt
way. For example, there are many use scenarios with inter-
active data exploration, where users may expect to make a
decision depending on the result of the last query and then
initiate a next query so that a final decision can be made
based on a number of queries. If the query processing tools
are not able to provide the results quickly, their availabilities
are greatly reduced. With the growth of available data
sources in current information era, data is everywhere and
increases both in both quantity and dimensionality. Facing
with such massive data, it becomes a challenge for data
analysis to provide more prompt and accurate results for
user queries.

SUMMARY

[0003] In accordance with implementations of the subject
matter described herein, a solution for query processing is
provided. In this solution, data subsets are pre-stored for
example in a fast access storage device for data analysis,
each including data entries corresponding to one or more
dimensions. If two or more data subsets are needed to cover
target dimensions corresponding to query items in a received
query, instead of turning to analyze a source data set that is
not stored, the query is decomposed into subqueries. By
means of the decomposing, the target dimension(s) corre-
sponding to the query item(s) in each subquery can be
covered by a single data subset. The data subset is analyzed
for each subquery and a query result for the query is
determined based on analysis results of the subqueries. In
such way, the query result for the query can obtained in a fast
manner from the available data subsets.

[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 features or essential features of the
claimed subject matter, nor is it intended to be used to limit
the scope of the claimed subject matter.

BRIEF DESCRIPTION OF THE DRAWINGS

[0005] FIG. 1 illustrates a block diagram of a computing
environment in which implementations of the subject matter
described herein can be implemented;

[0006] FIGS. 2A and 2B illustrate schematic diagrams of
example source data set and data sub set;

[0007] FIG. 3 illustrates a flowchart of a process of query
processing in accordance with an implementation of the
subject matter described herein;
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[0008] FIG. 4 illustrates a flowchart of process of query
decomposing in accordance with an implementation of the
subject matter described herein;

[0009] FIG. 5 illustrates a schematic diagram of associa-
tions of target dimensions in accordance with an implemen-
tation of the subject matter described herein;

[0010] FIGS. 6A and 6B illustrate a schematic diagram of
associations of target dimensions for different queries in
accordance with an implementation of the subject matter
described herein;

[0011] FIG. 7 illustrates a schematic diagram of analysis
of'a data subset in accordance with an implementation of the
subject matter described herein; and

[0012] FIG. 8 illustrates a flowchart of a process of
generating data subsets in accordance with an implementa-
tion of the subject matter described herein.

[0013] Throughout the drawings, the same or similar
reference symbols refer to the same or similar elements.

DETAILED DESCRIPTION

[0014] The subject matter described herein will now be
discussed with reference to several example implementa-
tions. It is to be understood these implementations are
discussed only for the purpose of enabling those skilled
persons in the art to better understand and thus implement
the subject matter described herein, rather than suggesting
any limitations on the scope of the subject matter.

[0015] As used herein, the term “includes” and its variants
are to be read as open terms that mean “includes, but is not
limited to.” The term “based on” is to be read as “based at
least in part on.” The term “one implementation” and “an
implementation” are to be read as “at least one implemen-
tation.” The term “another implementation” is to be read as
“at least one other implementation.” The terms “first,”
“second,” and the like may refer to different or same objects.
Other definitions, explicit and implicit, may be included
below.

[0016] As used herein, the term “data record” or “data
entry” refers to data related to one or more dimensions in a
data set or data subset. The term “dimension” is related to an
aspect of a data entry and is used to group different types of
data in a data set or data subset. For example, in a data set
associated with product sales, a data entry may include
various data associated with the product name, product
parameters, manufacture time, sales time, sales region, and
sales volume, where the product name, product parameters,
manufacture time, sales time, sales region and sales volume
refer to six different dimensions of the data entry. In some
cases, data items across two or more of all dimensions may
also define a data entry even though this data entry is not
related to all dimensions. Different dimensions sometimes
can be called as different columns of the data set or data
subset, and data or a data entry with multiple dimensions can
be called as “multi-dimensional data” or “a multi-dimen-
sional data entry”.

[0017] As used herein, the term “data item” refers to data
related to a certain dimension of a data entry. For example,
data recorded in the product name dimension of the data
entry can be regarded as a data item. The data item in one
dimension can also be regarded as a value of the dimension.
Generally speaking, a data item can be categorical, ordinal,
or numerical data. For instance, data items in the dimension
of “product name” are categorical data, referring to different
products; data items in the dimension of “manufacture time”
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and “sales time” are ordinal data; and data items in the
dimension of “sales volume” indicates quantitative proper-
ties related to statistics and thus are numerical data. The term
“query item” refers to a data item specified in a query and
thus is associated with a certain dimension of the data entry.
[0018] A data set may be stored in databases or file
systems in distributed manner, and thus the access speed to
the data items therein is low. Since the data available for
analysis is large in size (at TB or PB level) and high in
dimensionality (tens of dimensions), some solutions have
been proposed to store the data set in a fast access storage
device such as a memory to facilitate data analysis tasks for
a user query. Examples of such data set store may include a
computing architecture SparkSQL in a distributed memory.
By improving the access speed, the speed for retrieving the
query result is accelerated and the processing time is
reduced from days to hours or minutes. However, the
processing time can hardly be further reduced because
scanning such a data set with a large data size and high
dimensionality is time-consuming. It cannot therefore sat-
isfy the performance (e.g., a response time of ten or several
seconds) required by time-sensitive tasks such as interactive
data exploration.

[0019] Some other solutions attempt to divide a large
source data set into a plurality of small data subsets to solve
the problem of interactive exploration of big data. The small
data subsets each cover one or more of the dimensions of the
source data set and thus have much small sizes. A data subset
sometimes can be created as a so-called data cube, which
may be represented by a table of aggregated results of one
or more of the columns in the source data set. A query
processing device, in response to a request of a query,
determines target dimensions corresponding to one or more
query items in the query and directly performs data analysis
in a single data subset covering the determined target
dimensions to compute a query result. Due to the reduction
of the data size and the dimensionality, a small number of
data scanning operations are needed, thereby reducing the
time for obtaining the query result. Instead of storing in a
distributed manner as the source data set, the data subsets
can be stored in a fast access storage device, which further
improves the performance.

[0020] However, creating, storing and maintaining data
subsets or data cubes all consume computing and storage
resources. For example, for a source data set with d dimen-
sions, 27 data subsets in total are generated in order to cover
different combinations of the d dimensions, which is imprac-
tical in most cases. In order to reduce dimension combina-
tions, some query processing platforms allow the users to
manually divide the dimensions of the source data set into
groups and create data subsets only based on dimensions in
the respective groups. Since not all combinations of the d
dimensions are included in the created data subsets, the
query processing platforms cannot provide query results for
queries with query items related to dimensions that are
divided in two or more data subsets.

[0021] Forexample, if a source data set covers the product
name, product parameters, manufacture time, sales time,
sales region, and sales volume and is divided into two data
subsets, where one is related to the product name and
product parameters, and the other is related to the manufac-
ture time, sales time, sales region, and sales volume. When
a user wants to query about a sales trend of a given product,
the query processing platforms cannot give a query result

Feb. 20, 2020

because the two dimensions related to the query (the product
name and sales volume) are not included in a single data
subset. In this case, the query processing platforms turn to
access and analyze the source data set, which takes a longer
processing time compared to the analysis based on a data
subset.

[0022] Further, because of the fact that users generally
cannot determine accurately which dimensions of data
should be better combined to facilitate subsequent analysis,
the manual grouping by the users result in the created data
subsets being unsuitable for accurately and quickly comput-
ing query results, which therefore degrades the overall
performance. In addition, due to the limitation on storage
space, the selection by the users and the generation of the
data subsets are generally limited based on conservative
estimates, so as to prevent the total data size of the generated
data subsets from exceeding the available storage space. All
of the above makes it impossible to rapidly respond to
various queries in subsequent stages.

[0023] Some other solutions aim to compromise accuracy
of the query results for a faster response speed and less
storage space. These solutions are so called Approximate
Query Processing (AQP). AQP-based query processing is
based on such an assumption that users are generally satis-
fied with approximate results or answers. For example, users
who expect to conduct a survey on the sales trend pay less
attention to the accurate sales volumes in a particular time
period. Traditional AQP methods include sampling, creating
histograms, wavelets, and sketches. Irrespective of data
cubes, an AQP method creates a set of stratified samples on
the original data set, and selects the most appropriate
samples for data analysis of a query during operation. The
set of stratified samples is determined by taking historical
workloads, data sparseness, and storage limits into consid-
eration. Although effective in terms of providing query
results, the method is faced with the “cold start” problem.
Since the method relies heavily on historical workloads, it is
not applicable for newly imported data because there are no
historical workloads.

[0024] As can be seen from the above analysis, the exist-
ing solutions have various defects in aspects of both creating
data subsets and estimating query results. To at least par-
tially address the above problems and other potential prob-
lems, a new query processing solution is provided. As briefly
described above, according to implementations of the sub-
ject matter described herein, if two or more of data subsets
are needed to cover target dimensions corresponding to a
plurality of query items in a received query, the query is
decomposed into a plurality of subqueries. Each subquery
has at least one of the query items, so the target dimension(s)
corresponding to query item(s) of each subquery can be
covered by a single data subset. Analysis results of the
respective subqueries are determined by analyzing corre-
sponding data subsets and can be aggregated (for example,
through probability analysis) for estimating a final query
result for the query. Compared with the query result deter-
mined from the source data set covering all the target
dimensions corresponding to the plurality of query items,
the estimated query result may be degraded in accuracy, but
can be obtained in a fast way and in real time based on the
available data subsets. Furthermore, no prior knowledge of
data distribution and historical workloads are required for
the estimate of the query result.
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[0025] Basic principles and various example implementa-
tions of the subject matter described herein will now be
described with reference to the drawings. FIG. 1 illustrates
a block diagram of a computing environment 100 in which
implementations of the subject matter described herein can
be implemented. It would be appreciated that the computing
environment 100 described in FIG. 1 is merely for illustra-
tion and not limit the function and scope of implementations
of the subject matter described herein in any manners.
[0026] As shown in FIG. 1, the computing environment
100 includes a computing system/server 102 in form of a
general computer device and a data set 180. The computing
system/server 102 can be implemented as a query processing
device (hereinafter referred to as “query processing device
102”) according to implementations of the subject matter
described herein. The computing system/server 102 receives
queries and provides query results 106. Components of the
computing system/server 102 include, but are not limited to,
one or more processors or processing units 110, a memory
120, a storage device 130, one or more communication units
140, one or more input devices 150, and one or more output
devices 160. A processing unit 110 can be a physical or
virtual processor and can execute various processes based on
the programs stored in the memory 120. In a multi-processor
system, multiple processing units execute computer-execut-
able instructions in parallel to improve the parallel process-
ing capacity of the computing system/server 102.

[0027] The computing system/server 102 typically
includes a plurality of computer storage media, which can be
any available media accessible by the computing system/
server 102, including but not limited to volatile and non-
volatile media, and removable and non-removable media.
The memory 120 can be a volatile memory (for example, a
register, cache, Random Access Memory (RAM)), non-
volatile memory (for example, a Read-Only Memory
(ROM), Electrically FErasable Programmable Read-Only
Memory (EEPROM), flash memory), or any combination
thereof. The memory 120 includes one or more program
products 122 having one or more sets of program modules
configured to perform functions of various implementations
described herein.

[0028] The storage device 130 can be any removable or
non-removable media and may include machine-readable
media, such as a memory, flash drive, disk, and any other
media, which can be used for storing information and/or data
170 (for example, one or more data subsets 172) and
accessed in the computing system/server 102. In some
implementations, the data subsets 172 can be stored together
with the program products 122 in the fast-access memory
120 instead of in the storage device 130. Alternatively, the
storage device 130 can be implemented as a memory that is
accessible in a fast way. It is to be understood that the above
description is merely by way of example and the data subsets
172 may also be stored in a memory of any appropriate form.
In one example, the data subsets 172 may be stored in a
number of distributed storage devices.

[0029] The computing system/server 102 may further
include additional removable/non-removable, volatile/non-
volatile memory media. Although not shown in FIG. 1, a
disk drive is provided for reading and writing a removable
and non-volatile disk and a disc drive is provided for reading
and writing a removable non-volatile disc. In such case, each
drive is connected to the bus (not shown) via one or more
data media interfaces.
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[0030] The communication unit 140 communicates with a
further computing device via communication media. Addi-
tionally, functions of components in the computing system/
server 102 can be implemented by a single computing
cluster or multiple computing machines connected commu-
nicatively for communication. Therefore, the computing
system/server 102 can be operated in a networking environ-
ment using a logical link with one or more other servers,
network personal computers (PCs) or another general net-
work node.

[0031] The input device 150 may include one or more
input devices, such as a mouse, keyboard, tracking ball,
voice-input device, and the like. The output device 160 may
include one or more output devices, such as a display,
loudspeaker, printer, and the like. As required, the comput-
ing system/server 102 can also communicate via the com-
munication unit 140 with one or more external devices (not
shown) such as a storage device, display device and the like,
one or more devices that enable users to interact with the
computing system/server 102, or any devices that enable the
computing system/server 102 to communicate with one or
more other computing devices (for example, a network card,
modem, and the like). Such communication is performed via
an input/output (I/O) interface (not shown).

[0032] InFIG. 1, the storage device 130 is stored with data
170 which includes data subsets 172 (e.g., statistical data
related to product sales). As a query processing device, the
computing system/server 102 may receive a query 104 for
example from a user through the input device 150. For
instance, the query may relate to the sales of a given
particular product in a certain region. The query processing
device 102 determines a query result 106 based on the stored
data subsets 172. The query result 106 can be represented in
a form of graphic, table, text, audio, video, or any combi-
nation thereof, so that the user or other receiver can be
informed of the query result. It is to be understood that the
query result 106 can be represented in any appropriate form,
and the above form(s) is merely given as an example without
limitation to the scope of the subject matter described herein.

[0033] The query processing device 102 can further com-
municate with a database 180 storing a data set 182 via a
communication unit 14. The data set 182 includes multiple
data entries corresponding to multiple dimensions and may
be a source data set of the data subsets 172. A data subset
172 is generated based on the data set 182 and includes data
entries corresponding to one or more dimensions of the data
set 182. If the query result 106 cannot be directly provided
based on the data subsets 172, the query processing device
102 may access the data set 182 as required to perform data
analysis in a wider range of data.

[0034] Implementations of the subject matter described
herein are further described by way of detailed examples.
FIG. 2A illustrates a schematic diagram of a source data set
200 according to an implementation of the subject matter
described herein. The data set 200 may be implemented as
the data set 182 in the database 180 of FIG. 1. Although the
data set 200 is shown in FIG. 2A in form of a multidimen-
sional table, it would be appreciated that the data set 200 is
provided for the purpose of illustrating the following
descriptions of examples and the data set 200 may be in any
suitable forms and includes any contents. The scope of the
subject matter described herein is not limited by the example
in FIG. 2A.
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[0035] In some implementations, the data set 200 may be
a single table, a Comma Separated Value (CSV) file, or a file
in any other suitable form stored in the database, or can be
obtained by joining a number of tables. In the example of
FIG. 2A, the data set 200 is a table of product sales,
including multiple rows and columns. Every data entry is
shown in one row of the table, and columns of “Date” 210,
“CPU” (Central Processing Unit) 220, “OS” (Operating
System) 230, “Region” 240, “Brand” 250, ‘“Resolution”
260, and “Sales” 270 are different dimensions of the data set
200. Data corresponding to one dimension in each data entry
is referred to as a data item or dimension value, which is
defined by a row and a column of the data set 200 jointly.

[0036] Since data of the data set 200 is huge in size and
high in dimensionality, a plurality of data subsets are pre-
created for the data set 200. Each data subset can include
data of one or more dimensions of the seven dimensions
shown in FIG. 2A. Therefore, the data size of each data
subset is reduced and each data entry therein includes data
of less dimensions. For example, four data subsets 202 to
208 are generated as illustrated in FIG. 2B based on the data
set 200 and cover the following dimensions {210, 250, 270},
{220, 230,260}, {230, 240, 250, 260}, and {220, 230, 240},
respectively. These data subsets and the data set 200 can be
separately stored and implemented as the data subsets 172 in
the storage device 130 of FIG. 1.

[0037] FIG. 3 illustrates a flowchart of a process of query
processing 300 in accordance with an implementation of the
subject matter described herein. The process 300 can be
implemented at the query processing device 102. At 310, the
query processing device 102 receives a query 104 including
a plurality of query items. The plurality of query items are
associated with a plurality of target dimensions of data
entries and indicate different aspects of expected informa-
tion. The query 104 may input by a user or generated by
other ways. For example, the query 104 may be “SELECT
SUM (sales) WHERE CPU-‘ARM” AND OS=i0S” AND
BRAND=‘Brand1” AND REGION=US*”, which is associ-
ated with dimensions of “Sales” 270, “CPU” 220, “OS” 230,
“Brand” 250 and “Region” 240 in the data set 200 of FIG.
2A. The associated dimensions are referred to as target
dimensions and data defined for the target dimensions of the
query 104 are query items, which indicate that user expects
to obtain sales of the product when its CPU is ARM, OS is
i0S, Brand is Brand 1, and Region is in US.

[0038] At 320, the query processing device 102 deter-
mines whether at least two of a plurality of data subsets are
needed to cover the plurality of target dimensions. The query
processing device 102 stores the plurality of data subsets
generated from a source data set into the storage device 130
(with fast access). In order to obtain an accurate query result,
it would be desirable that one stored single data subset can
cover the target dimensions associated with the current
query items and is used as the basis for data analysis of the
query. “Cover” used herein means that data corresponding to
the target dimensions is included in a single data subset,
which may or may not include data of other dimensions.
[0039] If no single data subset among the available data
subsets can cover the plurality of associated target dimen-
sions, that is, if two or more data subsets are needed to cover
all of the target dimensions, according to implementations of
the subject matter described herein, the query is decomposed
to determine an estimated query result. In the example of
FIGS. 2A and 2B, if the query 104 relates to target dimen-
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sions of “Sales” 270, “CPU” 220, “OS” 230, “Brand” 250
and “Region” 240, then none of data subsets 202 to 208
stored in the query processing device 102 can separately
cover all of the above target dimensions. Accordingly, the
query 104 is decomposed.

[0040] At 330, the query processing device 102 decom-
poses the query 104 into a plurality of subqueries, such that
each decomposed subquery has at least one of the plurality
of query items in the query 104. In some implementations,
the plurality of query items in the query 104 are randomly
grouped to obtain the query items for each of the subqueries.
As the number of query items in each subquery is reduced,
the probability of finding a result for each subquery from the
available data subsets increases. In other implementations,
the decomposing of the query is dependent on the current
available data subsets. For example, the query 104 is ran-
domly grouped and if the target dimensions associated with
a subquery still requires two or more data subsets to cover,
then the subquery is further decomposed. In some imple-
mentations, associations of the target dimensions may be
created based on coverage of the target dimensions by the
data subsets, and the query 104 is decomposed based on the
associations so that the target dimension(s) associated with
query item(s) in each subquery can be covered by a single
stored data subset. The process of query decomposing will
be described in details below.

[0041] At 340, the query processing device 102 deter-
mines a query result for the query 104 by analyzing a data
entry or data entries in the plurality of data subsets that is
corresponding to a target dimension(s) associated with the
query item(s) in each subquery. When the target dimensions
associated with each subquery can all be covered by a single
data subset, data analysis is performed on the single data
subset to provide an analysis result for the subquery. At this
time, the query result is determined by employing various
known analytical techniques that are used for providing
results for queries. Other analytical techniques are also
applicable. The analysis results of the plurality of subqueries
can be aggregated to determine the query result for the query
104. Probability analysis methods can be adopted to esti-
mate the query result for the query 104. An example of the
probability analysis method is to estimate a query result
satisfying all variables (query items) of the query 104, given
the analysis results of a single variable (query item) and/or
various combinations of several variables in the query 104.
Various probability analysis methods can be utilized for the
estimation.

[0042] If the query processing device 102 determines that
the associated target dimensions can be covered by a single
available data subset rather than a plurality of data subsets,
at 350, the query result for the query 104 is determined by
analyzing data entries corresponding to the target dimen-
sions in that single data subset. Then an accurate result for
the query 104 can be provided. A variety of known analytical
techniques for providing a result of a query can be
employed.

[0043] Various example implementations for the decom-
posing of the query 104 are described in detail below. It
would be appreciated that query decomposing involves
reducing the query 104 of high dimensionality (with more
query items) to subqueries of low dimensionality (with less
query items). The reasons why the query result for the query
104 can be determined based on the above decomposing are
based on the following facts as recognized by the inventors.
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[0044] First, the correlations between dimensions (or col-
umns) of a data set is not high. In many experiments in
machine learning using for example a Naive Bayesian
Network, when it is supposed that all the features are
independent with each other, it is still possible to produce
surprisingly good results. Furthermore, in a learning model
based on for example a Tree Augmented Naive Bayesian
Network, it is supposed that each feature is dependent on at
most one other feature and can still obtain good results.
Based on these observations, the inventors have discovered
that it is feasible to reduce dimensionality of the query 104.
[0045] Second, during practical use cases, data entries are
sparse in a big data set (for example, some data entries have
null values in certain dimensions), so it is hard to directly
provide a result for a query with high dimensionality. For
this reason, meaningful results can only be obtained on the
basis of query decomposing. In addition, the query process
becomes more effective by generating and storing a plurality
of data subsets of low dimensionality. Further, as mentioned
above, users are generally satisfied with approximate results
or answers during data analysis and mining.

[0046] Based on the above facts, implementations of the
subject matter described herein propose a solution for
decomposing a query to provide an estimated query result
based on the available data subsets. A process 400 of
decomposing the query 104 is described below with refer-
ence to FIG. 4. It would be appreciated that the process of
decomposing 400 is a specific implementation of the process
300 in FIG. 3 and thus can also be implemented by the query
processing device 102. In order to make the query result for
the query 104 more accurate in the case where it is impos-
sible to find all the target dimensions in a single data subset,
according to the probability analysis theory, it is desired to
find out as many analysis results for different combinations
of the query items in the query 104 as possible. Therefore,
different combinations of the query items during the query
decomposing.

[0047] In general, the process 400 of decomposing the
query 104 is dependent on two factors. One of the factors is
the coverage of the target dimensions by the currently stored
data subsets, as mentioned above. The other factor is cor-
relations between the query items in the query 104 (the data
items inquired by the query in the respective target dimen-
sions). When considering the correlations, it does not simply
take the overall correlation between the concerned target
dimensions into consideration, but uses correlations between
the data items that are currently inquired in the target
dimensions.

[0048] The decomposing process 400 aims to determine
associations between the target dimensions based on known
information and decompose the query 104 based on the
associations. The two factors mentioned above may be
considered in determining the associations. Specifically, at
410, the query processing device 102 determines correla-
tions between respective pairs of query items among the
plurality of query items of the query 104. At 420, the query
processing device 102 determines associations of the plu-
rality of target dimensions based on the correlations and
target dimensions corresponding to the respective data sub-
sets. The determining of the correlations and associations
will be described below.

[0049] In some implementations, associations of the target
dimensions are generated based on a Bayesian Network and
thus may be represented by a Directed Acyclic Graph
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(DAG). The target dimensions may be regarded as vertices
of the DAG and a correlation between query items corre-
sponding to two target dimensions may be considered as a
weight of an edge between two vertices. Accordingly, com-
pared with the conventional Bayesian Networks, the Bayes-
ian Network generated in the implementations of the subject
matter described herein is bound by conditions (that is,
under the constraint of the query items of a given query and
the target dimensions of given data subsets). Therefore, the
Bayesian Network proposed herein is also referred to as a
Conditional Bayesian Network or Dynamic Bayesian Net-
work.

[0050] FIG. 5 shows an example DAG 500 to provide a
visual representation of associations of target dimensions
represented by a DAG. In this example, it is supposed that
the query 104 is related to five target dimensions, including
A 510, B 520, C 530, D 540, and E 550, which are
represented as vertices of the DAG 500, respectively. In the
DAG 500, a weight of an edge between each two vertices is
represented by a correlation between a pair of query items
corresponding to the target dimensions. It will be discussed
in the following how to add an edge into the DAG 500.

[0051] Compared with conventional Bayesian algorithms
based on static information theory, the Bayesian network
proposed herein uses correlations between query items
assigned to the dimensions instead of computing column-
wise (dimension-wise) mutual information. This is based on
the recognition that correlations between the dimensions are
not high, as mentioned above. In some implementations, a
correlation between two query items is the mutual informa-
tion therebetween, which is also referred to as Point-wise
Mutual Information (PMI).

[0052] In an example, mutual information between two
query items is calculated based on probabilities of their
presence in respective target dimensions. A probability of
presence of each query item in its target dimension refers to
a ratio of the number of times a data item matching with (or
identical to) the query item present in the dimension to the
number of all data items in that dimension, which thus
indicates a probability of finding the query item in the target
dimension. For example, if the target dimension A has 100
data items and there are 20 data items that are identical to the
query item, then the probability of the query item presenting
in the dimension A is determined as 0.2.

[0053] Based on the probability for each query item,
various methods can be used to compute the mutual infor-
mation. By way of example, it is supposed that the query 104
involves five target dimensions 510 to 550 of {A, B, C, D,
E} and query items associated with the respective target
dimensions are {a, b, ¢, d, e}, then the mutual information
between the query items a and b (denoted as “PMI (a, b)”)
is determined as follows:

PMI(a, b) = log( pa, b) ) oy

p@-p(®)

[0054] where p(a) and p(b) represents probabilities of
presence of the query items a and b in their target dimensions
A and B, and p(a, b) represents a probability of co-presence
of the query items a and b in both target dimensions A and
B. These probabilities may be pre-computed and stored as
metadata together with the data subsets, or may be deter-
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mined by statistics of data entries in the data subsets that
include the target dimensions.

[0055] For the purpose of comparing with Point-wise
Mutual information, the mutual information between two
target dimensions A and B (denoted as “I(A, B)”) is provided
as follows:

wn STl

[0056] It can be seen that the mutual information between
two target dimensions is actually the weighted average of the
PMI between all data items in the two target dimensions. In
the case of querying, the relationship between two target
dimensions under a specific query can be better described by
the PMI. In comparison, the mutual information between
two target dimensions is affected by weights of the two
target dimension values or mutual information between
other irrelevant dimension values, so it cannot reflect the
correlation between two target dimensions as accurately as
PMI in a given query. For instance, for the target dimensions
CPU 220 and OS 230 in the example shown in FIGS. 2A and
2B, if query 104 has two query items CPU=“ARM” and
OS=“Linux”, the correlation (PMI) between the two query
items is computed as 0.305, which is greater than the mutual
information of 0.037 between the dimensions CPU 220 and
OS 230 and thus indicates that the dimensions CPU and OS
are strongly correlated with the dimension values ARM and
Linux given.

[0057] In some implementations, when determining the
associations of the Bayesian Network for the plurality of
target dimensions, the absolute value of PMI may be used as
a weight of an edge between vertices of target dimensions.
Therefore, even if the two query items are determined as
having a strong negative correlation, they are also consid-
ered to have an important correlation. It would be appreci-
ated that the correlation for each other pair of query items
among the plurality of query items in the query 104 can be
likewise determined.

[0058] After obtaining correlations between the query
items, a DAG can be generated with the target dimensions
as vertices to represent their associations. The correlations
between the query items can serve as weights of undirected
edges between their corresponding target dimensions. In a
DAG, an association of two target dimensions can be
indicated by a connection edge therebetween. The objective
of generating a DAG is to find a Bayesian Network such that
the sum of weights for all the edges is maximum and all
subqueries decomposed according to the DAG can be
directly provided with query results by the available data
subsets. Therefore, in addition to the correlations of query
items, the coverage of the target dimensions by the stored
data subsets may also affects whether two target dimensions
in the DAG are associated with one another or not. In
general, it is desired that the combinations of any two or
more target dimensions having associations are covered by
the data subsets. Alternatively, or in addition, it is also
desired to generate associations preferably for the corre-
sponding target dimensions of the query items having stron-
ger correlations.

[0059] An example process of creating a DAG is
described below. The plurality of target dimensions are
represented as vertices of the DAG and one of the target
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dimensions is selected as a root node. The root node is
selected to identify directions of edges between the target
dimensions, such that the directions are always pointing
from parent nodes to child notes. In particular, a correlation
larger than the threshold correlation (for example, the maxi-
mum correlation) among the computed correlations is deter-
mined. Any one of the two target dimensions corresponding
to the query items involved with that correlation may be
selected as the root node and the two target dimensions are
determined as having an association. In the example of FIG.
5, it is supposed that the query items a and b, which are
respectively corresponding to the target dimensions 510 and
520, have the strongest correlation. Thus, the target dimen-
sions 510 may be selected as a root node and an edge
pointing from the root node 510 to the node 520 represents
that there is an association between the two target dimen-
sions.

[0060] Further, other target dimensions are selected and it
is determined whether edges therebetween can be added into
the DAG according to a descending order of the correlations.
An edge between two target dimensions is determined to be
added or not based on the following criteria.

[0061] First, the directions of edge is determined as point-
ing consistently from up to down or from down to up (using
the root node as basis). If the two dimensions are at the same
layer, then the direction can be defined as consistently from
left to right (or consistently from right to left). The rule for
directions of the edges in the DAG is to avoid cycles in the
DAG. In addition, a direction can also indicate a relationship
of the association between two target dimensions. For
example, if a direction points from the dimension A to the
dimension B, it means that the association from the dimen-
sion B to the dimension A is strong (while the association
from A to B may be weak).

[0062] Second, the coverage of the target dimensions by
the available data subsets is taken into account. Two target
dimensions that have an association need to be covered by
a single data subset. In addition, if any of the two target
dimensions has a further association(s) with one or more
other target dimensions, all of these target dimensions are
needed to be coved by a single data subset. In one example,
the target dimensions, which point to a same target dimen-
sion, need to be covered by a single data subset together with
the pointed target dimension. In the example of FIG. 5, it is
supposed that the target dimensions 510 and 530 have been
determined as having an association, all the target dimen-
sions 510, 520, and 530 are needed to be covered by a single
data subset when determining if an edge can be added
between the target dimensions 520 and 530.

[0063] When it has checked whether all the edges can be
added, the DAG is created as a Bayesian Network to
represent associations between the target dimensions. It
would be appreciated that the processing of determining
associations above is dynamic. That is, once a query 104 is
received, associations of target dimensions corresponding to
that query 104 can be generated on the basis of that query.
The created Bayesian Network above is bound by certain
conditions. Thus, it would be appreciated that even if queries
104 involve the same target dimensions, the DAG may also
vary when different query items are associated with the
target dimensions.

[0064] For example, if the query 104 is “SELECT SUM
WHERE  CPU=ARM’ AND OS=i0S> AND
BRAND="Brand1l’ AND ‘REGION’=US’”, the associa-
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tions of the target dimensions CPU 220, OS 230, Region
240, Brand 250 and Sales 270 are determined under the
conditions of {CPU=ARM’ AND OS=i0S’ AND
BRAND=‘Brandl’ AND ‘REGION’=‘US’}. When the
stored data subsets are data subsets 202 to 208 as shown in
FIG. 2B, a DAG 610 is generated as illustrated in FIG. 6A.
In another example, if the query 104 is “SELECT SUM
WHERE CPU="ARM’ AND OS=Linux AND
BRAND=‘Brand1’ AND ‘REGION’=US"”, since different
query items are included, a different DAG 620 is generated
for the same target dimensions as shown in FIG. 6B.

[0065] It would be appreciated that although a DAG in a
tree structure has been discussed above, it is not limited to
construct and store such tree structure in determining the
associations; instead, any other methods that are capable of
identifying the associations between the target dimensions
can be applied. It would also be appreciated that in addition
to the DAG, the associations between the target dimensions
can be represented in other forms.

[0066] Still referring to FIG. 4, in which the query pro-
cessing device 102 decomposes, at 430, the query into a
plurality of subqueries based on the determined association.
Each of the subqueries can include one or more of the query
items in the query. For subqueries with more than one query
item, their corresponding target dimensions are expected to
have associations. Two or more target dimensions having
associations therebetween may be selected from the DAG of
associations created for the target dimensions. The query
items corresponding to the selected target dimensions are
decomposed into one of the plurality of subqueries. The
query items of the plurality of subqueries can be partially
overlapped. As can be seen from the above generated
associations, the target dimensions associated with each
subquery can be covered by one single data subset. In
addition, one or some of the plurality of subqueries can have
only one query item.

[0067] Through the above decomposing procedure, a
query result for each subquery (including subquery with one
query item) can be provided from a single data subset.
Therefore, at the phase of data analysis, the query processing
device 102 can analyze data entries of the target dimensions
associated with each subquery, and mine the data to obtain
an analysis result for the subquery. Various data analytical
techniques, either currently known or to be developed in the
future, can be employed to perform data mining on a single
data subset. The scope of the subject matter described herein
is not limited in this regard.

[0068] In some examples, dependent on the query item(s)
in each subquery, the query processing device 102 can
perform various Online Analytical Processing (OLAP)
operations on the single data subset such as drill-down and
roll-up, to perform corresponding analysis tasks. FIG. 7
shows a schematic diagram of drill-down and roll-up opera-
tions on a single data subset 710. The illustrated data subset
710 covers three dimensions A, B, and C and each of the
three dimensions has respective data items {al, a2, a3 },
{b1,b2, b3 } and {c1, c2}. In the roll-up operation, when the
data items (dimension values) of the dimension C are given
as ¢l and c2, two data cubes 722 and 724 can be obtained.
After a further roll-up operation on the data cubes 722 and
724, a data table 730 consisting of the dimensions A and B
can be analyzed. The drill-down operation is a reverse
operation of the roll-up. Data analysis tasks can further
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include pattern mining such as a trend, unusual values or
points, correlations and the like, so as to provide the analysis
result for the subquery.

[0069] After obtaining the analysis results for the plurality
of subqueries of the query 104, the query processing device
102 can determine the final query result for the query 104
through a probability analysis method. In some cases, in
order to obtain a more accurate query result for the query
104, as many combinations of the plurality of query items as
possible are included in the decomposed subqueries and then
the corresponding query results are analyzed. As an
example, if the query 104 involves five target dimensions A
to E, 510 to 550, as shown in FIG. 5 and is decomposed,
based on the associations of FIG. 5, into subqueries related
to the following target dimensions: {B 520}, {A 510}, {A
510, E 550}, {B 520, E 550}, {B 520, C 530}, and {A 510,
B 520, C 530}, respectively. The probability (denoted as “P
(A, B, C, D, E)”) that data entries, which satisfy the
constraints for the target dimensions 510 to 550 by the query
104, are presented in all data of the source data set can be
estimated as:

P(A. B, C. D, E) = P(E, B)-p(B, O)- p(E, A)- p(A, B, O) ©)
p(B?- p(A)
[0070] where P(A, B, C, D, E) represents the probability

that all dimension values of A to E, which match data entries
of the query items in the query 104, are found in the source
data set; p(X1 . . ., Xn) represents a determined probability
of presence of query items corresponding to the respective
target dimensions X1 to Xn in a single data subset, and n
represents an integer equal or greater than 1. If a user needs
to search data entries satisfying query item requirements of
the query 104, the number of the data entries may be
determined by multiplying the estimated probability P (A, B,
C, D, E) by the total number of data entries in the source data
set (which can be pre-stored as metadata). When the query
104 inquires other information, its query result can be
provided according to the probability analysis method
accordingly.

[0071] It has been described above the solution for esti-
mating a query result based on the available data subsets
through query decomposition. As mentioned, the query
decomposition is related to the target dimensions covered by
the available data subsets. In order to allow the stored data
subsets covering more dimension combinations so as to
provide accurate or estimated query results for more differ-
ent queries, implementations of the subject matter described
herein provides a solution for generating data subsets from
a source data set. This solution can be performed by the
query processing device 102 before receiving the query 104
or before generating a query result for the query 104.
Hereinafter, dimensions of the source data set are referred to
as source dimensions so as to differentiate from the target
dimensions associated with query items.

[0072] Different from generating the data subsets through
the user instructions in traditional solutions, the solution for
generating data subsets in the subject matter described
herein can automatically generate data subsets under certain
constraints. One of the constraints is the requirement for a
coverage rate of dimension combinations of the source data
set. In the cases where the storage space is limited, an
additional constraint on the total data volume of the data
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subsets to be generated is considered. The above constraints
are provided because of the following problems in generat-
ing the data subsets. On one hand, in order to obtain a higher
coverage rate, some traditional solutions always store a data
subset related to all source dimensions of the source data set
(which is corresponding to the “source data set™) so as to
accurately generate query results for all kinds of queries.
[0073] However, this full-dimensional data subset tends to
consume excessive storage space. On the other hand, one
characteristic of data subsets, for example, data cubes, is that
high-dimensional data subsets can be used to provide query
results for low-dimensional queries, but the opposite is not
true. This is also the reason why it is desired to increase the
coverage rate of dimensions in the data subsets. By gener-
ating data subsets under the above constraints, a balance can
be achieved between the data storage and the coverage rate
of dimensions.

[0074] FIG. 8 illustrates a flowchart of a process 800 for
generating data subsets in accordance with an implementa-
tion of the subject matter described herein. The process 800
can be implemented at the query processing device 102. At
810, the query processing device 102 creates a plurality of
candidate data subsets from a source data set. The data
subsets are created based on a predetermined coverage rate
for combinations of source dimension of the source data set,
such that each of the candidate data subsets covers at least
two of the source dimensions.

[0075] The predetermined coverage rate for combinations
of the source dimension is represented by a ratio of the
number of dimension combinations covered by the plurality
of candidate data subsets to all combinations of the source
dimensions. For example, for the candidate data subsets that
are created to cover three source dimensions A, B and C, all
combinations of the source dimensions include: @, {A}, {B
iC}, {A, B}, {A, C}, {B, C}, and {A, B, C}. In one
implementation of the subject matter described herein, in
order to facilitate query decomposing, the predetermined
coverage rate includes a coverage rate for the combinations
of two of the source dimensions. For example, the prede-
termined coverage rate can indicate that the plurality of
candidate data subsets cover all different combinations of
any two of the source dimensions. This is because data
entries of two target dimensions are always involved in
calculating the correlations of the query items. Under the
constraint of the predetermined coverage rate, the plurality
of candidate data subsets are first created to each cover two
different source dimensions.

[0076] It would be appreciated that one or more of the
candidate data subsets can also be created to cover more than
two or less than two source dimensions. For example, when
the predetermined coverage rate for the combinations of two
dimensions is below 100%, some of the candidate data
subsets can be created to cover a different number of source
dimensions. In addition, it is to be noted that instead of
directly generating the candidate data subsets, structures of
the candidate data subsets are created at 810 (e.g., to
determining the covered source dimensions of the data
subset) to save computing resources. In some other imple-
mentations, the candidate data subsets can also be directly
generated from the source data set for subsequent process-
ing.

[0077] Insome implementations, part of the source dimen-
sions in the source data set, for example, source dimension
(s) with high cardinality, can be discarded before the creat-
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ing candidate data subsets. It has been recognized that some
source dimensions such as dimensions of timestamp and
identifier always produce high cardinality (that is, have a
large amount of different values) in the big data set. Since
users pay more attention to summarized data instead of
individual values during data analysis and query, source
dimensions with high cardinality such as dimensions of
timestamp and identifier (if any) in the source data set can
be discarded to reduce the total data size.

[0078] Since the coverage on the combinations of the
source dimensions may not be high (for example, not
covering combinations of more than three source dimen-
sions) in the created candidate data subsets, some of the
candidate data subsets can be combined. The query process-
ing device 102 selects at least two of the candidate data
subsets at 820, and combines the selected candidate data
subsets into one candidate data subset at 830. The combined
candidate data subset covers source dimensions of the at
least two candidate data subsets. For example, two candidate
data subsets having source dimensions {A, B} and {B, C}
are selected and combined to obtain a combined candidate
data subset {A, B, C}. In some implementations, the query
processing device 102 can randomly select some of the
candidate data subsets. In some other implementations,
candidate data subsets having small data volumes (sizes) are
selected. Selecting and combining candidate data subsets
with small sizes is to avoid the size of the combined
candidate data subset grows too rapidly. Estimation on a data
size of a candidate data subset will be described in detail
below.

[0079] A higher dimensional coverage can be achieved by
the combined candidate data subset. To avoid redundancy,
the query processing device 102 identifies one or more
candidate data subsets with source dimensions covered by
the combined candidate data subset at 840. The identified
candidate data subset(s) can be discarded or eliminated from
the following operations. For example, if the candidate data
subsets having source dimensions {A, B} and {B, C} are
selected at 820 and combined at 830 to obtain a candidate
data subset {A, B, C}, candidate data subsets {A, B} and {B,
C} are discarded at 840 because their dimensions have been
covered by the combined candidate data subset {A, B, C}.
The discarded subsets may not be limited to the candidate
data subsets used for combination because the combined
candidate data subset can also encompass other dimension
combinations. For example, if two candidate data subsets
involving {A, B, D} and {B, C} are selected at 820 and
combined at 830, in addition the two candidate data subsets,
other candidate data subsets with dimension combinations
{A, B}, {A, D}, {A, C} {B, D}, {A, B, C}, {A, C, D} and
{B, C, D}(if any) may also be discarded at 840.

[0080] Based on the remaining candidate data subsets
(including the combined candidate data subset) other than
the identified candidate data subset(s), data subsets to be
stored in the accessible storage device 130 of the query
processing device 102 are determined. In some implemen-
tations, in order to meet the storage limit, the query pro-
cessing device 102 determines at 850 whether a total data
size of the remaining candidate data subsets exceeds the
available storage space. The available storage space here
refers to the storage space available in the storage device
into which the query processing device 102 will store the
data subsets. The total data size of the remaining candidate
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data subsets is computed based on a data size of each
candidate data subset, which will be described in details
below.

[0081] Ifthe total data size of the remaining candidate data
subsets is determined as within the limit of the available
storage space, for example, the total data size is equal or
smaller than the limit of the available storage space, the
query processing device 102 determines the remaining can-
didate data subsets as data subsets of the query processing
device 102 at 860. At this time, the data subsets can be
generated from the source data set based on the source
dimensions covered by the remaining candidate data sub-
sets.

[0082] Ifthe total data size of the remaining candidate data
subsets is determined as exceeding the limit of the available
storage space, the process 800 returns to 820 to continue
selecting data subsets for combination. The selection can be
made from the remaining candidate data sets that are not
discarded previously (including the previously combined
candidate data subset). The process 800 can be performed
iteratively until the remaining candidate data subsets can be
stored in the predetermined storage space.

[0083] The estimation on the data size of a candidate data
subset is now discussed. The data size of a candidate data
subset can be measured by the number of different data
entries (also known as “distinct count”) in that subset. The
storage space occupied by storing the subset is determined
by the number of different data entries. A different data entry
indicates herein that data item(s) (dimension value(s)) of the
data entry in one or more dimensions are different from other
data entries. A simple method for determining the value of
the distinct count is to directly analyze the data entries
included in the source dimension covered by each candidate
data set and to count the number of different data entries
therein. However, the above method is quite time-consum-
ing.

[0084] In some implementations, that number can be
estimated by sampling data entries to be included in the
certain candidate data subset for the sake of efficiency.
Specifically, for a given candidate data subset, a plurality of
data entries can be sampled from the data entries included
therein. If the candidate data subset has not been actually
generated, samples are taken from the source data set. A first
number of different data entries and a second number of data
entries having a frequency of occurrence lower than a
threshold frequency can be determined from the sampled
data entries. The number of sampled data entries having a
low frequency of occurrence is considered here because this
number can reflect, to a great extent, the variation degree of
data entries in the candidate data subset. In some examples,
the threshold frequency can be one. Therefore, the second
number is determined as the number of data entries that only
appear once in the sampled data entries.

[0085] The threshold frequency can also be determined as
any other small value such as two or three in other examples.
[0086] The number of different data entries included in the
candidate data subset can be positively correlated with the
first number and the second number. If both the number of
different data entries and the number of data entries with a
lower frequency of occurrence in the sampled data entries
are great numbers, the number of different data entries
included in the candidate data subset is also large. An
example of determining the number of different data entries
in the candidate data subset is provided below. In this
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example, it is supposed that the total number of data entries
in a given candidate data subset is N, and S data entries are
sampled from this subset. Through statistics, it is determined
that in the S data entries, there are ul different data entries
and u2 data entries with a frequency of occurrence lower
than the threshold frequency. The number of different data
entries U in the candidate data subset is calculated as
follows.

4
U=u e [(55-181) /15 ¥

[0087] It would be appreciated that only a specific
example is provided above for determining the number U
through the first and second numbers ul and u2. There are
many other methods can also be used to calculate the
number U based on the numbers ul and u2, as long as the
methods can reflect the positive correlation relationship
between the numbers. For instance, to compute U, ul and u2
are can be weighted respectively and then is multiplied by S.
[0088] In some examples, the number of different data
entries in each candidate data subset can be used as a metric
for the data size, which is then compared with the data size
threshold with the same metric to select the candidate data
subsets to be combined. When it is needed to determine the
total data size of multiple candidate data subsets (for
example, at 850), since the total data size is to be compared
with the available storage space, the storage space to be
occupied by each of the candidate data subsets can be
estimated based on the number of different data entries in the
candidate data subset and then used to calculate the total
storage space occupied by all the candidate data subsets. In
some examples, the size of the occupied storage space is
positively correlated with the number of different data
entries. In addition, the storage space occupied by a candi-
date data subset may be determined further based on the type
and the number of source dimensions covered by the can-
didate data subset.

[0089] In accordance with implementations of the subject
matter described herein, there is provided a method of
determining a query result for a query as accurately as
possible based on the available data subsets during the query
processing of data analysis. No prior knowledge of the
source data distribution or historical workloads is required in
the method. In addition, it is also possible to avoid time
consumption on analyzing the source data sets offline,
thereby achieving faster query processing. In addition, a new
solution of generating data subsets from a source data set is
also proposed in the subject matter described herein. In
generating data subsets, this solution enables the generated
data subsets to have small data sizes and to cover more
dimension combinations under a given constraint of storage
space. Moreover, the dimension combinations covered by
the data subsets can be automatically adapted to provide
query results in a more prompt and accurate way and the
requirement of calculating correlations during query esti-
mate can also be satisfied.

[0090] The functionally described herein can be per-
formed, at least in part, by one or more hardware logic
components. For example, and without limitation, illustra-
tive types of hardware logic components that can be used
include Field-Programmable Gate Arrays (FPGAs), Appli-
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cation-specific Integrated Circuits (ASICs), Application-
specific Standard Products (ASSPs), System-on-a-chip sys-
tems (SOCs), Complex Programmable Logic Devices
(CPLDs), and the like.

[0091] Program code for carrying out methods of the
subject matter described herein may be written in any
combination of one or more programming languages. These
program codes may be provided to a processor or controller
of a general purpose computer, special purpose computer, or
other programmable data processing apparatus, such that the
program codes, when executed by the processor or control-
ler, cause the functions/operations specified in the flowcharts
and/or block diagrams to be implemented. The program
code may execute entirely on a machine, partly on the
machine, as a stand-alone software package, partly on the
machine and partly on a remote machine or entirely on the
remote machine or server.

[0092] In the context of this disclosure, a machine read-
able medium may be any tangible medium that may contain,
or store a program for use by or in connection with an
instruction execution system, apparatus, or device. The
machine readable medium may be a machine readable signal
medium or a machine readable storage medium. A machine
readable medium may include but not limited to an elec-
tronic, magnetic, optical, electromagnetic, infrared, or semi-
conductor system, apparatus, or device, or any suitable
combination of the foregoing. More specific examples of the
machine readable storage medium would include an elec-
trical connection having one or more wires, a portable
computer diskette, a hard disk, a random access memory
(RAM), a read-only memory (ROM), an erasable program-
mable read-only memory (EPROM or Flash memory), an
optical fiber, a portable compact disc read-only memory
(CD-ROM), an optical storage device, a magnetic storage
device, or any suitable combination of the foregoing.
[0093] Further, while operations are depicted in a particu-
lar order, this should not be understood as requiring that such
operations be performed in the particular order shown or in
sequential order, or that all illustrated operations be per-
formed, to achieve desirable results. In certain circum-
stances, multitasking and parallel processing may be advan-
tageous. Likewise, while several specific implementation
details are contained in the above discussions, these should
not be construed as limitations on the scope of the subject
matter described herein, but rather as descriptions of features
that may be specific to particular implementations. Certain
features that are described in the context of separate imple-
mentations may also be implemented in combination in a
single implementation. Conversely, various features that are
described in the context of a single implementation may also
be implemented in multiple implementations separately or in
any suitable sub-combination.

[0094] Some exemplary implementations of the subject
matter described herein are listed below.

[0095] In one aspect, a computer-implemented method is
provided in the present disclosure described herein. The
method includes: receiving a query including a plurality of
query items associated with a plurality of target dimensions
of a data entry; determining whether at least two of a
plurality of data subsets are needed to cover the plurality of
target dimensions, at least one of the plurality of data subsets
including data entries corresponding to at least one of the
plurality of target dimensions; in response to determining
that the at least two of the plurality of data subsets are
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needed to cover the plurality of target dimensions, decom-
posing the query into a plurality of subqueries, each of the
plurality of subqueries having at least one of the plurality of
query items; and determining a query result for the query by
analyzing a data entry in the plurality of data subsets that is
corresponding to a target dimension associated with the at
least one query item in each of the plurality of subqueries.
[0096] In some implementations, decomposing the query
into a plurality of subqueries includes: determining corre-
lations between respective pairs of query items among the
plurality of query items; determining associations of the
plurality of target dimensions based on the target dimensions
corresponding to the respective data subsets and the corre-
lations; and decomposing, based on the determined associa-
tions, the query into the plurality of subqueries such that
target dimensions corresponding to a subquery having a
plurality of query items are determined as having an asso-
ciation.

[0097] Insome implementations, determining correlations
between respective pairs of query items includes: determin-
ing mutual information between the respective pairs of
query items based on probabilities of presence of the plu-
rality of query items in corresponding target dimensions.
[0098] Insome implementations, determining associations
of the plurality of target dimensions comprises: determining
two of the plurality of target dimensions as having an
association based on at least one of a correlation between a
pair of query items associated with the two target dimen-
sions being greater than a threshold correlation; the two
target dimensions being covered by a first data subset of the
plurality of data subsets; and the two target dimensions and
a further target dimension having an association with one of
the two target dimensions being covered by a second data
subset of the plurality of data subsets.

[0099] In some implementations, the method further
includes: creating a plurality of candidate data subsets from
a source data set based on a predetermined coverage rate for
combinations of source dimensions of the source data set,
each of the plurality of candidate data subsets covering at
least two of the plurality of source dimensions; combining at
least two of the plurality of candidate data subsets into a
candidate data subset such that the combined candidate data
subset covers source dimensions of the at least two candi-
date data subsets; identifying, from the plurality of candidate
data subsets, a candidate data subset with source dimensions
covered by the combined candidate data subset; and deter-
mining the plurality of data subsets based on remaining
candidate data subsets other than the identified candidate
data subset.

[0100] In some implementations, the method further
includes selecting the at least two candidate data subsets by:
determining a data size of each of the plurality of candidate
data subsets; and selecting, from the plurality of candidate
data subsets, the at least two candidate data subsets with
respective data sizes smaller than a threshold data size.
[0101] In some implementations, determining a data size
of each of the plurality of candidate data subset includes:
sampling a plurality of data entries from data entries
included in a given candidate data subset; determining a first
number of different data entries and a second number of data
entries having a frequency of occurrence lower than a
threshold frequency among the sampled plurality of data
entries; determining, based on the first number and the
second number, the number of different data entries included
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in the given candidate data subset; and determining, based
on the number of the different data entries, the data size of
the given candidate data subset.

[0102] Insome implementations, determining the plurality
of data subsets based on the remaining candidate data
subsets includes: determining whether a total data size of the
remaining candidate data subsets exceeds a storage space
available for storing the plurality of data subsets; and in
response to the total data size being equal to or smaller than
the storage space, determining the remaining candidate data
subsets as the plurality of data subsets.

[0103] In some implementations, the plurality of data
subsets are stored in a fast access storage device.

[0104] In another aspect, a device is provided in the
present disclosure described herein. The device includes a
processing unit; a memory coupled to the processing unit
and storing instructions thereon, the instructions, when
executed by the processing unit, performing acts including:
receiving a query including a plurality of query items
associated with a plurality of target dimensions of a data
entry; determining whether at least two of a plurality of data
subsets are needed to cover the plurality of target dimen-
sions, at least one of the plurality of data subsets including
data entries corresponding to at least one of the plurality of
target dimensions; in response to determining that the at
least two of the plurality of data subsets are needed to cover
the plurality of target dimensions, decomposing the query
into a plurality of subqueries, each of the plurality of
subqueries having at least one of the plurality of query items;
and determining a query result for the query by analyzing a
data entry in the plurality of data subsets that is correspond-
ing to a target dimension associated with the at least one
query item in each of the plurality of subqueries.

[0105] In some implementations, decomposing the query
into a plurality of subqueries includes: determining corre-
lations between respective pairs of query items among the
plurality of query items; determining associations of the
plurality of target dimensions based on the target dimensions
corresponding to the respective data subsets and the corre-
lations; and decomposing, based on the determined associa-
tions, the query into the plurality of subqueries such that
target dimensions corresponding to a subquery having a
plurality of query items are determined as having an asso-
ciation.

[0106] Insome implementations, determining correlations
between respective pairs of query items includes: determin-
ing mutual information between respective pairs of query
items based on probabilities of presence of the plurality of
query items in corresponding target dimensions.

[0107] In some implementations, determining association
of the plurality of target dimensions includes: determining
two of the plurality of target dimensions as having an
association based on at least one of a correlation between a
pair of query items associated with the two target dimen-
sions being greater than threshold correlation; the two target
dimensions being covered by a first data subset of the
plurality of data subsets; and the two target dimensions and
a further target dimension having an association with one of
the two target dimensions being covered by a second data
subset of the plurality of data subsets.

[0108] In some implementations, the actions further
include: creating a plurality of candidate data subsets from
a source data set based on a predetermined coverage rate for
combinations of source dimension of the source data set,
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each of the plurality of candidate data subsets covering at
least two of the plurality of source dimensions; combining at
least two of the plurality of candidate data subsets into a
candidate data subset such that the combined candidate data
subset covers source dimensions of the at least two candi-
date data subsets; identifying, from the plurality of candidate
data subsets, a candidate data subset with source dimensions
covered by the combined candidate data subset; and deter-
mining the plurality of data subsets based on remaining
candidate data subsets other than the identified candidate
data subset.

[0109] In some implementations, the actions further
include selecting the at least two candidate data subsets by:
determining a data size of each of the plurality of candidate
data subsets; and selecting, from the plurality of candidate
data subsets, the at least two candidate data subsets with
respective data sizes smaller than a threshold data size.
[0110] In some implementations, determining a data size
of each of the plurality of candidate data subsets includes:
sampling a plurality of data entries from data entries
included in a given candidate data subset; determining a first
number of different data entries and a second number of data
entries having a frequency of occurrence lower than a
threshold frequency among the sampled plurality of data
entries; determining, based on the first number and the
second number, the number of different data entries included
in the given candidate data subset; and determining, based
on the number of the different data entries, the data size of
the given candidate data subset.

[0111] In some implementations, determining the plurality
of data subsets based on the remaining candidate data
subsets includes: determining whether a total data size of the
remaining candidate data subsets exceeds a storage space
available for storing the plurality of data subsets; and in
response to the total data size being smaller or equal to the
storage space, determining the remaining candidate data
subsets as the plurality of data subsets.

[0112] In some implementations, the plurality of data
subsets are stored in a fast access storage device.

[0113] In a further aspect, a computer program product is
provided in the present disclosure described herein. The
computer program product is stored on a non-transitory
computer storage medium and comprises machine-execut-
able instructions, the machine-executable instructions, when
executed on a device, causing the device to: receive a query
including a plurality of query items associated with a
plurality of target dimensions of a data entry; determine
whether at least two of a plurality of data subsets are needed
to cover the plurality of target dimensions, at least one of the
plurality of data subsets including data entries corresponding
to at least one of the plurality of target dimensions; in
response to determining that the at least two of the plurality
of data subsets are needed to cover the plurality of target
dimensions, decompose the query into a plurality of sub-
queries, each of the plurality of subqueries having at least
one of the plurality of query items; and determine a query
result for the query by analyzing a data entry in the plurality
of data subsets that is corresponding to a target dimension
associated with the at least one query item in each of the
plurality of subqueries.

[0114] In some implementations, the machine-executable
instructions, when executed on the device, cause the device
to: determine correlations between respective pairs of query
items among the plurality of query items; determine asso-
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ciations of the plurality of target dimensions based on the
target dimensions corresponding to the respective data sub-
sets and the correlations; and decompose, based on the
determined associations, the query into the plurality of
subqueries such that target dimensions corresponding to a
subquery having a plurality of query items are determined as
having an association.

[0115] Although the subject matter has been described in
language specific to structural features and/or methodologi-
cal acts, it is to be understood that the subject matter
specified in the appended claims is not necessarily 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.

1. A method, comprising:

receiving a casting request from a first client;

initiating a first casting session to a first casting device;

establishing a first queue for the first casting device;

adding a first media item to the first queue from the first
client;

receiving a casting request from a second client; and

adding a second media item to the first queue from the

second client.

2. The method of claim 1, further comprising sending the
first media item to the first casting device.

3. The method of claim 1, further comprising sending the
second media item to the first casting device.

4. The method of claim 1, further comprising initiating a
second casting session to a second casting device.

5. The method of claim 4, further comprising sending the
first media item to the first casting device and the second
casting device.

6. The method of claim 1, further comprising synchro-
nizing the playing of the first media item on the first casting
device and the playing of the second media item on the
second casting device.

7. The method of claim 1, further comprising:

receiving a third casting request from the first client;

initiating a second casting session to a second casting

device;

establishing a second queue for the second casting device;

and

adding a third media item to the second queue for the

second casting device from the first client.

8. The method of claim 1, further comprising:

receiving a third casting request from a third client;

initiating a second casting session to a second casting

device;

establishing a second queue for the second casting device;

and
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adding a third media item to the second queue for the

second casting device from the third client.

9. A system comprising:

at least one processor; and

a memory operatively connected with the at least one

processor storing computer-executable instructions
that, when executed by the at least one processor,
causes the at least one processor to execute a method
that comprises:

receiving a first casting request from a first client;

initiating a first casting session to a first casting device;

establishing a first queue for the first casting device;

receiving a second casting request from a first client;

initiating a second casting session to a second casting
device; and

establishing a second queue for the second casting device.

10. The system of claim 9, wherein the method, executed
by the at least one processor, further comprises, adding a first
media item to the first queue and adding a second media item
to the second queue.

11. The system of claim 9, wherein the method, executed
by the at least one processor further comprises receiving a
third casting request from a third client to cast to the first
casting device.

12. The system of claim 11, wherein the method, executed
by the at least one processor further comprises adding a first
media item from the first client to the first queue and adding
a second media item from the second client to the first queue.

13. The system of claim 12, wherein the method, executed
by the at least one processor further comprises playing the
first media item on the first casting device.

14. The system of claim 13, further comprising updating
the status of the first client device and the second client
device.

15. A machine readable storage medium having stored
thereon a computer program, the computer program com-
prising a routine of set instructions for causing the machine
to perform the operations of:

receiving a session request from a first client device;

creating a session with a GUID with a first casting device;

receiving a request to join the session from a second client
device;

adding the second client device to the session;

receiving a first media item from the first client device;

receiving a second media item from the second client
device; and

adding the first media item and the second media item to

a first queue for the first casting device.
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