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Abstract: Online aggregation in the cloud makes it possible to save cost by taking acceptable
approximate early answers. There are critical requirements to support online aggregation in the
cloud, including the statistical methods to support sampling of data and confidence estimation of
approximate results, and the query processing framework to support incremental and continuous
computing of aggregations. In this paper, we propose the system architecture of online aggregation
in the cloud, and survey the existing works in the corresponding area from three aspects. At last,
we give the challenging problems and future work.

Keywords: online aggregation, cloud computing, MapReduce

1. Introduction

As the development of information industry, massive data has been produced in various
applications, which include online transaction data, web access logs, sensor data, scientific data,
etc. According to the IDC white book, Digital Universe will be 35 Zettabytes by 2020[1], we can
say that the age of big data has come. In the specia issue on big data, Nature indicates that
distilling the meaning from big data has never been in such urgent demand[2]. Because of the
volume and variety of big data, the traditional RDBMS is restricted by the scalability and cost
when managing big data. Mean while, cloud data management systems provide highly efficient
and cost effective solutions for massive data analytics, and applications are gradually migrated to
the cloud environment. However, though query processing is hormally paralleled in the cloud, due
to the data volumes involved, it often takes long time for an aggregation query to return the final
results. Since many large-scale aggregation queries are used to get a sketch or “big picture” of the
data, one promising approach to address this problem is online aggregation (OLA)[3], which can
continuously provide “early returns’ with estimated confidence intervals. As more data is
processed, the estimate is progressively refined and the confidence interval is narrowed until the
precise result is produced.

OLA was initially proposed in the area of relation DBMS in 1997[3], and after that many
research findings have been published in the academic area. However, online aggregation has less
commercial impact in DBMS market and there are few commercial RDBM Ss supporting OLA.
Generally speaking, there are two main reasons for the lack of adoption[4]. First, implementing
OLA within a database engine would likely require extensive changes to the database kernel. OLA
requires some sort of statistically quantifiable randomness within the database engine. Since this
would require significant changes to most kernels and would wreak havoc with techniques
widely-implemented by database vendors, vendors and kernel devel opers have justifiably viewed
OLA with suspicion. Secondly, the payment model of RDBMS is “pay-before-you-go”, the goal of
saving human and computer time has never been as compelling as one might think. In the cloud
computing environment, things have changed, and OLA is of more paramount importance due to



the unique characteristics of the cloud. First, the payment model of cloud computing is
“pay-as-you-go”, users just pay for what they consume. Reducing query processing time will lead
to immediate saving of cost, for example, obtaining a result with 95% confidence level in much
less time could be very attractive. Secondly, queries in the cloud is always composed of many
subtasks executing on different nodes, OLA could help to increase the parallelism degree and
resource utilization by processing parallel subtasks in online mode. Thirdly, OLA could reduce or
eliminate performance bottleneck due to dowest nodes. Since the cloud is typicaly a
heterogeneous environment consisting of many nodes with diverse hardware setup and
performance[5], users waiting time of a query is significantly influenced by the sub-task in the
slowest node. In an OLA system, the data flow between sub-tasks is pipelined and the estimate
result is refined continuously, thus the performance “tail” effect could be aleviated or eliminated.

Though online aggregation techniques have been extensively studied for single-site relational
database, there are many challenges to adapt them to the cloud. First of all, the distributed
environment of the cloud brings up the problems of processing concurrency, data distribution, data
skew and other issues that must be accounted for during query processing and statistical
computing. In particular, for aggregations over joining results of multiple tables in such
environment, how to process the queries in online mode to minimize the time until an estimate is
obtained with acceptable precision requires sophisticated considerations. In addition, data in the
cloud is typically organized and processed in blocks, which could be thousands times larger than
those in traditional file systemg[6,7]. During the statistics estimate procedure in OLA,
uniform-random sampling is of theoretical significance. However, taking a uniform-random
sample can be inefficient for distributed data in such organization. For example, if datais blocked
on an attribute associated with the aggregation, in the worst case scenario, every sampling step can
be no faster than a full scan of the data. To effectively build statistical estimators with blocked
data, amajor challenge is to guarantee the accuracy of the estimators while leveraging sampling as
efficiently as possible. Last but not least, the typical batch processing mode of the cloud does not
match the requirements of online aggregation processing, where “early returns’ are generated
before all the data is processed. For example, for MapReduce[ 8], the entire output of each map
and reduce task is materialized to a local file before it can be consumed by the next stage. The
operators cannot begin until their precursor operators finish.

Motivated by the requirements and challenges, we propose a system architecture for online
aggregation in the cloud. Based on the system architecture, we survey the research work from the
following aspects: the online processing of aggregate queries, the estimate of query progress, and
the statistical information collection. The rest of this paper is organized as follows. In Section2,
we give the framework of online processing of aggregations in the cloud. In Section3, we
summarize and compare the key techniques of online aggregation from three aspects. Section4
discusses the open challenging problems of online aggregation in the cloud, followed by the
conclusions.

2. Framework of OLA inthe Cloud

Two mgjor challenges of online aggregation in the cloud are: how to produce incremental and
continuous aggregation computing to provide early returns in cloud computing architecture, and
how to provide effective sampling and estimation of confidence of early returned results.
Implementing online aggregation in the cloud requires extensions to the traditional MapReduce



framework due to the mismatch of the requirements of online aggregation and the distributed
computing mode of MapReduce. First, online aggregation needs to provide “early returns’, so it
requires that the intermediate results of al operators should be pipelined during the query
processing. However, the traditional MapReduce framework is batch-oriented, which means that a
consuming operator cannot begin its function until its producing operators finish. HOP[9] is a
modified version of the Hadoop MapReduce framework to alow data to be pipelined within a
MapReduce job and between jobs, and it provides a foundation platform for OLA in the cloud.
Secondly, in order to make efficient estimates, the online queries should process sample data
instead of sequential data stream from data nodes. So efficient sampling module should be
designed in the framework of OLA in the cloud.

Based on the requirements of implementing online aggregation in the cloud and the
characterigtics of cloud computing, we propose a system architecture for OLA in the cloud, which
is depicted in Figurel. There are five modules in the architecture: Front-End Interface, Query
Processing Module, OLA Processing Module, Data Storage Module and Service Management
Module. Every module is responsible for its special functions.
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Figurel. The Architecture of OLA in the cloud

Front-End Interface: This module provides both SQL interface and shell interface for the

users, so users can input SQL commands and MapReduce shells. They can also set the
parameters of OLA through the interface, such as confidence interval, update frequency, etc.
The estimate results are displayed to the users.

Query Processing Module: This module receives the SQL commands from the upper layer,

it conducts the SQL parsing and logical optimization on the query commands, and generates
the query execution plan. Then the online processing is executed on the execution plan to

make it support

online aggregation.



® OLA Processing Module: The online aggregation is processed in this module, which
contains three sub-modules. Online Aggregation, Query Progress Estimate and Query
Optimization. The online aggregation module conducts result estimate and confidence
interval computing on the sampled data. And the other two sub-modules provide basic
support: the query optimization conducts online optimization on the execution plan
composed of MapReduce DAG, and the query progress estimate module provides the
remaining time of query.

® Data Storage Module: This module is responsible for distributed data storage, it provides
the sampling APl and query execution API for the upper layer. It also supports the following
features of data storage: replication, paralelism, fault tolerance, key partitioning and
synchronization.

® Service Management Module: The service management module is responsible for metadata
management, operation management and system monitor. The metadata includes the table
schema information and the data distribution information used for logical optimization. It
aso gathers monitoring information such as resource provision, system hedth, data
deployment, etc.

The OLA processing module contains the core techniques for online aggregation in the cloud.

This key module contains three sub-modules, and in the following of this paper, we survey the

related work from these three aspects.

3. Key Techniques

Based on the system architecture of online aggregation in the cloud, we can see that there are
three main problems in the area: online processing of aggregate queries in the cloud, estimating
the progress of queries in the cloud, and collecting statistical information of data distribution.
These problems are studied to different degrees, in this section we summarize and analyze the
existing works.

3.1 Processing of Online Aggregation

Online aggregation was first proposed in the in 1997[3], which focused on single-table queries
involving “group by” aggregations. After that extensive studies are conducted in the field of online
aggregation in relational DBMS, nowadays, with the development of cloud computing, OLA
emerges as a new research area for the cloud and is of more paramount importance due to the
unique characteristics of the cloud. In this section, we surveyed the related work from relational
DBMS and cloud-based DBMS respectively.

3.1.1 OLAInRDBMS

According to the system architecture in Figurel, there are three parts in the module of online
aggregation processing: data sampling, result estimate and confidence interval computing. The
data sampling mechanism is very important for online aggregation, and it also determines the
algorithms of computing confidence interval. We summarize the existing works of OLA in
RDBMS from two aspects: the sampling mechanism and aggregation type, which is shown in
Figure2. The uniform sampling adopts tuple as the sampling unit and it guarantees that the
possibility of every tuple to be selected is equal, which is called simple random sample in the
statistical terms. Tuple-level sampling provides true uniform-randomness, which is the basis of
many approximate algorithms. The initial works of OLA focus on the online query processing and



the statistical computing, they adopt uniform random sampling[3,10]. However, the uniform
random sampling can be very expensive because data is always clustered by blocks or pages.
Many researchers study the complex sampling mechanism. [11] analyzed the impact of
block-level sampling on statistic estimation for histogram construct and distinct-value estimate,
and the authors also devel oped the corresponding statistical estimators with block-level samplings.
[12] provided a bi-level sampling scheme that combines the rowlevel and page-level sampling
methods. In the field of distributed DBMS, there is also some existing work. [13] compared the
accuracy and efficiency of different sampling methods for query size estimation in the parallel
DBMS: stratified random sampling and simple random sampling with the unit of row-level and
page-level.

The online aggregation on joined tables is much more difficult than single tables. [14]
presented a family of join agorithms called ripple joins based on the traditional block
nested-loops and hash joins, which are designed to minimize the time until an acceptably precise
estimate result is available. [15] extended the origina ripple joins to speed up the convergence by
paralelizing the query processing and sampling, however, it could not provide statistical
guarantee when the exact data distribution is unknown or the memory overflows. In order to make
guery estimate and maintain probabilistic confidence bounds no matter whether the inputs fit in
memory or not, [16] combined the traditional sort-merge join and ripple join agorithms, and the
authors added a shrink phase to the query processing which runs concurrently with the merge
phase to update the estimate result and the confidence interval. Wu et a. extended the online
aggregation to the distributed environment which is maintained in a distributed hash table network

[17].
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Figure2. OLA in RDBMS
3.1.20LA intheCloud

Nowadays, online aggregation is renewed in the context of cloud computing, and some studies
have been conducted based on MapReduce[4,9,18]. [9] pipelined the MapReduce processing of
Hadoop and proposed a system called Hadoop Online Prototye(HOP), which allows posterior
operators consume the output of precursor operators before the precursor operators complete. HOP
can provide the origina snapshots of the MapReduce jobs at data dependent intervals, and it
supported OLA by scaling up the snapshots with the job progress without any confidence bounds
of the query estimate. [18] provides another platform for online processing of MapReduce through
memory sharing, it also provides incremental computing during the processing. The framework
proposed in [18] focuses on operations with iterative computing, such as the principal component



analysis, k-means, etc. However, the scalability is limited because of the shared-memory
architecture. Pansare et al implements OLA over MapReduce based on Bayesian framework[4].
The authors considered the correlation between aggregate value of each block and the processing
time, so they took into account the scheduling time and processing time of each block as observed
data during the estimate processing. This paper focused on single table’'s aggregate query
containing one MapReduce job, without considering aggregate queries over join results of
multiple tables, which contains severa MapReduce jobs.

Tablel. OLA in the cloud

Existing Work Sampling Statistical Aggregation Pros& Cons
M echanism Theory Type
HOP[9] Sequential null singletable | Pros: Providesthe platform for OLA
Reading multi-tables | Cons. Returns the snapshots directly
without result estimate and confidence
interval
Incremental Data Sequential cross-validation iterative Pros: Provides the platform for iterative
Mining with Reading aggregation | computing with simple architecture
MR[18] Cons. The architecture is non-scalable,

the convergence estimation is not

accurate asinterval

OLA over MR[4] Uniform Bayesian singletable | Pros: Provide result estimate and
Random confidence interval for single table
aggregations

Cons. Does not support aggregations

requiring multiple Mapreduce jobs

3.2 Estimating the Progress of Queriesin the Cloud

In this section, we also summarize the woks from two areas. First is the area of estimating the
progress of SQL queries on single-node DBMS. [19] separates a SQL query plan into pipelined
segments, which is defined by blocking operators. The query progress is measured in terms of the
percentage of input processed by each of these segments. Its sub-sequent work [20] widens the
class of SQL queries the estimator supports, and it increases the estimate accuracy by defining
segments at a finer granularity. [21] decomposes a query plan into a number of pipelines, and
computes the query progress through the total number of getnext() calls made over all operators.
[22] characterize the query progress estimation problem introduced in [19] and [21] so as to
understand what the important parameters are and under what situations we can expect to have a
robust estimation of such progress. The work of this area focuses on partitioning a complex query
plan into segments(pipelines) and collecting the statistics on cardinality information to compute
the query progress. These techniques are helpful for estimating the progress of queries running on
a single node. However, they do not account for the challenges brought by query parallelization,
such as parallelism and data distribution.

In the area of cloud computing, there also exists initiad work for progress estimate of
MapReduce jobs. We can classify the related work into two categories: estimating the progress of



tasks during one MapReduce job, and estimating the progress of MapReduce pipelines. Estimating
the query progress in the cloud has to face several challenging problems because of the
characterigtics of cloud. We list the challenging problems in Table2, and summarize the existing
work in this area. [5] estimates the time left for a task based on the progress score provided by
Hadoop. This paper focuses on task scheduling in MapReduce based on the longest approximate
time to end of every task, so it orders the task by their remaining times. It computes the progress
rate through the progress score and the elapsed time of the task execution, and computes the
remaining time of atask based on the progress rate. [5] provides a method to estimate the progress
of a MapReduce task, however, there are also several chalenges to estimate the progress of
MapReduce jobs and MapReduce DAGs. Parallax[23] estimates the progress of queries trandated
into sequences of MapReduce jobs. It breaks a MapReduce job into pipelines, which are groups of
interconnected operators that execute simultaneously. Parallax estimates the remaining time by
summing the expected remaining time across all pipelines. It addresses the chalenges of
paralelism and variable execution speeds, without considering concurrent workloads.
ParaTimer[24] extends Parallax to estimate queries trandlated into MapReduce DAGs. It estimates
the progress of concurrent workloads through a critical path based on task rounds, which works
well in a homogeneous environment. ParaTimer handles task failure through comprehensive
estimation, which provides an upper bound on the query time in case of failure. However,
ParaTimer assumes only one worst-case failure before the end of the execution, and it has to
repeat al the steps in the estimate algorithm to adjust to failures. It may become inefficient when
failures are very common, which is one characterigtic of cloud. None of the above work handles
heterogeneity in the estimation, which is also an important characteristic of cloud.

Table2. Progress Estimate in the Cloud

Task Variable | Concurrent | Data Cluster Task Node | Cluster
Parallelism | Speed | Workloads | Skew | Heterogeneity | Failure | Failure | Scale
LATE[5] N N N N N N N Y
Parallex[23] Y Y N N N N N
ParaTimer[24] Y Y Y Y N N N N

3.3 Coallecting Statistical Information

The optimization of online query processing is of great importance for OLA in the cloud, which
focuses on minimizing the time until an acceptably precise estimate of the query result is available.
Summary of data distribution and statistical information provide fundamental reference to support
guery optimization, and histograms are of particular interest. First of al, histograms provide
reference information for selecting the most efficient query execution plan. A large fraction of
gueries in the cloud are implemented in MapReduce[8], which integrates parallelism, scalability,
fault tolerance and load balance into a simple framework. For a given query, there are always
different execution plans in MapReduce. For example, in order to conduct log processing which
joins the reference table and log table, [25] proposed four different MapReduce execution plans
applicable to different data distributions. However, how to select the most efficient execution plan
adaptively is not addressed, and histogram can offer great guidance to this problem. Secondly,



histograms contain basic statistics useful for load balancing. Load balance is crucia to the
performance of query in the cloud, which is aways processed in paralel. In the processing
framework of MapReduce, output results of the mappers are partitioned to different reducers by
hashing their keys. If data skew on the key is obvious, then load imbalance is brought into the
reducers and consequently results in degraded query performance. Histograms constructed on the
partition key help to design the hash function to guarantee load balance. Thirdly, in the processing
of joins, summarizing the data distribution in histogram is useful for reducing the data
transmission cost, which is one of the scarce resources in the cloud. Utilizing the histogram
constructed on join key can help prevent sending the tuples that do not satisfy the join predicate to
the same node[26]. In this section, we summarize the related work of histogram estimate in the
cloud.

[27] surveyed the history of histogram and its comprehensive applications in the data
management systems. There are different kinds of histograms based on the constructing way, [28]
conducted a systematic study of various histograms and their properties. Constructing the
approximate histogram based on sampled data is an efficient way to reflect the data distribution
and summarize the contents of large tables, it's proposed in [29] and studied extensively in the
field of single-node data management systems. The key problem has to be solved when
constructing approximate histogram is to determine the required sample size based on the desired
estimation error. We can classify the works into two categories by the sampling mechanisms.
Approaches in the first category adopted uniform random sampling[30-32], which samples the
data with tuple level. [30] focused on sampling-based approach for incremental maintenance of
approximate histograms, and it also computed the bound of required sample size based on a
uniform random sample of the tuples in arelation. Surgjit et al. further discussed the relationship
of sample size and desired error in equi-depth histogram, they proposed a stronger bound which
lends to ease of use[31]. [32] discussed how to adapt the analysis of [31] to other kinds of
histograms. The above approaches assumed uniform random sampling. Approaches of the second
category constructed histograms through block-level sampling[11,31]. [31] adopted an iterative
cross-validation based approach to estimate the histogram with specified error, the sample size
was doubled once the estimate result didn’'t arrive at the desired accuracy. [11] proposed a
two-phase sampling method based on cross-validation, in which the sample size required was
determined based on the initial statistical information of the first phase. This approach reduced the
number of iterations to compute the final sample size, and consequently processing overhead.
However, the tuples it sampled may be bigger than the required sample size because
cross-validation requires additional data to compute the error. All the above techniques focus on
histogram estimating in the single-node DBM S, adapting them to the cloud environment requires
sophisticated considerations.

There is less work on constructing the histogram in the cloud. Authors of [33] focused on
processing theta-joins in the MapReduce framework, they adopted the histogram built on join key
to find the "empty" regions in the matrix of the cartesian product. The histogram on the join key
was built by scanning the whole table, which is expensive for big data. Authors of [34] proposed a
method for constructing approximate wavelet histograms over the MapReduce framework.
Approach of this paper retrieved tuples from every block randomly and sent the outputs of
mappers at certain probability, which aimed to provide unbiased estimate for wavelet histograms
and reduce the communication cost. The number of map tasks is not reduced because al the



blocks have to be processed, and the sum of start time of al the map tasks cannot be ignored.
Though block locality is considered during the task scheduling of MapReduce framework, there
exist blocks that have to be transferred from remote node to the mapper processing node, we
believe there is room to reduce this data transmission cost. [35] proposed the histogram estimator
called HEDC, which focused on estimating the equi-width histograms of data in the cloud through
an extended MapReduce framework. HEDC adopts a two-phase sampling mechanism to leverage
the sampling efficiency and estimate accuracy, and constructs the approximate histogram with
desired accuracy.

Table3. Histogram Estimators for Datain the Cloud

Histogram Construct Sampling Histogram Pros& Cons
in the Cloud M echanism Type

Histogram estimator for | Uniform Random | Equi-Depth | Pros: Easy to implement the estimator.
theta-joins[33] Sampling Histogram | Cons. Sampling mechanism is not efficient; Do

not provide the error bound.

Wavelet histogram Uniform Random Wavelet Pros: Provide unbiased estimate of the histogram

estimator[34] Sampling Histogram | and reduce the communication cost.
Cons: Number of map tasksis not reduced.
HEDCJ[35] Two-phase Equi-Width | Pros: Provide sampling mechanism to leverage
Sampling Histogram | the sampling efficiency and bound the error.

Cons: The equi-width histogram is used less than
equi-depth histogram.

4. Future Work

Online aggregation emerges as a new research area for the cloud and is of paramount
importance due to the unique characteristics of the cloud. In this paper, we propose the
architecture of OLA in the cloud and survey the existing works. Generally speaking, the research
onthisareaisat early stages, there exist several challenging problems:

(1) Online Query Processing Optimization: The optimization of traditional offline queries
focuses on minimizing the time until the time to completion of the query, while the
optimization of online queries focuses on minimizing the time until a precise estimate of
the query result is available. The existing work focuses on the processing optimization,
which includes the scheduling optimization, the incremental computing, data placement,
parameter setting, etc[36-39]. However, al the optimizations are based on rules, we believe
that optimizing based on cost is more significant and challenging.

(2) Flexible Sampling Mechanism: Sampling is an important part of online aggregation.
Because of the characteristics of data organization in the cloud, the sampling mechanism of
OLA in the cloud is different from that of relational DBMS. The existing work in the area
aways conducts simple random sampling, which can be inefficient in the cloud
environment. How to design efficient sampling mechanisms for different aggregation types
is of great significance for online aggregation in the cloud.

(3) Online Processing of Complex Aggregations. The exiting work of OLA in the cloud
provides solutions for simple aggregations, which contain only one MapReduce job.



However, there are many complex aggregations such as aggregations over multiple joined
tables, top-k queries, etc, which contain severa MapRedcue jobs. The online processing of
the complex aggregations is more challenging.

5. Conclusions

Cloud-based data management systems are emerging as scalable, fault-tolerant, and efficient
solutions to manage large volumes of data with cost effective infrastructures, and more and more
data analysis applications are migrated to the cloud. As an attractive solution to provide a quick
sketch of massive data before a long wait of the final accurate query result, online processing of
aggregate queries in the cloud is of paramount importance. In this paper, we propose the system
architecture of online aggregation in the cloud, and surveyed the existing work based on the
architecture from three aspects. Generally speaking, the research of online aggregation in the
cloudisat theinitial stage, it brings both opportunities and challenges for researchers.
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