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ABSTRACT tiple virtual MapReduce clusters executing concurrently, a diverse

We present Purlieus, a MapReduce resource allocation system aim
at enhancing the performance of MapReduce jobs in the cloud.
Purlieus provisions virtual MapReduce clusters in a locality-aware
manner enabling MapReduce virtual machines (VMs) access to in-
put data and importantly, intermediate data from local or close-by

physical machines. We demonstrate how this locality-awareness
during both map and reduce phases of the job not only improves
runtime performance of individual jobs but also has an additional

advantage of reducing network traffic generated in the cloud data
center. This is accomplished using a novel coupling of, otherwise
independent, data and VM placement steps. We conduct a detaile
evaluation of Purlieus and demonstrate significant savings in net-
work traffic and almost 50% reduction in job execution times for a

variety of workloads.

eE?et of jobs on shared physical machines. Concretely, each MapRe-
uce job generates different loads on the shared physical infrastruc
ture — (a) computation load: number and size of each VM (CPU,
memory), (b) storage load: amount of input, output and interme-
diate data, and (c) network load: traffic generated during the map,
shuffle and reduce phases. The network load is of special concern
with MapReduce as large amounts of traffic can be generated in
the shuffle phase when the output of map tasks is transferred to
reduce tasks. As each reduce task needs to read the outallit of
map tasks [3], a sudden explosion of network traffic can signifi-
0cantly deteriorate cloud performance. This is especially true when
data has to traverse greater number of network hops while going
acrosgacksof servers in the data center [4]. Further, the problem
sometimes is exacerbated by T@Rast[37] with a recent study
finding goodput of the network reduced by an order of magnitude
for a MapReduce workload [13].

1. INTRODUCTION To reduce network traffic for MapReduce workloads, we argue
for improved data locality for both Map and Reduce phases of
the job. The goal is to reduce the network distance between stor-
age and compute nodes for both map and reduce processing — for
map phase, the VM executing the map task shouldlbgeto the
node that stores the input data (preferably local to that node) and

In most modern enterprises toddyg data[5] and big data ana-
lytics play a key role in delivering value to the business. Whether
it is using click stream analysis to identify customer buying behav-
ior [7] or detecting fraud from millions of transactions [9], analyz-

ing large amounts of data efficiently and quickly makes businesses .
more profitable. One of the technologies that made big data ana-for reduce phase, the VMs executing reduce tasks should be close

lytics popular and accessible to enterprises of all sizes is MapRe- {© the map-task VMs which generate the intermediate data used as
duce [3] (and its open-source Hadoop [23] implementation). With reduce input. Improved da_ta locality in thl_s manner is beneficial in
the ability to automatically parallelize the application on a cluster two ways — (1) it reduces job execution times as networl_< transfer
of commodity hardware, MapReduce allows enterprises to analyze times are big components of total execution time and (2) it reduces

terabytes and petabytes of data more conveniently than ever. Todaycumulative data center network traffic. While map locality is well
MapReduce forms the core of technologies powering enterprises!JnderStOOd gr_]d |mplem_enteq in MapRgdu_ce systems, rgdu_c_e local-
like Google, Yahoo and Facebook. ity has surprisingly received little attention in spite of its significant

Further, MapReduce offered as a service in the cloud provides Potential impact. As an example, Figure 1 shows the impact of im-

an attractive usage model for enterprises. A recent Gartner surveyProved reduce locality for a Sort workload. It shows the Hadoop
shows increasing cloud computing spending with 39% of enter- task execution timelines for a 10 GB dataset in a 2-rack 20-node

prises having allotted IT budgets forit[1]. A MapReduce cloud ser- physical clustet, v_vhere 20 Hadoop VMS were place_d without and
vice will allow enterprises to cost-effectively analyze large amounts With reduce locality (top and bottom figures respectively). As seen
of data without creating large infrastructures of their own. Us- from the graph, re_duce locality re_sulted In a significantly shorter
ing virtual machines (VMs) and storage hosted by the cloud, en- Shuffle phase helping reduce total job runtime by 4x.

terprises can simply create virtual MapReduce clusters to analyze ' this paper, we present Purlieus — an intelligent MapReduce
their data. cloud resource allocation system. Purlieus improves data locality

An important challenge for the cloud provider is to manage mul- during both map and reduce phases of the MapReduce job by care-
fully coupling data and computation (VM) placement in the cloud.
Purlieus categorizes MapReduce jobs based on how much data they
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chines that can either be used to process the data themself or are
close to the machines that can do the processing. This is in contrast
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Figure 1: Impact of Reduce-locality. Timeline plotted using
Hadoop’s job_history_summary Merge and Wasteseries are
omitted since they were negligible

to conventional MapReduce systems which place data independen
of map and reduce computational placement — data is placed on
any node in the cluster which has sufficient storage capacity [3, 23]
and only map tasks are attempted to be scheduled local to the nod
storing the data block.

Additionally, Purlieus is different from conventional MapRe-

duce clouds (e.g., Amazon Elastic MapReduce [14]) that use a sep-

arate compute cloud for performing MapReduce computation and a
separate storage cloud for storing the data persistently. Such an ar
chitecture delays job execution and duplicates data in the cloud. In
contrast, Purlieus stores the data in a dedicated MapReduce clou
and jobs execute on the same machines that store the data withot

duce VMs. This prevents the need for a wasteful data loading step
before executing a MapReduce job. Since MapReduce input data is
often predominantly used for MapReduce analysis, storing it into
a dedicated cloud service provides the greatest opportunity for op-
timization. The challenge for this design is the ability to transi-
tion data stored on physical machines to the MapReduce VMs in a
seamless manner — i.e. without requiring an explicit data-loading
step. This is accomplished in the following manner.

In our proposed service, when customers upload their data into
the service, the data is broken up into chunks corresponding to
MapReduce blocks and stored on a distributed filesystem of the
physicalmachines. The placement of data — deciding which ma-
chines to use for each dataset — is done intelligently based on tech-
niques described later. When the job begins executing (i.e. MapRe-
duce VMs are initialized) the data on physical machines is seam-
lessly made available to VMs using two specific techniques — (1)
loopback mountsFor a job, when its data is loaded into the cloud,
the chunks being placed on each machine are stored via a loop-
back mount [2] into a single data file (we refer to it as a vdisk-file),
this provides access similar to any local filesystem, even though all
data is being stored in a single file on thleysicalfilesystem. and

QZ) VM disk-attach The vdisk-file is then attached to the VM as a

block device using server virtualization tools (e.g. KVMBr sh
at t ach- devi ce command). The VM can then mount the vdisk

file like it would any typical filesystem. The mount point of this

vdisk-file inside the VM serves as the MapReduce DFS directory
(e.g. Hadoop'slat a. di r configuration variable).

We implemented this architecture on our cluster of CentOS 5.5
physical machines with KVM as the hypervisor. Figure 2 shows the

sequence of steps used to store data persistently on a physical ma-
hine and seamlessly transfer it to one of its VMs without requiring
¢ dditional loading.

waiting to load data from a remote storage cloud.

To the best of our knowledge, Purlieus is the first effort that
attempts to improve data locality for MapReduce in a cloud. Sec-
ondly, Purlieus tackles the locality problem in a fundamental man-
ner by coupling data placement with VM placement to provide both
map and reduce locality. This leads to significant savings and can
reduce job execution times by close to 50% while reducing up to
70% of cross-rack network traffic in some scenarios.

2. SYSTEM MODEL

In our system model, customers using the MapReduce cloud
service load their input datasets and MapReduce jobs into the ser
vice. This step is similar to any typical cloud service which re-
quires setting up of the application stack and data. There is one
key distinction, however. Typically cloud service providers use
two distinct infrastructures for storage and compute (e.g. Amazon
S3[16] for storage and Amazon EC2 [15] for compute). Executing
a MapReduce job in such infrastructures (e.g. using Amazon Elas-
tic MapReduce [14]) requires an additionahding step, in which
data is loaded from the storage cloud into the distributed filesys-
tem (e.g. Hadoop’s HDFS) of the MapReduce VMs running in the

1. Create a vdisk file on the hypervisor (for instance, 5 GB)
dd of =vdi sk-file bs=1M count =0 seek=5192

2. Format as ext2:

nkfs.ext2 -F vdisk-file

3. Loopback mount the vdisk file:

nmount -t ext2 -o | oop vdisk-file vdi sk-nmunt
4. Store input data intedi sk- nount in a MapReduce chun
format e.g. as a simplification, by creating a MapReduce clust
the physical machines.

5. Unmount vdisk-mount.vdi sk-fi | e represents persiste
data for each VM.

6. Upon VM initialization, the vdisk file is attached to the VM &
block device

virsh attach-device vm vdi sk-file-cfg.xmn

7. VM can mount the block device like a new disk

mount -t ext2 /dev/sdb /data-dir

/data-dir contains dataset blocks and used as Hadfsogata.dir
8. Virtual MapReduce cluster is initialized between the VMSs
starting the MapReduce cluster - each VM reports the data b
to the MapReducBlameNodéo initialize the filesystem. Then g
execution can begin.
9. After job execution, VMs can be destroyed. On subsequen
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compute cloud before even the job begins execution. Such addi-

tional loading has two drawbacks —(1) depending upon the amount -

of data required to be loaded and connectivity between the com-

pute and storage infrastructures, this step adversely impacts perfor-

tializations, only steps 6 onwards need to be performed.

J

Figure 2: Dataflow from physical to virtual machines
These series of steps ensure that data is loaded onto the same

mance, and (2) while the job is running (often for long durations) physical machines that host the VMs for MapReduce computation
the dataset is duplicated in the cloud — along with the storage cloud and even while the VMs can be non-persistent (e.g. customer may
original, there is a copy in the compute cloud for MapReduce pro- destroy VMs between different job executions to minimize cost),
cessing, leading to higher costs for the provider. the data is persistently stored on the physical machines. Secondly
In contrast, we propose a dedicated MapReduce service, in which
data is directly stored on the same physical machines that run MapRé&Similar commands exist for Xen and VMware
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Figure 3: Load Awareness in Data placement

by using the VM disk-attach step, we are able to seamlessly tran- (2) Map-and-Reduce-input heavy (e.gs@&t workload: interme-
sition this data into the VM cluster without requiring explicit load- diate data is equal to input data) and (3) Reduce-input-heavy (e.g. a
ing. In contrast, a separate compute and storage cloud infrastruc-permutation generatoworkload which generates permutations of
ture would require paying the data loading overhead each time the input strings). Purlieus uses different data placement strategies for
VMs are initialized. In our architecture, note that if a MapReduce different job types with the goal of improving data locafity
VM is required to be placed on a physical machine other than the 2. Load Awareness:Placing data in a MapReduce cloud should
one containing that job’s data chunks, the vdisk file can be copied also account for computational load (CPU, memory) on the phys-
over to the appropriate physical machine and then attached to theical machines A good technigue should place data only on ma-
VM. This step is similar to traditional MapReduce&mote-read chines that are likely to have available capacity to execute that job,
operation. else remote-reads will be required to pull data from busy machines
to be processed at less-utilized machines.
3. PURLIEUS: PRINCIPLES AND PROBLEM For example, in Figure 3(a), consider dataséts3, C', D and
ANALYSIS E placed on six physical machines{; to Ms. A load unaware
placement may colocate the blocks of dataget§’ andD together
In our proposed system model, the cloud provider faces two key as shown in Figure 3(a), even if jobs execute 4nC, D more
questions — (1pata PlacementWhich physical machines should  frequently and generate higher load tharand E. Here, when the
be used for each dataset? and\(&) PlacementWhere shouldthe  job on the dataseb arrives and requests for a virtual cluster of 3
VMs be provisioned to process these data blocks? Poor placement/Ms, say each with 40% CPU resources of the physical machine,
of data or VMs may result in poor performance. Purlieus tack- even though it would be best to place the VMs on the physical
les this challenge with a unique coupled placement strategy, wheremachines M1, M, and M3 as they contain the data blocks of the
data placement is aware of likely VM placement and attempts to datasetD, the system may be forced to place the VMsidn, M5
improve locality. In this section, we describe the principles of our and /s, resulting in remote reads for the job executing on dataset
design and provide a formal analysis of the problem. D. In contrast, the load-aware data placement shown in Figure 3(b)
S is able to achieve local execution for all the map tasks as itis able to
3.1 Principles host the VMs on the physical machines containing the input blocks.
We argue that unlike traditional MapReduce, where datais placed  |n purlieus, while placing data blocks, it is ensured that the ex-
independently of the type of job processing it or the loads on the pected load on the servers does not exceed a configurable threshold.
servers, in a multi-tenant virtualized cloud these attributes need to This incorporates the frequency and load generated by jobs execut-
be accounted during data placement. ing on datasets stored on these servers. It is important to note that
information about expected loads is available to a cloud provider
1. Job Specific Locality-awarenessPlacing data in the MapRe- by monitoring the cloud environment. Typically with MapReduce,
duce cloud service should inCOprfate JOb Characteris{ispecif- a set of jobs are repeate(“y executed on a similar input data set —
ically the amount of data accessed in the map and reduce phasese g. periodic execution of indexing on web crawled data. This al-
For example, a job that processes a lot of reduce data (referred to agows the cloud provider to understand the load characteristics of
areduce-input heavjob) is best served by provisioning the VMs  sych jobs and use this knowledge to optimize its environment. Ad-
of MapReduce cluster close to each other on the cluster network, ditionally, there are many proposals thabfile MapReduce jobs
as each reducer reads the outputs of all mappers. If the VMs areyig trial executions on a small subset of data [10, 31, 6, 8, 18].
far from each other, each reducer will read map outputs over longer These show that understanding MapReduce job characteristics can
network paths increasing job execution time and also increasing be quick and reasonably accurate. For the scope of this work, we
cross-rack traffic in the data center. On the other hamap-input assume that the expected load on each dataset is known. Also that
heavyjobs that generate little intermediate data do not benefit by the cloud provider has enough data to estimate job arrival rate and
placing its data blocks close to each other on the cluster. An effi- the mean execution time. However, we do not Comp|ete|y re|y on
cient data placement scheme could distribute data blocks for SUChthe accuracy of these estimates, rather use them as an additional
amap-input heavjob across the network to preserve resources for guiding measure. In Section 5, we will demonstrate that our pro-

placingreduce-input heavjobs on closely connected machines.  posed techniques perform well even when such estimates are partly
Specifically, we use three distinct classes of jobs — (1) Map- erroneous.

input heavy (e.g. a larggrep workload that generates small in-
termediate data simply indicating if a word occurs in input data), 3. Job-specific Data Replication: Traditionally, data blocks in

3In Amazon Elastic MapReduce [14], by default VMs are de- MapReduce are replicated within the cluster for resiliency. While
stroyed after job completion, thus requiring data loading for each the job is executing, any replica of the block can be used for pro-
run of the job. Alternatively, using a —alive option VMs can be
made persistent across job runs, but users have to pay for them for*For completeness a Map-and-Reduce-input light class can also be
the entire duration. considered, however locality has little impact on its performance




cessing. Purlieus handles replication in a different manner. De- physical machine hosting the VM, € V(A). The total cost of
pending upon the type and frequency of jobs, we place each replicaa MapReduce application is the sum of map and reduce costs that
of the entire dataset based on a patrticular strategy. For example, ifrepresent the overhead involved in the data transfers during the map
an input dataset is used by three sets of MapReduce jobs, two ofand reduce phases.
which are reduce-input heavy and one map-input heavy, we place
two replicas of data blocks in a reduce-input heavy fashion and the Cost(A, Di) = Mcost(A, D;) + Reost(A, Di)
third one using map-input heavy strategy. This allows maintaining Here,Rcost incorporates thehuffle timef the job. If Snode(B; ;)
greater data locality, especially during the reduce phase, since oth-c P; is the physical machine storing the data blogk,;, and its
erwise by processing data block replidas from other input data map task gets scheduled on the physical machifheode(B; ;)
blocks during the map phase, the reducers may be forced to readthat hosts some VMy € V(A), we consider
more data over the network.

Mcost(A, D;) =

3.2 The Data Placement Problem S size(Bi,) x dist(Snode(B, ;), Cnode(B, ;)

Next, we formally analyze the data placement problem. We start 1<5<Q;
with notations for representing datasets, physical cloud infrastruc-
ture and their relationship.

Datasets and JobsLetD = {D; : 1 < ¢ < |D|} be the set of

This cost definition captures the amount of data and the distance
it travels over the network. Similarly, the reduce cost can be com-

datasets that need to be stored in the MapReduce cloud. For th uted as the overhead involved in transferring the map outputs to

sake of presentation simplicity, assume that each dataset is asso-he servers where the reducers are executed.L{dj be the set

; : . . of reduce tasks for jobl. As each reduce tasktask;,! € L(A)
ciated with only one MapReduce job-type and that the replication )
factor is P Ea)éh datase%- is diviéed m)o uniform sized bli)ocks needs to see the output of all the map tasks, the map outputs need
B . 1< Z <|D|,1< j <ZQ'} whereQ — {Q; : 1 < i < |Q|} to be transferred to the corresponding reduce tasks. Therefore the
1,7 - = = ) = = K2 - T - = —

represent the number of blocks fbr;. reduce cost is given hy:
We assume that the job arrivals on the datasets follow a Poisson N —
) h Rcost(A, D;) =
process and lek = {\; : 1 < i < |D|} denote the arrival rate

of the jobs on the datasets. After a job starts, it first executes map Z dist(Cnode(B;,;), Cnode(rtask;)
tasks. We denote the mean size of the expected map output of each 1<5<Q4,1<I<L(A)
block of datasetD; by mapoutput(D;). X Mout(A, By.j, rtask))

Cloud Infrastructure : Let M = {M}, : 1 < k < | M|} denote

the set of physical machines. Each physical machifighas some ~ wherem,.:(A, B; ;, rtask;) is the amount of output data gener-
compute resources with capaciBeap(M;,)® and some storage re-  ated by the map task on the data blogk,; that gets transferred
sources (disk) with capacity denoted Byap(My). In the data to reduce taskytask; that is run onCnode(rtask;). To improve
center, the physical machines are connected to each other by a lolocality, the goal is to minimize/{ cost and Rcost, subject to not
cal area network. Lefist(M;, M,,) denote thalistancebetween violating the storage capacity constraint on physical machines
the physical machines/; and M,,, — we use number of network

hops as thelist measure. Vk Y < Scap(My)

Relationship Notation: Let P, € M be the set of servers used to i
store the dataséd; and X be a Boolean variable indicating ifthe ~ Minimizing Map Cost: To minimize map cost, the computations
physical machinel/;; is used to store the datasbt. Therefore, should get placed on the same physical machines storing the map-
M, € P;if XF=1. LetNV = {N; : 1 < i < |N|} denote the input blocks {ist is zero). Thedata placementechnique, in turn,
number of machines used to stdre. Thus, should try to maximize the probability of such co-location. This

A ) is achieved by upper-bounding the expected resource load on the

> OXE =N, Vi : e :
i i servers for hosting the VMs at any given time. By placing data
k

blocks such that every server has a low expected utilization, there
is higher probability that the server will be available to host a VM
when a request for a job on the datasets arrives. Concretely, we
model each physical machinkl;, as al /M /1 single server queue.
Let a datasetD; have a service time distribution with meagm;,
wherey; is the mean time to process the blocks by each VM and
Vi, k Z vl = Qi pi = % Therefore the expected number of jobs on the datBset
7N running on the physical maching}, is given by

Within P;, let Y;f“j be the Boolean variable indicating if the specific
block B;,; is present in the physical machidé, € M. Thus, in
order to ensure that the blocks are evenly distributed among the
nodes inP;, we have

1<j<Qs

Locality based Cost To capture locality, we define a cost func- wp = L.Xf
tion that measures the amount of data transfer during job execu- pi— Ha
tion. Consider a jobA on the datasetD;. Let V(A) be the set Now, the expected load on physical machivig is given by
of virtual machines used by joH and letPrnode(v) represent the & b
E* = "W x CRes(D;)

5If the dataset is associated with multiple jobs of different job

types, as mentioned earlier different replicas are used to support . .
eyapch type. Our model can be directly eftended to incorporatepgif- whereC' Res(D;) denotes the computational resource required by
ferent replicas of the same dataset each VM of the job onD;, given by the type of VM chosen by

®Though we present a scalar capacity value, compute resourceshe user (e.g. Amazon EC2snallVM instance that uses 1.7 GB
may have multiple dimensions like CPU and memory. To handle memory and 1 vCPU). We upper-bound the expected load on any
this, our model can be extended to include a vector of resources physical machine based on the load parameter,

or compute dimensions can be captured in a scalar value, e.g. the

volume metric presented in [12]. Vk, E¥ < a x Pcap(My)



Here, a low value ofx would indicate a conservative data place- 4.1.2 VM placement for Map-input heavy jobs
ment where the expected load on the physical machines is lessand  The VM placement algorithm attempts to place VMs on the
therefore there is a high probability for a job on a data chunk on a physjcal machines that contain the input data chunks for the map
physical machine to get executed locally. S phase. This results in lowe¥/Cost — the dominant component
Minimizing Reduce Cost With the above method for minimizing  for map-input heavy jobs. Since data placement had placed blocks
map cost, now the key optimization is to improve reduce locality. on machines that have lower expected computational load, it is less
At the time of data placement, the node used to host the VM that jikely, though possible that at the time of job execution, some ma-
processes the dat@node(B; ;) is not fixed. Henceicost cannot  chine containing the data chunks does not have the available capac-
be obtained precisely during data placement. Instead, we computeity For such a case, the VM may be placed close to the node that
an estimated reduce cost during data placement — we assume thadtores the actual data chunk. Specifically, the VM placement al-
at the time of job execution, the VMs get placed on the physical gorithm iteratively searches for a physical machine having enough
machines storing the data block, which based on the previous mapresources in increasing order of network distance from the physical
cost optimization should be likely. Assuming every Vi V' (A) machine storing the input data chunk. Among the physical ma-
runs equal number of reducers (i.e each VM rﬁ‘lé%%'l reducers) chines at a given network distance, the one having the least load is
and every map output being uniformly distributed among the re- chosen.
ducers, now the optimization is . .
4.2 Map-and-Reduce-input heavy jobs
min Z Rcostesi (A, Di) Map-and-reduce-input heavy jobs process large amounts of in-
i put data and also generate large intermediate data. Optimizing cost
for such jobs requires reducing tiést function during both their
Reostest(A, D;) = map and reduce phases.

3 dist(Snode(Bi;), Prode(v)) x "Putput(Di) 4.2.1 Placing Map-and-Reduce-input heavy data

1<i<0; eV (A) V@] To achieve high map-locality, data should be placed on physical
_ . . . machines that can host VMs locally. Additionally, this data place-
where Pnode(v) is the physical machine hosting the VM,and ment should support reduce-locality — for which the VMs should be

mapoutput(D;) is the mean size of the expected map output of hosted on machines close to each other (preferably within the rack)
each block of datasef);. While being an estimate, this definition  so that reduce traffic does not significantly load the data center net-
serves as a useful guideline for placement decisions, which as ourwork. Ideally, a subgraph structure that is densely connected, sim-
evaluations show provides significant benefits. ilar to aclique, where every node is connected to every other node
It is easy to see that an optimal solution for this problem is NP- in 1-hop would be a good candidate for placing the VMs. How-
Hard — both data and VM placement involve bin-packing, which is ever, it may not always be possible to find cliques of a given size
known to be NP-Hard [28]. Therefore, we use a heuristics based as the physical network may not havelaue or even if it does,
approach, which is described next. some of the machines may not have enough resources to hold the
data or their expected computational load may be high to not al-

4. PURLIEUS: PLACEMENT TECHN|QU ES low VM placement later. An alternate approach would be to find

. . . subgraph structures similar to cliques. A number of clique relax-
Next, we describe Purlieus’s data and VM placement techniques grap 4 d

) ) ations have been proposed, one of whick-idub[27]. A k-club
for various classes of MapReduce jobs. The goal of these place-of a graphG is defined as a maximal subgraph@fof diameter
ments is to minimize the total'ost by reducing theiist function

. . - k. While findingk-clubis NP-Complete for a general graph, data
for map (when Input datdy; is large) and/or reduce (when inter- center networks are typically hierarchical (efgt-treetopologies)
mediate datapi..: is large).

and this allows finding &-clubin polynomial time. In a data center
_- ; tree topology, the leaf nodes represent the physical machines and
4.1 Map InpUt_ heavy JObS ) the non-leaf nodes represent the network switches. To fkadlab
Map-input heavy jobs read large amounts of input data for map containingn leaf nodes, the algorithm simply finds the sub-tree of
but generate only small map-outputs that is input to the reducers. heightg containingn or more leaf nodes.
For placement, mappers of these jobs should be placed close to  gq, map-and-reduce-input heavy jobs, data blocks get placed in
input data blocks so that they can read data locally, while reducers g ggt of closely connected physical machines that fokactab of
can be scheduled farther since amount of map-output data is small,g55¢ possiblé (least possible height of the subtree) given the avail-
. . able storage resources in them. If several subtrees exists with the
411 P_Iacmg Map-lnput heaVY data same height, then the one having the maximum available resource
As map-input heavy jobs do not require reducers to be executeds chosen. As an illustration, in Figure 4(a), the input data blocks,
close to each other, the VMs of the MapReduce cluster can be 1, 1, and/; are stored in a closely connected set of nodias,
placed anywhere in the data center. Thus, physical machines tojr,, and ;5 that form ak-clubof least possiblé in the cluster.
place the data are chosen only based on the storage utilization and

the expected loadf,, on the machines. As discussed in the cost 4.2.2 VM placement for Map and Reduce-input heavy
model, E* denotes the expected load on machihg,. jObS

As data placement had done an optimized placement by plac-
ing data blocks in a set of closely connected nodes, VM placement
algorithm only needs to ensure that VMs get placed on either the
To store map-input heavy data chunks, Purlieus chooses machinephysical machines storing the input data or the close-by ones. This
that have the least expected load. This ensures that when MapRereduces the distance on the network that the reduce traffic needs
duce VMs are placed, there is likely to be capacity available on to go over, speeding up job execution while simultaneously reduc-
machines storing the input data. ing cumulative data center network traffic. In the example shown

E* =Y "W/ x CRes(D;)



W oW, ¥ ¥ ¥ U

Fel | F=1 = LE=2 | F=0 | F=0

UF=2 J F=0 3 v s v
AuHa [HaT; | [FoAs B, 1B, ] [AcBsEa]L, ] [BsIB& 1B, [Bs | [KilK; [B[Bud [LG[Go[Gs]  [AaHs [Ho[l: [ [B; Ba]L, |
>
PN e
i
& =
Fu=1

9 .9 .

Fel | =l | F=0 |
BB MK EE] LR

TSR

4 P '/\
\/%A v
§l Ry)[Rg)

M

3 e PN s
W oW 4 o
Fam 1 & & &

M,

N S N

t\ ;M \h\
s s s NS NS
3 3 3 3 @

3 3 3 8
[ Fe0 ] Rt JFe0 wl] l F=0 ] Rt 0 Foml Pl | Fol |
L K. [0:]5;] [G 15,0 [G GGG, [&1CsI0s[Oq] [E:E; [EsTEe] [Es e TE,[Es] [, [B.IP5] [CiIG, P:]Pd] [GIEL GG [CICIDs[Dg] [ELTE, [Es TEe] [Es [E4 TE, [Es]
T

M]E

///‘\
N
&
0
¥

~
M,

i s IR
AT g 1S
o Ws
Ram] 5 A [Pzl
Bl SR Ol ®
S S S
Fii=1 Fla=2
!

My |

e e
N N 5 N 5
= = & & &
Pl | Fi= J Fig= F=1 Fe=l ] Fo=l ] Fig=0 It
| |
[A 616K, ] [A2]Gs[Gs[1; | [As]G [Gs], | (6,06, T 1[5 | [HalH, [Hs] 1] [HalHs [He[ 1] [AG; [GalKy ] [Ra]Gs [Gs[); | [As] G IGs]1; |
(a) Map-phase (b) Reduce-phase

Figure 4: Data and VM placement. Bottom squares show data blockslaced on each machine. Squares next to a machine (elg.near

M3 for map-phase in figure 4(a) ) indicates reading of the block for mapprocessing. F' measure denotes available computational

capacity — for simplicity, number of VMs that can be placed on that mahine. In reduce phase (figure 4(b)) , circled?; indicates map
outputs and squareR; (j) indicates reading of intermediate data for reducer; from map task output, :.

in Figure 4, VMs for job on datasef get placed on the physi-  reads from the nodes storing the input daté;, Ms and M7, it
cal machines storing input data. As a result, map tasks use localdoes not impact job performance much as the major chunk of data
reads (Figure 4(a)) and reduce tasks also read within the same rackfransfer happens only during the reduce phase. In the reduce phase
thereby maximizing reduce locality (Figure 4(b)). In case node as VMs are placed in a set of densely connected nodes, the locality
M5 did not have available resources to host the VM, then the next of the reads is maximized, leading to faster job execution.
candidates to host the VM would b4, M7 and Mg, all of . .
which can access the input data bldglby traversing one network 4.4 CompIeX|ty of Technlques
switch and are close to the other reducers executingy/in and There are two key operations used in our algorithms — (1) find-
M. Ifany of My, M17 and M s did not have available resources  ing ak-clubof a given size with available resources and (2) finding
to host a new VM, then the algorithm would iteratively proceed to a node close to another node in the physical cluster. As noted be-
the next rack {47, Mg, My, Mo, M1, and M;2) and look for a fore, with typical data center hierarchical topologies, both of these
physical machine to host the VM. Thus the algorithm tries to max- operations are very efficient to compute. As a result our techniques
imize locality even if the physical machines containing input data scale well with increasing sizes of datasets or the cloud data center.
blocks are unavailable to host the VMs.
43 Red . tn Applicati 5. EXPERIMENTAL EVALUATION
' educe-inpu ] eavy Applica Ions_ . We divide the experimental evaluation of Purlieus into two —

Jobs that are reduce-input heavy read small sized map-inputSgirst e provide detailed micro-benchmarking on effectiveness of
and generate large map-ou_tputs that serve as th(_e input to_the reducg,r data and VM placement techniques for each MapReduce job
phase. For these type of jobs, reduce locality is more important ¢|ass on a real cluster testbed of 20 physical machines. Then, we

than map-locality. present an extensive macro analysis with mix of job types and eval-
. . uate scalability of our approach on a large cloud scale data cen-
4.3.1 Placing Reduce-input heavy data ter topology through a simulator which is validated based with ex-

As map-input to these jobs is light, the map-locality of the data periments on the real cluster. We first start with our experimental
is not as important. Therefore, the map-input data can be placedsetup.
anywhere within the cluster as it can be easily transferred to the .
corresponding VMs during map execution. The data placemental- 5.1 EXperimental setup
gorithm chooses the physical machine with maximum free stor- Metrics: We evaluate our techniques on two key metrics with the
age. The example in Figure 4(a) shows the placement of input goal of measuring the impact of data locality on the MapReduce

data blocks for datasdt consisting ofL:, Ly and Lz on Ms, Me cloud service — (1)ob execution timetechniques that allow jobs
and M7 which are chosen only based on storage availability, even to read data locally result in faster execution; thus this metric mea-
though they are not closely connected. sures the per-job benefit of data locality, and Ctpss-rack traf-

. . fic: techniques that read a lot of data across racks result in poorer

4.3.2 VM placement for Reduce-input heavy jobs  throughput [4]; this metric captures such characteristics of the net-
Network traffic for transferring intermediate data among MapRe- work traffic.

duce VMs is intense in reduce-input heavy jobs and hence the setData Placement Techniques We compare two data placement
of VMs for the job should be placed close to each other. For an ex- schemes — our proposéakcality and load-aware data placement
ample job using the datasét, containingL1, L2, andLs in Figure (LLADP) accounts for MapReduce specific job characteristics and
4(a), the VMs can be hosted on any set of closely connected phys-estimated loads on servers while placing data as described in Sec-
ical machines, for instancé{1o, M1; and Mi2. These machines  tion 4. In contrast, theandom data placemefRDP) scheme does
are within a single rack and form 2club (diameter of 2 with a not differentiate between job categories and places data blocks in a
single network switch). Although the map phase requires remote set of randomly chosen physical machines that have available stor-



age capacity. It also has no knowledge of the server loads (analo- | Workload Type Job 'dnri“t dOuttput
gous to conventional MapReduce data placement). Note that both : - ae ae
the locality-aware and random data placement schemes are rack-| Map-inputheavy géi?éh word | 20GB | 243 MB
aware [11]; no two replicas of a given data block are placed on the Reduce-input heavy Permutation T2 GB 0GB
same cluster rack for reliability purposes. Generator
VM Placement Techniques We compare five techniques: Map and Reduce-inpuf Sort 10 GB 10 GB
heavy
. Locality-una_ware VM PIacement(LUA\(F&pAVP plac_es VMs Table 1: Workload types
on the physical machines without taking into consideration
the locations of the input data blocks for the job. The LU- 1800 4
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AVP scheme does try to pick a set of least loaded physical
machines for placing the VMs.

e Map-locality aware VM placement (MLVPYILVP consid-
ers locality of only the input-data blocks for the map phase
and considers the current load and resource utilization levels

Job Execution time (sec)
Normalized cross-rack traffic

LVP M

0
of the machines while placing the VMs (load-aware). VM placement A lacoment
(a) Job Execution Time (b) Network Utilization

MLVP LVP MRLVP LUAVP

e Reduce-locality aware VM placement (RLYRLVP does i ]
not consider map locality, but it tries to improve reduce local- Figure 5: Map and Reduce-input heavy workload

ity by packing VMs in a set of closely connected machines. ; _ ;
Itis 2156 load aware. 5.2 Mlcro benchm_arklng Results | _
We first present evaluation of our proposed techniques for vari-

e Map and Reduce-locality aware VM placement (MRLVP) ©0us MapReduce job types.

Il\(/)laRdL\{J(\ITV"!Isreaware of both map and reduce locality and is also 5.2.1 Map and Reduce-input heavy workload
In Figure 5, we study the performance for jobs that are both

e Hybrid locality-aware VM placement (HLVP®ur proposed ~ Map and Reduce-input heavy using tertworkload on a dataset
HLVP technique adaptively picks the placement strategy base@enerated using Hadoop’s RandomWriter. The job execution time
on type of the input job. It uses MLVP for map-input heavy, in Figure 5(a) for map-and-reduce VM placement with locality and
RLVP for reduce-input heavy jobs and MRLVP for map and load-aware data placement (LLADP + MRLVP) shows the least
reduce-input heavy jobs. value among all schemes with more than 76% reduction compared

to RDP + MLVP. For data placement, MRLVP with RDP performs
Key Comparison: The important comparison is between the com- poorly indicating thatvithout a locality-aware data placement, it
bination of LLADP + HLVP (Purlieus proposal) with RDP + MLVP s hard to achieve high locality during VM placememd therefore
— analogous to traditional MapReduce. The other techniques helpleads to higher job execution time. This justifies our coupled data
us understand the benefits of individual map or reduce locality as placement and VM scheduling technique.
well as benefits gained from data vs. VM placement. Also, RLVP does not perform well as it tries to consider only re-
Cluster Setup Our cluster consists of 20 CentOS 5.5 physical ma- duce locality. The LUAVP scheme places the VMs randomly with-
chines (KVM as the hypervisor) with 16 core 2.53GHz Intel pro- out considering locality and therefore does not perform well either.
cessors. The machines are organized in two racks, each rack conAn interesting trend here is that MLVP performs well with LLADP
taining 10 physical machines. The network is 1 Gbps and the nodesas the locality-awareness in data placement tried to place the data in
within a rack are connected through a single switch. Each job usesa set of closely connected physical machines and hence, when the
a cluster of 20 VMs with each VM configured with 4 GB mem- map-locality aware VM placement tries to place the VMs close to
ory and 4 2GHz vCPUs. A description of the various job types the inputdata, the reduce-locality is implicitly accounted for. These
and the dataset sizes is shown in Table 1. Each workload useshenefits can be explained by the trend in cross-rack traffic (normal-
320 map tasks. Th&rep workload uses only one reducer since ized with respect to RDP + LUAVP) in Figure 5(b), showing 68%
it requires little reduce computation while tf8ort and Permuta- lesser cross rack reads when using LLADP + MRLVP compared to
tion Generatorworkloads use 80 reducers. The Hadoop parame- RDP + MLVP.
ter, mapred.tasktracker.map.tasks.maximthiat controls the max- .
imum number of map tasks run simultaneously by a task tracker is 9-2.2 Map-input heavy workload
set as 5. Similarly, thenapred.tasktracker.reduce.tasks.maximum Next we evaluate data and VM placement for map-input heavy
parameter is set as 5. Similar to typical data center topologies, thejobs using thesrepworkload. Figure 6 compares our metrics with
inter-rack link between the two switches becomes the most con- various schemes. In Figure 6(a), first notice that the job execution
tentious resource as all the VMs hosted on a rack transfer datatime for the locality-unaware VM placement (LUAVP) and reduce-
across this link to the VMs hosted on the other rack. For exam- locality aware VM placement (RLVP) schemes is much higher than
ple, with 10 physical machines on each rack, and each physicalthat of map-locality aware (MLVP) and map-and-reduce locality
machine hosting a nominal 8 VMs, 80 VMs (and thus, Hadoop aware (MRLVP) VM placements for both the random (RDP) and
nodes) on each rack will contend for the inter-rack link bandwidth locality and load-aware data placement (LLADP) schemes. As
of 1 Gbps. To simulate this contention in a more controlled envi- map-input heavy jobs generate only small map-outputs and have
ronment that lets us accurately measure per-job improvements, welittle reduce traffic, thetechniques that optimize for map local-
set the bandwidth of the inter-rack link to 100 Mbps while running ity — MLVP and MRLVP perform much better than the reduce-
one job at a time. The other alternative would be to run multiple locality only technique (RLVP) (up to 88% reduction in job execu-
jobs at the same time on the cluster, however, that would have madetion time) The job execution time difference can be explained by
micro analysis on a per-job type basis tougher to evaluate. cross-rack network traffic (Figure 6(b)), normalized with respect to
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underlying network. Per-packet approach simulates every single
packet over the network which makes it difficult to scale for even
reasonably large workloads and cluster sizes. For instance, a per-
packet simulator for a cluster size of 1000 hosts sending traffic at
1Gbps would generatix 10'° packets for a 60 second simulation

Normalized cross-rack traffic

and simulating a million packets per second would take 71 hours to
simulate just that one case [22]. Instead we usetevork flowlevel
simulation. Our discrete event simulator simulates the MapReduce
execution semantics similar to the Hadoop implementation. The
inter-node traffic is simulated in terms of network flows between
) _ the source-destination pairs. The simulation framework uses a data
RDP + LUAVP, shows that map-locality awareness has a big im- center of 1000 compute nodes with 1 Gbps network configured in
pact. Lower cross-rack network traffic suggests that the data readsihe typical tree topology for the default setting. The performance
are more local to the rack, avoiding more than 95% of cross-rack metrics were averaged over the jobs executed during a 2 hour sim-
traffic. ulation period. By default, we use a mixed workload of jobs con-
. sisting of equal proportions of all MapReduce job types in Table 1.
5.2.3 Reduce-input heavy workload We use a 30 GB dataset for both tBeep andSortworkloads and

Figure 7 shows the performance for reduce-input heavy work- 3 2 GB dataset foPermutationworkload. For the default setting, a
load using a permutation generator job that generates and sortspotal of 150 datasets were used, 50 for each of the job types and 3
the first 10 permutations of each record of a dataset generated byreplicas were created by default. The arrival rate of the jobs on the
Hadoop’s RandomWriter. We find in Figure 7(a) that RLVP and  datasets is uniformly distributed from 200 to 2000 seconds.
MRLVP have lower execution time for both the random (RDP) and

5.3.1 Simulator Validation

locality-aware data placement (LLADP), having up to 32% faster
Before presenting our simulation experiments, we provide a val-

MLVP  RLVP MRLVP LUAVP
VM placement

(b) Cross-rack traffic

MLVP  RLVP MRLVP LUAVP
VM placement

(a) Job Execution Time

Figure 7: Reduce-input heavy workload

execution time when compared to RDP + MLVP. Reduce-locality
awareness in VM placement ensures that the reducers are packegyation of the simulator based on the experiments on our real 20
close to each other and reduce traffic does not traverse a long dis-node cluster. To bootstrap the simulator, we used measurements
tance on the network. Here, the underlying data placement schemepptained from the cluster experiments to configure simulator pa-
makes little impact as these jobs do not have large input data, Sorameters, e.g. map and reduce compute times. We used the same
violating map locality does not cost much. settings from our cluster setup including the cluster network topol-
The LUAVP and MLVP schemes perform poorly since they do gy and workload characteristics in Table 1. As the key compari-
not capture reduce locality which is key for this reduce-intensive son is between the (RDP + MLVP) and Purlieus (LLADP + HLVP)
workload. A similar trend is seen for the ratio of cross-rack reads schemes, we compare these two techniques for various job types.
in Figure 7(b), where the (LLADP + MRVLP) technique has 10x+ In figure 8(a), we compare the job execution time of the two
higher number of reads within racks as compared to RDP + MLVP. schemes for the three workloads. We find that for most cases, the
Summary: This micro-analysis demonstrates that data and VM execution time produced by the simulator is within 10% of the ex-
placement techniques when applied judiciously to MapReduce jobsecution time obtained in our cluster experiments. The cross-rack
can have a significant impact on the job execution time as well as transfer in Figure 8(b) shows that the simulator estimated cross-
total datacenter traffic. To realize these benefits, the right technique rack transfer matches closely with that of our cluster experiments,
needs to be applied for each MapReduce job type. Our Purlieus having less than 5% error in the cross-rack transfer estimated by
technique (LLADP + HLVP) identifies and uses the right strategy the simulator. While not validated against large scale clusters, these
for each type of workload. low error rates when compared to our 20-node cluster experiments,

53 Macro AnalysiS' Mix of workloads. Scal- provide good confidence in the quality of the simulator.
ability and Efficiency 5.3.2 Mixed workload

Following the per-job-type analysis, next we consider a mix of For our first macro analysis, we study the performance with a
workloads and evaluate the scalability of the techniques with re- composite workload that consists of an equal mix of all MapRe-
spect to the size of data center network and number of VMs in duce job categories with the default setting of 150 datasets and
virtual MapReduce clusters using a mix of workload types. jobs using 20 VMs per job. Recall that Purlieus’s HLVP decides
For a thorough analysis at scales of 100s and 1000s of machineson the placement policy based on the type of MapReduce job. For
and with varying job, workload and physical cloud characteristics, example, it uses RLVP for reduce-input heavy jobs and MRLVP
we implemented a MapReduce simulator, called PurSim, similar to for jobs that are both map and reduce heavy. The execution time
the existing NS-2 based MRPerf simulator [26]. However, unlike in Figure 9(a) shows that HLVP works best for a mixed workload
MRPerf, PurSim does not perform a packet-level simulation of the compared to all other VM placement policies. As discussed earlier,
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a reduce-locality aware VM placement would lose map locality for we always find higher percentage of closer reads with (LLADP +

map-input heavy jobs and a map-locality VM placement might lose HLVP) compared to (RDP + MLVP).

reduce-locality while trying to achieve map-locality. While the map Overall, there are two key take-aways. First, Purlieus approach

and reduce locality-aware VM placement could be a conservative outperforms other approaches for varying sizes of virtual MapRe-

policy for all types of jobs, it may not be needed in all cases and in duce clusters per job. Secondly, we notice that for a given job

fact may use valuable dense-collection of machines for jobs that do and cloud topology, there is a sweet-spot in the size of the virtual

not need it. This explains the difference between HLVP and MR- MapReduce cluster which gives the most bang for the.bAc&ol

LVP. — HLVP uses the right kind of resources for each job type. that helps customers identify this would be very valuable.

Overall, HLVP with LLADP shows 2x faster execution time when

compared to RDP + MLVP schemasd a 9.1% improvementwith ~ 5.3.4  Varying Network Size

most conservative policy of LLADP + MRVLP. Figure 9(b) shows In this experiment, we measure the job execution time and cross-

HLVP shows a lower cross-rack traffic (only 30.1%) compared to for each job. The other parameters are based on PurSim's default

the RDP + MLVP. Overall, itis vivid thatith random data place-  setting. The job execution time in figure 11(a) is fairly constant for

ment, it is hard to achieve a higher ratio of rack-local reads no yarious network sizes with LLADP + HLVP. However, with RDP

matter what VM placement algorithm is used, thus validating our + MLVP, the data blocks gets distributed all over the network and

claim made in the Purlieus design with bigger clusters, the VMs are spread across the network and
hence the reduce phase obtains poor locality leading to longer ex-
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We study the impact of varying the number of VMs used for a (a) Job Execution time (b) Cross-rack traffic
given job in Figure 10 using the default PurSim setting. In figure
10(a), the number of VMs is varied from 10 to 200 and the average
job execution time is compared. The job execution time decreases
with increasing number of VMs but that decrease almost stops be- 2-3-5 Impact of Load-aware Data Placement
yond a certain number of VMs (100 VMs in this case). The initial Our next experiment evaluates the effectiveness of load-awarenes
increase in number of VMs increases the computational parallelism in data placement. The experiments use the workload in the default
and improves execution time. But as the number of VMs exceed a PurSim setting using 20 VMs for each job. A good load-aware
certain value, the reduce tasks get distributed across the networktechnique should make good decisions even with reasonably accu-
since not all of them can be placed on a set of closely connectedrate estimates. We study the locality and load aware data place-
machines (racks get exhausted). This reduction in data locality andment (LLADP) with only locality-aware data placement (LADP)
increased network transmission time counters the improved paral- and random data placement (RDP). Figure 12 compares the LADP
lelism. This also shrinks the advantage of Purlieus approach over scheme with RDP and LLADP scheme for several load estimation
RDP + MLVP. For instance, there is a performance gain of 2.3x in error valuese. The estimation errog directly corresponds to the
execution time while using 20 VMs and it drops down to a gain of percentage error in the estimation of the job arrival rates on the
1.7x when 100 VMs are used. This is expected since when a largedatasets. In figure 12(a), we find that without any load estimation
virtual cluster is provisioned, it is tough to provide both map and error, LLADP (¢ = 0%) performs better than the load-unaware
reduce locality. This impact can be further analyzed by visualizing (LADP) and random placement (RDP) schemes. Also, we find
the CDFs of number of network hops in both schemes with varying that even with an estimation error of 20 % or 40%, the LLADP
number of VMs in Figures 10(b) and 10(c). When number of VMs scheme performs better than the random and load-unaware (LADP)
increase, there are more reads over longer network paths. Howeverschemes. A similar trend is seen in Figure 12(b) for the cross-rack

Figure 11: Varying Network Size



ate data generated during job execution which is a key factor to
12 HLVP = scaling MapReduce in large data centers. Purlieus differentiates
from these through its locality optimizations achieved for both in-

put and intermediate data. Also, as discussed in Section 4, with-
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(a) Job Execution time (b) Cross-rack traffic 7. CONCLUSIONS

This paper presents Purlieus, a resource allocation system for
MapReduce in a cloud. We present a system architecture for the
traffic normalized with respect to (RDP + HLVP). It suggests that MapReduce cloud service and describe how existing data and vir-
even an approximate estimate of the arrival rate of the jobs on the tual machine placement techniques lead to longer job execution
datasets helps balance the expected load among physical machine§mes and large amounts of network traffic in the data center. We
and increases data locality identify data localityas the key principle which if exploited can al-

leviate these problems and develop a unique coupled data and VM
placement technique that achieves high data locality. Uniquely,
6. RELATED WORK Purlieus’s proposed placement techniques optimize for data locality

To the best of our knowledge, Purlieus, with its coupled data during both map and reduce phases of the job by considering VM
and VM placement, is unique in exploiting both map and reduce Placement, MapReduce job characteristics and load on the physi-
locality for MapReduce in a cloud. We briefly review some of the ~ cal cloud infrastructure at the time of data placement. Our detailed
related work in this area. There have been several efforts that in- €valuation shows significant performance gains with some scenar-
vestigate efficient resource sharing while considering fairness con- 0S showing close to 50% reduction in execution time and upto 70%
straints [34]. For example, Yahoo's capacity scheduler uses differ- reduction in the cross-rack network traffic. _
ent job queues, so each job queue gets a fair share of the cluster e plan to extend our work in two directions. First, for place-
resources. Facebook's fairess scheduler aims at improving-the re ment techniques we would like to capture relationships between
sponse times of small jobs in a shared Hadoop cluster. Sandholm etdatasets, e.g. if two datasets are accessed together (MapReduce
al [33] presented a resource allocation system using regulated andob doing ajoin of two datasets), their data placement can be more
user-assigned priorities to offer different service levels to jobs over intelligent while placing their blocks in relation to each other. Sec-
time. Zaharia et al. [24] developed a scheduling algorithm called ©nd, we plan to develop online techniques to handle dynamic sce-
LATE that attempts to improve the response time of short jobs Narios like changing job characteristics on a dataset. While core
by executing duplicates of some tasks in a heterogenous systemprinciples developed in this work will continue to apply, such sce-
Herodotou et al. propos&tarfishthat improves MapReduce perfor- ~ narios may use other virtualization technologies like live data and
mance by automatically tuning Hadoop configuration parameters VM migration.

[31]. The techniques in Purlieus are complementary to these above
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