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ABSTRACT Keywords

As the study of large graphs over hundreds of gigabytes becomesLarge Graph Processing, Graph Partitioning, Cloud Computing,
increasingly popular for various data-intensive applications in Data Center Network

cloud computing, developing large graph processing systems has

become a hot and fruitful research area. Many of those existing

systems support\ertex-oriente@xecution model and allow users

to develop custom logics on vertices. However, the inherently ran- 1 INTRODUCTI_ON )

dom access pattern on the vertex-oriented computation generates Large graph processing has become popular for various data-
a signi cant amount of network traf c. While graph partitioning intensive applications on |ncreasmgl)_/ large _web _and social net-
is known to be effective to reduce network trafc in graph Works [20, 21]. Due to the ever increasing size of graphs,
processing, there is little attention given to how graph partitioning @pplication deployments are moving from a small number of HPC
can be effectively integrated into large graph processing in the SErvers or super computers [24, 13] towards the cloud with a
cloud environment. In this paper, we develop a novel graph large number of commodity servers [29, 21]. Most processing
partitioning framework to improve the network performance of _tasks_ln these graph applications mainly involve batch operations
graph partitioning itself, partitioned graph storage and vertex- in which many vertices and/or edges of the graph are accessed.
oriented graph processing. All optimizations are specically Examples of these tasks include PageRank [31], reverse link
designed for the cloud network environment. In experiments, we 9raphs, two-hop friend lists, social network in uence analysis [40],
develop a system prototype following Pregel (the latest vertex- @nd recommender systems [2]. In order to support different graph
oriented graph engine by Google), and extend it with our graph @pplications, an ef cient large graph processing engine is a must.
partitioning framework. We conduct the experiments with a real- _Prévious studies on building such an engine is to adopt existing
world social network and synthetic graphs over 100GB each in distributed data-intensive computing techniques in the cloud [10,
a local cluster and on Amazon EC2. Our experimental results 17].  Most of these studies [43, 20, 21] are built on top
demonstrate the ef ciency of our graph partitioning framework, ©f MapReduce [10], which is suitable for processing at data
and the effectiveness of network performance aware optimizations Structure, not particularly for graph structured data. More recently,

on the large graph processing engine. graph systems such as Pregel [29] and Trinity [35] have been
developed speci cally for large graph processing. Those systems

support a vertex-oriented execution model and allow users to

Categories and Subject Descriptors develop custom logics on vertices. Take Pregel as an example.
C.3 [Computer Systems Organizatiof: Special purpose and Pregel executes user-de ned functi@ompute() per vertex in
Application based Systems; C.4.Cdmputer Systems Organi- parallel, based on the general bulk synchronous parallel (BSP)
zation]: Performance of Systemsdesign studies model. By default, the vertices can be stored in different

machines according to the simple hash function. However, the
simple partitioning function leads to huge network traf c in graph
General Terms processing tasks. For example, if we want to compute the two-hop
Design, Performance friend list for each account in a social network, every friend (vertex)
must rst send its friends to each of its neighbors, then each vertex
combines the friend lists of its neighbors. Implemented with the
simple partitioning scheme, this operation results in huge network
Permission to make digital or hard copies of all or part of this work for traf ¢ because of shufing the vertices.
personal or classroom use is granted without fee provided that copies are A traditional way of reducing data shufing in distributed
not made or distributed for pro t or commercial advantage and that copies graph processing is graph partitioning [30, 26, 11]. Graph
bear this notice and the full citation on the rst page. To copy otherwise, to partitioning minimizes the total number of cross-partition edges
reput_)lls_h,to post on servers or to redistribute to lists, requires prior speci ¢ among partitions in order to minimize data transfer. The com-
permission and/or a fee. - . - -
SOCC'12,0ctober 14-17, 2012, San Jose, CA USA monly used distributed graph processing algorithms are multi-level

Copyright 2012 ACM 978-1-4503-1761-0/12/10 ...$15.00. algorithms [24, 22, 36]. Those algorithms recursively divide the



graph into multiple partitions with bisections according to different partitioning framework in Section 3. We present the experimental
heuristics. results in Section 4, and conclude this paper in Section 5.
Even the baseline graph processing engine should store the graph

into partitions, as opposed to a at storage. However, there is 2. PRELIMINARY AND RELATED WORK

!lttle attentlpn given to how glraph partitioning can be effectively We review the preliminary and the related work that is closely
integrated into large processing in the cloud environment. There .
related to this study.

are a number of challenging issues in the integration. First, graph
partitioning itself is a very costly task, generating lots of network 2.1  Cloud computing
traf c. Moreover, partitioned graph storage and vertex-oriented
graph processing need careful revisit in the context of cloud. The
cloud network environment is signi cantly different from those
in previous studies [24, 22, 26], e.g., Cray supercomputers or a
small-scale cluster. The network bandwidth is often the same
for every machine pair in a small-scale cluster. However, the
network bandwidth of the cloud environment is uneven among
different machine pairs. Current cloud infrastructures are often
based on tree topology [14, 5, 19]. Machines are rst grouped
into pods and then pods are connected higher-level switches. The
intra-pod bandwidth is much higher than the cross-pod bandwidth.
Even worse, the topology information is usually not available to
users due to virtualization techniques in the cloud. In practice,
such network bandwidth unevenness has been con rmed by both
cloud providers and users [5, 19]. It requires careful network
optimizations and tuning on graph partitioning and processing.

In this paper, we propose a network performance aware graph
partitioning framework to improve the network performance of
large graph processing on partitioned graphs. The framework
improves the network performance of graph partitioning process
itself. More importantly, the graph partitions generated from the . :

i . unevenness among physical machines.
framework improve the network performance of graph processing The uni - : . i
. gue network environment in the cloud motivates ad
tasks. To capture the network bandwidth unevenness, we model

the machines chosen for graph processing as a complete undirecte%‘anced optimizations with the knowledge of network topology

graph (namelymachine grapji each machine as a vertex, and such as multi-level data reduction along the tree topology [10]
the bandwidth between any two machines as the weight of an and partition-based locality optimizations [33]) and scheduling

. techniques [18]. Howevethe topology information in the cloud
edge. The network performance aware framework recursively . . - S
o . -+ is usually not available to cloud users due to the virtualization and
partitions the data graph, as well as the machine graph, with

bisection correspondingly. That is, the bisection on the data graph system management issuéist, virtualization hides the network

is performed with the corresponding set of machines selected fromtopology fr(_)m users, without exposing the r_eal con gurations of
the underlying hardware. Second, cloud environments do not offer

the bisection on the machine graph. The recursion terminates Whenadministrator privileges on the hardware and software under the

the data graph partition can t into main memory. By partitioning . lization | Such privil I red f .
the data graph and machine graph simultaneously, the numberVlrtua Ization layer. Such privileges are usually required for getting

o R the network topology information. This paper develops network-
of cross-partition edges among data graph partitions is gracefully

. .7 centric optimizations for partitioning and processing a large graph,
adapted to_ _the aggregateql amount of bar)dW|dth among m.aCh'newithout the requirement on the knowledge of network topology.
graph partitions. To exploit the data locality of graph partitions,

we develophierarchical combinatiorio exploit network bandwidth f Desgnm_g an _ef cient and_user-frlendly development platform
; . or applications in the cloud is a hot research topic. A number of
unevenness in order to improve the network performance.

We develop a system prototype (named Surfer) following Pregel cloud systems such as MapReduce [10] (its open-source variant,
(the latest vgrtex}lorientgd rgph engine by Google) ang extgnd Hadoop [15]) and Dryad [17] have been developed. The data is
L -nted grap 9 y g€). stored in the distributed and replicated le system such as GFS [12]
it with our graph partitioning framework. We have evaluated the .

. ) .~ or BigTable [7]. All of these systems allow the data analysts
ef ciency of Surfer on a real-world social network and synthetic . . : )
. to easily write programs to manipulate their large scale data sets
graphs of over 100GB each in a 32-node cluster as well as . : : 2
. . without worrying about the complexity of distributed systems.
on Amazon EC2. The experimental results in the local cluster M | ber of cloud-based d
demonstrate that 1) our bandwidth aware graph partitioning scheme ore recently, a number of cloud-base .ata management systems
) o . have been developed for data warehousing workloads [39, 1, 16]
improves the partitioning performance by 39-55%, and improves d i . : 91 Al th di il
the graph processing by 6—71% under different simulated network and on-iine tr.ansacnon processing [9]. these studies mainly
ot I focus on relational data, instead of graph structured data.
topologies; 2) our optimizations reduce the network traf ¢ by 30—
95%, and the total execution time by 30-85%. The experimental 2 2 Graph processing
results on Amazon EC2 shows that our optimizations in Surfer
reduce the total execution time by 49% on average.

The rest of the paper is organized as follows. We review
the related works on cloud computing and graph processing in
Section 2. We present our network performance aware graph

A cloud consists of tens of thousands of connected commodity
computers. A cloud system often runs in a subset of machines in
the cloud. Due to the signi cant scale, the network environment
in the cloud differs with the small-scale cluster. The current cloud
practice is to use the switch-based tree structure to interconnect
the servers [14]. The key problem of the tree topology is the
network bandwidth of any machine pair is not necessarily uniform,
depending on the switch connecting the two machines [17].
Moreover, as commodity computers evolve, the cloud evolves and
becomes heterogenous among generations [42]. For example,
current main-stream network adaptors provide 1Gbh/sec, and the
future ones with 10Gb/sec. These hardware factors result in the
unevenness in the network bandwidth among machines in the
cloud.

In addition to hardware factors, software techniques can also
result in network bandwidth unevenness. For example, virtual
machine consolidation is an effective optimization for the resource
utilization of virtualization. Consolidation induces concurrent
tasks to compete for the network bandwidth on the same physical
machine. Different degrees of consolidation cause the bandwidth

We denote a graph to li& = ( V; E), whereV is a ( nite) set of
vertices, anc is a ( nite) set of edges representing the connection
between two vertices. The graph can be undirected or directed.
This study focuses on directed graphs.

We useG; to denote a subgraph (or a partition) Gf and V,
to denote the set of vertices (B;. We de ne a non-overlapping



partitioning of graphG, to be {G1, G»;:.., Gk}, where8i,j 2 / 6 : - < 6
[.kLk jVi[KkiVi=V,[KE =E,V\V =;,where ‘ :
i 6 j. We de ne an edge to be d@nner-partition edgdf both its
source and destination vertices belong to the same partition, and a
cross-partition edgetherwise. A vertex is amner vertexif it is
not associated with any cross-partition edge. Otherwise, the vertex . ,
is aboundary vertex —

Large graph processing. Batched processing on large graphs 4),
has become hot recently, mainly to meet the requirement on mining Partitioning
and processing those large graphs. Examples include triangle
counting [40] and PageRank [31]. Surfer is designed to handle Figure 1: The three phases in graph bisection: coarsening
the batched graph processing applications, not transactional graptpartitioning and uncoarsening
processing in graph databases like Neo4j and In niteGraph etc.

There is some related works on speci c tasks on large graph
processing in data centers [20, 43, 41, 34]. MapReduce [10] is small enough, in the scale of thousands of vertices. The
and other systems such as Dryad [17] were applied to evaluatepartitioning phase divides the coarsened graph into two partitions
the PageRank for ranking the web graph. HADI [20] and using a sequential and high-quality partitioning algorithm such
PEGASUS [21] are two recent graph processing implementations as GGGP (Greedy Graph Growing Partitioning) [23]. In the
based on Hadoop. HADI [20] estimates the diameter of the large uncoarsening phase, the partitions are then iteratively projected
graph. PEGASUS [21] supports graph mining operations with a back towards the original graph, with a local re nement on
generalization of matrix-vector multiplication. DisG [43] is an each iteration. The iterations are highly parallelizable, and their
ongoing project for the web graph reconstruction using Hadoop. ef ciency and scalability has been evaluated on shared-memory
Pujol et al. [34] studied different replication methods to scale architectures (such as Cray supercomputers) [24, 22]. However,
the social network analysis. Low et al. [28, 27] presents a new in the coarsening and uncoarsening phases, all the edges may be
framework with asynchronous programming, which is different accessed, generating a lot of network traf ¢ if the input graph is
from the BSP model in Pregel. Pregel [29] is a BSP-based stored in distributed machines.

Uncoarsen
(refinement)

graph processing engine, with the user-de ned ARImpute() Existing distributed and parallel graph partitioning algorithms
executed on vertices. In one iteration of BSP (isuperstep such as ParMetis [30] are suboptimal in the cloud. In particular,
in Pregel's terminology), Pregel execut€empute() on all the they do not consider the unevenness of the network bandwidth in

vertices in parallel. Hama [4] and Giraph [3] are two open- the cloud. While they have demonstrated very good performance
source projects targeting at large graph processing. They adopton shared-memory architectures [24], unevenness of network
Pregel's programming model but their storage is built on top of bandwidth results in de ciency in partitioning itself and also
HDFS. Trinity [35] is a recent research project in Microsoft, which the ef ciency of partitioned graph storage and processing. For
supports both transactional and batched graph processing. Anexample, the two partitions with a relatively large number of cross-
initial version of Surfer was demonstrated in the comparison with partition edges should be co-located within a pod, instead of storing
MapReduce [8]. All those systems support the vertex-oriented in different pods. Thus, we develop a network performance aware
computation. framework to adapt multi-level graph partitioning [24, 22] to the
Network traf c is a common bottleneck for vertex-oriented network environment in the cloud.
computation in those graph processing engines. To the best of our
knowledge, this study is the rst of its kind to alleviate the network
bottleneck of vertex-oriented computation on partitioned graphs in 3. GRAPH PARTITIONING FRAMEWORK
the cloud. In this section, we start with the motivations for network
Graph partitioning.  Graph partitioning is a well-studied  performance aware optimizations. Next, we present the models
problem in combinatorial optimization with an input objective for multi-level graph partitioning and for the network performance
function. The input objective function in this study is to minimize in the cloud environment. Finally, we present our network
the number of cross-partition edges with the constraint of all performance aware framework for graph partitioning. In the next
partitions with similar number of edges. This is because, the total section, we present the evaluation results on Surfer, which extends
number of cross-partition edges is a good indicator for the amount Pregel with the proposed graph partitioning framework.
of communication between partitions in distributed computation. It . .
is annp-complete problem [25]. Karypis et al. [24, 22] proposeda 3.1 Motivations
parallel multi-level graph partitioning algorithm, with a minimum Surfer is a master-slave system, consisting of one master server
bisection on each level. Since bisection is commonly used in multi- and many slave servers. The slave servers store graph partitions
level graph partitioning algorithms, this paper considers bisections. and perform graph computation. We study the factors affecting
However, the graph partitioning framework can be easily extended the network performance of graph processing. We assume that
to k-section based graph partitioning algorithms. the amount of network trafc sent along each cross-partition
Since graph bisection has been a key operation in multi-level edge is the same (denoted lgs Denote the number of cross-
graph partitioning [24, 22], we briey introduce the process partition edges from partitios; to G; to be C(Gi;G;j), and
of bisection. There are three phases in a graph bisection, the network bandwidth between the machines st@ednd G;
namelycoarseningpartitioninganduncoarseningas illustrated in to be Bjj . Since network bandwidth is a scarce resource in
Figure 1. The coarsening phase consists of multiple iterations. Inthe cloud environment [10, 17], we consider the bandwidth as
each iteration, multiple adjacent vertices in the graph are coarsenecthe main indicator for network performance, and approximate the
into one according to some heuristics, and the graph is condensetherwork data transfer time froms; to G; to be C(Gélifl)b

into a smaller graph. The coarsening phase ends when the graphI'his approximation is suf cient for large graph proéessing in
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Figure 2: Network bandwidth unevenness in Amazon EC2: (a, b) Pair-wise network bandwidth varying the number of small
instances, (c) the distribution of pair-wise network bandwidth. The y-axis of all gures is capped at 300 for clarity.

both private and public cloud environments, as we observed in 3.2 Models

our experiments. Assuming graph partitions are stored dh e use two models namepartition sketchandmachine graph
different machlnespthe toigal network data transfer time incurred in g capture the features of graph partitioning process and network
all partition pairsis [_,*" ©_o* C(G,'Bli?')b performance, respectively.

Clearly, if the network bandwidth arhong different machine pairs
(Bij , 8i;j < P ) is constant, minimizing the total number of 3.2.1 Partition Sketch
cross-partition edges also minimizes the total network data transfer =" ) .
time. However, the network bandwidth among different machine ~We model the process of a multi-level graph partitioning
pairs can vary signi cantly in the cloud. Such network bandwidth ~&lgorithm as a tree structure (namelgrtition sketch. Each node
unevenness has been observed by cloud providers [5, 19]. Weil the pgrtltlon sket<_:h represents the graph_actlng as the _|r_1pu't for
have also observed signicant network bandwidth unevenness the partition operation at a IeveI. of the.entlre graph partitioning
in Amazon EC2. Figure 2 shows the network bandwidth of Process: the root node_representl_ng thelnput_graph; non-leaf nodes
every machine pair among 64 and 12all instances (i.e., at Ievel(+1)repr.esent|ng the partlltl_ons of th8 iteration; the Ieaf
virtual machine) on Amazon EC2. The network bandwidth varies Nodes representing the graph partitions generated by the multi-level
signi cantly. The mean (MB/sec) and standard deviation are 9raph partitioning algorithm. The partition sketch ikary tree
(112.8, 37.5) and (115.0, 40.2) for 64 and 128 small instances, for .k-sectlor) baseq graph partltlonlnlg' algorlthm.l Since this paper
respectively. We observed that some pair-wise bandwidth is very malnly considers bisections, the partltlor_l_sketch is represented as a
high (e.g., more than 500 MB/sec). The possible reason is binary tree. If thg.number of graph partitionsHs the number of
that those small instances can be allocated to the same physical€vels of the partition sketch islog, Pe+ 1). .
machine. Figure 3 illustrates the correspondence between partition sketch

We also note that the network bandwidth between two instances @nd the bisections in the entire graph partitioning process. In the
in the public cloud is temporally stable, with similar results 9Ure, the graph is divided into four partitions, and the partition
observed in the previous study [37]. That allows us to maintain SKetch grows to three levels. »
the network bandwidth for a machine pair with a reasonable long _ We further de ne anideal partition sketctas a partition sketch
period, and to develop network performance aware optimizations Vid@ optimal bisections on each level. On each bisection, the
for graph processing. optimal bisection minimizes the _n_umber of c_ross-partl_tl_on edges

Due to the network bandwidth unevenness, the way of partition- Petween the two generated partitions. The ideal partition sketch
ing and storing graph partitions on the machines is an important represents thgllteratlve. pgrtltlon process with the qpt!mal plsecjtlon
factor for the ef ciency of graph processing. Since the number of ON €ach partition. This is the best case that existing bisection-
graph partitions and the number of machines for graph processingP@sed algorithms [30, 24, 22] can achieve. Partitioning with
can be very large, the possible solution space of storing graph optimal blsectl_or_ls does not necessarily resn_JI_?lnpartltlons W|t_h _
partitions to the machines is huge. Consi@epartitions to be the globally minimum number of cross-partition edggs. EXIstl_ng
stored onP machines. The space includ@s possible solutions. ~ Studies [24, 22] have demonstrated that they can achieve relatively
Another problem is how to make the graph partitioning and 900d partitioning quality, approaching the global optimum. Thus,
graph processing algorithm aware of the bandwidth unevenness forWe Use the ideal partition sketch to study the properties of the multi-
networking ef ciency. level part!tlonlng algorlthm._ o

To address the network bandwidth unevenness in the current Analyzing the graph partitioning process, we have found that the
cloud environment, we propose a network performance aware id€al partition sketch has the following properties:
framework for graph partitioning and graph processing. The basic Loc@l optimality. ~ Denote C(n1;n2) as the number of cross-
idea is to partition, store and process the graph partitions accordingPartition edges between two nodes and nz in the partition
to their numbers of cross-partition edges such that the partitions Sketch. Givenany two nodes andn with a common parent node
with a large number of cross-partition edges are stored in the P in the ideal partition sketch, we ha@(n.; n2) is the minimum
machines with high network bandwidth. This is because the @mong all the possible bisections pn

network traf ¢ requirement for those graph partitions is high. By de nition of the ideal partition sketch, the local optimality is
achieved on each bisection.
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Figure 3: Correspondence between bisections and the partition

sketch for the process of partitioning the graph into four
partitions.

Monotonicity. Suppose the total number of cross-partition edges
among any partitions at the same lelvizl the partition sketch to be

T,. The monotonicity of the ideal partition sketch is tAat T;,
ifi .

The monotonicity re ects the increase in the number of cross-

partition edges in the recursive partitioning process.

Proximity. Given any two nodes; andn; with a common parent
nodep, any other two nodes; andns with a common parent node

p°, andp andp® are with the same parent, we ha@ni;n,) +
C(nz;na)  C(n @y:n )+ C(n ;N @) where is any
permutation on (1, 2, 3, 4).

According to local optimality, we know thaC(p;p®) =

C(n1;n3)+ C(ng;na)+ C(n2;n3)+ C(Nz2;n4) is the minimum.

Thus, we have:

cpip®) @
cp:p) @

C(ny;n2)+ C(ny;na)+ C(ng;n2)+ C(nz;na)
C(ny;n2)+ C(ny;ng)+ C(na;n2)+ C(na;ns)

a machine, which results in random disk I/O in accessing the
graph data.

Ps. According to proximity, the nodes with a low common
ancestor should be stored together in the machine sets
with high interconnected bandwidth in order to reduce the
performance impact of the large number of cross-partition
edges.

3.2.2 Machine Graph Building

Graph partitioning and processing are usually performed on a set
of machines (or virtual machines) acquired from the cloud provider.
We model the machines used for processing the data graph as a
weighted graph (namelyachine graph In a machine graph, each
vertex represents a machine. We assume that each machine has
the same con guration in terms of computation power and main
memory. In practice, users usually acquire the virtual machines
of the same type for one application, because of convenience and
management. We consider handling heterogenous machines as
future work. An edge means the connectivity between the two
machines represented by the vertices associated with the edge, and
the weight is the network bandwidth between them. We currently
model the graph as an undirected graph, since the bandwidth is
similar in both directions. We use the following techniques to
build the machine graph without knowledge of network physical
topology.

Given a set of machines for partitioning, the machine graph
can be easily constructed by calibrating the network bandwidth
between any two machines in the set. In our experiments, we
measure the network bandwidth by sending a data chunk of 8MB.
We use the average of twenty measurements. Nrowirtual
machines, we neel iterations of calibrations in order to get all
pair-wise performance. In each iteratio?r}, machine pairs are

SubstitutingC (p; p%), we have

That means, we hav@(ny; n2)+ C(ns;na)
C(n (@ ;N @) where is any permutation on (1, 2, 3, 4).
The intuition of the proximity is, at a certain level of the ideal

calibrated. The maintenance is based on the classic exponential

average, by getting the bandwidth of data transfer in the graph
C(n1;nz)+ C(ns;ng4) (3) processing. _ _ )
C(n1:n2)+ C(nz:ng) ) The Ieft. part. of Figure 4(@) illustrates the machine gra.ph for
four machines in a cluster with tree topology. The edge thickness
represents the weight: a thicker edge means a link with higher
bandwidth. The example cluster consists of two pods, and each
pod consists of two machines. Assuming that the intra-pod network

C(ng;n3)+ C(nz;ny)
C(nz;n3)+ C(ng;n4)

C(n @;n @)+

partition sketch, the partitions with a low common ancestor have bandwidth is higher than the inter-pod one, and the intra-pod
a larger number of cross-partition edges than those with a high bandwidth is the same across pods, we have the machine graph

common ancestor.

with four vertices and six edges. The intra-pod connections are

These properties of the partitioning sketch indicate the following represented as thicker edges, indicating that they have a higher
design principles for graph partitioning and processing, in order to interconnected bandwidth.

match the network bandwidth with the number of cross-partition
edges.

P1.

P-.

In the remainder of this paper, we refer “graph" as a graph,
and “machine graph" and “data graph" as the machine graph
constructed from a set of machines in the cloud and the input data

Graph partitioning and processing should gracefully adapt to graph for partitioning, respectively.

the bandwidth unevenness in the cloud network. The number

of cross-partition edges is a good indicator on bandwidth 3.3 Bandwidth Aware Graph partitioning

requirements. According to the local optimality, the two ) N . )
partitions generated in a bisection on a graph should be With the partition sketch and the machine graph in hand,
stored on two machine sets such that the total bandwidth W& develop a novel network bandwidth aware framework for
graph partitioning and processing in the cloud. The framework
enhances a common multi-level graph partitioning algorithm with
The partition size should be carefully chosen for the ef- the network performance awareness. Given a set of machines to
ciency of processing. The number of partitions should partition the graph, the graph is initially stored in those machines
be no smaller than the number of machines available for (usually according to the simple hash function). At each bisection,
parallelism. According to the monotonicity, a small partition all edges and vertices are accessed multiple times for coarsening
size increases the number of levels of the partition sketch, and uncoarsening. It generates a lot of network trafc. Thus,
resulting in a large number of cross-partition edges. On the bisection should be designed to be aware of the network bandwidth
other hand, a large partition may not tinto main memory of unevenness.

between the two machine sets is the lowest.



Algorithm 1 Bandwidth aware graph partitioning
/- Input: A set of machine$ in the cloud, the data graph, the number of
| iMu vl [Wlv. partitionsP (L = log , P)
e Description: PartitionG into P partitions withS
Msketch

m 1: Construct the machine graph fromS;
o 2: BAPar{M , G, 1);/lthe rst level of recursive calls.

My My Sy
G, ’Gi i
N Gy 6;]161 £ 4G,
M, My, Q - . .<
& N Machine graph DSketch b

=< o3
T ea I
! ;J My ! :) My (a) Four machines are chosen .

3t ot

:_l_J,'Mlz :_?J"Mzz My M, e e

M, ™, @ %Gz - a3

Network topology Gn‘ .G, Gy L L G,, P
N

“H Procedures:BAPartM , G, 1)
“f!z,l- ,-Mn 1. Divide G into two partitions G; andG;) with the machines iM ;
e 2: if M consists of a single machirnkeen
3:  Letthe machine iM bem.
4: Divide G into 2- ! partitions usingmn with the local partitioning
algorithm;
5:  Store the result partitions im;
6: else
7: Divide M into two partitionsM 1 andM »;
8:
9:
0:

Machine graph osketch  Msketeh

(b) Three machines are chosen

Figure 4: Mapping on the partition sketches between the
machine graph and the data graph.

Divide G into two partitionsG; andG, with the machines itM
with distributed algorithm [22];
BAPariM 1, G1, I+1);

There is one observation on multi-level graph partitioning
BAPari{M ,, G, |+1);

algorithms: due to the divide-and-conquer nature, there is no
data exchange between the two bisection sub-partitions generated
from the same bisectionSuppose a distinct subset of machines

IS respo_nS|bIe for each of the two sub-partltlons. The network adaptation on assigning the network bandwidth to partitions with
connections between the two subsets of machines are no longelyitrorent number of cross-partition edges. The constraint of making
involved in the de_eper level .Of . b'SeCt.'On' That_ means, We nhartitions with the roughly same number of machines is for load-
should pick the high bandwidth connections remaining in the balancing purpose, since partitions in the data graph also have

subset of machines, and leave the low bandwidth connections aSgimilar sizes.

those between the two subsets of machines. This is analogous to Along the multi-level bisections, the algorithm traverses the
performing graph partitioning on the machine graph with respect to partition sketches of the machine ’graph and the data graph, and
minimizing the total bandwidth between two subsets of machines. builds a mapping between the machines and the partitions. ’The
That results in the correspondence between partitioning the datamapping guides the machines where the graph partition is further
graph and partitioning the machine graph, and we gradually assign ,, itioned, and where the graph partition is stored. Figure 4
the subset of machines that are suitable to handle graph partitioningiIIustrates tyhe mapping between two machine graphs and a data
at a certain level. At each level of graph partitioning, the framework graph for the partitioning framework. Take case (a) where four
partitions the data graph and machine graph simultaneously, andmachines are selected as an example. The bisection on the
matches the network bandwidth in the cloud to the number of cross- . tire graphG is done on all the four machines. At the next
partition edges according to the partition sketch and the machine level, the bisections oG; and G, are performed on podd ;

graph. and M, respectively. Finally, the partitions are stored in the
Th? bandwidth aware graph partltlonlng framewprk is shown in machines according to the mapping. Note, we use the tree
Algorithm 1. The framework simultaneously partitions the data g, tured network topology mainly for presentation purposes, and

graph and th? ma_chlne graph V\."th multl-levgl_blsectlons. At_a our framework does not assume speci ¢ network topologies and
certain level, it assigns the machines in a partition of the machine network environments

graph to perform partitioning on the partition of the data graph. The partitioning algorithm satis es the three design principles:

At the leaf I.evel, graph partitions are stored in Fhe machine in, Fhe 1) the number of cross-partition edges is gradually adapted to the
corresponding node in the machine graph. Finally, the partition ey york bandwidth. In each bisection of the recursion, the cut with
sketches for both machme graph and data graph are generat_ed. "Bhe minimum number of cross-partition edges in the data graph
Surfer, those partition sketches are stored as catalog data in thecoincides that with minimum aggregated bandwidth in the machine
masr’][er servsr. ¢ bartit b Cod by th graph. 2) The partition size is tuned according to the amount of
The number of partitionsP, can be specied by the user. In - i memory available to reduce the random disk accesses. 3) In

Surfer, we determmE SO that_a graph_parntlo_n can tinto the main the recursion, the proximity among partitions in the machine graph
memory of a machine. This is to avoid the signi cant performance matches that in the data graph

degradation due to the random disk I/O in graph processing. A
machine can hold more than one graph partition. In Line 4 of ..
ProceduréBAPartM , G, |), M consists of a single machine. We 3.4 Partitioned Graph Storage
further divideG into 2 ' partitions so that each partition can t We consider how graph partitions are distributed on the machines
into the main memory. so that the network performance is optimized. The distribution is
We use a local graph partitioning algorithm such as Metis [30] also maintained without re-partitioning when the machine graph
to partition the machine graph, since the machine graph usually is signi cantly changed. In Surfer, graph partitions are stored
can t into the main memory of a single machine. On the securely with the replication scheme. In Amazon EC2, we store
bisection of the machine graph, the objective function is to graph partitions in Amazon S3 which offers secure storage by
minimize the weight of the cross-partition edges with the constraint default. For processing, we read the graph partitions from Amazon
of two partitions having around the same number of machines. S3, and store them on the local storage of virtual machines that we
This objective function matches the bandwidth unevenness of the have acquired for graph processing. If such a secure storage is not
selected machines. The goal of minimizing the weight of cross- available, one can develop a distributed le system like GFS [12].
partition edges in the machine graph corresponds to minimizing the In both cases, graph partitions are stored in the local storage of
number of cross-partition edges in the data graph. This is a gracefulmachines for graph processing.




We transform the problem of distributing graph partitions to the ANdi .
. . . Hierarchical combination
machines as the problem of developing a node-to-node mapping

from the partition sketch of the data grapBSketch) to the \ Data transfer to the target
partition sketch of the machine grapk$ketch). If a noden in » vertex

DSketch is mapped to a noda® in MSketch, all the partitions of \1 2/ |3 4ﬁ5 6/ | 7

generated fromm is stored in the machines irf. If n°represents a O @ dv b dﬁ_’ Qo

single machine, the mapping gives all the graph partitions stored R\/_'/

in that machine. DSketch and MSketch can be obtained from

catalog.

Figure 5: Hierarchical combination according to the partition

The node-to-node mapping frordSketch to MSketch is sketch of the machine graph of eight machines.

de ned as follows. Let the number of levels iDSketch and
MSketch beLp andLy , respectively. We assunmiep Lm
so that each machine has one graph partition at leastRbetnd
Rwm be the root nodes ddSketch andMSketch, respectively. We
de ne a mappingM from DSketch to MSketch in a divide-and-
conquer manner (the below equation), wheteandd: is the left 3.5 Hierarchical Combination
and the right subtrees &p respectively, anan; andm. is the
left and the right subtrees &y respectively.d; (or dz) can be
mapped to any om; andm,. Thus, we usej" to indicate that
bothM mappings are valid.

by MSketch. Moreover, the partitions stored in a machine have the
same lowest common ancestor hod®iBketch.

We extend the vertex-oriented execution model to exploit data
locality of graph partitions. Since combination is a commonly
used approach to reduce network traf ¢ in data intensive computing
systems [10, 17], we develop the combination optimization on
partitioned graph. The basic idea is to applyCambine()
function (i.e.,Combinerin Pregel), and perform partial merging
of the intermediate data before they are sent over the network.
Combination is applicable when the combination function is
The deepest level dfl (d! m) means the partitions generated annotated as an associative and commutative function.
from further partitioningd are stored on machin@. Figures 4 A basic approach ifocal combination Current graph engines
(a,b) illustrate the mappings fromSketch and MSketch when like Pregel and Trinity support this basic approach. For all the
the number of machines are four and three, respectively. When graph partitions on a machine, we apply the local combination on
the number of machines is four, each graph partition is mapped to the boundary vertices belonging to the same remote partition, and
different machines. When the number of machines is three, two sends the combined intermediate results back to the local partition
graph partitions irG, are mapped to a@ingle_machine. for further processing.

According to the de nition, there is iL:“g 2' 1 possible map- Local combination is not aware of the network bandwidth
ping candidates. In initialization, we can pick any one of them. unevenness in the cloud network environment. This motivates us
In maintenance, we choose the one that results in the minimum to develop the network performance aware optimization for graph
network traf c. Also note, the mapping obtained from Algorithm 1 processing, i.e.hierarchical combination In local combination,
satis es this de nition. Thus, if users acquire a different set of it requires network data transfer for the boundary vertices of the
machines, we only need to constriMdSketch and calculate the graph partition. Due to the irregular graph structures, the source
mapping (with theDSketch from the catalog). That is, we can vertices are likely to be scattered on many different machines.
easily run graph processing on different sets of machines, without Thus, many data transfers are performed on the relatively low

8
2 M (di;m1); M (dz2;m3p)j

M (Rp;Rwm)= oM (d1;m32); M (dz2;m3) if Rp andR y arenotleaves;
*Rp ! Rwm otherwise

repartitioning the data graph. bandwidth machine pairs, caused by the network bandwidth
The mapping fromDSketch to MSketch needs to be main- unevenness.

tained. In practice, data graphs are not often re-partitioned (i.e., Instead of direct data transfers after local combination, the data

DSketches are usually static). We need to maint¥&ketch if of the source vertices can be combined among the machines with

the machine graph is signi cantly changed, for example, a machine high bandwidth before sending them to the target machine via
failure occurs. In particular, we periodically check the machine the connections with low bandwidth. Hierarchical combination
graph to see whether we need to perform adjustment on the graphapplies this idea in multiple levels according to the partition
partitions. For simplicity, we decide to perform adjustment if sketch of the machine graph. With the hierarchical combination
the cross-machine bandwidth signi cantly changes (e.g., the total optimization, the data transfer on the low-bandwidth connection
amount of bandwidth changes in the bandwidth is higher than a is reduced. We note that similar optimization techniques have
prede ned threshold), or when the set of machines changes. Inbeen adopted in other contexts to reduce network trafc, e.g.,
case wherd/Sketch is reconstructed, we consider all the possible MPI collective communications [32]. Differently, the proposed
mappings fronDSketch to MSketch, and choose the one with the  hierarchical combination is guided by the partition sketches of the
smallest number of graph partition movements. Speci cally, given machine graph and the data graph, which are speci cally designed
a mapping, we can obtain the graph partitions on each machine andfor graph processing on partitioned graphs.
calculate the number of graph partition movements by comparing  Figure 5 illustrates one example of performing hierarchical com-
the current graph partition distribution. Thus, we are able to shuf e bination on eight machines. Suppose each machine holds one graph
the affected graph partitions only, without entirely repartitioning partition and machine 0 needs to read data from other machines.
the data graph. Note that, the partition sketch of the machine graph has captured
The proximity of the data graph partitions is gracefully adapted the network bandwidth unevenness. After local combination on
to the the network bandwidth of the machines during the mapping each machine, we perform the rst-level combination between two
process. That is, the total number of cross-partition edges in machines (for example, between machines 6 and 7), and store
the bisection represented WySketch corresponds to the total  the result on aepresentativenachine. Machines 2, 4 and 6 are
bandwidth of the connections in the cut of the bisection representedthe representative machines at the rst-level combination. Further



combination is performed on the representative machines. Finally,
all the partial results are sent to machine 0. On the low-bandwidth
connections between machine 0 and machir(é i 7), ‘—,ﬁ

hierarchical combination has only one data transfer for the partial u X
results, compared with four in the baseline implementation with
local combination.
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Figure 6: The variants of topology T2, simulating thg machines
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@ j 4). By default, T2(2;1): x1 = X2 = 16; T2(4;1):
V1= VY2.= Ya=8;T2(4;2): 21 = 2..= 24 = 8.

4. EVALUATION

In this section, we present the experimental results with real-
world and synthetic graphs.

4.1 Experimental Setup

We have conducted our experiments on a local cluster and
Amazon EC2. The local cluster has 32 machines, each with a Quad
Intel Xeon X3360 running at 2.83GHz, 8 GB memory and two 1TB
SATA disks, connected with 1 Gb Ethernet. The operating system Figure 6 shows the three variantsTofwith 32 machines examined
is Windows Server 2003. All the machines form a pod, sharing the in our experiments. We can con gure the number of machines in
same switch. The current cluster provides even network bandwidth different pods T2(2;1): xi 11 i  2), T2(4;1): y; 1,
between any two machines. T2(4;2): z 11 j 4)). By default, we assign the
We develop a system prototype (named Surfer) following same number of machines in each pod, and all the switches have
Pregel [29], and extend it with our graph partitioning framework. the bandwidth of 1Gb/sec. Our experiments are conducted without
We implement Surfer in C++, compiled in Visual Studio 9 with full  the knowledge of network topologies. For different numbers of
optimizations enabled. pods and different distributions of machines among pods, we
We have described some implementation details on graph observed that the machine graph model always correctly captures
partitions. The data graph is divided into many partitions with the network bandwidth unevenness in the 32 machines.
similar sizes, using our graph partitioning framework (Section 3). T3 simulate a pod whose machines have two different con gu-
Graph partitions are stored in the hard disk (such as local storagerations. For simplicity, we simulatg (1 g < 32) machines
in Amazon EC2), and a partition is loaded into main memory randomly chosen from the pod having one half bandwidth of the
when the task is initiated for processing the partition. The local remainder machines in the cluster.

cluster adopts a distributed le system with replications (each graph
partition has three replicas by default).

We develop a discrete-event network simulator Terand Ts.
We log the events of data send/receive operations in the execution

Surfer uses the adjacency list storage as graph storage. Otheof Surfer, and then feed those events into the simulator to get

graph storage formats are also applicable. The formatli® , d,
neighbors >, wherelD is the ID of the vertexd is the degree

of the vertex, andheighbors contains the vertex IDsg, ...,Ng 1

of the neighbor vertices. Instead of maintaining a global mapping
from an arbitrary vertex ID to its partition ID, we encode the vertex

the delay of each send/receive operations. Next, we use those
latency information in the real execution by adding a latency into
the send/receive operations such that the time for sending the data
matches the simulation on the target tree topology.

Graph operations. We consider multiple common operations in

IDs such that the partition ID could be inferred from vertex ID social network which represent basic processing on graphs [40, 2].
itself. The vertex ID is divided into two bits ranges, the higher We can nd their counterparts in other graph applications such as
range represents its partition ID, and the lower stands for its offset web graph analysis.

id within this partition. From this encoding, it is straightforward to  Network ranking KR) is to generate a ranking on the vertices in
nd the partition ID for a vertex. the graph using PageRank [31] or its variants.

Simulating different network environments. While Amazon Recommender systeRS) is to evaluate how the advertisement of
EC2 allows us to evaluate Surfer in a public cloud environment, a certain product propagates in the network. The recommending
the network topology is hidden by virtualization. We need another starts with a set of initial vertices who have used the product.
complementary approach to evaluate our framework in a controlled For each individual using the product in the network, i.e., the
manner. We simulate the network bandwidth unevenness in useProduct value of the individual is true, the recommender
the cloud network environment. In particular, we use software system recommends the product to all his/her friends. Each person
techniques to simulate the impact of different network topologies can accept the product recommending with a probalplity
and hardware con gurations. The basic idea is to add the latency Triangle counting TC). Previous studies [40] show that the amount
to the network transfer according to the data transfer time obtained of triangles in the social network of a user is a good indicator of the
from network simulator. We denote the setting of the current cluster role of that user in the social network. Triangle counting requires a
to beTi. We consider the following two settings andTsz. The single iteration for propagation on the graph.

32 machines are simulated as a subset of machines in a much large¥ertex Degree DistributionMDD) calculates the out-degree distri-
cloud. bution of a social graph.

Since tree-structured network is the major topology in current Reverse Link GraphRLG) is to process all the incoming edges
data centers [14, 5, 19], we simulate different tree-structured for the directed graph. The task is to reverse the source vertex and
network topologies. We simulaté, as a tree topology. We  destination vertex for each edge in the graph.
use < # pod, #level > to represent the con guration of the  Two-hop Friends List{FL) nds the list of two-hop friends for
tree topology, wherét pod is the number of pods used for graph  analyzing social in uence spread, community detection and so on.
processing, and level is the number of levels in the topology. The ratio of the selected vertices is 10% in our experiments.

At each level of the tree topology, all-to-all communications in These graph operations have different characteristics to assess
graph processing cause the traf c contention in the switch [14]. different system aspects. VDD is a vertex-oriented tasks, and others



studies on the synthetic graphs. We report the results for single
iteration only, unless speci ed otherwise. Also, the reported results
are mainly from the local cluster, and the results for Amazon EC2
are presented in Section 4.6.

Table 1: The statistics of inner edge ratios with different
partition sizes

Number of partitions 128 | 64 32 16
Partition granularity (GB)| 1 2 4 8
ier of our partitioning(%) | 50.3 | 57.7 | 65.5 | 72.7

4.2 Results on Partitioning

Partitioning quality. We rst investigate how the partition size
affects the quality of partitioning. We quantify the partitioning

% quality with the inner edge ratider = £, whereie andjE]j
40 are the number of inner edges and the total number of edges in the
graph. Table 1 shows thHer values and the partition granularity
3 20 with the number of partitions varied. As we vary the number of

=N
S

partitions from 16 to 128, the partition size decreases from 8GB

to 1GB, and thaer ratio decreases from 72.7% to 50.3%. This
T221)  T241)  T2(42) T3 validates the monotonicity of graph partitioning: as the depth of
the partition sketch increases, the number of cross-partition edges
increases. Although the partition size at 4GB or 8GB provides
higher inner edge ratios, the graph partition and the intermediate
data usually cannot tinto main memory, and cause a huge amount
of random disk 1/0Os. Therefore, we choose 2GB as our default
. setting, and divide the real graph into 64 partitions. We use this
are edge-oriented tasks. TFL has a heavy data transfer amonGsetting for the real graph thereafter.
neighbor vertices, and NR_has a relatively light data trar_lsfer. Performance improvement on graph partitioning. We next e-
_ Data sets.The data sets include a snapshot of the social network 5| ate the effectiveness of our bandwidth aware graph partitioning
in MSN collected in 2007 and synthetic graphs, each of which is gamework. We investigate the improvement on the elapsed time
over 100GB. The social network used in this study contains 508.7 4t 5 \ell-known distributed graph partitioning software namely
millions vertices and 29.6 billion edges. The number of edges in py \etis [30] orT, andTs when our framework is used, as shown
the social network is almost ve times as many as the largest one i, rigyre 7. Our framework has the same performance as ParMetis
in the previous study [21]. onT,.

We generate synthetic graphs simulating small world phe- oy, gifferent network environmentd{ andTs), the bandwidth

nomenon. We rst generate multiple small graphs with small-world 5416 graph partitioning framework achieves an improvement of
characteristics using an existing generator [6], and next randomly 39_g50, over ParMetis. ParMetis randomly chooses the available

change a ratiopy ) of edges to connect these small graphs into @ 5chine for processing, without the awareness of the network
large graph. The default value pf is 5%. We varied the sizes  panqyidth unevenness. In contrast, due to the network perfor-

of the synthetic graphs to evaluate the scalability of Surfer. The 5006 aware optimization, our framework effectively utilizes the
default size is 100GB, with 408.4 million vertices and 25.9 billion network bandwidth, and reduces the elapsed time of partitioning.
edges. The performance improvement increases for the topolagwith

Metrics. We use two metrics for the time efciency: the = mgre |evels or with more pods per level. This demonstrates the
response time and the total machine time, where the response timeyactiveness of the three design principles of an ef cient graph

is the elapsed time from submitting the job till its completion, and partitioning algorithm. Note, both techniques @n behave the

the total machine time is the total time spent on the entire job on ¢5 e since every machine paifiin has almost the same network
all the machines involved. To understand the effectiveness of our band\;vidth.

optimizations, we report two 1/0 metrics: the total network I/O and

the total disk I/O during the execution. chines among pods. Figure 8 shows the performance improvement

We run the same experiments for ve tilmes and report the of graph partitioning varying(:, x2) onT2(2; 1). Asx1 increases
average execution time. The results across different runs are mostlyt, o 16 to 28. one pod has more machines and the network

stable in our simulation. We obtain similar results for the real graph ,onqwidth becomes more even among different machine pairs.
and synthetic graphs. We mainly present our evaluation results t,o performance improvement degrades. Wken= 28, the

on the real-world social network, and the results for parametric performance improvement is around 10%. We observed similar
results on other network topologies.

Performance improvement of
bandwidth awareness (%)
w
(=]

Figure 7: Performance improvement of bandwidth awareness
on graph partitioning over ParMetis.

We further study the impact of different distributions of ma-

o
o

4.3 Results on Graph Processing

We rst study the impact of optimization techniques in the
execution in a single-iteration Surfer. We have studied the case
for multiple iterations, and obtained similar results. Tables 2 and 3
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show the timing and 1/O metrics on the applicationsTan On

T1, hierarchical combination degrades to the local combination
within individual graph partitions. We evaluate the impact of
hierarchical combination in the later experiment. We implement
these applications with Surfer in the following optimization levels.

bandwidth awareness (%)

Performance improvement of
=
o
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Figure 8: Performance improvement of bandwidth awareness O1. Surfer with graph partition storage distribution generated
on graph partitioning over ParMetis on varying T2(2; 1). from ParMetis, and no other optimizations.



Table 2: Response time and total machine time of applications of; (Seconds)
TC

VDD RS NR RLG TFL
Res. Total.| Res. Total.| Res. Total.| Res. Total.| Res. Total. | Res. Total.
Ol | 325 5523| 592 9291 | 3421 48498| 3815 47213| 20125 156243 43245 607854
02| 325 5523| 436 8954 | 2653 46823| 3124 39212| 17431 134091] 38212 589967
O3 | 233 3658| 518 7220| 736 14278| 2994 32140| 5426 98645 77345 82529
O4 | 233 3658| 273 5133| 658 12872| 2715 30173| 3335 85568| 6315 75657
Table 3: Disk and network 1/0O of applications onT1 (GB)
VDD RS NR RLG TFL
Network. Disk.| Network. Disk.| Network. Disk.| Network. Disk.| Network. Disk.| Network. Disk.
o1 3 127 13 162 136 619 93 553 87 1325| 2886 7087
02 3 127 11 160 114 570 58 477 72 1202 | 2271 4908
03 1 122 5 133 28 183 28 303 65 265 169 651
04 1 122 5 132 27 181 25 263 61 255 138 618
02. Surfer with storage according to the machine graph partition- g oo el
ing sketch, and no other optimizations. § °000%0 Baseline 2
ﬁ 400000 W Surfer
03. Surfer with local combination, but with graph partition £ 300000

storage distribution generated from ParMetis.
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The difference between Ol and O2 as well as between O3 RS NR ‘ RLG C TFL ‘

and O4 is the comparison between the ParMetis' graph partition
distribution and our bandwidth aware framework. The difference
between O1 and O3 as well as between O2 and O4 is to evaluate th
effectiveness of local combination in Surfer. Overall, we found O4
optimizes the performance dramatically. We make the following
observations on the optimizations on the topoldgy

First, comparing O1 with O2 and O3 with O4, we observed
that the bandwidth aware graph partitioning improves the over-
all performance. Without local combination, the performance
improvement is 3-17%. When both techniques are enabled,
the performance improvement is better, between 6% and 29%.
This measures the performance improvement of Surfer when
both optimization techniques enabled. @np, the performance
improvement is contributed from the intra-machine locality, since
partitions with common ancestor nodes in the partition sketch Figure 10:
are stored on the same machine. Surfer schedules the executiourfer
according to the partition sketch and takes advantage of such
locality. Since VDD is a vertex-oriented task, bandwidth aware
graph partitioning has little improvement. Impact of hierarchical combination. We further investigate

Second, comparing O1 with O3 and O2 with O4, local com- the impact of hierarchical combination on different network
bination signi cantly reduces the network I/O and disk 1/0, and environments. We denote "Baseline 1" to be the baseline Surfer
contributes to the overall performance improvement. In specic, with O3, and "Baseline 2" to be "Baseline 1" with the bandwidth
the performance improvement is 22—-86% on the ParMetis' graph aware graph partitioning, without hierarchical combination. Thus,
partition distribution, and 23%-87% on the storage distribution the performance difference between Baseline 1 and Baseline 2
according to the machine graph partitioning sketch. is the impact of bandwidth aware graph partitioning, and the

Therefore, comparing O1 with O4, the storage distribution performance difference between Baseline 2 and Surfer (with full
and local combination are accumulative. Their combined perfor- optimizations) measures the impact of hierarchical combination
mance improvement is 30—-85% and the combined network traf ¢ when bandwidth aware graph partitioning is enabled.
reduction is 30-95% (except VDD), which also represents the Figure 9 shows the performance of Surfer in comparison with
performance improvement of Surfer over the basic performance Baseline 1 and Baseline 2 dn andTs. Bandwidth aware graph
with the partitioned graph. Among the applications in our partitioning signi cantly improves the performance on different
benchmark, the performance improvement for NR and TFL is network topologies, with an improvement up to 60%. With the
relatively high. Because these two applications generate hugeawareness of bandwidth unevenness, the hierarchical combination
amounts of intermediate data, and local combination signi cantly further improves Baseline 2 by 10-12%.
reduces the data transfer, especially when the data distribution is We further study the impact of different distributions of ma-
according to the bandwidth aware framework. chines among pods in those network topologies (Figures are omit-

Figure 9: Impact of bandwidth aware partitioning on different
?opologies
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graph partitioning and processing. The variation is acceptable
in Amazon EC2. Due to the network bandwidth unevenness
in Amazon EC2, our network performance aware optimizations
improve both graph partitioning and processing, with 20-25%
performance improvement for graph partitioning and with 49%
and 18% performance improvement for NR over Baseline 1 and
2 respectively. This demonstrates the effectiveness of our network
performance aware optimizations in the public cloud environment.
We also performed the same experiment on other instances on
Amazon EC2 and observed similar results ( gures are omitted).
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Figure 11: Comparison of network
MapReduce and Surfer
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5. CONCLUSION

As data-intensive applications on large graphs become popular
ted). Generally, as one pod has more machines, the performancen the cloud, the ef ciency of large graph processing engines needs
impact of our graph partitioning framework degrades. Without to pe carefully revisited. In this paper, we examine the unique
the knowledge of network topologies, the proposed graph parti- network environment in the cloud, and develop a bandwidth aware
tioning framework Captures the network bandwidth unevenness for graph partitioning framework to minimize the network traf c in
improving the overall performance of graph processing. This is partitioning and processing. We develop Surfer by extending
consistent with the results on graph partitioning. a system prototype following Pregel with the graph partitioning

. . framework. Our evaluation on the large real-world and synthetic
4.4 Comparlsons with MapReduce graphs shows the effectiveness of the bandwidth aware graph
For the completeness of our study, we have compared Surferpartitioning and processing optimizations on Surfer. We expect
with MapReduce-based implementations. Figure 10 shows the that our graph partitioning framework is applicable to other vertex-
performance comparison between MapReduce and Surfer on theoriented graph processing engines such as Trinity [35]. Our
applications. The MapReduce engine is built on top of Dryad [17]. future work is to explore monetary cost optimizations for graph

Surfer is signi cantly faster than MapReduce on most applications processing [38], and to investigate the performance of Surfer on
(except VDD). In particular, the speedup on the response time is other network environments [14].
between 1.7 to 5.8, which con rms the importance of developing
graph-aware engines for large graph processing [29, 21].

We further study the performance comparison between MapRe- ACknOWIedgement
duce and Surfer for network ranking under different simulated The authors would like to thank anonymous reviewers for their
topologies. Figure 11 shows the speedup (de ne(f%ls where valuable comments. The work of Rishan Chen, Xuetian Weng
ts and tn are the response time for Surfer and MapReduce, and Xiaoming Li was partly supported by NSFC Grant 60933004
respectively). The MapReduce implementation does not have theand SKLSDE-2010KF-03 of State Key Laboratory of Software
network bandwidth aware optimizations. Our network bandwidth Development Environment at Beihang University. The work of
aware optimizations in Surfer further increase the performance Bingsheng He was partly supported by SUG Grant M4080102.020
speedup over MapReduce ®n andTs. of Nanyang Technological University, Singapore.

4.5 Other System Features

Machine failure. Figure 12 shows the disk I/0O rates of an
execution of the network ranking, where we intentionally kill a
machine at 235 seconds (as shown in Figure 12(a)). Upon detecting
the machine failure, Surfer decides to re-construct the machine
graph and to maintain the mapping from the partition sketch of
data graph to the partition sketch of machine graph. Two graph
partitions are replicated due to the replication protocol. When the
maintenance is nished, Surfer immediately schedules the failed
task for re-execution. The re-execution happens in another machine
(shown in Figure 12(b)). Comparing the normal execution in
Figure 12(c), the entire computation with recovery nishes in 723
seconds including a startup overhead of 10% over the normal

execution.
recursive model for graph mining. Fourth SIAM
4.6 Results on Amazon EC2 International Conference on Data Miningpril 2004.

We further study the network performance aware graph partition- [7] F. Chang, J. Dean, S. Ghemawat, W. C. Hsieh, D. A.
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