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Abstract

function map(LogEntry, output):
output.collect(LogEntry.Country, 1);

MapReduce is a cost-effective way to achieve scalable performance for many log-processing workloads. These workloads typically process their entire dataset. MapReduce can
be inefficient, however, when handling business-oriented
workloads, especially when these workloads access only a
subset of the data.
HadoopToSQL seeks to improve MapReduce performance for the latter class of workloads by transforming
MapReduce queries to use the indexing, aggregation and
grouping features provided by SQL databases. It statically
analyzes the computation performed by the MapReduce
queries. The static analysis uses symbolic execution to derive preconditions and postconditions for the map and reduce
functions. It then uses this information either to generate input restrictions, which avoid scanning the entire dataset, or
to generate equivalent SQL queries, which take advantage
of SQL grouping and aggregation features.
We demonstrate the performance of MapReduce queries,
when optimized by HadoopToSQL, by both single-node and
cluster experiments. HadoopToSQL always improves performance over MapReduce and approximates that of handwritten SQL.

function reduce(Country, Iterator, output)
int sum = 0;
loop:
if !Iterator.hasNext() goto end
Iterator.next();
sum += 1;
goto loop
end:
output.collect(Country, sum);
Figure 1. Pseudocode for a MapReduce query that counts
the LogEntries for each country.
SELECT A.Country, COUNT(*)
FROM LogEntry A
GROUP BY A.Country
Figure 2. HadoopToSQL is able to analyze the MapReduce
query from Figure 1 and generate this equivalent SQL query.

Categories and Subject Descriptors H.2.4 [Database Management]: Systems—Parallel databases, query processing

fault tolerance, data transfer, and data partitioning. With its
increasing popularity, MapReduce has moved from its traditional roots in log-processing to new workloads such as scientific computing [4] and business decision support systems
[12]. Programmers have also started using the MapReduce
abstraction with storage engines other than cluster file systems [3]. When used in these new contexts, MapReduce has
had difficulty taking advantage of potential efficiencies inherent in these new workloads and storage engines [15]. For
example, a decision support application might focus on certain subsets of a dataset only. If MapReduce is used with a
storage engine that supports features such as indexing or aggregation, the decision support workload can be significantly
accelerated by making use of these storage engine features.
HadoopToSQL optimizes MapReduce queries to take advantage of advanced storage engines. It operates on MapReduce queries written for the Hadoop [2] open-source MapReduce implementation. Hadoop queries are written using nor-

General Terms Languages, Performance

1.

Introduction

Programmers are increasingly using MapReduce [5] for performing queries over large datasets. MapReduce transparently handles many of the difficulties of processing data on
clusters of commodity hardware, including issues such as
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function map(key1, value1) : (key2, value2)*
function reduce(key2, value2*) : (key3, value3)*

mal Java code. Since this code may contain arbitrary computation, optimizing it can be particularly difficult. HadoopToSQL uses static analysis algorithms based on symbolic
execution to understand the meaning of these queries. In certain cases, the static analysis performed by HadoopToSQL
is powerful enough to translate a MapReduce query entirely
to SQL. For example, the MapReduce query in Figure 1 can
be translated to the equivalent SQL query in Figure 2. If
HadoopToSQL is not capable of generating an equivalent
SQL query, it tries to find input restrictions for the query
so that the query can take advantage of indexing features
of SQL storage engines. HadoopToSQL is notable in that
it can optimize MapReduce queries directly as opposed to
requiring programmers to write queries in a higher-level
query language that is then translated down to MapReduce
[1, 14, 21].
By making it possible to run MapReduce code efficiently
on SQL databases, HadoopToSQL extends the usefulness
of MapReduce to business-oriented workloads where traditional databases still dominate. The greater efficiency
of MapReduce when using advanced storage engines also
means that MapReduce can be used in single-server settings
where it cannot use scalability in order to achieve reasonable
performance.
This paper makes the following research contributions:

foreach (key1, value1) in dataset
temp.addAll(map(key1, value1))
temp.sort()
foreach (key2) in temp.keys()
result.addAll(reduce(key2, temp[key2]))

Figure 3. A conceptual view of how a MapReduce query is
executed.
saved as the result of the query. Figure 3 shows a conceptual view of how a MapReduce query is executed. Typically,
programmers write the code for these two functions using a
conventional imperative programming language.
MapReduce is popular because it provides a powerful yet
simple-to-understand abstraction that hides many of the difficulties of performing queries on large computer clusters
such as dealing with inter-machine communication bottlenecks and machine failure. In practice, MapReduce queries
scale well to giant datasets stored across large machine clusters. Since MapReduce is designed to handle failure-prone
hardware, it works well with clusters built using commodity hardware, hence providing excellent scalability to large
datasets at a reasonable cost.
It is possible to use a traditional declarative query language like SQL or Hive for the same domain [15, 20]. However, queries that need to perform complex computation are
ill-suited for declarative query languages but are easily expressed in MapReduce. MapReduce programs are written
in conventional imperative programming languages such as
Java. Therefore, it is easy to include arbitrary computation
such as a complicated AI classifier or mathematical computation. Such computation cannot be expressed directly in
declarative query languages but must be programmed externally and then imported into the query language using userdefined functions and stored procedures.
In the research literature, MapReduce has traditionally
been used within the context of log-processing workloads
[14, 17]. For example, a MapReduce query needs to examine all the log entries of visits to a website to find the most
popular web pages on that site. Since these workloads typically require that every record in a dataset be examined,
MapReduce is usually paired with a basic cluster file system as a storage engine. All record entries can then easily be
streamed off the file system and into the map function.
There are workloads, though, that access only subsets of
a dataset. For example, a business might want to analyze
their sales in a certain region within a specific date range.
For these workloads, streaming through every record in a
dataset is extremely inefficient. Indexing the dataset in advance and then using the index to restrict which records are
examined is potentially much faster and more efficient. In
order to support this possibility, MapReduce needs to be

• We present algorithms for analyzing and understanding

MapReduce code.
• We show how this understanding can be used to enhance

their performance when used with an advanced storage
engine.
• We have implemented and evaluated these algorithms to

demonstrate the performance benefits of our approach.
Section 2 provides a more detailed explanation of the motivation behind this paper. In Section 3, we describe the main
algorithms used by HadoopToSQL. Section 4 provides more
details about the implementation of HadoopToSQL. We
evaluate the behavior and performance of HadoopToSQL
in Section 5. Then Section 6 discusses related work. Finally,
we describe possible extensions to HadoopToSQL in Section
7, and we conclude in Section 8.

2.

Background and Motivation

MapReduce is a data processing model designed primarily
for large clusters of machines. In a MapReduce cluster, all
data is stored as (key, value) pairs. There may be multiple
values per key. To perform a query across this data, programmers must define two functions: map and reduce. In
Hadoop, map functions take a (key, value) pair as input and
output zero or more new (key, value) pairs. Then, the system
sorts these new (key, value) pairs. For each key, all the values that correspond to that key are passed as input to the reduce function, which then generates zero or more new (key,
value) pairs as output. The final set of (key, value) pairs is
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3.1

run using an advanced storage engine that supports indexing, and MapReduce queries need to be analyzed in order to
extract information about the subset being accessed.
This analysis is not straight-forward because MapReduce
supports arbitrary computation in its map and reduce functions. As a result, any MapReduce query optimizer must be
able to analyze arbitrary code in order to extract possible optimizations. HadoopToSQL is designed to optimize Hadoop
MapReduce code, in which map and reduce functions are
expressed using Java. Since there are at present no advanced
storage engines purpose-built for MapReduce, we have targeted our optimizations towards an SQL storage engine.
There already exist possible scenarios where programmers may want to run MapReduce on top of SQL databases.
For example, some firms horizontally partition large SQL
datasets across many small commodity machines [16]. In
such a configuration, queries that access data on only a single
machine are fast, but more complex queries that aggregate
data across the machines require the use of a distributed SQL
database [8, 15] or distributed middleware layer [18, 19].
These firms may choose to use MapReduce for this purpose.
Even if a company has an SQL database that fits entirely
on a single server, it might decide to write its queries using
MapReduce if it believes it will eventually build a MapReduce cluster for data warehousing.
Ultimately, though, HadoopToSQL targets SQL storage
engines because they are readily available. The main purpose of HadoopToSQL is to demonstrate that static analysis
can be used to better understand MapReduce queries. This
understanding can enable performance optimizations for any
advanced storage engine.

3.

Input Set Restrictions in the Map Function

Since database queries tend to be very data-intensive, one
of the most important optimizations that can be performed
is to reduce the amount of data that needs to be processed.
MapReduce queries that operate on only a subset of a dataset
can be greatly optimized if HadoopToSQL is able to extract
the shape of this subset from the query code and apply this
shape as a constraint on the input set of the queries. For
example, given a database of a company’s sales, a query
that analyzes the sales of a certain region only needs to be
supplied with data from that region.
Conceptually, HadoopToSQL’s algorithm for finding input set restrictions works by tracing through different possible execution paths of the map function. As HadoopToSQL
follows the paths of these traces, it records the constraints on
variables that need to hold for each trace to occur. If a trace
does not result in output being generated, then the trace is ignored. If a trace does result in output being generated, then
the input constraints that trigger the trace are included in the
input set. There can also be traces that HadoopToSQL cannot
fully analyze such as traces with calls to unknown methods.
When faced with such imprecise knowledge, HadoopToSQL
must make the conservative assumption that this trace generates output. As such, the input constraints that trigger the
trace are also included in the input set. The resulting restrictions are not “tight” but do not exclude any data unintentionally.
HadoopToSQL generates these traces by performing a
depth-first walk of all paths through the control flow graph
of the map function, starting at the entry point and ending at the function exit. It stops traversing along a path
upon encountering a loop (which can lead to infinitely long
paths) or a statement with unknown side-effects. It then labels that path as not fully analyzable. Statements with unknown side-effects include essentially all method calls, but
HadoopToSQL knows about common methods with no sideeffects like String.equals(), methods of automatically
generated entity objects, and methods that are necessary for
MapReduce such as Output.collect(). This approach to
path traversal leads to HadoopToSQL being most effective
at finding input constraints in programs that filter their input
as early as possible.
To calculate the constraints on variables that need to hold
for a trace to occur, HadoopToSQL uses symbolic execution
to calculate the preconditions and postconditions of executing the statements of a path. Essentially, each branch on a
path becomes a precondition of the path, and each method
call and variable assignment to a non-local variable becomes
a postcondition. For each path that might generate output,
HadoopToSQL takes the various preconditions of the path
and creates a single precondition expression for the path by
ANDing them together. This expression describes the input
that trigger the execution of the path. HadoopToSQL then
takes these expressions for each path and ORs them all to-

Transformations

The key innovation in HadoopToSQL is a static analysis
component that uses symbolic execution to analyze the Java
code of a MapReduce query. It transforms queries to make
use of SQL’s indexing, aggregation, and grouping features.
HadoopToSQL offers two algorithms that generate SQL
code from MapReduce queries. One algorithm can extract
input set restrictions from MapReduce queries, and the other
can translate entire MapReduce queries into equivalent SQL
queries. Both are intra-procedural algorithms. They function
by finding all control flow paths through map and reduce
functions, using symbolic execution to determine the behavior of each path, and then mapping this behavior onto
possible SQL queries. HadoopToSQL analyzes all MapReduce queries using both techniques. Since translating entire queries into SQL offers more performance benefits than
simply finding input set restrictions, that optimization is preferred if both can be applied to a particular query. If none
are applicable, then the query is run without optimization.
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Path 1 Preconditions:
Sale.Region() != "East"
Sale.Region() == "North"

function map(Sale, Output):
if Sale.Region() == "East" goto end
if Sale.Region() != "North" goto output
Classification = classify(Sale)
if Classification.Size() <= 5 goto end
output:
Output.collect(
Classification.SalesCategory(), Sale)
end:
return

Path 1 Postconditions:
Sale.Region()
(traversal aborted)
Path 2 Preconditions:
Sale.Region() != "East"
Sale.Region() != "North"

Figure 4. Pseudocode of a map function that analyzes the
sales in a certain region.

Path 2 Postconditions:
Sale.Region()
Output.collect(
Classification.SalesCategory(), Sale)

Path 1:
if Sale.Region() == "East"
(branch not taken)
if Sale.Region() != "North"
(branch not taken)
Classification = classify(Sale) (path traversal
aborted)

Path 3 Preconditions:
Sale.Region() == "East"

Path 2:
if Sale.Region() == "East"
(branch not taken)
if Sale.Region() != "North"
(branch is taken)
goto output
Output.collect(
Classification.SalesCategory(),
Sale)
Path 3:
if Sale.Region() == "East"
goto end

Path 3 Postconditions:
Sale.Region()
(exit function)
Figure 6. By using symbolic execution, HadoopToSQL is
able to determine the preconditions and postconditions of
executing each path through the code.

(branch is taken)

Path 1 Precondition Expression:
Sale.Region() != "East"
AND Sale.Region() == "North"

Figure 5. HadoopToSQL finds three paths through the map
function.

Path 2 Precondition Expression:
Sale.Region() != "East"
AND Sale.Region() != "North"

gether. This results in a boolean expression that can be used
to restrict the input set to the query.
Figure 4 shows an example map function, which will
be used to illustrate how the input set restriction algorithm
works. The function includes a call to a classify() method
that potentially contains a complicated algorithm for classifying sales into different categories and sizes. HadoopToSQL first enumerates all paths through the method, truncating paths that include the classify() method since the
method has unknown side-effects (Figure 5).
HadoopToSQL then uses symbolic execution on each
path to determine the preconditions and postconditions of
each path. Figure 6 shows the preconditions and postconditions of the two paths from Figure 5.
HadoopToSQL knows that the method Sale.Region()
has no side-effects because it is an accessor method of an
automatically generated entity object. It can thus determine
that path 3 does not generate output, that path 2 obviously
does generate output, and that path 1 is not fully analyzable.
As a result, it uses the input constraints of path 1 and path 2
to generate input set restrictions for the query. The individual

Final Boolean Expression:
(Sale.Region() != "East"
AND Sale.Region() == "North")
OR (Sale.Region() != "East"
AND Sale.Region() != "North")
Figure 7. From the preconditions of each path, HadoopToSQL is able to derive a boolean expression describing the
input set restrictions.
preconditions of each path are ANDed together to form input
constraints for the path. These expressions are then ORed together, resulting in the final input set restrictions, which may
contain redundant terms (Figure 7). The code for reading
data into the map function can then be modified to include
a WHERE clause with these input set constraints (Figure 8).
Although the final WHERE clause may be amenable to further simplification, this task is left to the SQL query engine.
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• The function can create and modify only local variables.

ResultSet rs = execute(
"SELECT * FROM Sale A"
+ " WHERE (A.Region <> ’East’ "
+ "
AND A.Region = ’North’)"
+ "
OR (A.Region <> ’East’ "
+ "
AND A.Region <> ’North’)";
while (rs.next())
Sale s = new Sale(rs);
apply map to s

These variable must have types that are compatible with
SQL.
• The reduce function should either be the identity func-

tion, or it should iterate over its input values and compute
some sort of aggregation that is compatible with SQL.

Figure 8. Pseudocode for how the input set constraint appears in the WHERE clause of an SQL query for feeding
data into a map function.
3.2

Complete Translation to SQL

HadoopToSQL’s second transformation algorithm can translate entire MapReduce queries into a single SQL query. Such
a query can be more efficient than a normal MapReduce
query by reading only the fields of a record that are used by
the query. It can also make use of aggregation optimizations
in SQL databases. For example, a query might divide its
data into a large number of categories based on whether the
value of a field fits within certain ranges. It might then calculate aggregates for each category. If a database has sorted
its dataset by the same field, it can calculate these aggregates with a single pass through the data. Finally, a query
that is fully translated to SQL can also make use of input
constraints.
Unfortunately, since the query model supported by MapReduce cannot be mapped directly onto the SQL query model,
this transformation is only feasible for certain classes of
MapReduce queries. HadoopToSQL can only translate MapReduce queries fulfilling these general properties into SQL
queries:
For the map function:
• Any execution of the map function can emit at most one

(key, value) pair.
• The function can make arbitrary use of if statements but

it cannot contain any loops.
• The function can only use operators and functions that

exist in SQL.
• The function can create and modify only local variables.

These variables must have types that are compatible with
SQL.
For the reduce function:
• The reduce function must emit exactly one (key, value)

pair.
• The (key, value) pair output by the function must use

same key that is used for its input (key, value) pairs.
• The function can only use operators and functions that

exist in SQL.
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Most of these properties are the result of the inherent
restrictions of the SQL query syntax and are not due to
inflexibility in the transformation algorithm. For example,
an SQL query can output at most one output row for each
input row processed, so for a map function to be translated
into an SQL query, it too can only output at most one (key,
value) pair for each input (key, value) pair.
Conceptually, the transformation that HadoopToSQL performs is that it tries to fill in a stencil of a SELECT. . . FROM. . . WHERE. . . GROUP BY query based on the behavior of the map and reduce functions. HadoopToSQL extracts an input restriction from the map function, and uses
it as the WHERE clause of the SQL query. The (key, value)
pair generated by the map function is used as the SELECT
clause of the SQL query. If the reduce function calculates an
aggregation, then a GROUP BY clause is added to the query
with a grouping based on the key, and the SELECT clause is
modified to aggregate the values computed in the map.
The analysis of the map function is performed using the
same method as described in Section 3.1, but HadoopToSQL
needs to fully understand the behavior of the code instead of
merely calculating a conservative approximation. Once the
map code is broken up into paths and after the preconditions
and postconditions have been calculated through symbolic
execution, HadoopToSQL can use the path preconditions to
compute an expression for the WHERE clause. There should
be no ambiguous operations in the preconditions, so the resulting input set restrictions are exact. Since the data being
output by the map function are encoded in the path postconditions, HadoopToSQL can simply extract the expressions
being output and use them in the SELECT clause.
For example, consider the map and reduce functions in
Figure 9. The program divides sales into two categories—
one category for the “North” region and one category for
the others—and calculates the total commission on sales
for each category. There are two paths through the map
function, both of which generate output. Figure 10 shows
the preconditions and postconditions for the two paths, and
it shows how to derive a single SELECT clause that is
equivalent to the two paths.
The extraction of aggregation information from the reduce function is more involved because the reduce function
must use a loop to iterate over its input. The loop in the function is found by using a strongly-connected components algorithm. All the paths through this loop are enumerated and
the preconditions and postconditions for each path are calculated using symbolic execution (Figure 11). HadoopToSQL
has a series of template patterns that describe how vari-

Path 1 Preconditions:
!Iterator.hasNext()
Path 1 Postconditions:
exit loop

function map(Sale, Output):
if Sale.Region() != "North" goto L1
Output.collect("North", Sale.Commission())
goto mapend
L1:
Output.collect("NotNorth", Sale.Commission);
mapend:
return

Path 2 Preconditions:
Iterator.hasNext()
Path 2 Postconditions:
Iterator.next()
sum = sum + Iterator.next()

function reduce(key, Iterator, Output):
sum = 0
loop:
if !Iterator.hasNext() goto reduceend
sum = sum + Iterator.next()
goto loop
reduceend:
Output.collect(key, sum)
return

Figure 11. The loop of the reduce function in Figure 9 has
these preconditions and postconditions, which indicate that
it calculates a SUM() aggregation.

Path i Preconditions:
!Iterator.hasNext()
...
Path i Postconditions:
exit loop

Figure 9. Pseudocode for a MapReduce program that can
be translated completely into SQL.
Path 1 Preconditions:
Sale.Region() == "North"
Path 1 Postconditions:
Output.collect("North", Sale.Commission())

Path n Preconditions:
Iterator.hasNext()
...
Path n Postconditions:
Iterator.next()
sum = sum + expression

Path 2 Preconditions:
Sale.Region() != "North"
Path 2 Postconditions:
Output.collect("NotNorth", Sale.Commission())

Figure 12. Template pattern for identifying a loop as a SUM
aggregation. In the template patterns for MAX and MIN
aggregation, the addition operation is replaced by a max and
min operation respectively.

SELECT CASE WHEN A.Region = "North" THEN "North"
ELSE "NotNorth" END,
A.Commission
FROM Sale A

Figure 10. The SELECT clause of an SQL query can be
computed based on the preconditions and postconditions of
the paths through the map function. This SELECT clause
calculates only two fields: one for the map function’s key
and one for the map function’s value. Because the key differs
based on the input, a CASE statement is required.

fies all the reduce function properties described earlier in this
section, then the key is added as a GROUP BY to the query,
and aggregation operations are applied to the values in the
SELECT clause. Since MapReduce results appear in sorted
order, HadoopToSQL also adds an ORDER BY clause to the
final query.
So in our example, if the loop is found to match a template
for a SUM aggregation, then the loop of the reduce function
is replaced by a single statement summarizing the effect of
the loop (Figure 13). Symbolic execution is then applied to
the entire reduce function to calculate postconditions, which
allows us to discover the reduce function encodes a GROUP
BY query (Figure 14). The SELECT clause used to calculate
the outputted key and value of the map function can then be
merged into a GROUP BY stencil to produce a final SQL
query for the combined map and reduce functions (Figure
15). The final query may contain expressions that can be
further simplified, but this task is left to the SQL query
engine.

ous SQL aggregation operations are expressed as a loop’s
preconditions and postconditions (Figure 12). By matching
these templates against the loop, it is able to identify which
SQL aggregation is being used. HadoopToSQL currently has
templates for recognizing SQL’s SUM, MIN, and MAX aggregation operations. The templates look for loops that iterate over a collection and that collect a result in a single
variable.
HadoopToSQL can then analyze the non-loop code of the
reduce function by again using symbolic execution to calculate path preconditions and postconditions. The symbolic
execution engine treats the loop as a single statement that
calculates an aggregation. If the rest of the reduce code satis-
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Output of the map function:
SELECT
/* Key */
CASE
WHEN A.Region = "North" THEN "North"
ELSE "NotNorth" END,
/* Value */
A.Commission
FROM Sale A
WHERE /* Input restriction */
A.Region = "North"
OR A.Region <> "North"

function reduce(key, Iterator, Output):
sum = 0
loop:
sum += SUM(Iterator values)
reduceend:
Output.collect(key, sum)
return
Figure 13. The loop inside the reduce function is replaced
by a statement summarizing the effect of the loop.
Path Postconditions:
Output.collect(key, 0 + SUM(value))
Matching
SELECT
FROM
GROUP BY
ORDER BY

Stencil for the reduce function’s GROUP BY:
SELECT key, SUM(value)
FROM ...
WHERE input restriction
GROUP BY key
ORDER BY key

GROUP BY stencil:
key, SUM(value)
...
key
key

Final SQL query:
SELECT CASE
WHEN A.Region = "North" THEN "North"
ELSE "NotNorth" END,
SUM(A.Commission)
FROM Sale A
WHERE A.Region = "North"
OR A.Region <> "North"
GROUP BY CASE
WHEN A.Region = "North" THEN "North"
ELSE "NotNorth" END
ORDER BY CASE
WHEN A.Region = "North" THEN "North"
ELSE "NotNorth" END

Figure 14. If the postconditions for the non-loop portions
of the reduce function show that the function satisfies the
needed properties, the SQL query can be converted to use a
GROUP BY and aggregation.

4.

Implementation Details

The HadoopToSQL system consists of a static analysis component and a runtime component. The static analysis component is applied to the Java bytecode of a MapReduce query.
It attempts to apply different transformations to the code to
try to find an efficient way to execute the code on an SQL
database. The runtime component provides a simple objectrelational mapping tool to simplify access to database entities. It includes runtime libraries for mapping the SQL data
model to fit the MapReduce data model.
4.1

Figure 15. Merging the SELECT clause of the map function with the GROUP BY stencil of the reduce function results in the final SQL query.

Static Analysis Component

The static analysis component of HadoopToSQL is implemented as a bytecode rewriter. It is able to take a compiled
MapReduce program generated by the Java compiler and analyze it to find ways to run it efficiently on an SQL database.
Although the HadoopToSQL bytecode rewriter accepts
Java bytecode as input, its internal processing is actually
based on a representation called Jimple, a three-address code
version of Java bytecode. It uses the SOOT framework [23]
from Sable to transform Java bytecode to this representation.
Raw Java bytecode is difficult to process because of its large
instruction set and the need to keep track of the state of the
operand stack. In Jimple, there is no operand stack. There are
only local variables, meaning that HadoopToSQL can use
one consistent abstraction for working with values.
The static analysis component outputs a data structure
that contains descriptions of how various map and reduce
functions can be translated to SQL. The HadoopToSQL run-

time component can then query this data structure when deciding on a procedure for executing MapReduce queries. Because of HadoopToSQL’s design as a bytecode rewriter, it
can be added to the toolchain as an independent module,
with no changes needed to existing IDEs, compilers, virtual
machines, or other such tools.
4.2

Runtime Component

HadoopToSQL contains various runtime libraries for allowing an SQL storage model to mix with a MapReduce approach to data.
For example, with MapReduce, data records are typically stored as text in files, whereas in SQL, data records
are stored as relations in tables. Neither storage representation is particularly convenient for programmers, who pre-
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fer mapping these representations to an object representation inside their programs. HadoopToSQL includes a simple object-relational mapping (ORM) tool that can perform
this mapping of either text or relations to entity objects. This
hides the differences between the two storage models and
provides a more convenient interface for programmers. Programmers provide an XML description of a schema, and the
ORM tool creates corresponding entity object classes as well
as code for reading these objects from either a text file or
from an SQL database. Programmers can then express their
MapReduce programs in terms of manipulating these objects
instead of needing to write code for parsing text input or for
querying databases.
The Hadoop implementation of MapReduce provides a
FileInputFormat object for reading lines of text from
files. The HadoopToSQL library provides alternate objects
that can read their data from either databases or files and
that can return ORM entity objects instead of lines of text. To
switch between using an SQL database as storage engine as
opposed to a MapReduce distributed file system, programmers merely have to change the configuration information of
their MapReduce queries to use the HadoopToSQL libraries
for managing their input.

5.

is inspired by the type of computation involved in calculating
stock market indices like the Dow Jones Industrial Average.
We measure the performance of this query in the following
configurations:
• Hand-written SQL
• MapReduce running on a single machine
• MapReduce running on SQL without any optimizations

by HadoopToSQL
• MapReduce running on SQL with input set restrictions

calculated by HadoopToSQL
• MapReduce running on SQL with a full translation by

HadoopToSQL to SQL
Figure 16 shows the query times for each of these variations. Each data point is the average of 10 query executions with each execution using a random set of 15 stocks.
Both regular MapReduce and MapReduce on SQL without
optimizations exhibit increasing query time as the database
size increases. This is caused by the fact that both variations must scan through the entire database in order to find
the stocks and days relevant to the query. As the database
size increases, the queries must examine more data as well.
For example, given 3,500 days of stock data, a full scan of
the dataset needs to examine 35 million records. The performance of MapReduce on SQL without optimizations is
approximately 50% worse than that of regular MapReduce.
This is due to the fact that it must perform a table scan of an
SQL database instead of reading its data from text files like
regular MapReduce. Although an SQL database can theoretically store its data in a more compact representation than the
textual representation used in MapReduce, SQL databases
are rarely optimized for this sort of access pattern, so they
do not necessarily fill disk blocks to the maximum extent or
arrange data sequentially on disk. By contrast, linear traversals of files is a well-optimized access pattern for operating
systems.
The granularity of the y-axis in Figure 16 hides significant detail, so Figure 17 is included in this paper to
show an enlarged view of the same data. Hand-written SQL,
the restricted input set configuration, and the full translation configuration are all able to indicate to the underlying
database that they only want a subset of the data. As such,
the SQL database is able to make use of underlying indices
to ignore the extra data in the database, meaning that these
queries only need to examine approximately 2,000 records.
Although all three configurations process the same number
of records, the full translation configuration spends time creating XML configuration files, starting a Hadoop MapReduce engine, sending the configuration information to the
MapReduce engine, and other non-query-related overhead.
This configuration is thus half a second slower than handwritten SQL despite the fact that both configurations execute
essentially the same SQL query against the database. Due to

Experimental Evaluation

To evaluate HadoopToSQL, we have run some single-server
experiments and one distributed experiment. The single
server experiments allow us to compare the performance
of SQL queries generated by HadoopToSQL directly to
hand-written SQL queries run on a standard single-server
database. The distributed experiment verifies that the performance benefits of HadoopToSQL still hold on a cluster.
For all of the experiments, data is loaded into databases and
indexed before the experiments are run.
5.1

Single-Server Experiments

The single-server experiments are run on a dual-processor
Pentium IV Xeon machine with 4 GB of RAM running
Linux, OpenJDK 1.6, Hadoop 0.20, and PostgreSQL 8.3.
Hadoop is configured for stand-alone operation, with its
input and output files stored on the local disk.
5.1.1

Stock benchmark

To illustrate the behavior of HadoopToSQL, we have created
a benchmark involving a database of synthetic stock market
prices. The database consists of 10,000 different stocks. For
each stock, the database tracks the daily closing price and
trading volume. To examine the effect of database size, the
number of days of historical stock data can be varied between 500 and 3,500 days. When stored in an SQL database,
the historical data uses the stock symbol and date as a primary key. A text dump of a database with 3,500 days of data
is 970 MB in size.
Our benchmark executes a query that calculates sums of
15 different stocks over a period of five months. This query
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5.1.2

SQL

TPC-H

TPC-H [22] is a standard SQL database benchmark for
decision-support workloads. We include this benchmark in
our experiments because it allows for easy comparison of
MapReduce results with SQL results and because it provides
an interesting business-oriented workload. Nonetheless, the
results must be interpreted with caution because a direct
translation of TPC-H queries to MapReduce does not necessarily reflect how such queries would be written and how
the schema would be designed if the benchmark specifically
targeted a MapReduce query model.
For this experiment, we choose to examine queries Q1
and Q3 of TPC-H, which map well to MapReduce and have
non-trivial running times. The benchmark is configured with
a TPC-H scale factor of one, resulting in a dataset of approximately 1,100 MB in size. For our experiment, we use
random query parameters as specified by TPC-H.
Query Q1 scans a single table of order line items within
a certain date range and calculates aggregates for different
categories. Figure 18 shows the query results for query Q1.
Similar to the stock benchmark, HadoopToSQL is able to
extract an equivalent SQL query from the MapReduce code.
As a result, the translated query is able to make use of
database indices, resulting in much better performance than
regular MapReduce, which must scan the entire contents of
the text file of line order items. The translated query also
exhibits performance that is almost as good as hand-written
SQL.
Unlike query Q1, query Q3 involves a database join.
Query Q3 examines customer, order, and order line item information to determine the 10 highest-valued orders with
certain characteristics and that have not been shipped. It
needs to join the customer, order, and line item entities in
computing its result. Since MapReduce does not have any
built-in support for joins (joins are fundamentally slow operations when applied to data in a cluster), programmers normally structure their data differently if they intend to query
it with MapReduce. In particular, programmers denormalize
their data in advance to avoid the poor performance of joins

Figure 16. Query time on stock benchmark as database size
increases.
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Figure 18. Query time for TPC-H query Q1.
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Figure 17. Query time on stock benchmark as database size
increases (with zoomed y-axis).

the short running time of the query, Figure 17 exaggerates
the size of this overhead. The restricted input set configuration runs a full execution of MapReduce, applying the map
and reduce functions to its data, so it has the worst performance of the three.
This benchmark shows the importance of using indices in
order to extract the best performance for MapReduce queries
running on an SQL database. The MapReduce query model
has no notion of indices since the information about which
data is used by a query is encoded in the program code
itself, which cannot normally be inspected by a MapReduce
runtime. The program analysis performed by HadoopToSQL
is able to extract this information and hence take advantage
of the indices available in SQL.

259

200

250
View Processing
Sort

Customer processing
Orders processing
Line item processing
Join of customers & orders
Final join and aggregation
Sort

160
140

200

120
100

Query Time (seconds)

Query Time (seconds)

180

80
60
40
20
0
MapReduce

HadoopToSQL

SQL

Figure 19. Query time for TPC-H query Q3 when the Customer, Order, and LineItem tables are joined in advance.
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in MapReduce. To reflect this fact, we use different data layouts for each configuration.
The SQL query is run using separate tables for each
of the three entities. HadoopToSQL also stores the data in
three separate tables, but the tables are joined at runtime and
presented to the map function as a single table, much like an
SQL view. For regular MapReduce, we run the query against
a file with the three entities joined in advance. Our coding of
the MapReduce and HadoopToSQL versions of the queries
have one potential inefficiency as compared to the SQL
query. TPC-H specifies that for query Q3, only the top 10
results are needed. In our MapReduce and HadoopToSQL
versions of the queries, the top 10 results are found by
calculating all the results and sorting them—it is potentially
more efficient to calculate the top 10 results directly.
Figure 19 shows the execution times for TPC-H Q3. Regular MapReduce is significantly slower than both HadoopToSQL and SQL. This is due to the fact that it must scan
through all the records of the dataset without being able to
restrict itself to only those orders that have not yet shipped
and that satisfy the expected characteristics. HadoopToSQL
is able to extract useful input constraints from the query
and is hence able to achieve comparable performance to the
hand-written SQL version of the query.
For completeness, we have also created versions of the
MapReduce and HadoopToSQL queries that can operate on
a dataset that has not been denormalized. This requires that
the Customer, Order, and LineItem records be joined during
query execution, which we emulate using multiple MapReduce steps. Our version of query Q3 uses six different applications of MapReduce to calculate its result: three stages filter and reformat input records, two stages join these records
together and aggregate the results, while a final stage is used
to sort the results.
Figure 20 shows the resulting execution times. The individual times of each of the six MapReduce stages are shown

MapReduce

HadoopToSQL

SQL

Figure 20. Query time for TPC-H query Q3 when the joins
of the Customer, Order, and LineItem tables are performed
by MapReduce.
where applicable. HadoopToSQL is able to improve the performance of the MapReduce query when it is run on an SQL
database, but it is not able to achieve performance comparable to that of a hand-written SQL query (unlike with
the denormalized version of the query). The problem is that
HadoopToSQL only optimizes within a single application of
MapReduce. HadoopToSQL is not able to optimize across
the six MapReduce stages of this version of the query.
The TPC-H benchmark shows that HadoopToSQL can
be used to improve the performance of real queries. For a
MapReduce query to achieve comparable performance to
SQL on a single server, it is important to extract as many
input constraints on the query as possible so as to reduce the
amount of data that needs to be processed. HadoopToSQL is
effective at extracting such constraints from within a single
application of MapReduce, but it is currently not able to
extract constraints across multiple MapReduce stages.
5.2

Distributed Behavior

To evaluate whether the benefits of HadoopToSQL still hold
in the distributed case, where there is additional communication and coordination overhead, we have created an experiment involving a small cluster of machines. We use the
Selection Task from the paper of Pavlo et al. [15]. This task
involves scanning a list of PageRanks for the URLs of different web pages. The task outputs those URLs with a PageRank greater than the parameter 10.
Configured using the default parameters, the data generation code from the paper generates 5.6M ranking records
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per data node in the cluster, for a total size of about 300MB
per node. For the SQL and HadoopToSQL configurations,
the dataset is divided into equal-sized partitions. An SQL
database is running on each data node, and each data node
stores one of these partitions in its database. The records
are stored with indices for URLs and for PageRank. For
the MapReduce configuration, the dataset is stored in the
Hadoop distributed file system, which automatically distributes the data among the data nodes.
Our experiment uses 10 data nodes running on Amazon’s
Elastic Compute Cloud (EC2). We use a “small ” EC2 instance for each node, which are configured with a single virtual core, 1.7GB of RAM, and 160GB of local disk space.
We use two additional nodes to run the Name Node and Job
Tracker servers needed by Hadoop for tracking distributed
file system metadata and coordinating MapReduce jobs. All
the machines run Fedora 8, Hadoop 0.20, Java 1.6, and PostgreSQL 8.2.
The selection task can be completed by MapReduce in
this way:
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Figure 21. In this graph of execution time for the Selection
Task, the results for MapReduce and HadoopToSQL are
shown using two bars—the foreground bar shows the results
of the map phase only, whereas the background bar includes
the time of a reduce phase for gathering the results into
single file.

• During the map phase, each data node scans through

ranking records, outputs those URLs that satisfy the
query, and stores the results into the distributed file system.

is significantly faster than MapReduce’s map phase, but the
improvement is less when the reduce phase is included. This
occurs because input set restrictions only help the map phase
of a query and do not shorten the reduce phase. Although
the total time of the HadoopToSQL query is longer than the
estimated time for our SQL query, the map phase of the
HadoopToSQL query takes less time than the SQL query.
This occurs because our SQL program gathers all the query
results on a single node, resulting in a potential communication and disk bottleneck on that one node. Although the
results of the MapReduce and HadoopToSQL queries are
known after the map phase, the query results are stored in
multiple files spread out among the data nodes. These results
are only merged together into a single file during the reduce
phase. Because the reduce phase of a MapReduce program
starts while the map phase is still running, it is not possible
to determine the actual duration of a reduce phase from the
graph. In fact, the reduce phase of the HadoopToSQL query
has a shorter overlap with the map phase than the MapReduce query due to the shorter runtime of the HadoopToSQL
query’s map phase.

• After the map phase has executed, the result of the query

has been computed but is stored in multiple files distributed throughout the cluster.
• The reduce phase transfers these files to a single node,

which combines them into a single sorted file.
Although HadoopToSQL can translate MapReduce programs into SQL queries, it currently does not contain code
for running SQL queries on a cluster of SQL machines. As a
result, for this experiment, HadoopToSQL is only able to use
its transformations to find input set restrictions. To estimate
the performance of this task on an SQL database, we use
a small program that emulates the behavior of a distributed
SQL database as we do not have access to one. This program
launches 10 threads that each queries one of the databases.
The results are then transferred back to this program and
stored to disk in no particular order.
Figure 21 shows the results of running the benchmark.
Each data point is an average of three benchmark runs. For
MapReduce and HadoopToSQL, we show two results. The
foreground bar shows the time needed to run the map phase
of the MapReduce job only. The background bar includes
the time needed to also run a reduce phase. Depending on
how the user intends to use the data, they may or may not
require the extra processing performed by the reduce phase.
In this experiment, HadoopToSQL is able to find an input
set restriction successfully, resulting in better performance
than MapReduce. Both HadoopToSQL and SQL are able to
restrict their processing to only the 300,000 records of data
per node that satisfied the query. HadoopToSQL’s map phase

6.

Related Work

Writing queries with HadoopToSQL is reminiscent of ObjectRelational Mapping (ORM) tools [7] like Hibernate or Ruby
on Rails. Programmers write code in an object-oriented language, and that code is automatically translated into SQL
underneath. In fact, HadoopToSQL uses a simple ORM tool
to provide a thin object-oriented layer that hides the difference between the relational storage of SQL databases and
the text-oriented storage typically used with MapReduce.
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ORM tools do not analyze program code, so they cannot
handle the types of queries that HadoopToSQL handles.
Wiedermann, Ibrahim, and Cook [24, 25] have demonstrated a system that can analyze program code in order
to generate database queries. They perform interprocedural source-code analysis in order to optimize a program’s
database access using input-set restrictions. Given a Java
program that iterates over all the entities of a certain type
in a database, their system uses attribute grammars and abstract interpretation to discover which subset of the entities
are being accessed, as well as which related entities are accessed. Their system then restricts the iteration to only cover
the database subset which is accessed and prefetches the related entities. Their research focuses on an OODB [13] style
query model, so their system cannot be used directly to optimize Hadoop MapReduce queries, even though it optimizes
code written in Java.
We have previously developed two systems, Queryll [10]
and JReq [11] for translating database queries written in Java
code in a restricted loop-based format to SQL. We adapted
many of the techniques we learned in developing those systems for use with HadoopToSQL, but we also developed new
algorithms for HadoopToSQL.
There are several query languages built on top of MapReduce such as Hive [21] or PigLatin [14]. These query languages are much less verbose than regular MapReduce, and
their restricted structure can be analyzed with conventional
techniques. Unfortunately, a programmer loses many of the
benefits of MapReduce by using such query languages. One
of the main advantages of MapReduce is that programmers
can perform arbitrary computation at data nodes. This computation can save communication bandwidth by aggressively
filtering, compressing, and transforming data before the data
is transfered. The restricted syntax of query languages built
on top of MapReduce is not rich enough to express such
complex algorithms.
Recently, there has been considerable debate about the
relative merits of SQL-based approaches to querying data
stored on a cluster of machines versus MapReduce-based
approaches [6, 15, 20]. The two approaches show different strengths and weaknesses in areas such as scalability,
fault tolerance, performance, and flexibility. Research such
as HadoopToSQL and HadoopDB [1] demonstrate that it is
possible to blend both approaches to build systems with the
strengths of both. HadoopDB is another system that runs
MapReduce queries over an SQL storage engine. Unlike
HadoopToSQL, HadoopDB requires its queries to be written in a Hive-derived query language. This requirement is
important because although HadoopDB may generate code
that uses MapReduce and SQL, it is not able to directly optimize MapReduce code. As a result, this approach has the
same limitations as Hive—although the queries are easier to
analyze and optimize, they are not sufficiently expressive to
describe complex performance-enhancing algorithms.

DryadLINQ[26] is a query language that is expressive enough to describe arbitrary computation. DryadLINQ
adapts the LINQ query language for the Dryad [9] distributed execution engine. The DryadLINQ researchers are
also studying how to adapt DryadLINQ to support advanced
storage engines.

7.

Extensions

Although HadoopToSQL is already very powerful, there are
many ways to extend the work to increase its usefulness. In
particular, the core static analysis algorithms can be made
less restrictive, a traditional distributed database query optimizer can be added, and an advanced storage engine can be
designed specifically for MapReduce.
HadoopToSQL’s symbolic execution currently halts when
it encounters loops or outside functions while searching for
input set restrictions. Although exploring loops and outside functions can lead to an exponential explosion of paths,
sometimes this explosion is manageable, so HadoopToSQL
could undertake limited explorations of loops and outside
functions. Loops and outside functions can also be separately analyzed in advance of path traversals. For example,
a system can check if a function is free of side-effects by
verifying that it neither modifies any non-local variables nor
calls any other function with side-effects. Calls to these functions can then be used in HadoopToSQL’s symbolic execution. The return value of the function may be ambiguous, but
symbolic execution can handle such ambiguity. Alternately,
other researchers have successfully used other approaches
such as attribute grammars for finding input set restrictions
[25] .
HadoopToSQL also currently lacks the ability to optimize
across multiple instances of MapReduce. Complex MapReduce programs sometimes consist of multiple stages or instances of MapReduce chained together. The static analysis
of HadoopToSQL allows it understand the operations performed by individual instances of MapReduce but is not
useful in analyzing the relationship between instances. To
solve this problem, HadoopToSQL would first need to provide programmers a mechanism to describe the flow of data
between different MapReduce instances. The system could
then combine this information with its analysis of individual
MapReduce stages to build a query plan describing the complete computation. Once a query plan is built, a traditional
database query plan optimizer can be used to rearrange elements of the plan to produce a more optimal execution.
HadoopDB [1] operates directly on MapReduce query plans
generated from the Hive query language, and it demonstrates
some of the possibilities of applying traditional database
query optimization techniques to MapReduce.
Finally, additional performance gains can be achieved by
building advanced storage engines specifically for use with
MapReduce instead of relying on SQL databases. As we
noted in our experiments, traditional databases arrange their
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data to allow for random-access and updates instead of linear table scans. Therefore, on workloads that need to process
their entire dataset, using these databases is slower than using files stored in a MapReduce distributed file system. A
purpose-built storage engine for MapReduce could arrange
its data in compressed flat files to allow for optimal linear
table scans but also provide indices for random-access. An
advanced storage engine purpose-built for MapReduce could
also take advantage of the fact that intermediate MapReduce
results are always saved on disk by reusing these intermediate results for other queries that calculate the same values or
subsets of the same values.
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