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Abstract

Due to cluster resource competition and task scheduling policy, some map
tasks are assigned to nodes without input data, which causes significant data
access delay. Data locality is becoming one of the most critical factors to
affect performance of MapReduce clusters. As machines in MapReduce clus-
ters have large memory capacities, which are often underutilized, in-memory
prefetching input data is an effective way to improve data locality. However,
it is still posing serious challenges to cluster designers on what and when to
prefetch. To effectively use prefetching, we have built HPSO (High Perfor-
mance Scheduling Optimizer), a prefetching service based task scheduler to
improve data locality for MapReduce jobs. The basic idea is to predict the
most appropriate nodes for future map tasks based on current pending tasks
and then preload the needed data to memory without any delaying on launch-
ing new tasks. To this end, we have implemented HPSO in Hadoop-1.1.2.
The experiment results have shown that the method can reduce the map
tasks causing remote data delay, and improves the performance of Hadoop
clusters.
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1. Introduction

MapReduce [8] has been highly successful as a parallel distributed pro-
cessing framework in implementing big data applications on commodity cloud
computing plateforms such as Amazon EC2 and Windows Azure. MapRe-
duce divides a computation into multiple small tasks and lets them run on
different machines in parallel. It enables hiding the details of the underlying
parallel processing to provide a simple programming interface for develop-
ing distributed application. There are many different implementations of
MapReduce framework such as Hadoop[20], Disco [14], Phoenix [22], etc.

In most state-of-the-art cloud cluster systems, a key challenge is to in-
crease the utilization of MapReduce clusters. If map tasks are scheduled
to nodes without input data, these tasks will issue remote I/O operations
to copy the data to local nodes. This data transfer delay is primarily on
the execution time cost of map phase, while map phase often dominates the
execution time of the MapReduce jobs. So data locality becomes one criti-
cal factor to affect performance of MapReduce framework. In practice, not
only clusters are shared by multiple users, but also there is a limitation in
the number of nodes a user can use. In this case, it is not easy to guarantee
good data locality to all map tasks. The process will cause remote data access
delay, thus degrading the performance of MapReduce. Workloads from Face-
book and Microsoft Bing datacenters show that this remote I/O operations
phase constitutes 79% of a job’s duration and consumes 69% of the resources
[3]. So in this paper, we focus on the optimizing the map phase. Obviously,
the performance of MapReduce clusters is closely tied to its task scheduler.
Zaharia [23][24] proposed a delay scheduling algorithm to reduce the map
tasks executing remote I/O operations. A next-k-node scheduling method is
proposed to improve the data locality [28]. However, in both methods task
fairness withered as the cost.

Data prefetching [5] is a data access latency hiding technique, which
decouples and overlaps data transfers and computation. And machines in
MapReduce clusters have large memory capacities, which are often under-
utilized; the median and 95 percentile memory utilizations in the Facebook
cluster are 10% and 42%, respectively [3]. In light of this trend, we in-
vestigate memory locality to speed-up MapReduce jobs by prefetching and
caching their input data. Seo et al. [16] designed a intra-block and inter-
block prefetching scheme to improve data locality of map tasks, which are
assigned to nodes without input data. A data prefetching mechanism in het-

2



erogeneous or shared environments [9] is proposed. However, both techniques
not only cannot reduce the occurrence of such map tasks, but also do not
consider the remote access delay of the first data block split.

The prefetching accuracy is the key factor that affects performance. In
MapReduce clusters, task scheduler determines the mapping between tasks
and nodes. To this end, we design HPSO, a prefetching service based task
scheduler to improve performance for MapReduce clusters. The method first
predicts the execution time of map tasks and further evaluates the sequence
that nodes free busy slots. According to this node sequence, HPSO predicts
and assigns the most suitable map tasks to nodes ahead of time. Once such
scheduling decisions are made, nodes preload the related input data from
remote nodes or local disk to memory before tasks is launching. In this
way, input data prefetching is carried out concurrently with data processing,
thus data transfer overhead is overlapped with data processing in the time
dimension. In summary, in this paper we claim following contributions:

• We provide a novel prefetching mechanism to coordinately manage
prefetching input data blocks.

• We exploit task scheduler to determine what and when to prefetch.
This method can greatly improve the efficiency of map tasks.

• We have built the High Performance Scheduling Service(HPSO), which
combines the task scheduler, prediction, and prefetching mechanism to-
gether to exploit data locality and reduce network overhead. To evalu-
ate its performance, we have built a Hadoop cluster system. Compared
with the native Hadoop, our implementation of HPSO has demonstrat-
ed performance.

The remainder of the paper is structures as follows. Section 2 introduces
some technology background necessary to understand the MapReduce and
scheduler, and motivation. Section 3 describes the prefetching technique.
The design and implementation of HPSO are illustrated in Section 4. Section
5 evaluates HPSO. Related work is described in Section 6. Finally, conclusion
is given in Section 7.

2. Background and Motivation

In this section, we introduce the background of MapReduce programming
framework, hadoop scheduler mechanism and data locality problem.
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Figure 1: The MapReduce framework.

2.1. MapReduce Programming Framework

Computations in MapReduce framework are divided into map and reduce
phases, separated by an internal grouping of the intermediate results as shown
as Fig. 1. The power of MapReduce is that the map and reduce functions are
executed in parallel over hundreds or thousands of processors with minimal
effort by the user. After user submits a job, MapReduce jobs run as follows.
Firstly, input data is divided into several fixed-size splits, each of which
runs a map task. Then after all map tasks are finished, the intermediate
data is reassigned to reduce tasks according to different keys generated in
map phase. Reduce phase can be divided into three parts, shuffle, sort and
reduce function. The shuffle phase transfers intermediate data generated by
map tasks to the corresponding reduce tasks. The sort phase merges all the
intermediate data belonging to the reduce task and maintains sort. Then
reduce function is called for each key in the sort phase, and directly writes
output to distributed file system.

In our paper, we chose Hadoop since it is an open-source implementation
of MapReduce model. Furthermore it has been used by many companies such
as Yahoo!, Amazon, Facebook duo to its high performance, reliability, and
availability. Specially, Hadoop manages computing resources by the term of
slot, the basic resource allocation unit. The precise number of slots of each
slave in Hadoop cluster depends on the number of cores and the amount of
memory. Each slave node provides a number of slots for map tasks and a
number of slots for reduce tasks, and these are set independently. Each slot
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Figure 2: How Hadoop runs a MapReduce job.

can only run a task simultaneously.
Hadoop Distributed File System (HDFS)[17] is a highly fault-tolerant dis-

tributed file system designed to provide high bandwidth for MapReduce by
replicating and partitioning files across many nodes. Files in HDFS are auto-
matically partitioned to chunks (64M by default). In MapReduce framework,
each map function executes on one chunk.

2.2. Hadoop Scheduler

Fig. 2 illustrates the work mechanism of Hadoop running a MapReduce
job. Hadoop clusters have one JobTracker, which coordinates the job run,
and a number of TaskTrackers, which are in charge of running jobs and
periodically heartbeat the JobTracker. First, when JobTracker receives a
client submitted job, it puts it into an internal queue from where the job
scheduler will pick it up. Then the job scheduler retrieves the input splits
of job, and creates one map task for each split and creates reduce tasks
according to mapred.reduce.tasks property set by client. Second, When a
TaskTracker indicates that it has an idle map slot by heartbeat, job scheduler
will allocate it a map task, otherwise, it will select a reduce task.

A computation requested by a job will be performed much more efficient-
ly if it is executed near the data it operates on. However, as HDFS files are
divided across all nodes, some map tasks must read data over the network.
One of Hadoop basic principles is moving computation is cheaper than mov-
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ing data. Therefore, for a map task, it takes into account the TaskTracker’s
network location and picks a task whose input data is as close as possible to
the TaskTracker. The scheduling policy preferentially selects the tasks with
data locality. In the optimal case, map task is data-local, that is, running
on the same node that input data resides on. Alternatively, the next best
case is when the data is in any other node within the same rack, called rack
locality. Some map tasks retrieve their data from a different rack, rack-off
locality.

2.3. Motivation

TaskTracker will not process a map task until its input data is loaded
into the tasktracker node’s memory. Map tasks with rack locality or rack-
off locality cause remote data transmission overhead and can slow down the
entire job. And the network bisection bandwidth in a large cluster is much
lower than the aggregate bandwidth of the disks in the nodes, so data locality
issue becomes crucial for performance of MapReduce clusters. Especially, da-
ta locality issue suffers in two situations: concurrent jobs and small jobs[23].
Indeed, workloads in MapReduce clusters consist of many small jobs and
relatively few large jobs. It is necessary to research a method to hide data
transmission overhead.

As machines in Hadoop clusters have large memories, in-memory data
prefetching is an efficient way to solve this problem. Prefetching can hide data
transmission delay by preloading the expected data ahead of time. The key
challenge, however, is how to improve prefetching rate. That is to determine
what and when to prefetch. Some approaches use prediction algorithms
based on history of data accesses or cache misses [7][10][11][15]. However, in
MapReduce clusters, task scheduler determines to assign tasks to tasktracker
nodes. So our method researches prefetching mechanism using task scheduler.
Another reason motivated this method is that history information of data is
not well reflect the future access to data in cloud computing. We design a
scheduling policy which predicts the most appropriate tasktracker nodes to
assign tasks.

3. Prefetching

In this section, we present data prefetching mechanism in detail. HPSO
is to preload the input data before map task is running on tasktracker n-
ode. As a result, prefetching can hide data transmission delay and further
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Figure 3: Prefetching buffer structure and management. The tasktracker
node has four map slots. The white box represents a processing block by
map task. The black box represents a prefetching block for the following
map task, and the gray corresponds a processed block by the previous map
task.

improve MapReduce performance. The emphasis of this section is not on the
syntactical details of HPSO, but on how to simply and effectively manage
the memory buffer for prefetching data.

3.1. Prefetching Buffer Management

The process of data prefetching mechanism is shown as following. When
a tasktracker node receive a prefetching request from HPSO, the node will
load expected data block to a buffer in memory called prefetching buffer.
When the corresponding map task arrives, it will process data of prefetching
buffer. Obviously, this process is typical producer-consumer model, where
data prefetching thread is the producer and corresponding map task is the
consumer. The following issues must be addressed in the prefetching mech-
anism.

One issue is the size of prefetching buffer. Intuitively, bigger prefetching
buffer means better performance. But in fact, according to the producer-
consumer model, two buffer units for each map slot are enough. In the paper,
prefetching buffer unit is the basic data block of HDFS (by default 64MB),
instead of part of basic data block. This allows an uncapped number of
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replicas in prefetching buffer, which in turn increases the chances of achiev-
ing memory locality especially when there are hotspots due to popularity
skew [2]. For example, our method is advantageous for iterative application-
s, in which each iteration can be expressed as a MapReduce job and need
input data. And with the development of technology, memory capacity is in-
creasing. Therefore the memory utilization of the two buffers is unnoticeable
to affect the overall performance.

Another issue is how to manage prefetching buffer. Fig. 3 illustrates
the prefetching buffer structure and management strategy. Each slot of the
tasktracker node has at most two buffer units. One is processing block using
by the running map task. The other may be prefetching block, which has
been preloaded for the next map task, or null. Fig. 3 (a) shows that all slots
have preloaded the data blocks for the following map tasks, and maintain two
buffer units into a list. This strategy is convenient to manage prefetching
buffer and reuse buffer data. Specifically, a particular data block may be
used simultaneously by multiple map tasks. For example, in Fig. 3 (b),
slot 0 and slot 1 share the same prefetching block. Alternatively, data block
which is being processed or has processed may be prefetching block for other
slot such as slot 2 and slot 3 in Fig. 3 (b). Then the remaining buffer units
will be linked into the buffer list. When a buffer unit is needed to store new
prefetching data, the method get a buffer unit from buffer list using LRU.

4. HPSO Design and Implementation

In this section, we present the HPSO design issues and implementation,
and discuss the techniques required to achieve our goal. Our design seeks to
minimize total execution time of applications and improve the performance
of MapReduce clusters. The basic idea of HPSO is to overlap the data
transmission process of the following map task with data processing process
of running map task. The emphasis of this section is that how to effectively
design prefetching requests based scheduling policy.

4.1. Framework

As shown in Fig. 4, HPSO consists of three main modules: the prediction
module, the scheduling optimizer and the prefetching module. The role of
scheduling optimizer is to predict the most appropriate tasktracker nodes to
which future map tasks should be assigned. Once the scheduling decisions
are made before map tasks are scheduled, HPSO will trigger the prefetching

8



tasktracker node

JVM

heartbeat

jobtracker node

Prefetching 
manager

JobTracker
Scheduler
Optimizer

TaskTracker
WorkerPredictor

JVM
tasktracker node

JVM

TaskTracker
WorkerPredictor

JVM

HDFS

retrieve input 
splits

prefetching 
data heartbeat

Figure 4: The architecture and framework of HPSO

module to load expected input data. Then our method can explore the un-
derutilized disk bandwidth or network bandwidth in CPU-intensive process.
Such pipelining can hide away data transfer latency. To implement pipelin-
ing, the prediction module in each tasktracker node predicts the remaining
execution time of map tasks and further evaluates the sequence that slot
become idle.

The prefetching module adopts a master-slave architecture with one prefetch-
ing manager and in JobTracker and a set of workers located at TaskTrackers.
Prefetching manager is responsible for monitoring the status of workers and
coordinating the prefetching process for map tasks. Each worker can auto-
matically finish loading data block by itself before the map task is received.
When prefetching manager achieves prefetching instructions from schedul-
ing optimizer, prefetching manager triggers workers to load data to memory.
Prefetching manager also reports scheduling optimizer the data blocks in
TaskTrackers’ prefetching buffer.

An example of prefetching using HPSO is shown in Fig. 5, where the data
block A1 required by map1 are prefetching from node 2 to node 1 in pipelined
manner when map1 is predicted to will be assigned to node 1. Thus, HPSO
can hide away data transfer latency.
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Figure 5: An example of prefetching using HPSO. map 1 processes the data
block A1, which only resides on node 2. HPSO predicts that this task will
be assigned to node 1. Node 1 prefetching A1 in a pipelined manner.

4.2. Node Prediction

In Hadoop, tasktracker node requests a map task when it frees a busy
slot. And the sooner a tasktracker node has an idle slot, the earlier the node
requests a new map task. So tasktracker to issue a request can be predicted
according to the time of each tasktracker to complete tasks. That it can be
measured by the remaining time of map tasks running on the node. Hadoop
monitors task process using a process score, which is a number from 0 to
1. For a map, the score is the fraction of input data read. We estimate the
remaining time of an executing map task based on current process using Eq.
(1), which is proposed in Ref. [26].

RTm =
texe
sexe
∗ (1− sexe) (1)

In the method, RTm is the time left of map task, and texe is the execution
time of the task when the process is up to sexe. In MapReduce framework, a
node normally runs multiple tasks simultaneously. For each slot, we compute
Eq. (1) and sort results by ascending order. Then we can get the sequence
that slots become idle.

Tm =
texe
sexe

(2)

texe = ttran + tcpu (3)
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Figure 6: An example of assigning tasks in advance. (a) the initial state:
three map tasks in job queue and two tasktracker nodes. Supposing each
map task spends 30s and the remaining time of node A is 10s, but node B
600s. (b) each node has a waiting task. (c)map tasks are assigned based on
HPSO.

Tcpu =
tcpu
sexe

(4)

Further we can calculate the completed execution time of map task by Eq.
(2), instead of waiting task completion. In the implementation of Hadoop,
the input data of map tasks is not transferred all to memory, but a mass of
small slices instead. When the processing of the data slice is completed, map
tasks will transfer and process another data slice. The data transmission and
data processing happens in sequence. So the execution time of map tasks
is composed of the data transmission time and the data processing time as
shown as Eq. (3). The total data processing time can be estimated by Eq.
(4). With the completion of map tasks of same job, we calculate the average
of the completed execution time of map tasks as the predicted execution
time, assuming that each node processes tasks at a roughly constant speed.

4.3. Scheduling Policy

In Hadoop, task scheduler maintains a complete view of which tasks are
running on which tasktracker nodes and job waiting queue. HPSO combines
this view with the slot sequence predicted in Section 4.2 to map appropriate
tasktracker nodes with future tasks from job waiting queue, and then triggers
the prefetching module to preload input data for map tasks without input
data.
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4.3.1. Prefetching based Scheduling Algorithm

In this paper, we assign future tasks to nodes, whose remaining time is
less than a threshold called Tunder, instead of all nodes. Tunder is greater
than the basic data block transmission time. We use Np to represent node
sequence, each of which has less remaining time than Tunder. This method
has the advantage of avoiding invalid prefetching when some nodes are run-
ning long tasks as shown as Fig. 6. If the node sequence is only considered
in Fig. 6 (b), both nodes have a waiting map task and prefetch input data.
However, in practice, all map tasks are executed on node A. So this method
causes invalid prefetching data for map2 on node B. Our method only assigns
map1 to node A using Tunder and avoid invalid prefetching operations.

If the input data of m is not stored on any node in Np, the task will
copy the input data by remote I/O operations. Therefore, m should be
targets. Supposing that the input data of each task has three replicas, this
task has data locality in these three tasktracker nodes nl(l ∈ [0, 2]). The
model denoted by Eq. (5) is used to select map tasks with no data locality.
u(ni, nj) checks whether the nodes identified by ni and nj represents the
same node illustrated by Eq. (6). If the two nodes represent the same node,
u(ni, nj) = 1, and vice versa.

f(m,Np) =
3−1∑
i=0

p−1∑
j=0

u(ni, nj) (5)

u(i, j) =

{
1 if i = j,

0 otherwise
(6)

If f(m,Np) = 0, the input data of m is not stored on any of the predicted
node sequence. m will cause the remote data access delay. Therefore, m
should be target. If f(m,Np) > 0, at most one node stores the input data
of m. It is possible that there are more than one task whose input data is
stored on same node. To avoid such occurrence, we assign the first node-local
map task to it.

Algorithm 1 outlines the basic steps of prefetching based scheduling algo-
rithm. HPSO considers the data blocks in prefetching buffer. If input data
block of map task has been in prefetching buffer of certain node, we called
this buffer-local and preferentially assign the task to this node. The data
in prefetching buffer is equivalent to one replica, which in turn increases the
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chances of achieving data locality. Firstly, algorithm scans all highest priori-
ty map tasks and all nodes in N to assign potential buffer-local tasks. Then
array N will be ascendingly reorder according to RTn = RTn + Tcpu, where
RTn is the remaining time left of n and Tcpu is the processing time of task t.
Secondly, If array N is not null, our algorithm computes Eq .(5) to fully ex-
ploit the potential map tasks with data locality. If a node-local task is found,
HPSO will trigger prefetching module to cache data from disk and ascend-
ingly reorder array N . Unfortunately if we must select rack-local or rack-off

Algorithm 1 Prefetching based Scheduling Algorithm

Input: Array N: the predicted slot sequence whose remaining time is less
than Tunder; Array J: job waiting queue.

Begin:
1: if !( All slots in N have at least one waiting task or J ==NULL) then
2: for j in J do
3: if j has a buffer-local task t for n(n in N) then
4: set M < n, t >; Break
5: end if
6: end for
7: end if
8: if !( All slots in N have at least one waiting task or J ==NULL) then
9: for j in J do

10: compute f(m,Np) using Equation (5)
11: if f(m,n) >= 1 then
12: set M < n, t >;
13: end if
14: end for
15: end if
16: while !( All slots in N have at least one waiting task or J ==NULL) do
17: for j in J do
18: if j has a rack-local task t for n(n: the head slot of N) then
19: set M < n, t >; Break
20: else
21: set M < n, t >;
22: end if
23: end for
24: end while
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task, HPSO will make prefetching instructions and trigger prefetching mod-
ule to preload data from remote node. The prefetching instructions contain
expected data block list and the corresponding destination tasktracker nodes,
and where the required data blocks are located.

In addition, when a new job is first submitted, there is no data available.
In this paper, the execution time of new map task of the job is considered
infinity. When this map task is assigned in advance to a tasktracker node,
the node will be sorted to the tail of node queue that slots become idle.
Once the map task starts to execute, the remaining time of map task will be
predicted. Thus the node will be reordered.

4.3.2. Scheduling Algorithm

HPSO guarantees all map tasks with data locality to the maximum ex-
tent. One important principle is that the method does not affect the priority
of jobs. In this paper we suppose that map tasks in the same priority can be
executed out of order. However, inaccurate prediction may cause that low
priority tasks will be executed earlier than high priority tasks. To address
this problem, when JobTracker receives a heartbeat from node n and n has a
idle slot, we first determine whether there is a higher priority map task than
task t, which is assigned to n in accordance with prefetching based scheduling
algorithm. Secondly, map take p with the longest waiting time left is chose.
Then task scheduler calculates Eq. (7). RTm is the waiting time left on node
m, where p is assigned in advance. Ttran is the data transmission time. If u
is positive, we will remove p from original predicted node m and assign it to
n. Otherwise, HPSO will assign original predicted map task to it. Formal
pseudocode for scheduling algorithm is as shown as Algorithm 2.

To this end, HPSO does not affect the priority of jobs. Another issue is
fault tolerance. HPSO’s failure does not hamper the job’s execution since
input data can always be read from remote nodes or local disk.

u = RTm − Ttran (7)

4.4. Prefetching Module

The prefetching module consists of a central prefetching manager and a
set of workers located at tasktracker nodes as shown as Fig. 7. The prefetch-
ing manager constructs a list known as the data list for each tasktracker node,
a mapping between every prefetching block and tasktracker nodes that cache
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Algorithm 2 Scheduling Algorithm

Input: M < n, t >: the mapping between the tasktracker node n and map
tasks t which have been assigned to n in advance;

Begin: A heartbeat is received from node n
1: if n has a free map slot then
2: Array A = Higher priority choose(t)
3: if A not NULL then
4: task p = Max waiting time(A)
5: u = RTm − Ttran(m is the mapping with task p)
6: if u > 0 then
7: return m to n
8: end if
9: else

10: return t to n
11: Ascendingly reorder array N;
12: end if
13: end if
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buffer manager
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Data Node

Name Node

Prefetching 
threads
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buffer manager
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Data Node
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Figure 7: An overview of Prefetching Module.

it. It is worth noting that network bandwidth is one of the critical factors
to affect performance of MapReduce clusters. To this end, HPSO combines
these data information to make scheduling decisions in order to minimize the

15



network transmission traffic. For example, it can reduce the cost of loading
the released data at the previous round for iterative applications.

Upon the arrival of a prefetching request from HPSO, prefetching man-
ager triggers prefetching threads in tasktracker nodes to start loading corre-
sponding input data to prefetching buffer according to prefetching instruc-
tions. Each worker in tasktracker node consists of prefetching threads and
prefetching buffer manager. The prefetching thread’s main role is to serve
cached blocks, as well as prefetch new data blocks. The prefetching thread
periodically informs the prefetching manager of data block updates as the
part of heartbeat message. The prefetching manager uses these updates to
maintain data lists. The role of prefetching buffer manager is to individually
manage prefetching buffer illustrated in Section 3.

5. Evaluation

We are going to evaluate HPSO in term of performance and scaling. The
performance metric is measured as the improvement over default Hadoop.
The scaling metric is measured as a different number of cluster nodes. We
first describe our evaluation setup before presenting our results.

5.1. Setup

Platform. To measure HPSO’s performance, we have built a Hadoop
cluster, which has one master and 20 machines with 16GB of memory, 4 cores
and 200GB of storage. A common gigabit Ethernet switch connected each
node. The baseline for our deployment is Hadoop 1.1.2 and we configured
that HDFS maintains three replicas for each data block in this cluster.

Benchmarks. We performed our evaluations with 5 benchmarks re-
leased on PUMA [1], including grep, histogram − ratings, classification,
wordcount and inverted−index. To separate the effort of HPSO on different
jobs, we binned them by the number of input data size. In the paper, these
benchmarks ran varying numbers of jobs respectively based on the job size
so as to take 20-30 minutes in total.

Comparison with Hadoop and HPMR. We compared the execution
time of benchmarks and the probability of map tasks with data locality on
HPSO with that on both Hadoop and HPMR. We run the benchmarks on
HPSO, Hadoop, and HPMR separately and get the average value. Hadoop
employed a simple FIFO scheduling policy, which assigns the earliest submit-
ted job to execute, then the second, etc. There is also a priority policy for
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Figure 8: Comparison for different benchmarks. (a) comparison of the map
tasks processed with data locality. (b) comparison of normalized running
time.

putting jobs into higher-priority queues. HPMR [16] provides a intra-block
and inter-block prefetching scheme to improve data locality of map tasks.
The intra-block prefetching technique prefetches a data split within a single
block while performing a complex computation. The inter-block prefetching
technique prefetches next expected data block to a local rack when the map
task simultaneously processes multiple data blocks.

5.2. Performance of HPSO on Benchmarks

Firstly, we designed these tests to evaluate HPSO’s performance. These
tests run on our Hadoop cluster, which has one master and 15 machines.
The entire machines are divided into 3 racks which are connected with L3
routers. And every machine is limited to run at most four map tasks and
four reduce tasks simultaneously. Fig. 8 shows the normalized execution
time and data locality achieved by FIFO, HPMR and HPSO when running
multiple the same jobs. Each job has 256MB input data size. Because
the default data block of HDFS is 64MB, each job has 4 map tasks and 1
reduce tasks. We can observe that our method shows significantly higher
data locality than FIFO and HPMR for all of test sets in Fig. 8 (a). HPSO
raised data locality to at most 93.5% for classification benchmark, and at
least 92.1% for wordcount. HPMR gets lower probability of map tasks with
data locality. Because the intra-block prefetching technique of HPMR only
prefetches next input data split within a single block, but does not consider
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Figure 9: Comparison of performance for wordcount jobs. (a) comparison
of the map tasks processed with data locality. (b) comparison of normalized
running time. The horizontal axis shows the different input data size.

the remote access overload of the first input data split. The inter-block
prefetching technique prefetches next input data block for map task required
multiple data blocks, but does not cosider the remote access overload of
the first data block. Correspondingly, HPSO obtains higher performance
improvement than HPMR. HPSO finished jobs 33% faster than FIFO and
15% faster than HPMR. In addition, for three jobs grep, histogram−ratings,
and classification, the performance improvement is larger than other two
jobs in Fig. 8 (b). Because most of time is spending on data IO, prefetching
the input data of map accelerates the execution of Map phase significantly
and gets speedup of at most 1.49 times. For wordcount and inverted−index,
the shuffle and reduce phases account for a large proportion causing the
performance gains to 1.12 time and 1.08 time. Virtually all the gains are
due to preloading the input data for rack-local or rackoff tasks. This would
increase throughput in a more bandwidth-constrained environment.

5.3. Performance on Different Input Data Size of Jobs

In these tests, we compared the performance of HPSO with that of default
Hadoop as different number of input data size. We chooseclassification and
wordcount benchmarks. Fig. 9 (b) and Fig. 10 (b) show the normalized
running time of two benchmarks, while Fig. 9 (a) and Fig. 10 (a) show
locality achieved by FIFO, HPMR and HPSO. In these tests, the input sizes
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Figure 10: Comparison of performance for classification jobs. (a) comparison
of the map tasks processed with data locality. (b) comparison of normalized
running time.

of jobs are 128MB, 256MB, 512MB, and 1024MB, respectively. Correspond-
ingly, jobs have 2 map tasks, 4 map tasks, 8 map tasks and 16 map tasks.
HPSO can achieve significantly higher probability of map tasks with data
locality than FIFO and HPMR for all of test sets. HPSO raised data locality
to at least 89.7% and at most 95.6% for wordcount, and at least 90% and at
most 96% for classification. HPSO increased throughout by at most 11% for
256MB input data and at least 8% for 1024MB input data on wordcount with
FIFO. Our method outperforms FIFO at most 1.49 times on classification
of 256MB input data and at least 1.39 times on 1024MB input data. HPSO
improve performance by up to 17.1% with HPMR. The throughput gain is
lower at jobs of 1024MB input data than other jobs because locality is fairly
good even without data prefetching. However, the gain for the smallest in-
put size jobs is lower than for 256MB and 512MB input size jobs, because at
small job sizes, job initialization becomes a bottleneck in Hadoop.

5.4. Performance on Different Data Block Size of HDFS

Fig. 11 (b) shows the performance improvement when the data block
size of HDFS is set with different values, from 64MB to 256MB. HPSO
has increasingly improved the performance greatly as the data block size
becomes larger, from 11% to 20.1%. That is because the data transmission
time becomes longer with block size increasingly. Our method improves the
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Figure 11: Comparison for different block size for wordcount jobs respec-
tively. (a) comparison of the map tasks processed with data locality. (b)
performance improvement of HPSO compared to default Hadoop. The hori-
zontal axis shows the data block size in HDFS.

percentage of map tasks with data locality by prefetching as shown as Fig. 11
(a). We can observe that our method is not substantially affected by the size
of the data block. In summary, HPSO raises the percentage of map tasks
with data locality by prefetching. Therefore it improves the performance
compared with default Hadoop.

5.5. Scaling Performance

We explored the scalability of HPSO, growing with the number of slave n-
odes from 10 to 20. In our tests, we also chooseclassification and wordcount
benchmarks. Fig. 12 and Fig. 13 suggests that HPSO outperforms FIFO
with different nodes in different benchmarks. HPSO reduces the map tasks
without data locality of wordcount by 5.9% on cluster of 10 slave nodes, and
by 7.9% on 15 slave nodes and by 8.5% on 20 slave nodes. Furthermore,
HPSO improve performance by prefetching input data. The improvement in
data locality for 10 nodes is lowest because locality in this smallest cluster
is fairly good. The performance gain in largest cluster is higher than other
jobs since the improvement in data locality is the most.

Of course, the only way to conclusively evaluate HPSO’s performance at
scale will be to deploy it on a large cluster. But in light of this trend, our
experiments suggest that HPSO will continue to perform well at scale.
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Figure 12: Comparison for different tasktracker node number for wordcount
jobs, respectively. (a) comparison of the map tasks processed with data
locality. (b) comparison of normalized running time. The horizontal axis
shows the number of tasktracker nodes.
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Figure 13: Comparison for different tasktracker node number for classifica-
tion jobs, respectively. (a) comparison of the map tasks processed with data
locality. (b) comparison of normalized running time.

5.6. Discussion

In general, in terms of performance, HPSO outperforms FIFO and HPM-
R. The performance gain is mainly based on hiding the remote input data
access delay for map tasks. In terms of scaling performance, results suggest
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that HPSO will continue to perform well as cluster size increases to tens of
thousands of cores.

In the implementation of HPSO, it needs to occupy part of memory as
prefetching buffer. But there is little effect on clusters’ performance since
memory is often underutilized in clusters [3]. Furthermore, two basic data
block units for each map slot are enough, and HPSO occupies little mem-
ory for each node. Unfortunately, prediction error may lead to ineffective
prefetch, and then causes remote network transmission cost. However, data
prefetching in HPSO is performed when memory and network are relatively
idle. In detail, we use cache hit rate to measure the memory available. So
ineffective prefetch has little effect on the performance. Furthermore, pro-
cess score is approximately equal to the percent completion of map task, and
then can be successfully used to estimate time left of map tasks [26]. Our
test results also show that HPSO achieves high data locality. HPSO achieves
higher benefits than overhead. Finally, in all tests, our method can raise
data locality to at least 89.7%, which is fairly high and acceptable for most
state-of-the-art literatures.

6. Related Work

Recently, prefetching and scheduling technology has been used to solve
the data locality problem of MapReduce. Zaharia [23][24] presented a delay
scheduling algorithm, which addresses the conflict between locality and fair-
ness in shared MapReduce clusters. A next-k-node scheduling method [28]
is similar to delay scheduling algorithm, and considers k candidate nodes for
each tasks. However both algorithms do not consider other map tasks with-
out data locality and task fairness withered as the cost. Our work optimizes
all map tasks.

Considerable work has been carried out on prefetching methods to reduce
I/O latency. An affinity- based metadata-prefetching (AMP) scheme [11] is
proposed for metadata servers in large-scale distributed storage systems to
provide aggressive metadata prefetching. Through mining useful informa-
tion from historical accesses, AMP can discover metadata file affinities ac-
curately and intelligently. However, this algorithm does not apply in cloud
computing environment since its aggressive prefetching. Yong [7] proposed
an Algorithm-level Feedback-controlled Adaptive (AFA) data prefetcher to
address data-access delay in High-Performance computing by analyzing the
data-access history cache. A real-time data prefetching algorithm [10] is pro-
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posed based on sequential pattern mining and adopts predictive prefetching
technology predict related data objects of data object on demand. Both al-
gorithms focus on analyzing the historical data access records and require to
predict uses’ behavior. Performance improvement has relationship with the
uses’ behavior. Our method combines prefetching with task scheduler and
prefetches input data of the next running map task ahead of time to hide
the data transmission delay. Seo et al. [16] designs a prefetching scheme
and a pre-shuffling scheme. However, it cannot reduce the total number of
the map tasks without node locality, and the method occupies much net-
work bandwidth, so system performance may be decreased. Compared with
the Seo’s method, our method can hide the remote access delay of the first
data block and handle all map tasks without data locality. A data prefetch-
ing mechanism [9] in heterogeneous or shared environments is proposed, but
the method also does not consider the first data block transfer delay. The
method only deal with intra-block prefetching for map tasks. A prefetching
stratrgy [6] only focuses on rack-off map tasks and prefetches input data from
different rack. So it improves the performance lower than our method. A
predictive scheduler and prefetching mechanism [21] are proposed to improve
the performance of MapReduce by assigning two tasks to each slot. Unfortu-
nately, it affects the priority of jobs. Our prior work [18] is also a prefetching
based scheduling algorithm to hide the remote data access delay. However,
this paper explores the potential tasks with data locality, further reduces the
number of data prefetching.

Caching technology also has been used to improve MapReduce perfor-
mance. PACMan [3] and HaLoop [4] cached input data in memory to reduce
IO cost of hard disks and optimize performance. Ref. [25][13] proposed a
distributed high-performance storage in memory. mpCache [19] is a SSD
based hybrid storage system that caches both input data and localized da-
ta. unbinding-Hadoop [12] unbinds map tasks and their input data when
using caching and prefetching technology to improve the hit ratio of itera-
tive MapReduce programs. But these methods need more memory capacity.
And cache replacement policy is made based on historical data access record-
s. However, task scheduler decides the task assignments. Thus our method
can get a higher probability of map tasks with data locality. Other method
such as Zhang et al. [27] provides a new method to improve the performance
by using distributed memory cache as a high speed access between map tasks
and reduce tasks. Map outputs sent to the distributed memory cache can be
gotten by reduce tasks as soon as possible.
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7. Conclusion

Achieving memory locality for map task will shorten its completion time,
further improve the cluster throughout. This paper presents HPSO, which
exploits task scheduler to preload required input data prior to launching
tasks to TaskTracker. It hides the waiting period of map tasks with rack
and rackoff locality and shortens the completion time for MapReduce jobs.
HPSO integrates a prediction module and a prefetching module with schedul-
ing optimizer. A scheduling optimizer is integrated into HPSO to improve
prefetching rate. We use 5 benchmarks to demonstrate that our method can
outperform default Hadoop, and improve data locality at least 89.7% in all
tests. In light of these results, we believe that HPSO can achieve better
utilization of node resources and a high system throughout in MapReduce
clusters.
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