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BACKGROUND

[0003] Data warehouse and online analytical processing (“OLAP”) systems may be
used to perform various functions related to data mining, reporting, and forecasting. OLAP
systems may permit multidimensional analysis of data typically obtained from transactional
systems, such as relational databases, and loaded into a multidimensional cube structure. Data
points, such as various aggregate values, may be calculated within the n-dimensional cube
structure at each intersection of the various dimensions it contains. Accordingly, the process
of populating a multidimensional cube structure may involve significant amounts of

computation. In addition, the n-dimensional cube may be updated on a periodic basis to



incorporate new data. Updating the n-dimensional cube may involve recomputing the
data points at each intersection of its dimensions. The recomputation may be even
more burdensome when new dimensions are to be added to the n-dimensional cube.
Accordingly, these types of n-dimensional cube structures are not well suited to

dynamic data environments.

SUMMARY OF INVENTION

[0003a] According to a first aspect of the present invention, there is provided
a system for performing data analytics, the system possessing improved scaling
characteristics, the system comprising: a plurality of computing nodes comprising a
first one or more computing nodes and a second one or more computing nodes, the
plurality of computing nodes, when activated, maintaining a slice of an n-dimensional
cube, the slice comprising a hierarchy of data points, the data points corresponding to
intersections of one or more fixed dimensions and one or more variable dimensions;
and one or more memories having stored thereon computer-readable instructions that,
upon execution, cause the system at least to: maintain a first subset of the hierarchy of
data points on the first one or more computing nodes, wherein data points are
included in the first subset based at least in part on a data point of the hierarchy being
associated with a first classification of computational demands; maintain a second
subset of the hierarchy of data points on the second one or more computing nodes,
wherein data points are included in the second subset based at least in part on a data
point of the hierarchy being associated with a second classification of computational
demands; and process a first request to access a data point of the hierarchy by
processing the request on the first one or more computing nodes, wherein the first one
or more computing nodes are configured with a scaling mechanism based at least in
part on the first classification of computational demands.

[0003b] According to a second aspect of the present invention, there is
provided a computer-implement method for maintaining an n-dimensional cube, the
method comprising: identifying a subset of a hierarchy of data points in the n-
dimensional cube, wherein the subset is identified based at least in part on a
computational demand associated with a data point in the subset of the hierarchy;
selecting a scaling mechanism based at least in part on the computational demand
associated with the data point; and maintaining the subset of the hierarchy on at least

a first computing node and a second computing node, wherein the subset of
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the hierarchy is at least partitioned or replicated between the first computing node and
the second computing node based on the selected scaling mechanism.

[0003c] According to a third aspect of the present invention, there is provided
a system comprising: a processor; and a non-transitory computer-readable storage
medium having stored thereon instructions that, upon execution by one or more
computing devices, cause the one or more computing devices at least to: determine to
store a hierarchy of data points on at least a first computing node and a second
computing node; store a first subset of the hierarchy of data points on the first one or
more computing nodes, wherein data points are included in the first subset based at
least in part on a data point in the hierarchy being associated with a first classification
of computational demands; and store a second subset of the hierarchy of data points
on the second one or more computing nodes, wherein data points are included in the
second subset based at least in part on a data point in the hierarchy being associated

with a second classification of computational demands.

BRIEF DESCRIPTION OF DRAWINGS

[0004] The following detailed description may be better understood when
read in conjunction with the appended drawings. For the purposes of illustration,
various examples of aspects of the disclosure are shown in the drawings; however, the
invention is not limited to the specific methods and instrumentalities disclosed.

[0005] FIG. 1A is a block diagram depicting an embodiments of a system
for maintaining an n-dimensional cube usable in connection with cloud-based
analytics.

[0006] FIG. 1B is a block diagram depicting the operation of an embodiment
of a system for maintaining an n-dimensional cube usable in connection with cloud-
based analytics, the operation pertaining to the addition of a new dimension observed
in a real-time data stream.

[0007] FIG. 2A is a block diagram depicting the operation of an
embodiment of a system for performing cloud-based analytics, the operation
involving maintenance of a dependency graph upon the addition of a new dimension
to an n-dimensional cube.

[0008] FIG. 2B is a block diagram depicting the operation of an embodiment
of a system for performing cloud-based analytics, the operation involving the addition

of an attribute to an n-dimensional cube.
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[0009] FIG. 2C is a diagram depicting an embodiment of a scalable storage
mechanism for hierarchy data contained within a slice.

[0010] FIG. 3A is a flowchart depicting an embodiment of a process for
maintaining an n-dimensional cube adapted for cloud-based analytics.

[0011] FIG. 3B is a flowchart depicting an embodiment of a process for
deferring computation of data points in an n-dimensional cube.

[0012] FIG. 4 is a flowchart depicting an embodiment of a process for
performing deferred computations in an n-dimensional cube adapted for cloud-based
analytics.

[0013] FIG. 5A is a block diagram depicting an embodiment of a system for

providing hosted analytics services.
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[0014] FIG. 5B depicts a process for intake and processing of data from real-time
data sources.

[0015]) FIG. 6 is a block diagram depicting an embodiment of a computing
environment in which aspects of the present disclosure may be practiced.

[0016] FIG. 7 is a block diagram depicting an embodiment of a computing system

on which aspects of the present disclosure may be practiced.

DETAILED DESCRIPTION

[0017] Aspects of the present disclosure may be employed to maintain an n-
dimensional cube using a structure that is suitable for dynamic data environments, including
hosted analytics platforms. Embodiments may be employed to provide analytics in
conjunction with streams of data that may introduce new attributes, dimensions, or
hierarchies, which may be helpful for analytics if included in an n-dimensional cube.
Embodiments may employ an n-dimensional cube structured using a slice-based partitioning
scheme. Each slice may comprise data points that correspond to a set of dimension values
fixed across the slice and a set of dimension values allowed to vary. Attributes, dimensions,
or hierarchies may be added to an n-dimensional cube by the addition of a new slice or
maodification of an existing slice. Views of the n-dimensional cube may be partially
precomputed by forming dependency links between slices, slice regions, and individual data
points. The approach described herein may be employed to enable n-dimensional cube
structures that can be expanded or contracted with respect to additional dimensicns and
attributes without requiring full recalculation or recomputation of large extents of the n-
dimensional cube.

[6018] FIG. 1A is a block diagram depicting an embodiment of a system for
maintaining an n-dimensional cube 100 usable in connection with cloud-based analytics.
Users of a cloud-based analytics system may view analytical data as a multidimensional array
containing aggregated data and relevant attributes at the intersection points. The
multidimensional array may be sparse, meaning that a relatively small number of intersection
points are, in such cases, associated with data.

[0019] A cloud-based analytics system may include n-dimensional cube 100 which,
although it may be seen conceptually by its users as a multidimensional array, can comprise a
plurality of slices 102-106 and repository 108. A slice 102 may comprise a set of aggregated
data and attributes sets for a one-dimensional list of array intersections fixed to the remaining

dimensions of the n-dimensional cube. In various embodiments, multidimensional “slices”
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may be employed, which is to say that a slice ma}} also comprise a multidimensional structure
fixed to the remaining dimensions of the n-dimensional cube.

[0020] A repository 108 may comprise a data repository, such as a relational or non-
relational database, that maintains a collection of information concerning slices 102-106.
Non-limiting examples of data that may be maintained in repository 108 include slice
identifiers, identifiers of fixed dimensions, identifiers of variable dimensions, dependency
information, refresh or staleness data, and so forth.

[0021] Slices 102-106 may be maintained on one or more partitions, such as
partitions 110 and 112. A partition may comprise a server or other computing node hosting a
database management system or other mechanism for maintaining the constituent data of one
or more of the slices 102-106. Various partitioning schemes may be employed to divide
workload and storage requirements between partitions 110 and 112.

[0022]) Embodiments may also perform replication of partitions 110 and 112 to
replicas 114 and 116. Embodiments may use replication to improve the reliability and
performance of a cloud-based analytics system employing n-dimensional cube 100. Portions
of an n-dimensional cube, such as a slice, hierarchy, or region of a hierarchy, may be
partitioned or replicated in order to accommodate computational demands associated with
maintaining data points in an n-dimensional cube. For example, a portion of an n-dimensional
cube subject to high read activity might be scaled-out to include a computing node hosting a
writable partition and a number of additional computing nodes hosting read-only partitions. A
portion of an n-dimensional cube associated with high write activity might be further divided
into sub-portions and partitioned between a number of computing nodes.

[0023] In an embodiment, data may be allocated between nodes based on access
patterns. Allocation may involve identifying and implementing a partitioning scheme,
enabling replication if called for, configuring load balancing mechanisms, and so on. The
partitioning and replication may, as described herein, occur at various levels such as by slice,
by hierarchy, by region of hierarchy, and so on, The access patterns may invo]ve.trends and
patterns of queries performed by the n-dimensional cube or on a particular slice. Various
statistics and other metrics concerning access patterns can be collected and used for
allocation. These include metrics recording the frequency and proportion of update
operations, the frequency and proportion of operations requiring calculation, the frequency
and proportion of operations involving data movement, and so on.

[0024] In an embodiment, computational demands related to a slice portion may be

compared to performance characteristics of partition hosts, and data allocated between the
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partition hosts accordingly. For example, slices participating in a high degree of data
movement may be collocated on the same computing node, placed on computing nodes
connected to the same branch of a network, or placed on computing nodes connected by a
higher-speed network. Another example involves allocating data that involves a high degree
of computations on computing nodes whose performance characteristics include optimized
amounts of CPU power and/or memory.

[0025]) In an embodiment, data may be allocated between nodes based on security
considerations. It may be the case that certain dimensions or levels of a hierarchy are used for
computations but are not viewable to users of the n-dimensional cube. Data may be allocated
between computing nodes based on security attributes associated with each computing node.
For example, a computing node might be configured to process requests originated by
computing nodes hosting portions of an n-dimensional cube (so that computations may be
performed), and further pre-configured to not respond to requests issued by other parties,
such as those originating from customers of the n-dimensional cube. This computing node
might be allocated data required for computation but not viewable by users. Another
.computing node, not so configured, could host data that is viewable by users.

[0026] FIG. 1B is a block diagram depicting the operation of an embodiment of a
system for maintaining an n-dimensional cube usable in connection with cloud-based
analytics, the operation pertaining to the addition of a new dimension observed in a real-time
data stream. A data stream 160 may comprise transactional data, real-time data, log
information, and so forth. Data arriving in data stream 160 may include attributes and
dimensions not included in n-dimensional cube 150 prior to the arrival of the data.

[0027] Embodiments may respond to arrival of a new dimension 162 by enabling
analytics reflective of new dimension 162 without performing destructive operations on the
existing n-dimensional cube. Prior art embodiments of an n-dimensional cube may be unable
to incorporate a new dimension without performing substantial recomputations of existing
data points within the n-dimensional cubes, such as aggregates at each intersection, or various
derived values.

[0028] As depicted in FIG. 1B, an n-dimensional cube 150 may comprise slices
152-156, where each slice is fixed to a subset of the dimensions of the n-dimensional cube
and variable over the remaining dimensions. A repository 158 may maintain information
concerning slices 152-156, such as location, time of last refresh, dependency information, and

so forth,
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[0029] A new slice 164 may be added to n-dimensional cube 150 in response to the
arrival of new dimension 162 through data stream 160. New slice 164 may vary in one or
more dimensions that includes new dimension 162. Entries descriptive of new slice 164 may
be added to repository 158. Existing slices 152-156 may remain in use without substantial
recomputation occurring prior to the use of those slices. Embodiments may add information
indicative of new slice 164 to repository 158. Embodiments may also add information
indicative of dependency relationships between data in new slice 164 and existing slices 152-
156. The dependency information may comprise a dependency graph of data maintained in
the slices. The dependency graph may be indicative of dependencies between s]iées,
dimensions, slice regions, data points, and so on. Embodiments may also add, to repository
158, information indicative of a calculation priority for a slice, a slice region, a data point
within a slice, and so on. Priority may be based on a variety of factors, including an estimated
likelihood of interest in the data point, the degree to which other data is dependent on the
calculation, and so forth.

[0030] FIG. 2A is a block diagram depicting the operation of an embodiment of a

. system for performing cloud-based analytics, the operation involving maintenance of a
dependency graph upon the addition of a new dimension to an n-dimensional cube. FIG. 2A
depicts an example involving of an n-dimensional cube initially containing a country
dimension and a state dimension. One or more measures or other values or attributes may be
associated at each intersection of these dimensions. Slice 218 may be fixed in to “A” in the
country dimension, as indicated by fixed dimensions (“country A”) 222. Slice 218 may
further contain one or more entries along a non-fixed dimension, as depicted in FIG. 2A by
variable dimension entries 224-230, Various data points may be associated with dimension
entries 224-230. For example, variable dimension entry 226 may be associated with data
point 238. A data point 238 may represent various measures, such as total sales in “state B”
of “country A.” Although only data point 238 is specifically called out in FIG. 2A, each of
the other variable dimension entries 224,228, and 230 may have similar data points.
Similarly, slice 220 may be fixed to country “B” in the country dimension, as indicated by
fixed dimensions (“country B”") 240, and may have variable dimension entries 232-236, each
of which may have associated data points.

[0031] Embodiments may process a data stream 200 to incorporate new data into an
n-dimensional cube. Incoming data may be related to existing dimensions and may be
incorporated by marking relevant slices, slice regions, data points, and so forth as out-of-date

or stale. A data dictionary may be used to maintain staleness data for the various slices, slice
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regions, and data points. Embodiments may also determine, through processing of data
stream 200, that a new dimension 202 has been encountered and may be incorporated into an
n-dimensional cube. For example, FIG. 2A depicts the addition of a new dimension 202, the
“region” dimension. A new slice 212 may be added to an n-dimensional cube already
containing slices 218 and 220. The new slice 212 may be held constant in the region
dimension to “fixed dimension (“region R™) 204, and may be variable in one or more other
dimensions, such as the state dimension, as depicted by variable dimension entries 208 and
210.

[0632] Embodiments may establish dependency relationships between new slice
212 and existing slices 218 and 220. For example, dependency information 214 may be
indicative of'a dependency of data points associated with variable dimension entry 208 on
information in slice 220 or, more precisely, variable dimension entry 232. Similarly,
dependency information 216 may indicate a dependency of data points associated with
variable dimension entry 210 on slice 218 or variable dimension entry 226. Embodiments
may utilize various levels of granularity and directionality in establishing dependency
relationships. For example, dependency relationships may be formed between slices, variable
dimension entries, fixed data points, and so on, and may be formed in either direction
between existing slices and new slices, or between existing slices. Embodiments may utilize
dependency relationships to mark slices, slice regions, data points, and so forth as stale.
Embodiments may also utilize dependency relationships to locate pre-calculated aggregates
or other components of calculated further aggregates, various derived values, and so forth.
Note that variable dimension entries 208 and 210 may be formed in an empty or stale state, so
that calculation of the relevant values may be deferred.

[0033] FIG. 2B is a block diagram depicting the operation of an embodiment of a
system for performing cloud-based analytics, the operation involving the addition of an
attribute to an n-dimensional cube, Embodiments may process a data stream 250 and
determine the presence of a new attribute associated with an existing element of a slice 258,
slice 258 being associated with fixed dimension (“country B”) 260 and variable dimension
entries 262-264. An atiribute may, at a conceptual level, be considered a value associated
with an intersection of dimensions in an n-dimensional cube. Embodiments may store
attributes using the mechanism depicted in FIG. 2B, in which slice entries are associated via a
linked list or other structure with one or more attributes, such as attribute entry 256. Upon
detecting a new attribute 252 associated with “state A,” embodiments may locate a variable

dimension entry (“state A™") 262 and add the new attribute 254 to the list of associated |
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attributes. Embodiments may repeat this operation multiple times for additional slices and
fixed dimension entries with which the attribute would be associated.

[0034] Dependency information may be identified and stored for attributes. For
example, FIG. 2B depicts dependency information 266. The depicted dependency
information 266 may indicate a dependency re]aﬁonship between a new attribute entry 254
and a hierarchy 268. Dependency relationships may also be maintained between existing
attributes and hierarchies.

[0035) Hierarchies and various derived or calculated values may be dependent on
various attribute values or attribute types. For example, a hierarchy might comprise
aggregated values for sales of a product, filtered by an attribute such as color. A change to the
value of an attribute might require recomputation of the hierarchy. Accordingly, there may be
a dependency relationship between a producf color attribute and a hierarchy. Similar
relationships may exist for other derived or calculated values. Newly added attributes may
also have relationships with hierarchies. One example may occur when a newly added
attribute is similar in nature, or is of the same class, as an existing attribute. Where the
existin;g attribute is a constituent of an existing hierarchy, the new attribute might be made a
constituent of a new hierarchy that parallels the existing one. Rather than immediately
calculating the new hierarchy, dependency information might be stored to indicate the
relationship between the new attribute and the new hierarchy, which may in turn allow for
deferred or on-demand computation of the new hierarchy.

[0036] FIG. 2C is a diagram depicting an embodiment of a scalable storage
mechanism for hierarchy data contained within a slice. In some cases and embodiments,
partitioning of an n-dimensional cube may be between slices, so that each slice of data may
be maintained on a separate computing node. Scalability in some cases may be achieved by
performing replication and load balancing between slices. In other embodiments, partitioning
may be done within a slice, instead of or in addition to slice-based partitioning,

[0037] In some embodiments, a hierarchy of data points contained within a slice
may be subdivided by region and stored on a number of computing nodes. A region of a
hierarchy of data points may be referred to as a subset of the hierarchy. A scaling mechanism
may be selected for each region (or subset) of the hierarchy based on computational demand
associated with a data point or data points contained within the region.

[0038] A slice of an n-dimensional cube may comprise various hierarchies of
dimension data. For example, a slice may comprise sales data aggregated by time. For

illustrative purposes, FIG. 2C will be described relative to a time dimension and a sales
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dimension. It will be appreciated, however, that the use of time and sales to illustrate the
various aspects of FIG. 2C should not be viewed as limiting the scope of the present
disclosure.

[0039] InFIG. 2C, a hierarchy 281 may comprise hierarchy nodes 286-298. Each
node in the hierarchy may be a stored representation of a sum of values. Using the time and
sales dimensions as an example, hierarchy nodes 292, 294, 296, and 298 might each contain a
sum of the sales figures for a six-hour period of time. Hierarchy nodes 288 and 290 might
each contain an aggregate of six-hour figures. For example, hierarchy node 288 might
represent a twelve-hour period and contain an aggregate of the values associated with
hierarchy nodes 292 and 294. Similar, hierarchy node 290 might represent a second twelve-
hour period, and contain an aggregate of the values associated with hierarchy nodes 296 and
298. Hierarchy node 286 might contain an aggregate for a 24-hour period that includes
hierarchy nodes 288 and 290. Embodiments may infer, from the inclusion of a time
dimension in the hierarchy, that more current time periods are more likely to involve frequent
writes. Embodiments may utilize a mapping from the time dimension to a predicted level of
- updates, thereby estimating the computational .demands likely to be involved in maintained
data points within a region of the hierarchy.

[0040] Scalability of an n-dimensional cube may be increased using a tree-based
storage mechanism. In an embodiment, a tree-based storage mechanism may parallel a
hierarchy tree, such as hierarchy 281 in FIG. 2C. Updates to the hierarchy may, in some
embodiments, proceed as follows: 1) new data may be stored in a leaf node, and any
aggregate values in the leaf adjusted; 2} an aggregate value of a parent of the leaf node may
be adjusted; and 3) an aggregate value of the parent of the parent of the leaf node may be
adjusted, and so on.

[0041]) Using time and sales as an example, a node representing the current time
period may be updated frequently. This may in turn cause its ancestors in the n-dimensional
cube to be updated frequently, as adjustments to aggregate values flow up through the chain
of inheritance. For example, hierarchy node 298 may represent a current six-hour window. As
sales data for the current window is collected, the value associated with hierarchy node 298
may be frequently adjusted. This in turn might cause hierarchy nodes 290 and 286 to be
adjusted. Some embodiments may defer aggregate calculations at various levels of the
hierarchy.

[0042] A scaling mechanism for the hierarchy data may be based on a classification

of regions in the hierarchy. The classification may include factors such as the computational
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demands imposed upon a computing node that hosts some or all of a hierarchy.
Classifications may include the frequency of activity and the type of activity. For example, a
region associated with high write activity 284 might be associated with hierarchy node 298,
though of course mdre than one hierarchy node might, in various cases and embodiments, be
classified in this manner. The high number of writes might be the result of the type of data
contained in the hierarchy, such as hierarchy node 298 containing data from the current time
period. Another region of hierarchy 281 might be classified as being a region associated with
high computation load 280. This region 280 might be associated with greater demands
associated with calculating aggregate values. For example, if hierarchy node 298 is being
updated to include additional data, its ancestor nodes 290 and 286 might be involved in
relatively frequent recalculation of aggregates or other derived values. Another classification
might identify a region associated with low write activity 282. Further classifications might
involve regions implicated in frequent query and retrieval operations, such as a region
associated with high read activity 283. Classifications may also involve those regions with
relatively little activity.

[0043] A scaling mechanism for maintaining hierarchies may be based on one or
maore of the aforementioned classifications of computational demand. In an embodiment,
hierarchy nodes in a region associated with a high computation load 280 may be partitioned
by further subdividing computations associated with nodes in the region. For example,
calculations related to hierarchy node 286 might be performed on a computing node separate
from those related to hierarchy node 290. The calculations related to hierarchy node 286
might be further partitioned among a number of computing nodes. For example,
computations related to the branch of the hierarchy beginning with hierarchy node 288 might
be performed on a computing node separate from those related to the branch beginning with
hierarchy node 290.

[0044) Hierarchy nodes in regions associated with high write activity may be
horizontally partitioned to distribute write load across multiple computing nodes. For regions
with low write activity, but high read activity, replication may be used to distribute read load
across multiple computing nodes.

[0045] Embodiments may also emphasize use of certain resource types based on the
aforementioned classifications. For example, a computing node maintaining a hierarchy
associated with frequent computations or writes may maintain data in-memory, while those

associated with low activity may utilize conventional storage.
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[0046] In various cases and embodiments, a region of a hierarchy may consist of a
path through the hierarchy. For example, a region might consist of a first node, the parent of
the first node, and so on. A path in the hierarchy may be maintained in main system memory,
or on another relatively low-latency storage device, while the frequency with which data in
the path is accessed. A write operation performed on a lower-level node in the path may
trigger cascading updates. Embodiments may maintain the parents of frequently written
nodes in main system memory in order to efﬁéiently process these and similar types of
updates. When access frequency, particularly write frequency, is above a threshold level, the
path may be maintained in main memory. When access frequency falls below a certain level,
the path may be maintained on a device with comparatively high latency.

[0047] In various embodiments, regions of a hierarchy may be mapped to
computing nodes based on a classification of the computing nodes. A hierarchy may be
hosted on a number of computing nodes with potentially variable configurations. Some of the
computing nodes, for example, might be configured as calculation-intensive nodes, which
may indicate that the computing node is configured to offer improved efficiency in
performing calculations. Other computing nodes might be configured so as to offer improved
efficiency with respect to storing data.

[0048] FIG. 3A is a flowchart depicting an embodiment of a process for
maintaining an n-dimensional cube adapted for cloud-based analytics. Although depicted as a
sequence of operations, those of ordinary skill in the art will appreciate that the depicted
order should not be construed as Iimiﬁng the scope of the present disclosure and that at least
some of the depicted operations may be altered, omitted, reordered, supplemented with
additional operations, or performed in parallel. Embodiments of the depicted process may be
implemented using various combinations of computer-executable instructions executed by a
computing system, such as the computing systems described herein.

[0049] Operation 300 depicts identifying a new dimension, attribute, measure, or
other value that may be incorporated into an n-dimensional cube. Embodiments may process
a data stream for new data that is indicative of adding a new dimension, attribute, measure, or
other value. A data stream may correspond to a real-time data source, log file, or other data
source typically associated with a continuous or semi-continuous stream of data. These data
sources may generally be described as providing data on an incremental basis.

[0050] A data stream may also be associated with historical data, transactional data,

and the like, which may be updated or incorporated into an n-dimensional cube periodically,

-11-



WO 2015/196176 PCT/US2015/036834

rather than on a continuous basis, This type of data source may generally be described as
providing bulk load data.

[0051] A process for identifying new data for incorporation into an n-dimensional
cube may operate similarly for both incrementally loaded and bulk-load data. Operation 302
depicts adding new slices to an n-dimensional cube based on the newly discovered
dimension. With reference to FIG. 1A, addition of a new slice may involve assigning a
partition to host the slice, such as partition 110 in FIG. 1A, replicating the slice to a replica,
such as replica 114, and updating repository 108. In various embodiments, the analytics
incorporating the new dimension may be performed prior to these steps being completed.

[0052]) Operation 304 depicts updating one or more slices based on a new attribute,
measure, or other value identified in data incoming from a data stream. Embodiments may
update slice data maintained on a partition and trigger replication of the data.

[0053] Embodiments may also cause the data dictionary to be updated to reflect the
presence of the updated data, including marking slices, slice regions, and data points as stale,
if they would be rendered out-of-date due to the newly arrived data. Operation 306 depicts
maintaining dependency information and refresh states of slices, slice regions, and data
points. Embodiments may employ different levels of granularity with respect to dependency
information. An embodiment, for example, might maintain a course granularity at the data
slice level only.

[0054] Operation 308 depicts incrementally populating the newly added slice and
incrementally refreshing the existing slices. Embodiments may add a new slice upon
discovering the existence of a new dimension, at which time a relatively small amount of
relevant data — as few as one or even zero data points — may be available. Accordingly, a slice
may be created in an essentially empty state and populated as data relevant to the slice arrives
through a data stream.

[0055] As depicted by operation 310, various embodiments may partially
materialize views in the newly added slice by forming dependency links from the new slice,
or from slice regions or data points within the new slice, to existing slices, slice regions, or
data points. The new slice may be considered partially materialized because the availability
of the links may allow for responsive calculations of data points within the new slice when it
is needed.

[0056] As depicted by operation 312, embodiments may partially compute data
points in the added slice based on a priority for calculation. Embodiments may utilize various

factors to determine priority. In an embodiment, user interest may be estimated by various
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factors to determine the priority of a calculation. User interest may be estimated, for example,
by monitoring mouse movement, such as hovering over a data point. A client application may
monitor mouse movements and transmit corresponding information to a cloud-based
analytics platform. The information may indicate a region of slice data that the user was
hovering over using the mouse, which might be indicative of a desire to drill-down into the
data. Embodiments may then trigger calculation of data needed for the drill-down. An
embodiment may also estimate interest by categorizing the data to be prioritized and
correlating the category to an estimated level of interest for each category. A variety of
additional techniques may be employed to determine priority, such as the degree of
dependency with other data.

[0057] Operation 314 depicts optimizing computation of a slice by reusing
aggregate data. Calculation of various data points within a slice may involve aggregate values
that may be combined to form aggregates of a greater number of values, or split to form
aggregates of a smaller number of values. Embodiments may maintain dependency graph
information to use in conjunction with aggregate reuse.

[0058] Operation 316 depicts optimizing slice computations based on a reflection.
Here, the term reflection may refer to a technique involving processing an n-dimensional
cube matrix (which may be projected onto one or more slices) on a diagonal axis formed
between related dimensions, and using- completed computations on one half of the diagonal to
complete computations on the other half. For example, calculations involving models-years-
sales may be reused to perform calculations involving years-models-sales. This technique
may be applied in response to there being a single key performance indicator (such as sales)
spread across a distribution of attributes whose number is above a threshold value.

[0059] In various embodiments, a new dimension may be added to an n-
dimensional cube. A new dimension may be added in response to various events or
conditions, such as receiving a request to add a new dimension, receiving data from a data
stream that corresponds to a dimension not already represented in the n-dimensional cube,
and so on. Embodiments may add the new dimension by forming a data slice and adding it to
a plurality of additional data slices that may make up an n-dimensional cube. Information
describing the new data slice, which may include information about a computing node on
which the slice is hosted, may be added to a repository containing information about the n-
dimensional cube. The repository may comprise inter-slice dependency information.

[0060] A data slice may comprise a plurality of data points corresponding to

intersections of the new dimension and one or more other dimensions already represented in

-13-



WO 2015/196176 PCT/US2015/036834

the n-dimensional cube. Values, such as aggregates and other derived values, may be
associated with a data point.

[0061] Forming the new data slice may comprise partially materializing a hierarchy
of data points in the n-dimensional cube. A partially materialized hierarchy may comprise
calculating zero or more of the values associated with data points in the hierarchy.
Calculation of these data points may be deferred until they are needed. Instead of pre-
calculating each of the data points, embodiments may pre-calculate dependency information
for the data points. For example, a value associated with a first data point may be used to
calculate a value associated with a second data point. Embodiments may identify this
dependency upon addition of the new dimension to the n-dimensional cube, and also store
information describing the dependency. The information describing the dependency may be
stored within a data slice, or externally in a repository. In some cases, there may be inter-slice
dependencies. In such cases, embodiments may store the dependency information in a central
repository, rather than on a computing node hosting the data slice.

[0062) Embodiments may calculate a value associated with a data point based on a
determined priority. A priority for calculation may indicate a relative order for calculating a
value associated with a data point, and may also indicate that a value should not be computed
unless or until it is needed to respond to a request to read the value. |

[0063] Embodiments may adjust the priority of deferred calculations based on
various factors. This may include immediately performing a calculation. Embodiments may
adjust priority on factors that include, but are not limited to, user actions, previous access
patterns on the same data or on similar data, such as data in hierarchies that may be
conceptually similar to the hierarchy containing a data point to be calculated, and so on. For
example, embodiments may determine that certain types of drill-down, drill-up, or pivot
operations are commonly performed and highly prioritize or immediately perform the related
calculations.

[0064] Another factor that may be utilized to determine the priority of calculations
is security. Embodiments may, for example, determine a priority for calculating a data point
based on various security attributes, such as those associated with dimensions, hierarchies, or
an n-dimensional cube.

[0065] Embodiments may determine to calculate or otherwise compute data points
based on sorting values indicative of the determined priority for calculation. For example,
embodiments may assign a priority score to a data point (or to a region of a slice or hierarchy

associated with a data point), and sort the data points accordingly. Various techniques may
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be employed to create a compact, sortable structure that is representative of priority values
associated with data points.

[0066] Embodiments may employ dependency information to identify a path ina
hierarchy of data points that may need recalculation following a change to a value at the base
of the path. For example, when a value at the base of a hierarchy is updated, its ancestors may
require recalculation. Embodiments may identify a path between a data point associated with
a changed value and an ancestor, and mark data points along that path as being out-of-date
with respect to the descendent. Calculation of the ancestor data point may then be prioritized
using the various techniques disclosed herein.

[0067]) In some cases, a data point may be dependent on an incomplete set of data.
For example, an aggregate value for a current 24-hour period may be incomplete until that
24-hour period has elapsed. Embodiments may track data points associated with incomplete
data sets and adjust computation priorities based at least partly on when the data set may be
considered complete. For example, ancestors of a data point that is dependent on an
incomplete data set may be marked as low priority for recomputation while the dataset is
incomplete. The priority may then be adjusted upwards when the dataset becomes complete.

[0068] In an embodiment, a data point may be computed based on extrapolating a
value associated with a descendent of the data point to be computed. For example, an
aggregate value for the current week’s sales figures might be incomplete prior to the last day
of the week. However, a value for the missing data points may be extrapolated based, for
example, on the corresponding days in prior weeks.

[0069] FIG. 3B is a flowchart depicting an embodiment of a process for deferring
computation of data points in an n-dimensional cube. Although depicted as a sequence of
operations, those of ordinary skill in the art will appreciate that the depicted order should not
be construed as limiting the scope of the present disclosure and that at least some of the
depicted operations may be altered, omitted, reordered, supplemented with additional
operations, or performed in parallel. Embodiments of the depicted process may be
implemented using various combinations of computer-executable instructions executed by a
computing system, such as the computing systems described herein.

[0070] Operation 350 depicts an embodiment identifying a dependency between a
first data point and a second data point. The dependency may reflect a relationship between
the two values, such as the first data point serving as input into a calculation used to derive a
value for the second data point. When the first data point changes, the second data point may

need to be recalculated in order to remain accurate. Embodiments may, however, defer
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calculation of the second data point and schedule calculation using various techniques and
mechanisms, as presented herein.

[0071] Operation 352 depicts determining a p'robability that the second data point
will be accessed. Access of the data point may involve its use in a computation related to
another data point. Probability of access for this purpose may be calculated, by various
embodiments, using a dependency graph or similar structure. A variety of other factors may
be utilized by various embodiments to determine a probability that the second data point will
be accessed. A

[0072] In an embodiment, a probability that the second data point may be accessed
may be determined based at least partly on receiving information indicative of a user
interaction with an interface that is indicative or suggestive of a present or future drill-down,
drill-up, or pivot operation. In more general terms, a user may interact with a user interface in
a manner that indicates an increased probability, or a certainty, that a data point will be
accessed. These actions may include mouse hovering over a data field, clicking on or
hovering over a button that indicates that a drill-down, drill-up, or pivot should be performed,
and so on. ' ’

[0073] Embodiments may also consider the data that has been transmitted to a client
application for display to a user. For example, if data at level “N” of a hierarchy is on display
in a client application, the data points at levels “N-1” and “N-1" may have an increased
likelihood of access.

[0074] Embodiments may utilize comparisons of the cost of calculating a data point
with the time that may elapse in calculating a data point. In some cases, a customer of a
hosted data analytics service may indicate a preference for performance over cost. In such a
case, an embodiment might aggressively prioritize computations so as to minimize delay. In
other cases, a customer may wish to reduce the cost of utilize a data analyﬁcs service, and
may indicate a preference for cost savings. The cost savings may be achieved, in some
instances, as a trade off with decreased performance that might result from deferring
computations.

[0075] Embodiments may utilize access patterns for an n-dimensional cube or for a
transactional data source related to an n-dimensional cube. For example, previous queries
performed against an n-dimensional cube or against a transaction data source may be
indicative of certain aggregations or other values having greater significance than others.

Data points related to such aggregations or other values may have an increased likelihood of

-16-



WO 2015/196176 PCT/US2015/036834

being accessed. These data points may, accordingly, be assigned a higher priority for
calculation than other data points.

[0076] FIG. 4 is a flowchart depicting an embodiment of a process for performing
deferred computations in an n-dimensional cube adapted for cloud-based analytics. Although
depicted as a sequence of operations, those of ordinary skill in the art will appreciate that the
depicted nfder should not be construed as limiting the scope of the present disclosure and that
at least some of the depicted operations may be altered, omitted, reordered, supplemented
with additional operations, or performed in parallel. Embodiments of the depicted process
may be implemented using various combinations of computer-executable instructions
executed by a computing system, such as the computing systems described herein.

[0077] Embodiments may, as depicted by opere;tion 400, add newly identified
attributes and related aggregation coordinates to an n-dimensional cube by appending data to
existing memory structures. Embodiments may maintain slice data structures in system
memory, such as random-access memory (*“RAM”). Embodiments may further maintain
copies of slice data structures on a backing partition, which may be replicated to additional
partitions.' *

[0078] In various embodiments, new dimensions may be made to be auto-
discoverable by an end user. Embodiments may transmit information indicative of a new
dimension to a client device operating an embeddable analytics module, which may display
an indication of the new dimension to an end user. The user’s reaction to the new dimension,
such as mouse movements or mouse clicks, may be used to gauge the user’s interest in the
new dimension and to adjust priorities for computing data points in the n-dimensional cube.

[0079] As depicted by operation 402, embodiments may append and replace slices
through a centralized data dictionary. A data dictionary may comprise one or more tables in a
database management system. The data dictionary may be partitioned and replicated for the
purpose of providing improved load balancing capabilities and increased reliability. As
depicted by operation 404, embodiments may maintain various index structures indicative of
regions of the n-dimensional cube, which may be referred to by the term matrix or matrices.
Embodiments may also maintain index structures for slices, slice regions, and data points,

[0080] Embodiments may partially materialize views of the n-dimensional cube by
building dependency trees, as depicted by operation 406. Building dependency trees may be
performed instead of directly calculating data points at each coordinate intersection in an n-
dimensional cube. Various techniques may be employed to build dependency trees, such as

those depicted by operations 408 and 410.
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[0081] Operation 408 depicts utilizing inherent hierarchies within dimensional
attributes to build a dependency tree. Embodiments may calculate aggregates at the finest
grain with higher priority than aggregates at the coarsest grain. The fine-grained aggregates
may then be projected to form the course-grained aggregates. Embodiments may defer
calculation of the course-grained aggregates until needed, such as in response to an indication
of user interest.

[0082] Operation 410 depicts using inference, estimate, classification models, and
other similar techniques to identify n-dimensional cube structures to which similar
dependency trees should apply. A new dimension, measure, or attribute may have similarity
with existing dimensionality such that its dependency models may be cloned, with or without
further alteration. Embodiments may, in some cases, be able to identify unique
correspondence between new attributes. For example, a new store may have the same data
dependencies as existing stores. Where a unique correspondence is not found, the closest
neighbor may be found using techniques, such as classification. A dependency tree of the
closest neighbor may then be found and adjusted as needed for application to the new
dimension, measure, or attribute.

| [0083] Classification and inference techniques may be applied to access patterns of
the n-dimensional cube in order to identify n-dimensional cube structures that should be
cloned. For example, users of an n-dimensional cube may be classified into groups. The
access patterns of users within a group may be analyzed, for example by determining which
n-dimensional cube structures are accessed most frequently, identifying typical drill-down
depths, identifying common pivots, and so on. When constructing n-dimensional cube
structures for a new user who falls within the same group, this information may be reflected
in various aspects of the new n-dimensional cube structure, such as computation priorities.

[0084] FIG. 5A is a block diagram depicting an embodiment of a system for
providing hosted analytics services. A hosted analytics system 500 may be managed by a
control plane 502 that coordinates activities of various modules of the system.

[0085] An image rendering 504 module may provide rendering services for
embedded user-interface compoenents, such as graphs and charts. A result set management
506 module may maintain history information, data caches, and so forth pertaining to results
of performing an analysis. A user interface catalog 508 module may maintain a repository of-
user interface elements for embedded analytics, such as images and so forth, that might be
inserted in the user interface of an application that includes embedded analytics features. A

reporf parameter management 510 module may comprise a repository of parameters to be
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used in generating analyticél reports, such as time periods, geographic region, dimensions to
include in a report, desired drill-down levels, and so on.

[0086] An aggregations 512 module may perform operations to calculate aggregate
values in various dimensions and combinations of dimensions. For example, aggregations
512 module may calculate monthly, weekly, and daily sales data for a particular store,
geographic region, and state. |

[0087] A derived calculations 514 module may perform second-order calculations
based on aggregate data and other information. A custom calculations 516 module may
perform report-specific or user-provided calculations. Custom calculations may be provided,
for example, by an application publisher.

[0088] A scenario layers 518 module may perform operations related to simulations,
projections, or other types of “what-if” scenarios. These may be custom scenarios provided,
for example, by an application publisher.

| [0089] A source and connection parameters catalog 520 may maintain information
used to locate and connect to various information sources. Information for locating sources
may include network address, uniform resource locators (“URLs™), and so forth. Information
for connecting may include various forms of credentials, accounts, user names, and so forth.

[0090] A metadata management 522 module may maintain various forms of
metadata and other information used in interfacing with various data sources, such as
relational data sources 528, non-relational data sources 530, file-based sources 532, streaming
sources 534, and cloud-based data sources 536. Embodiments may employ metadata from
metadata management 522 module in conjunction with data transformation 524 module. Data
transformation 524 module may perform data transformation and data cleansing operations
on incoming data.

[0091] A scheduler 526 module may coordinate the timing of various activities
performed by hosted analytics system 500. The coordination may involve scheduling n-
dimensional cube rebuilding, scheduling data retrieval, and so forth.

[0092] Various data sources may be employed. These include relation data sources
528, such as SQL-based relational database management systems, as well as non-relational
data sources 530. Various non-relational data sources 530 may include NoSQL database
systems, key-value pair databases, object-relational databases, and so forth. Various file-
based sources 532 may be used, such as document repositories, log files, and so forth. Log
files may also be treated as streaming data sources 534, which may also include other types

of data sources where data may be updated on an ongoing basis. Another example that may
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be categorized with other streaming data sources 334 is data generated from videogames,
such as multi-player video games.

[0093] Various types of cloud-based data sources 536 may be used. These may
include various web sites or data sources maintained by a provider of hosted analytics
services, an application publisher, a user of an application, or a third party. '

[0094] FIG. 5B depicts a process for the intake and processing of data from real-
time data sources. A data source 560 may be communicatively coupled to an adapter 556 and
a cleansing pipeline 552. Additional data sources, such as data source 562, may be

" communicatively coupled to other adapters and pipelines, such as adapter 558 and cleanéing
pipeline 554.

[0095] An adapter 556 may transform data from data source 560 to a format suitable
for processing by cleansing pipeline 552. Gperétious performed by cleansing pipeline 552
may include performing one or more translations or transformations on incoming data.
Examples include stemming, Iémmatisation, and so forth. A cleansing pipeline 552 may be

| multiplexing. This may include performing cleansing along multiple paths in order to
produce data in a normalized format that matches a normalized format used in each
destination n-dimensional cube.

[0096] FIG. 5B depicts an analytics and storage 550 module. This may refer to
various components for performing analytics, such as modules 502-526 in FIG. 5A. Cleansed
data incoming from cleansing pipelines 552 and 554 might be processed by an analytics and
storage 550 module, The processing might include operations, such as performing
aggregation, performing custom calculations, scenario maodeling, and so forth. Data from
cleansing pipelines 552 and 554, as well as any calculated or derived values, may be routed
and stored in an appropriate n-dimensional cube.

[0097] Embodiments of the present disclosure may be employed in conjunction
with many types of database management systems (“DBMSs”). A DBMS is a software and
hardware system for maintaining an organized collection of data on which storage and
retrieval operations may be performed. In a DBMS, data is typically organized by
associations between key values and additional data. The nature of the associations may be
based on real-world relationships that exist in the collection of data, or it may be arbitrary.
Various operations may be performed by a DBMS, including data definition, queries,
updates, and administration. Some DBMSs provide for interaction with the database using
query languages, such as structured query language (“SQL”), while others use APIs

containing operations, such as put and get and so forth. Interaction with the database may
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also be based on various protocols or standards, such as hypertext markup language
(*HTML."} and extended markup language (“XML”). A DBMS may comprise various
architectural components, such as a storage engine that acts to store data on one or more
storage devicés, such as solid-state drives. '

[0098] FIG. 6 is a diagram depicting an example of a distributed computing
environment on which aspects of the present invention may be practiced. Various users 600a
may interact with various client applications, operating on any type of computing device
602a, to communicate over communications network 604 with processes executing on
various computing nodes 610a, 610b, and 610c within a data center 620. Alternatively, client
applications 602b may communicate without user intervention. Communications network 604
may comprise any combination of communications technology, including the Internet, wired
and wireless local area networks, fiber optic networks, satellite communications, and so forth.
Any number of networking protocols may be employed.

[0099] Communication with processes executing on the computing nodes 610a,
610b, and 610c, operating within data center 620, may be provided via gateway 606 and
router 608, Numerous other network configurations may also be employed. Although not
explicitly depicted in FIG. 6, various authentication mechanisms, web service layers,
business objects, or other intermediate layers may be provided to mediate communication
with the processes executing on computing nodes 610a, 610b, and 610c. Some of these
intermediate layers may themselves comprise processes executing on one or mare of the
computing nodes. Computing nodes 610a, 610b, and 610c, and processes executing thereon,
may also communicate with each other via router 608. Alternatively, separate communication
paths may be employed. In some embodiments, data center 620 may be configured to
communicate with additional data centers, such that the computing nodes and processes
executing thereon may communicate with computing nodes and processes operating within
other data centers.

[0100] Computing node 610a is depicted as residing on physical hardware
comprising one or more processors 616, one or more memories 618, and one or more storage
devices 614. Processes on computing node 610a may execute in conjunction with an
operating system or.alternatively may execute as a bare-metal process that directly interacts
with physical resources, such as processors 616, memories 618, or storage devices 614.

[0101] Computing nodes 610b and 610c are depicted as operating on virtual

machine host 612, which may provide shared access to various physical resources, such as
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physical processors, memory, and storage devices. Any number of virtualization mechanisms
might be employed to host the computing nodes.

[0102] The various computing nodes depicted in FIG. 6 may be configured to host
web setrvices, database management systems, business objects, monitoring and diagnostic
facilities, and so forth. A computing node‘may refer to various types of computing resources, -
such as personél computers, servers, clustered computing devices, and so forth. A computing
node may, for example, refer to various computing devices, such as cell phones, smartphones,
tablets, embedded device, and so on. When implemented in hardware form, computing nodes
are generally associated with one or more memories configured to store computer-readable
instructions and one or more processors configured to read and execute the instructions. A
hardware-based computing node may also comprise one or more storage devices, network
interfaces, communications buses, user interface devices, and so forth. Computing nodes also
encompass virtualized computing resources, such as virtual machines implemented with or
without a hype_rviso_r, virtualized bare-metal environments, and so forth. A virtualization-
based computing node may have virtu:_ilized access to hardware resources as well as non-
virtualized access. The computing node may be configured to execute an operating system as
well as one or more application programs. In some embodiments, a computing node might
also comprise bare-metal application programs.

[0103] In at least some embodiments, a server that implements a portion or all of
one or more of the technologies described herein may include a general-purpose computer
system that includes or is configured to access one or more computer-accessible media. FIG.
7 depicts a general-purpose computer system that includes or is configured to access one or
more computer-accessible media. In the illustrated embodiment, computing device 700
includes one or more processors 710a, 710b, and/or 710n (which may be referred herein
singularly as a processor 710 or in the plural as the processors 710) coupled to a system
memory 720 via an input/output (1/0) interface 730. Computing device 700 further includes
a network interface 740 coupled to I/O interface 730.

[0104] In various embodiments, computing device 700 may be a uniprocessor
system including one processor 710 or a multiprocessor system including several processors
710 (e.g., two, four, eight, or another suitable number). Processors 710 may be any suitable
processors capable of executing instructions. For example, in various embodiments,
processors 610 may be general-purpose or embedded processors implementing any of a

variety of instruction set architectures (ISAs), such as the x86, PowerPC, SPARC, or MiPS
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ISAs or any other suitable ISA. In multiprocessor systems, each of processors 610 may
commonly, but not necessarily, implement the same ISA.

[0105] In some embodiments, a graphics processing unit (“GPU™) 712 may
participate in providing graphics rendering and/or physics processing capabilities. A GPU
may, for example, comprise a highly parallelized processor architecture specialized for
graphical computations. In some embodiments, processors 710 and GPU 712 may be
implemented as one or more of the same type of device.

[0106] System memory 720 may be configured to store instructions and data
accessible by processor(s) 610. In various embodiments, system memory 720 may be
implemented using any suitable memory technology, such as static random access memory
(f‘SRAM”), synchronous dynamic RAM (“SDRAM?”), nonvolatile/Flash®-type memory, or
any other type of memory. In the illustrated embodiment, program instructions and data
implementing one or more desired functions, such as those methods, techniques, and data
described above, are shown stored within system memory 720 as code 725 énd data 726.

[0107] In one embodiment, 1/O interface 730 may be configured to coordinate I/O
traffic between processor 710, system memory 720, and any peripherals in the device,
including network interface 740 or other peripheral interfaces. In some embodiments, /O
interface 730 may perform any necessary protocol, timing or other data transformations to
convert data signals from one component (e.g., system memory 720} into a format suitable
for use by ahother component (e.g., processor 610). In some embodiments, 1/0 interface 730
may include support for devices attached through various types of peripheral buses, such as a
variant of the Peripheral Component Interconnect (PCI) bus standard or the Universal Serial
Bus (USB) standard, for example. In some embodiments, the function of I/O interface 730
may be split into two or more separate components, such as a north bridge and a south bridge,
for example. Also, in some embodiments some or all of the functionality of I/O interface
730, such as an interface to system memory 620, may be incorporated directly into processor
710,

[0108] Network interface 740 may be configured to allow data to be exchanged
between computing device 700 and other device or devices 760 attached to a network or
networks 750, such as other computer systems or devices, for example. In various
embodiments, network interface 740 may support communication via any suitable wired or
wireless general data networks, such as types of Ethernet networks, for example.
Additionally, network interface 740 may support communication via

telecommunications/telephony networks, such as analog voice networks or digital fiber
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communicétions networks, via storage area networks, such as Fibre Channel SANSs (storage
area networks), or via any other suitable type of network and/or protocol.

[0109] In some embodiments, system memory 720 may be one embodiment of a
computer-accessible medium configured to store program instructions and data as described
above for implementing embodiments of the corresponding methods and apparatus.
However, in other embodiments, program instructions and/or data may be received, sent, or
stored upon different types of computer-accessible media. Generally sﬁcaking, a computer-
accessible medium may include non-transitory storage media or memory media, such as
magnetic or optical media, e.g., disk or DVD/CD coupled to computing device 700 via /O
interface 730. A non-transitory computer-accessible storage medium may also include any
volatile or non-volatile media, such as RAM (e.g., SDRAM, DDR SDRAM, RDRAM,
SRAM, etc.), ROM, etc., that may be included in some embodiments of computing device
700 as system memory 720 or another type of memory. Further, a computer-accessible
medium may include transmission media or signals, such as electrical, electromagnetic or
' digital signals, conveyed via a communication medium, such as a network and/or a wireless
link, such as those that may be implemented via network interface 740. Portions or all of
multiple computing devices, such as those illustrated in FIG. 7, may be used to implement the
described functionality in various embodiments; for example, software components running
on a variety of different devices and servers may collaborate to provide the functionality. In
some embodiments, portions of the described functionality may be implemented using
storage devices, network devices, or special-purpose computer systems, in addition to or
instead of being implemented using general-purpose computer systems. The term “computing
device,” as used herein, refers to at least all these types of devices and is not limited to fhase
types of devices. |

[0110] A compute node, which may be referred to also as a computing node, may
be implemented on a wide variety of computing environments, such as tablet computers,
personal computers, smartphones, game consoles, commodity-hardware computers, virtual
machines, web services, computing clusters, and computing appliances. Any of these
computing devices or environments may, for convenience, be described as compute ﬂodes or
as computing nodes.

[0111] A network set up by an entity, such as a company or a public sector
organization, to provide one or more web services (such as various types of cloud-based
computing or storage) accessible via the Internet and/or other networks to a distributed set of

clients may be termed a provider network. Such a provider network may include numerous
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data centers hosting various resource pools, such as collections of physical and/or virtualized .
computer servers, storage devices, networking equipment, and the like, needed to implement
and distribute the infrastructure and web services offered by the provider network. The
resources may in some embodiments be offered to clients in various units related to the web
service, such as an amount of storage capacity for storage, processing capability for
processing, as instances, as sets of related services, and the like. A virtual computing instance
may, for example, comprise one or more servers witha specified computational capacity
(which may be specified by indicating the type and number of CPUs, the main memory size,
and so on) and a specified software stack (e.g., a particular version of an operating system,
which may in turn run on top of a hypervisor).

[0112] A number of different types of computing devices may be used singly or in
combination to implement the resources of the provider network in different embodiments,
including general-purpose or special-purpose computer servers, storage devices, network
devices, and the like. In some embodiments a client or user may be provided direct access to
a resource instance, e.g., by giving a user an administrator login and password. In other
embodiments, the provider network operator may allow clients to specify execution
requirements for specified client applications and schedule execution of the applications on
behalf of the client on execution platforms (such as application server instances, Java™
virtual machines (JVMs), general-purpose or special-purpose operating systems, platforms
that support various interpreted or compiled programming languages—such as Ruby, Perl,
Python, C, C++, and the like—or high-performance computing platforms) suitable for the
applications, without, for example, requiring the client to access an instance or an execution
platform directly. A given execution platform may utilize one or more resource instances in
some implementations; in other implementations multiple execution platforms may be
mapped to a single resource instance.

[0113] In many environments, operators of provider networks that implement
different types of virtualized computing, storage, and/or other network-accessible
ﬁlr;ctionality may allow customers to reserve or purchase access to resources in various
resource acquisition modes. The computing resource provider may provide facilities for
customers to select and launch the desired computing resources, deploy application
components to the computing resources, and maintain an application executing in the
environment. In addition, the computing resource provider may provide further facilities for
the customer to quickly and easily scale up or scale down the numbers and types of resources

allocated to the application, either manually or through automatic scaling, as demand for or
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capacity requirements of the application change. The computing resources provided by the
computing resource provider may be made available in discrete units, which may be referred
to as instances. An instance may represent a physical server hardware platform, a virtual
machine instance executing on a server, or some combination of the two. Various types and
conﬁgurat'ions of instances may be made available, including different sizes of resources
executing different operating systems (OS) and/or hypervisors, and with various installed
software applications, runtimes, and the like. Instances may further be available in specific
availability zones, representing a logical region, a fault tolerant region, a data center, or other
geographic location of the underlying computing hardware, for example. Instances may be
copied within an availability zone or across availability zones to improve the redundancy of
the instance, and instances may be migrated within a particular availability zone or across
availability zones. As one example, the latency for client communications with a particular
server in an availability zone may be less than the latency for client communications with a
different server. As such, an instance may be migrated from the higher latency server to the
lower latency server to improve the overall client experience.

[0114] In some embodiments the provider network may be organized into a
plurality of geographical regions, and each region may include one or more availability
zones. An availability zone (which may also be referred to as an availability container) in turn
may comprise one or more distinct locations or data centers, éonﬁgured in such a way that
the resources in a given availability zone may be isolated or insulated from failures in other
availability zones. That is, a failure in one availability zone may not be expected to result in a
failure in any other availability zone. Thus, the availability profile of a resource instance is
intended to be independent of the availability profile of a resource instance in a different
availability zone. Clients may be able to protect their applications from failures at a single
location by launching multiple application instances in respective availability zones. At the
same time, in some implementations inexpensive and low latency network connectivity may
be provided between resource instances that reside within the same geographical region (and
network transmissions between resources of the same availability zone may be even faster).

[0115] Each of the processes, methods and algorithms described in the preceding
sections may be embodied in, and fully or partially automated by, code medules executed by
one or more computers or computer processors. The code modules may be stored on any type
‘of non-transitory computer-readable medium or computer storage device, such as hard drives,
solid state memory, optical disc, and/or the like. The processes and algorithms may be

implemented partially or wholly in application-specific circuitry. The results of the disclosed
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processes and process steps may be stored, persistently or otherwise, in any type of non-
transitory computer storage such as, e.g., volatile or non-volatile storage.

[0116] The various features and pracesses described above may be used

_independently of one another, or may be combined in various ways. All possible
combinations and sub-combinations are intended to fall within the scope of this disclosure. In
addition, certain methods or'process blocks may be omitted in some implementations. The
methods and processes described herein are also not limited to any particular sequence, and
the blocks or states relating thereto can be performed in other sequences that are appropriate.
For example, described blocks or states may be performed in an order other than that
specifically disclosed, or multiple blocks or states may be combined in a single block or state.
The example blocks or states may be performed in serial, in jJarallel, or in some other
manner. Blocks or states may be added to or removed from the disclosed example
embodiments, The example systems and comporients_ described herein may be configured
differently than described. Fof example, elements may be added to, removed from, or
rearranged compared to the disclosed example embodiments.

[0117] It will also be appreciated that various items are illustrated as being stored in
memory or on storage while being used, and that these items or portions thereof may be
transferred between memory and other storage devices for purposes of memory management
and data integrity. Alternatively, in other embodiments some or all of the sofiware modules
and/or systems may execute in memory on another device and communicate with the
illustrated computing ;systems via inter-computer communication. Furthermore, in some
embodiments, some or all of the systems and/or modules may be implemented or provided in
other ways, such as at least partially in firmware and/or hardware, including, but not limited
to, one or more application-specific integrated circuits (ASICs), standard integrated circuits,
controllers (e.g., by executing appropriate instructions, and including microcontrollers and/or
embedded conn'ollers); field-programmable gate arrays (FPGAs), complex programmable
logic devices (CPLDs), etc. Some or all of the modules, éystems and data structures may also
be stored (e.g., as software instructions or structured data) on a computer-readable medium,
such as a hard disk, a memory, a network, or a portable media article to be read by an
appropriate device or via an appropriate connection. The systems, modules and data
structures may also be transmitted as generated data signals (e.g., as part of a carrier wave or
other analog or digital propagated signal) on a variety of computer-readable transmission
media, including wireless-based and wired/cable-based media, and may take a variety of

forms (e.g., as part of a single or multiplexed analog signal, or as multiple discrete digital
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packets or frames). Such computer program products may also take other forms in other
embodiments. Accordingly, the present invention may be practiced with other computer
system configurations.

[0118] The foregoing may be better understood in view of the following clauses:

1. A system for performing data analytics, the system possessing improved scaling
characteristics, the system comprising:
| a plurality of computing nodes comprising a first one or more computing nodes and a
second one or more computing nodes, the plurality of computing nodes, when activated,
maintaining a slice of an n-dimensional cube, the slice comprising a hierarchy of data points,
the data points corresponding to intersections of one or more fixed dimensions and one or
more variable dimensions; and.
one or more memories having stored thereon computer-readable instructions that,
upon execution, cause the system at least to:
maintain a first subset of the hierarchy of data points on the first one or more
computing nodes, wherein data points are included in the first subset based at least in
part on a data point of the hierarchy being associated with a first classification of
computational demands;
maintain a second subset of the hierarchy of data points on the second one or
more computing nodes, wherein data points are included in the second subset based at
least in part on a data point of the hierarchy being associated with a second
classification of computational demands; and '
process a first request to access a data point of the hierarchy by processing the
request on the first one or more computing nodes, wherein the first one or more
computing nodes are configured with a scaling mechanism based at least in part on

the first classification of computational demands.

2. The system of clause 1, wherein the first classification is based on a high write
frequency and the scaling mechanism comprises horizontally partitioning data points in the

first subset of the hierarchy among the first one or more computing nodes.

3. The system of clause 1, wherein the first classification is based on a high read
frequency and the scaling mechanism comprises the first one or more computing nodes

including at least one read-only replica of a writeable partition.
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4, The system of clause 1, further comprising one or more memories having stored

thereon computer-readable instructions that, upon execution, cause the system at least to:
classify a region of the hierarchy based at least in part on mapping between a

dimension associated with the hierarchy and one or more computational demands associated

with the dimension.

-5, The system of clause 1, further comprising one or more memories having stored
thereon computer-readable instructions that, upon execution, cause the system at least to:
identify a path in the hierarchy based at least in part on a frequency of access for data
points in the path; and _
maintain the data points associated with the path in main memory while the

frequency of access is above a threshold level.

6. . A computer-implement method for maintaining an n-dimensional cube, the method
comprising:

identifying a first subset of a hierarchy of data points in the n-dimensional cube,
wherein the subset is identified based at least in part on a computational demand associated
with a data point in the first subset of the hierarchy;

selecting a scaling mechanism based at least in part on the computational demand

-associated with the data point; and |

maintaining the first subset of the hierarchy on at least a first computing node and a
second computing node, wherein the first subset of the hierarchy is at least partitioned or
replicated between the first computing node and the second computing node based on the
selected scaling mechanism.
7. The method of clause 6, wherein the scaling mechanism is selected based at least in

part on write frequency being high relative to read frequency.
8. The method of clause 7, further comprising:

horizontally partitioning data points of the first subset of the hierarchy between at

least the first computing node and the second computing node.
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9. The method of clause 6, wherein the scaling mechanism is selected based at least in
part on read frequency being high relative to a capacity of the first computing node to

respond to requests to read data in the first subset of the hierarchy.

10.  The method of clause 9, further comprising: __
replicating at least a portion of the first subset of the hierarchy on the second
computing node, wherein the at least a portion of the first subset of the hierarchy is

maintained on the first computing node.

11.  The methed of clause 6, further comprising:
classifying a region of the hierarchy based at least in part on a mapping between a
dimension associated with the hierarchy and a computational demand associated with the

dimension.

12.  The method of clause 6, further comprising:

identifying a path in the hierarchy based at least in part on a frequency of access for
data points in the path; and |

maintaining the data points associated with the path in main memory while the

frequency of access is above a threshold level.

13.  The method of clause 6, further comprising:
selecting a second scaling mechanism for an additional subset of the hierarchy, based

at least in part on computational demands associated with data points in the additional subset.

14. A non-transitory computer-readable storage medium having stored thereon
instructions that, upon execution by one or more computing devices, cause the one or more
computing devices at least to:

determine to store a hierarchy of data points on at least a first computing node and a
second computing node; '

store a first subset of the hierarchy of data points on the first one or more computing
nodes, wherein data points are included in the first subset based at least in part on a data point
in the hierarchy being associated with a first classification of computational demands; and

store a second subset of the hierarchy of data points on the second one or more

computing nodes, wherein data points are included in the second subset based at least in part
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on a data point in the hierarchy being associated with a second classification of computational

demands.

15.  The non-transitory computer-readable storage medium of clause 14, comprising
further instructions that, upon execution by the one or more computing devices, cause the one
or more computing devices to at least:

determine to store a slice of an n-dimensional cube on a plurality of computing nodes
comprising the first computing node and the second computing node, the slice comprising the
hierarchy of data points and additional data points con*espondiﬁg to intersections of one or

more fixed dimensions and one or more variable dimensions.

16.  The non-transitory computer-readable storage medium of clause 14, comprising
further instructions that, upon execution by the one or more computing devices, cause the one
or more computing devices to at least:

| determine to relocate a portion of the first subset of the hierarchy of data points from
the first one or more computing nodes, the determining based at least in part on monitoring

computational demands associated with the data point.

17. The non-transitory computer-readable storage medium of clause 14, wherein the first
classification is based on a high write frequency and data points of the first subset of the

hierarchy are horizontally partitioned among the first one or more computing nodes.

18.  The non-transitory computer-readable storage medium of clause 14, wherein the first
classification is based on-a high read frequency and the first one or more computing nodes

comprise a writeable partition and a read-only replica.

19.  The non-transitory computer-readable storage medium of clause 14, comprising
further instructions that, upon execution by the one or more computing devices, cause the one
or more computing devices to at least:

classify a region of the hierarchy based at least in part on mapping between a
dimension associated with the hierarchy and one or more computational demands associated

with the dimension.
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20.  The non-transitory computer-readable storage medium of clause 14, comprising
further instructions that, upon execution by the one or more computing devices, cause the one
or more computing devices to at least: |

identify a path in the hierarchy based at least in part on a frequency of access for data
points in the path; and ’

maintain the data points associated with the path in main memory while the

frequency of access is above a threshold level.
And the forgoing may be better understood in view of the following additional set of clauses:

1. A system for performing online analytical processing on a data involving a real-time
stream of data, the system comprising:
a plurality of computing nodes maintaining an n-dimensional cube comprising a
plurality of dimensions; and
one or more memories having stored thereon computer readable instructions that,
upon execution by the one or more computing nodes, cause the system at least to:
' receive information indicative of adding an additional dimension to the n-
dimensional cube;
form a data slice, the data slice comprising a plurality of data points
corresponding to intersections of at least the additional dimension and at least one of
the plurality of dimensions; and
partially materialize a hierarchy of the plurality of data points, wherein
partially materializing the hierarchy comprises identifying a dependency between a
first data point of the plurality of data points and a second data point of the plurality
of data points, wherein less than all of the plurality of data points are computing

during partial materialization.

2, The system of clause 1, further comprising one or more memories having stored
thereon computer-readable instructions that, upon execution by the one or more computing
nodes, cause the system at least to:

store information indicative of the dependency in a repository maintained on at least

one of the plurality of computing nodes.
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3. The system of clause 2, wherein the repository comprises information indicative of a
second dependency between the data slice and an additional data slice of the n-dimensional

cube.

4. The system of clause 1, further comprising one or more memories having stored
thereon computer-readable instructions that, upon execution by the one or more computing
nodes, cause the system at least to:

calculate a value associated the first data point of the hjerarchy;

identify a path from the first data point to an additional data point of the hierarchy, the
additional data point an ancestor of the first data point; and

record an indication that the additional data point is out of date with respect to the first

data point,

5. The system of clause 1, wherein the infqrmation indicative of adding the additional
dimension to the n-dimensional cube comprises data corresponding to the additional

dimension,

6. The system of clause 1, further comprising one or more memories having stored
thereon computer-readable instructions that, upon execution by the one or more computing
nodes, cause the system at least to:

defer computation of an additional data point of the hierarchy, based at least in part on

a descendant of the additional data point being associated with an incomplete set of data.

7. A computer-implemented method of maintaining an n-dimensional cube on a plurality
of computing nodes, the method comprising:

adding an additional dimension to the n-dimensional cube by at least forming a data
slice on at least one of the plurality of computing nodes, the data slice comprising a plurality
of data points corresponding to intersections of at least the additional dimension and at least
one of a plurality of dimensions of the n-dimensional cube; and

partially forming a hierarchy of the plurality of data points, wherein partially forming
the hierarchy comprises identifying a dependency between a first data point of the plurality of
data points and a second data point of the plurality of data points.
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8. The computer-implemented method of clause 7, further comprising:

identifying a second dependency between the data slice and another data slice
maintained on a second at least one of the plurality of computing nodes; and

storing information indicative of the dependency in a repository maintained on a third

at least one of the plurality of computing nodes.

9. The computer-implemented method of clause 7, further comprising:

calculating a value for the first data poin_t of the hierarchy;

identifying a path from the first data point to an additional data point of the hierarchy,
the additional data point an ancestor of the first data point; and

recording an indication that the additional data point is out of date with respect to the

first data point.

10.  The computer-implemented method of clause 7, further comprising:
receiving information indicative of adding the additional dimension to the n-
dimensional cube, the information comprising data corresponding to the additional

dimension.

11. The computer-implemented method of clause 7, further comprising:
deferring computation of an additional data point of the hierarchy, based at least in
part on a descendant of the additional data point being associated with an incomplete set of

data.

12.  The computer-implemented method of clause 11, wherein the additional data point is

associated with an aggregate value representative of a time period.

13.  The computer-implemented method of clause 11, further comprising:
computing the additional data point based at least in part on a previous access pattern

for data in the n-dimensional cube.

14.  The computer-implemented method of clause 7, further comprising:
computing an additional data point of the hierarchy based at least in part on

extrapolating a value associated with a descendent of the additional data point.
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15.  The computer-implemented method of clause 7, further comprising:

determining that the hierarchy is out of date with respect to a changed attribute value;

prioritizing computation of a first level of the hierarchy with respect to the changed
attribute value;

deferring computation of a second level of the hierarchy, the second level dependent
on the first level; and |

prioritizing computation of the second level of the hierarchy in response to at least

one of a drill-down, drill-up, or pivot event.

16. A non-transitory computer-readable storage medium having stored thereon
instructions that, upon execution by one or more computing devices, cause the one or more
computing devices at least to: '

add an additional dimension to an n-dimensional cube by at least forming a data slice
on at least one of the pIurality of computing nodes, the data slice comprising a plurality of
data points corresponding to intersections of at least the additional dimension and at least one
of a plurality of dimensions of the n-dimensional cube; and

partially form a hierarchy of the plurality of data points, wherein partially forming
the hierarchy comprises identifying a dependency between a first data point of the plurality of
data points and a second data paint of the plurality of data points.

17.  The non-transitory computer-readable storage medium of clause 16, comprising
further instructions that, upon execution by the one or more computing devices, cause the one
or more computing devices to at least:

identify a second dependency between the data slice and another data slice maintained
on a second at least one of the plurality of computing nodes; and

store information indicative of the dependency in a repository maintained on a third at

least one of the plurality of computing nodes.
18.  The non-transitory computer-readable storage medium of clause 16, comprising

further instructions that, upon execution by the one or more computing devices, cause the one

or more computing devices to at least:
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calculate a value for the first data point of the hierarchy;

identify a path from the first data point to an additional data point of the hierarchy, the
additional data point an ancestor of the first data point; and

record an indication that an additional value associated with the additional data point

is out of date with respect to the first data point.

19,  The non-transitory computer-readable storage medium of clause 16, comprising
further instructions that, upon execution by the one or more computing devices, cause the one
or more computing devices to at least:

receive information indicative of adding the additional dimension to the n-
dimensional cube, the information comprising data corresponding to the additional

dimension.

20.  The non-transitory computer-readable storage medium of clause 16, comprising
further instructions that, upoh.execution by the one or more computing devices, cause the one
or more computing devices to at least: |

defer computation of a value associated with an additional data point of the hierarchy,
based at least in part on a descendant of the additional data point being associated with an

incomplete set of data.

21.  The non-transitory computer-readable storage medium of clause 16, comprising
further instructions that, upon execution by the one or more computing devices, cause the one
or more computing devices to at least:

compute an aggregate value for an additional data point of the hierarchy based on an
incomplete set of data, the incomplete set of data corresponding to a period of time that has

not yet elapsed;

initially defer computation of a value associated with an ancestor of the additional
data point; and

prioritize computation of the value associated with the ancestor of the additional data

point in response to the time period elapsing.
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22.  The non-transitory computer-readable storage medium of clause 16, comprising
further instructions that, upon execution by the one or more computing devices, cause the one
or more computing devices to at least:

determine that the hierarchy is out of date with respect to a changed attribute value;

prioritize.cornputation of a first level of the hierarchy with respect to the changed
attribute value; and

initially defer computation of a second level of the hierarchy, the second level
dependent on the first level; and

prioritize computation of the second level of the hierarchy in response to at least one

of a drill-down, drill-up, or pivot event.
In addition, the foregoing may be better understood in view of these additional clauses:

. A sj,'stern for.performing online analytical processing on a data involving a real-time
stream of data, the system comprising:
one or more computing nodes maintaining an n-dimensional cube comprising a
plurality of dimensions and a plurality of data points corresponding to intersections of at least
a subset of the plurality of dimensions, the plurality of data peints comprising a first data
point and a second data point; and
one or more memories having stored thereon computer-readable instructions that,
upon execution by the one or more computing nodes, cause the system at least to:
identify a dependency between the first data point and the second data point,
the dependency comprising calculation of the second data point based on the first data
point;
determine a priority for calculating the second data point, the priority based at
least in part on information indicative of a chance of receiving a request to access the
second data point; and
schedule a calculation of the second data point based at least in part on the

priority and on a change to the first data point.
2. The system of clause 1, further comprising one or more memories having stored

thereon computer-readable instructions that, upon execution by the one or more computing

nodes, cause the system at least to:
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calculate the chance of receiving the request to access the second data point based at

least in part on receiving information indicative of interaction with a user interface.

3. The system of clause 1, further comprising one or more memories having stored
thereon computer-readable instructions that, upon execution by the one or more computi_ng
nodes, cause the systém at least to:

calculate the chance of receiving the request to access the second data point based at
least in part on access patterns implied by queries executed against at least one of the n-

dimensional cube or a transactional data source related to the n-dimensional cube.

4, The system of clause 1, further comprising one or more memories having stored
thereon computer-readable instructions that, upon execution by the one or more computing
nodes, cause the system at least to:

calculate the chance of receiving the request to access the second data point based at

least in part on a request to perform at least one of a drill-down, drill-up, or pivot.

5. - The system of clause 1, further comprising one or more memories having stored
thereon computer-readable instructions that, upon execution by the one or more computing
nodes, cause the system at least to:

determine the priority for calculating the second value based at least in part on time

elapsed while calculating the second data point.

6. A computer-implemented method for calculating values associated with data points of
an n-dimensional cube, the method comprising:

identifying a dependency between a first data point and a second data point;

determining a priority for calculating the second data point, the priority based at least
in part on information ind\icative of a chance of receiving a request to access the second data
point; and

scheduling a calculation of the second data point based at least in part on the priority

and on a change to the first data point.

7. The computer-implemented method of clause 6, wherein scheduling the calculation of
the second data point comprises sorting the first and second data points based at least in part

on the priority.
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8. The computer-implemented method of clause 6, further comprising:
calculating the chance of receiving the request to access the second data point based at
least in part on receiving information indicative of interaction with at least one of a drill-

down, drill-up, or pivot control.

9. The computer-implemented method of clause 6, further comprising:
calculating the chance of receiving the request to access the second data point based at
least in part on access patterns implied by queries executed against at least one of the n-

dimensional cube or a transactional data source related to the n-dimensional cube.

10.  The computer-implemented method of clause 9, wherein the access pattern comprises

access to an aggregate value.

11.  The computer-implemented method of clause 6, further comprising:
determining the priority for calculating the second data point based at least in part on

a cost of computing the second data point.

12.  The computer-implemented method of clause 6, further comprising:
calculating the second data point based at least in part on receiving the request to

access the second data point.

13.  The computer-implemented method of clause 6, further comprising:
determining that the chance of receiving the request to access the second value is
increased, based at least in part on the first data point being transmitted to a computing device

for display to a user.

14. A non-transitory computer-readable storage medium having stored thereon
instructions that, upon execution by one or more computing devices, cause the one or more
computing devices at least to:

identify a dependency between a first data point and a second data point of an n-

dimensional cube;

-30-



WO 2015/196176 PCT/US2015/036834

determine a priority for calculating the second data point, the priority based at least in
part on information indicative of a chance of receiving a request to access the second data
point; and

schedule a calculation of the second data point based at least in part on the priority

and on a change to the first data point.

15.  The non-transitory computer-readable storage medium of clause 14, comprising
further instructions that, upon execution by the one or more computihg devices, cause the one
or more computing devices to at least:

calculate the chance of receiving the request to access the second data point based at
least in part on receiving information indicative of performing at least one of a drill-down,

drill-up, or pivot operation.

16.  The non-transitory computer-readable storage medium of clause 14, comprising’
further instructions that, upon execution by the one or more computing devices, cause the one
or more computing devices to at least:

calculate the chance of receiving the request to access the second data point based at
least in part on access patterns implied by queries executed against at least one of the n-

dimensiaonal cube or a transactional data source related to the n-dimensional cube.

17.  The non-transitory computer-readable storage medium of clause 16, wherein the
access pattern includes a query processed by at least one of the n-dimensional cube or the
transactional data source related to the n-dimensional cube, the query comprising an

aggregation clause.

18.  The non-transitory computer-readable storage medium of clause 14, comprising
further instructions that, upon execution by the one or more computing devices, cause the one
or more computing devices to at least:

determine the priority for calculating the second data point based at least in part on a

cost of computing the second data point.

19.  The non-transitory computer-readable storage medium of clause 14, comprising
further instructions that, upon execution by the one or more computing devices, cause the one

or more computing devices to at least:
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calculate the second data point based at least in part on receiving the request to access

the second data point.

20,  The non-transitory computer-readable storage medium of clause 14, comprising
further instructions that, upon execution by the one or more computing devices, cause the one .
or more computing devices to at least:

determine that the chance of receiving the request to access the second data point is
increased, based at least in part on the first value being transmitted to a computing device for

display to a user.

21.  The non-transitory computer-readable storage medium of clause 14, comprising
further instructions that, upon execution by the one or more computing devices, cause the one
or more computing devices to at least:

determine to calculate the second data point based at least in part on the priority, the

priority being relative to priorities for calculating other data points in the n-dimensional cube.

22,  The non-transitory computer-readable storage medium of clause 14, comprising
further instructions that, upon execution by the one or more computing devices, cause the one
or more computing devices to at least:

determine to calculate the second data point based at least in part on a security
attribute associated with at least one of the second data point, a dimension, a hierarchy, or the

n-dimensional cube.

[0119] Conditional language used herein, such as, among others, “can,” “could,”
“might,” “may,” “e.g.,” and the like, unless specifically stated otherwise, or otherwise
understood within the context as used, is generally intended to convey that certain
embodiments include, while other embodiments do not include, certain features, elements,
and/or steps. Thus, such conditional language is not generally intended to imply that features,
elements, and/or steps are in any way required for one or more embodiments or that one or
more embodiments necessarily include logic for deciding, with or without author input or
prompting, whether these features, elements, and/or steps are included or are to be performed

in any particular embodiment. The terms “comprising,” “including,” “having,” and the like
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are synonymous and are used inclusively, in an open-ended fashion, and do not exclude
additional elements, features, acts, operations, and so forth. Also, the term “or” is used in its
inclusive sense (and not in its exclusive sense) so that when used, for example, to connect a
list of elements, the term “or” means one, some, or all of the elements in the list.

[0120] While certain example embodiments have been déscribed, these
embodiments have been presented by way of example only, and are not intended to limit the
scope of the inventions disclosed herein. Thus, nothing in the foregoing description is
intended to imply that any particular feature, characteristic, step, module, or block is
necessary or indispensable. Indeed, the novel methods and systems described herein may be
embodied in a variety of other forms; furthermore, various omissions, substitutions, and
changes in the form of the methods and systems described herein may be made without
departing from the spirit of the inventions disclosed herein. The accompanying claims and
their equivalents are intended to cover such forms or modifications as would fall within the

scope and spirit of certain of the inventions disclosed herein.
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CLAIMS
WHAT IS CLAIMED IS:

1. A system for performing data analytics, the system possessing improved scaling
characteristics, the system comprising:

a plurality of computing nodes comprising a first one or more computing nodes and a
second one or more computing nodes, the plurality of computing nodes, when activated,
maintaining a slice of an n-dimensional cube, the slice comprising a hierarchy of data points,
the data points corresponding to intersections of one or more fixed dimensions and one or
more variable dimensions; and |

one or more memories having stored thereon computer-readable instructions that,
upon execution, cause the system at least to:

maintain a first subset of the hierarchy of data points on the first one or more
computing nodes, wherein data points are included in the first subset based at least in
part on a data point of the hierarchy being associated with a first classification of
computational demands; '

maintain a second subset of the hierarchy of data points on the second one or
more computing nodes, wherein data points are included in the second subset based at
least in part on a data point of the hierarchy being associated with a second
classification of computational demands; and

process a first request to access a data point of the hierarchy by processing the
request on the first one or more computing nodes, wherein the first one or more
computing nodes are configured with a scaling mechanism based at least in part on

the first classification of computational demands.

2. The system of claim 1, wherein the first classification is based on a high write
frequency and the scaling mechanism comprises horizontally partitioning data points in the

first subset of the hierarchy among the first one or more computing nodes.

3. The system of claim 1, wherein the first classification is based on a high read
frequency and the scaling mechanism comprises the first one or more computing nodes

including at least one read-only replica of a writeable partition.
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4. The system of claim 1, further comprising one or more memories having stored

thereon computer-readable instructions that, upon execution, cause the system at least to:
classify a region of the hierarchy based at least in part on mapping between a

dimension associated with the hierarchy and one or more computational demands associated

with the dimension.

5. The system of claim 1, further comprising one or more memories having stored
thereon computer-readable instructions that, upon execution, cause the system at least to:
identify a path in the hierarchy based at least in part on a frequency of access for data
points in the path; and
maintain the data points associated with the path in main memory while the

frequency of access is above a threshold level.

6. A computer-implement method for maintaining an n-dimensional cube, the method
comprising:

identifying a subset of a hierarchy of data points in the n-dimensional cube, wherein
the subset is identified based at least in part on a computational demand associated with a
data point in the subset of the hierarchy;

selecting a scaling mechanism based at least in part on the computational demand
associated with the data point; and

maintaining the subset of the hierarchy on at least a first computing node and a second
computing node, wherein the subset of the hierarchy is at least partitioned or replicated
between the first computing node and the second computing node based on the selected

scaling mechanism.

7. The method of claim 6, wherein the scaling mechanism is selected based at least in

part on write frequency being high relative to read frequency.
8. The method of claim 7, further comprising:

horizontally partitioning data points of the subset of the hierarchy between at least the

first computing node and the second computing node.
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9. The method of claim 6, wherein the scaling mechanism is selected based at least in
part on read frequency being high relative to a capacity of the first computing node to
respond to requests to read data in the subset of the hierarchy.
10.  The method of claim 9, further comprising:

replicating at least a portion of the subset of the hierarchy on the second computing
node, wherein the at least a portion of the subset of the hierarchy is maintained on the first
computing node.
11.  The method of claim 6, further comprising:

classifying a region of the hierarchy based at least in part on a mapping between a
dimension associated with the hierarchy and a computational demand associated with the

dimension.

12. The method of claim 6, further comprising:

identifying a path in the hierarchy based at least in part on a frequency of access for
data points in the path; and

maintaining the data points associated with the path in main memory while the

frequency of access is above a threshold level.

13. The method of claim 6, further comprising:
selecting a second scaling mechanism for an additional subset of the hierarchy, based

at least in part on computational demands associated with data points in the additional subset.

14. A system comprising:

a processor; and

a non-transitory computer-readable storage medium having stored thereon instructions
that, upon execution by one or more computing devices, cause the one or more computing
devices at least to:

determine to store a hierarchy of data points on at least a first computing node and a
second computing node;

store a first subset of the hierarchy of data points on the first one or more computing
nodes, wherein data points are included in the first subset based at least in part on a data point

in the hierarchy being associated with a first classification of computational demands; and
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store a second subset of the hierarchy of data points on the second one or more
computing nodes, wherein data points are included in the second subset based at least in part
on a data point in the hierarchy being associated with a second classification of computational

demands.

15.  The system of 14, comprising further instructions that, upon execution by the one or
more computing devices, cause the one or more computing devices to at least:

determine to store a slice of an n-dimensional cube on a plurality of computing nodes
comprising the first computing node and the second computing node, the slice comprising the
hierarchy of data points and additional data points corresponding to intersections of one or

more fixed dimensions and one or more variable dimensions.

-46-



