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Abstract

Cloud computing has emerged as a popular mechanism for deploying services and running
applications. A key feature of many cloud environments is the use of virtual machines
(VMs) as the unit of resource allocation. Multiple virtual machines running the same ap-
plication may be co-located on a single physical host, by either chance or design, in which
case we can share memory between them, providing fast inter-process communication to
applications. It is desirable to use inter-VM shared memory at the framework and service
level, providing its advantages to applications transparently.

We present two use cases for inter-VM shared memory. Elastic Phoenix, a MapReduce
framework allowing for malleable jobs, demonstrates how inter-VM shared memory allows
the easy addition of features to existing frameworks, making them more suitable for cloud
computing. Nahanni Memcached, a caching server for web applications, demonstrates how

existing services can use inter-VM shared memory to improve performance.
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Chapter 1

Introduction

Cloud computing has become a popular model for deploying applications and services.
Cloud environments typically provide scalability and fault tolerance by allowing a user to
deploy multiple virtual machines (VMs). Thus, applications and services designed for cloud
deployment tend to have loosely-coupled components. Such a decoupled design helps make
applications scalable because it is easy to add more resources as an application runs, for
example by deploying additional virtual machines. However, in order to share data between
nodes or components, the application must marshal the data, send it over the network,
and unmarshal it; as such, communication overheads in cloud computing environments are
higher than in traditional environments.

The technologies that drive cloud computing are not new. Full-system virtualization
goes back to the 1970s [36], although virtualization on the now ubiquitous Intel x86 plat-
form was uncommon and inconvenient until paravirtualization was popularized by Xen [19]]
and hardware virtualization extensions were introduced by both AMD and Intel in 2006 [|15]].
Multi-tenancy in data centres, allowing more efficient use of resources such as network in-
frastructure, has occurred for decades. However, cloud computing differs from traditional
virtualization scenarios and multi-tenant data centres in two important ways. First, cloud
computing environments offer a high degree of automation, allowing virtual machines to
be provisioned with a few keystrokes and avoiding the need to purchase additional physical
machines. Second, cloud computing provides computing power as a commodity, pricing
it in a usage-based scheme. In other words, cloud computing makes computing resources
available inexpensively and on demand.

In some cloud environments, there is a chance that two or more VMs running the same
application will be co-located on the same physical host. VM co-location is particularly

likely in private clouds, run by a single organization for internal users, which tend to en-



compass fewer physical machines than public clouds such as Amazon Elastic Compute
Cloud (EC2) . Co-located VMs should be able to communicate much faster than VMs run-
ning on different hosts, as they have access to shared physical resources such as memory.
Indeed, using the virtualized network technologies common in modern virtualization solu-
tions, network communication between co-located VMs can be much faster than commu-
nication over the physical network. However, virtualized network technologies still incur
domain-crossing and data copying overheads.

Suppose, however, that co-located VMs are able to share some memory between them,
and potentially with applications running natively on the host machine. When VMs are co-
located, certain data structures can be accessed directly by applications rather than being
marshalled, sent over the network, and unmarshalled. Direct access should, intuitively,
be faster than using the network. Additionally, this would allow applications designed for
shared memory to be easily ported to cloud environments by making use of inter-VM shared
memory instead of standard shared memory. Of course, shared memory is not a new idea,
going back to at least the early 1990s [20]], and shared memory has been used to optimize
network communication in systems such as fbufs [31].

While inter-VM shared memory has great potential for both porting applications to
cloud environments and improving the performance of cloud applications when VM co-
location occurs, doing either for an arbitrary application requires significant development
effort. Fortunately, many cloud applications are built using frameworks that abstract away
concerns such as communication. We show how such frameworks can be modified to use
shared memory, achieving either of the aforementioned goals — porting to cloud envi-
ronments or performance improvement — with little to no added effort on the part of the

application developer.

1.1 Porting a Shared-Memory MapReduce Framework

MapReduce [29]], originally introduced by Google, has become a popular programming
model for cloud computing applications. This popularity follows at least in part from
the high level of abstraction provided by the model. The framework takes care of paral-
lelization and communication, leaving the application developer to develop only applica-
tion logic. The MapReduce model, though originally developed for large distributed sys-
tems, has grown so popular that MapReduce frameworks have been developed for many

different environments. In particular, there are MapReduce frameworks for shared-memory



systems [41},64].

Suppose a developer has built a MapReduce application for a shared-memory system,
but has reached the limit of the shared-memory machine’s resources. A natural suggestion
would be to move the application to a cloud computing environment, where nearly arbitrary
resources are available at low cost. However, cloud providers typically offer VMs with lim-
ited resources, expecting that users will provision multiple VMs to meet their total resource
needs; this does not work for a shared-memory application.

By converting the MapReduce framework to use inter-VM shared memory, the user
can deploy existing MapReduce applications to a cloud environment with few changes.
For a single application, the effort required to convert the framework to inter-VM shared
memory is likely to be similar to that required to convert the application directly. But,
it is common to have multiple applications built on the same framework, in which case
converting the framework saves significant effort. For example, a user might have one
MapReduce application that extracts links from HTML pages, and a second MapReduce
application that produces a reverse index from this output.

By modifying the underlying MapReduce framework to use inter-VM shared memory,
the entire pipeline of MapReduce jobs can be moved to the cloud with little or no effort

expended directly on each application. We develop this idea in Chapter [3]

1.2 Improving Web Application Performance

Web applications often have unpredictable load patterns, as the popularity of a website
can grow, or shrink, rapidly, and the difference in traffic between high and low periods
can be great. This unpredictability has made web applications a common application for
cloud computing. The ability to dynamically add and remove machines makes it easy and
cost-effective to scale an application up and down as demand changes. Additionally, web
applications parallelize naturally, since user sessions are normally independent of one an-
other.

Most web applications are built using multiple libraries and services. Often, a database
stores user and application information, which is fetched to generate webpages and cached
with a caching service for better performance. The caching service, which probably already
keeps data in memory, is a good candidate for conversion to inter-VM shared memory.
Using inter-VM shared memory for caching allows co-located VMs to access cached data

with reduced latency, and reduces load on the caching server.



For example, a social networking website might be built in Python and keep its data in a
MySQL database, which it uses a library to access. To reduce latency and improve database
scalability, it might cache database results using memcached. In a typical configuration, the
website will run on multiple web servers, with a load balancer, and memcached will also
run on each of these servers such that they take advantage of the aggregate memory pool of
all the servers.

Suppose that, in order to get automatic scalability, the website developers decide to host
it with a cloud provider. Now, the individual web servers are actually virtual machines, and
some of them may be co-located. These servers could share memory with the memcached
server, allowing them to access some cached values with reduced latency. We develop this

idea further in Chapter [4]

1.3 Contributions

We demonstrate the advantages of using inter-VM shared memory in application frame-
works. Specifically, we show how inter-VM shared memory can be used to easily add

features to existing frameworks, and how it can be used to reduce application latency.

1. We show how inter-VM shared memory can be used to add features to existing cloud
programming frameworks. To this end, we present Elastic Phoenix, a MapReduce
framework for shared-memory systems and co-located virtual machines, which al-
lows for malleable jobs in which resources can be added and removed as the job runs.
Elastic Phoenix extends the existing Phoenix [64] MapReduce framework with mal-
leability, as well as the ability to run in VMs; these features are enabled by inter-VM
shared memory. Using Elastic Phoenix, we show that adding processor resources to
a MapReduce job as they become available can improve the response time of a work-
load by 29%, and that adding malleability induces minimal (6% to 8%) overhead for

some classes of applications [62].

2. We show how inter-VM shared memory can be used to reduce the latency of cloud
services, as presented in a recent refereed workshop paper [63]. To demonstrate,
we present Nahanni memcached, a version of the popular memcached [[7] object
caching server that uses inter-VM shared memory to significantly reduce the latency
of caching operations for applications running in co-located VMs. Using the Yahoo

Cloud Serving Benchmark [27]], we show that using inter-VM shared memory can



reduce the latency of cache reads by up to 86%, reducing the total latency of read-

related operations in a workload by up to 45%.

1.4 Concluding Remarks

Through the scenarios in Sections [I.1] and [I.2] we have described where inter-VM shared
memory can potentially be useful. Before presenting our contributions in full, we must
describe some background. In particular, we will describe the technologies and mechanisms
— cloud computing, inter-VM shared memory, data-centric programming models, and web

frameworks — on which our contributions build.



Chapter 2

Background

Our work is built upon a number of existing mechansims, technologies, and ideas, which
we will discuss here in order to lay a foundation for our contributions. We will also try to
give some historical perspective, showing how we fit into the larger body of work in cloud

computing.

2.1 Cloud Computing

Cloud computing describes environments in which computational resources are provided
as a service [[18[], usually by a third party. Typically, cloud computing providers allow
provisioning of resources on demand, and charge for resources based on usage. Cloud
providers can make efficient use of their physical resources by sharing them among many
users, thus allowing them to sell these resources inexpensively [38]. The cloud computing
model allows developers of applications and services to scale up and down on demand.
Because cloud resources can be sold inexpensively, developers of applications and services
can deploy services with low up-front costs. Cloud computing eliminates the need for
developers to buy hardware that will sit idle initially and then be outgrown as a service’s
popularity grows.

Under the umbrella of cloud computing there are various models, differentiated primar-
ily by the level of abstraction provided atop computational resources. Infrastructure as a
Service (IaaS) clouds (e.g. Amazon Elastic Compute Cloud (EC2) [1], Eucalyptus [48]],
OpenStack [[10]) give users access to full virtual machines, a low level of abstraction. In
contrast, Platform as a Service (PaaS) clouds (e.g. Google App Engine [4]], AppScale [24],
Microsoft Windows Azure [14]) provide an application programming interface (API) de-
velopers can use to write applications that will be deployed on third-party infrastructure and

scaled automatically.



The popularity of public cloud services such as Amazon EC2 and Google App Engine
has led to the development of private clouds, cloud environments run by a single organiza-
tion for internal users. Private clouds provide the advantages of public clouds (on-demand
resources, high utilization) while mitigating the security concerns [43,|53] associated with
offloading storage and computation to a third party. Hybrid clouds combine public and

private resources into unified systems [57].

2.2 Cloud Resource Allocation and VM Co-Location

The basic unit of resource allocation in laaS clouds is a virtual machine. The typical method
of scaling a service that runs in the cloud is to provision more VMs as demand for the service
grows. This method of resource allocation requires that services intended for the cloud have
loosely-coupled components capable of running in separate virtual machines, likely located
on separate physical hosts, and potentially in geographically disparate locations.

This architecture affects the performance of cloud applications. In particular, network
performance between VMs running an application may be unpredictable, depending on
where the VMs are placed. There is currently active research on network-aware placement
and migration of virtual machines [45,47,50]. Placement approaches focus on determining
which VMs in a cloud environment are likely to communicate heavily, either through sim-
ulation or by requiring developers to provide some hints. With such information, the cloud
scheduler can run heavily interacting VMs on physical nodes connected by fast networks.
Migration approaches determine which VMs communicate heavily as an application runs,

and migrate VMs that communicate heavily to be logically near each other.

2.3 Nahanni Inter-VM Shared Memory

Nahanni [9,46] is a mechanism in QEMU/KVM that allows a POSIX shared memory region
on a host to be mapped into the address space of one or more VMs running on the same
host. Consequently, the co-located VMs and the host can share data and perform inter-
process communication (IPC) through the shared memory region. Nahanni is implemented
as a virtual PCI device with an on-board memory region that can be mapped using a special
driver in the guest operating system. The programming interface of Nahanni is essentially
identical to that of POSIX shared memory, with slight differences only in how the memory
region is initialized at application startup.

Of course, VMs can only take advantage of Nahanni if they are co-located. We do not



include an analysis of co-location probabilities here. However, we argue that private cloud
deployments, increasing in popularity, will tend to encompass fewer resources than public
clouds, and that as the core counts of commodity servers continue to increase, these re-
sources will be concentrated in fewer and fewer individual servers. Thus, it will be increas-
ingly common for multiple VMs running an application in such a cloud to be co-located
on a single physical host. While multiple servers will still be required for many scales, and
will absolutely be required for high availability, those that do happen to be co-located can

make use of Nahanni.

2.4 Programming Environments for Cloud Computing

Managing distributed resources, as cloud environments require, is a difficult task for pro-
grammers. For optimal performance it is important that computation take place near where
data is stored, reducing communication overhead. Data parallel programming models have
thus become popular, as they allow programmers to write distributed applications without
reasoning much or at all about where data will be located or how to parallelize computation.

Perhaps the best-known of these models is MapReduce [29]. Inspired by the standard
functional programming functions map and reduce, MapReduce allows application devel-
opers to provide just the application logic, with the framework taking care of dividing up
data and placing computations near their input. While Google’s MapReduce and the well-
known Hadoop [3]] implementation target distributed environments, the MapReduce model
has been implemented for shared-memory systems as well [41,64]. A number of higher-
level languages have been built on top of Hadoop MapReduce. These include Hive [59]], an
SQL-like query language and Pig [49], a dataflow language.

Dryad [[40] is a data parallel programming environment developed by Microsoft. More
general than MapReduce, it specifies programs as directed acyclic graphs, with each vertex
as a computation and edges specifying data dependencies. It has been integrated into the
Microsoft .NET language suite in the form of DryadLINQ [65]. Comet [39] is a stream
processing framework that integrates with Dryad LINQ.

Spark [66] introduces a new programming model based on using parallel operations
to operate on distributed datasets. It provides something of a middle ground between the
limited model of MapReduce and the general model of Dryad. Piccolo [52] provides a

programming model based on partitioned tables and moving computation to data.
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Figure 2.1: A Typical Non-Cloud Web Application Architecture

2.5 Cloud-Based Web Applications and Data Management

Before cloud computing, many web applications were built using the popular Linux, Apache,
MySQL, and PHP (LAMP) software stack, and deployed as illustrated in Figure[2.1] In this
model, applications are built in the PHP language, which runs as a subprocess in the Apache
web server, usually on a Linux host. As each user session to the web server is independent,
the web application can be scaled by adding more web servers, and load balancing over
them, using simple mechanisms such as a DNS round-robin. On the other hand, MySQL
scales up (to a more powerful server) better than it scales out (to multiple servers), and thus
it usually runs on its own, more powerful server. To take load off MySQL, it is common to
run a caching service such as memcached [7]], which takes advantage of any extra memory
on each web server to provide a distributed cache of common database queries.
LAMP does not translate well into cloud environments. In particular, as we noted above,

MySQL scales out poorly [22], making it ill-suited to the multi-VM model of cloud com-

puting. Cloud web applications are written in a wide variety of languages, and typically
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Figure 2.2: A Typical Cloud Web Application Architecture

operate as illustrated in Figure[2.2] The cloud-based model focuses on making applications
scale out, rather than up. The developer builds a virtual machine containing all the neces-
sary components for the web application, and deploys as many instances of it as needed to
service demand. In IaaS clouds such as Amazon EC2, such deployment can be done auto-
matically according to load. As shown in Figure[2.2] the VMs hosting a web application are
deployed to multiple physical servers, potentially being co-located together. In typical IaaS
environments, the developer deploying the application does not control, or care, on which
physical servers the VMs run.

Datastores offering simpler, usually non-relational and non-transactional, semantics
scale out better than relational databases such as MySQL, and have become standard in
cloud computing environments. Collectively, these datastores are known as NoSQL.

Google’s BigTable [23] is one such distributed datastore, with a table model. Data
is distributed across machines using row blocks and column families. Unlike traditional
relational databases, BigTable does not provide support for multi-row transactions. It also

versions data, appending instead of overwriting existing rows. Open source datastores mod-
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eled after BigTable include HBase [5]] and HyperTable [6].

Amazon’s Dynamo [30] is a distributed key-value store, designed for high availability.
It provides very simple key-value semantics and weak consistency guarantees in order to
improve scalability and availability. Scalaris [[12]] and Voldemort [[11]] are open source key-
value stores similar to Dynamo.

BigTable and Dynamo are at two ends of a feature spectrum, with other datastores
falling in between. Amazon’s SimpleDB [2] provides database semantics without transac-
tions. Cassandra [44], an open-source datastore originally developed by Facebook, provides
BigTable-style tables with Dynamo’s peer-to-peer model. MongoDB [{] is a “document-
oriented” datastore, providing key-value like semantics with value query support.

Web applications for the cloud are often built using frameworks, abstracting away data
management concerns. Some frameworks, such as Google App Engine [4] and Microsoft
Azure [14] are intended to abstract away scaling concerns, adding resources to applications
automatically as demand grows. These frameworks provide developers access to propri-
etary resources through an API. AppScale [24] is an open source framework that is API

compatible with Google App Engine.

2.6 Concluding Remarks

Having explained the mechanisms we use and given some perspective for our contributions,
we can now describe our new work. First, we will discuss Elastic Phoenix, a malleable
MapReduce framework for shared-memory systems and co-located virtual machines. Then,

we will describe Nahanni memcached, a caching service for cloud computing environments.
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Chapter 3

Elastic Phoenix: Malleable
MapReduce

The most intuitive advantage of inter-VM shared memory is its ability to provide reduced
latency and increased bandwidth to applications. However, shared memory can also be used
to add additional functionality to programming frameworks. In cloud computing environ-
ments, resources are provisioned in units of virtual machines, meaning that the only way
to scale up an application is to add more VM nodes. Programming systems designed for
shared-memory systems are hard to scale in such an environment.

One of the major advantages of cloud computing, also available in other environments
where resources are shared, is the ability to add and remove resources from a computation
as they become available or are needed. In scheduling, jobs with this ability are called mal-
leable 34]], and in cloud computing, this is often what is meant by elastic. Adding resources
to an application as it runs can reduce the response time of the job. If the application is part
of a workload made up of multiple jobs, malleability can improve the response time of the
whole workload.

While malleability is desirable, it is difficult for a framework to transparently provide
the ability to add and remove resources. There are often application-specific constraints
regarding when resources may be added or removed, and it is hard to guarantee consistency
of internal state when the resources available change. Because of this, most frameworks
that do offer malleability require the programmer to explicitly reason about the joining and
leaving of worker processes. Constrained programming models such as MapReduce, how-
ever, abstract the management of resources to allow for automatic parallelization. Because

the management of worker processes is handled by the framework, malleability is a natural

A version of this chapter has been accepted for publication. Adam Wolfe Gordon and Paul Lu. Elas-
tic Phoenix: Malleable MapReduce for Shared-Memory Systems. In 8th IFIP International Conference on
Network and Parallel Computing (NPC 2011). Springer, 2011
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Figure 3.1: Stages of a MapReduce Job

extension for such systems.

The Phoenix [64] MapReduce framework is designed to run in a single process on a
shared-memory system, and is thus not well-suited to the cloud environments in which
MapReduce has become popular. It also does not support malleable jobs, since the number
of threads to use for a computation must be specified when a job is started. One of the
most appealing aspects of MapReduce is the separation of the application code from the
management of processes and data, making it a natural fit for transparent malleability.

We have used Nahanni shared memory to develop a new framework based on Phoenix,
which we call Elastic Phoenix. Elastic Phoenix adds malleability to Phoenix applications,
while retaining the programming model and making few changes to the Phoenix API. In
addition, Elastic Phoenix allows Phoenix applications to run with worker processes in mul-
tiple co-located virtual machines. This makes it suitable for cloud environments where
resources are allocated in VM units.

Elastic Phoenix demonstrates how inter-VM shared memory can be used to port a
shared-memory programming environment to be suitable for cloud computing, with few

changes to the programming model and API.

3.1 Background

3.1.1 The MapReduce Programming Model

MapReduce is a programming framework originated by Google [29]. MapReduce requires
programmers to write applications as map and reduce functions, inspired by the functional
programming primitives of the same names. The execution of a MapReduce job proceeds
in stages, as illustrated in Figure [3.1] In the split stage, a function divides the input data
into chunks. The map function processes a chunk of input data into key-value pairs, which
are consumed by the reduce function to produce final output data. The map function is

parallelized and the input data split among the map tasks. The reduce function may be
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Figure 3.2: A MapReduce Job for Log Analytics

parallelized as well, with each reduce task receiving a portion of the intermediate key-
value pairs. In Google’s MapReduce implementation, and in the open-source Hadoop [3|]
implementation, each reduce task produces a separate output file. In other frameworks,
such as Phoenix, a parallel merge stage merges the final data into a single set of output.

The MapReduce model is designed to be bandwidth-bound, rather than latency-bound [54].
One consequence of this design choice is that in general we are more interested in the
throughput of MapReduce on a given workload than in the latency with which it finishes a
particular job. In contrast, web applications using memcached, which we discuss in Chap-
ter[d} are designed for interactive use, where latency is an important metric.

A common use for MapReduce is log analytics: extracting the most popular URLs from
server logs. This common task is similar to the first stage of web indexing, as performed
by search engines such as Google and Yahoo. Such a job is illustrated in Figure The
input data is a server log file containing accessed URLs on the server, and who accessed
them (e.g. the line “/a.html 10.1.3.5” indicates that a user from IP address 10.1.3.5 visited
the page a.html). The input is split into lines by the split phase. The map function extracts
a URL (e.g. “a.html]”) from a line and emits a key-value pair with the URL as the key and 1
as the value (e.g. “<a.html,1>"). MapReduce partitions intermediate data based on its key,
meaning that all intermediate key-value pairs with a given key are sent to the same reduce
task. The reduce task in this example sums the values for each key, giving a total access
count for each URL (e.g. “<a.html,3>”). In Phoenix the output from the reduce stage is
merged, as illustrated.

MapReduce is one example of a class of programming models known as data paral-
lel. In data-parallel programming models, computation is parallelized based on splitting the
input data into pieces that can be worked on independently, as the map and reduce tasks
in MapReduce can. Data-parallel programs scale well because individual tasks are com-
pletely independent allowing them to be distributed arbitrarily and run in parallel with no

communication overhead.

14



The programmer may provide a number of other functions that control the execution
of a MapReduce job. The partitioner determines which reduce task will process each in-
termediate key-value pair. Some implementations allow an analogous splitter function for
splitting the map input. A combiner function allows intermediate data to be aggregated
before it is sent to the reduce tasks. Often, the combiner is the same as the reduce function,
when the reduce function is associative and commutative.

In addition to being widely in industry and academia, MapReduce has (as described
in Section [2.4) inspired a number of other programming models allowing automatic par-
allelization including Microsoft Dryad [40], Comet [39], Spark [66], Piccolo [52], and
Boom [16].

3.1.2 The Phoenix Framework

Phoenix is a MapReduce framework designed for shared-memory systems. Unlike other
MapReduce frameworks, such as Google’s MapReduce and Hadoop, Phoenix is not dis-
tributed: a Phoenix application runs entirely in one address space on a single host. A
Phoenix application is written in C and linked with the Phoenix library into a single exe-
cutable. A Phoenix job runs in a single process, within which there are multiple worker
threads and a single master thread. As in other MapReduce frameworks, execution pro-
ceeds in four stages: split, map, reduce, and merge. Input data is usually stored in a file
on the local filesystem. The split stage is performed by the master thread, generating map
tasks. The map tasks are executed by the worker threads, generating intermediate key-value
pairs in memory. This intermediate data is consumed by reduce tasks also executed by the
worker threads. Final data emitted by the reduce tasks is merged in multiple rounds by the
worker threads. The merged data can be written to a file or processed further by the master
thread.

In the log analytics example from Section [3.1.1] the split stage would split a log file
into lines. The map stage would extract a URL from each line and emit the intermediate
key-value pair with the URL as the key and 1 as the value. The reduce stage would then
sum the values for each URL in the intermediate data, emitting a final key-value pair with
the URL as the key and the sum as the value. Finally, the merge phase would combine the
results of all the reduce tasks, sorting the final output data by key (URL). A subsequent
MapReduce job could re-sort the data by value, to obtain a list of the most popular URLSs.

The main function of a Phoenix application is provided by the application, not by the

framework. An example of a Phoenix main function is shown in Figure The applica-
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int main(int argc, char xargv[]) {

1
2 final_data_t wc_vals;

3 int i, fd, disp_num;

4 struct stat finfo;

5 char x*fname, xdisp_num_str, =xfdata;

6

7 fname = argv[1l];

8 disp_num_str = argv[2];

9

10 printf ("Wordcount :_Running...\n");

11

12 // Read in the file

13 CHECK_ERROR ( (fd = open (fname, O_RDONLY)) < 0);

14 // Get the file info (for file length)

15 CHECK_ERROR (fstat (fd, &finfo) < 0);

16 // Memory map the file

17 CHECK_ERROR ( (fdata = mmap (0, finfo.st_size + 1,

18 PROT_READ | PROT_WRITE, MAP_PRIVATE, fd, 0)) == NULL);
19

20 // Get the number of results to display

21 CHECK_ERROR ( (disp_num = (disp_num_str == NULL) *?

22 DEFAULT_DISP_NUM : atoi (disp_num_str)) <= 0);

23

24 // Setup splitter args

25 wc_data_t wc_data;

26 wc_data.unit_size = 5; // approx 5 bytes per word

27 wc_data.fpos = 0;

28 wc_data.flen = finfo.st_size;

29 wc_data.fdata = fdata;

30

31 CHECK_ERROR (map_reduce_init ());

32

33 // Setup map reduce args

34 map_reduce_args_t map_reduce_args;

35 memset (&map_reduce_args, 0, sizeof (map_reduce_args_t));
36 map_reduce_args.task_data = &wc_data;

37 map_reduce_args.map = wordcount_map;

38 map_reduce_args.reduce = wordcount_reduce;

39 map_reduce_args.combiner = wordcount_combiner;

40 map_reduce_args.splitter = wordcount_splitter;

41 map_reduce_args.locator = wordcount_locator;

42 map_reduce_args.key_cmp = mystrcmp;

43 map_reduce_args.unit_size = wc_data.unit_size;

44 map_reduce_args.result = &wc_vals;

45 map_reduce_args.data_size = finfo.st_size;

46

47 printf ("Wordcount: _Calling_MapReduce_Scheduler_Wordcount\n");
48

49 CHECK_ERROR (map_reduce (&map_reduce_args) < 0);

50

51 printf ("Wordcount :_MapReduce,_Completed\n");

52 dprintf ("\nWordcount:_Results_ (first_%d):\n", disp_num);
53 for (i = 0; i < disp_num && i < wc_vals.length; i++) {
54 keyval_t % curr = &((keyval_t x)wc_vals.data) [i];

55 dprintf ("$15s_-_%" PRIAPTR "\n", (char x)curr->key, (intptr_t)curr->val);
56 }

57

58 free (wc_vals.data);

59

60 CHECK_ERROR (munmap (fdata, finfo.st_size + 1) < 0);

61 CHECK_ERROR (close (fd) < 0);

62

63 return 0;

Figure 3.3: The main Function of A Phoenix Application: Word Count
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void wordcount_map (map_args_t =*args) {
char *curr_start, curr_ltr;
int state = NOT_IN_WORD;
int i;

char *data (char *)args->data;
curr_start = data;

for (i = 0; i1 < args->length; i++) {
curr_ltr = toupper (datalil]);
switch (state) {
case IN_WORD:

data[i] = curr_ltr;
if ((curr_ltr < 'A’ || curr_ltr > 'Z') && curr_ltr != "\’’) {
datal[i] = 0;
emit_intermediate (curr_start, (void *)1, &data[i] - curr_start + 1);

state = NOT_IN_WORD;
}

break;

default:
case NOT_IN_WORD:
if (curr_ltr >= ’'A’ && curr_ltr <= "Z") {
curr_start = &datalil;
datal[i] = curr_ltr;
state = IN_WORD;
}
break;

// Add the last word

if (state == IN_WORD) {
datalargs->length] = 0;
emit_intermediate (curr_start, (void x)1, &datal[i] - curr_start + 1);

Figure 3.4: The map Function of A Phoenix Application: Word Count

void wordcount_reduce (void xkey_in, iterator_t xitr) {
char xkey = (char x)key_in;
void xval;
intptr_t sum = 0;

while (iter_next (itr, &val)) {
sum += (intptr_t)val;

emit (key, (woid x)sum);

Figure 3.5: The reduce Function of A Phoenix Application: Word Count
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tion configures a MapReduce job by filling in a data structure (lines 34—45) which is passed
to the framework (line 49). The application must provide a map function (e.g. Figure [3.4).
Most applications provide a reduce function (e.g. Figure [3.5)), although an identity reduce
function is provided by the framework. The application can optionally provide a splitter
function for dividing input data (the default splitter treats the input data as an uninterpreted
byte array and splits it into even parts); a combiner that merges intermediate values emitted
by a map thread; a partitioner that divides the intermediate data among reduce tasks; and
a locator function that helps the framework assign each input split to an appropriate map
thread based on the location of the data in memory. The application must also provide a
comparator for the application-defined intermediate data keys.

Phoenix creates a worker thread pool, which is used for map, reduce, and merge tasks
during execution of a job. Tasks are placed in a set of queues, one for each worker thread,
by the master thread. The worker threads in the pool get work by pulling tasks from their
queues. If a worker’s queue runs out of tasks, it will steal work from other threads to avoid
sitting idle.

Map tasks emit intermediate key-value pairs into a set of arrays. Each map thread has an
output array for each reduce task (the number of reduce tasks is defined by the application).
A reduce task processes the data produced for it by each map thread, emitting final data into
another array of key-value pairs. These final data arrays are merged pairwise until a single,
sorted output array is produced.

To avoid confusion, we will henceforth refer to Phoenix as “original Phoenix,” in con-
trast to our Elastic Phoenix framework. We use the name Phoenix on its own only for

discussion applicable to both frameworks.

3.2 Related Work
3.2.1 Malleable Programming Environments

Malleable applications are supported by the Message Passing Interface (MPI) through its
dynamic process management capability [37]. However, this technique is only applicable
to applications developed directly on top of MPI, which offers a low level of abstraction.
At a higher level, support for malleability has been implemented in the Process Check-
pointing and Migration (PCM) library, which is built using MPI [32,33]]. PCM is similar
to Elastic Phoenix in that it adds malleability to an existing API. However, unlike Elastic

Phoenix, the PCM implementation uses explicit splitting and merging of MPI processes;
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that is, the application developer is required to reason about malleability in order to support
it.

An unrelated project called Phoenix 58] provides a message-passing API that supports
malleability by allowing nodes in a cluster to join and leave a computation while it runs.

Unlike Elastic Phoenix, it is not intended for shared memory systems.

3.2.2 MapReduce Improvements

Other research has reduced the response time of MapReduce jobs by modifying the frame-
work or semantics of the programming model. The Hadoop Online Prototype (HOP) [26]]
improves response time of jobs in the Hadoop framework by modifying the flow of data
during execution. In HOP, intermediate key-value pairs are sent directly from map work-
ers to reduce workers, before a map task is completed. This reduces the amount of work
that must be done between stages, improving parallelism. The framework can also produce
partial results by running the reducer on partial map output, though the reducer must be
executed over all the map output to produce a final result.

Verma et al. [|61]] present a Hadoop-based MapReduce framework in which reduce tasks
not only receive but consume map output as it is produced, eliminating the effective barrier
between the map and reduce stages. This technique changes the semantics of the MapRe-
duce model, since the reducer no longer has guarantees about the ordering of its input data.
Application developers are thus required to store and sort the data if necessary. Evalua-
tion shows that if careful and efficient techniques are used to handle intermediate data, this
modification to MapReduce can improve response time for certain classes of problems.

Chohan et al. [25]] explore the advantages of using Amazon EC2 Spot Instances (SIs),
inexpensive but transient virtual machines, to accelerate Hadoop jobs. This is similar to our
work in that it provides a type of malleability to a MapReduce framework: a job can be ac-
celerated by adding worker nodes in SIs. However, because of the nature of Hadoop, termi-
nation of a spot instance is expensive, since completed work often needs to be re-executed.
Elastic Phoenix does not encounter this expense in reducing the number of workers, since
the data produced by all completed tasks is in shared memory and will not be lost. We note,
though, that our current implementation is not suitable for the semantics of Sls, in which
the worker node is terminated without warning, since an Elastic Phoenix worker requires a
signal and a little bit of extra time to clean up when it is removed.

The Intermediate Storage System (ISS) [42] for Hadoop improves the response time of

MapReduce jobs when faults occur. Hadoop normally stores map output data on local disk
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until it is required by a reduce worker, requiring the map task that produced the data to be
re-executed if a fault occurs on the worker node. The ISS asynchronously replicates the
intermediate data, saving the re-execution time if only one replica incurs a fault. However,

this technique induces overhead in the absence of faults.

3.3 Design Goals

Our design goals for Elastic Phoenix were:

1. Elasticity. The user should be able to add worker threads to a running MapReduce
job in order to accelerate it. The framework should not make assumptions about the

stage of computation during which workers will be added.

2. Design Flexibility. Elastic Phoenix applications should be able to run either with
workers running on a shared-memory system using POSIX shared memory, or with
workers running in multiple virtual machines using Nahanni shared memory. There-
fore, the design should assume as little as possible about the underlying data sharing

mechanism.

3. API Compatibility. It should take minimal effort to make an original Phoenix appli-

cation work with Elastic Phoenix.

These design goals are sometimes conflicting. In particular, maintaining the API of the
original Phoenix framework, which was not designed for elasticity, made it more difficult

to achieve the other goals.

3.4 Implementation

The basic design change that enables Elastic Phoenix is separation of the master thread and
worker threads into different processes, as illustrated in Figure[3.6] This presents a number
of challenges, since original Phoenix was designed with a shared address space in mind.
In order to support Nahanni shared memory, our implementation does not assume that all
worker processes share a kernel or filesystem. These assumptions would also make it easier
to port Elastic Phoenix to a distributed shared memory or message passing system.

The shared memory region in Figure [3.6(b)| can be either a POSIX shared memory
region (when running a job natively on a host) or a Nahanni shared memory region (when

running a job in VMs).
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Figure 3.6: High-Level Architecture of [(a)] Original Phoenix and [(b)| Elastic Phoenix
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3.4.1 Sharing Data

One challenge in designing Elastic Phoenix was how to get input data to the worker threads.
The master thread splits the input data, but the worker threads then need to access this
data for the map phase. A common idiom in original Phoenix applications is to mmap an
input file, then have the splitter calculate offsets into the mapped file. Since Elastic Phoenix
threads do not share an address space, this clearly will not work. In the interest of flexibility,
we also assume that the worker processes cannot access the input file, as may be the case
when running Elastic Phoenix in a set of VMs.

Our initial design, which made no changes to the original Phoenix API, required splitter
functions to return pointers to the actual input data. The framework then copied this data
into shared memory. This was a simple requirement, but one that did not exist in original
Phoenix; some sample applications did not meet it, returning from their splitters pointers to
structures describing the input data. This design allowed applications to continue using the
mmap method described above, with most applications requiring no changes to the splitter
code.

However, copying the input data into shared memory after it has been split is a perfor-
mance bottleneck. Most application-provided splitters must examine at least some portion
of the data in order to generate sane splits, so with copying the data ends up being read in
from disk during the split, then copied into the shared memory region, possibly being read
off disk again if the buffer cache has been recycled.

Our final design changes the API for splitter functions by adding an argument: a struc-
ture containing pointers to memory allocation functions, which we require the splitter use
to allocate space for the input data. The functions we pass to the splitter are custom memory
allocation functions that allocate space in the shared memory region, keeping all allocation
metadata in the region itself. The common design for splitters using this API is to allocate
memory for a split, read data directly into this memory, then reduce the size of the split as
necessary to reflect application-specific restrictions on the split data.

In addition to the input data, the master and the workers must share the intermediate
and final data arrays. The intermediate data is straightforward to move into the shared
memory region, using the previously mentioned memory allocators to dynamically allocate
the arrays. The only complication is that there is a set of intermediate data arrays for each
worker thread, and in Elastic Phoenix the total number of worker threads is not known at

initialization time. We deal with this by setting an upper bound on the number of map
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threads and pre-allocating space for the necessary pointers.

There is one additional issue with the final data array: it is returned to the application
when the MapReduce job finishes. This causes a problem because many applications free
this array when they are done processing the results it contains. This works in original
Phoenix because the framework allocates the final data array with malloc. In Elastic
Phoenix this array resides in the shared memory region and is allocated with our custom
allocator. We deal with this by adding a function to the API: map_reduce_cleanup.
The cleanup function mirrors the framework’s map_reduce_init function, and is called
by the application when it is finished with the results of the MapReduce job.

In order to retain the structure of the pointer-based data structures used throughout
original Phoenix, we map the shared memory to the same address in all processes. This
avoids the need for pointer swizzling or other tricks, even when running worker processes

in separate virtual machines.

3.4.2 Assigning Tasks

In original Phoenix, there is one task queue for each worker thread. The framework does
allow threads to steal work from other queues when their own queue runs out, so pre-
allocating a task queue for each of the maximum number of worker threads is one potential
solution. However, given that Elastic Phoenix will rarely have the maximum number of
worker threads, this would lead to the threads exhausting their own queues, then all sharing
the other queues until they are exhausted. Given this, we opted for a simpler design with
a single task queue. The task queue is pre-allocated in shared memory with a maximum
number of tasks, and all worker threads take work from the queue. Since the task queue in
original Phoenix was already thread-safe for dequeue operations, we re-used nearly all of
its code.

The pre-allocation design causes an issue for the splitter: there is a maximum num-
ber of map tasks, so the splitter can only create so many splits. Elastic Phoenix uses the
application-provided unit size estimate to request an appropriate number of data units for
each split such that the task queue is filled but not exceeded. However, an application’s
estimated unit size will, in some cases, be inaccurate because the data is not uniform and
not known beforehand. In this case, the framework may run out of space for map tasks
before all the data has been split. We deal with this situation by requiring that splitters be
“resettable.” When the splitter is passed a special argument, it should thereafter operate as

if it has not yet been called. When we run out of space for map tasks, we reset the split-
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ter and re-split the data, requesting more units for each task. This is a rare case, as many
applications provide good unit size estimates. We have observed that when re-splitting is

required it often takes only one try, which tends to be very fast due to filesystem caching.

3.4.3 Coordinating Workers

An Elastic Phoenix job is started by first running the master process, then running one
or more worker processes. Coordinating the worker threads is somewhat different from
original Phoenix, since the master does not create the worker threads.

We use two basic mechanisms for coordination in Elastic Phoenix: a worker counter
and a barrier, both stored in shared memory. When the master starts, it executes the split
phase, then waits for workers to join the computation. The first thing a worker process does
when it starts is acquire a worker ID using the counter in shared memory. This is done using
atomic operations to avoid the need for a lock.

Because the workers may run in separate virtual machines, and thus do not necessarily
share a kernel, we cannot use a blocking barrier for synchronization between computation
phases. Instead, we have implemented a barrier using spinlocks and polling. The barrier
is used after each stage to synchronize the master and worker threads. The master thread
reaches the barrier first, since it does no work in the map, reduce, and merge phases. To
make the barrier code simpler, we give each worker process a constant number of threads;
in our current implementation the default is four. In addition, we use a shared spinlock
to prevent new workers from joining the computation at inconvenient times, such as after
the first worker thread reaches the barrier (since this would change the number of threads
expected, complicating the barrier code) or before the master has finished setting up the
necessary shared environment.

Elastic Phoenix keeps track of the current phase of execution using a flag in shared
memory. This allows workers to join during any stage of execution: split, map, reduce, or
merge. A worker that joins during a later phase skips the previous phases entirely.

An additional coordination problem in Elastic Phoenix is that because we have at-
tempted to preserve the original Phoenix API as much as possible, the application code
is not intended to be executed in multiple processes. Many original Phoenix applications
contain code that should be executed only once as part of initialization or cleanup. We
add two optional application-provided functions to the API to deal with this: prep and
cleanup. If an application provides these functions, Elastic Phoenix guarantees that they

will be executed only in the master process. The prep function is called before any other
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Description

Original Phoenix

Elastic Phoenix

Splitter function sig-
nature

int splitter(void x, int,
map_args_t )

int splitter (void x,
map_args_t =,
splitter_mem ops_t x)

int,

Splitter uses
vided allocator

pro-

free (out->data);
out->data =
malloc (out—->length);

mem—->free (out->data) ;
out->data =
mem—->alloc (out->length);

Splitter can be reset

N/A

if (regq_units < 0) {
lseek (data->fd, O,
data->fpos = 0;

}

SEEK_SET) ;

New cleanup API
function

printf ("Num._values:_%d\n",
mr_args.result->length);
return (0) ;

printf ("Number_of _values:_%d\n",

mr_args.result->length);
map_reduce_cleanup (&mr_args) ;
return (0) ;

New application
prep function

int main(int argc,
char xxargv) {

struct stat s;

stat ("in", &s);

data.fd = open("in");

mr_args.data_size =
s.st_size;

int prep(void xdata,
map_reduce_args_t =xargs) {
struct stat s;
stat ("in", &s);
((app_data_t«)data)->fd =
open ("in");
args—->data_size =
s.st_size;

}

New application
cleanup function

int main(int argc,
char xxargv) {

close (data.fd);

int cleanup (void xdata) {
app_data_t =xad =
(app_data_t «)data;
close (ad->fd) ;
}

API init modifies
argc and argv

int nargs = argc;
char x*fname = argv[l];
map_reduce_init () ;

map_reduce_init (&argc, &argv);
int nargs = argc;
char xfname = argv[l];

Table 3.1: API Changes From Original Phoenix to Elastic Phoenix

work is done, and can be used to, for example, open the input file and set up data for the

splitter. The cleanup function is called by the map_reduce_cleanup API function

described earlier. These functions reduce the need for applications to explicitly manage

concurrency, and allow our implementation to handle initialization and cleanup differently

in future versions.

3.5 Porting Phoenix Applications

One of our design goals, as described in Section [3.3] was to allow original Phoenix appli-

cations to be easily ported to Elastic Phoenix. In this section, we describe our experiences

porting applications, and try to quantify the amount of change required. Table [3.1]lists the

complete set of API changes.

The biggest change that is required in every application is to the splitter function. Since

Elastic Phoenix requires that the splitter use a framework-provided memory allocator for

allocating input splits, it has an additional argument. In some splitters, this is simply a
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Application Original | Elastic | Lines altered

Histogram 245 285 110
Word Count 234 202 114
Linear Regression | 230 243 97
Matrix Multiply 168 185 48

Table 3.2: Porting MapReduce Applications: Original to Elastic Phoenix (lines of code)

matter of replacing calls to malloc with calls to the provided allocator, but most need
to be restructured to read in a file incrementally instead of using mmap, as described in
Section[3.4.11

In Phoenix applications, most of the code in main serves one of four purposes: setting
up the splitter; setting up the MapReduce job; processing the results; and cleaning up.
The first can usually be moved verbatim into the prep function. The second is usually
idempotent, operating only on local data structures, and can remain intact without harm.
The third and fourth can usually be moved to the c1eanup function to ensure they execute
only in the master process.

The original Phoenix framework includes seven sample applications: histogram, k-
means, linear regression, matrix multiply, PCA, string match, and word count. Of these,
we have ported histogram, word count, and linear regression. PCA and k-means require
multiple MapReduce jobs, a feature not currently supported in Elastic Phoenix. The matrix
multiply included in original Phoenix is not written in the MapReduce style: the map tasks
calculate the resultant matrix directly into a known output location, rather than emitting the
calculated values as intermediate data. We wrote a new matrix multiply for original Phoenix
that uses the MapReduce style, emitting a key-value pair for each entry in the resultant ma-
trix, then ported it to Elastic Phoenix. String match also does not emit any intermediate or
final data; in fact, it produces no results at all.

To quantify the amount of work required to convert an application to Elastic Phoenix,
we analyzed the applications we converted. First, we calculated the lines of code for each
application before and after conversion using SLOCCount [13]]. Then we estimated how
many lines were altered by taking a diff of the two source files and counting the number
of altered lines in the Elastic Phoenix version. This does not entirely account for the fact
that many of the changes simply involved moving code from one function to another. The
results of this analysis are displayed in Table

Word count was the first sample application we ported, and we modified it incrementally

during the development of Elastic Phoenix. Therefore, it underwent more change than
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int main(int argc, char xargv[]) {

1

2 int i;

3 wc_data_t wc_data;

4

5 i = map_reduce_init (&argc, &argv);

6 CHECK_ERROR (1 < 0);

7

8 wc_data.fname = argv[1l];

9

10 printf ("Wordcount:_Running...\n");

11

12 // Setup splitter args

13 wc_data.unit_size = 5; // approx 5 bytes per word
14 wc_data.fpos = 0;

15

16 // Setup map reduce args

17 map_reduce_args_t map_reduce_args;

18 memset (&map_reduce_args, 0, sizeof (map_reduce_args_t));
19 map_reduce_args.task_data = &wc_data;

20 map_reduce_args.task_data_size = sizeof (wc_data_t);
21

22 map_reduce_args.prep = wC_prep;

23 map_reduce_args.cleanup = wc_cleanup;

24 map_reduce_args.map = wordcount_map;

25 map_reduce_args.reduce = wordcount_reduce;

26 map_reduce_args.combiner = wordcount_combiner;
27 map_reduce_args.splitter = wordcount_splitter;
28 map_reduce_args.key_cmp = mystrcmp;

29

30 map_reduce_args.unit_size = wc_data.unit_size;

31 map_reduce_args.partition = NULL; // use default
32 map_reduce_args.result = &wc_data.wc_vals;

33

34 printf ("Wordcount: _Calling, MapReduce_Scheduler, Wordcount\n");
35

36 CHECK_ERROR (map_reduce (&map_reduce_args) < 0);
37

38 map_reduce_cleanup (&map_reduce_args) ;

39 CHECK_ERROR (map_reduce_finalize ());

40

41 return 0;

Figure 3.7: The main Function of An Elastic Phoenix Application: Word Count

int wc_prep(void xdata_in, map_reduce_args_t =*args) {

1

2 struct stat finfo;

3 wc_data_t xdata = (wc_data_t =*)data_in;

4

5 // Read in the file

6 CHECK_ERROR ( (data->fd = open(data->fname, O_RDONLY)) < 0);
7 // Get the file info (for file length)

8 CHECK_ERROR (fstat (data->fd, &finfo) < 0);
9 args—>data_size = finfo.st_size;

10 data->fsize = finfo.st_size;

11

12 return (0) ;

Figure 3.8: The prep Function of An Elastic Phoenix Application: Word Count
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int wc_cleanup (void xdata_in) {
wc_data_t xdata = (wc_data_t =*)data_in;
int i;

gsort (data->wc_vals.data, data->wc_vals.length, sizeof (keyval_t), mykeyvalcmp) ;

dprintf ("\nWordcount:_Results_ (TOP_%d) :\n", DEFAULT_DISP_NUM);

for (i = 0; i < DEFAULT_DISP_NUM && i < data->wc_vals.length; i++) {
keyval_t % curr = &((keyval_t =x)data->wc_vals.data) [i];
dprintf ("$15s_-_.%" PRIAPTR "\n", (char x)curr->key, (intptr_t)curr->val);

}

return (close (data—->fd)) ;

Figure 3.9: The cleanup Function of An Elastic Phoenix Application: Word Count

would an application being ported directly to the final version of Elastic Phoenix. For
comparison with Figure 3.3] we present the main function for the Elastic Phoenix version
of word count in Figure Note that much of the code that has been removed from
main was moved into the prep and cleanup functions, displayed in Figures [3.8] and
[3.9] respectively.

We ported histogram and linear regression to one intermediate version of Elastic Phoenix,
then to the final version, so they display less change than word count. We developed matrix
multiply for original Phoenix, then ported it directly to the final version of Elastic Phoenix.
It therefore provides the best indication of the effort needed to directly port an applica-
tion. Anecdotally, a single developer wrote the new matrix multiply application for original

Phoenix in several hours, and took only a few minutes to port it to Elastic Phoenix.

3.6 Evaluation

We evaluated Elastic Phoenix in two ways. First, we evaluated the overhead of using Elastic
Phoenix by running our ported applications with both frameworks. Then, we explored
the advantages of Elastic Phoenix by developing a workload of repeated MapReduce jobs
on a system where the availability of processors varies over time. We performed these
experiments running the master and worker processes directly on a server, as well as in
virtual machines. All experiments were performed on an Intel Xeon X5550 (2.67 GHz)
server with two sockets, eight cores (16 hyperthreads), and 48 GB of RAM. We compiled
original Phoenix with its default tuning parameters, and used the default four worker threads
per process for Elastic Phoenix. For the VM experiments, we used three VMs, each with
4 GB of RAM and four CPUs. We ran at most one worker process in each VM, with a

worker sharing a VM with the master process when necessary. Note that we ran only up to
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Application Description Input Size

Histogram Counts the frequency of each colour value | 1.4 GB
over pixels in a bitmap image

Word Count Counts the frequency of each word in a text | 10 MB
file

Linear Regression | Generates a linear approximation of a set of | 500 MB
points

Matrix Multiply Parallel matrix multiplication using row and | 1000x1000
column blocks

Table 3.3: Applications and Inputs for Evaluation

12 total threads in the VMs; this was due to time constraints, not any technical limitations

of Elastic Phoenix.

3.6.1 Overhead

The performance advantage of malleability is that MapReduce jobs can be accelerated as
they run by adding threads to the computation. If the overhead of Elastic Phoenix is so
large that, for example, using four threads in original Phoenix is faster than using eight
threads in Elastic Phoenix, then this advantage disappears. In this section we evaluate the
overhead of using Elastic Phoenix, showing that for some applications it is possible to
increase performance by adding threads.

To evaluate the overhead of our design, we ran four applications under both original and
Elastic Phoenix. For each application, we used the largest input data we could given 4 GB
of shared memory. The applications we used and their input sizes are shown in Table (3.3
All times are averages over five runs, with cold filesystem caches.

We divide these applications into two classes, which we will discuss separately: 1/O-
bound and CPU-bound. Histogram, word count, and linear regression are I/O-bound. This
is due to the fact that the computation performed in the map and reduce stages is quite
trivial, even with large input. The bottleneck, therefore, is reading and splitting the input
data, which must be done serially in both original and Elastic Phoenix. Our matrix multiply
application is CPU-bound because its input is generated in the splitter function, avoiding
any file I/O.

Benchmark results for the I/O-bound applications are presented in Figure Be-
ing I/O-bound, we do not expect any speedup as we add threads. We observe that Elastic
Phoenix has little overhead compared to original Phoenix for the histogram and linear re-

gression applications (8% and 6%, respectively, on average), showing some slowdown as
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Figure 3.10: Overhead Experiment Results for I/O-bound Applications
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Figure 3.11: Overhead Experiment Results for the CPU-Bound Matrix Multiply Applica-
tion

we add more threads due to the additional coordination overhead. These applications have
large input data, and generate intermediate data with a fixed number of keys.

In contrast, we observe significant overhead (1,792% average) in the word count ap-
plication. This overhead likely stems from the fact that the input size is small, and that
the application produces a large amount of intermediate data with very diverse keys, since
many more words appear infrequently in the input than appear frequently. This causes a
large amount of extra shared memory to be allocated but never used, as the framework al-
locates space for multiple values (10, by default) with the same key when the first value
for a given key is emitted. In fact, word count, with only 10 MB of input data, can be run
with at most 12 worker threads in Elastic Phoenix; with more threads, the small amount of
additional per-thread allocation in shared memory causes it to exceed the 4 GB limit. Our
shared memory allocator is simplistic, and does not match the efficiency of the system’s
malloc, which is used in original Phoenix.

We observe that the benchmark results for I/O-bound applications run in virtual ma-
chines are consistent with those run on the host. In some cases, the applications are faster
in virtual machines, which we suspect is due to scheduling effects. The four Elastic Phoenix
worker threads are the only active processes in each VM, and each VM has four CPU cores,
potentially allowing the kernel to make better scheduling decisions than on the host ma-
chine. An in-depth analysis of VM scheduling interactions is beyond the scope of this
thesis.

Benchmark results for our CPU-bound application, matrix multiply, are shown in Fig-

ure Here we observe significant speedup from four to eight threads, then moderate
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speedup as we increase to 12 and 16 threads. We theorize that the extreme speedup from
four to eight threads is caused by the fact that our CPUs are quad-core, and with eight
threads Phoenix uses both sockets. Original Phoenix pins threads to cores, spreading work
out as much as possible, but we have configured it to use the same number of processors
as threads, so the four threads are pinned onto one CPU. Using both sockets doubles the
total usable cache size and the total memory bandwidth available. The decline in speedup
beyond eight threads is likely due to the fact that we have only eight real CPU cores, and
the hyperthreaded cores offer little advantage in an application such as matrix multiply with
regular memory access patterns, few branches, and no disk I/O.

With four threads (a single worker process), Elastic Phoenix adds no overhead com-
pared to original Phoenix. Elastic Phoenix adds a moderate amount of overhead when more
than one process is used, due to the added overhead of coordinating threads in multiple
processes, such as increased contention on spinlocks. Overall, the overhead averages 38%.
In virtual machines, we again observe results similar to running on the host. The surprising
performance win for VMs with four worker threads might again be due to the scheduling
effects described above.

The important result from our overhead experiments is that Elastic Phoenix with, for
example, eight threads can be significantly faster than original Phoenix with, for example,
four threads, suggesting that the ability to add additional workers as a job runs can improve

performance in some cases.

3.6.2 [Elasticity Advantages

Elastic Phoenix can improve throughput by allowing idle processors to be used immediately
by a running MapReduce job. A performance improvement is possible when the overhead
of using Elastic Phoenix does not exceed the speedup provided by the additional threads.
As we showed earlier, this is the case for some applications. In this section, we evaluate
how much performance can be gained in such a situation using a synthetic benchmark. For
this benchmark, job latency can be reduced by 29% by adding threads as processors become
available.

Consider a scenario in which a sequence of MapReduce jobs is run repeatedly, starting
again each time it finishes. For example, the sequence may consist of a job that creates a
link graph from a set of hypertext pages, then a job that computes the most popular page.
Assume the jobs run on a system where CPU resources become available unpredictably, as

is typical in a multi-user, batch-scheduled environment. Original Phoenix always uses the
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Figure 3.12: Task Completion Over Time in the Elasticity Benchmark

number of CPUs that are available when it starts, while in Elastic Phoenix CPUs are added
to the computation as they become available.

Our benchmark uses alternating linear regression and matrix multiply jobs with random-
sized inputs of 250 MB to 500 MB for linear regression and 500x500 to 1000x1000 for
matrix multiply. This sequence represents a typical workload of an I/O-bound job that gen-
erates input for a compute-bound job, although we do not actually use the linear regression
output as input for the matrix multiply. With one worker thread, the jobs take between 1
second and 5 minutes each. For this experiment, we compiled Elastic Phoenix with one
thread per worker process, so that it can take advantage of a single processor becoming
available.

We generated a set of random CPU availability changes, where every 5 seconds the
number of CPUs available can change, with at least 2 and at most 8 CPUs always being
available, since our host has 8 CPU cores (we do not employ the 8 hyperthreaded cores).
The workload we generated contains 500 jobs in total: 250 linear regression jobs inter-
leaved with 250 matrix multiply jobs. We executed the benchmark only on the host, not
in VMs. However, we observe that running linear regression and matrix multiply in VMs

(Figures [3.10(c)| and [3.T1) has little to no overhead compared to running them on the host

machine, and also that in VMs running the applications with eight threads is faster than
running them with four threads. Therefore, we would expect similar results from running
our elasticity benchmark in VMs.

The results of the experiment are displayed in Figure[3.12] Original Phoenix completed
the jobs in 5,451 seconds and Elastic Phoenix completed the jobs in 3,866 seconds, a 29%

improvement. We see from these results that adding processors as they become available
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can drastically speed up a workload of this type.

3.7 Limitations of Elastic Phoenix

The design of Elastic Phoenix introduces a number of limitations not present in original
Phoenix. Some of these are inherent to the design we have chosen; others are due to our
current implementation and could be eliminated in the future without a significant design
change. There are also some ways in which Elastic Phoenix could be improved, orthogonal

to these limitations.

3.7.1 Job Size

The size of the shared memory region used with Elastic Phoenix limits the amount of input
data that can be used. This is because the input data must all fit in shared memory, and will
share the space with some of the intermediate data (input data is freed immediately after
being used by a map task, but intermediate values are stored to shared memory as they are
produced). Similarly, the intermediate data must share the space with some final data, so
this data is also limited in size.

The input size limit is not the same for all applications and cannot be calculated in
advance. As mentioned in Section [3.6.1] the number of intermediate key-value pairs, as
well as the diversity of the keys, affects the maximum input size. This is because Elastic
Phoenix allocates space for multiple values for each intermediate data key, since in most
applications keys are repeated. In an application with very diverse intermediate keys, much
of this allocated space goes unused as many keys will have very few values. An obvious
way to allow more intermediate data in applications with high key diversity would be to
allocate space for fewer values by default — perhaps only a single value. Unfortunately, this
involves a tradeoff, and finding an optimal solution would be quite difficult.

Our shared memory allocator works at the granularity of fixed-size blocks. A key and a
small number of values do not use much of a block, but from the allocator’s perspective the
entire block becomes unavailable. Smaller blocks would allow for less fragmentation, but
would make allocation slower and require the allocator to use more of the shared memory
for accounting purposes. The optimal block size and number of values allocated depends on
the application, but it may be possible to classify different types of applications and provide
default values appropriate for each class. The most desirable solution would be to develop

a better memory allocator.
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The task queue in Elastic Phoenix is of a fixed size (32,770 tasks by default). Thus, a
limited number of input splits can be produced by the splitter. This means that even with
small input data, an application which must split its input into many units cannot run under
Elastic Phoenix. As described in Section [3.4.1] we re-split data if it fills the job queue,
requesting more units from the splitter. If an application ignores the number of requested
units in its splitter, then porting it to Elastic Phoenix will require modifying the splitter to

honor this argument.

3.7.2 Combiners

The original Phoenix framework allows applications to provide a combiner function, which
performs a partial reduce on the map output of a single worker thread. This can speed up
the reduce stage, and reduce the amount of space used for intermediate data. In particular,
it helps applications that have a large number of repeated intermediate keys.

Elastic Phoenix currently does not support combiners. The application may specify a
combiner, to keep the API consistent with original Phoenix, but it will not be used by the
framework. This is a limitation of the current implementation and could be changed in
the future. It is possible that this modification would help with the job size limitation by

compacting intermediate data.

3.7.3 Multiple MapReduce Jobs

A common idiom in MapReduce applications, including Phoenix applications, is to run
multiple MapReduce jobs in sequence. For example, one might run a job to do a large
computation, then another job to sort the results by value. In original Phoenix, multiple
jobs can be performed without writing data to disk: the output data from one job becomes
the input data to another job. That is, multiple calls are made to the Phoenix MapReduce
scheduler within a single executable application.

The current Elastic Phoenix implementation does not support running multiple MapRe-
duce jobs in one execution, due to the way in which Elastic Phoenix initializes data that
will be shared among the master and worker processes. This limitation could be eliminated

through some further design.

3.7.4 Number of Workers

Elastic Phoenix pre-allocates a number of data structures that in original Phoenix are allo-

cated based on the number of threads being used. In particular, there is one set of interme-
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diate data queues and one final data queue for each worker thread, and the pointers for these
are pre-allocated. They could be allocated dynamically as workers join the computation,
but this would require using a linked list or similar structure, making lookups slower when
inserting data.

In order to pre-allocate this data, we set a fixed limit on the number of worker tasks
that can join a MapReduce job. The default in our current implementation is 32 threads,
which allows for eight worker processes with four threads each. On any given system, the
number of worker threads is naturally limited by the number of processors, so this is a minor

limitation.

3.8 Shared Memory Hadoop: A Cautionary Note

In this chapter, we have described our Elastic Phoenix system, which uses inter-VM shared
memory to add features to the existing Phoenix MapReduce framework. However, Phoenix
was not the first MapReduce environment we tried using with inter-VM shared memory,
and adding features was not our original goal. We first tried using inter-VM shared memory
to improve the performance of Hadoop. Here we describe the work we did on Hadoop,
to show that a system using inter-VM shared memory must be designed carefully to gain
significant performance benefits.

Hadoop is a popular distributed MapReduce framework written in Java. Its architecture
closely follows that of the Google MapReduce system. Input and output data are typically
stored in HDFS, a distributed file system modeled after GFS [335].

Like any MapReduce framework, Hadoop must transfer intermediate data produced
by map tasks to reduce tasks. The map tasks and the reduce tasks are, in a distributed
MapReduce system, not guaranteed to run on the same host. This presents something of
a bottleneck, since this shuffle step must be completed before the reduce computation can
begin. In a cloud environment, where some virtual machines used as Hadoop nodes may be
located on the same physical host, it is possible to avoid the network for intermediate data
transfer. We modified Hadoop to use Nahanni shared memory for transferring intermediate
data.

The general lesson from our experience with Hadoop is that using inter-VM shared
memory to speed up only a single component of a complex application will not yield sig-
nificant performance improvements. A specific lesson from Hadoop is that it is not effective

to use inter-VM shared memory as a circular buffer: the overhead of copying data in and
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Figure 3.13: Dataflow of a Hadoop MapReduce Job

out of shared memory is almost as large as copying data through the network stack. That
is, inter-VM shared memory is more effective when it is used to store pointer-based data

structures, as in Elastic Phoenix.

3.8.1 Hadoop Dataflow

Hadoop executes map and reduce tasks on worker nodes. Each worker node is allocated a
certain number of map slots and a certain number of reduce slots, and thus may be assigned
multiple map tasks and multiple reduce tasks. Key-value pairs emitted by a map task are
initially stored in memory, but are flushed to local disk on completion or as needed.

Each reduce task has three phases: shuffle, sort, and reduce. In the shuffle phase, inter-
mediate values are fetched from each map host using HTTP and stored to local disk. These
key-value pairs are then sorted by key, using an external sort if necessary. Once sorted,
they are used as input for the reduce function. The dataflow for a Hadoop MapReduce job
is shown in Figure [3.13] Hadoop attempts to place tasks such that some or all of a reduce
task’s input data is available on a local file system. This reduces the amount of data trans-
ferred over the network during the shuffle phase. The receiver attempts to keep all the data

it fetches during the shuffle phase in memory, spilling to local disk if necessary.

3.8.2 Shared Memory Streaming

Because Hadoop transfers intermediate values over the network, we first built a streaming
interface, using the shared memory region as a circular buffer. A reduce task in the shuffle
phase determines for each map output it needs to fetch whether the map task ran on the same
physical host as the reducer. Currently, this is done using a list of hostnames maintained
in shared memory. If the host is found in the list, then the map output can be fetched
using shared memory. The dataflow for a Hadoop MapReduce job using shared memory
streaming is shown in Figure [3.14

To initiate a file transfer, the client first finds a free block and writes its index into a
designated location in shared memory. It writes an indicator of what it would like to fetch

into a second designated location, then uses a Nahanni-provided semaphore to signal the
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Figure 3.14: Dataflow of a Hadoop MapReduce Job with Shared Memory Streaming

Figure 3.15: Dataflow of a Hadoop MapReduce Job with Shared Memory Filesystem

server. Upon receiving the signal, the server begins writing the requested data into the

memory chunks.

3.8.3 Shared Memory Filesystem

Streaming intermediate data through shared memory still requires copying data into and
out of shared memory in order to transfer it. This is a performance bottleneck that reduces
the performance of the shared memory streaming to near that of virtualized networking. To
reduce this performance effect, we implemented a second design: a shared memory filesys-
tem. This comprises a simple filesystem residing in shared memory, and a Java interface
to it conforming to Hadoop’s filesystem interface. This is much simpler than a full POSIX
filesystem implementation, since the Hadoop interface contains few operations.

The dataflow for this design is shown in Figure[3.15] In this design, a map task attempts
to write its output to the shared memory filesystem. If the filesystem is full then data is
written to local disk as in standard Hadoop. The reduce task looks for its input data in
the shared memory filesystem, then requests it from the map host if it is not found. This

fallback uses HTTP to transfer, as in the standard Hadoop dataflow.

3.8.4 Performance

To isolate the performance of the shuffle phase, we wrote a Hadoop MapReduce application
whose map phase reads a single byte of input data and produces a set amount of intermediate
data, and whose reduce phase reads the intermediate data and produces a single byte of
output data. We ran the Hadoop MapReduce framework on a virtualized cluster in which

the master node is the physical host and the worker nodes are three virtual machines. The
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Hadoop Distributed Filesystem (HDFS) used to store input and output data was configured
similarly, with the master on the host and the workers in VMs. A 1 GB Nahanni shared
memory region was used, shared among all the VMs.

The results of our microbenchmark are displayed in Figure[3.16] With small interme-
diate data (512 MB), neither of our shared memory optimizations provides a performance
improvement. With larger intermediate data sizes, shared memory streaming provides a
small benefit. This is likely because network contention is not high enough for shared
memory to make a difference in the small data case. The improvement is about 15% with
2 GB of intermediate data.

The shared memory filesystem optimization displays the same performance as stock
Hadoop with small intermediate data, and lower performance with large intermediate data.
There are multiple reasons for this. For one, the local disk used for intermediate data in our
stock Hadoop setup is tmpfs, an in-memory filesystem that takes advantage of the Linux
kernel’s buffer cache. This in-memory filesystem may be faster than our simple shmfs.
Because our shmfs resides entirely in Nahanni shared memory, it must use spinlocks to
synchronize write accesses. With large intermediate data, there are more writes, increasing
contention for these spinlocks and reducing performance. Hadoop still copies the data into
memory from the shared memory region, so while copying in and out of the network stack

is avoided, there is still copying.

3.8.5 Lessons from Hadoop

One lesson from our experience with Hadoop is that speeding up a small component (i.e.
intermediate data transfer) of a complex application is unlikely to provide significant per-
formance improvements. When applying optimization such as inter-VM shared memory,
it is important that the optimization be applicable throughout the computation, removing a
bottleneck end-to-end. In contrast, Nahanni memcached, which we discuss in Chapter[z_f],
uses inter-VM shared memory for the common case of read operations, optimizing a large
portion of the application’s operations.

Our experience with Hadoop shows that frameworks using inter-VM shared memory
must be carefully designed to maximize the benefit shared memory can provide. A specific
lesson is that marshaling and unmarshaling data is a significant overhead that can negate

any advantage of shared memory compared to virtualized networks.
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Figure 3.16: Hadoop Microbenchmark Results

3.9 Concluding Remarks

We have shown that shared memory is useful for adding new features to existing shared-
memory applications and frameworks, and for making them more suitable for cloud com-
puting. As an example of one such framework, we have developed Elastic Phoenix, a
MapReduce framework based on the original Phoenix framework for shared-memory sys-
tems.

Our first conclusion from our work on Elastic Phoenix is that inter-VM shared memory
allows shared-memory frameworks to be made more suitable for cloud computing envi-
ronments with only minor API changes. This greatly reduces the effort of porting existing
applications. Our experiences porting original Phoenix applications to Elastic Phoenix (Ta-
ble [3.2)) bear out this conclusion.

Our second conclusion from Elastic Phoenix is that the performance overhead incurred
by converting a shared-memory framework to distributed operation using inter-VM shared
memory is small for compute-intensive tasks. This means that it is feasible to use such
converted frameworks and ported applications for performance-intensive tasks. Our ex-
perimental results (Figures |3.10| and show that for many applications the overhead
induced by porting Phoenix applications to Elastic Phoenix is 6% to 8%.

Our final conclusion from Elastic Phoenix is that elasticity can provide an advantage for
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certain workloads running on systems with unpredictable resource availability. This will
often be the case in cloud computing environments, where resources are usually shared and
can be allocated on the fly. Our experimental results (Figure [3.12)) show that for certain
workloads, taking advantage of additional processors as they become available reduces

response time by 29%.
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Chapter 4

Shared Memory Memcached

Web applications often have unpredictable load patterns, and cloud computing allows de-
velopers to automatically scale their services by allocating resources on demand as traf-
fic grows. In infrastructure-as-a-service (IaaS) systems such as Amazon Elastic Com-
pute Cloud (EC2) and private clouds built using Eucalyptus [48]] or OpenStack [10], re-
sources are allocated in the form of virtual machines (VMs). A number of platform-as-
a-service (PaaS) offerings (e.g., Google App Engine (GAE) [4]], Microsoft Azure [14]],
AppScale [24]) provide application programming interfaces (APIs) that allow developers
to build and deploy web applications that will be automatically scaled based on demand.

Furthermore, many web applications are backed by a datastore, such as a database or a
cloud-scale storage engine. For example, Amazon offers SimpleDB, and GAE includes a
component called Datastore that is backed by BigTable [23]]. Because datastore access
can be expensive, contributing significantly to web application latency, it is common to use
an in-memory cache.

In IaaS environments, application-level caching is usually the responsibility of the ap-
plication developer, who may choose to deploy a caching service such as memcached [/7]
using the virtual machines in which their web application is deployed. In PaaS environ-
ments, a caching mechanism may be provided in the API (e.g., the memcache API in
GAE and AppScale). This API is could be backed by memcached (as it is in AppScale) or
a similar system.

We have developed a modified version of the memcached server that uses inter-VM
shared memory to store cached data, as well as a memcached client for C, Java, and Python

that can take advantage of this shared memory design to retrieve cached items without using

A version of this chapter has been published. Adam Wolfe Gordon and Paul Lu. Low-Latency Caching
for Cloud-Based Web Applications. In Proceedings of the 6th International Workshop on Networking Meets
Databases (NetDB ’11), Athens, Greece, 2011
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the network. We show that this design can drastically reduce the latency of cache reads, and
thus improve web application performance. We also show that our shared-memory-based
technique can be faster than sophisticated paravirtualized network devices, such as virtio

and vhost in Linux KVM.

4.1 Memcached

Memcached is a popular distributed in-memory cache designed for use in web applica-
tions. The system is a simple key-value store, where both keys and values are arbitrary
byte sequences. Clients communicate with one or more servers, which keep data entirely in
memory. The basic operations are get and set, though atomic operations such as increment
and append are also supported. By design, the server has few features: if the user requires
replication or distribution, they must be done by the client. Memcached client libraries are
available for a variety of programming languages; most support replication and distribution.

A web application uses memcached by storing database or derived data the first time
it is fetched or generated. The data may be given a timeout to prevent staleness. Before
fetching or generating data, the application checks memcached for a recent version of the
data.

Memcached can provide two performance benefits: reduced latency when data can be
found in the cache instead of being re-generated, and improved database scalability due to
reduced request volume.

Any performance improvement is only possible if data is re-used frequently. For latency
reduction, the cost of generating the data again must be greater than the overhead of writing
the data to memcached and looking it up again. The benefit of database scaling is only
possible if the database server itself is the bottleneck, rather than the network.

Memcached manages a fixed, pre-allocated pool of memory using a slab memory al-
locator. Memory for cached items is allocated from this pool, and items are linked into a
set of global linked lists. Items are separately inserted into a hashtable based on their key.
Memcached uses lazy expiration logic to avoid the need to frequently scan the item list.
Items are removed from the cache only when they are requested after expiry or when the
available memory pool gets low.

There are two memcached protocols: a text-based protocol suitable for manual inter-
action with a memcached server, and a more efficient binary protocol. Using the binary

protocol, a read requires at least two network operations: one to request the item and re-
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ceive a header, and a second one to receive the value or error message after determining
the request status and the size of the value or message to be received. Memcached supports

quiet operations for which no responses are sent until a non-quiet request is used.

4.2 Related Work

The idea of using shared-memory IPC is not new. For example, the fbufs mechanism goes
back to 1993 and, more recently, a variety of Xen-based projects have used shared memory
to speed up sockets-based IPC (e.g., XenSocket [67]]). The Nahanni memcached approach
is different in that it shares data across VMs (not just intra-VM domains, like fbufs) and
the pointer-based hash table of memcached can be placed in shared memory and directly
accessed by the clients, avoiding the potential bottleneck of the memcached server as well
as network latency.

Nahanni memcached shares many similarities with the global shared buffer cache in
Disco [21]]. However, whereas in Disco the shared memory region was used to implicitly
cache filesystem buffers for homogeneous operating systems, memcached allows applica-
tions running on any operating system to explicitly cache arbitrary data.

Automatic, consistency-preserving caching of datastore results [60] and transactionally-
consistent caching [51]] are active areas of research. The goal in such consistency-preserving
caching is to enable automatic caching, particularly for applications where transactional
consistency is vital. However, work on cache consistency does not address the latency
of caching, nor is it aimed at memcached applications, which often gain performance by
tolerating some degree of staleness. Work on memcached performance [56] has focused
primarily on scaling memcached servers for large deployments, and does not take advantage
of the structure of cloud environments to reduce latency.

Something similar to Nahanni memcached was implemented for a cloud environment
on the IBM Blue Gene/P (BG/P) [|17]. Unlike Nahanni memcached, the BG/P hardware
has physically distributed memory and a fast RDMA mechanism. But, like Nahanni mem-
cached, the BG/P work attempts to reduce the latency of cache look-ups using RDMA

instead of normal network mechanisms.

4.3 Nahanni Memcached

We have modified the memcached server to keep cached data in a shared memory region.

The server can run either on a physical host, or in a VM using the Nahanni mechanism.
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Figure 4.1: Cloud-Based Web Application Using|(a)] Standard Memcached and [(b)]Nahanni
Memcached

To a standard memcached client, the server acts exactly like a standard memcached server.
However, a Nahanni-aware memcached client, which we have implemented for C, Java,
and Python, can fetch items directly from shared memory. This design avoids the latency
of requesting and receiving cached data over the network, and significantly reduces load on
the memcached server.

Figure 4.1 shows the architecture of a web application running in virtual machines and
communicating with a co-located memcached server. In Figure we show the stan-
dard memcached server, which communicates with the application using a TCP connection
over the virtualized network. Figure f.1(b)| shows Nahanni memcached, where the client
shares memory with the server. Omitted in both scenarios are connections to the mem-
cached server from other clients — web applications running in VMs on other hosts, which

use the network to contact either version of the server.
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4.3.1 Item Storage and Lookup

Because the standard memcached server allocates a pool of memory, then handles item
allocation internally, minimal changes were required to have memcached store cached data
in shared memory. Instead of mallocing alarge region of memory for the cache, the server
mmaps the Nahanni or POSIX shared memory into its address space. Having the cached
items in shared memory only solves half the problem: the client still needs the ability to
find them.

Our first design allowed clients to access the cached data using a pointer into shared
memory, but still required a network roundtrip for each get operation. This was a simple
modification, since the memcached server allocates memory for cached data using its own
memory allocator. The allocator was modified to use the shared memory region as its
memory pool. We also modified the memcached protocol, adding a new data type. In
unmodified memcached, all requests have a data type of RAW_BYTES. We added a data
type SHM_PTR, indicating that the client would like to receive a pointer to the cached data.
This relies on the fact that the shared memory region is mapped to the same address in the
memcached server and all the clients. The pointer is returned as an integer in the body of
the response packet.

This initial design can offer improved performance by eliminating the need to send
values over the network. However, given that the data stored in memcached is at most
1 MB, the latency of the network roundtrip dominates the time to read a value from the
cache. Because of this, the performance benefits of using shared-memory memcached in
this way are minimal.

Our second design uses the shared memory region for the hash tables memcached uses
to keep track of key-value pairs, in addition to the data itself. Implementing this involved
moving memcached’s internal hash table into shared memory. To simplify implementation,
we make the hash table a fixed size, limiting the number of items that can be cached without
eviction. Since the number of cached items is limited by the size of the cache anyway, we
can minimize the effect of this design decision by carefully choosing the size of the hash
table based on the expected data size. This design allows clients to look up values in the
hash table themselves instead of contacting the server over the network. Even on a fast
virtualized network, this saves significant latency. We call this design “direct lookup.”

Because our client accesses cached data directly in the server’s memory, it is possible

that an item will be removed (due to expiry or capacity) between when the client acquires a
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pointer to it and when it reads the data. To avoid this race condition, we take advantage of
the fact that memcached uses reference counting to enable its multithreaded design. When
it finds an item, the client increments the reference count, copies the item’s data into a
client-local buffer that will be returned to the application, then decrements the reference

count.

4.3.2 Item Expiration

Memcached’s lazy expiration causes a complication in our design. Because the client li-
brary looks up items directly in the server’s memory, it will find expired items that the
server would not return over the network. However, memcached does not store items with
absolute expiry time; instead, it uses a relative time based on when the memcached server
was started. In order for the client to behave properly, it must be able to recognize expired
items in the cache.

To accomplish this, we add a message to the one-time handshake between the client and
the server that occurs when a connection is established. The client sends a special request
message to the server, which responds with the real time at which the server was started.
The client records this time, which it can use to convert the relative expiry times stored with

the cached data into real expiry times.

4.3.3 Locality Discovery

In a simple environment involving only one host, memcached clients may be able to as-
sume that they are running on the same physical host as the memcached server, and thus
can use the Nahanni shared memory mechanism to fetch values. However, most cloud en-
vironments will employ multiple servers, each potentially running a memcached server, a
datastore node, and a number of application VMs. In this case, the memcached client must
discover whether each memcached server is co-located with it. We call this process locality
discovery.

We have designed and implemented a simple mechanism for locality discovery in Na-
hanni memcached. On startup, the server writes a random 64-bit value called the cookie
into shared memory. After connecting to the server, the client sends a special locality dis-
covery message. A standard memcached server will reply to this message with an error,
but the Nahanni memcached server responds with a packet containing the cookie’s address
and value. The client checks whether the received value matches the cookie stored at the

received address to determine whether the server is local.
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Figure 4.2: YCSB Setup for Experiments

4.4 Latency Evaluation

We evaluated the performance of Nahanni memcached using the Yahoo Cloud Serving
Benchmark (YCSB) [27]. YCSB is intended to benchmark cloud-scale datastore systems
by providing configurable workloads that can model the loads provided by web applica-
tions. The core workload provided by YCSB can be configured with a target throughput;
the distribution of operations: read, insert, update, and scan; and the statistical distributions
to use for selecting which record to read or update and how many records to scan. The
YCSB framework reports latency statistics for each operation.

We have implemented a YCSB workload (the cache workload) that caches the values it
reads. The cache workload allows the user to specify one or more memcached servers; the
validity time for cached data; and whether cached data should be invalidated on updates.
The cache workload reports latency statistics for cache reads and cache writes, and the hit
rate of the cache, in addition to the datastore latency statistics reported by YCSB.

In order to evaluate the latency advantages provided by caching in general, and Nahanni
memcached specifically, we needed a measurement that would account for the overheads
of caching (such as writing new values to the cache and the cache misses incurred before
each datastore read) as well as the latency of the successful cache operations and datastore
reads. For this purpose, we define the average total read latency (ATRL) as the total time
spent on read-related operations, divided by the total number of read operations performed.
Most reads will be much faster (on a cache hit) or much slower (on a cache miss) than the
ATRL, but it is useful in comparing the latency of reads without caching to the latency of
reads with caching, and for comparing different caching systems.

For our benchmarks, we used an Intel Xeon X5550 (2.67 GHz) server with two sockets,

eight cores (16 hyperthreads), and 48 GB of RAM. We ran the Cassandra [44]] datastore and
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Workload | Operations Record Selection | Application Scenario
Read only 100% Read Zipfian Static, externally-generated user in-
formation
Read heavy | 95% Read, | Zipfian Photo tagging; adding a tag is an up-
5% Update date, but most accesses are reads
Read latest | 95% Read, | Latest Status updates; users mostly view
5% Insert the newest statuses

Table 4.1: Workload Parameters for Evaluation

memcached natively (not in a VM) and ran YCSB in virtual machines. Each VM has four
virtual CPUs and 4 GB of RAM. Cassandra was chosen because it is a typical example of a
cloud-scale datastore, and is open-source. We use a 4 GB memory pool for memcached in
both the standard and Nahanni configurations. Except where otherwise specified, the VMs
were connected to the host and each other by a Virtual Distributed Ethernet (VDE) [28]],
and use the paravirtual virtio [[55]] network interface provided by QEMU/KVM. This setup
is illustrated in Figure 4.2

While this testbed does not accurately represent a cloud environment with multiple
servers, it does provide something of a worst case. Cassandra is fast because it is using
only a single node, and the virtual network the client uses to connect to memcached and
Cassandra has low latency. This means that in order to beat the non-caching setup and
the standard memcached setup, Nahanni memcached must provide extremely low overall
latency.

We used three different sets of parameters with our cache workload in YCSB. For
brevity, we refer to each set of parameters as a workload, even though they use the same
workload component in YCSB. Our workloads are summarized in Table #.1] We used
the same sets of parameters the YCSB authors [27] used to evaluate datastores, choosing
the three workloads that best reflect scenarios in which web applications would use mem-
cached.

We loaded the YCSB datastore with one million records, and ran each workload with
three YCSB clients running at 2000 operations per second each, for a total of 6000 op-
erations per second. Each client executed 12 million operations, for a total of 36 million

operations.

4.4.1 Results With VDE Networking

We present the results for the three workloads in Figure [4.3] The bars represent the ATRL,
with the segments representing the contribution of datastore read (CASSANDRA_READ),

49



[Te} [Te}
o B CASSANDRA_READ o B CASSANDRA_READ
B CACHE_READ B CACHE_READ
w O CACHE_WRITE w O CACHE_WRITE
g <9 g <
AN = o
? l 73 ? l 81
Q 9] 0 25
T 0 25 T
- - - — ]
3 3
& 1.08 & 1.07
= o = o
S S
£ w | £ w |
o o
3 3
o ] o
o o
e\\'d\ k\'de\ K\|¢e\ ek\' ae) \Ide\ K\'de\
ac cned ach cned
wo ¢ e W wo ¢ W
Cache Type Cache Type
(a) Read only workload with VDE (b) Read heavy workload with VDE
0 _ 0 _
N B CASSANDRA_READ N B CASSANDRA_READ
B CACHE_READ B CACHE_READ
> O CACHE_WRITE > O CACHE_WRITE
g <9 £ <2 4 193
AN AN . 1.87
) )
g g
2 1 B
T < T o _ L 02 0.95
s - s - 0 23 [0.17 |
S IS
2 0.72 - 0.67
[=2) [=2]
S s 5 [0.13]
[} o T [} o
S 3
o _| o
o o
o 08 ae) oo NG m\wde\ e @2 ed@ﬂ (\\Q"“\\e Qj‘(\\ dk\‘“\ “\\““\
WO cact me‘“cac e v\(,c e o © oy G
Cache Type Cache Type
(c) Read latest workload with VDE (d) Read heavy with bridging (br) and vhost (vh)
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cache read, and cache write to the total.

Read Only Workload

The cache hit rate for the read only workload (Figure was 71%. For this workload,
the standard memcached setup improved the ATRL by a modest 19% (i.e., 1.73 vs. 2.14)
compared to the non-caching scenario. Nahanni memcached improves the cache read la-
tency by 80% (i.e., 0.16 vs. 0.81), leading to a 38% improvement in ATRL (i.e., 1.08 vs.

1.73) compared to the standard memcached setup.

Read Heavy Workload

For the read heavy workload (Figure4.3(b)) standard memcached provides a 17% improve-
ment (i.e., 1.81 vs. 2.17) over the non-caching case (i.e., using only Cassandra) with a 71%
cache hit rate. Nahanni memcached further improves the ATRL by 41% (i.e., 1.07 vs. 1.81)
compared to standard memcached, improving the cache read latency by 81% (i.e., 0.15 vs.
0.79).

Note that the read heavy workload involves update operations. Although our YCSB
cache workload supports cache invalidation, we left it disabled. Applications that use mem-
cached for mutable data are usually tolerant to some degree of staleness, since cache inval-
idation must be handled by the application. Also, the current implementation of Nahanni
memcached still uses sockets-based messages to send updates to the memcached, which is
why the CACHE_WRITE portions of the graphs (i.e., 0.27 vs. 0.25 per read) are similar.

Tackling the latency of cache writes is future work.

Read Latest Workload

The cache hit rate for the read latest workload (Figure was 81%, which is higher
than for the read heavy workload (71%) because the latest distribution favors the newest
records heavily, more than the Zipfian distribution. This also allows Cassandra’s internal
cache to be more effective, thus decreasing the average datastore read latency.

The high cache hit rate allows standard memcached to improve the ATRL by 32% (i.e.,
1.3 vs. 1.91). Nahanni memcached further improves the ATRL by 45% (i.e., 0.72 vs. 1.3)
compared to standard memcached, due to an 86% (i.e., 0.1 vs. 0.73) reduction in cache read

latency.

51



4.4.2 Paravirtualized Networks

The experiments described in Section[4.4.TJused VDE to provide the virtual network. VDE
has the advantage that a non-root user can start new VM instances with no administrator
intervention. However, if one is willing to provide root or sudo permissions to accounts
that start up VM instances, higher-performance network setups are possible. We are wary
of such privilege levels, but not everyone in the Linux KVM community is similarly con-
cerned, and a common practice is the use of selective sudo privileges to enable normal
users to run VMs with such setups.

One standard mechanism for virtualized networking is to use a bridged tap device for
each VM. This requires per-VM setup from the administrator or sudo permissions for the
user running the VM. The experimental vhost mechanism in Linux KVM extends the bridg-
ing mechanism and further improves performance by reducing the number of protection do-
main crossings required for network I/O. We display results from the read heavy workload
using bridged (br) and vhost (vh) network setups in Figure {.3(d)]

Our main conclusion is that the Nahanni memcached configurations still have the low-
est latencies, although the specific amount of improvement might be more modest: using
bridging without vhost (“br” in Figure[d.3(d)), Nahanni is 27% faster (i.e., 1.02 vs. 1.4) than
using standard memcached. And, using both bridging and vhost (“vh” in Figure[d.3(d)), Na-
hanni is 29% faster (0.67 vs. 0.95). After all, bridged networking and vhost also improve
the performance of Nahanni memcached since sockets are still being used for updates and

for IPC with Cassandra when we miss in the cache.

4.5 Concluding Remarks

We have presented the design and implementation of Nahanni memcached, showing how
an existing server can be converted to use inter-VM shared memory for client communi-
cation in a cloud environment. We evaluated our implementation using a microbenchmark
(YCSB), as well as with a full application (AppScale).

Using the Yahoo Cloud Serving Benchmark (YCSB), we have empirically shown that
Nahanni memcached, used with VDE networking, can improve the overall read latency for
applications by up to 45% (i.e., read latest workload) compared to standard memcached,
resulting from a reduction in cache read latency of 81% or more. Even when combined with
state-of-the-art paravirtualized network mechanisms, such as vhost, Nahanni memcached

can still reduce the latency by up to 29%.
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Chapter 5

Concluding Remarks

Cloud computing is now a popular mechanism for deploying software, and a number of
programming models, software services, and frameworks have been built to facilitate the
development of cloud applications. Cloud computing allows for the easy scaling of services
and efficient use of resources by sharing them among multiple customers.

We argue that as private and hybrid clouds become more common, and the core counts
of commodity servers continue to grow, it will become more common for multiple virtual
machines used for a cloud service to be co-located on a single physical host. In such cir-
cumstances, it will become possible in some cases to use mechanisms such as inter-VM
shared memory in production applications. But, inter-VM shared memory is easiest to take
advantage of if it is integrated into a framework or service such that the developer can use
it in existing applications.

We have modified an existing framework and an existing service to take advantage of

inter-VM shared memory. In doing so, we have demonstrated the following contributions.

1. In Chapter [3] we showed how inter-VM shared memory can be used to add fea-
tures to existing cloud programming frameworks. To this end, we presented Elastic
Phoenix, a MapReduce framework for shared-memory systems and co-located vir-
tual machines, which allows for malleable jobs in which resources can be added and
removed as the job runs. Elastic Phoenix extends the existing Phoenix MapReduce
framework with malleability, as well as the ability to run in VMs, features enabled
by inter-VM shared memory. Using Elastic Phoenix, we showed that the overhead
of malleability is low (6% to 8%) for some classes of applications, and that taking

advantage of malleability can improve the response time of a workload by 29%.

2. In Chapter @] we showed how inter-VM shared memory can be used to reduce the

latency of cloud services. To demonstrate, we presented Nahanni memcached, a
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version of the popular memcached object caching server that uses inter-VM shared
memory to significantly reduce the latency of caching operations for applications
running in co-located VMs. We used the Yahoo Cloud Serving Benchmark to show
that inter-VM shared memory can reduce the total latency of read-related operations
in a workload by up to 45%, resulting from a reduction in cache read latency of up to

86%.

We have presented two use cases for inter-VM shared memory in which programmers
can take advantage of the new mechanism with existing code. We accomplished this by
modifying frameworks and services that are used in existing applications, providing advan-

tages (malleability and reduced latency) transparently.

5.1 Future Work

Although we have developed working implementations of Elastic Phoenix and Nahanni
memcached, there are a number of areas in which each can be improved and extended. Our
evaluation could also be extended in certain ways. We describe specific areas of future work

for Elastic Phoenix and Nahanni memcached separately in the following sections.

5.1.1 Elastic Phoenix

In Section we described a number of limitations of our current Elastic Phoenix imple-
mentation. Some of these limitations are inherent to the design of Elastic Phoenix, but most
are the result of implementation decisions, and many can be eliminated. Here we describe

those that could be dealt with through further implementation work.

Job Size

The input size of a Phoenix job is limited, as we described in Section[3.7.1] The basic source
of this limitation is that the amount of inter-VM shared memory available to Elastic Phoenix
is limited and set before the job starts. This limitation is inherent to the design of Elastic
Phoenix, but one area of future work is to reduce the impact of this limitation by allowing
larger jobs to run successfully. One way to do this is to develop a better memory allocator;
the simple design of the current allocator wastes quite a bit of memory. Implementation of
combiners, described below, would also help allow for larger jobs, by reducing the number

of intermediate key-value pairs produced.
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Combiners

As described in Section [3.7.2] Elastic Phoenix does not support map-side combiners for
intermediate data, which is a standard feature in other MapReduce frameworks, including
the original Phoenix framework. Adding support for combiners in Elastic Phoenix would
be a straight-forward modification, as it is likely possible to copy the combiner handling

code directly from original Phoenix.

Multiple MapReduce Jobs

As described in Section [3.7.3] Elastic Phoenix supports only one MapReduce job per appli-
cation, a limitation not present in the original Phoenix framework. One problem in making
Elastic Phoenix support multiple jobs is how newly-initialized workers can know which job
is currently running. In the current design, a new worker joining a computation need only
know what stage of the computation is currently taking place: map, reduce, or merge. With
multiple jobs, there are multiple map, reduce, and merge stages, and a new worker execut-
ing the wrong code will corrupt the job’s data. This could be dealt with by counting the
number of MapReduce jobs that are started by the master, or by requiring the application to

give a unique name to each job.

5.1.2 Nahanni Memcached

Our current implementation of Nahanni memcached supports all the features of standard
memcached. However, there are still some areas of future work, such as further evaluation

and performance improvements for operations other than cache reads.

Platform Integration and Real-Application Evaluation

Nahanni memcached is currently suitable for use in an IaaS environment with Nahanni
shared memory support. That is, it could deployed by a developer in VMs along with a
web application. However, many applications are deployed in PaaS environments where
memcached is provided as a service.

One area of future work is to integrate Nahanni memcached into a PaaS environment so
that existing applications using a particular API can take advantage of the reduced latency
provided by shared-memory caching. We plan to integrate Nahanni memcached into App-
Scale, an open-source framework that emulates the GAE API. This will allow us to evaluate
the benefits of shared-memory caching in a real web application. In preparation for this in-

tegration, we have already implemented Nahanni-aware memcached client libraries for Java
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and Python, the languages supported by AppScale.

Direct Cache Writes

In effective uses of memcached the application looks up each item in the cache before
reading it from the datastore, and experiences a high cache hit rate. In such an application,
cache reads are much more common than other operations, since cache writes are only
required on cache misses. Therefore, we targeted read latency in our design and our current
implementation requires the memcached client to communicate with the server over the
network for all operations other than reads. However, since the client has direct access to
the cached data, it is possible to implement direct writes in the client.

Allowing client-side modifications to the cache will help solve another problem: expi-
ration. In our current implementation, the client recognizes and ignores expired cache data,
but does not remove it from the cache. This leads to the server performing an expensive
cleanup operation when the cache gets full. With client-side writes implemented, it would
be a natural extension to allow the client to remove expired items from the cache when they

are found, as the server does.

Scalability Evaluation

Intuitively, allowing direct access to cached data should improve the scalability of the mem-
cached server by removing the bottleneck of handling client connections. However, mem-
cached uses coarse-grained locking to protect the cache against concurrent modifications,
a bottleneck Nahanni memcached does not avoid. An area of future work is to evaluate
the scalability bottlenecks of standard memcached, and determine whether Nahanni mem-

cached helps avoid them.
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