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Of recent, several frameworks have been developed using
the Scala Programming Language [3]. Scala supports both
the object-oriented and functional programming paradigms,
and is built on top of Java (can call and be called by
Java). The Scala compiler produces JVM byte-code and
runs nearly as fast as Java (although a little slower than
C, both are faster than Python). Like Python, the code
can be very concise and still readable, as well as very
natural for expressing mathematically oriented algorithms.
Furthermore, the Scala-based ecosystem for big data is large
and growing. It includes Spark [4], Kafka [5], Samza [6]
and Flink Scala API [7], as well as smaller projects like our
S CALAT ION [8] project.
In this paper, we review the evolution of Big Data
Frameworks and then focus on frameworks written in Scala,
with illustrations from our S CALAT ION project. The rest
of this paper is organized as follow: Section II gives an
overview of the evolution of Frameworks that support Big
Data Analytics, emphasizing those that are open source. In
Section III, the focus narrows to Open Source Frameworks
that are written in Scala. Section IV examines the support,
direct or indirect, provided by frameworks for data storage
and access (e.g., distributed ﬁle systems, high-performance
database systems). Finally, conclusions are given in Section
V.

Abstract—Frameworks for big data arguably began with
Google’s use of MapReduce. Since then, a huge amount of
progress has been made in the development of big data
frameworks, many of which have been released as open source.
Further to increase portability and ease of set-up, many are
coded in a Java Virtual Machine (JVM) based language, e.g.,
Java or Scala. In addition, processing of big data involves
the ﬂow of data, and of course, the processing of data as it
ﬂows. This computational paradigm is a natural for functional
programming. Furthermore, the map, reduce and combiner
have analogs in functional programming. There has been a
trend in the last few years toward developing open source big
data frameworks written in Scala to support big data analytics.
Scala is a modern JVM language that supports both objectoriented and functional programming paradigms.
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I. I NTRODUCTION
With the rapidly increasing amount of available data
and parallel and distributed computing resources, Big Data
Analytics has emerged as essential for business, engineering
and science. Frameworks for Big Data Analytics are the
great facilitators of the paradigm shift to Big Data. They
handle the storage and access to massive volumes of data
and well as application of numerous analytics techniques to
make sense of the massive data.
The purpose of a framework supporting big data is fourfold: First, it should obviously support the storage and rapid
access to large amounts of data. Second, it should support the
application of parallel and distributed processing techniques
to speed up the execution of analytics techniques. Third, it
should hide the complexity involved in the second aspect,
i.e., the APIs provided should be relatively simple and not
hard to grasp, e.g., like MapReduce. Details of location,
partitioning of data, creation of threads, scheduling, fault
tolerance, recovery and synchronization should be hidden as
much as possible. Fourth, an extensible library of analytics
techniques (e.g., from statistics, data mining and machine
learning) should be provided or at least mechanisms should
be provided to facilitate this. Others have focused on issues
such as scalability, streaming vs. batch, data integration, data
compression, security and privacy [1], [2].
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II. E VOLUTION OF F RAMEWORKS FOR B IG DATA
A NALYTICS
One of the earliest frameworks used to implement big
data analytics over distributed clusters was the Message
Passing Interface (MPI) [9]. Even today, MPI remains one
of the most performant big data frameworks by virtue of its
extremely low overhead: nearly every aspect of a distributed
program must be implemented by the user. MPI exposes
language-independent primitives to the user in for synchronizing and communicating between processes. Most MPI
applications are coded in C, C++, or Fortran. While MPI
provides very little out-of-the-box user-facing functionality
such as fault tolerance, it is still the framework of choice
for users whose primary concern is speed.
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The MapReduce paradigm, popularized by Google from
its use in the company as a proprietary technology [10]
and then incorporated into the Apache Hadoop [11] project,
was a major step toward simplifying the parallelization of
distributed tasks. For big data problems that are “embarrassingly parallel” and have few discrete, well-deﬁned phases of
computations, the MapReduce paradigm provides a means
for highly parallel execution on extremely large clusters.
Some classical examples include word counting, statistics
computations such as means and variances, and log parsing.
The Apache Hadoop project includes an open source
MapReduce implementation, thereby putting such capabilities within the hands of many programmers. Unlike
MPI, only a limited amount of specialized training is
needed to create MapReduce applications that can run on
Hadoop. Furthermore, Hadoop includes fault-tolerant distributed data structures out-of-the-box, making programming
using Hadoop easier.
The MapReduce paradigm consists of three primary
phases: map, shufﬂe, and reduce. In typical Hadoop MapReduce workﬂows, data in key-value format is read from the
Hadoop Distributed File System (HDFS) by mappers and
written back to HDFS prior to the shufﬂe phase. Once all
mappers have ﬁnished, the data is deserialized and sorted
over the network before being serialized back to HDFS,
prior to the reduce phase. Reducers then read the sorted
key-value pairs from HDFS, perform their agglomerative
operations, and serialize the ﬁnal results back to HDFS
before returning control to the user. A full map-shufﬂereduce triad represents a single “pass” over the data; it is
common for more sophisticated tasks to require multiple
passes.
While MapReduce and its open source implementation in
Apache Hadoop provided users with a powerful abstraction
for creating scalable distributed applications with built-in
fault tolerance, the earliest versions and even later versions
of Hadoop possessed drawbacks. Most prevalent are the
structural weaknesses inherent to the MapReduce paradigm
of distributed computing: embarrassingly parallel batch algorithms can be implemented very efﬁciently, but iterative algorithms with complex data interdependencies create serious
performance bottlenecks. For example, running PageRank
until convergence on a large graph requires an unspeciﬁed
number of passes over the full dataset. This bottleneck is
further exacerbated in Hadoop MapReduce by the constant
serialization-deserialization steps in between each phase;
most of the execution time of an iterative algorithm in
Hadoop MapReduce is spent performing disk I/O, or in the
network shufﬂe. A recent overhaul of the Hadoop architecture into Hadoop 2.0 saw the introduction of Yet Another
Resource Negotiator (YARN) to improve resource utilization
across a cluster for a variety of workloads. Nevertheless, the
fundamental limitations of MapReduce remain.
In response to these limitations, many additional next-

generation distributed computing frameworks have appeared.
Apache Storm [12] is similar to Hadoop, but focuses on
more efﬁcient stream processing, allowing data to be sent
directly from one worker to another and is capable of
processing millions of incoming tuples per second per node.
Like Hadoop, it has built-in fault tolerance, and guarantees
“exactly-once” processing of incoming data.
An alternative to dividing computations into mappers
and reducers for iterative algorithms, is to divide computations into a series of supersteps that involve receiving
input messages, performing computations and sending output messages. Synchronization is system-level, since a task
must wait for all subtasks within a superstep to complete
before synchronizing and moving to the next superstep. This
approach is referred to as the Bulk Synchronous Parallel
(BSP) [13] model of distributed computing. In cases where
the number of supersteps is not too large and work is
well balanced across tasks, BSP can be quite useful for
implementing graph algorithms.
A special form of BSP, called vertex-centric, has become
popular for big data graph analytics. In this programming
model, each vertex of the graph is an independent computing
unit, or task. Each vertex initially knows only about its
own status and its outgoing edges. In each step, vertices
can exchange messages with neighbors through successive
supersteps to learn about each other. When a vertex believes
that it has accomplished its tasks, it votes to halt and
goes to inactive mode. When all vertices vote to halt, the
algorithm terminates. Several frameworks support this style
of programming, including Pregel [14], GPS [15], early
GraphLab [16] architectures, and Apache Giraph [17].
One of the most popular open source big data frameworks
is Apache Spark [18]. Spark provides powerful functional
primitives beyond map and reduce, which coupled with inmemory serialization of intermediate data results in signiﬁcant performance gains over MapReduce. Furthermore,
Spark provides built-in fault tolerance in its core distributed
data abstraction by tracking the lineage of computations used
to derive each partition, preserving a recipe for recomputing
any partitions lost to hardware failure. Apache Flink (formerly Stratosphere) is a similar framework in that it provides users with powerful functional primitives in Scala for
operating on distributed data, but unlike Spark, Flink’s core
processing engine is streaming (like Storm). Furthermore,
all operations in Flink are evaluated lazily; workﬂows are
only executed once an underlying optimizer has established
the most efﬁcient pipeline for the data, avoiding extraneous
operations. This is particularly attractive for highly iterative
algorithms. This optimizer effectively decouples the userfacing API from the eventual computation.
III. S CALA -BASED O PEN S OURCE F RAMEWORKS
As mentioned, there are a growing number of big data
frameworks and associated packages implemented in Scala.

390

We provide an overview of a few of the more popular ones
below as well as discuss our framework called S CALAT ION.

neighbors. Iteration halts when all vertices have signaled
they have no more computations to perform. GraphX uses
a variant of RDDs that relies on high level vertex and
edge abstractions, though recent work has included the
graph analog for DataFrames–the GraphFrame–as a key data
abstraction in GraphX.

A. Spark
Spark is an open-source Big Data Framework [4] which
was originally created at the University of California, Berkeley, and later donated to the Apache Software Foundation.
The foundation for Spark is Spark Core, which is built in
Scala. In addition to Scala and Java, Spark has Python and
R domain speciﬁc languages (DSL) for developers to use for
dispatching, scheduling, and basic I/O functions in compute
tasks.
The basic abstraction for a distributed dataset in Spark is
a resilient distributed dataset, or RDD [18]. Core operations,
such as map, reduce, and groupByKey can be performed
on the elements of the RDD and are either evaluated lazily
(transformations) or eagerly (actions). A key property of
RDDs is that they are immutable; transformations actually
create new RDDs when they are executed. In this way,
the lineage of each RDD is maintained throughout the life
of the data structure. This lineage provides a “recipe” for
recomputing each partition of the RDD, providing intrinsic
fault-tolerance in the event of hardware failure.
In addition to Spark Core, there are several additional
packages shipped with Spark that build on the basic RDD
abstraction and provide out-of-the-box support for many
different use-cases: Spark SQL, Spark Streaming, MLlib,
and GraphX.
Spark SQL allows for relational processing to be done
on RDDs and on external datasets [19]. The fundamental
structure in Spark SQL is the DataFrame, which can be
created from an RDD or from external data, but which has
a much richer functional interface than a standard RDD. As
of Spark 2.0, the DataFrames and Datasets APIs have been
uniﬁed under the Scala and Java DSLs.
Spark Streaming [20] provides a framework using RDDs
and DataFrames to handle stateful computations, which
is the maintenance of a system state in the presence of
streaming data. The incoming data stream is divided into
mini-batches, deﬁned using some time interval. Each minibatch is processed as an RDD, with all the advantages and
functionality an RDD provides.
MLlib is Spark’s machine learning library [21]. It can
be used to process RDDs or the higher level DataFrame.
It includes distributed implementations of many machine
learning algorithms, such as classiﬁcation and clustering, as
well as optimization algorithms and tools for dimensionality
reduction and statistical analysis. It can be integrated with
all of the other tools provided in the Spark package.
GraphX is Spark’s graph computation framework [22].
GraphX exposes a variant of the Pregel API [14]; at a
high level, it implements the BSP [13] graph processing
model, in which vertices in the graph conduct computations
in parallel before sending synchronized messages to their

B. Kafka and Samza
Kafka and Samza were originally developed by LinkedIn,
and subsequently donated to the Apache Software Foundation. Samza [6] caters to distributed processing of real
time data. In Samza, computations, called jobs, take in input
streams and deliver output streams. For parallel computation,
each input stream is divided into partitions and a job into
tasks that are assigned to machines. Each task consumes
data from a partition. Thus, a job operates across multiple
machines and can be highly parallel. The messaging system
layer for Samza is by default Kafka.
Kafka [5] deﬁnes the notion of a topic, which is a stream
of messages of a speciﬁc type, which producers create and
to which consumers subscribe. The servers which are used
to maintain messages related to topics are called brokers,
and any number of brokers can be added at any time. There
is no master broker, so adding new brokers is easy. The
topics themselves can be partitioned, and brokers can hold
one or more of the partitions, but partitions of a topic can
be distributed among more than one broker.
The general ﬂow of the system is that producers create
messages which are pushed to brokers and assigned to
topics. Consumers subscribe to topics, and pull the messages
from the brokers as they are written. Consumers can also
belong to consumer groups, and when a consumer group is
subscribed to a topic which has a new message, only one
consumer from the group consumes it. Kafka is built on the
concept of the transaction log, and appends messages to the
end of a partition’s log. In this way, Kafka allows consumers
to rewind the message stream since previous messages will
still be on the log.
C. S CALAT ION
S CALAT ION is a modeling and analytics framework that
supports predictive analytics [23], graph analytics [24] and
simulation modeling [8]. A recent application combining
the two utilizes S CALAT ION to analyze trafﬁc based on
large amounts of sensor data and microscopic simulation
of trafﬁc ﬂow. Beyond modeling and analysis, this project
also involves the use of optimization (also supported by
S CALAT ION) to improve trafﬁc ﬂow. This is sometimes
referred to as prescriptive analytics.
The framework for S CALAT ION current support for big
data focuses on parallel and out-of-core support for big data
as well as tight integration with two NoSQL database systems provided as part of S CALAT ION: a columnar database
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for applications requiring greater storage and performance.
NoSQL databases include key-value stores, documentoriented databases, graph databases and columnar databases
[26]. In addition to providing direct built-in support for the
last two, S CALAT ION provides some support for reading
and write JavaScript Object Notation (JSON) object for
interfacing with MongoDB databases.

system and a graph database system. For out-of-core computation, it uses memory mapped ﬁles for arrays, vectors,
matrices and columnar relations (see below).
For parallel processing, S CALAT ION builds on features
and capabilities provided by Scala [25]. The easiest way to
add parallelism to sequential code by using the par method
on ranges, as shown below in the vector multiplcation (x *
y) method.

A. Columnar Databases

d e f ∗ ( b : VectoD ) : VectorD =
{
v a l c = new VectorD ( dim )
f o r ( i <− r a n g e . p a r ) c . v ( i ) = v ( i ) ∗ b ( i )
c
} // ∗

In the NoSQL domain, the closest to traditional relation
databases are columnar databases, e.g., C-Store [27] and
HP Vertica. For analytics, storing relations in columns as
opposed the ordinary row storage provides several beneﬁts.
Columns contain data of the same type, columns are large
(much larger than rows) and are likely to have repetitive
values. This opens up the possibility of compressing the
columns. Several compression techniques are viable [27]
and two have been included in S CALAT ION, run-length
encoded columns and sparse columns. It also makes it easy
for vectors and matrices to be spun off of relations and
passed into various analytic techniques. For example, in the
the prodSales relation, columns 0 to 10 are used to form
a design matrix x, while column 11 is used to form the
response vector y. These are passed into a General Linear
Model (GLM) which includes multiple linear regression,
after which the train method is called to produce a least
squares ﬁt.

The range variable is 0 until dim and par will cause
the loop to be divided and threads assigned to do computations on subranges (see [25] for details).
In the case of the dot method that computes the inner
(or dot) product, simply adding par to the range leads to
race conditions causing indeterminate values for the result
(i.e., possibly correct, but usually not).
d e f d o t ( b : VectoD ) : VectorD =
{
v a r sum = 0 . 0
f o r ( i <− r a n g e ) sum += v ( i ) ∗ b ( i )
sum
} / / dot

The obvious solution of synchronizing access to the
sum variable may make the parallel implementation slower
than the sequential version. An improvement would be
to use Java’s DoubleAdder for atomic updates. Even
better would be support for Hardware Transactional Memory
(HTN) that deals with race conditions at the hardware
level. Currently, S CALAT ION divides the computation into
subranges and assigns a Thread to compute subtotals and
then adds these subtotals at the end.

v a l ( x , y ) = p r o d S a l e s . toMatriDD ( 0 t o 1 0 , 1 1 )
v a l r g = GLM ( x , y )
rg . t r a i n ( )

S CALAT ION provides operations of select, project, join,
union, etc. so that data can be easily and efﬁciently extracted
as desired for analysis.
B. Graph Databases
Graph databases [28] have existed for some time, (e.g.,
Neo4j [29] and OrientDB [30]). S CALAT ION provides extensive support for efﬁcient pattern matching (e.g., Tight
Simulation, DualIso for subgraph isomorphism [24]) on
large graphs. We are currently in the process of adding more
practical querying capabilities to these core capabilities.

d e f d o t p ( b : VectorD ) : Double =
{
v a l nn = dim / PAR LEVEL
v a l d t = makeThreads ( )
f o r ( i <− d t . i n d i c e s ) {
d t ( i ) = new VecThread ( t h i s , b ,
i ∗ nn , ( i +1)∗ nn min dim , d o t )
dt ( i ) . s t a r t ()
} / / for
await ()
d t . f o l d L e f t ( 0 . 0 ) ( ( s , x ) => s + x . r e s u l t )
} / / dotp

V. C ONCLUSIONS
This paper discusses the evolution of big data frameworks
and then hightlights the recent trend toward using the
Scala programming language to develop such frameworks.
Overviews of popular Scala based frameworks, Spark,
Samza and Kafka, are given along with our own system
called S CALAT ION.

IV. S UPPORT FOR DATA S TORAGE AND ACCESS
Big data is typically stored in a distributed ﬁle system, e.g., the Hadoop Distributed File System (HDFS),
or a high-performance database system. Recently, NoSQL
databases [26], as an alternative to traditional relational
databases, have emerged as practical ways to store big data
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