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A Workload-aware Resource Management and Scheduling System
for Big Data Analysis

Luna Xu
(ABSTRACT)

The big data era has driven the needs for data analysis in every aspect of our daily lives.
With the rapid growth of data size and complexity of data analysis models, modern big
data analytic applications face the challenge to provide timely results often with limited
resources. Such demand drives the growth of new hardware resources including GPUs, FP-
GAs, SSDs and NVMs. It is challenging to manage the resources available in a cost restricted
environment to best serve the applications with different characteristics. Extant approaches
are agnostic to such heterogeneity in both underlying resources and workloads and require
user knowledge assisted manual configuration for best performance. In this dissertation, we
design, and implement a series of novel techniques, algorithms, and frameworks, to real-
ize workload-aware resource management and scheduling. We demon strate our techniques
for efficient resource mangement across memory resource for in-memory data analytic plat-
forms, processing resources for compute-intensive machine learning applications, and finally
we design and develop a workload and heterogeneity-aware scheduler for general big data
platforms.

The dissertation demonstrates that designing an effective resource manager requires efforts
from both application and system side. The presented approach makes and joins the ef-
forts on both sides to provide a holistic heterogenity-aware resource manage and scheduling
system. We are able to avoid task failure due to resource unavailability by workload-aware
resource man agement, and improve the performance of data processing frameworks by care-
fully scheduling tasks according to the task characteristics and utilization and availability of
the resources.

In the first part of this dissertation (Chapter 3), we focus on the problem of configration-
based memory management for in-memory data analytic platforms and how we dynamically
manage the memory resource based on workload runtime information. We further extend
optimize memory usage by optimizing the data partition size and scheme (Chapter 4). In
the second part of this dissertation (Chapter 5), we design and develop a dynamic hardware
acceleration framework that utilizes both CPU and GPU processors to acceleterate both
dense and sparse matrix operations for machine learning applications. In the third part of
this dissertation (Chapter 6), we propose a framework that are able to host different types
of applications in the same set of resources with workload-aware resource allocation. In the
fourth part of this dissertation (Chapter 7), we combine all the previous resource findings and
techniques, and present a heterogeneity-aware Spark scheduler that is aware of both task
characteristics and also heterogeneity of underlying resources. We also prove that simple
heuritics and algorithm are effective and improve performance of big data applications.
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(GENERAL AUDIENCE ABSTRACT)

Clusters of multiple computers connected through internet are often deployed in industry for
larger scale data processing or computation that cannot be handled by standalone comput-
ers. In such a cluster, resources such as CPU, memory, disks are integrated to work together.
It is important to manage a pool of such resources in a cluster to efficiently work together to
provide better performance for workloads running on top. This role is taken by a software
component in the middle layer called resource manager. Resource manager coordinates the
resources in the computers and schedule tasks to them for computation. This dissertation
reveals that current resource managers often partition resources statically hence cannot cap-
ture the dynamic resource needs of workloads as well as the heterogeneous configurations
of the underlying resources. For example, some computers in a clsuter might be older than
the others with slower CPU, less memory, etc. Workloads can show different resource needs.
Watching YouTube require a lot of network resource while playing games demands powerful
GPUs. To this end, the disseration proposes novel approaches to manage resources that
are able to capture the heterogeneity of resources and dynamic workload needs, based on
which, it can achieve efficient resource management, and schedule the right task to the right
resource.
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Chapter 1

Introduction

Big data analysis has become an essential technology for industry and science. Transcending
the previous big data boom era, now more complex data analysis with machine learning
and deep learning techniques are required to draw insights from data in many fields, includ-
ing business, finance, politics, and science. This demand for data and large-scale analytic
tasks has motivated the development of both software and hardware. MapReduce [17] based
distributed data processing frameworks are widely deployed in industrial companies like
Google, Amazon, Microsoft, etc. More frameworks are being developed since Hadoop [31],
including Spark [218] and Dryad [108]. Apart from the general MapReduce frameworks, the
distributed learning framework community has recently developed large-scale deep learning
frameworks and tools such as Tensorflow [33], PyTorch [32], Caffe2 [110], and Theano [38],
with more to come. Software has made data analysis easier and more convenient for users;
however, it also has introduced complexity and diversity to big data processing tasks. The
development of applications and the scale of data drive the development of new hardware
for better and faster execution. For example, there are new processing resources with spe-
cialized computing power such as GPUs and ASICs, and improved energy-efficiency such as
FPGAs, as well as storage resources such as SSDs and NVMs. It is challenging to manage
the resources available in a cost-restricted environment. As a result, heterogeneous setups
have been adopted in production to support different tasks. To efficiently support as many
applications as possible, resource management plays an important role in extracting the
resources’ capabilities and orchestrating them to serve the applications.

1.1 Motivation

Typical big data frameworks are deployed either in standalone distributed mode or on top
of a cluster resource manager such as YARN [187] and Mesos [103]. In standalone mode, the
framework adopts a master-slave scheme in which the master collects resource information
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from the slaves running on each node and schedules tasks. In such a setting, the resources
are usually partitioned into fixed amounts of units (i.e., size of memory and CPU cores) for
the tasks to run inside. Neither the master nor the slaves are aware of the heterogeneity of
the underlying resources and the master schedules tasks based on data locality. This can lead
to the problem of task failure due to insufficient resources (e.g., OutOfMemory) or inefficient
scheduling decisions (e.g., a GPU task is forced to run with the CPU in a CPU-only node).

Current resource managers like YARN and Mesos have limited support for heterogeneous
hardware resources. They either virtualize the resources into homogeneous units or require
manual labeling for each resource. Furthermore, they entail a two-level mechanism in which
they are agnostic about application characteristics and require the application to request the
right resource to be allocated. This approach burdens users on both sides; often, it is im-
possible to predict resource usage beforehand. Moreover, without an overview of the whole
cluster, the scheduler might lose the opportunity for dynamic scheduling and resource over-
lapping. This causes inefficient utilization of resources and a lack of flexibility to reschedule
tasks during suboptimal task allocation.

To address the above issues, this dissertation proposes, designs, and implements a series of
novel techniques, algorithms, and frameworks to realize workload-aware resource manage-
ment and scheduling. This dissertation demonstrates our techniques for efficient resource
management across memory resources for in-memory data analytic platforms and processing
resources for compute-intensive machine learning applications. We designed and developed
a workload- and heterogeneity-aware scheduler for general big data platforms. The overar-
ching goal of this dissertation is to improve the efficiency and flexibility of modern storage
applications using resource and functional partitioning.

In the next sections, we briefly describe the research problems, proposed research method-
ologies, and evaluation results of the work included in this dissertation.

1.1.1 Memory Management for In-memory Data Analytics

MapReduce [17] has been the de-facto distributed processing model for big data analytics
due to its ease-of-use and ability to scale. Key to the performance of MapReduce is its ability
to cache intermediate data, especially for many iterative applications [218]. In-memory data
analytic platforms such as Spark [218] and M3R [174] utilizes memory resources for data
caching and thus outperform Hadoop [31] by more than 10 times by reducing I/O. However,
memory is a limited and costly resource in terms of capacity with high demand. Moreover,
memory plays different roles, such as data caching, shuffle page caching, and task execution
consumption. Memory management in big data analytic platforms affects the utilization of
all these roles, thus impacting application performance in complicated ways. Hence, it is
crucial to optimally manage memory resources for different uses to achieve high performance.

In this work, we discovered that it is impractical to find an optimal solution for all workloads.
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Therefore, we adopted a dynamic approach based on heuristics 3 and machine-learning-
enabled knowledge 4 to provide adaptive memory management for each workload.

1.1.2 Exploiting Specialized Accelerators for Big Data Analytics

With the prevalence of machine learning and deep learning applications, more data centers
are adopting hardware accelerators such as GPUs, ASICs, FPGAs, and specialized CPU in-
structions [104] for matrix operations to achieve high performance [123, 144, 145]. However,
it is non-trivial to exploit accelerators available in a cluster for scale-out data processing
frameworks due to the fundamental design choices made by each. Scale-out data processing
frameworks such as Spark often focus on scalability, fault tolerance, and workload balancing,
but do not typically factor in techniques to support individual nodes’ hardware accelerators.
However, scale-up solutions focus on parallelism at fine granularity, such as SIMD and SIMT
models, and each scale-up solution typically targets specialized operations for the specific
target hardware accelerator. Thus, it is challenging to integrate different hardware accel-
eration techniques into general propose big data processing frameworks through a single
run-time solution.

Hence, this work provides a run-time solution for utilizing off-chip accelerators in big data
platforms, as well as an online algorithm to determine the best processors for a task.

1.1.3 Workload-aware Heterogeneous Resource Scheduling

Big data processing systems such as Spark are employed in an increasing number of diverse
applications, such as machine learning, graph computing, streaming, and scientific com-
puting, each of which has dynamic and different resource needs. Furthermore, some jobs
comprise rich multifaceted workflows with both compute-intensive and data-intensive tasks.
Such workflows might involve not only one programming paradigm, such as MapReduce,
but also other programming models, such as MPI [15], for compute-intensive jobs with com-
plicated communication patterns. It is important to orchestrate underlying resources for
different applications’ requirements to achieve better resource utilization, workload balance,
and performance for applications. However, it is challenging to make an optimal schedul-
ing decision at run-time, especially when applications with heterogeneous resource demands
run in a heterogeneous environment in which each node has different hardware capabilities,
which has been proven to be NP hard [98].

This part of the dissertation tackles the above problems by presenting GERBIL, which can
schedule different workloads such as MPI and MapReduce in the same set of resources.
Moreover, we took a step forward into fine-grained task-level scheduling with RupPAM, a
heterogeneity-aware task scheduling system for big data platforms that considers both task-
level resource characteristics and underlying hardware characteristics, and preserves data
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locality.

1.2 Research Contributions

From the above three aspects, we demonstrate that we can improve the performance of big
data analytics by carefully managing available resources and scheduling tasks according to
the workload characteristics and resource availability and utilization.

Overall, this dissertation presents innovative systemic and algorithmic approaches to tackle
resource management problems in existing big data analytic systems.

We discovered contention on multi-dimensional resources at framework run-time and mit-
igated the impact of resource contention and task skewness with dynamic resource provi-
sioning and task scheduling. We explored heuristics for scheduling heterogeneous tasks in
heterogeneous environments. We also studied different scheduling policies to minimize the
job wait time in a multi-tenant environment. We opportunistically utilized available out-
of-core accelerators for compute-intensive jobs such as machine learning and deep learning
applications. As a result, we were able to demonstrate that our approach provides per-
formance improvement according to metrics including overall execution time for different
kinds of applications, with a detailed breakdown of each stage/operation, as well as system
metrics (e.g., system utilization, cache hit ratio, etc.). In the following, we highlight this
dissertation’s specific research contributions.

Memory Management for In-memory Data Analytics In this work, we first present
the problem of the existing memory management scheme that partitions memory space
into static regions for different uses in Spark. We empirically detected memory con-
tention among different usages, which leads to the OutOfMemory error and greatly
degrades overall performance. Based on our observation of the dynamic memory con-
sumption and the need for different usages of a workload during execution, we designed
MEMTUNE, a dynamic memory manager for in-memory data analytics. MEMTUNE
dynamically tunes computation/caching memory partitions at run-time based on work-
load memory demand and in-memory data cache needs. Moreover, if needed, the
scheduling information from the analytic framework is leveraged to evict data that is
unneeded in the near future. Finally, MEMTUNE also supports task-level data prefetch-
ing with a configurable window size to more effectively overlap computation with 1/O.
Our experiments show that MEMTUNE improves memory utilization, yields an overall
performance gain of up to 46%, and achieves a cache hit ratio of up to 41% compared
to standard Spark.

We further studied the key factors that affect memory consumption during the execu-
tion of a workload. We found that memory usage, including shuffle and task execution,
is heavily influenced by data partitioning. This is because partitioning effectively de-
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termines task granularity and parallelism. Moreover, the different phases of workload
execution can have different optimal partitions. However, in current implementations,
the tuning knobs controlling partitioning are either configured statically or involve a
cumbersome programmatic process for affecting changes at run-time. Therefore, we
propose CHOPPER, a system for automatically determining the optimal number of par-
titions for each phase of a workload and dynamically changing the partition scheme
during workload execution. CHOPPER adopts a machine-learning-based approach to
decide the best partition scheme as a workload runs. As a result, CHOPPER further
improves workload performance by up to 35.2%.

Exploiting Specialized Accelerators for Big Data Analytics In this work, we pro-
vide a run-time approach to utilizing out-of-core accelerators such as GPUs for linear
algebraic operations that are widely used in data analytics. We discovered that it is not
always beneficial to utilize specialized accelerators that are well known for performance.
However, the benefits of offloading computation depend on the task characteristics and
input data. Based on this, we propose ARION, a hardware-acceleration-based approach
for scaling-up individual tasks in Spark. ARION dynamically schedules tasks to different
processing variants based on both workload statics and run-time resource utilization to
improve resource utilization and avoid resource contention. We demonstrate the bene-
fits of ARION for general matrix multiplication operations over large matrices with up
to four billion elements by using Gramian matrix computation that is commonly used
in machine learning. Experiments show that our approach achieves more than 2x and
1.5x end-to-end performance speed-ups for dense and sparse matrices, respectively,
compared to MLIib, a state-of-the-art Spark-based implementation.

Workload-aware Heterogeneous Resource Scheduling In our research, we noticed
the demand for incorporating multi-faceted workflows with both compute-intensive
and data-intensive tasks, as well as intricate communication patterns. However, extant
multi-cluster approaches are inefficient, as they require manual effort, including codes,
to interact with APIs provided by resource managers, with data movement across
clusters, and with porting across data formats. To this end, we designed GERBIL, a
framework for transparently co-hosting multiple applications on the same cluster. We
identified the wide needs for MPI and MapReduce applications and showcase GERBIL
with these two by addressing the fundamental mismatch between MapReduce-based
resource managers and MPI applications.

In later work, we further extended GERBIL by supporting more diverse applications,
such as machine learning, graph computation, and scientific computing, on heteroge-
neous clusters with RUPAM. RUPAM is a heterogeneity-aware task scheduling system
for big data platforms that considers both task-level resource characteristics and un-
derlying hardware characteristics, and also preserves data locality. RUPAM can support
all kinds of applications due to its task-level scheduling. It also supports clusters with
heterogeneous setups by run-time resource and bottleneck detection. Our experiments
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show that RUPAM can improve the performance of representative applications by up
to 62.3% compared with the standard Spark scheduler.

1.3 Dissertation Organization

The rest of the dissertation is organized as follows. In Chapter 2 we introduce the background
technologies and state-of-the-art related work that lay the foundation of the research con-
ducted in this dissertation. Chapter 3 presents a solution of effective memory management
for in-memory big data analytics. Chapter 4 presents method for optimal data partitioning
scheme for a given workload. Chapter 5 introduces a hardware acceleration based approach
for scaling-up individual tasks of Spark, and how we dynamically schedule tasks to different
processors for overall best performance. Chapter 6 describes the fundamental mismatch be-
tween MPI applications and existing resource managers for MapReduce, and how we bridge
the gap between these two to transparently co-host both applications in the same cluster.
Chapter 7 presents a heterogeneity-aware task scheduling system for big data platforms.
Chapter 8 concludes and discusses the future directions.



Chapter 2

Background

In this chapter, we provide background required for various aspects of our dissertation. This
dissertation focuses on leveraging workload information for effective and efficient resource
management to support the workload needs. This chapter summarizes the state-of-the-
art research that is closely related to the major theme described above. We also compare
them against our work by emphasizing the effectiveness, novelty, and benefits of proposed
techniques and algorithms in this dissertation.

2.1 In-Memory Data Analytic Frameworks

Memory Management for In-Memory Data Analytic Frameworks Memory man-
agement is a well studied topic. LRU is widely used in caches [34, 54, 153, 177] and also
the default in Spark, however, it does not factor in available dependency information as in
MEMTUNE. A number of distributed memory cache systems have also been designed for
data intensive parallel processing frameworks [13, 22, 41, 51, 53, 60, 100, 147]. MEMTUNE
learns from these projects, but goes further to obtain tasking scheduling orders from the
data analytics frameworks, and uses the information to prefetch and evict blocks as needed,
and manage memory across the different system components.Systematic approaches such as
iTask [87] resolve memory pressure by suspending and resuming running tasks. In contrast,
MEMTUNE focuses on memory resizing instead of managing the degree of parallelism and
thus avoids the issues of task interference.

Memcached [13] and Redis [22] are highly available distributed key value stores, which are
used to cache data in memory for large scale web applications [4, 27]. Megastore [60] offers
a distributed storage system with strong consistency guarantees and high availablility for
interactive online applications. These systems are complementary to MEMTUNE but are
designed for specific application domains and not general purpose framework such as Spark.
Grappa [147] provides a distributed shared memory allowing programmers to use the aggre-

7
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gated cluster resources as a large single machine. This is orthogonal to MEMTUNE as it does
not use memory cache, and iterative applications still use disk for intermediate results.

Dynamic JVM heap management [66, 212] enables multiple JVMs to concurrently run on the
same machine with reduced contention. MEMTUNE also dynamically changes the JVM heap
size, but uses different JVM metrics as the contention indicator. Moreover, MEMTUNE’s goal
is to reduce contention between different application tasks and operation within a JVM to
improve overall performance.

Parameter and memory tuning for large-scale data parallel computation have also been ex-
plored [30, 102, 125, 128, 132, 173, 196]. These systems and performance tuning guides pro-
pose either automatically change workload configurations or suggest configuration heuristics
for MapReduce frameworks, and are orthogonal to MEMTUNE design and aims.

Tachyon [127] offers a reliable in-memory distributed caching layer that caches intermediate
data across multiple frameworks. The key idea is using lineage to recompute lost data
in case of failures. In contrast, MEMTUNE focuses on dynamically adjusting the memory
allocation of task, shuffle and data caching based on application characteristics. Project
Tungsten [26] has been proposed to move the memory management from JVM heap to
off heap management. However, even when the memory is allocated off heap, the issue
of deciding how much memory to allocate to tasks, shuffle and intermediate data remains.
MEMTUNE is orthogonal and can be applied on top of project Tungsten.

The Spark open source community [28] has proposed to unify memory allocation within
Spark. However, the focus is on how to reallocate RDD cache capacity for shuffle usage
but not vice versa, and RDD cache management is left as is. In contrast, MEMTUNE
exploits DAG task scheduling information, and offers a comprehensive solution for memory
management of in-memory data analytic frameworks.

Optimizing Data Partitioning for In-Memory Data Analytic Frameworks A num-
ber of recent works have focused on improving the performance of big data processing frame-
works by designing better built-in data partitioning [43, 44, 50, 119, 120]. In the following,
we discuss projects that are closely related to CHOPPER.

Shark [201] supports a column-oriented in-memory storage, using RDDs [219], to efficiently
run SQL queries and iterative machine learning functions. This is achieved by re-planning
query execution mid-query if needed. Although Shark optimizes execution plan of a work-
load while the workload is running, unlike CHOPPER, Shark does not alter the number of
partitions at each Spark compute phase, which can help optimize data movement between
cluster nodes and load balance between tasks.

Spartan [106] automatically partitions the data to improve data locality in processing large
multi-dimensional arrays in a distributed setting. It transforms the user code into an ex-
pression graph based on high-level operators, namely map, fold, filter, scan and join_update,
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to determine the communication costs of data distribution between the compute nodes. Al-
though Spark can be used to implement Spartan, in contrast to CHOPPER, the partitioning
approach proposed in Spartan can not be applied directly to determine the optimal num-
ber of partitioning in Spark at each stage (where a stage may present unique execution
characteristics that may not be represented by high-level operators).

Repartitioning MapReduce tasks has been actively studied [81, 89, 124, 133]. PIKACHU [89]
improves load balancing of MapReduce [81] workloads on clusters with heterogeneous com-
pute capabilities. It specifically targets the reduce phase of MapReduce execution and sched-
ules jobs on slow and fast nodes such that jobs completion times are evened out across all
nodes. On the other hand, Stubby [133] optimizes the given MapReduce workflow by com-
bining multiple MapReduce jobs into a single job. It searches through the plan space of a
given workflow and applies multiple optimizations, such as vertical packing to combine map
and reduce operations from multiple jobs for reducing the network traffic. Similarly, Skew-
Tune [124] mitigates the skewness in MapReduce applications by first detecting if a node has
become idle in a cluster and then by scheduling the longest job on the idle node. The opti-
mizations proposed in these systems share the goal of repartitioning with CHOPPER, but are
specific to MapReduce programming model, and can not be applied directly to improve the
partitioning scheme in a Spark application. This is because, the data partitioning for Spark
need to consider characteristics across multiple compute phases within a workflow, and not
just Map and Reduce phase. This concept can also help in virtual machine management in
cloud computing [158].

The Hardware Accelerated Range Partitioning (HARP) [197] technique leverages special-
ized processing elements to improve the balance between memory throughput and energy
efficiency by eliminating the compute bottlenecks of the data partitioning process. HARP
makes the case that using dedicated hardware for data partitioning outperforms its software
counterparts and achieves higher parallelism. The approach proposed in HARP is orthogonal
to our work, and can be used in conjunction with CHOPPER.

Several other works also propose solutions to optimize the data partitioning problem in order
to improve the processing and storage performance of multi-processor systems [70, 78, 121,
184, 226], cloud storage systems [45, 46, 47, 168, 190, 211|, database systems [42, 48, 49,
52, 74, 146, 160, 164, 198, 225], and graph processing systems [72, 95, 170, 183]. While not
directly applicable to the context of Spark and CHOPPER, the techniques proposed in these
works can be leveraged in CHOPPER to further improve the data partitioning approaches
inline with other system-level constraints, e.g., storage optimization.

2.2 Hardware Acceleration in Big Data Analytics

Advancing the computational capability of fundamental mathematical operations such as
matrix operations is critical to brining large scale data analytics to bear upon knowledge
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discovery across domains [63, 150]. For instance, scalable matrix inversion has been studied
both with Hadoop [200] and Spark [135]. Elgamal et al. [85] show that optimizing matrix
operations can improve both scalability and performance of ML algorithms. Gittens et.
al [94] investigated both performance and scalability of the randomized CX low-rank matrix
factorization on Spark. Zadeh et. al [215] optimize Singular Value Decomposition (SVD)—
which can be considered as a form of matrix factorization—in Spark by distributing matrix
operations to the cluster while keeping vector computations local to the driver node. In
addition, scaling up individual machines for enhancing the throughput of matrix computa-
tions is also promising. For instance, numerous works have focused on optimizing GEMM
operations [123, 144, 145] and, in turn, ML algorithms [35, 110, 136], through exploiting
GPUs.

The Spark community has also initiated discussions regarding utilizing hardware accelera-
tions from within the Spark [55, 56] platform, so as to realize the benefits from hardware ac-
celeration for increased throughput of matrix computations on individual nodes [71, 113, 165].
To this end, a preliminary study about using hardware optimized libraries for both CPU and
GPU on a single machine for matrix multiplication in Scala has shown promising results [185].
Similarly, HeteroSpark [131] showed that RMI can be used to reduce communication over-
heads between CPU and GPU in Spark. SparkNet [142] provides a Spark interface to use
Caffe framework [110] for training large-scale deep neural networks, where the instance of
Caffe framework on each node can use GPUs, and Spark maintains data on system mem-
ory, managed by CPUs. However, many challenges remain when employing combining the
above scale-out and scale-up techniques. Some approaches are not applicable to general data
analysis [142], and further, utilizing hardware optimized libraries often requires an in-depth
understanding of the hardware characteristics for each computation in data analysis pipeline,
which tends to be cumbersome and impractical. Consequently, efficient utilization of hard-
ware acceleration in a cluster is not available in popular distributed matrix computation
packages such as ScaLaPACK [64], PLAPACK [40], CombBLAS [68], and Elemental [162].
While the focus of the above approaches is different, they essentially offer C/C++ pro-
gramming libraries atop MPI library. Our approach is complementary to these works and
aims to reconcile the Spark philosophy of providing a general-purpose, fault-tolerant data
analysis platform with benefits of using hardware optimized libraries for extracting higher
performance, specifically for crucial matrix multiplication operations.

2.3 Heterogeneity-aware Resource Management

Resource Management for Heterogeneous Workflows A number of recent works fo-
cus on bringing MPI and MapReduce models together. Ye et al. [213] proposed a modified
OpenMPI that allows MPI jobs to run on Hadoop clusters via the Hadoop streaming [24]
interface. Bai [59] implemented a hybrid framework of iterative MapReduce and MPI. These
approaches have used Hadoop 1.0, and are limited in scope or are specialized. In contrast,
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GERBIL leverages the state-of-the-art YARN and provides general-purpose support for un-
modified MPI applications on YARN. Conversely, projects such as MapReduce-MPI [18],
DataMPT [137], and MR+ [19] supports MapReduce or Hadoop-friendly data-intensive jobs
on MPI resources. However, these approaches do not port the well-established ecosystem
around Hadoop, and thus are limited in utility. In contrast, GERBIL brings the entire MPI
support to YARN and thus is expected to have easier transition and faster adaptation. The
closest concept to GERBIL is Hamster [6], which was originally left unfinished but has recently
been worked on by Yang et al. [29]. While Hamster also aims to support MPI applications on
YARN, GERBIL is different and unique in its focus on efficiently provisioning and allocating
resources. GERBIL also provides different resource allocation strategies that allow users to
better match the resource allocation to the needs of their applications.

A number of works [9, 39, 193] also provide better application workflow processing by gen-
erating multi-language and multi-environment sub-workflows that can then be executed on
clusters supporting the language/environment, and are complementary to GERBIL. However,
GERBIL supports execution of two different models on the same set of resources and offers
an integrated solution that avoids issues of supporting multiple types of resources/clusters
and unnecessary data movement.

Task Scheduling for Big Data Frameworks in Heterogeneous Environment Rolling
server upgrades is a common practice in large scale clusters and data centers, which inher-
ently make the systems more heterogeneous [126, 155]. Thus, extensive work [65, 93, 103,
161, 171, 179, 180, 182] has been conducted for sharing heterogeneous clusters among mul-
tiple applications in both cloud environments and local clusters. These works focus on
multi-tenancy environment and allocate resources in a heterogeneous environment to an ap-
plication based on application types. In contrast, RUPAM monitors and captures the diverse
task and hardware characteristics, and thus aims to create a fine-grained resource scheduler
with the aim to improve performance for individual tasks instead of just at application level
(as applications can have tasks with varying demands). The design of RUPAM is orthogonal
to works on heterogeneous resource management, and can co-exist and benefit from them as
a second-level scheduler.

Scheduling optimization for MapReduce jobs in heterogeneous environment is also exten-
sively studied both for Hadoop [36, 86, 90, 188, 192, 216] and Spark [209]. Here, techniques
such as straggler detection via progress rate and time estimation for better schedule and
reschedule tasks are used. These approaches rely on application monitoring to make reactive
scheduling decisions. In contrast, RUPAM considers task characteristics as well as resource
heterogeneity and utilization when scheduling a task. RUPAM also adopts the idea of reactive
scheduling as needed to avoid suboptimal decisions. Another aspect is taken up by works
such as [36, 65, 75, 92, 172], which consider the resource utilization when scheudling tasks.
However, heterogeneous cluster scheduling that considers multiple resources is a hard prob-
lem, both in theory [96] and practice[36, 98, 134]. The challenges here stem from the dynamic
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interactions between processes (or tasks) within a single application such as synchronization,
load balancing, and the inter-dependency between processes; and the dynamic interactions
between applications such as the interleaving resource usages with other collocated inde-
pendent workloads [210]. To reduce the complexity of the problem, these works focus on
dominant resource optimization per a stage and assumes all tasks in the same Map/Reduce
stage share the same resource characteristics. In contrast, RUPAM considers resource usage
pattern for each task and adopts a heuristic to reduce complexity and thus improve per-
formance. Tetris [98] proposes to pack multiple resources in a cluster for scheduling tasks.
It applies the heuristics for the multi-dimensional bin packing algorithm. However, Tetris
works with YARN in a homogeneous environment and assumes that tasks of a job have the
same resource requirements to reduce the search space. In contrast, RUPAM takes a step
further to consider both heterogeneous cluster resources and heterogeneous tasks, within
Spark’s own task scheduler.



Chapter 3

Dynamic Memory Management for
In-memory Data Analytic Platforms

3.1 Introduction

Emerging in-memory distributed processing frameworks such as Spark [217] and M3R [174]
are experiencing rapid growth and adoption due to their use in big data analytics. A cru-
cial reason for the success of these frameworks is their ability to persist intermediate data
in memory between computation tasks, which eliminates significant amount of disk 1/Os
and reduces data processing times. Consequently, for iterative jobs, in-memory processing
has been shown to outperform the well-established Hadoop [31] model by more than ten
times [217]. Such performance boost has led to the establishment of in-memory processing
as the enabling technology for different data analytic platforms. For instance, a comprehen-
sive ecosystem with a rich set of features has been developed atop Spark, including SQL
query [57, 201], machine learning [139], graph computing [202] and streaming [220].

The key resource enabling the performance acceleration of the above platforms is memory.
Failing to persist the whole working set in memory causes disk I/O or re-computation that
leads to performance degradation. However, not all memory can be used for caching; ap-
plications also require memory for processing and data shuffling. Thus, there are opposing
demands of caching and processing on the memory, which are growing with larger data sets
and complex analysis tasks. Reconciling these demands is non-trivial. The current approach
adopted in Spark is to statically configure memory partitions based on user specifications.
However, this entails that users have deep knowledge about their workloads including pro-
cess working set size, input data size, and data dependency. Given that the frameworks are
general purpose, such a “best configuration” differs significantly across workloads. Moreover,
determining a best configuration is hard and cumbersome and often not even possible as a
users may be simply employing a prepackaged analytics application and not intimately aware
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of its system-level characteristics. This is problematic, as we show in our evaluation that
there is a large penalty for using mismatched configurations. Furthermore, we have observed
that even in a single workload, the memory usage changes during execution. This is due
to the change of data dependency and task working set size. Thus, a static configuration
approach cannot capture such varying workload behavior, consequently leading to degraded
performance.

Dynamic memory tuning at runtime can help improve memory resource utilization and
reduce memory contention between data cache and process and shuffle memory. While
promising, this is a challenging task due to two reasons. First, dynamic tuning requires
accurate accounting information about both shuffle and tasks memory consumption, which
is not available, and memory tuning can be counterproductive when such information is
lacking. Second, it is difficult to decide which data to keep in memory and which data to evict,
especially when multiple datasets, e.g., Resilient Distributed Dataset (RDD) [217], needed
by the same processing stage cannot be fit into memory. Similarly, if consecutive stages
use different RDDs, caching of data from a previous stage may be useless and unnecessarily
increase the pressure on memory.

In this paper, we address the above problems and propose MEMTUNE, an approach that
uses dynamic Directed Acyclic Graph (DAG) [194]-aware memory tuning for DAG-based
in-memory distributed processing platforms. The goal of MEMTUNE is to improve over-
all memory utilization and reduce performance-degrading memory contention between data
cache, process and shuffle memory. MEMTUNE monitors the task memory consumption us-
ing statistics such as garbage collection duration and memory paging frequency, and uses the
information to dynamically change the data cache size. We also exploit the DAG execution
graph of tasks to prefetch data that would be needed by the next stages, thus overlapping
the computation and 1/O to improve performance.

Specifically, this paper makes the following contributions.

1. We empirically study and demonstrate the impact of memory contention, caching pol-
icy and data cache size on performance for workloads running on in-memory data
analytic platforms.

2. We design and implement MEMTUNE, a dynamic memory manager atop Spark, which
adjusts the cache size and cached data at runtime to capture varying workloads de-
mands and enhance performance.

3. We design and implement an automated algorithm that uses monitored memory statis-
tics and DAG execution flow to determine efficient data cache size and caching policy.

4. We evaluate MEMTUNE in Spark using representative and diverse workloads from
SparkBench [129]. Our results demonstrate that compared to static configuration,
MEMTUNE reduces workload execution time by up to 46%. Moreover, MEMTUNE
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Figure 3.1: Typical memory partitioning used in Spark.

effectively detects the desired memory demand of tasks in each stage and change the
data cache size accordingly, thus improving memory hit ratio by up to 41%.

3.2 Background and Motivation

In this section, we first discuss memory management used in Spark. Next, we motivate the
need for our proposed solution through an empirical evaluation of Spark on a local cluster,
SystemG [25].

3.2.1 Spark Memory Management

In Spark, data is managed as an easy-to-use memory abstraction called resilient distributed
datasets (RDDs) [217]. An RDD is a collection of objects partitioned across a set of machines.
Each machine retains several partitions (blocks) of an RDD in memory. An RDD block can
be replicated across nodes for resiliency, and blocks can also be recomputed based on the
associated dependencies if the data is lost due to machine failure. Computation is done in
the form of RDD actions and transformations, which can be used to capture the lineage of a
dataset as a DAG of RDDs, and help in RDD (re)creation as needed. Such DAGs of RDDs
are maintained in a specialized component, DAGScheduler, which also schedules the tasks
as needed.

Spark is deployed using a driver program running on a master node of a resource cluster
and several executors running on worker nodes. Executors are launched as JAVA processes
within which all tasks are executed. Each executor allocates its own heap memory space for
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caching RDDs. Figure 3.1 shows the memory partitions used by an executor. By default,
Spark allocates a maximum of 90% of the heap memory size as safe space for RDD cache and
shuffle sort operations, and reserves the remaining 10% of the heap for tasks processing. The
figure shows how the safe space is further partitioned for RDD storage, shuffle sort operations,
and RDD serialization/deserialization. If the assigned RDD cache is full, any remaining RDD
blocks will either be re-computed or spilled to disk based on user specification, i.e., under
Spark options MEMORY _ONLY and MEMORY_AND DISK, respectively.

3.2.2 Empirical Study

The memory management adopted in Spark is static. However, as discussed earlier, workload
variance implies that such fixed memory partitioning may not offer the best performance.
To quantify the impact of memory management on workload performance, we conduct an
empirical study using SparkBench [129], a comprehensive benchmark suite for Spark. We
use Spark version 1.5, the latest release of Spark, with Hadoop version 2.6 providing the
storage layer. All experiments are done on 6 nodes of our SystemG cluster. Each node has
two 4-core 2.8 GHz Intel Xeon processors and 8 GB memory, and boosts a 1 Gbps Ethernet
interconnect. One of the nodes is configured to be the master node and the others as workers
for both HDFS and Spark. We configure each worker node to have one executor with 6 GB
memory, leaving the remaining memory for OS buffer and HDF'S data node operations. Each
executor has 8 task slots, one for each CPU core. We repeated each experiment 5 times, and
in the following report the average results.

Memory Contention

In our first test, we study the performance under varying configurations such as persistence
level and spark.storage.memoryFraction values. We study two persistence levels, the
default MEMORY_ONLY and MEMORY_AND DISK. For this test, we use the Logistic Regression
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workload. We ran the workload with an input data size of 20 GB, with 40 G B total system
memory capacity. We change the configuration parameter from 0 to 1, i.e., from no memory
to cache RDDs to all of the memory used for caching. We set the workload iteration limit
to three to ensure that the experiment can finish in a reasonable amount of time without
sacrificing the accuracy of the inferences drawn.

Figure 3.2 shows the overall execution time that includes compute time and garbage col-
lection (GC) time of the workload under the default level of MEMORY_ONLY with increasing
spark.storage.memoryFraction. We record the GC time in each executor during the work-
load execution and report the average here. We can see that the overall performance is the
best when the parameter is configured to a value of 0.7. Lower values result in larger com-
pute time. This is because there is not enough memory for caching RDDs, forcing needed
RDDs to be recomputed. We also found that when the parameter value is configured to a
higher value (from 0.8 to 1), the overall execution time is once again increased. Upon closer
inspection, we find that the reason for this increase is that the GC time is now increased due
to less memory being available to the JVM, which causes more frequent garbage collection.
Thus, simply allocating more memory to RDD caching is not beneficial.

Note that the compute time includes RDD computation, task computation and framework
overhead. Increasing the memory fraction for RDD increases contention with the executor’s
other tasks. This is because Spark utilizes part of the executor memory for RDD storage,
meanwhile tasks are also launched inside the same executor. If too much memory is allocated
for RDD caching, the executor will again incur a huge GC overhead, resulting in degraded
performance.

Figure 3.3 shows that a similar behavior is observed under MEMORY_AND DISK as well. With
this persistence level, the GC overhead is not as pronounced as the default memory-only
level. This is because spilling RDDs to disk avoids recomputation, which in turn decreases
memory contention.

From this test, we see that to get the best performance, we need to balance the memory
fraction between RDD cache and compute memory consumption. For the above case, the
best fraction turned out to be 0.7, but this may not hold for other real workloads that
exhibit different characteristics. For example, memory-intensive workloads such as Logistic
Regression require more memory for tasks to execute, while I/O-intensive workloads such as
TeraSort require less memory but have frequent accesses to data. Static configuration relies
heavily on users’ knowledge about the workload characteristics as well as the deployment
setup to find the best configuration. To remedy this, the Spark community recommends using
a value of 0.6 for spark.storage.memoryFraction, which works for general workloads with
modest input data sizes and system set up. However, this approach fails to handle big input
data sizes (OutOfMemory error was thrown during our test runs with big data sizes). The
value is also not suitable for long running jobs with varying characteristics. To investigate
this further, we ran several experiments with different workloads and input sizes and show
the results in Table 3.1. The table points out the maximum input data size that Spark
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Workload Input size (GB)
Logistic Regression 20
Linear Regression 35
Page Rank 2
Connected Components < 1 (16M nodes, 99M edges)
Shortest Path 6

Table 3.1: Maximum input size under Spark with default configurations.

was able to handle using the community-suggested parameter values without OutOfMemory
errors. Note that for some workloads the problem started with as small an input as 1 GB,
which is a worrisome observation for a big data processing framework.

Static Configuration

Once set, static configuration is effective throughout an application execution, which makes
it hard to adapt to workloads with dynamic memory demands. For example, Figure 3.4
shows the memory use of TeraSort. We set the RDD cache size to 0 in order to observe
the task memory consumption. We observe a burst in the memory usage after about 8
minutes. Under static configuration, a user would have to configure the RDD cache size
to a small number throughout the execution to accommodate such a burst in task memory
requirement, thus losing the opportunity to utilize the memory for RDD cache in earlier
stages. An ideal dynamic approach, on the other hand, can start with more memory for
RDD, reap the benefits of caching, and then reduce the RDD memory to accommodate the
burst and so on. MEMTUNE aims to realize such dynamic management.

Memory Management Policy

Spark uses LRU [153] policy for evicting RDD blocks from memory. If a block is evicted, it is
not brought back to memory again, and accessed directly from disk or re-computed in cases
it is accessed again. The policy is effective, but does not consider an RDD’s dependency and
need for future stages, information that is available in the workflow DAG. For example, in the
Shortest Path workload, there are 7 stages and 5 RDDs (RDD3, RDD16, RDD12, RDD14,
and RDD22) need to be cached. Among the 7 stages, 5 stages have RDD dependencies.
Table 3.2 shows the RDD dependencies and the total sizes of the RDDs for this workload.
Figure 3.5 shows the RDD sizes in the beginning of the 5 stages that have RDD dependencies.
In contrast, Figure 3.6 shows the ideal RDD sizes that the stage needs. Note that with default
configuration in our test cluster, we have 14 G B in total for RDD storage.

We can see that for stage 3 and stage 4, LRU works well. However, stage 5 is solely dependent



3.3. SYSTEM DESIGN 19

18 RDD3 ¢ N RDD12 @i RDD22 Liinw 18 RDD3 ¢ Y RDD12 @ RDD22 COoam

16 I RpDD16 RDD14 mwmsss Empty ("7 16 I RDD16 & RDD14 e  Empty (7
D 14 B oMy
E‘; 12 5 12 §
P 10 o 10
> 8 > 8
g 6 g 6
s 4 s 4

2 2 o

O S, Sty Stay. Stay. S O S Sm S e S

lage 5 “@ge 4 “'0e 5 V'age ¢ “age ¢ lage 5 age 4 “@96 5 “'age ¢ “'age g

Figure 3.5: RDD sizes in memory in dif- Figure 3.6: Ideal RDD sizes in mem-
ferent stages of Shortest Path under default ory based on stage RDD dependencies of
configurations. Shortest Path.

Stages RDD3 RDD16 RDD12 RDD14 RDD22
(18.7G) (4.8G) (4.8G) (11.7G) (12.7G)

Stage 3 X

Stage 4 . X X
Stage 5 X

Stage 6 . X

Stage 8 . X

Table 3.2: RDD dependencies for different stages of Shortest Path. ‘x’ and ‘-’ denote whether a
stage is dependent on an RDD or not, respectively.

on RDD3, but some RDD3 blocks are evicted in stage 4. Also, stage 6 and stage 8 are
dependent on RDD16, while no RDD16 is cached in memory because it is completely evicted
from memory after stage 5. Since the evicted RDDs will not be brought back to memory
again, there is extra empty room left in both stages. This RDD placement policy leads to
an inefficient use of memory resource. MEMTUNE aims to address this by designing better
workload-aware memory management.

3.3 System Design

In this section, we first describe the architecture of MEMTUNE, followed by how we achieve
dynamic memory tuning and RDD cache management.

3.3.1 Architecture Overview

Figure 4.5 shows the overall architecture of MEMTUNE. Although we have implemented
MEMTUNE atop Spark, MEMTUNE can also work in multi-tenancy environments with other
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API Description

double getRDDCache (AppID aid) Returns the current RDD cache ratio for the application
with ID aid.

void setRDDCache (AppID aid, Sets the RDD cache ratio to value rddCacheRatio for

double rddCacheRatio) the application with ID aid.

void setPrefetchWindow(AppID Sets the prefetch window with a value prefetchWindow

aid, double prefetchWindow) for the application with ID aid.

void setEvictionPolicy(AppID Sets the RDD eviction policy for the application with

aid, EvictionPolicy ep) ID aid.

Table 3.3: Key APIs provided by MEMTUNE.

cluster resource managers such as YARN [187] and Mesos [103]. This is because MEMTUNE
manages resources that are provided to it, and thus can naturally extend to containers
supported by YARN or Mesos like systems.

MEMTUNE has two key centralized components, controller and cache manager, and a dis-
tributed component, monitor that is implemented within each executor on participating
nodes. The controller implements the main logic flow of MEMTUNE, such as determining
and setting the RDD cache size for each stage, the RDD eviction policy, and the prefetch
window size. The cache manager implements the APIs described in Table 3.3. The dis-
tributed monitors are responsible for gathering runtime statistics such as garbage collection
time, memory swap, task execution time per stage, and input and output dataset sizes. The
monitor is designed to be an extensible component so that additional information can be
easily captured as needed.

After an application is submitted through spark-submit scripts, Spark launches a Spark
driver program together with a SparkContext object. Within SparkContext, MEMTUNE’s
controller and cache manager are instantiated along with the DA Gscheduler and BlockMan-
agerMaster. Next, Spark launches its executor components on the participating nodes, which
results in the MEMTUNE monitors being deployed on the cluster as well. The controller peri-
odically gathers data from each monitor and uses the information to adjust RDD cache sizes
on nodes, and if needed, selects blocks to evict or prefetch. The controller then communi-
cates this information to the cache manager, which in turn invokes the BlockManagerMaster
requests to perform the needed operations and execute the commands on the working nodes.

To support dynamic memory configuration, we modify BlockManagerMaster to allow dy-
namically changing of RDD cache sizes and triggering RDD eviction if the cache is now
smaller than the cached data. MEMTUNE supports a set of APIs for this purpose, as
shown in Table 3.3. Typically, MEMTUNE will use these APIs to manage RDD cache auto-
matically. However, the APIs also allow users to explicitly control RDD cache ratios, RDD
eviction policy and prefetch window during application execution. MEMTUNE automatically
manages the RDD cache by efficient eviction and prefetching with a dynamically-adjusted
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Figure 3.7: System architecture of MEMTUNE.

prefetch window. By considering application I/O demands in controlling the prefetch window
size—which determines how much data to be prefetched from disks to memory—MEMTUNE
effectively overlaps computation with disk I/Os and avoids I/O contention.

3.3.2 Dynamically Tuning RDD Cache and JVM Heap Size

As shown in Figure 3.1, the JVM memory is used by task execution, shuffle sort operations,
and RDD cache. It is crucial to coordinate the different needs, especially, when there is
a contention. Furthermore, node memory outside of JVM provides buffer space for shuffle
reads and writes. If there is not enough space to buffer the shuffle data, significant disk I/O
would occur, degrading performance. Thus, if the workload is not memory-intensive rather
shuffle-intensive, we can enlarge such buffer space by shrinking the JVM heap size. The
memory contention between such different needs is shown in Table 3.4. We observe that
there is no contention between shuffle and task execution. This is because shuffle operations
usually happen in the end (writes) or start (reads) of a stage. Spark determines a new stage
based on whether there is a shuffle operation or not, and the new stage does not have RDD
cache dependencies, rather the RDDs are obtained through shuffle reads. Although during
shuffle writes, there are RDD cache dependencies, data can only be written when tasks are
finished with their computation.

Moreover, a challenge here is that we need to ensure that applications can finish without
errors, because task failures due to memory errors are not recoverable. Consider how such
errors are handled in Spark. Upon getting a memory error, a user has to either reduce the
RDD cache ratio or increase the task’s parallelism, and then re-launch the entire application.
However, this is a trial-and-error approach, and the process may have to be repeated until
the out-of-memory errors disappear. This is cumbersome and frustrating especially if the
application is a long running one.
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Case# Shuffle Task RDD Contention Action

0 N N N N N/A

1 N N Y RDD TJVM, fTcache
2 N Y N Task TJVM

3 N Y Y Task, RDD TJVM, |cache
4 Y N N Shuffle;, RDD  |cache, |JVM

Table 3.4: Cases of memory contention and corresponding actions taken by MEMTUNE. Yes (Y)
and No (N) under the Shuffle, Task and RDD columns denote whether there is memory contention
detected for that usage.

We leverage the above observations in MEMTUNE to prioritize and first allocate sufficient
task memory, then shuffle sort memory, shuffle buffer, and finally RDD cache. It is chal-
lenging to determine both the task and shuffle memory demands. Currently MEMTUNE
adopts indicators of GC ratio and swap ratio, as well as three different thresholds, Th_GCup,
Th_-GCdown, and Th_sh to determine whether there is enough memory for task execution
and shuffle operations. The indicators can be extended to other indicators with more accu-
racy such as task memory footprint in the future. Currently, the thresholds are set based on
observations from our experimentation, but they can also be exposed to users in the form
of parameters. For the RDD cache, we start with the maximum fraction of 1 instead of
the default of 0.6, and adjust it dynamically as needed to accommodate other demands as
follows. If the monitors detect a shuffle operation, it implies that there is currently no need
to access the RDD cached data. In this case, we prioritize shuffle operations over RDD cache
and reduce the cache size. Conversely, if the tasks are not in the shuffie phase, we allocate
more memory for the RDD cache while also ensuring (using the GC etc. indicators described
above) that the tasks have enough memory for execution.

Table 3.4 classifies five cases of contention and the corresponding actions performed by
MEMTUNE. There are two tuning knobs to mitigate the contention, namely the JVM size
and the RDD cache size. By default, we set the JVM heap size to the maximum available
memory of each physical node to maximize utilization. We tune the JVM size asymmetrically,
in the sense that we prefer to only reduce the JVM size temporally when we detect shuffie
contention. We always first increase JVM size whenever we detect task or RDD memory
contention, if JVM heap size has been set to less than the maximum memory allocation in
a prior epoch. If the JVM heap is already at its maximum value, we proceed as follows. If
there is RDD contention only, we conservatively increase the RDD cache size by one unit.
If there are both Task and RDD contention, priority is given to Tasks and the RDD cache
size is reduced by one unit. Finally, if there is shuffle contention, both the RDD cache and
JVM heap size are reduced by the same amount gy, i.e., we give a portion of the memory
allocated to RDD cache to shuffle (before giving up the memory allocated for tasks). Note
that if there is no contention, MEMTUNE does not perform any actions in the current epoch.

The main loop (line 4 to line 20) of the Algorithm 20 shows the steps taken by the controller
when we cannot simply increase the JVM heap size to mitigate memory contention. Using
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Algorithm 1: Controller workflow algorithm.

Input: block_size, RDD size, shuf fle_size
begin
RDD list < calculate dependent RDD list of the stage;
if RDD size <sizeof (RDD _list) then
| prefetch(window_size);
end
while true do
{gc, swap} <+ get GC and page swap information from monitor;
gc_ratio <—caculate_gc ratio(gc);
swap_ratio é—calculate,swap,ratio(Sluap);
if gc_ratio > Th_.GCup then
RDD size— = block _size;
evict_rdd(block_size);

end

if swap_ratio > Th_sh then

Qgp, < block_size X number_of tasks;

RDD_size— = agy;

evict_rdd(ayy);

shuf fle_size+ = agp;

jum_size— = Qg

end

if gc_ratio < Th_GCdown then
‘ RDD _size+ = block_size;

end

sleep(H);

end

end

the periodically gathered runtime statistics (GC time and page swap amount) from the
monitor, MEMTUNE calculates the GC ratio and swap ratio, and checks if the GC ratios
exceeds Th_GCup, i.e., an upper threshold for GC ratio. If this is the case, MEMTUNE
determines that there is a memory shortage for tasks and reduces the RDD cache size by
one unit size. We choose one RDD block size as the unit size because this is the minimum
amount of RDD cache size that we can evict to release memory. Next, if the swap ratio
for an executor exceeds the Th_sh, it means that memory is needed by the N, tasks that
are performing shuffle in the executor. To provide the memory, we reduce the RDD cache
by N, units to ensure that none of the shuffle tasks suffer from swapping. We also increase
the shuffle sort size and decrease the JVM heap size to give more memory for I/O buffers.
Finally, if the GC ratio is too low (less than Th-GCdown) implying that the tasks are not



CHAPTER 3. DYNAMIC MEMORY MANAGEMENT FOR IN-MEMORY DATA ANALYTIC
24 PLATFORMS

DAGScheduler Stage1.RDD Task 1

Partition RDD
RDD.partition dependency
job.submit
RDD.action Stage 2

Partition
2 Task 2
Partition
n

Figure 3.8: Generation of tasks based on RDD dependency after an RDD action is submitted to
DAGSchduler.

using much memory, we increase the RDD cache size by one unit to give more memory to
the RDD cache. We conservatively set T'"h_GCdown smaller than T"h_GCup to give priority
to task execution memory. Note that the controller triggers these steps periodically so that
the size can be changed gradually. Even if the controller makes a sub-optimal decision in
the current epoch, it can be improved/corrected in the next epochs.

3.3.3 RDD Eviction Policy

Our automatic RDD cache manager may entail that some RDDs need to be evicted. For
this purpose, we do not employ the default LRU policy for RDD cache. Instead, MEMTUNE
leverages the DAG information generated by Spark task scheduler for selecting eviction
candidates.

As seen in Figure 3.8, an RDD action triggers SparkContezt to submit a job, which is then
handled by the DAGScheduler. The scheduler divides a job into stages based on RDD
dependencies, and submits the stages one by one. Each stage has a group of tasks that
actually performs the computation. These tasks are generated based on RDD blocks that
the tasks need to produce. Here, the controller calculates the RDD block dependency for each
block (gray blocks in Figure 3.8) and associates this information with the tasks for supporting
task-level prefetching later. Thus, in each stage of a job, we have a collection of tasks with
their dependent RDD blocks. We refer to this group of RDD blocks as hot_list. Note
that all RDD eviction and prefetching are within fine-grained block level. This enables the
controller component to have the DAG information for each stage. Moreover, the controller
can commence prefetching with a hot_list before the associated tasks are submitted. During
task execution, finished tasks are also tracked to help eviction as needed by adding the RDD
blocks of such tasks to a finished_list.

Two scenarios can occur that can trigger evicting RDD blocks. The first is when the con-
troller reduces the RDD cache size. In this case, the controller first scans the current in-
memory cached RDD blocks (memory_list) obtained from the cache manager. If a block is
found that does not belong to the hot_list, that block is chosen for eviction. Otherwise, a
block from the finished_list is evicted if it is not empty. If no eviction candidate is available
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so far, a block in memory_list with the highest partition (block) number is chosen since it
is least likely to be used right away. The choice of evicting high-partition number blocks is
based on the observation that Spark schedules tasks according to partition numbers in an
ascending order, so we are evicting a block to be used farthest in the future, i.e., effectively
an LRU policy. This eviction policy prevents eviction of current blocks that are in use.
Finally, the controller uses the cache manager to evict the chosen block and reduce the RDD
cache size.

The second eviction case arises when a new RDD block needs to be placed in memory, but
the cache is full or does not have sufficient room. The default behavior in Spark is to first
check if there are blocks of other RDDs in memory, if so, those are evicted. Otherwise, a
warning message is generated to indicate that blocks from the same RDD are being evicted,
and then LRU RDD blocks are spilled to disk. This is not desirable as blocks that may
be needed soon may be evicted even though the cache contains blocks on the finished_list
that are no longer needed. To remedy this, we changed the default policy to first evict
finished_list blocks before spilling others. The goal of MEMTUNE eviction policy is to
utilize RDD dependency information to achieve better caching performance. However, the
users can still use the explicit control APIs of MEMTUNE to implement their own custom
policies as needed.

3.3.4 Prefetch and Prefetch Window

The controller checks to see if all the dependent RDD blocks are cached at the beginning of
each stage (Algorithm 20 line 1 to line 3) and triggers prefetching as needed. MEMTUNE
goes further to also aggressively prefetch RDD blocks from disk to effectively overlap the
task computation and I/O. The intuition is that since we know the task scheduling sequence
and the task running status per machine, we have exact knowledge about which RDDs will
be accessed in the next epoch and can prefetch them into memory. One exception is that
when the tasks are determined to be I/O bound, indicating that there is little additional
disk bandwidth for prefetching, in which case prefetching is not done.

To achieve prefetching, the cache manager creates a prefetch thread running on each execu-
tor. The thread continuously prefetches data as long as the prefetch window is not filled.
MEMTUNE uses an initial prefetch window size that is twice the degree of task parallelism
(number of tasks in each executor). This is because tasks are executing in parallel, and
data are consumed in a wave (number of tasks). If the controller detects memory contention
and decides to drop an RDD block from memory, the window size will be decreased by one
wave. If no contention is detected for tasks and shuffle, the size is increased again to the
maximum used as the initial value. This policy also ensures that memory priority is given
to task execution.

MEMTUNE keeps a list of blocks to prefetch (prefetch_list) and a list of blocks that are
prefetched (cached_list). Upon trigger, the prefetching thread scans the RDD blocks that
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Figure 3.9: Execution time of studied workloads under the default Spark, MEMTUNE, MEMTUNE
with prefetch only, and MEMTUNE with tuning only. LogR: Logistic Regression, LinR: Linear
Regression, PR: Page Rank, CC: Connected Components, SP: Shortest Path.

are present in a node disk (disk_list), finds any RDD blocks that are in the hot_list, and puts
them on the prefetch_list. The prefetch_list blocks are then read one by one in ascending
order of partition numbers and placed on the cached_list. The prefetching continues until the
size of the cached_list is equal to the prefetch window size, which is a configurable parameter
as indicated above. When a task is started, access to any block on the cached_list results in
it being moved to the standard cached block (memory_list). This makes room for further
prefetching. The prefetching thread keeps track of the size of the cached_list and perform
prefetching whenever the size is less than the prefetch window.

3.3.5 Discussion

In a multi-tenant environment where there are multiple applications running at the same
time, we also need to consider other factors such as service level agreements (SLAs), job
priority, and overall system utilization when deciding the memory allocation. MEMTUNE
does not have a global system view, however, the underlying resource managers can instruct
MEMTUNE by setting a hard limit of JVM size so that MEMTUNE will not expand its
memory for an application beyond what is allowed. While inside this hard limit, MEMTUNE
strives to best utilize the memory resource. This would ensure that MEMTUNE improves
individual allocated memory utilization of each application.

3.4 Evaluation

In this section, we demonstrate the efficacy of MEMTUNE on our SystemG setup (described
in Section 3.2). We have implemented MEMTUNE in Spark by modifying about 20 classes.
Mainly, we modified the Spark DAGScheduler, BlockManagerMaster, BlockManager classes
to realize the controller, cache manager, and prefetcher components, respectively. We use



3.4. EVALUATION 27

the built-in function dropFromMemory to evict RDD blocks, and implemented a new helper
function loadFromDisk to load RDD blocks from disk to memory.

3.4.1 Overall Performance of MemTune

In our first test, we study the overall performance impact of MEMTUNE. For this purpose, we
use five workloads from the SparkBench [129] suite as shown in Table 3.1, with the maximum
input sizes that can be run on Spark without errors. Among these five workloads, Logistic
Regression and Linear Regression both have RDDs whose size is larger than the aggregated
cluster RDD capacity. On the other hand, the graph computation workloads (Page Rank,
Shortest Path and Connected Components) have smaller RDDs that can completely fit into
the RDD cache under the default Spark configuration. However the graph workloads cannot
complete successfully if we increase the input data size. Figure 3.9 shows the overall work-
load execution time under four scenarios: Spark with default configuration, MEMTUNE with
dynamic memory tuning only, MEMTUNE with prefetch only, and MEMTUNE with both
dynamic memory tuning and prefetching enabled. We can see that MEMTUNE performs
comparable or faster than the default Spark (up to 46.5% improvement) for all workloads.
Note that this performance improvement is compared against Spark with the default con-
figuration (storage.memoryFraction=0.6). MEMTUNE performs better than the optimal
configuration (storage.memoryFraction=0.7) shown in Figure 3.2. Page Rank, Connected
Components, and Shortest Path do not benefit much from MEMTUNE because the input
data size is not big enough to exhaust the memory and no RDD block is spilled to disk
under the default Spark setup. When we increased the data size, the default Spark emitted
OutOfMemory errors and failed the execution, while MEMTUNE was able to finish execution
without errors even with larger data set sizes. Moreover, except for Shortest Path, we see
that most workloads benefit from dynamic configurations more than data prefetching. This
is because most of these workloads are not CPU-intensive, resulting in short task execution
times, and thus do no leave enough time to overlap 1/O with computation through task-level
prefetching. However, prefetching was able to help Shortest Path by overlapping task com-
putation with I/O, and reduced the workload execution time by 46.5%. The overall average
performance gain across the studied workloads achieved by MEMTUNE is 25.7% compared
to the default Spark.

3.4.2 Impact of Garbage Collection

Next, we repeat the previous set of experiments and collect the total garbage collection (GC)
time on each executor during the entire application execution. We report the average ra-
tio of GC time to overall application execution time. Figure 3.10 shows that MEMTUNE
imposes bigger GC ration than Spark with default configuration. This is because of two
reasons: Spark does not exhibit a huge GC overhead under the default configuration of 0.6
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as shown in Figure 3.3. Secondly, dynamic memory tuning of MEMTUNE tends to increase
RDD storage size when GC is not significant. Finally, data prefetching provided by MEM-
TUNE tends to bring RDD blocks to memory, which also increases the memory utilization.
For Linear Regression, MEMTUNE has lower GC ratio compared to the Prefetch only case
since MEMTUNE decreases RDD cache sizes for task computation while RDD blocks are
prefetched.

3.4.3 Impact on Cache Hit Ratio

In our next test, we use Logistic Regression and Linear Regression to study the RDD cache
hit ratio under MEMTUNE. We do not use the graph computing workloads as they fit in
memory and have a 100% hit rate for the four studied scenarios. We can see in Figure 3.11
that prefetching under MEMTUNE results in the highest RDD memory cache hit ratio—up
to 41% improvement compared to the default Spark. In contrast, dynamic tuning yields
better hit ratios than the default Spark but not as higher as under the other two MEMTUNE
scenarios. This is because dynamic memory tuning increases RDD storage sizes for both
workloads, thus increasing the number of RDD blocks that are cached. Prefetching has the
best cache hit ratio because it prefetches the RDD blocks into memory before the blocks
are accessed. For Logistic Regression, MEMTUNE with both features enabled achieves the
same cache hit ratio as prefetching. However, for Linear Regression, MEMTUNE with both
features enabled achieves less than prefetching alone. This is because Linear Regression has a
higher task memory consumption, thus when prefetching the data, dynamic memory tuning
reduces the RDD cache size, thus reducing the amount of RDD blocks that are cached.

Discussion:  Considering the above three experiments, we see that Logistic Regression
shows less task memory consumption and benefits more from prefetching. On the other
hand, Linear Regression shows more task memory contention, thus prefetching alone shows
bigger GC overhead and benefits both from prefetching and dynamic tuning. The other three
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cache size during execution. with the default configuration under differ-

ent stages with MEMTUNE.

graph computation workloads have small input data sizes, thus show a modest resource con-
sumption, and both the default Spark and MEMTUNE performs similarly. Yet, MEMTUNE is
better as it can also process larger input data set sizes where the default Spark fails. MEM-
TUNE’s effectiveness is heightened whenever there is memory contention. RDD prefetch
aims at increasing cache hit ratio of RDD blocks in memory, while dynamic memory tuning
aims at increasing the memory usage while mitigating memory contention among different
demands. Combining these two techniques, MEMTUNE increases the memory utilization
and the efficiency of RDD cache by overlapping computation with 1/0.

3.4.4 Dynamic RDD Cache Size Tuning

As discussed in Section 3.2.2, TeraSort exhibits a dynamic memory usage demand that
cannot be fully satisfied by a static configuration. Another characteristic of TeraSort is that
it is shuffle-intensive. Most of its stages involve heavy shuffle I/Os. In our next experiment,
we run the TeraSort workload with MEMTUNE, and monitor the dynamic RDD size changes
over the execution time. Figure 3.12 illustrates that MEMTUNE starts with a high RDD
configuration in the beginning, and decreases gradually throughout the execution. Recall
that in Figure 3.4, we observed a large memory usage burst in the final stage of TeraSort.
Although the algorithm of MEMTUNE is conservative for catching such bursty memory
consumption, by periodic tuning, MEMTUNE is able to keep dropping the RDD cache size
until it detects the contention falls below the defined threshold. Increasing the checking and
tuning frequency would enable MEMTUNE to react to memory contention more aggressively
(though it can add monitoring overhead and may also cause thrashing, which underscores
our current conservative approach to tuning).
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3.4.5 DAG-Aware RDD Prefetching

As shown in Section 3.2.2, LRU RDD eviction policy works for some stages in a workload, but
not for other stages that have RDD dependencies. In our next experiment, we run Shortest
Path with 4 GB input graph data size under MEMTUNE. We show the RDD memory size
in the beginning of the 7 stages in Figure 3.13. Table 3.2 shows the RDD dependencies of
the 5 stages that are also applicable here. We see that unlike the default Spark (Figure 3.5),
MEMTUNE brings RDD3 back to memory in stage 5 because MEMTUNE detects that stage 5
is dependent on RDD3. Likewise, MEMTUNE also brings RDD16 to memory in both stage 6
and stage 8. Moreover, on average RDD sizes in memory are also more than the default
Spark, and there is no empty space left in the RDD cache. This is because MEMTUNE
dynamically changes the RDD cache size and increases it compared to the default 0.6. This
is also the reason for the changes in total RDD memory sizes.

3.5 Chapter Summary

We have presented the design of MEMTUNE, a dynamic memory management approach
for in-memory data analytic platforms. MEMTUNE detects memory contention at runtime
and dynamically adjusts the memory partitions between in-memory data cache, task exe-
cution, and in-memory shuffle sort operations. By leveraging workload DAG information,
MEMTUNE proactively evicts and prefetches data with a configurable prefetch window and
also employ task-level prefetching. Experiments with an implementation of MEMTUNE in
the popular Spark framework shows an overall performance improvement of up to 46% for
representative workloads. In our future work, we plan to improve memory usage estimations
of MEMTUNE, and expand our system to multi-tenant environments.



Chapter 4

Optimizing Data Partitioning for
In-Memory Data Analytics
Frameworks

4.1 Introduction

Large scale in-memory data analytic platforms, such as Spark [217, 219], are being increas-
ingly adopted by both academia and industry for processing data for a myriad of applications
and data sources. These platforms are able to greatly reduce the amount of disk I/Os by
caching the intermediate application data in-memory, and leverage more powerful and flexible
direct acyclic graphs (DAG) based task scheduling. Thus, in-memory platforms outperform
widely-used MapReduce [81]. The main advantage of a DAG-based programming paradigm
is the flexibility it offers to the users in expressing their application requirements. However,
the downside is that complicated task scheduling makes identifying application bottlenecks
and performance tuning increasingly challenging.

There is a plethora of application-specific parameters that impact runtime performance in
Spark, such as tasks parallelism, data compression and executor resource configuration. In
typical data processing systems, the input (or intermediate) data is divided into logical
subsets, called partitions. Specifically, in Spark, a partition can not be divided between
multiple compute nodes for execution, and each compute node in the cluster processes one
or more partitions. Moreover, a user can configure the number of partitions and how the
data should be partitioned (i.e., hash or range partitioning schemes) for each Spark job.
Suboptimal task partitioning or selecting a non-optimal partition scheme can significantly
increase workload execution time. For instance, if a partition strategy launches too many
tasks within a computation phase, this would lead to CPU and memory resource contention,
and thus lose performance. Conversely, if too few tasks are launched, the system would have
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low resource utilization and would again result in reduced performance.

Moreover, inferior partitioning can lead to serious data skew across tasks, which would even-
tually result in some tasks taking significantly longer time to complete than others. As data
processing frameworks usually employ a global barrier between computation phases, it is
critical to have all the tasks in the same phase finish approximately at the same time, so as
to avoid stragglers that can hold back otherwise fast-running tasks. The right scheme for
data partitioning is the key for extracting high performance from the underlying hardware
resources. However, finding a data partitioning scheme that gives the best or highest per-
formance is non-trivial. This is because, data analytic workflows typically involve complex
algorithms, e.g., machine learning and graph processing. Thus, the resulting task execution
plan can become extremely complicated with increasing number of multiple computation
phases. Moreover, given that each computation phase is different, the optimal number of
partitions for each phase can also be different, further complicating the problem.

Spark provides two methods for users to control task parallelism. One method is to use a
workload specific configuration parameter, de fault.parallelism, which serves as the default
number of tasks to use for when the number of partitions is not specified. The second method
is to use repartitioning APIs, which allow the users to repartition the data. Spark does not
support changing of data parallelism between different computation phases except via manual
partitioning within a user program through repartitioning APIs. This is problematic because
the optimal number of partitions can be affected by the size of the data. Users would have
to change and recompile the program every time they process a different data set. Thus, a
clear opportunity for optimization is lost due to the rigid partitioning approach.

In this paper, we propose CHOPPER, an auto-partitioning system for Spark! that auto-
matically determines the optimal number of partitions for each computation phase during
workload execution. CHOPPER alleviates the need for users to manually tune their workloads
to mitigate data skewness and suboptimal task parallelism. Our proposed dynamic data par-
titioning is challenging due to several reasons. First, since Spark does not support changing
tasks parallelism parameters for each computation phase, CHOPPER would need to design
a new interface to enable the envisioned dynamic tuning of task parallelism. Second, the
optimal data partitions differ across different computation phases of workloads. CHOPPER
needs to understand application characteristics that affect the task parallelism in order to
select an appropriate partitioning strategy. Finally, to adjust the number of tasks, CHOPPER
may introduce additional data repartitioning, which may incur extra data shuffling overhead
that has to be mitigated or amortized. Thus, a careful orchestration of the parameters is
needed to ensure that CHOPPER’s benefits outweigh the costs.

To address the above challenges, CHOPPER first modifies Spark to support dynamically
changing data partitions through an application specific configuration file. CHOPPER checks

"'We use Spark as our evaluation DAG-based data processing framework to implement and showcase the
effectiveness of CHOPPER. We note that the proposed system can be applied to other DAG-based data
processing framework, such as Dryad [108].
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Figure 4.1: Overview of Spark DAGScheduler.

different numbers of data partitions before scheduling the next computation phase. Informa-
tion gathering about the application execution is achieved via several lightweight test runs,
which are then analyzed to identify task profiles, data skewness, and optimization opportuni-
ties. CHOPPER uses this information along with a heuristic to compute a data repartitioning
scheme, which minimizes the data skew, determines the right tasks parallelism for each com-
putation phase, while minimizing the repartitioning overhead.

Specifically, this paper makes the following contributions.

1. We enable dynamic tuning of task parallelism for each computation phase in DAG-
based in-memory analytics platforms such as Spark.

2. We design a heuristic to carefully compute suitable data repartitioning schemes with
low repartitioning overhead. Our approach successfully identifies the data skewness and
optimization opportunities and adjusts task parallelism automatically to yield higher
performance compared to the default static approach.

3. We implement CHOPPER on top of Spark and evaluate the system to demonstrate its
effectiveness. Our experiments demonstrate that CHOPPER can significantly outper-
form vanilla Spark by up to 35.2% for the studied workloads.

4.2 Background and Motivation

In this section, we first discuss current data partitioning methodologies in Spark. Next, we
present the motivation for our work by studying the performance impact of different number
of data partitions on a representative workload, KMeans [101].
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4.2.1 Spark Data Partitioning

In Spark, data is managed as an easy-to-use memory abstraction called resilient distributed
datasets (RDDs) [219]. To process large data in parallel, Spark partitions an RDD into a
collection of immutable partitions (blocks) across a set of machines. Each machine retains
several blocks of an RDD. Spark tasks, with one-to-one relationship with the partitions, are
launched on the machine that stores the partitions. Computation is done in the form of
RDD actions and transformations, which can be used to capture the lineage of a dataset as
a DAG of RDDs, and help in the recreation of an RDD in case of a failure. Such DAGs of
RDDs are maintained in a specialized component, DAGScheduler, which schedules the tasks
for execution.

Fig. 4.1 shows an overview of the Spark DAGScheduler. The input to DAGScheduler are
called jobs (shown as ActiveJob in the figure). Jobs are submitted to the scheduler using a
submitJob method. Every job requires computation of multiple stages to produce the final
result. Stages are created by shuffle boundaries in the dependency graph, and constitute a set
of tasks where each task is a single unit of work executed on a single machine. The narrow de-
pendencies, e.g., map and filter, allow operations to be executed in parallel and are combined
in a single stage. The wide dependencies, e.g., reduce ByKey, require results to be combined
from multiple tasks and cannot be confined to a single stage. Thus, there are two types of
stages: ShuffleMapStage (shown in Fig. 4.1 as Shuf fleMapStage,, Shuf fleMapStage,, ...,
Shuf fleMapStage, ), which writes map output files for a shuffle operation, and ResultStage,
i.e., the final stage in a job. ShufleMapStage and ResultStage are created in the scheduler
using newShuffleMapStage and newResultStage methods, respectively.

In Spark, tasks are generated based on the number of partitions of an input RDD at a
particular stage. The same function is executed on every partition of an RDD by each
task. In Fig. 4.1, Shuf fleMapStages is expanded to show the operations involved in a
particular stage. Different operations in a stage form different RDDs (RDD;, RDD., ... ,
RDD,). Each RDD consists of a number of tasks that can be operated in parallel. In the
figure, P,p represents partition, of RDDg. There are m partitions for an RDD. Each RDD
in a stage consists of a narrow dependency on the previous RDD, which enables parallel
execution of multiple tasks. Thus, the number of partitions at each stage determins the level
of parallelism.

Currently, Spark automatically determines the number of partitions based on the dataset size
and the cluster setups. However, the number of partitions can also be configured manually
using spark.default.parallelism parameter. In order to partition the data, Spark provides
two data partitioning schemes, namely hash partitioner and range partitioner. Hash parti-
tioner divides RDD based on the hash values of keys in each record. Data with the same
hash keys are assigned to the same partition. Conversely, range partitioner divides a dataset
into approximately equal-sized partitions, each of which contains data with keys within a
specific range. Range partitioner provides better workload balance, while hash partitioner
ensures that the related records are in the same partition. Hash partitioner is the default
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Figure 4.2: Execution time per stage under different number of partitions.

partitioner, however, users can opt to use their own partitioner by extending the Partitioner
interface.

Although Spark provides mechanisms to automatically determine the number of partitions
for a given RDD, it lacks application related knowledge to determine the best parallelism for
a specific job. Moreover, the default hash partitioner is prone to creating workload imbalance
for some input data. Spark provides the flexibility to tailor the configurations for workloads,
however, it is not easy for users to determine the best configurations for each stage of a
workload, especially when workloads may contain hundreds of stages.

4.2.2 Workload Study

To show the impact of data partitioning on application performance, we conduct a study
using K'Means workload from SparkBench [129] and the latest release of Spark (version 1.6.1),
with Hadoop (version 2.6) providing the HDFS [176] storage layer. Our experiments execute
on a 6-node heterogeneous cluster. Three nodes (A, B, C) have 32 cores, 2.0 GHz AMD
processors, 64 GB memory, and are connected through a 10 Gbps Ethernet interconnect.
Two nodes (D, E) have 8 cores, 2.3 GHz Intel processors, 48 GB memory. The the remaining
node (F) has 8 cores, 2.5 GHz Intel processor, and 64 GB memory. Nodes D, E and F are
connected via a 1 Gbps Ethernet interconnect. Node F' is configured to be the master node,
while nodes A to E are worker nodes for both HDFS and Spark. Every worker node has
one executor with 40 GB memory, and the remaining memory can be used for the OS buffer
and HDFS data node operations. While our cluster hardware is heterogeneous, we configure
each executor with the same amount of resources, essentially providing same resources to
each component to better match with Spark’s needs, and alleviating the performance impact
due to the heterogeneity of the hardware. Note that, given the increasing heterogeneity in
modern clusters, we do take the heterogeneity of cluster resource into account when designing
CHOPPER. We repeated each experiment 3 times, and report the average results in the
following.

First, we study the performance impact of different number of partitions. For this test, we
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use KMeans workload with 7.3 GB input data size. KMeans has 20 stages in total, and we
change the number of partitions from 100 to 500 and record the execution time for each stage.
Fig. 4.2 shows the results. For every stage, the number of partitions that yields minimum
execution time varies. This shows that different stages have different characteristics and
that the execution time for each stage can vary even under the same configuration. To
further investigate the impact on performance, we study stage-0 in more detail. As shown
in Fig. 4.3, the execution time of a stage changes with the number of partitions, and we
see the worst performance when the number of partitions is set to 100. From this study,
we observed that the number of partitions has an impact on the overall performance of a
workload. Furthermore, different stages inside a workload can have different optimal number
of partitions. In this example, specifying 100 partitions may be an optimal configuration for
overall execution (Fig. 4.2), but clearly it is not optimal for stage-0 (Fig. 4.3).

To better understand the above observed performance impact, we investigate the amount of
shuffle data produced at each stage with different number of partitions—since shuffle has a
big impact on workload performance. For this test, we record the maximum of shuffle read or
write data as representative of shuffle data per stage. For KMeans, only stages 12-17 involve
data shuffle. As shown in Fig. 4.4, any increase in the number of partitions also increases the
shuffle data at each stage. A shuffle stage usually involves repartitioning RDD data. For an
equivalent execution time, if repartitioning is not involved, then the amount of shuffle data
increases from 434.83 K B for 200 partitions to 1081.6 KB for 500 partitions for stage-17,
compared to 217.33 K B of shuffle data when repartitioning is done. Also, when compared
to a large number of partitions, e.g., 2000, there is a significant increase in the execution
time as well as increase in the amount of shuffle data. For 2000 partitions, the execution
time is 4.53 minutes and the amount of shuffle data for stage-17 is 4300.8 K B. We observe
38.8% improvement in execution time from repartitioning for similar amount of shuffle data.
Also there is 46.1% improvement in execution time, and 94.9% reduction in the amount of
shuffle data per stage when compared to large (i.e., 2000) number of partitions.

These experiments show that the number of partitions is an important configuration param-
eter in Spark and can help improve the performance of a workload. The optimal number of



4.3. SYSTEM DESIGN 37

CHOPPER <
‘ Partition Optimizer ‘ Workload DB
A
‘ Config Generator ‘ ‘ Statistics Collector ‘
A
SparkApp
Config

\/ Spark Driver

| CHOPPER-aware DAGScheduler |

\ Co-partition-aware Scheduling \

‘ Spark Executor “ Spark Executor ‘

Figure 4.5: System architecture of CHOPPER.

partitions not only varies with workload characteristics, but is also different among different
stages of a workload. We leverage these findings in designing the auto-partitioning scheme
of CHOPPER.

4.3 System Design

In this section, we present the design of CHOPPER, and how it achieves automatic reparti-
tioning of RDDs for improved performance and system efficiency.

Fig. 4.5 illustrates the overall architecture of CHOPPER. We design and implement CHOPPER
as an independent component outside of Spark. As Spark is a fast evolving system, we keep
the changes to Spark for enabling our dynamic partitioning to a minimum. This reduces code
maintenance overhead while ensuring adoption of CHOPPER for real-world use cases. CHOP-
PER consists of a partition optimizer, a configuration generator, a statistics collector, and a
workload database. In addition, CHOPPER extends the Spark’s DAGScheduler to support
dynamic partitioning configuration and employs a co-partition-aware scheduling mechanism
to reduce network traffic whenever possible. Statistics collector communicates with Spark to
gather runtime information and statistics of Spark applications. The collector can be easily
extended to gather additional information as needed. Workload DB stores the observed in-
formation including the input and intermediate data size, the number of stages, the number
of tasks per stage, and the resource utilization information. Partition optimizer retrieves ap-
plication statistics, trains models, and computes an optimized partition scheme based on the
current statistics and the trained models for the workload to be optimized. This information
is also stored in Workload DB for future use. Partition optimizer then generates a workload



CHAPTER 4. OPTIMIZING DATA PARTITIONING FOR IN-MEMORY DATA ANALYTICS
38 FRAMEWORKS

C] D
Stage ID, partitioner, #
partition
count,range, 360
treeAgg, hash, 64
mean, range, 180

Figure 4.6: An example generated Spark workload configuration in CHOPPER.

specific configuration file. The extended dynamic partitioning DAGScheduler changes the
number of partitions and the partition scheme per stage according to the generated Spark
configuration file. Finally, the co-partitioning-aware component schedules partitions that
are in the same key range on the same machine if possible to decrease the amount of shuffle
data. The partition optimizer does not need to consider data locality because the input of
the repartitioning phase is the local output of the previous Map phase, and the destinations
of the output of the repartitioning phase depend on the designated shuffle scheme. Thus,
existing locality is automatically preserved.

Our system allows dynamic updates to the Spark configuration file whenever more runtime
information is obtained. CHOPPER modifies Spark to allow applications to recognize, read,
and adopt the new partition scheme.

4.3.1 Enable Auto-Partitioning

An example application configuration file produced by CHOPPER is shown in Fig. 4.6. It
consists of multiple tuples each containing a signature; the partitioner, and the number
of partitions for a particular stage. We use stage signatures to identify stages that invoke
identical transformations and actions. This is helpful when the number of iterations within a
machine learning workload is unknown, where we can: (a) use the same partition scheme for
all the iterations; or (b) use previously trained models to dynamically determine the number
of partitions to use if the intermediate data size changes across iterations.

When an application is submitted to a Spark cluster, a Spark driver program is launched
in which a SparkContext is instantiated. SparkContext then initiates our auto-partitioning
aware DAGScheduler. The scheduler checks the Spark configuration file before a stage is
executed. If the partition scheme is different from the current one, the scheduler changes
the scheme based on the one specified in the configuration file. Each RDD has five internal
properties, namely, partition list, function to compute for every partition’s dependency list
on other RDDs, partitioner, and a list of locations to compute every partition. CHOPPER
changes the partitioner properties to enable repartitioning across stages.

CHOPPER also supports dynamic updates to the Spark application configuration file based
on the runtime information of current running workload. In particular, DAGScheduler pe-
riodically checks the updated configuration file and uses the updated partitioning scheme if
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Algorithm 2: Get Stage level Partition Scheme getStagePar.
Input: workload w, stage s, input size d
Output: (partitioner, numPar, cost)
begin
r M odel=getRangeParitionModel(w,s)
hModel=getHashPartitionModel(w,s)
(numRangePar,rCost)=getMinPar(r M odel,d)
(numHashPar,hCost)=getMinPar(hM odel d)
if rCost < hCost then

| return (RangePartitioner numRangePar,rCost)
end

else
| return (HashPartitioner numHashPar ,hCost)

end

end

available. This improves the partitioning efficiency and overall performance.

4.3.2 Determine Stage-Level Partition Scheme

The partition optimizer is responsible for computing a desirable partition scheme for each
stage of a workload, given the collected workload history, and current input data and size.
The optimizer not only considers the execution time and shuffle data size of a stage but also
the shuffle dependencies between RDDs. In the following, we describe how this is achieved for
the stage-level information. The use of global DAG information is discussed in Section 4.3.3.

Spark provides two types of partitioners, namely range partitioner and hash partitioner.
Different data characteristics and data distributions require different partitioners to achieve
optimal performance. Range partitioner creates data partitions with approximately same-
sized ranges. RDD tuples that have keys in the same range are allocated to the same
partition. Spark determines the ranges through sampling of the content of RDDs passed to
it when creating a range partitioner. Thus, the effectiveness of a range partitioner highly
depends on the data contents. A range partition scheme that distributes a RDD evenly
is likely to partition another RDD into a highly-skewed distribution. In contrast, a hash
partitioner allocates tuples using a hash function modulo of the number of partitions. The
hash partitioner attempts to partition data evenly based on a hash function and is less
sensitive to the data contents, and can produce even distributions. However, if the dataset
has hot keys, a partition can become skewed in terms of load, as identical keys are mapped
to the same partition. Consequently, the appropriate choice between the range partitioner
or hash partitioner depends on the dataset characteristics and DAG execution patterns.
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Algorithm 3: Get workload partition scheme get WorkloadPar.

Input: workload w, DAG dag, input size D
Output: parList
begin
if dag == null then
| dag = getDAG(w)
end
for stage s in dag do
d=getStagelnput(w, s, D)
(partitoner, numPar, cost) = getStagePar(w, s, d)
parList.add(s,partitioner numPar cost)
end
return parList
end

To compute the stage level partition scheme, we aim to minimize both the stage execution
time and the amount of shuffle data. Considering stage execution time, and shuffie data that
directly affects the execution time, enables us to capture the right task granularity. This pre-
vents the partitions from both growing unexpectedly large—creating resource contention—
or becoming trivially small—under-utilizing resources and incurring extra task scheduling
overhead. The approach also implicitly alleviates task skew by filtering out inferior partition
schemes.

Equations 4.1, 4.2, 4.3 and 4.4 describe the model learned and the objective function used to
determine the optimal number of partitions. In particular, D denotes the size of input data
for the stage, P denotes the number of partitions, t... represents the execution time of the
stage, and Sgnuyfie is the amount of shuffle data in the stage. ¢, and s, ;. denote the stage
execution time and amount of shuffle data obtained using default parallelism, respectively.
Given input data size, Equation 4.4 enables CHOPPER to determine the optimal number of
partitions minimizing both execution time and the amount of shuffle data. By normalizing
the execution time and the amount of shuffle data with respect to the respective values under
default parallelism, we are able to capture both of our constraints into the same objective
function. Constants « and [ can be used to adjust the weights between the two factors.
In our implementation, we set the constants to a default value of 0.5, making them equally
important.

We model the execution time and the amount of shuffle data based on the input data size
of the current stage and the number of partitions as shown in Equations 4.1 and 4.2. This
is a coarse grained model, since it is independent of Spark execution details and focuses on
capturing the relationship between input size, parallelism, execution time and shuffle data.
In particular, we posit that the execution time increases with the input data size, obeying a
combination of cube, square, linear, and sub-linear curves. The amount of shuffle data also
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Algorithm 4: Get globally optimized partition scheme.

Input: workload w, input size D
Output: parList
begin
dag=getReGroupedDAG (w)
for node s in dag do
d=getStagelnput(w, s, D)
if s isInstanceOf Stage then
| (partitoner, numPar, cost) = getStagePar(w, s, d)
end
else
| (partitoner, numPar, cost) = getSubGraphPar(w, s, d)
end
if s isFized then
curCost = getCost(w, s, getPartitioner(w, s), getNumPar(w, s))
optCost = cost + getRepartitionCost(w, s, partioner, numPar)
if optCost < curCost then
s’ = s+ “repartitionstage”
parList.add(s’, partitioner, numPar, optCost)
end
end
else
| parList.add(s, partitioner, numPar, cost)
end

end

return parList

end

Function getSubGraphPar

Input: workload w, DAG dag, input size D

Output: paritioner, numPar, cost

parList = getWorkloadPar(w, dag, D)

min = parList(0)

for s in parList do
cost = getCost(w, dag, s.partitioner, s.numPar)
if cost < min.cost then

I min=s

end

end

return (min.partitioiner, min.numPar, min.cost)

Function getCost

Input: workload w,DAG dag, partitioner, numPar

Output: cost

for stage s in dag do

if partitioner == range then

‘ rModel = getRangePartitionModel(w, s)

cost += Equation 4.3

end

else

‘ hModel = getHashParitionModel(w, s)

cost += Equation 4.3

end

end
return cost
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increases or decreases with the number of partitions according to a combination of cube,
square, linear, and sub-linear curves. Note that our model can capture most applications
observed in the real-world use cases for Spark. However, it may not be able to model corner
cases such as those with radically different behavior, e.g., workloads for which execution
time grows with D*. In general, we observe that such a model is simple and computationally
efficient, yet powerful enough to capture applications with different characteristics via various
coefficients of the model. When the cluster resources and other configuration parameters are
fixed, the model fits the actual execution time and amount of shuffle data well with varying
size of input data and number of partitions. The data points needed to train the models are
gathered by the statistics collector. If the collected data points are not sufficient, CHOPPER
can initiate a few test runs by varying the sampled input data size and the number of
partitions and record the execution time and the amount of shuffle data produced. CHOPPER
also remembers the statistics from the user workload execution in a production environment,
which can be further leveraged to better train and model the current application behavior.

tewe = aD® 4+ b D* 4+ D + d\DY? + e P® + f1P? + g P + hPY% (4.1)
Sshuffle = CLQD3 + b2D2 + CQD + d2D1/2 + 62P3 + f2P2 + QQP + h2P1/2, (42)
cost = atew@/t/exe + BSShuffle/Slshuffle (43)

min cost (4.4)

CHOPPER trains two models using Equations 4.1 and 4.2 for every stage of a workload,
one for range partitioning and the other for hash partitioning. Algorithm 2 presents how
CHOPPER calculates the optimized stage level partition scheme given workload w, stage s
and input size d for the stage. The algorithm returns the partitioner, the optimal number of
partitions used for stage s and the cost. Specifically, CHOPPER retrieves the trained models
of stages for both range partitioning and hash partitioning from the workload database.
After this, Algorithm 2 computes the optimal numbers of partitions with minimal cost for
both range partitioning and hash partitioning using Equation 4.4. Finally, CHOPPER returns
the partitioner that would incur the lowest cost along with the number of partitions to use.

4.3.3 Globally-Optimized Partition Scheme

After we compute the stage level partition scheme, a naive solution is to compute the optimal
partition scheme for each stage independently and generate the Spark configuration file.
This is shown in Algorithm 3. It gets the DAG information from workload database, iterates
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through the DAG, computes the desirable partition scheme for each stage, and adds to a
list of partition scheme. Lastly, the algorithm returns the list of partition schemes, which is
then used to generate the Spark configuration file for the current workload.

Although Algorithm 3 optimizes the partition scheme per stage, it misses the opportunities
to reduce shuffle traffic because of the dependencies between stages and RDDs. For example,
if stage-C' joins the RDDs from stage-A and stage-B, the shuffle traffic introduced by join can
be completely eliminated if the two use the same partition scheme and the joined partitions
are allocated on the same machine. However, this cannot be achieved using Algorithm 3. If
the computed optimal scheme of stage-A is (Range, 100) and the optimal scheme of stage-B
is (hash,200), the shuffle data cannot be eliminated, as the partition schemes of stage-A
and stage-B are different. Even though stage-A and stage-B are optimally partitioned, the
shuffle data of stage-C' is sub-optimal. Since join and co-group operation are two of the most
commonly used operations in Spark applications, poor partitioning will typically introduce
significant shuffle overhead. Consequently, it is critical to optimize the join and co-group
operation to decrease the amount of shuffle data as much as possible.

Another issue is that since the users are allowed to tune and specify customized partition
scheme on their own, CHOPPER leaves the user optimization intact even when the computed
optimal scheme disagrees with the user specified partition scheme. However, CHOPPER can
choose to add an additional partition operation if the benefit of introducing the partition
operation significantly outweighs the overhead incurred. For instance, consider a case where
stage-B blows up the number of tasks to by a power of two from its previous stage-A (i.e.,
1002 tasks) due to the user-fixed partition scheme of stage-A. If CHOPPER coalesces the
number of tasks of stage-A from 100 to 10, it would significantly reduce the number of tasks
in stage-B from 10000 to 100.

To remedy this, CHOPPER determines the partition scheme by globally considering the entire
DAG execution. As described in Algorithm 4, CHOPPER first groups the DAG graph based
on the stage dependencies. The grouping of DAG graph is started from the end stages of the
graph and iterated towards the source stages. The grouping is based on the join operations
or partition dependencies. The stages with join operations are grouped into a subgraph. The
partition dependencies refer to the cases where the number of stages is determined by the
previous stage, thus CHOPPER cannot change the partition scheme. After the DAG of the
workload is regrouped, the node within the new DAG can either be a stage or a subgraph that
consists of multiple stages. If the node is a stage, the optimal partition scheme is computed
using Algorithm 2. Otherwise, the node is a subgraph, where the optimal partition scheme is
computed differently. Specifically, we iterate through all the nodes within the subgraph and
get the optimal partition scheme for each node, we then compute the cost of applying each
partition scheme to all the applicable nodes in the graph and return the partition scheme
that has the minimal cost.

Finally, after we compute the globally optimal partition scheme, we check whether the stage
partition is allowed to be changed. If not, and the partition scheme is different, we then
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Workload KMeans | PCA | SQL
Input Size (GB) 21.8 | 27.6 | 345

Table 4.1: Workloads and input data sizes.

check whether it is beneficial to insert a new repartitioning phase by comparing the cost
using original partitioning to the cost of the new repartitioning phase together with the cost
of optimized partition scheme. If the benefit outweighs the cost by a factor of v, we choose
to insert a new partition phase into the DAG graph. We empirically set v to 1.5 to tolerate
the model estimation error.

4.4 Evaluation

In this section, we evaluate CHOPPER and demonstrate its effectiveness on the cluster de-
scribed earlier in Section 5.2. We use three representative workloads from SparkBench:
KMeans, PCA, and SQL. KMeans [101] is a popular clustering algorithm that partitions
and clusters n data points into k£ clusters in which each data point is assigned to the nearest
center point. The computation requirement of this workload change according to the num-
ber of clusters, the number of data points, and the machine learning workload that exhibits
different resource utilization demand for different stages during the process of iteratively
calculating k clusters. PCA [111] is a commonly used technique to reduce the number of
features in various data mining algorithms such as SVM [80] and logistic regression [105]. It
is both computation and network-intensive machine learning workload that involves multiple
iterations to compute a linearly uncorrelated set of vectors from a set of possibly correlated
ones. SQL is a workload that performs typical query operations that count, aggregate, and
join the data sets. Thus, SQL represents a common real world scenario. SQL is compute
intensive for count and aggregation operations and shuflle intensive in the join phase. The
input data is generated by the corresponding data generator within SparkBench. The input
data size for each workload is shown in Table 4.1. The experiments for vanilla Spark are
conducted with the default configuration, which is set to 300 partitions for all the workloads.
We run all of our experiments three times, and the numbers reported here are from the av-
erage of these runs. Moreoer, we clear the OS cache between runs to preclude the impact of
such caching on observed times.

4.4.1 Overall Performance of Chopper

Our first test evaluates the overall performance impact of CHOPPER. Fig. 4.7 illustrates
the total execution time of three workloads comparing CHOPPER against standard vanilla
Spark. The reported execution time includes the overhead of repartitioning introduced by
CHOPPER. We can see that CHOPPER achieves overall improvement in the execution time
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Figure 4.7: Execution time of Spark and Figure 4.8: Execution time per stage break-
CHOPPER. down of KMeans.

Table 4.2: Execution time for stage 0 in KMeans.
Chopper | Spark
| Execution Time (sec) 250 372

by 23.6%, 35.2% and 33.9% for PCA, KMeans and SQL, respectively. This is because
CHOPPER effectively detects optimal partitioner and the number of partitions for all stages
within each workload. CHOPPER also performs global optimization to further reduce network
traffic by intelligently co-partitioning dependent RDDs and inserting repartition operations
when the benefits outweigh the cost. We also observe that CHOPPER is effective for all
types of workloads that exhibit different resource utilization characteristics. The repartition
method of CHOPPER implicitly reduces the potential data skew and determines the right task
granularity for each workload, thus improving the cluster resource utilization and workload
performance. Thus, CHOPPER shows significant reduction in the overall execution time for
all the three workloads. The model training of CHOPPER is conducted offline, and thus is
not in the critical path of workload execution. Moreover, the overhead of repartitioning is
negligible as it involves solving a simple linear programming problem.

4.4.2 Timing Breakdown of Execution Stages

To better understand how dynamic partitioning of CHOPPER helps to improve overall per-
formance, in our next test, we examine the detailed timing breakdown of individual workload
stages. Fig. 4.8 depicts the execution time per stage for KMeans. We show the execution
time of stage-0 separately in Table 4.2 since the execution time of stage-0 and that of other
stages differs significantly. We see that CHOPPER reduces execution time of each stage for
KMeans compared to vanilla Spark, as CHOPPER is able to customize partition schemes
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Table 4.3: Repartition of stages using CHOPPER.
StagelD 0 1 2 3 4 5 6 7 8 9 10 | 11 |12-17| 18 | 19
Chopper | 210 | 210 | 300 | 720 | 300 | 720 | 300 | 720 | 300 | 720 | 300 | 720 210 380 | 210
Spark 300 | 300 | 300 | 300 | 300 | 300 | 300 | 300 | 300 | 300 | 300 | 300 300 300 | 300
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Figure 4.9: Shuffle data per stage for SQL.  Figure 4.10: Execution time per stage break-
down of SQL.

for each stage according to associated history and runtime characteristics. Table 4.3 shows
the number of partitions used by CHOPPER for different stages compared to vanilla Spark.
Stages 12 to 17 are iterative, and thus are assigned the same number of partitions. We see
that CHOPPER effectively detects and changes to the correct number of partitions for this
workload rather than using a fixed (default) value throughout the execution.

4.4.3 Impact on Shuffle Stages

In our next test, we use a shuffle-intensive workload, SQL, to study how CHOPPER reduces
the shuffle traffic by automatically recognizing and co-partitioning dependent RDDs. Fig. 4.9
shows that the shuffle data for all four stages is less under CHOPPER compared to vanilla
Spark. Stage-4 (not shown in the figure) has the same amount of shuffle data for SQL
workload using CHOPPER or Spark (i.e., 4.7 GB). However, as seen in Fig. 4.10, stage-4
takes comparatively shorter time to execute using CHOPPER versus Spark. This is because,
stage 4 is divided into 4 sub-stages where the first two sub-stages have a shuffle write data of
1.9 GB and 2.8 GB. CHOPPER combines these two sub-stages for shuffle write and provides
the third sub-stage for the shuffle data to be read. This greatly reduces the execution time
for stage 4 as seen in Fig. 4.10. Thus, we demonstrate that CHOPPER. can effectively detect
dependent RDDs and co-partition them to reduce the shuffle traffic and improve the overall
workload performance.
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Figure 4.13: Total transmitted and received Figure 4.14: Transactions per second.

packets per second.

4.4.4 Impact on System Utilization

In our next experiment, we investigate how CHOPPER impacts the resource utilization of all
the studied workloads. Fig. 4.11, 4.12, 4.13 and 4.14 depict the CPU utilization, memory
utilization, total number of transmitted and received packets per second, and the total
number of read and write transactions per second, respectively, during the execution of
the workloads under CHOPPER and vanilla Spark. The numbers show the average of the
statistics collected from the six nodes in our cluster setup. We observe that the performance
of CHOPPER is either equivalent or in most of the cases better than the performance of vanilla
Spark for the studied workloads. In some cases, CHOPPER shows improved transactions per
seconds as compared to vanilla Spark because of the high throughput and improved system
performance.

These experiments show that the performance (computed on the basis of execution time and
shuffle data) improves under CHOPPER compared to vanilla Spark. Also, these improvements
in CHOPPER yield comparable or better system utilization compared to vanilla Spark.
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4.5 Chapter Summary

In this paper, we design CHOPPER, a dynamic partitioning approach for in-memory data an-
alytic platforms. CHOPPER determines the optimal number of partitions and the partitioner
for each stage of a running workload with the goal of minimizing the stage execution time
and shuffle traffic. CHOPPER also considers the dependencies between stages, including join
and cogroup operations, to further reduce shuffle traffic. By minimizing the stage execution
time and shuffle traffic, CHOPPER implicitly alleviates the task data skew using different par-
titioners and improves the task resource utilization through optimal number of partitions.
Experimental results demonstrate that CHOPPER effectively improves overall performance
by up to 35.2% for representative workloads compared to standard vanilla Spark.

Our current implementation of CHOPPER has to re-train its models whenever the available
resources are changed. In future, we plan to explore the per-stage performance models that
can work across different resource configurations, i.e., clusters. We will also explore how
CHOPPER behaves under failures. These will further improve the applicability of CHOPPER
in a cloud environment, where compute resources are failure-prone and scaled as needed.



Chapter 5

Scaling Up Data-Parallel Analytics
Platforms

5.1 Introduction

High-dimensional data is commonplace both in science [63, 191] and enterprise [166] ap-
plications. In order to discover patterns and relationships in such data, machine learning
(ML) is widely used, typically through a core set of linear algebraic operations, called the
analysis kernel [76]. The fundamental need of scalable data analysis, thus, is the ability to
process a large number of data samples timely, i.e., to have a high analysis kernel computing
throughput for matrix operations.

Extant practices for fast analysis kernel computing fall into two broad groups: (1) en-
abling scaling out on commodity hardware via the use of data parallel computation soft-
ware platforms such as MPI [162], Hadoop[114], and Apache Spark [85, 135, 200]; and
(2) enabling scaling up the computational power of individual nodes/machines for data
analysis [71, 79]. Scaling up approaches have been proven to be beneficial to data analysis
algorithms, since the approaches entail optimization algorithms [76] that can exploit hard-
ware accelerators, e.g., GPUs, ASICs, FPGAs, and specialized CPU instructions [104] for
matrix operations [123, 144, 145].

However, advantages from both scale-out and scale-up techniques come at a price to achieve
higher performance. Scale-out options can suffer communication networking overheads and
higher costs (energy, labor, machine failures, etc.) as the size of a cluster grows. Due to the
constantly growing data acquisition throughput, such overheads lead to a constant pressure
on scale-out options. On the other hand, scale-up options face a hard-wall of scalability,
limited by the resources available in a single machine. Hence, how best to combine and
reconcile the scale-out and scale-up approaches has become an important topic in processing
matrix operations at scale.

49
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Although it is promising to combining scale-out and scale-up techniques, it is non-trivial to
realize the full potential of both approaches, due to the fundamental design choices made
under each approach. Scale-out approaches, such as Spark, often focus on scalability, fault
tolerance, cluster utilization, and workload balancing, but do not typically factor in tech-
niques for improving an individual node’s performance via hardware acceleration to support a
wide range of distributed environments. For instance, Spark maps a job to a number of tasks
that can later be run on any participating nodes without any regard to the unique hardware
capabilities of the nodes or the ability of a task to leverage the available capabilities.

Let us look into the details of the challenges in exploiting node-local accelerators for matrix
operations in the context of Spark. Spark MLIib [140], a widely used machine learning
library built on top of Spark, often applies an ad-hoc Scala implementation for performing
matrix operations without regards to node-local accelerators. Thus, users have to understand
and implement system-level details if they want to scale-up Spark tasks. Moreover, scale-up
approaches are not designed to consider the wide variance of tasks within Spark applications.

Scale-up solutions focus on parallelism at a fine granularity, such as SIMD and SIMT mod-
els, but with limited consideration of distributed environments. Each scale-up solutions for
matrix operations, also known as Basic Linear Algebra Subroutine (BLAS) [148] operations,
typically target specialized operations for the specific target hardware acceleration, with
minimal consideration, if any, on distributing tasks across systems. For example, Open-
BLAS [224] is optimized for BLAS operations for dense matrices on CPU; cuBLAS [151] is
optimized for BLAS operations on GPUs; and spBLAS [84] is optimized for BLAS operations
between a sparse matrix and a dense matrix. It is because the maximal performance for each
BLAS operation under each hardware configuration can significantly vary according to the
density and size of given matrices. Hence, it is challenging to integrate existing scale-up
solutions to the Map-Reduce programming paradigm, where the same operation is to be
applied over each partition (or element) in the data set, through a single run-time solution
when different tasks form a directed acyclic graph.

Therefore, we propose ARION, a dynamic hardware acceleration framework atop Spark.
ARION is carefully designed for scaling up BLAS operations in a MapReduce like scale-out
environment where multiple map tasks are concurrently running. ARION supports multiple
hardware accelerated solutions for BLAS operations on both sparse and dense matrices. In
addition, ARION treats available GPUs as additional cluster slots to run tasks. Thus, we
allow to run tasks on both GPUs and CPUs on the condition that the overheads to schedule
tasks on each processing unit does not exceed the benefits. The ability to leverage multiple
hardware resources increases the overall system utilization. ARION bridges the mismatch of
the design between local accelerators and scale-out platforms by utilizing techniques such as
stream processing and kernel batching. More specifically:

e We extend our previous work [206] by designing and implementing ARION, a dynamic
hardware acceleration framework atop Spark, and effectively combine scale-up hard-
ware acceleration for distributed linear algebraic operations with scale-out capabilities
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of Spark.

e We design distributed matrix manipulation support for both dense and sparse matrices
in Spark for scale-out matrix operations. In contrast, the current state of the art, e.g.,
MLIib [140], considers only sparse matrices in a distributed setting.

e We design a dynamic algorithm that chooses the best hardware accelerator at runtime
by considering key factors such as matrix size, density, and system utilization. Our
approach does not require changes to the Spark applications on user side, instead it
leverages already-available libraries to support the target operations.

e We design a dedicated GPU component along with the BLAS libraries to support
concurrent usage of both CPU and GPU to increase overall system utilization. The
GPU component is optimized to maximize the GPU utilization by streaming processing
and kernel batching techniques.

On top of our design and implementation, for computing Gram matrix (X X7 [214]), ARION
shows more than 2x and 1.5x speed-up for end-to-end performance for dense and sparse
matrices, respectively. Most notably, for dense matrices, ARION achieves 57.04x of speed-up
in the computation time. Finally, ARION performs faster than or comparable to a larger
scale setup with default Spark.

5.2 Background

In abstract, most of machine learning algorithms can be understood as the operations be-
tween a weight matrix that represents the training model and feature vectors that represents
the data samples. Thus, linear algebra operations forms the foundation of machine learning
algorithms, making MLIib, the machine learning package of Spark, the default package for
distributed linear algebra operations in Spark. MLIib wraps the lower level Spark Resilient
Distributed Dataset (RDD) generation and operations needed to perform matrix operations
and machine learning algorithms. A common assumption across components in MLIib is that
a matrix will be mostly likely to be sparse, tall, and thin [215]. Assuming each row vector of
a matrix will fit into a reasonable size of machines, most of linear algebra operations in MLIlib
does not support fully distributed linear algebra operations, along with limited support for
dense matrix operations, except BlockMatriz.

Such a design choice leads to challenges in accelerating linear algebra operations in Spark.
Assuming sparse matrix, MLIib heavily exploits sparse matrix representation to compactly
store non-zero terms for the sake of efficiency. A consensus on accelerating BLAS operations
is that GPUs are typically less efficient in performing sparse matrix operations than dense
matrix operations [123]. Thus, in most cases, to support sparse operations, a user inflates the
sparse matrices into a dense one and offloads the processing to the accelerators. Otherwise,
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Figure 5.1: System architecture of ARION.

accelerator inflates internally. In addition to data representation, Spark partitions the matrix
into concurrent multiple tasks per node, assigning in a relatively smaller chunk to each task
(e.g., default partition size for BlockMatriz is 1K x 1K). The execution of each task often
forms multiple waves, resulting in a limited number of concurrent tasks per node. As a
result, a small number of concurrent matrix operations arrive at GPU at the unit of small
chunks, leading to a low utilization of GPU. Accordingly, a straightforward drop-in solution
of using BLAS libraries from Spark MLIib, including BlockMatriz class, cannot guarantee a
full utilization of hardware capabilities.

5.3 Design

This section describes the design overview of ARION, along with detailed explanation on our
design choices.

5.3.1 System Architecture

Figure 5.1 illustrates the architecture of ARION and its key components that all run in Spark
executors on participating worker nodes. Selector is responsible for selecting the optimal



5.3. DESIGN 53

processing variant such as BLAS and GPU implementation (GPU Impl) based on matrix
characteristics. Selector addresses the problem of the standard MLIlib always using the
Scala implementation for multiplications in BlockMatriz. We employ MLIib to partition the
input datasets per given block size, and generate RDDs and associated tasks, which are
then send to the executor. Selector calculates the density of assigned sub-matrices (this
also catches skewed density cases that can be missed if examining a matrix as a whole),
retrieves the block size information, and decides which processing variant to use to perform
the multiplication. The tasks are then submitted to the Scheduler.

Our Scheduler aims for high resource utilization of both CPUs and GPUs. Thus, tasks are
scheduled based on the system runtime utilization using the processing variant chosen by
the Selector with a high priority. Scheduler works with node-local hardware accelerators,
which can help the case of a heterogeneous cluster where each node has different hardware
configurations. Moreover, to increase resource utilization, Scheduler negotiates with Spark
task scheduling system to dynamically allocate more tasks if hardware resources become idle.
This is in contrast to the current Spark process, which only considers CPU core resource.

5.3.2 Hardware Acceleration for Dense and Spare Matrices

Table 5.1 lists the processing variants supported in ARION. The ad-hoc Scala implemen-
tation is preserved in our system as one of the options. For others, we proceed as follows.
Given the block size, the matrices are partitioned into block sub-matrices. Each task per-
forms the multiplication of two block sub-matrices. ARION supports multiplications of both
ddGEMM and spGEMM. As shown in Figure 5.1, ARION enables hardware acceleration via
two channels: BLAS Enabler and GPU Impl. BLAS Enabler is able to adopt underly-
ing hardware optimized BLAS libraries through a Java native interface (JNI). Currently we
adopt OpenBLAS [224], NVBLAS [152], and spBLAS [84]. Here, OpenBLAS and NVBLAS
support acceleration for dAdGEMM on CPU and GPU, respectively. Both are allowed in
MLIib with the integrated Netlib-Java [149] as the JNI layer. To support hardware accel-
erated sdGEMM, we adopt the spBLAS library under BLAS Enabler. For this purpose,
we extend Netlib-Java to support linking to the spBLAS library so that it is transparent
to MLIib. Note that our design of BLAS Emnabler is flexible and support plugging in of
any external libraries via JNI. While detailed discussion is out of the scope of this paper,
we do not prevent the adoption of Sp GEMM (sparse-sparse matrix multiplication) libraries
without hardware acceleration. We also implement a dedicated GPU matrix multiplica-
tion component, GPU Impl, with GPU runtime dense matrix operation libraries such as
cuBLAS [151] and spark matrix operation libraries such as cuSPARSE, which bypasses ini-
tializing BLAS libraries through JNI. Thus, ARION supports co-execution using both CPU
and GPU, i.e., using GPU Impl without JNI BLAS library linking, while using CPU BLAS
libraries through JNI. This can yield more effective scale-up by leveraging both CPU and
GPU accelerator resources.
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5.3.3 Choice of Processing Variants

Once Selector determines the matrix type of a given multiplication task, it recommends
the methods to Scheduler, which are then given priority for processing the matrix. Note
that the Scheduler can also ignore the recommendation if it conflicts with resource avail-
ability and utilization. To suggest the right option for performing multiplication on a given
environment, we adopt a user configurable system parameter Thyoer (Size of a block matrix)
to decide the best compute variants, given environments and workloads. We choose block
size as a parameter since other parameters such as density can skew in a matrix, and with a
fixed block size, we can calculate the density of each block. Note that the Thy,. is for both
dense and sparse matrix.

Let us show our approach to decide T'hy,e; used in our evaluation, which also can highlight
the differences between the three supported methods. We first performed ddGEMM with
both NVBLAS and GPU Impl using cuBLAS as the two methods for GPU acceleration,
and OpenBLAS as CPU acceleration on a GPU node in Rhea [154] (Table 5.2 shows the
specifications). For simplicity, we measured the end-to-end computation time for the mul-
tiplication of two matrices of the same size. In this measurement, we included the data
transfer time between the host and GPU into the computation time since this time is in-
cluded in the computation time of tasks in Spark. We used block sizes within the range of
256 x 256 to 16K x 16K in the experiment, which is within the reasonable range for Spark.
The default block size in Spark is 1K x 1K. Figure 5.2(a) shows the execution time using
different options with different block sizes. The reported execution time is an average of
five runs for each block size. For small block sizes up to 4K x 4K, we observe that GPU
Impl performs better than the other two. As the block size increases, NVBLAS starts to
outperform GPU Impl due to NVBLAS design (subsection 5.3.4). OpenBLAS performs
reasonably within the block size of 1K x 1K, but the performance degrades dramatically as
the size grows more than 2K x 2K, when OpenBLAS starts to perform worse than NVBLAS.
Based on this observation, we identify T hy,, for dense matrix in our system to be 2K x 2K
(the cross point of the NVBLAS and GPU Impl). In our system, Selector would either
choose NVBLAS or GPU Impl based on the threshold as they outperform OpenBLAS in
any cases.
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Table 5.1: Summary of all processing variants supported in ARION. Methods on “GPU
(direct)” platform can co-execute with methods running on “CPU” platform.

Methods Matrix type | Platform
OpenBLAS Dense-dense | CPU
NVBLAS Dense-dense | GPU
cuBLAS (GPU Impl) Dense-dense | GPU (direct)
spBLAS Sparse-dense | CPU
cuSPARSE (GPU Impl) | Sparse-dense | GPU (direct)

Next, we repeat the experiment with a dense matrix and a sparse matrix with density of 0.05.
We recorded the end-to-end time of multiplication with GPU Impl using cuSPARSE, and
CPU acceleration using spBLAS. As shown in Figure 5.2(b), GPU does not accelerate the
calculation until the block size reaches 8 K x 8 K. Thus, we chose the T hy,. to be 8K x 8K
for sparse-dense matrix multiplications. The thresholds are configurable by the users, which
they can set based on their specific environment profiling. The values remain unchanged if
the environment does not change. The default in our system is set based on our experiments
above. Moreover, we found in our experiment that there is an upper limit size for a single
GPU bounded by the GPU memory size, 32K x 32K in our case, thus Thy,.. should be
below this limit. In practice, a user’s environment may have multiple decision points, for
which we use a configuration file. The file is used by the Selector after it has determined
the computation type (AdGEMM or sdGEMM) to select appropriate processing variants.

Discussion: To show the impact of hardware acceleration, we also study the performance
of the Scala implementation of MLIlib as our baseline case for our studied scenarios. We
can see that for ddGEMM, hardware acceleration significantly speeds up the execution time.
However, spBLAS performs slightly better or similar to MLIib. This is because ddGEMM is
more computation intensive than multiplication with highly sparse matrices, thus ddGEMM
offers more opportunity for performance improvement.

5.3.4 Improving System Utilization

Our design aims to improve resource utilization with the goal to maximize performance and
efficiency. We achieve this via a simple, yet effective, scheduling algorithm. If a GPU has to
be employed, we also prevent node-level waves of tasks. This is because the number of tasks
assigned per node can be much larger than the concurrency limit of the available GPU. We
propose to batch task executions to improve the concurrency efficiency of GPUs.

Task Scheduling

The goal of node-level task scheduling is to increase resource utilization whenever possible.
First, Scheduler over-provisions the task slots and enables tasks to run on both GPUs
and CPUs simultaneously, instead of just utilizing one type of resource at a time. Note
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that the data parallel design of Spark guarantees the data independency among Spark tasks
so there is no data communication between CPU tasks and GPU tasks. A side effect of
this approach can be that tasks are scheduled on suboptimal resources. To remedy such
problems, Scheduler speculatively executes lagging tasks on available resources.

To over-provision the resources, we assign the task slots 1. with the number of CPU cores
plus the GPU capacity, i.e., the maximum number of block sub-matrices the GPUs attached
to a node can hold. For example, in our experimental setup described in subsection 5.3.3,
Nsiors = D6 (CPU cores)+32 (GPU streams [151] of 2 GPUs per node). Among the ngs
task slots, 56 are for the CPUs and the others for the GPUs. This allows ARION to request
more tasks per node from Spark DAG scheduler to execute concurrently.

The scheduling algorithm works as follows. Given the processing option, and the occupied
GPU and CPU slots, Scheduler obtains the resource type used by the processing variant
as determined by Selector. If the resource type is GPU and all the GPUs are currently
occupied, Scheduler changes the current processing variant to the method for the same
matrix type in CPU platform shown in Table 5.1 to use the available CPU slots, i. e.,
OpenBLAS for ddGEMM and spBLAS for sdGEMM. On the other hand, if the resource
type is CPU and all CPU slots are occupied, then depending on the block size, Scheduler
changes the processing option to NVBLAS or to cuBLAS for ddGEMM. Scheduler simply
changes to cuSPARSE for spGEMM. Here, to support running tasks on both OpenBLAS and
NVBLAS simultaneously, we preload and link the NVBLAS library as the BLAS library, and
automatically modify NVBLAS configuration to redirect the BLAS operation to OpenBLAS.
Similarly, we modify the configuration back to NVBLAS when necessary. Note that this
configuration switch requires each thread to maintain a thread local configuration file to
avoid conflicts. In practice, the block size is usually small due to the limitations mentioned
in subsection 5.3.3. As a result, ARION opts for cuBLAS over NVBLAS, and thus is able to
avoid this switching and initiation overhead. Furthermore, recall that we extended Netlib-
Java to support spBLAS (subsection 5.3.2). Our extension does not interfere with the
existing OpenBLAS and NVBLAS libraries, instead we internally load spBLAS library from
our extended Java code without the need of preloading as long as the spBLAS library can
be loaded in the system library path.

Scheduler respects the variant choice of Selector as long as appropriate resources are avail-
able, choosing an alternate only if needed resources are occupied. However, in cases with
few number of waves of tasks, executing on the suboptimal alternate can lead to suboptimal
task execution time, which in turn exacerbates the performance of entire stage execution.
For instance, for an application that launches 88 tasks per node as a single wave request-
ing cuBLAS, Scheduler may change the processing option of 56 tasks to OpenBLAS and
executes them on CPUs. Since GPUs run much faster for dense matrices, the other tasks
executed on CPUs become stragglers. Thus, Scheduler speculatively re-launches the tasks
on idle GPUs and terminates the stage when all the results are available. Consequently,
ARION is able to mitigate any suboptimal Selector decisions.
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GPU Optimization

ARION adopts a number of optimization techniques for GPU Impl to ensure that all of the
GPUs within a node are fully utilized.

We first discuss the performance inefficiency of the tiling technique of NVBLAS. NVBLAS
uses the cuBLAS-XT [151] API under the hood. cuBLAS-XT supports a multi-GPU enabled
host interface. In cuBLAS-XT, matrices are divided into configurable square tiles of a fixed
dimension, called BlockDim, with a default value of 2K . Each tile is assigned to an attached
GPU device in a round-robin fashion, and one CPU thread is associated with one GPU device
for transferring data. This enables NVBLAS to pipeline tile transfer and computation, thus
improving the overall GPU throughput.

While NVBLAS outperforms other processing variants by tile splitting when matrices are
large, Spark tasks work on RDD partitions where each sub-matrix is usually not big enough
to be further split into square tiles of size 2K. Usually GPU throughput is low with small
sizes of matrices. To verify this, we tested GPU throughput of matrix multiplication with
different sizes. As shown in Figure 5.3, GPU throughput drops exponentially as the size of
matrix decreases.

Another problem is that NVBLAS handles one matrix multiplication at a time, with multiple
tiles of the matrices handled concurrently. This concurrency model is different from Spark
concurrency model in which each task performs one sub-matrix multiplication, and multiple
sub-matrix multiplications are performed by different tasks at the same time. It is equally
important to optimize the performance of using GPU for small matrices. However, NVBLAS
is inefficient in achieving high concurrency for small matrices multiplications. Thus, we
propose to batch small matrices into a large one to improve the concurrency and utilization
of GPUs in our GPU Impl design (for both cuBLAS instance and cuSPARSE instance).
In particular, we adopt the CUDA Streams [151] technology to overlap computation of
different tasks by batching the execution of small kernels. We associate one Spark task
with one separate CUDA stream to make the GPU compute the tasks concurrently. This
effectively batch multiple small matrices into a large matrix to run concurrently, consequently
improving the GPUs’ throughput.

While it is possible to have as many streams as needed for a single GPU, the CUDA com-
munity suggests to not have more than 16 concurrent kernels per GPU [151]. We further
limit the degree of concurrency based on the GPU memory capacity, such that a GPU can
hold no more than GPU, .,/ b2 bytes /3 streams concurrently, where G PU,.,,, represents the
GPU memory capacity. This is to accommodate the two b X b input matrices and the result
matrix. Although sparse matrices can be represented with compressed formats, we keep
this limitation without loss of generality (e.g., GPU is used for a mixture of multiplication
tasks including ddGEMM and sdGEMM). Using multiple streams may cause higher data
transfer overhead between the CPU and GPUs. In this case, we arrange a fixed number of
concurrent streams for each GPU, and once the streams in one GPU are all occupied, we
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Table 5.2: System specification.

System name Rhea GPU node Rhea CPU node
CPU model dual Xeon E5-2695 | dual Xeon E5-2650
CPU cores 14x2 (28 x2HT) | 16 x 2 (32 x 2 HT)
CPU memory 1TB 128GB

GPU model dual NVIDIA K80 | N/A

GPU (CUDA) cores | 4992 x 2 N/A

GPU memory 24 x 2 GB N/A

CUDA ver. 7.5 N/A

Network Interface 1G Ethernet 1G Ethernet

Table 5.3: Studied matrix sizes, densities, and raw file size.
Matrix 8K 16K 32K 64K
Density=1.00 | 0.98 GB | 3.93 GB | 15.73 GB | 80.82 GB
Density=0.05 | 0.30 GB | 1.19 GB | 4.77 GB | 19.08 GB

dispatch the next batch tasks to the next GPU in a round robin fashion. Therefore, we can
efficiently utilize multiple GPUs to overlap the data transfer and accelerate Spark tasks for
small matrices with high concurrency.

5.4 Evaluation

We have integrated ARION in Spark by modifying MLIlib (mainly small changes to BlockMa-
triz class). However, ARION can also be integrated with other scale-out platforms. In this
section, we evaluate ARION’s ability to efficiently accelerate matrix multiplication in Spark
compared to vanilla MLlib implementation. To this end, we use a large scale Gramian ma-
trix (XXT) computation kernel. This kernel is common in ML algorithms such as SVD and
PCA [76]. Gramian matrix computation also plays a critical role in popular data analysis
techniques, e.g., all-pair similarity [214].

We use Spark 1.6.1, the latest version at the time of this work. We manually compiled
OpenBLAS and spBLAS library version 0.2.19 with acceleration instruction flags set in-
cluding AVX2 and FMA3 [116]. We use the default NVBLAS library included in CUDA
toolkit 7.5. We implemented GPU Impl with cuBLAS and cuSPARSE APIs from the
CUDA toolkit. Our experiments are conducted on six highly-scalable GPU nodes assigned
from a super computing cluster, Rhea, as described in Table 5.2. We configure Spark with
one master and six worker nodes. One worker is co-located with the master. Each worker
node runs one executor. We configure each executor to have 800 GB memory and 56 cores.
We repeat each experiment five times and report the average results.
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Figure 5.4: End-to-end execution time with default Spark MLIib, ARION, and the naive adoption of other
processing variants. (Note log-scaled Y-axis in (a).)

5.4.1 Overall Performance

In our first experiment, we study the overall performance gain obtained from ARION. For this
purpose, we generate random square matrices of different orders with uniform densities as
shown in Table 5.3. We store both dense and sparse matrices in text files with same format
to maintain the same data preprocessing process of Spark. We use density 1.0 for dense
matrices and 0.05 for highly sparse matrices. We see that our raw input file sizes scale up
to 80 GB with computation of up to 4.3 billion data points. We perform generalized matrix
multiplication from an input matrix, X, to compute Gramian Matrix, XXT. Due to the
nature of the computation of Gramian Matrix, the pair of matrices of multiplication would
be either both dense or both sparse. However, ARION may still employ acceleration of sparse-
dense matrix multiplication on block sub-matrices where there may be skewness within the
matrix. To study the performance of the different processing variants, we consider several
scenarios: (i) default Spark MLIib, ARION for both dense and sparse matrix X; (ii) ARION
using OpenBLAS only (with Selector and Scheduler disabled), ARION using NVBLAS
only, ARION using GPU Impl with cuBLAS only for dense matrix X; (iii) ARION using
spBLAS only and GPU Impl with cuSPARSE only for sparse matrix X. We use the default
block size of 1K x 1K for our experiments.

We record the end-to-end execution time of the application, which includes reading input
data file, creating a BlockMatriz matrix type from the input file through intermediate data
types (from RowMatriz to IndexedRowMatriz and CoordinateMatriz), and performing matrix
multiplication on BlockMatriz. Figure 7.5 shows the results. The x-axis represents execution
time against the order of matrices as shown in Table 5.3.

We first compare the performance of ARION to default Spark MLIib. Here, we observe
that ARION performs better than MLIib for dense matrices with an average speed-up of
1.87x, and up to 2.47x. For sparse matrices, ARION speeds up performance by 1.15x on
average and up to 1.5x for 64K x 64K matrix. This performance improvement mainly comes
from the hardware acceleration for performing matrix multiplications (further investigated
in subsection 5.4.2. The performance of ARION over MLIib is higher in the case of dense
matrices (y-axis is only log scaled in the case of dense matrix) due to the fact that the
computation of dense matrices is more intensive than the case of sparse matrices, and dense
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matrices can benefit more from the GPU computation power.

Next, we analyze the impact of different implementation variants. From the figure, we see
that for dense matrices, all hardware acceleration methods (OpenBLAS, NVBLAS, cuBLAS)
finish earlier than MLIlib. For sparse matrices, hardware acceleration methods (spBLAS, cuS-
PARSE) perform similar to, or only slightly better than MLIlib. This is because for highly
sparse matrices with 5% of non-zero elements, the overhead of random memory access out-
weights the benefit of GPU acceleration where the overhead is incurred by storing non zero
entries non-sequentially in memory due to the sparsity of the matrices. This observation
is consistent with the results reported in [215]. Overall, ARION outperforms other imple-
mentation variants for both dense and sparse matrices. Among all matrices sizes, ARION
increases the performance by 10.75% and 20.28%, compared to the naive use of OpenBLAS
and NVBLAS, respectively. ARION performs similar to cuBLAS case because ARION selects
cuBLAS for dense matrices in our system, and most tasks are scheduled to GPU over CPU
due to the short task execution times. The performance improvement reaches up to 31.89%
for dense matrices. Similar trend is observed in sparse matrix case where ARION further
improves performance by 10.59% compared with cuSPARSE, and 10.13% compared with
spBLAS. The main reason for this is that ARION dynamically chooses the optimal variant
per block based on density and order of block sub-matrices and schedules tasks to otherwise
idled compute resources, consequently increasing resource utilization significantly.

5.4.2 Performance Breakdown

The end-to-end performance includes data preprocessing (reading input file and converting
to BlockMatriz), matrix multiplication, and persisting results to storage. Figure 7.7 shows
the breakdown of the end-to-end time for these three stages under ARION. The time frac-
tion for the “Multiply” phase suggests how much time is spent on computation, which is
the component where hardware acceleration can speed up. As seen in the figure, in general,
dense matrices spend more time on multiplication than sparse matrices, thus dense matrices
benefit more from hardware acceleration. Moreover, larger matrices spend more time on
computation while smaller matrices spend more time in data preprocessing. We thus con-
clude that hardware acceleration favors bigger and denser matrices. The benefit of hardware
acceleration on computation tends to be discounted by large data preprocessing time for
smaller and more sparse matrices.

In the “Multiply” stage, Spark tasks shuffle the block matrices to get the right sub-matrices,
and then perform the computation. To further investigate the acceleration of computation,
we eliminate the data shuffie phase, and record only the computation time. Note that
we use aggregated compute time as a simplified metric due to the complexity of Spark task
scheduling for this set of experiments. Figure 5.6 shows the speed-ups of aggregated compute
time of ARION and other variants compared to MLIib. The observed speed-up for dense
matrices increases with matrix size, and peaks at 57.04x with the matrix of 64K x 64K.
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This is because ARION fully utilizes both CPUs and hardware accelerators. As the matrix
grows, hardware accelerators demonstrate greater speed-ups. Using hardware accelerators
improves the computation performance by up to 57 times. However, the overall performance
decreases due to the data preprocessing and other framework overheads. For sparse matrices,
we still see a slight speed-up (up to 1.5x) under ARION over the Scala implementation of
MLIib, which is consistent with the overall results in Figure 5.2(a). Again, we observe that
ARION performs similar to or better than other implementations for both dense and sparse
matrices, similar to the overall performance. As the matrix size grows, the performance
improvement of ARION and GPU Impl increases, up to 88.2% and 84.9% for dense and spare
matrices, respectively, compared to BLAS libraries. We expect the performance improvement
of ARION to increase with growing matrix sizes against just vanilla hardware acceleration.

Next, we compare the computation speed-ups of different implementation variants. Among
the three hardware solutions for dense matrices (OpenBLAS, NVBLAS, and cuBLAS),
cuBLAS outperforms the other two variants, which is consistent with results in Figure 5.2(a).
Moreover, OpenBLAS slightly surpasses NVBLAS with an average improvement of 9.07%,
which is different from the pure measurement of Figure 5.2(a). This is because the default
block size of Spark falls out of the sweet spot of NVBLAS. As described in subsection 5.3.4,
NVBLAS is designed to opt for large matrices. However, Spark divides matrices to 1K x 1K
block sub-matrices, which hinders NVBLAS to benefit from its optimizations such as ma-
trix tiling and pipelining of data transfers. Furthermore, NVBLAS does not support stream
processing and kernel batching as in GPU Impl, falling short in meeting the demand of
high concurrency of Spark and resulting in low GPU utilization. Finally, the overhead of
NVBLAS in initializing the NVBLAS library, reading a configuration file, and selecting
GPUs is not negligible. In contrast, GPU Impl avoids this overhead by directly operating
through GPU function calls. As a result, we see that in Figure 7.5, for dense matrices,
NVBLAS always performs the worst among the hardware acceleration variants. For the li-
braries for sparse matrices (spBLAS and cuSPARSE), spBLAS performs similar to the Scala
implementation of MLIib, and cuSPARSE degrades computation heavily. This is also in
line with our hardware profiling results in section 7.3 (Figure 5.2(b)). However, we do not
see this impact on the overall performance in Figure 7.5. This is because the computation
portion is not dominant for sparse matrices (Figure 7.7), thus the impact is again negated
by the other overheads. Nevertheless, ARION’s selection of the best processing variants and
utilizing multiple resources still results in overall performance improvement.

5.4.3 System Utilization

Next, we repeat the experiments with 16 K x 16 K dense matrix and 64K x 64K sparse matrix
using MLIib, ARION, OpenBLAS, NVBLAS, and GPU Impl. We observe differences in
resource utilization across variants.

First, we compare the CPU utilization of MLIlib, ARION, and OpenBLAS as shown in Fig-
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Figure 5.6: Speed-up of aggregated compute time with ARION, and other processing variants with respect
to the Scala implementation in MLIib.

ure 5.7. Here, x-axis represents the time sequences, and the y-axis depicts the average CPU
utilization of the testbed nodes. Since the computation using MLIib takes longer than 250
seconds, we omit the tail results after 250sec, where the average utilization is less than 1.3%.
We observe that OpenBLAS has the highest CPU utilization, reaching 100%, since this vari-
ant heavily exploits CPUs to accelerate matrix multiplication. MLIib also exhibits medium
CPU utilization, which reaches 37.24% due to the usage of Scala based implementation exe-
cuting on CPUs. However, this Scala based implementation has much lower CPU utilization
compared to OpenBLAS. In contrast, ARION shows the lowest CPU utilization with an av-
erage of 2.49%. For default 1K x 1K dense blocks, ARION favors GPU accelerations for
computation, and GPU Impl calculates fairly fast for each task and finishes earlier than
OpenBLAS. Moreover ARION selects GPU Impl for all tasks as there is only one wave of
tasks for 16 K x 16 K matrix.

Figure 5.8 shows the aggregate GPU utilization of all nodes for ARION, ARION using GPU
Impl only, and NVBLAS. Note that maximum GPU utilization reaches 6 x 100%. Here
we observe that NVBLAS demonstrates the lowest GPU utilization among the three. The
tiling of NVBLAS is effective on block sub-matrices with size greater than 2K instead of
small ones. Compared to NVBLAS, GPU Impl increases GPU utilization by associating
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each small task to a CUDA stream and batching the task execution. ARION shows a similar
GPU usage with GPU Impl due to the main adoption of GPU Impl for the 16 K x 16K
matrix case. The aggregated GPU utilization of both ARION and GPU Impl fails to reach
the maximum capacity of the cluster. This is because in Spark, matrix multiplication tasks
first shuffle data to retrieve needed sub-matrices. The actual computation happens after all
the data has been obtained. In this case, the actual computation of different tasks may start
at different times based on how long the shuffle takes for a task. In the case of multiple
waves, the discrepancy in computation start time increases across tasks. This feature of
MapReduce based scale-out platforms like Spark limits the chances of fully extracting GPU
utilization with the batching task design of GPU Impl inside ARION, and also prevents the
Scheduler of ARION to detect GPU resource contention. However, such shuffle behavior is
nondeterministic so we can benefit from the flexibility of ARION to fully utilize idle resources
when available. Moreover, when applied to a multi-tenant environment or multiple parallel
phases of a job—where there may be resource contention, e.g., when a GPU intensive job
runs alongside a matrix multiplication job—, Scheduler is able to avoid resource contention
by scheduling tasks to resources with higher availability. For highly synchronized scale-out
platforms such as Bulk Synchronous Parallel (BSP) based frameworks [138, 169, 195], ARION
is expected to be able to fully utilize the hardware resources and schedule tasks to avoid
resource contention.

To evaluate how ARION effectively utilizes both CPU and GPUs resources, we run an ex-
periment with sparse matrix multiplication of size 64K x 64K. Figure 5.9 shows aggregate
CPU and GPU utilization. Here, while CPUs are mostly fully utilized, GPUs exhibit a spike
pattern throughout the execution. While Selector initially selects spBLAS, Scheduler no-
tices idle GPU resources and fully occupied CPU slots. Scheduler then reassigns the tasks
to GPU based variants (GPU Impl with cuSPARSE). The fluctuation in GPU utilization
comes from ARION’s decision to respect choices of Selector. That means tasks are assigned
with spBLAS whenever a CPU slot becomes available. Thus, we see that ARION improves
the overall resource utilization.

5.4.4 Impact of Block Size

In our next experiment, we perform Gramian matrix calculation with 16 K x 16/ dense ma-
trix using ARION with different block sizes. We record the end-to-end runtime of all cases
and break it down into the three stages as illustrated in Figure 5.10. Here we can see that
Spark spends most of time on data preprocessing and performing multiply computation, and
the time on writing outputs is thus trivial. Therefore, we focus on preprocessing and multi-
plication times. The data preprocessing is minimum with block size of 512, but the matrix
multiplication is minimum with block size of 1K, the default case. The overall performance
reaches minimum at 9.08 minutes with the block size of 1 K. Although suboptimal block sizes
(such as 256) cause huge data preprocessing overhead from data partitioning and shuffling,
in this paper we fix block size with default value and focus on optimizing computation time.
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Next, we study the relationship between computation and block sizes, by repeating the
experiment with hardware acceleration implementations (GPU Impl, OpenBLAS, and
NVBLAS). We record the average compute time of each task. Figure 5.11 shows the re-
sults. For all the implementations, computation time increases as the block size increases.
Larger block sizes result in larger matrices and longer computation time, which is consistent
with our earlier observation (Figure 5.2(a)). However, in contrast to Figure 5.2(a), where
NVBLAS performs better when the matrix size grows and finally outperforms other two im-
plementations, here we see that NVBLAS performs worse as the block size grows and the gap
between the other two variants also increases. This is because under the highly concurrent
environment of Spark, NVBLAS cannot handle multiple task requests, and causes a delay to
execute subsequent tasks. With smaller sizes of matrices, although the number of tasks in-
creases, the computation finishes fast enough to overlap the shuffle of other tasks. However,
when the matrix size grows, even if there are fewer tasks, the computation takes longer and
tasks are prone to a higher chance and duration of waiting. On the contrary, the Spark-aware
design of GPU Impl yields a consistent best performance among the processing variants in
any block size.
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5.4.5 Scalability of Arion

In our final experiment, we test the scalability of ARION. In this experiment, we scale ARION
in a 128-node “Rhea CPU” cluster (4096 cores in total). Table 5.2 shows the specifications
for both setups. Here, we configure Spark executor with 120 GB memory and 64 cores for
the CPU nodes, and repeat the experiments for dense matrices using default Spark MLlib.
We record the end-to-end execution time of both default Spark MLIib and ARION. ARION
is able to apply CPU hardware acceleration for dense matrix multiplications in this set-up.
We are able to scale our input matrix up to 96K x 96K with a raw file size of 177 GB
for ARION. However, default Spark MLIib fails to finish the 96 K x 96 K matrix case due
to OutOfMemory error after 7.2 hours running as plotted in the figure. This is because
the computation with Scala implementation is executed inside JVM and thus requires on-
heap memory space, while hardware acceleration uses out-of-heap memory (sometimes GPU
memory) for calculation. Figure 5.12 shows the results. Note the log-scaled y axis. We see
that ARION is also able to improve the performance by 13.35% (up to 40.9%) in a large scale
system. This improvement is however limited by the CPU only infrastructure of the “Rhea
CPU” environment. We expect ARION to have more performance improvement on emerging
systems that have multiple hardware accelerators.

We also compared ARION on a 6-node “Rhea GPU” with default Spark on a scale-out 16-
node CPU only cluster. Our results show that ARION on a smaller setup performs similar to
default Spark MLIib on a larger setup (the detailed results are omitted due to page limit).
Moreover, ARION improves performance by 17.45% for 16 K x 16K matrix, and 39.13% for
32K x 32K matrix compared with default Spark MLIlib on a larger setup. Since ARION
effectively utilizes both CPUs and hardware accelerators in the cluster, we can achieve the
same or better performance with a smaller cluster of fat machines than a larger cluster of
less-endowed machines.

5.5 Chapter Summary

We have presented ARION, a dynamic hardware acceleration framework atop Spark. ARION
supports scale-up accelerations for linear algebraic operations in scale-out data processing
platforms. The approach adopts both drop-in solution of BLAS libraries and customized
GPU acceleration in Spark for the best-effort processing of both dense and sparse matrices.
Moreover, we design a scheduler that maps tasks to different resources at runtime based
on both matrix characteristics and system utilization. Our evaluation of ARION shows a
2x end-to-end speed-up compared to extant solutions in Spark. In addition, ARION is
able to exploit hardware acceleration to enable the use of a smaller-sized cluster to achieve
performance comparable to that of a larger Spark cluster. Although this work focuses on
the usecases of matrix operations to provide a proof-of-concept, the result from this work
can have a broad impact on various algorithms in machine learning and graph analysis, since
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the most of machine learning and graph algorithms are implemented in a layered approach
on top of matrix operations.



Chapter 6

Resource Mangement for
Heterogeneous Applications

6.1 Introduction

MapReduce [17] has emerged as the de facto distributed processing model for big data ana-
lytics due to its ease-of-use and ability to scale. Although a wide-range of applications, such
as web crawling and text processing [12] and log querying [10], benefit from the MapRe-
duce model, there exists numerous rich data analytics workflows that can not be fully or
efficiently captured using MapReduce. Consider Metagenomics [122], a life science workflow
that consists of clustering and multi-dimensional scaling operations that involve parallel
linear algebra computations [163]. Such compute- and communication-intensive jobs entail
intricate communication patterns that cannot be captured by only the shuffle supported in
MapReduce. For such applications, the well established Message Passing Interface (MPI) [15]
is more suitable due to its ability to support any communication pattern. Moreover, MPI
has proved its mettle in large-scale high-performance scientific computing (HPC). However,
simply porting the I/O-intensive data analytics workflow to MPT is impractical, given the
demonstrated ability of MapReduce to deliver high-throughput for data-intensive workloads.
Moreover, a MapReduce application has the added advantage of being able to run on public
cloud services, e.g., Amazon AWS [1], which removes the need for dedicated in-house clus-
ters and lower the barrier-to-entry for users. Consequently, a new two-cluster paradigm is
emerging, wherein the compute-intensive tasks of a workflow are run using MPI on tradi-
tional HPC clusters, and then the data is moved to a MapReduce cluster for data-intensive
processing [141]. This is undesirable due to unnecessary dual maintenance of two kinds
of clusters. Moreover, such settings entail performance degrading manual copying of data
from one model to another, e.g., from the cluster file systems of HPC to HDFS [141] for
Hadoop/MapReduce.

67
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An alternative approach is to port MPI applications to MapReduce, either via auxiliary li-
braries [3, 11, 67, 115, 217] or by re-designing parallel algorithms using MapReduce APIs [117,
157, 199, 213]. Though promising, this approach is not always possible without completely
redesigning well-established applications [199], which undermines the effort done in validat-
ing and developing the original applications. A promising development here is the evolution
of the standard monolithic Hadoop design [31] into YARN [187] via decoupling of resource
management from task management. YARN lays the foundation for supporting diverse pro-
gramming paradigms and not just MapReduce on the managed resources. However, while
YARN is programming model agnostic in concept, it is based on refactored code from Hadoop
1.0 [187], and inherits many of the design decisions and implementation aimed at supporting
only the MapReduce model.

In this paper, we address the above issues by designing GERBIL, a YARN-based framework
for transparently co-hosting unmodified MPI applications alongside MapReduce applications
on the same set of resources. Enhancing YARN to host MPI applications allows realiza-
tion of rich data analytics workflows as well as efficient data sharing between the MPI and
MapReduce models within a single cluster. GERBIL enables fine-grained application-to-
model matching and has the promise to significantly improve performance and ease-of-use.
Users can leverage say an MPI matrix multiplier with a MapReduce log analysis, both within
a single workflow running on an integrated cluster without manual hacking. GERBIL hides
the low-level details such as resource negotiations and management of dual models from the
users, while supporting user-specified task allocation strategies, e.g., optimizing for mini-
mum job wait time, inter-process locality, or desired cluster utilization, in a multi-tenant
environment. Moreover, there is a great interest from the open source Hadoop community
to embrace MPI as a first class citizen on YARN [143]. GERBIL aims to deliver on this
promise.

We faced several challenges when designing GERBIL. YARN provides for customized appli-
cation management component (application master, AM) that can be exploited to support
multiple programming models. First, we need to design an AM that manages the life cycle
of allocated resources and the assignment of MPI processes to the allocated resources in an
efficient way, requiring in-depth understanding of YARN and its interactions. Second, we
found that there is a significant difference in the design and resource management principles
of MapReduce and MPI, precluding a straightforward extension of YARN to support MPI.
For example, YARN allocates resources based on heart beats from node managers, which
results in long resource allocation time and can lead to significantly long MPI application
launching compared to a native MPI cluster. Third, we have to address cases where available
resources are not enough to assign all tasks of an MPI application. A naive solution of wait-
ing for more resources to become available, and not using the currently available resources,
can lower cluster utilization and increase application turn-around time. We propose resource
over-subscription so as to allow an MPI application to start albeit in a degraded mode due
to sharing/over-subscription of the underlying resources.

Specifically, this paper makes the following contributions:



6.2. ENABLING TECHNOLOGIES 69

e We identify a fundamental mismatch between YARN resource negotiation mechanism
and the MPI programming model (Section 6.2). We found that the MapReduce-
tailored, container-based resource negotiation protocol in YARN does not work well
for MPI applications that in essence require gang resource allocation.

e We present the design and implementation of GERBIL (Section 7.3 and Section 6.4),
which supports traditional MPI job submission semantics as well as allocation of cluster
resources to MPI jobs via negotiating with YARN and transparently launching the
applications.

e We present five resource provisioning strategies for GERBIL for multi-tenant environ-
ments (Section 6.3.3). Such flexible resource provisioning helps in executing the MPI
applications based on various cluster utilization goals such as minimizing application
launching time, reducing network traffic and increasing cluster resource utilization.

e We conduct an in-depth performance study of GERBIL on an 19-node cluster [25]
using representative applications (Section 7.3.3). Our experiments show that GERBIL
can run MPI applications with performance comparable to the native MPI setup. The
runtime overhead of GERBIL, mostly incurred by the resource negotiation with YARN,
is observed to be constant and would become negligible when amortized across long-
running applications.

6.2 Emnabling Technologies

In this section, we describe MPI and YARN, which serve as the enabling technologies for
GERBIL.

6.2.1 The MPI Framework

MPI (Message-Passing Interface) [15] uses explicit messages to coordinate between dis-
tributed processes. In our work, we use the publicly available MPICH [16]. MPICH provides
several internal process managers [61] such as Gforker, Remshell, SMPD, Hydra [7], and Mul-
tiPurpose Daemon (MPD) [69] that we use in our prototype. A typical MPI job is submitted
through the mpiexec command, which also accepts arguments such as a machine file or num-
ber of processes to use. The process manager then spawns connected daemon processes on
participating nodes, which prepare the communication environment, handle process binding,
and spawn the application MPI processes. The process manager also handles tasks such as
signal forwarding and I/O forwarding, and cleanup upon task completion. The MPI model
does not provide resource management mechanisms, and relies on systems such as Portable
Batch System (PBS), SLURM [109], Torque [178], Moab [14] and Cobalt [83].
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Figure 6.1: Steps of launching an application in YARN.
6.2.2 YARN

YARN [187], the second generation Hadoop release, has two key components: a global Re-
sourceManager (RM) that provides resource management across all available resources and
allocates resources for applications, and a per-application ApplicationMaster (AM) that man-
ages the allocated resources and handles job scheduling and monitoring. The RM leaves the
control over the applications to their associated AMs. YARN uses a container abstraction to
allocate and manage resources. The containers provide some degree of performance isolation
and guarantees for application execution. Figure 6.1 shows the steps involved in running an
application on YARN. A user submits jobs through a client to the RM by providing: (a) ap-
plication submission context containing ApplicationlD, user, queue, and other information
needed to start the AM; and (b) container launching context (CLC) that specifies resource
requirements (Memory/CPU), job files, security tokens, and other information needed by the
AM to run. The RM then allocates the requested container, starts the AM in the container,
and passes control to the AM that can then request more containers from the RM as needed.

Although YARN is designed as a flexible and scalable resource manager, it is not well-suited
for MPI for two reasons. First, YARN does not provide support for gang scheduling needed
by MPI jobs, which can lead to long waiting time before an MPI job can start. Second,
fine-grained resource container allocation in YARN can lead to multiple containers allocated
to a single physical node. This creates challenges for the MPI process manager design, as
traditional MPI setups support only one manager process per node.

6.3 System Design

In this section, we first discuss the objectives of GERBIL design. Then, we give an overview
of our architecture and describe the major components of GERBIL, followed by a discussion
on how /O and fault tolerance can be supported.

6.3.1 Design Objectives

The key design objectives of GERBIL are as follows.

Transparent System Interface: We want to ensure that GERBIL allows unmodified MPI
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Figure 6.2: GERBIL architecture for running MPI on YARN.

and MapReduce applications. This is crucial for increasing the efficacy of our approach and
easier adoption by the users, as any solution requiring modifications either to YARN or to
MPI will induce additional maintenance difficulties or burden the application developers.

Ease of Use: MPI is the extant parallel programming framework for scientific computing,
and users are already familiar with its process model and job submission semantics. We aim
to preserve this ease-of-use and familiar user experience by enabling MPI-like interactions in
GERBIL.

MPI-Aware Container Allocation: As explained earlier (Section 6.2), the fine-grained
container allocation in YARN does not match well with the gang allocation requirement of
MPT applications. It is crucial for GERBIL to provide MPI-aware resource allocation atop
the fine-grained resource allocation of YARN to mitigate this problem.

Tunable Allocation Strategy: GERBIL is aimed at multi-tenant environments, which en-
tails adapting the resource allocation strategy based on dynamic cluser resource utilization
and user demands. For example, the user may opt for minimizing job wait time, increasing
overall resource utilization, or achieving better inter-process locality to reduce data move-
ment across nodes. To facilitate this, GERBIL must support a flexible and extensible interface
that would allow users to specify the allocation strategy best suited to their applications.

6.3.2 Architecture Overview

Figure 6.2 shows the architecture of GERBIL. We leverage YARN to manage the cluster,
and allocate and launch containers on which MPI jobs would be run. We use the allocation
to first provision a temporary MPI “cluster” (tMc) for each submitted MPI job. A tMec is
composed of a set of containers that RM and GERBIL allocate, including a special container
for the associated AM, and exists only for the duration of the associated job. GERBIL then
instantiates t M ¢ with an execution environment similar to that of a traditional MPI cluster.
This ensures that no modifications or re-compilation is needed for running MPI jobs on the
allocated resources comprising tMc. Moreover, multiple tMc¢’s can co-exist with each other
as they host different applications.

GERBIL consists of three main components. GERBIL-Client is responsible for accepting user
command-line arguments and providing the parameters and environments needed by YARN
to launch GERBIL-AM. GERBIL-Client provides an MPICH compatible application launch-



72 CHAPTER 6. RESOURCE MANGEMENT FOR HETEROGENEOUS APPLICATIONS

Options Arguments

-a, --mpi MPI executable file

-1, --list MPI application list file

-n, --processes number of processes

-p, —-priority proirity of the MPI application

-f, --hostfile nodes/processes description file
-r, --relax allocation algorithm to be used
-0, —--oversubscribe oversubscribe resources

-i, --arguments arguments for the MPI application
-k, --kill YARN application ID to terminate

Table 6.1: Command-line arguments supported by GERBIL-Client.

ing interface shown in Table 6.1. This allows MPI applications to transparently utilize YARN
managed resources. After a user submits an MPI job, GERBIL-Client sets up the necessary
environment for executing the application. The client then constructs the application sub-
mission context, including command line information, for the RM that schedules an available
container and launches GERBIL-AM. At this point, control is handed over to GERBIL-AM.

GERBIL-AM is the customized application manager that handles execution of MPI jobs
on YARN. This component requests needed containers from the YARN RM, manages the
life cycles of allocated containers, assigns processes to containers based on user-specified
allocation policies, and launches a GERBIL-Container on each allocated container. GERBIL-
Containers launch associated MPI process manager, set up the MPI execution environment,
and monitor the resource usage of MPI processes running within the containers.

6.3.3 User-Specified Container Allocation Modes

Table 6.2 shows the different modes supported by GERBIL, which allows the users to request
cluster resources with specific characteristics. In the alloc_relax none mode, a user submits
an MPI host file describing the list of preferred hosts and the number of processes to run
on each host. In this case, GERBIL strictly respects the specified requirements, requests one
container per listed host and assigns exactly the number of processes per node as specified
in the host file. This mode gives users fine-grained control over process allocation. The flip
side is that when any one of the specified hosts does not have sufficient capacity to support
the requested containers, GERBIL-Client has to wait until the resources become available
for starting the GERBIL-AM. Here, users opt for control at the cost of potentially increased
allocation latency. Alternatively, users can only specify the number of processes needed for
their MPI jobs in the alloc_relax_all mode, where GERBIL freely allocates the nodes based
on resource availability throughout the cluster. However, such flexibility comes at the cost
of potential loss in data locality as containers are now assigned to arbitrary nodes.
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Algorithm 5: Container allocation — common functions

Input: hostfile, relax, total _nproc, cluster_list
begin

sort_list_descend(cluster_list);
if host file exists then
np < total_nproc;
local list <+ new localList;
for each (node, nproc) in hostfile do
node_size < node.get_size();
size < {m X nproc, v X nproc};
switch relax do
case “none” do
‘ ALGO_relax none();
end
case “loc” do
‘ ALGO_relax_loc();
end
case “dist” do
‘ ALGO_relax dist();
end
case “loc+ dist” do
‘ ALGO_relax_loc+dist();

end
end
end
if relax == “dist”||relax == “loc + dist” then
‘ round robin(local list, np);
end
combine_containers (local_list) N
end
else
/* relaxed allocation */
ALGO_relax_all();
combine_containers(cluster_list);
end
end

Function combine containers (list)
for each node in list do
if node.get_num_containers() > 1 then
| combine containers into one;
end
end
Function round robin(list, np)
while np > 0 do
node, node_size < get first node from list;
if node_size < {m,v} then
‘ degraded < true ;
end
request_container (node, {m,v});
sort_list_descend(list);
np — —;
end

{m, v} < minimum MEM, vCPU from YARN config;
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The aforementioned

allocation modes represent the two extreme cases of container allocation in GERBIL. To
support a wider range of application needs as well as to mitigate the allocation latency due
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Algorithm 6: Container allocation — mode implementation

Function ALGO_relax none()
if node_size > size then
‘ reques‘c,container(node7 stze) ;
end
else if node_size > {m,v} then
request_container (node, node_size) )

degraded < true ;
nd

Ise
request_container (node, {m, U}) ;
degraded < true ;
end
local list.add(node);
Function ALGO_relax_loc()
top_node < get the top node from cluster list;
top_size < cluster_list.get_size(top_node);
if top_size > size then
\ reques‘c,container(IfOpJLOde7 size) ;
end
else if top_size > {m,v} then
request_container (top_node, top_size);

degraded < true ;
nd

Ise
request_container (top_node, {m,v});
degraded < true ;

end

local list.add(top_node);
cluster_list.remove(top_node);
Function ALGO.relax dist()
| local list.add(node);
Function ALGO_relax loc+dist()
top_node <— get the top node from cluster_list;
local list.add(top-node);
cluster _list.remove(top_node);
Function ALGO_relax_all()
‘ round_robin(cluster_list, total_nproc);

o O

® O

to the lack of gang scheduling support in YARN under multi-tenancy, GERBIL also supports
three more container allocation modes with varying degree of flexibility as shown in Table 6.2.
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Relaxation Mode: Location Distribution Node Count
(alloc_relax.)

none
loc X

dist . X

loc+dist X X

all X X X

Table 6.2: Container request modes in GERBIL. For each mode, ‘x’ and ‘-’ denote whether a factor
is relaxed or not, respectively. Here, location, distribution, and node count means the location (i.e.,
nodes on which processes are launched), the distribution (number) of processes per node, and the
total number of nodes used to service a request, respectively.

These modes allow relaxing the requirement for the location of processes (alloc_relax loc),
distribution of processes per node (alloc_relax dist), or both the location and distribution
but not the number of requested nodes (alloc_relax loc+dist). The different allocation
modes provide users with flexibility to run their MPI applications based on different appli-
cation characteristics by providing the appropriate host file and allocation mode arguments.
For example, for communication-intensive MPI applications, it is preferred to allocate the
containers and nodes close to each other so that the communication between processes on
different machines does not involve multiple network hops. This can be achieved by using the
alloc_relax dist mode. Similarly, for CPU-intensive MPI applications where the location of
the processes is not crucial, the alloc_relax all mode provides for more flexibility and faster
allocation. However, if the user wants performance guarantee, she can ensure a minimum
number of compute nodes is allocated to the job by using the alloc relax loc+dist mode.
Thus, the main purpose of supporting multiple allocation modes is to reduce application
launch time without compromising their needs.

6.3.4 Container and MPI Process Management

GERBIL-AM is responsible for deciding the number and size of containers to request, as
well as employing strategies for assigning processes to containers based on user-specified
allocation mode and currently available cluster resources. The actual resource negotiation
with the RM is done by GERBIL-AM using container requests and leases, communication for
which are piggybacked on AM-RM heartbeat messages. To minimize the container launching
time, we pack all the needed information, e.g., the number, size and location of the contain-
ers, etc., within a single heartbeat message. This information is used to assign processes
to hosts depending on the allocated resource capabilities and the user-specified container
allocation mode. GERBIL-AM then manages the application life cycle and affects policies to
automatically recover from any failures.
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Container Allocation and Process Assignment

MPI process management mechanisms force GERBIL to have only one container per node
per MPI job, as only one MPI process manager per node is allowed per job. If multiple MPI
processes are to be spawned on a node, they are all run inside the same container running
on the node. Thus, while a node can have multiple containers each for a different MPI
application, each application can have only one container per node. Moreover, keeping all the
processes of an application in one container per node makes it easy for the GERBIL-Container
to monitor and track the whole process tree, and determine the resource utilization of all
the processes within the container. Thus, GERBIL-AM only requests one container per node
for each MPI application, and assigns one or more MPI processes within each container.
This is also beneficial in limiting the impact of YARN container allocation overhead on
GERBIL as we show in our evaluation (Section 6.5.6). Since GERBIL may host multiple MPI
processes in a single container, the optimal size, e.g., the amount of memory and the number
of vCPUs, of different containers can vary depending on the number of processes assigned
to the container. For example, GERBIL attempts to allocate twice as much capacity, e.g.,
memory and vCPUs, to a container with two processes compared to a container that hosts
just one process.

Resource Oversubscription

GERBIL-AM compares container allocation requests against available resources to detect
oversubscription, which occurs if the number of requested resources exceeds the available
resources. Such oversubscription may occur under any of the resource allocation modes
described earlier in Section 6.3.3. GERBIL handles such scenarios depending on the user
command line option oversubscription. If the option is set to false,—and the requested
resources do not exceed the max capacity of the setup, which results in an error—GERBIL
simply waits until sufficient resources become available before allocating the container. If
the option is set to true (default), GERBIL-AM runs the MPI runtime in an oversubscription
mode, i.e., it allows different containers/processes to compete for the same resources. The
goal is to avoid the unpredictable wait times for resources to become available.

Different implementations of MPI handle such oversubscription related performance degra-
dation differently. In OpenMPT [21], the degraded mode can be controlled by Modular Com-
ponent Architecture (MCA) parameter mpi_yield when idle. In MPICH wvl.1 or later, users
can configure the system to control whether to perform in a degraded mode or to keep the
performance but sacrifice the intra-node communication. Oversubscription can sometimes
be beneficial, especially in competitive environments, e.g., modest levels of oversubscription
has been shown to improve system throughput by 27% [107].
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Container Allocation Algorithms

We design five container allocation algorithms in GERBIL-AM based on the five allocation
modes described in Section 6.3.3, namely ALGO_relax none, ALGO_relax loc, ALGO relax dist,
ALGO relax loc+dist, and ALGO relax all. Algorithm 5 and Algorithm 6 show the steps
taken during the container allocation process when supporting the five allocation modes.
We set the oversubscription option to a default of true in our algorithms.

The input variables of Algorithm 5 are: (i) the host file path, hostfile, that contains a
list of {node,nproc} pairs where node is a host and nproc is the number of processes to
run on the node; (ii) the relaxation mode relaz; (iii) the total number of processes to use
total_nproc; and (iv) the cluster list cluster_list that specifies the available nodes and is
retrieved by GERBIL-AM from the YARM RM. This algorithm retrieves the value of the
minimum allocation of memory m and virtual cores v from the YARN configuration file and
uses this information as the basic resource allocation unit. However, users can change the
value of {m,v}. By default, a single process is assigned a unit of {m,v} resources, while
nproc processes are assigned with nproc x {m,v} resources. We also support a user option
that, if set to ’true,” implies that the system should sort the nodes from the cluster list in
a descending order based on their available resources. We give higher priority to memory
than CPU, as over-committing memory would cause extra disk I/Os and worse performance
degradation than over-committing CPU resources. Thus, a node is ranked higher if it has
more amount of free memory. If two nodes have the same amount of memory, then the node
with more free virtual cores is ranked higher.

ALGO _relax none: When the user specifies a host file with hosts and number of processes
per host with alloc_relax none mode, containers are requested strictly based on the user’s
request. For each node node in the host file, GERBIL-AM adds it to a list of nodes to
use, local_list, and calculates the needed resources size as {m,v} x nproc. If the available
resources node_size of node is greater than size, GERBIL-AM requests a container of size
size. If node_size is smaller than size but greater than {m, v}, GERBIL requests a container
of size node_size. Otherwise, it requests a container of size {m,v}. Note that the last two
cases result in over-committing of the container resources.

ALGO _relax_loc: If the user selects mode alloc_relax loc, the process distribution per
node is respected but the specified hosts may be different depending on availability. GERBIL-
AM retrieves the needed nodes from the top of the cluster_list to ensure a higher probability
of getting the desired resources. The remaining process is the same as before. Finally, every
time a container is requested on a node, the node is removed from the cluster_list and added
to local _list.

ALGO relax_dist and ALGO _relax _loc+dist: Under the modes alloc relax dist and
alloc_relax loc+dist, GERBIL-AM first builds the local list from the host file or the speci-
fied number of nodes from the top of the cluster_list for ALGO_relax_dist and ALGO _relax_loc+dist,
respectively. Next, processes are assigned to the set of nodes in a round-robin fashion, where
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a process is assigned one {m, v} resource at a time, and the process repeats until all of the
total_nproc processes have been allocated.

ALGO _relax_all: If the user only specifies the number of processes, GERBIL-AM employs
round-robin process assignment using all the nodes in the cluster_list.

Under all algorithms, if any of the nodes have resources less than the minimum {m, v}, the al-
gorithm is blocked until more resources become available. Whenever over-subscription is de-
tected, degraded is marked as true. Finally, GERBIL-AM checks the local_list or cluster_list
to combine multiple containers on the same node into one. This is done by adjusting the
container size to make sure that only one aggregated container is requested per node per
MPT job.

Since the algorithms are based on a snapshot of the available cluster resources, it is possible
that the availability changes after a request has been issued but not serviced. The request
can stall due to unavailability of actual resources. In order to reduce such wait time, we do
not change the containers that are already allocated. Rather, we issue new requests for the
remaining containers and wait until all new containers are allocated before launching the
MPT job.

6.3.5 Discussion

Supporting HDFS I/O GERBIL supports any distributed file system that is compatible
with MPI. For clusters that are not equipped with a distributed file system, GERBIL sup-
ports reading and writing of data from direct attached storage by transparently transferring
data between local storage and the default YARN distributed file system, HDFS. Moreover,
alternative shared file systems such as fuse-dfs [5], HDFS NFS Gateway [20], GPFS [167],
and GFS [91] can be also employed. Users can also leverage the HDFS native library to
handle I/O in their programs directly. Nevertheless, it has been shown [77] that maintain-
ing a conventional distributed shared file system on a commodity PC cluster, i.e., resources
that typically support YARN, is operationally cheap compared with the performance cost
of HDFS.

Handling Failures Failures are the norm and not an exception in large-scale clusters.
Thus, it is crucial to understand the failure behavior of our approach. In case of GERBIL-AM
failure, YARN automatically relaunches the application master. Upon relaunch, GERBIL-AM
requests the needed containers again and re-starts the MPI application automatically. This
would be a heavyweight process and akin to cluster failure, e.g., due to power or networking
loss, in traditional MPI setup. However, a more common failure is that of a container.

Container failure can lead to the failure of the hosted MPI job. GERBIL leverages built-in
MPT fault tolerance to handle such job failures. There are a number of efforts in the MPI
community to provide fault tolerance in case of process failure or communication failure,
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and help MPI programmers achieve resilience both at the application level and at the MPI
framework level. To this end, techniques such as group communication can be used to write
a robust MPI application [99]. MPI/FT [62] considers task redundancy to provide fault
tolerance, while FT-MPI [97] adopts a dynamic process management approach. Moreover,
different MPI implementations deliver different fault tolerance mechanisms. Users can regis-
ter various built-in error handlers and customized handlers in different MPI implementations.
For communication failures, techniques such as message re-transmission, message logging and
automatic message rerouting have been developed [58], and can be used alongside GERBIL
as needed.

Finally, checkpointing is widely supported for MPI job abort /recover in different MPI imple-
mentations [16, 21]. GERBIL supports checkpointing with different MPI implementations.
For example in MPICH, GERBIL configures MPICH to checkpoint with BLCR [2]. Both
manual and automated checkpointing with an interval can be configured in GERBIL. Al-
though failures are handled by MPI, GERBIL-AM provides automated job restart without
user intervention. GERBIL-AM first communicates with RM and checks whether sufficient
number of containers are available based on the container allocation mode. Unless under
heavy cluster load, the AM requests containers with the same size to replace the failed
containers, after which the jobs are restarted.

6.4 Implementation

We have implemented GERBIL with YARN Hadoop-2.2.0 and MPICH-v1.17cl, though GER-
BIL can be easily extended to use other MPI implementations. For job submission, we ex-
tended the YARN standard client object, YarnClient, to GERBIL-Client that passes user
specified arguments to YARN RM for launching GERBIL-AM.

Gerbil-Container

The GERBIL-Container encapsulates our MPI-specific handling mechanism and is responsible
for starting the MPI MPD. The MPD in turn retrieves the appropriate CLC, and starts the

MPT processes. We monitor the MPD through YARN NM and inform GERBIL-AM when
the job is complete and the results are available.

Gerbil-AM

GERBIL-AM is responsible for requesting, allocating, and managing the containers, initiating
the MPI runtime environment and launching MPI jobs. Figure 6.3 shows the different
components of GERBIL-AM and their interactions. GERBIL-AM communicates with all of
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Figure 6.3: GERBIL components and their interactions.

the associated containers via RPC. To this end, an RPC Server is run within the GERBIL-
AM and each of the launched container runs an RPC client. Communication such as when
containers are ready for execution, when MPD has been launched/completed, and when a
job is completed, is exchanged via the RPC Server. The Container Allocator implements
the container allocation algorithms described in Section 6.3.4 to request needed containers
from the YARN RM. The Container Launcher initiates the containers with the requisite
execution environment, process/executable dependencies such as classpath, the application
launching command, and arguments included in the CLC. The container launcher then
sends the CLC to an appropriate NM and starts the associated GERBIL-Container. The
Job Launcher starts the MPI job after GERBIL-AM has received the allocated containers
and process assignments, using the following command:

mpiexec -hosts <number of host nodes> <host n ><number of processes> ... <mpi application> <-other

options>

Upon job completion, GERBIL-AM collects the results (and writes them to HDFS), and
returns the control back to GERBIL-Client, thus completing the process.

6.5 Evaluation

6.5.1 Experimental Setup

We evaluate GERBIL using a 19 node (1 Master, 18 slaves) test cluster [25], where each
node contains two Intel Quad-core Xeon E5462 2.8 GH z processors, 12 M B 1.2 cache, 8 GB
memory and one 320 GB Seagate ST3320820AS_P SATA disk. Nodes are connected using
1 Gbps Ethernet. The GERBIL-AM component is configured to use 3072 M B of memory
and 2 cores. Each of the slave nodes has 6144 M B memory available for containers, with a
minimum allocation of 1536 M B and 1 core. Thus, each node can have 4 containers, for a
total of 70 containers available in our setup. We use MPICH version 1.1rcl with NFS for
native MPI setup, and Hadoop-2.2.0 for GERBIL with NFS to support MPI-IO where needed
in addition to HDFS. In the following, we conduct each experiment four times and report
the average values.
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6.5.2 Performance Comparison of Gerbil and Native MPI

In our first experiment, we compare the performance of GERBIL against native MPI. Here,
we run only one job at a time to isolate the performance differences. For each application,
we launch 18 containers using alloc relax none mode in GERBIL with one container per
node and one process per container. Correspondingly for native MPI, we run 18 processes
with one process per node.

First, we use MPI example programs CPI, MatrixMultiply, 2D-FFT and PrimeCount, which
take small input and have relatively small execution time. For MatrixMultiply and 2D-FF'T
we use randomly generated input matrices, while CPI and PrimeCount need no input. Fig-
ure 6.4 shows the comparison of running these small applications using GERBIL versus native
MPI cluster. We observe that GERBIL imposes a significant overhead (about 9 seconds) for
all of the applications. To further understand this, Figure 6.5 shows the detailed execution
time breakdown of the observed execution time overhead.

The AM Start phase involves job admission control, scheduling and container allocation
for GERBIL-AM. Since we have only one job running at a time, this metric measures the
RM overhead of YARN. The Container Allocation phase involves container negotiations
between GERBIL-AM and the RM (dictated by 1 Hz heartbeat messages of YARN) as well
as the container allocation time. The Container Ready phase involves container lease
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verification with the NM, configuring and instantiation of GERBIL-Container, loading the
appropriate CLC, and starting the MPI daemon process. MPI Execution is the actual
MPI job execution time. Finally, Finishing up shows the time used for cleaning up the
containers and completion of GERBIL-AM and the job. We observe that while the MPI
execution time is similar under GERBIL and native MPI, it is the YARN functions that
incur the overhead.

Next, we repeat the experiment using six large MPI applications from the SPEC MPI 2007
benchmark [23]. These applications conduct large simulations from different domains, and
have small input size (less than 50 KB) but employ complicated simulation algorithms.
Figure 6.6 shows the results, which for this case shows only 0.3% average overhead across
the applications under GERBIL compared to the native MPI. We also studied the breakdown
for these applications as before, and as seen in Figure 6.7, compared to the MPI execution
time the overhead is negligible.

These experiments show that the overhead of GERBIL is mainly due to YARN and would
depend on the number of containers requested and not on the duration of the job. As
discussed in Section 7.3, GERBIL only allocates one container per node for hosting the MPI
tasks, and thus the overhead is fixed (about 9s for our setup). Consequently, for the typical
long-running MPI jobs, the overhead of GERBIL versus native MPI is amortized across job
duration and becomes negligible.

6.5.3 Performance Comparison of Gerbil and MapReduce

In our next test, we compare GERBIL performance to MapReduce by running two compute-
intensive applications: Pi calculation using Monte-Carlo (Pi-MC) and Bailey-Borwein—Plouffe
(Pi-BBP) algorithms with the same input parameters. we implemented the algorithms using
an MPI version for GERBIL and a MapReduce version. We use 18 processes or mappers for
each job in out test. Figure 6.8 shows that compared to MapReduce, GERBIL improves the
average job execution time by 133% and 121% for Pi-MC and Pi-BBP, respectively.

Next, we selected the Pi-MC application and repeated the experiment with increased com-
putational load by increasing the number of iterations. Figure 7.6 shows the job execution
time under the MapReduce version normalized to that of MPI on GERBIL. We observe that
GERBIL achieves a speedup of up to 2.3x. These tests illustrate that, as expected, GERBIL
offers a better alternative than MapReduce for compute-intensive jobs.

6.5.4 Performance Impact of Gerbil Container Allocations

In our next set of experiments, we study the container allocation time and application
execution time under the five algorithms of Section 6.3.4 in a multi-tenant environment. We
carefully devise this test to investigate the numerous factors that impact these times, e.g.,



6.5. EVALUATION 83

Group A Group B Group C
Nodes ni1 n2 n3 né n5 né

BG1 4 4 0 0 0 0
BG2 0 0 4 4 0 0
Pi-MC 3 3 3 3 2 2

Table 6.3: Container allocation distribution with backgroud jobs BG1, BG2 and Pi-MC MPI job.

current cluster utilization, input data size, job arrival, etc. We first partition the cluster
nodes into three groups Group A, B and C with 8, 6, and 4 nodes, respectively. We then
launch a background job, BG1, with an approximate running time of 6 minutes on Group A,
and BG2 (2 minute) on Group B. The background jobs can be MapReduce jobs, MPI jobs,
or other jobs that run alongside the target MPI application. The background jobs consume
all the containers in Groups A and B. Next, we wait for 5 seconds after the submission
to ensure that BG1 and BG2 have started running within the containers. Then we submit
one MPT application, Pi-MC (Section 6.5.3) to the cluster, using one of the five different
allocation modes. Each instance requests 16 total containers and two nodes per Group, with
3, 3 and 2 containers per node from Groups A, B and C', respectively. Table 6.3 shows the
allocated container distribution on 6 of the 18 nodes for Pi-MC. We repeat the experiment
for five times running Pi-MC with different allocation modes.

Figure 6.10 shows the container allocation and job execution times. Pi-MC has to wait for
BG1 to finish before running under both alloc relax none and alloc_relax dist modes, as
no resources are available in Group A. Similarly, even though 4 nodes can be allocated in
Group C under alloc_relax loc, the job has to wait until the remaining 2 become available
in Groups A or B. Thus, the waiting time is non-deterministic depending on other jobs in the
system. A similar behavior is observed under alloc relax loc+dist as well. Finally, as ex-
pected, the job is able to use all of the available resources in Group C' under alloc_relax all
and exhibit the fastest performance. Note that the execution time of Pi-MC is the same
under all cases. This is because this application is not sensitive to locality and there is no
oversubscription. For applications that are sensitive to such factors, the five algorithms pro-
vide useful trade-offs to minimize the end-to-end application execution time, e.g., increasing
allocation time to reduce execution time via better locality.

6.5.5 Impact of Oversubscription

In the next set of experiments, we investigate the performance penalty of oversubscription.
For this purpose, we request an increasing number of processes under alloc_relax none and
force oversubscription by asking for all of the processes on a single node. We compare the
results with the same requests under alloc_relax_all, where the requests are distributed
to different nodes and no oversubscription occurs. Figure 6.11 shows the impact on Pi-MC
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execution time as the degree of oversubscription is increased, and shows a linear relation as
more and more processes content for the same resources under alloc_relax none.

Next, we repeated the experiment with the max of 70 processes as the computation is
increased via increased number of iterations. In Figure 6.12, we observe that the slowdown
of oversubscription remains unaffected (approximately 8.8 ) by the computation load, and
depends only on the number of competing processes.

YARN does not implement oversubscription for MapReduce. In case a MapReduce job
has more tasks than the available capacity, it is queued until all the needed resources be-
come available, even though such gang scheduling is not required for MapReduce. (GERBIL
mitigates this by employing oversubscription. In our next test, we study the impact of over-
subscription on reducing allocation waiting times by comparing GERBIL with MapReduce.
We run both the MPI GERBIL and MapReduce versions of Pi-MC with 10 K iterations with
70 containers, i.e., the max in our setup. Figure 6.13 shows the results with increasing num-
ber of requested containers/processes. We see that while GERBIL immediately launches the
required processes by oversubscribing them, MapReduce is unable to run all the mappers,
instead running them in waves. Consequently, the execution time increases linearly under
MapReduce but is effectively constant under GERBIL.
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6.5.6 Impact on Application Launch Time

In our next experiment, we investigate the container launch overhead of the default YARN
RM container allocator compared to GERBIL using alloc_relax all. For this purpose, we
request an increasing number of containers each with 100 M B memory and 1 CPU core to a
max request of 143(8 x 18 — 1) containers possible on our setup. For each request, we measure
the time it takes for the allocation to complete under the two cases. Figure 6.14 shows the
slowdown in the YARN RM allocation normalized to GERBIL under alloc_relax_all as the
number of requested containers is increased. Since the default container allocator works
at the rate of heartbeat messages and can only allocate 18 containers at one time,—i.e.,
one container request per heartbeat to each of the 18 nodes in our setup—the allocation
time increases linearly as more containers are requested. In contrast, GERBIL needs only
one container per node to run multiple MPI processes; it can always allocate the needed
containers in one heartbeat regardless of the number of processes. Thus, our design provides
for mitigating long launching times as long as the user does not request additional constraints,
i.e., under alloc_relax all.

6.6 Chapter Summary

Co-hosting multiple programming models on the same resources helps avoid expensive data
movement between clusters and greatly reduces workflow processing time. In this paper, we
present GERBIL, a framework that supports the MPI programming model on YARN and
enables execution of unmodified MPI applications on YARN managed resources alongside
MapReduce applications. Our evaluation shows that the overhead of GERBIL is mainly
due to the YARN framework and is observed to be constant regardless of the size of the
applications. This is promising, as the overhead will become negligible when amortized
over long-running applications. In our future work, we plan to extend GERBIL’s static
container management to consider dynamic cluster usage and runtime application profiling.
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We are also exploring techniques to reduce container allocation times of YARN to help
mitigate the observed MPI instantiation latency. In our future work, we aim to enhance
GERBIL to automatically select the best allocation strategy for applications based on their
characteristics.



Chapter 7

A Heterogeneity-Aware Task
Scheduler for Spark

7.1 Introduction

Modern computer clusters that support big data platforms such as Spark [218] and Hadoop [31]
are increasingly heterogeneous. The heterogeneity can arise from nodes comprising out-of-
core accelerators, e.g., FPGAs, or staged upgrades resulting in nodes with varying per-
formance and capabilities. Similarly, the resource needs of today’s applications are also
heterogeneous and dynamic. Modern applications in machine learning, data analysis, graph
analysis, etc., can have varying resource requirements during the application lifetime. For
instance, a machine learning job may be I/O-bound and need 1/0 resources for input data
processing in the initial stage, and then be memory- and compute-bound during the later
processing stages. However, big data platforms, e.g., Spark, are typically oblivious of the
dynamic resource demands of applications and the underlying heterogeneity, as the unit of
per-task resource allocation is a homogeneous container (i.e., the abstraction does not cap-
ture heterogeneity of resources such as CPU cores, RAM, and disk I/O). This fundamental
mismatch between the high level software platforms and the underlying hardware results in
degraded performance, and wastage of resources due to inability to efficiently utilize different
resources.

We focus on the Spark scheduler in this paper, as Spark has become the de facto standard for
big data processing platforms. Similar to most task schedulers in the MapReduce framework,
the Spark scheduler mainly considers data locality for scheduling, and does not differentiate
between the various resource capabilities, e.g., CPU power between the nodes, assuming
them to be uniform, and is not aware of other resources that a node may have such as GPUs
and SSDs. Varying resource demands within an application are also not captured. While,
some external resource managers such as YARN [186] and Mesos [103] have begun to support

87
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Figure 7.2: System resource utilization under 4K x 4K matrix multiplication. X-axis repre-
sents relative timestamp (trimmed for Disk performance).

heterogeneous clusters, these external managers are not aware of the internal heterogeneity
of tasks within applications, and rely entirely on applications to request the right resources
for further second-level (i.e., task-level) scheduling. This needlessly burdens the application
developer. Other approaches either require historical data for periodical jobs [112] or require
job profiling [82, 88, 189]. Moreover, they do not count the emerging accelerators and storage
devices. Note that this paper focuses on internal task-level scheduling, which is orthogonal
to aforementioned job-level resource managers.

Extant approaches [36, 98, 192] often make the assumption that tasks perform generic com-
putations, and tasks in the same Map/Reduce stage would have same resource consumption
patterns. As a result, such approaches focus on general purpose CPU architectures and often
optimize for a dominant resource bottleneck for tasks in a Map/Reduce stage, regardless of
the differences among tasks in a single stage, as well as the tasks that may benefit from
special devices such as GPUs [207]. A recent study [156] shows that a task in Spark requires
multiple resources when executing, and the completion time of a stage depends on the time
spent on each resource. Consequently, a scheduler should consider the heterogeneity of the
resource consumption characteristics of tasks in an environment with heterogeneous hard-
ware, as disregarding such factors leads to suboptimal scheduling and overall inefficient use
of resources.

In this paper, we address the above problems and propose RUPAM, a heterogeneity-aware task
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Figure 7.3: Task distribution and execution breakdown of PageRank.

scheduler for distributed data processing frameworks. RUPAM considers both heterogeneity
in the underlying resources as well as the various resource usage characteristics of each task
in each stage of an application. RUPAM manages the life cycle of all tasks inside a job.
To this end, RUPAM uses a self-adaptable heuristic that does not sacrifice data locality, to
efficiently match a machine with the right task that can benefit most from the machine’s
resources in a dynamic fashion. The heuristic coupled with real-time resource utilization,
enables RUPAM to avoid resource contention and overlapping tasks with different resource
demands, and thus yields high overall performance.

Specifically, this paper makes the following contributions.

1. We present a motivational study to demonstrate the diverse resource utilization and
dynamic characteristics of tasks in Spark applications and show how the current Spark
task scheduler is unable to properly handle heterogeneity in resources and application
demands.

2. We design a self-adaptable heuristic based algorithm to automatically schedule tasks
based on task characterization, cluster node capabilities, runtime resource utilization,
and data locality.

3. We implement RUPAM atop Spark and evaluate RUPAM using SparkBench [130]. Re-
sults show that compared to the current Spark task scheduler, RupAM reduces workload
execution time by up to 2.5x. The performance increases (up to 3.4x in our tests)
with more application iterations (common in emerging deep learning applications).

7.2 Background and motivation

In this section, we first discuss the standard scheduling process of Spark. Next, we present
an experimental study to motivate the need for RUPAM.
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7.2.1 Spark scheduling

As shown in Figure 7.1, a typical Spark application comprises multiple “jobs” triggered by
various actions on Spark Resilient Distributed Dataset (RDDs). A job is further divided into
multiple “stages” differentiated by shuffle dependencies, which perform the data transfor-
mation operations for an RDD. The “tasks” within a stage perform the same operation on
different data partitions. Here, two levels of scheduling are performed for a Spark application,
namely, application level scheduling that provisions nodes in a cluster for an application, and
task level scheduling.

Application scheduling is done by cluster managers, either the internal Spark standalone
cluster manager or external managers such as Mesos and YARN. The cluster manager pro-
visions a subset of cluster nodes for an application, which Spark then uses to run jobs and
tasks. Spark and major resource managers provision resources into abstract units of num-
ber of CPU cores and sizes of memory. However, other resources of a node, e.g., storage
setup, network configuration, accelerators, etc. are not considered in the scheduling deci-
sions. Mesos and YARN do provide support for accelerators, e.g., GPUs, but that too is
limited and requires user configuration and labeling. Moreover, such configuration-based ap-
proaches are static throughout the application life cycle and unable to capture the dynamic
application requirements. The main reason for this limitation is that the resource managers
are not aware of the application task characteristics, and programmatic approaches need
to be employed to negotiate and renegotiate between application and resource managers to
dynamically require resources only when needed.

Once the resources are acquired from the resource manager, task-level scheduling is per-
formed to assign the tasks to each executor running on a node. Current Spark task sched-
ulers assign one task per a CPU core. Given a node, as long as it has cores available, the
scheduler finds a task that has data residing on that node, and schedules the task to the
node. Thus, only data locality is considered, while other factors are ignored. For example, a
node with available cores may not be suitable for running more tasks say because it does not
have enough memory left, and a new task would fail with an out of memory error. Existing
heterogeneity-aware schedulers only focus on the heterogeneity of the underlying nodes, and
often assume that all tasks in the same Map/Reduce stage have the same characteristics,
which as we show does not always hold true.

7.2.2 Motivational study

To show that the assumptions in current Spark scheduler are not always true and can lead to
inefficiencies, we performed several illustrative experiments with Spark. We use a simple 2-
node setup, each node having 16 CPU cores and 48 GB memory. However, we configured the
nodes with different CPU frequencies and network throughputs to emulate a heterogeneous
environment. We explore more heterogeneous resources including memory, storage, and
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accelerators in Section 7.3.3. We configured node-1 to have 1.6 GHz CPU frequency and
10 GbE network speed, and node-2 to have 2.4 GHz CPU frequency and 1 GbE network
speed. We set up the latest version of Spark 2.2 with one master and two workers.

Resource utilization of different stages in a single application

In our first test, we study the dynamic demands for resources during an application’s
execution. Here we employ a crucial kernel used in numerous machine learning applica-
tions [207, 221, 222, 223], matrix multiplication, to make our case. We multiply two 4K x 4K
matrices as input and monitor the resource utilization during the execution. Figure 7.2 shows
the CPU and memory utilization, network utilization for both inbound and outbound traffics,
and disk utilization for both read and write. We observe that memory utilization remains
high with an initial slope and a slight reduction in the final stages. In contrast, CPU usage
is high for only the last stages where the actual multiplication happens, and shows a spike
in the beginning data processing stage. Network utilization shows spikes in both beginning
and final stages due to the reduce operations. The application exhibits relatively low disk
reads but high disk writes during different shuffle stages.

We see from the graph that the matrix multiplication application requires multiple resources
including CPU, memory, network and storage to execute, and the demand for different
resources changes with the different execution stages. For example, it is CPU dominant in
the beginning stages, memory dominant in the middle stages, and finally network dominant.
Statically allocating a subset of cores and memory to a given application, as is the case in
current schedulers, does not consider this diversity and inconsistency in the needed resources.

Task skewness in a single stage

Existing heterogeneity-aware schedulers assume tasks in the same stage to have similar char-
acteristics as they perform the same computation. However, this assumption does not hold
true due to data skewness, shuffle operations, etc. To demonstrate the diverse task charac-
teristics in the same stage, we perform a PageRank calculation with 20 GB input data on
the 2-node cluster. Figure 7.3 shows the task assignments on the two nodes. We further
break down the execution time into four categories: compute, shuffle, data serialization, and
scheduler delay. Here y-axis represents task ID, and x-axis represents the execution time in
seconds. Note that node-1 has a higher CPU processing capacity and lower network through-
put than node-2. We can see that tasks in the same stage have different execution times,
with the difference being as much as 31 x between the two nodes. Also we can see some tasks,
such as task 47, are CPU intensive where they spend most of time on compute, while other
tasks, such as task 13, are shuffle intensive. However, Spark task scheduler does not consider
the characteristics of the tasks and assigns most CPU intensive tasks to node-1, and shuffle
intensive tasks to node-2. It also does not consider overlapping tasks with different resource
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Figure 7.4: RupAM system architecture.

demands on the same node. For example, most tasks in node-1 are compute intensive, and
compete for CPU resource. Moreover, node-1 has 10 tasks assigned while node-2 has 15
tasks. The uneven task scheduling can also cause unbalanced load among the cluster.

These experiments show that, a Spark application may require varying resources even within
the application life cycle. The tasks therein also have varying characteristics. Moreover, the
resource heterogeneity amplifies the challenge of matching resources to appropriate tasks.
RuPAM aims to manage this heterogeneity in an efficient manner.

7.3 Design

In this section, we first describe the architecture of RupAM. Then, we detail the heterogeneity-
aware scheduling of RUPAM.

7.3.1 System architecture

Figure 7.4 shows an overview of the RUPAM architecture, and highlights key components in
addition to the original Spark cluster and the interactions therein. The goal of RUPAM is to
match the best resource with a Spark task, given a heterogeneous resource pool allocated to
the application. Note that RUPAM is a task-level scheduler that works with any application-
level and job-level schedulers such as Mesos, YARN, or Spark standalone scheduler. In this
work, we showcase RUPAM atop Spark standalone scheduler.

RuUPAM has three major components: Resource Monitor (RM), Task Manager (TM),
and Dispatcher. RM is in charge of real-time resource monitoring of the system. It has a
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Node metrics Description

cpukreq CPU clock frequency.
gpu The number of idle GPUs in the machine.
ssd The disk that Spark uses for intermediate data storage is an SSD device or not.

netBandwith  The bandwidth of the network.
freeMemory  Size of free memory in the node.

cpuUtil CPU load of the node.
diskUtil The I/0O load of the node.
netUtil The network load of the node.

Table 7.1: The node metrics that RM monitors on each node.

Task metrics Description

computeTime Time the task spent on computation (including serialization and deserialization).
gpu Whether the task uses GPUs.

peakMemory The maximum memory size used by the task during execution.

shuffleRead Time the task spent on reading shuffle data.

shuffleWrite Time the task spent on writing shuffle data to the disk.

optExecutor The executor where the task has the lowest runtime by far.

historyResource The history resource bottlenecks that TIM has determined for this task.

Table 7.2: The task metrics that TIM monitors on each node.

central Monitor running in Spark master and a distributed Collector running on each Spark
worker node. The Collector reports resource usage such as CPU, memory, network, I/0O, and
GPU on each node, and the Monitor collects and records the information from the nodes.
RM can be extended to collect more information based on the resource capabilities, e.g.,
NVM devices. TM tracks the tasks resource usage to determine any resource bottlenecks
for a task. Dispatcher component implements the main logic flow of RUPAM such as
determining the size of executor to launch per node, number of tasks to launch on a specific
node, matching a task to a suitable node, and scheduling tasks based on multiple factors.

RM starts when Spark is initiated on a cluster. When an application is submitted, Spark
instantiates a centralized application-level resource scheduler that can be CoarseGrained-
Scheduler for Spark standalone mode, and FEzxternalClusterManager for external resource
managers. In the meantime, the Spark task scheduler (TaskScheduler) is also launched to
take control of task life cycles. When tasks are submitted to TaskScheduler, it queues the
tasks and waits for the resource scheduler to release a node. Then TaskScheduler schedules a
task for a given resource based on locality. Here RuPAM launches TM and Dispatcher in-
stead of TuaskScheduler. Instead of scheduling tasks based on locality alone, TM keeps track
of resource utilization of each task and decides its crucial characteristics. The information
is then used by Dispatcher to schedule task to suitable resources based on both resource
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characteristics of tasks and nodes.

7.3.2 Real-time resource and task monitoring

The dynamic scheduling mechanism of RUPAM relies on real-time resource monitoring and
task characterization. Specifically, when a node becomes available for running a task, RurAM
should be able to assign a task that has matching performance characteristics to the resource
characteristics of the node (Section 7.2.2 showed tasks in the same stage with different
resource bottlenecks). For instance, if the node is equipped with large amount of memory, a
task requiring large memory capacity should be assigned to the node. However, the resource
utilization of a node does not stay the same. Available resources can change as tasks are
launching and finishing in the node. It is crucial to keep the most updated resource utilization
for each node. Moreover, the resource bottleneck of the same task may change along with
the status of the node it is executed on. For example, a task may have a bottleneck on CPU
when executed on a node with poor CPU clock speed, but the same task may spend a large
amount of time shuffling data over the network when it is executed on a powerful node (to
remedy the CPU bottleneck) in the next iteration. The resource contention among tasks in
a node can also affect such characteristics. Hence, it is also important to keep track of task
characteristic in the entire life cycle to decide the best node for a given task with trade-offs.
To this end, RM monitors resource utilization of each node real-time to provide updated
utilization metrics, and TM keeps track of each task as the application executes and collects
the statistics when the task finishes.

Resource monitoring

Spark adopts a master-slave deployment architecture. When a Spark worker launches, it
registers itself with Spark master using a message including its ID, IP address, CPU cores,
and memory. With this information, Spark master can later on launch executors with certain
CPU cores and memory on each worker. To tolerate node failure, Spark master requires a
simple heartbeat acknowledgement message to each worker periodically to decide whether
a node is healthy. RUPAM takes advantage of this mechanism, and piggy-backs real-time
resource monitoring data on the heart beats, thus providing scalable monitoring without
introducing extra communication overhead. To consider heterogeneous hardware config-
urations in the cluster, RUPAM supports multi-dimensional resource characterization and
availability reporting. Table 7.1 shows a list of supported monitoring metrics. For static
properties such as SSD and maximum network bandwidth, collector only sends the infor-
mation once when registering to the master. For real-time properties, RUPAM collects the
information periodically via our extended heartbeat messages. We consider CPU frequency
as a dynamic value due to the workload-aware energy saving features in modern CPUs. In
addition, RUPAM can be easily extended to support other resource types.
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RM records all of the collected information from the nodes and later on pass to the Dis-
patcher. Since every node has different types of resources as listed in Table 7.1, the key
challenge is how to organize the metrics for different nodes as the system scales. To this end,
RupPAM again leverages an existing object of executorDataMap inside Spark to reduce mem-
ory overhead. After receiving the heartbeat messages from the collectors, RM first stores all
of the information in the executorDataMap object. However, just keeping the information
does not help decide appropriate nodes for given tasks. Multi-dimensional resource availabil-
ity complicates this process. To help Dispatcher figure out the best node for each resource
category, RUPAM uses one priority queue for each resource type (“Resource Queue” in Fig-
ure 7.4), i.e., CPU, GPU, network, storage, and memory. Each queue is sorted with capacity
in descending order (most powerful /capable/capacity first) and associated utilization in as-
cending order (least used first). In order not to overwhelm the memory usage by keeping
these queues, we only insert a record whenever a node is ready to execute a task. Based on
our observation, instead of making bulk scheduling when all nodes become available, Spark
detects whether a node is ready for tasks with heartbeat messages and immediately sched-
ules a task whenever a subset of nodes are available. It then blocks incoming messages until
tasks are scheduled, before going to the next round of making offers. As a result, RUPAM
only needs to sort out the small subset of nodes in a single round, and all of the queues can
be emptied before the next round of offers. In this way, we keep the size of our resource
queues in check and associated sorting time complexity low. This minimizes the overhead of
RupAM.

Task monitoring

To select an appropriate task for a given node with certain capabilities, RUPAM also needs to
determine the task characteristics. To this end, TIM monitors the resource usage of tasks for
every application and records the information. RUPAM uses a task characteristics database
(D Biask_char) to store the task metrics based on the observation that data centers usually run
the same application on input data with similar patterns periodically [181, 188]. Table 7.2
shows the task metrics that RUPAM maintains. Once tasks are submitted to TM, RUPAM
first searches for the task in DBy, char and retrieves its characteristics. To separate tasks
with different resource needs in a stage, TM also keeps a queue for each resource type (“Task
Queue” in Figure 7.4). As stated earlier, these queues will be reset when current tasks finish
and before a new task wave arrives. Algorithm 7 gives a detailed view of the steps TM
takes to determine resource bottlenecks. Here, Res_factor is a parameter that decides the
sensitivity to resource bottlenecks. For example, a task is considered compute-bound if it
spends 2x more time than shuffle operation. Users can adjust the sensitivity, and RUPAM
will modify the frequency of task re-characterization and re-scheduling accordingly.

If there is no record for a task in DBjusk_char, 1.€., this is the first time the task has been
submitted, RUPAM first checks the current stage of the task. If it is in map stage (Shuf-
fleMapTask), RuPAM considers it to be bounded by all types of resources and thus enqueue
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it in all queues. A task in a reduce stage (ResultTask) is considered to be network bound,
since a reduce task typically first reads data from shuffling and then sends the results back
to the Spark driver program; activities that are all network intensive (this assumption can
be relaxed by TM for later iterations.). When a task finishes, RUPAM combines the task
metric information from Spark and records the information in D Byggi_char for future use, i.e.,
future task iterations and job runs.

For tasks that use special accelerators such as GPUs, TM checks with RM to see if any GPU
is used during the task execution period, and marks all the tasks in the same stage to be GPU
tasks. This is because the tasks in the same stage usually perform the same computation.
The TM updates the task metrics in D Byysk_char Whenever a task finishes. This is because
the same task may show different resource usage when executing in a different environment
as discussed earlier. This ensures that RUPAM has the most updated information for its
decision making. However, this also creates the challenge of how to manage the overhead of
frequent D Bygsk_char accesses. To address this, RUPAM creates a helper thread for accessing
DBk char- Al DBiask char Write requests are queued and served by the helper thread. For
read requests, the helper thread first checks the queue to see if the task has written to the
database yet, and if it has, the request is served from the enqueue requests if any before
accessing the database.

7.3.3 Task scheduling

We model the problem as the scheduling of n tasks onto m parallel machines. Our objective
is to minimize the total processing time of all tasks for all machines, T},,, = max(T; =
ZW p;), where p; denotes the processing time of a task j. 7T},., represents the maximal
makespan among machines, which is equivalent to the makespan in parallel machines or
the total processing time of all tasks for all machines. In order to capture the different
hardware capability, capacity of nodes, and data locality, we assume that the processing
time of the task j on each machine 7, p; ;, varies across machines. Our goal is to minimize
Tnar = max(T; = Zv]' pi ;) under the following constraints:

Vi, Y aj, < CF
J

Vi7j7 xi,j € 07 17

where C} denotes the capacity of resource r on machine 7, and x; ; = 1 if and only if a task
j is scheduled on the machine ¢. If the resource 7 is not available on the machine ¢, C] = 0,
which prevents task j from mapping to machine i.

The relevant underlying theoretical problem that applies to our conditions is is unrelated
parallel machine scheduling [175], for which obtaining optimal solution has been shown to be
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Algorithm 7: Task characterization procedure
Input: taskSet, computeTime, gpu, shuf fleRead, shuf fleWrite, Res_factor
begin
for each task in taskSet do
if gpu then
‘ pendingGpuTasks.enqueue (task);
end
else if computeTime > Res_factors x max(shuf fleRead, shuf fleWrite) then
‘ pendingCpuT asks.enqueue (task);
end
else if shuf fleRead > Res_factor x shuf fleWrite then
‘ pendingNetT asks.enqueue (task);
end
else
‘ pendingDiskT asks.enqueue (task);
end

end

end

NP-hard [37, 73, 98]. The most popular solution to this problem is list scheduling algorithm,
a greedy algorithm that maps tasks to available machines without introducing idle times, if
it is not needed (e.g., dependencies between tasks.) Since list scheduling provides a practical
solution with a reasonably good theoretical bound [175], RuPAM adopts a heuristics based
on the greedy algorithm.

Specifically, the TM determines resource bottleneck for each task, and passes it to Dis-
patcher for scheduling. The Dispatcher waits for underlying node(s) to be available.
Combined with the task metrics from TIM and node information from RM, Dispatcher is
able to match a task to a node. There are several factors that RUPAM needs to consider for
heterogeneous resource aware scheduling:

hardware capability /capacity of nodes (e.g. w/wo SSDs, w/wo GPUs);

e resource consumption for each task;

e resource contention for each resource in a node;

number of tasks running in the same node; and

data locality.
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Algorithm 8: Task scheduling algorithm
Input: taskSet, speculativeT askSet

begin

{T68,710d6} <—dequeue_node._rr;

task <—schedule task(taskSet, res, node);

if task is null then
/*check stragglersx/

task <—schedule_task(speculativeT askiSet, res, node);

end

end

Function schedule task(pendingT'asks, res, node)

taskList <—get_tasks with res(res, pendingTasks); taskWithBestLoc < null;
for each task in taskList do

if task.peak Memory > node.freeMemory then
/*the task has been identified to bottlenecked by all of the 5 resources

and the history shows running on node yields best performance.*/
if task.historyResource.size =5 and task.opt Executor = node then
‘ return task;
end
else if task.get locality(node) = PROCESS_LOCAL then
‘ return task;
end
else if task.get locality(node) > taskWithBestLoc.get locality(node) then
‘ taskWithBestLoc < task;
end

end

end
return taskWithBestLoc;

Scheduling policy

Data locality based scheduling mitigates performance degradation due to network transfers,
but is unable to capture resource and task heterogeneity as discussed earlier. In contrast,
RupPAM uses multi-dimensional characteristics for scheduling. The Dispatcher matches
the task with the right resources with the help of “Task Queue” and “Resource Queue”.
Algorithm 8 describes the steps Dispatcher takes to schedule tasks. After RM populates
the “Resource Queue”, RUPAM dequeues one node from each resource queue at a time in a
round-robin fashion to make sure no task with a single resource type is starved. Since the
first node dequeued from a specific priority queue will have the highest capacity/capability
and the least utilization of the available resource type, Dispatcher goes over the tasks in the
queue of that resource type, makes sure that the node has enough free memory to launch the
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task, and finally find the task with the best locality to that node in the order of PROCESS_LOCAL
(data is inside the java process), NODE_LOCAL (data is on the node), RACK_LOCAL (data is on the
node in the same rack) and ANY (data on a node in a different rack). This heuristic greedily
finds a node N with the best capability and lowest contention for a resource R, and then
schedules to N a task T', that had R as the bottleneck in its previous run, and now N offers
the best locality for T'. RUPAM does not try to find the optimal scheduling strategy for each
task, as that may cause a huge scheduling delay and will be counterproductive. Instead,
RupPAM tries different node assignments for a task, e.g., with well-endowed CPUs or better
[/O throughput, and records the node where the task has achieved the best performance.
This node is used to schedule the task, even if the task has some bottleneck for say CPU
on that node. This “locking” of a task to the node on which it gives the best observed
performance, also prevents moving tasks back and forth between nodes due to temporary
fluctuations in the task characteristics.

Resource allocation

Spark launches executors with a fixed number of cores and memory, and considers a node to
be available if there are free cores in the node. This static configuration is inefficient. First, in
a heterogeneous environment, nodes have different memory size and number of cores. RUPAM
schedules tasks beyond this size limitation, i.e., based on the resource availability for each
node. For example, RUPAM changes the executor size when necessary so that different nodes
will have executors with different memory sizes. Second, determining the number of task
slots based on the number of CPU cores in a node is not accurate. For example, a node
with no free CPU cores may only have 10% CPU utilization if all tasks assigned the node
are I/O bound. On the other hand, a node that only has one task may be using 100% of the
CPU. In this case, scheduling more CPU intensive tasks will cause resource contention and
slowdown the application progress. To this end, RUPAM treats a node to be available as long
as it has enough resources to execute a task. The usage of priority queue makes sure that
the node that is dequeued has the least utilization for such a resource. By over-committing
a node that has some idle resources and matching the node with the right task, RUPAM can
overlap tasks with different resource demands. For instance, a node that has all cores that
are occupied by CPU intensive tasks, may have idle GPUs. It will be the first node in the
GPU priority queue, and RUPAM can use it to run a GPU-friendly task. Thus making more
efficient use of available resources. Such resource overlapping is possible because Spark often
launches tasks from different stages at the same time whenever possible (as long as there are
no data dependencies between the stages).

Straggler and task relocation

To remedy the possible suboptimal decisions Dispatcher may make, RUPAM also works
with recently introduced Spark speculative execution system to launch copies of stragglers
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CPU Memory Network

Name (GHz) (GB) (GbE) SSD GPU #
thor 3.2 16 1 Y N 6
hulk 2.5 64 1 N N 4
stack 2.4 48 1 N Y 2

Table 7.3: Specifications of Hydra cluster nodes.

in available nodes. The Spark speculative execution system monitors the current runtime of
the tasks. When the number of tasks completed reaches a threshold (default 75% of total
tasks), the system searches the tasks that take more time than a factor (1.5x by default) of
mean execution time of finished tasks and mark them as stragglers. A copy of the stragglers
will be executed in the next available node to compete with the original copy. Besides the
standard stragglers detected by Spark, RUPAM also detects resource stragglers due to the
heterogeneous environment. For this purpose, we change the checkSpeculatableTasks ()
function in Spark to consider resource usage when marking tasks as stragglers. For example,
BLAS application is designed atop underlying libraries that either use CPU (OpenBLAS) or
GPU (NVBLAS) for acceleration [207]. Although such task would be marked as GPU tasks
in RupaM, RupAM does not wait until GPU nodes are available to execute the tasks, instead
it will also schedule such tasks to available nodes with powerful and idle CPU. Whichever
version finishes first will continue, while the unfinished version is aborted and the resources
freed. On the other hand, memory is a crucial resource because OutOfMemory error can
cause the application to abort. In the case when the OS rejects the JVM memory allocation
request, the whole JVM can be killed by the OS, which is then followed by a catastrophic
failure of the Spark worker. To prevent such a scenario, RUPAM also takes an aggressive
approach to detect memory stragglers. First, whenever RM detects a node that has low
free memory, it sends a message to TM and by examining the currently running tasks, TM
marks the task that has the highest memory consumption as straggler, and terminates the
task in the node. After marking a task as a straggler, a copy of the task is sent to TM, and it
analyzes the task metrics to determine the bottleneck and enqueues it to the “Task Queue”
again. The Dispatcher can then again assign the task to a node that has appropriate idle
resources for the task.

7.4 Evaluation

We evaluate RUPAM using a local heterogeneous cluster, Hydra, consisting of 12 nodes with
three types of resources as Table 7.3, namely thor, hulk, and stack. Each thor node has
an 8-core AMD FX-8320FE processor, and a 512 GB Crucial SSD. However, these nodes
have the lowest memory capacity of 16 GB each. The hulk machines have 32-core AMD
Opteron Processor 6380. The hulk machines have the highest memory capacity of 64 GB
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Workload Input size (GB)

Logistic Regression (LR) 60

TeraSort 40

SQL 35

PageRank (PR) 0.95 (500K vertices)
Triangle Count (TC) 0.95 (500K vertices)
Gramian Matriz (GM)  0.96 (8K*8K matrix)
KMeans 3.7

Table 7.4: Studied workloads and input sizes.

each and a high network bandwith of 10 GbE. Finally, stack machines have 16-core Intel
Xeon E5620 CPUs and a moderate memory size of 48 GB. Each stack nodes is equipped
with an NVIDIA Tesla C2050 GPU. All nodes besides thor have a 1 T'B Seagate HDD
device as storage. We have 6 thor nodes, 2 stack nodes, and 4 hulk nodes in our cluster. We
set up Spark 2.2 with one master node and 12 worker nodes with the master running on a
node that is also a worker. We set the executor memory size to 14 GB to accommodate the
thor machines in our cluster for default Spark setup. We evaluate RUPAM using a variety of
applications (Table 7.4) covering graph, machine learning applications, SQL, and TeraSort
from SparkBench [130]. For our evaluation, we also utilize a widely-used GPU-intensive
application employed in machine learning algorithms, Gramian Matrix calculation [207].
Note that Gramian Matrix and KMeans utilize GPUs for acceleration.

7.4.1 Hardware capabilities

To study the hardware capabilities of each machine group in our heterogeneous cluster, we
first use SysBench [118] to benchmark the CPU and I/O performance of a node from each
group. We also use Iperf [8] to determine the real network bandwidth between the workers
and the master nodes. Table 7.5 shows the results. For CPU tests, we use the default
CPU test workload from SysBench that calculates 20 K prime numbers using all available
cores. We record the time in seconds and latency in milliseconds. We can see that thor
machines perform the best and are 5x faster than stack and hulk machines. Thor also has
the lowest latency. Hulk machines performs slightly better than stack machines. We also
run the default I/O tests with a 10 GB file, using direct I/O to avoid memory cache effect.
We observe that the thor machines have the best read and write performance, given it has
the attached SSDs. Finally, we use Iperf with master node (stackl) set as the server, and
test the UDP (protocol used in Spark) performance from different set of machines. Since
all machines are connected through a 1 GbE network, the results are similar for all the
machines. In a large-scale environment, more complicated network topology would result in
a more disparate network bandwidth availability among node in different subnets.
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SysBench stack hulk thor
CPU (sec)/latency (ms) 10.14/4.63 10.06/2.23 2.16/1.73
I/O read (MB/s) 63.87 148.92  236.69
I/O write (MB/s) 6.21 5258  134.18
Network (Mbits/s) 809 934 813

Table 7.5: Hardware characteristics benchmarks.

7.4.2 Overall performance

In our first set of tests, we study the overall performance impact of RupAM. For a fair
comparison, we also enable speculative task execution (via spark.speculation) for default
Spark in these tests. We run all workloads five times and clear D Byqsk_char after each run, and
record the average execution time and 95% confidence interval under both default Spark and
Rupam. The workloads include both compute intensive (KMeans, GM, etc.) and shuffle
intensive (SQL, TeraSort, etc.) applications. Some workloads, such as PR, are memory
intensive such that default Spark fails with memory error in some runs. Figure 7.5 shows the
results. We observe that all workloads experience performance improvement under RUPAM,
with an average of 37.7% over default Spark. This is because RUPAM selects a node that offers
the best resource for a task of each type of workload, while Spark only considers data locality,
PR yields the highest speedup of 2.65x. This is due to the memory error failure and recovery
during the execution (which also causes the large error bar for PR with default Spark). In
contrast, RUPAM finishes without memory errors due to the dynamic executor memory
configuration based on each node’s memory capacity as well as the memory usage aware
task scheduling policy discussed in Section 7.3.3. KMeans also achieves a 2.49x speedup,
but GM only shows a negligible 1.4% performance improvement. This is because GM only
has one iteration of computation, which makes it difficult for RUPAM to test and determine
an appropriate resource for the workload, while KMeans’ five iterations enable RUPAM to
better match tasks with suitable resources. The behavior is also observed for other workloads
with only one iteration such as SQL (per query) and TeraSort, which only have moderate
speedups of 1.19x and 1.32x, respectively. Workloads with multiple iterations (PR, LR,
TC, KMeans) have an average speedup of 2.31x. This shows that RUPAM performs better
when there are multiple iterations in a workload due to the log based task characterization
of RupaM. The more iterations an application has, the better matching RUPAM can achieve
for the application.

In order to have a clearer view of the relationship between the performance of RurpaM and
the number of iterations of a workload, we experiment further with LR. Here, we use the same
input size but alter the times of regression to vary the number of iterations of the workload.
We record the speedup of RUPAM compared to default Spark in Figure 7.6. We can see that
as the number of iteration increases, the speedup achieved by RUPAM also increases, up to
3.4x. Note that regardless of iterations, RUPAM is able to match or outperform the default
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Figure 7.5: Overall performance of studied workloads under default Spark and RupAam.

Spark scheduler, thus making is a desirable approach for all types of applications.

7.4.3 Impact on locality

RupAM attempts to find the task whose requirements best match a node’s resource, as well
as will achieve the best data locality on the node. However, it is possible that a node N that
offers the best locality (NODE_LOCAL and ANY) will affect a task T"s performance significantly
when considering other resources beside locality, and thus, unlike default Spark N will not
be picked by RUPAM for running 7. In our next test, we record the number of tasks that
are scheduled by RupAM on a node with different locality than a node chosen by default
Spark. We use this number as a measure of RUPAM’s impact on preserving data locality
similar to default Spark. Table 7.6 shows the results. Note that all workloads have zero
RACK_LOCAL tasks. We can see that for all workloads, default Spark has more PROCESS_LOCAL
tasks than RupAM. This is expected, as Spark aims to schedule task with the best data
locality available for a node. For some workloads, such as TeraSort and TC, Spark has more
total number of tasks than RUPAM. This is due to the fail and retry of some tasks with
the out-of-memory error under Spark when they are scheduled to a node with less memory
capacity and high memory contention. In such cases, Spark still strives to allocate tasks
with the best data locality, so we still observe a lower number of NODE_LOCAL and ANY tasks
under such scenario. However, RUPAM has more tasks with poorer data locality for such
workloads because RUPAM relocates tasks to a node with higher memory capacity and lower
contention. Thus, RUPAM trade-offs locality for better matching resources in such cases,
with the goal to achieve higher end-to-end performance (in this even task completion and
error avoidance). As the goal of any big data platform is faster time to solution, and not
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Figure 7.6: Speedup of LR under RuPAM wrt. default Spark with increasing number of
workload iterations.

preserving locality for the sake of it, such trade-offs are justified and necessary.

7.4.4 Performance breakdown

In our next experiment, we select three representative workloads for each category—LR
(machine learning), SQL (database), and PR (graph)—and study the breakdown of perfor-
mance into five categories: compute, garbage collection (GC), network shuffle, disk shuffle
(read and write), and scheduler delay. Figure 7.7 shows the results. We find that all selected
workloads have improved compute times, which underscores RUPAM’s ability to schedule
compute-intensive tasks to nodes with better computational power and less CPU utilization
to reduce contention (Section 7.3.3). For the LR workload, we observe less GC overhead
for RuPAM, but similar or higher GC overhead for PR and SQL, respectively. Combined
with Figure 7.8(b), we see that SQL consumes the largest amount of memory among the
three studied workloads. Furthermore, SQL has only one iteration per SQL query with no
data that needs to be preserved across queries, but involves a lot of shuffle operations for
data join, so GC is triggered often to free space for shuffle. Moreover, RUPAM increases the
memory usage up to the node capacity compared to a conservative configuration of Spark,
thus resulting in JAVA spending more time to search the whole JVM memory space for GC,
resulting in a big GC overhead compared to default Spark. On the other hand, LR has
moderate memory usage and intermediate data needs to be kept across iterations. In this
case, larger memory capacity provided by RUPAM is able to cache more data compared with
the static memory configuration of default Spark where more GC operations are triggered
for LRU cache management. Thus, RUPAM entails less GC operations and experiences a
lower GC overhead.
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Workload _PROCESS | NODE | ANY

Spark RUPAM | Spark RUPAM | Spark RUPAM
LR 295 292 12 15 0 0
TeraSort 2490 1803 339 188 30 12
PR 13800 13785 16 33 134 132
TC 2052 3924 612 1605 556 949
SQL 492 480 0 0 1 13
GM 512 256 64 320 0 0
Kmeans 2004 2259 95 101 10 0

Table 7.6: Number of tasks with different locality level under default Spark and RUPAM.

For SQL workload, RurAaM yields a high shuffle overhead than Spark. This is because SQL
only has one iteration and RUPAM simply treats the tasks to be general without specific
resource bottleneck as described in Section 7.3.2. Moreover, RUPAM achieves worse data
locality compared to Spark as shown in Section 7.4.3, which result in worse shuffle perfor-
mance. For other workloads, such overhead is mitigated by the performance improvement
due to correct characterization of tasks. From Table 7.6, we see that for LR, RUPAM has
15 NODE_LOCAL tasks and 0 ANY tasks, while Spark has 12 NODE_LOCAL tasks and 0 ANY tasks.
Thus, we do not observe much shuffle overhead over network, but we observe a higher shuffle
overhead from disk for Spark than for RUPAM. This is because although RUPAM has similar
number of NODE LOCAL tasks to Spark, RuPAM schedules the I/O intensive tasks to nodes
with SSDs. On the other hand, we see that RUPAM has 13 ANY tasks but Spark only has
1. This creates the larger shuffle network overhead of RuPAM. PR has a similar number of
ANY tasks, but RUPAM has twice the number of NODE_LOCAL tasks than Spark. However, here
again we observe similar shuffle disk overhead of RupAM due to the I/O task scheduling of
RupAM.

Finally, we observe that although RupAM takes more steps for task scheduling, by tracking
resource and task monitoring, and using the simple heuristic, the resulting scheduler delay
under RUPAM is moderate compared to default Spark.

Discussion: We carefully select the input data size to fully saturate the capacity of the scale
of our setup, such that the task would execute without crashes under default Spark. All task
slots are filled during the experiments. We expect that bigger data size would generate more
tasks to be scheduled in the queue. With the same hardware configuration, RUPAM continues
to strategically assign tasks based on real-time resource consumption of both tasks and the
underlying nodes, while Spark’s static task slot-based scheduling policy can cause suboptimal
scheduling decision and resource contention. Though speculative execution can ease the
problem, more frequent launching and relaunching of tasks also increase the scheduling
overhead.
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Figure 7.7: Performance breakdown of selected workloads under default Spark and RUPAM.
Note that y-axis is log-scaled.
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Figure 7.8: Average system utilization of the nodes with selected workloads under default
Spark and RupAM.

7.4.5 Impact on system utilization

In our final test, we investigate how RUPAM impacts resource utilization. We repeat the
previous experiment (with LR, SQL, and PR) and measure the average utilization of CPU,
memory, network, and disk I/O of the 12 nodes in our cluster. Figure 7.8 shows the re-
sults. We see that for CPU utilization, RUPAM shows a lower average CPU user percentage
compared with default Spark. This is because RUPAM takes the real-time CPU utilization
into consideration when assigning tasks, which can help balance CPU load and reduce CPU
contention. The same trend can also be observed for network and disk I/O utilization. How-
ever, for memory, RUPAM shows a higher usage than default Spark for all workloads. This
is because default Spark takes a static global configurable memory size for launching the
executors on each worker node. In our setup, we have to accommodate the node with the
smallest memory size in order to launch the executors without memory errors. However, RU-
PAM is able to launch executors with different memory sizes on different nodes with different
memory capacity. Thus, RUPAM yields a higher overall/average memory usage.

Next, to test RUPAM’s impact on the resource load balance, we also calculate the standard
deviation of the resource utilization among the nodes in the cluster during the execution
of workloads. To get a clear view, Figure 7.9 only shows the result for PR. However, the
other workloads show similar patterns. Here we omit the results for memory usage due to
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Figure 7.9: Standard deviation of system utilization among the nodes with selected workloads
under the default Spark and RupAM.

the RupAM’s design of using all available memory of the node. We observe from the figure
that, in general, RUPAM shows a lower standard deviation of CPU utilization than default
Spark. For network and disk I/O, Spark shows spikes, while RUPAM keeps a low and stable
standard deviation. This is because PR performs heavy shuffle operations in the late stages,
and stresses the use of network and disk. The low standard deviation among the nodes of
RupAM shows that RUPAM scheduling is able to dispatch tasks to nodes with less contention
on the resources and balance the resource utilization among the nodes in a cluster, while
Spark scheduler only considers data locality and may cause an unbalanced workload and
contention on individual nodes, which results in a higher standard deviation in utilization
among the nodes.

7.5 Chapter Summary

In this chapter, we present RUPAM, a heterogeneity-aware task scheduling system for big
data platforms. RUPAM goes beyond just using data locality for task scheduling, and also
factors in both task-level resource characteristics and underlying hardware characteristics
including network, storage, and out-of-core accelerators in addition to the extant CPU and
memory. RUPAM adopts a self-adaptable heuristic for scheduling tasks based on the collected
metrics without loss of data locality. Experiments with an implementation of RUPAM atop
Spark shows an overall performance improvement by up to 62.3% compared to the extant
Spark task scheduler. In our future work, we plan to explore machine learning techniques
to further fine-tune, enhance, and adapt RurPAM to dynamic workloads and heterogeneous
hardware.



Chapter 8

Conclusion and Future Work

As systems grow more complicated and heterogeneous, it is becoming more difficult to effi-
ciently orchestrate all resources in a large system. The rapid increase of the need for diverse
workloads makes it important to manage resources to best serve the dynamic demands of
these workloads.

This dissertation reveals the problems of existing resource management for big data ana-
lytic platforms. It demonstrates inefficiencies in resource allocation from memory resources
to processing resources, as well as insufficient task scheduling for workloads with intricate
resource usage patterns. Deep empirical analyses [159, 204, 205] show a fundamental prob-
lem in the workload agnostic design of popular resource managers and task schedulers.
This thesis also points out the challenges of designing such resource management and task
scheduling systems that can satisfy both application needs and optimize overall resource
utilization [203, 207, 208].

Additionally, this dissertation proposes a workload-aware resource management and task
scheduling system. This system bridges the gap between big data platforms and underlying
heterogeneous resources. We adopted machine learning approaches to capture the workload
characteristics, and simple yet effective heuristics for resource allocation and task schedul-
ing. We also applied adaptive algorithms with real-time feedbacks in our system for fast
adjustment of suboptimal decisions. This thesis demonstrates our approach in memory re-
source management and processing resource management; finally, combining these efforts,
the thesis proposes a general task scheduler that can host different kinds of applications
and schedule tasks while considering resource consumption including memory, processors,
networking, and storage.

108
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8.1 Summary

Modern applications need to process larger amounts of data, with petabyte-scale data being
generated every day. This trend is observed in both cloud and scientific applications. Driven
by this need, we observed the increasing complexity and diversity of workloads, as well as
the heterogeneity and scale of underlying systems. However, there is no efficient resource
management and task scheduling system that is aware of the diversity on both sides. This
dissertation presents the problem of extant workload agnostic resource management systems
in modern systems and proposes a workload-aware resource management and task scheduling
system to provide the best scalability and performance within cost.

The thesis first examines memory management for in-memory big data analytic platforms.
We found that the static-partitioning-based approach in modern memory intensive platforms
leads to memory resource contention that causes failure due to memory shortage. By dy-
namically allocating memory resources with workload information, we were able to avoid
this error and improve the end-to-end performance with the same capacity of memory. We
also propose an optimal data partitioning scheme that carefully selects the best parallelism
and memory consumption at the task level that further increases the efficiency of memory
usage, resulting in more performance improvement.

We then explored high-throughput accelerators such as GPUs in the HPC environment for
scientific discoveries on big data. We enabled the adoption of big data analytic platforms
in an HPC environment by providing transparent support to use GPUs to accelerate linear
algebra operations that are frequently used in scientific discoveries. We then performed ex-
tensive evaluations of different workloads. Our experiments showed that, counter-intuitively,
high-speed GPUs do not always deliver better performance, but this is heavily dependent on
the workload. Based on our findings, we designed ARION to dynamically allocate and sched-
ule tasks to both CPUs and GPUs based on task characteristics, input data, and resource
availability.

Finally, this dissertation re-affirms that no one resource management scheme and task
scheduling algorithm can fit all situations, especially when facing the diversity of mod-
ern big data applications and complicated workflows with different workloads. The thesis
emphasizes the need for workload-aware resource management and task scheduling systems,
and proposes GERBIL, which can co-host fundamentally different applications such as MPI
and MapReduce. We also demonstrated that a workload-aware task scheduler that leverages
workload information to schedule tasks in a heterogeneous setup can reduce failure-prone
resource contention, improve workload balance, and improve workload performance.

8.2 Future Work

Distributed systems are quickly developing and changing. This dissertation’s key idea of
workload-aware resource management might be applied in future systems and workloads.



110 CHAPTER 8. CONCLUSION AND FUTURE WORK

However, with more specialized hardware resources and larger-scale software, we will face
new challenges for resource management. Here, we briefly outline future work in realiz-
ing workload-aware resource management in future environments, and the algorithms and
methods that might improve.

8.2.1 Scalable Resource Monitor

We see a trend of future distributed systems growing to be larger scale and more heteroge-
neous, along with costlier and energy-efficient specialized hardware devices and more afford-
able traditional devices. Improved network speeds also enable devices to connect through
the internet, i.e., IoT (Internet of Things). Hence, we foresee a future distributed system
with much larger-scale and heterogeneous devices. There is an extreme need for a scalable
resource manager.

Scale-out: Existing resource managers either adopt a centralized design, which limits de-
ployment in large-scale systems, or a decentralized design, which sacrifices global optimiza-
tion for scalability. Applying a workload-aware resource management and task scheduling
system in scale requires a hybrid solution that can achieve both scalability and overall opti-
mization for multi-tenant diverse workloads.

Scale-up: Machines in a fully distributed environment might be heterogeneous in terms of
machine type (e.g., [0oT), capacity, and I/O devices with which the machine is equipped.
With more devices becoming available in commodity systems, we expect an increased diver-
sity of machines/devices. Adapting to this trend will require tools that can automatically
detect different hardware settings in a single machine/device and can profile such settings
with the right methods to later help make decisions for different optimization goals.

8.2.2 Accurate Workload Profiler

The accurate characterization of workloads is key to workload-aware task scheduling. We
have adopted methods such as offline profiling [159] that require extra overhead for a test
run of an application and heuristic-based online metric monitoring and feedback [208] that
introduce overhead such as online metric collecting. Moreover, online-based methods cannot
capture the whole picture of an application, often lead to locally optimal solutions instead of
global optimum, and introduce overhead for decision correction with feedback. As workloads
become more complicated, we need innovative methods to quickly understand the character-
istics and resource demands of a workload to better apply workload-aware task scheduling.
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8.2.3 Performance Prediction

The performance of a task running in a certain machine/device is affected by several factors:
resource availability, contention with other tasks, data locality, task characteristics, etc. It
is not guaranteed to achieve the best performance even when identifying a machine that
satisfies a task’s resource requirements. A machine’s inconsistent run-time status can also
cause variance in the performance of a task. It would be interesting to create a performance
model that can capture all relevant factors. Combined with modern deep learning methods,
real-time performance prediction for a task with a confidence interval would greatly boost
the efficacy of a workload-aware task scheduling system.
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