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~ Abstract—Graph-processing platforms are increasingly used of graph-processing systems depend to a large extent on the
in a variety of domains. Although both industry and academia dataset, the algorithm, and the graph-processing platform
are developing and tuning graph-processing algorithms and Thus, gaining a thorough understanding of graph-procgssin

platforms, the performance of graph-processing platforms has . . . . .
never been explored or compared in-depth. Thus, users face the performance is impeded by three dimensions of diversity.

daunting challenge of selecting an appropriate platform for their Dataset diversityWe are witnessing a significant increase
specific application. To alleviate this challenge, we propose an in the availability and collectability of datasets repmese as
empirical method for benchmarking graph-processing platforms.  graphs, from road to social networks, and from bioinforesati
We define a comprehensive process, and a selection of represenmaterial to citation databases.

tative metrics, datasets, and algorithmic classes. We implement a Algorithm di itv A | b f h algorith
benchmarking suite of five classes of algorithms and seven diverse  ~190rtM dIVErSIty A largé number of graph algorithms

graphs. Our suite reports on basic (user-lever) performance, have been implemented to mine graphs for calculating basic
resource utilization, scalability, and various overhead. We use graph metrics [6], for partitioning graphs [7]-[9], for wexs-
our benchmarking suite to analyze and compare six platforms. ing graphs [10]-[12], for detecting communities [13], [14]
\é\éingf'er;];’ﬁg‘;\?:égrhnzﬂgi fg][ eachhplatform and pl)r?fsent the first tor searching for important vertices [15], [16], for sarmgji
P P graph-processing piatiorms. graphs [17], [18], for predicting graph evolution [1], etc.

Platform diversity Many types of platforms are being
used for different communities of developers and analysts.

Large-scale graphs are increasingly used in a variety Afldressing a variety of functional and non-functional riegu
revenue-generating applications, such as social apipitat ments, a large number of processing platforms are becoming
online retail, business intelligence and logistics, amalrtfor-  available. Neo4j [19], HyperGraphDB [20], and GraphChi][21
matics [1]-[3]. By analyzing the graph structure and chaare examples of efficient single-node platforms with limite
acteristics, analysts are able to predict the behavior ef thcalability. To scale-up, distributed systems with moren€o
customer, and tune and develop new applications and semting and memory resources are used to process large-scale
vices. However, the diversity of the available graphs, & thgraphs, but they can even be less efficient than single-node
processing algorithms, and of the graph-processing ptafo platforms. For example, generic data processing systenis su
currently available to analysts makes the selection of & plas Hadoop [22], YARN [23], Dryad [24], Stratosphere [25],
form an important challenge. Although performance studiesmid HalLoop [26] can scale out on multiple nodes, but may
of individual platforms exist [4], [5], they have been so faexhibit low performance due to distribution and overheads.
restricted in scope and size. In this work, we propose a st@paph-specific platforms such as Pregel [5], Giraph [27],
forward: a comprehensive experimental method for anatyziPEGASUS [28], GraphLab [29], and Trinity [30] are designed
and comparing graph-processing platforms. We further ine provide feasible alternatives, but are not yet thoroyghl
plement this method as a benchmarking suite and we applaluated for non-trivial algorithms and large datasets.
it on six popular platforms. Our initial target is to provide New performance evaluation and benchmarking suites are
benchmarking functionality for Small and Medium Enterpss needed to respond to the three sources of diversity, théd is,
(SMEs), who have access to clusters of a few tens of machingsovide comparative information about different perfonoa

For both system developers and graph analysts (systematrics of different platforms, through the use of empirica
users), a thorough understanding of the performance oéthesethods and processes. However, the state-of-the-artnin co
platforms (which we define as the combined hardware, sofparative graph-processing platform evaluation reliesatays
ware, and programming system that is being used to complete Graph500 [31], the de-facto standard for comparing the
a graph processing task), under different input graphs apdrformance of the hardware infrastructure related to lgrap
for different algorithms, is important—it enables informegrocessing. By choosing BFS as the single representative
choices, system and application tuning, and best-practi@pplication and a single class of synthetic datasets, GfAph
sharing. However, the execution time, the resource consunmas triggered a race in which winners use heavily optimized,
tion, and other performance and non-functional charattesi low-level, hardware-specific code [32], which is rarely tidu

I. INTRODUCTION



or reproduced by common graph processing deployments and Il. METHOD AND BENCHMARKING SUITE FOR
thus rarely reaches SMEs. Moreover, even the few existing GRAPH-PROCESSINGPLATFORMS

platform-centric comparative studies are usually perfaim In this section we present an empirical method for eval-

to prove the superiority of a glven.system over its .d're(f}ating the performance of graph-processing platforms. Our
competltors_, S0 the_y_only add_ress a I|m|ted set of metrich 4thethod includes four stages: identifying the performance
do not provide sufficient detail regarding the causes tad Ieaspects and metrics of interest; defining and selectinge+epr

to performance gaps. sentative datasets and algorithms; implementing, cornfigur
Addressing the lack of a comprehensive evaluation methgeld executing the tests; and analyzing the results.

and set of results for graph processing platforms, this work

addresses a key research questidow well do graph process- A. Performance Aspects, Metrics, Process

ing platfo_rms perform?To answer _this guestion, we propose T4 pe able to reason about performance behavior, we
an empirical performance-evaluation method for (largeexC first need to identify the performance requirements of graph
graph-processing platforms. Our method relies on definingocessing platforms, the system parameters to be modjtore
a comprehensive evaluation process, and on selecting s metrics that can be used to characterize platform perfor

resentative datasets, algorithms, and metrics for eve@iatyance, and an overall process how performance is evaluated.
important aspects of graph-processing platforms—exetutio | this study, we focus on four performance aspects:

time, resource utilization, vertical and horizontal sbdlty, R . the ability of latf i
and overhead. Using this method, we create the equivalent 011) aw processing powerthe ability of a piatiorm 1o
(quickly) process large-scale graphs. Ideally, platforms

a benchmarking suite by selecting and implementing five-algo hould combine d nalvsis and short iob runtim
rithms and seven datasets from different application domai shouid co € deep analysis and short Job ru es.
For SMEs, the latter could mean several minutes.

We implement this benchmarking suite on six popular plat- 5y pesource utilizationthe ability of a platform to effi-
forms currently used for graph processing—Hadoop, YARN,  qiandy utilize the resources it has. SMEs, who cannot
Stratosphere, Giraph, GraphLab, and Neodj—and conduct a 4414 inefficient use of their scarce resources, want plat-

comprehensive performance study. This demonstratestitat 0 ¢5.1< to waste as little compute and memory resources
benchmarking suite can be applied for many existing plat- ¢ possible.

forms, and also provides a first and detailed performance comg Scalability the ability of a platform to maintain its

parison of the six selected p!atforms. Our apprqach gxgeeds performance behavior when resources are added to
previous performance evaluation and benchmarking studies its infrastructure. In our method, we test the strong

both breadth and depth: we implement and measure multiple scalability of platforms in both horizontal scale (by

algorithms, use different types of datasets, and provide a  5q4ing computing nodes distributedly) and vertical scale
detailed analysis of the results. Scale-wise, our studynali (by adding computing cores per node, thus ignoring
well with SMEs cluster sizes and matches state-of-the-art o ork effects). Ideally, we want platforms to be able
studies (Section VI). Our work also aligns with the goals and automatically improve their performance linearly with
ongoing activity of the SPEC Research Group and its Cloud  he amount of added resources, but in practice this gain
Working Groug, of which some of the authors are members. (or loss) depends both on the number and type of these

Our main contributions are: resources, and on the algorithm and dataset.

Overhead the part of wall-clock time the platform
does not spend on true data processing. The overhead
includes reading and partitioning the data, setting up the
processing nodes, and eventually cleaning up after the
results have been obtained. Ideally, the overhead should
be constant and small relative to the overall processing

1) We propose a method for the comprehensive evaluation4)
of graph processing platforms (Section II), which defines
an evaluation process, and addresses multiple perfor-
mance aspects such as raw performance, scalability,
and resource utilization. When selecting the algorithms
and datasets, the proposed method is equivalent to a . . :
benchmarking suitepfofgraph-processing Slatforms; we tlme,_but in practice the overhead may be related to
select in this work five algorithms and seven datasets. algorithms and datasets.

We discuss the limitations of the coverage and represenAlthough we already use a more comprehensive set of
tativeness of our comprehensive evaluation (Section \)ggk'()ads and metrics than the state-of-the-art (Sectign V
2) We demonstrate how our benchmarking suite can re are still numerous limitations to our method, which we

implemented for six different graph processing platfornf@iScuss in Section V.
(Section I11). The performance aspects can be observed by monitoring
3) We provide a first performance comparison of six grapfiaditional system parameters (e.g., the important mosnient

processing platforms, quantifying their strong points ari@#e lifetime of each processing job, the CPU and network
identifying their limitations (Sections V). load, the OS memory consumption, and the disk 1/0) and be

qguantified through various performance metrics. We summa-
rize in Table | the performance metrics used in this work; our
Lhttp://research.spec.org/working-groups/rg-cloudking-group.html technical report [33] defines them more thoroughly.



TABLE | TABLE I

SUMMARY OF PERFORMANCE METRICS SUMMARY OF DATASETS.

Metric How measured? Derived Relevant aspect (use Graphs #V #E d D | Directivity
job execution Time the full - Raw processing powger G1 | Amazon 262,111 1,234,877 1.8 5 directed
time (I") execution (Figure 1, 3, 4) G2 | WikiTalk 2,388,953 5,018,445 0.1 2 directed
Edges per - #E/T Raw processing powe G3 | KGS 293,290 16,558,839 38.5 113 | undirected
second (EPS) (Figure 2) G4 | Citation 3,764,117 16,511,742 0.1 4 directed
Vertices per - #V/T Raw processing powe G5 | DotalLeague 61,171 50,870,316| 2,719.0 | 1,663 | undirected
second (VPS) (Figure 2) G6 | Synth 2,394,536 64,152,015 2.2 54 | undirected
CPU, memory, Monitoring - Resource utilization G7 | Friendster | 65,608,366 1,806,067,135 0.1 55 | undirected
network sampled each second (Technical report [33]) d is the link density of the graphs«(10—5). D is the average vertex degree of undirected
Horizontal T of different - Scalability graphs and the average vertex in-degree (or average veutedegree) of directed
scalability cluster size) (Figure 5) graphs.

Vertical T of different - Scalability TABLE Il

scalability cores per node (Figure 6) SUMMARY OF ALGORITHMS.

Normalized edges - #E/T/N  Scalability Algorithm Main features Use

per Secon_d (NEPS) - (Figure 5, 6) - Al STATS single step, low processing decision-making
Computation Time actual - Raw processing power - - - —

time () for calculating (Figure 7) A2 BFS iterative, low processing building block
Overhead N T_T, Overhead A3 CONN iterative, medium processing building block
time (T,) (Figure 7) A4 CD iterative, medium or high processing social network
#V and #E are the number of vertices and the number of edges af AS EVO iterative (multi-level), high processin prediction

graphs, respectively.

produced by the generator described in Graph500 [31]. The
other graphs have been extracted from real-world use, ared ha

This section presents a selection of graphs and algorithrheen shared through the Stanford Network Analysis Project
which is akin to identifying some of the main functionalSNAP) [35]) and the Game Trace Archive (GTA) [2].
requirements of graph-processing systems. We furtheuskisc 2) Algorithm selection: Why these algorithm§®e have
the representativeness of our selection in Section V. conducted a comprehensive survey of graph-processirigsrti

1) Graph selection:The main goal of the graph selectionpublished in 10 representative conferences, in recensyear
step is to select graphs with different characteristicsviithh  total, over 100 articles (see technical report [33]). Wenfbu
comparable representation. We use the classic graph fornihat a large variety of graph processing algorithms exist in
ism [34]: a graph is a collection of verticdg (also called practice [36] and are likely used by SMEs. The algorithms can
nodes) and edgeB (also called arcs or links) which connecte categorized into several groups by functionality, camsu
the vertices. A single edge is described by the two vertitestion of resources, etc. We focus on algorithm functionzaityl
connectse = (u,v). A graph is represented by = (V, E). select one exemplar of each of the following five algorithmic
We consider both directed and undirected graphs. We do etasses, which are common in our survey: general statistics
use other graph models (e.g., hypergraphs). graph traversal (used in Graph500), connected components,

Regarding the graph characteristics, we select graphsavitiommunity detection, and graph evolution. We describe én th
variety of values for the number of nodes and edges, and wigllowing the five selected algorithms and summarize their
different structures (see Table Il). We store the graphddimp characteristics in Table I1l.
text with a processing-friendly format but without indexes The General statistics (STATS) algorithm computes the
In our format, vertices have integers as identifiers. Ea¢tumber of vertices and edges, and the average of the local
vertex is stored in an individual line, which for undirecte¢lustering coefficient of all vertices. The results obtaiméth
graphs, includes the identifier of the vertex and a comm&TATS can provide the graph analyst with an overview of the
separated list of neighbors; for directed graphs, eactexerstructure of the graph.
line includes the vertex identifier and two comma-separatedBreadth-first search (BFS) is a widely used algorithm in
lists of neighbors, corresponding to the incoming and to tlggaph processing, which is often a building block for more
outgoing edges. Thus, we do not consider other data modetenplex algorithms, such as item search, distance cailcn/at
proposed for exchanging and using graphs such as compiémeter calculation, shortest path, longest path, etcS BF
plain-text representations, universal data formats (eML), allows us to understand how the tested platforms cope with
relational databases, relationship formalisms (e.g., RBf€. lightweight iterative jobs.

Why these datasets®e select seven graphs which could Connected component (CONN) is an algorithm for extract-
match, in scale and diversity, the datasets used by SMEs. & groups of vertices that can reach each other via graph
ble 1l shows the characteristics of the selected graph eetasedges. This algorithm produces a large amount of output, as
The graphs have diverse sources (e-business, social ketwar many graphs the largest connected component includes a
online gaming, citation links, and synthetic graph), and majority of the vertices.
wide range of different sizes and graph metrics (e.g., high v. Community detection (CD) is important for social network
low degree, 1,663 vs. 2, respectively, directed and uniicec applications, as users of these networks tends to form com-
graphs, etc.). The synthetic graph (“Synth” in Table II) isnunities, that is, groups whose constituent nodes form more

B. Selection of graphs and algorithms



TABLE IV

SELECTED PLATEORMS modgl. .Hadoop has been widel)_/ used in many areas gnd
Platiorm Version Type Release date a_lppllcanon.s, such as Io_g .anaIyS|s, ;earch engine optimiza
Hadoop hadoop-0.20.203.0 Generic, Distributed | 2011-05 tion, user interests prediction, advertisement, etc. ldpds
YARN hadoop-2.0.3-alpha Generic, Distributed |  2013-02 becoming the de-facto platform for batch data processing.
Stratosphere| Stratosphere-0.2 Generic, Distributed 2012-08 Hadoop’s programming model may have low performance
Giraph Giraph 0.2 (revision 1336743 Graph, Distributed 2012-05 . . ] . .
GraphLab GraphLab version 2.1.4434 Graph, Distributed 2012-10 and hlgh resource consumptlon for |terat_|ve graph algm
Neod; Neo4; version 1.5 Graph, Non-distributed  2011-10 as a consequence of the structure of its map-reduce cycle.

For example, for iterative graph traversal algorithms Hgro
relationships within the group than with nodes outside th@ould often need to store and load the entire graph structure
group. Communities are also important in the gaming ingusturing each iteration, to transfer data between the map and
as the market has an increasingly larger share of socialgamgduce processes through the disk-intensive HDFS, and to
or of games for which the social component is important. run an convergence-checking iteration as an additional job

Graph evolution (EVO): an accurate EVO algorithm notowever, comprehensive results regarding graph-prawgssi
only can predict how a graph structure will evolve over timejsing Hadoop have not yet been reported.
but can also help to prepare for these changes (for example/ARN [23] is the next generation of Hadoop. YARN can
data size increase). Thus, graph evolution is an importgit t seamlessly support old MapReduce jobs, but was designed
in the field of large-scale graph processing. to facilitate multiple programming models, rather thantjus

STATS and BFS are textbook algorithms. For CONN, CMapReduce. A major contribution of YARN is to separate
and EVO, there are a number of variations. Considering thﬁqctionally resource management and job management; the
reported performance and accuracy of these algorithms, lsger is done in YARN by a per-application manager. For
select a cloud-based connected component algorithm dreagkample, the original Apache Hadoop MapReduce framework
by Wu and Du [11], the real-time community detection algthas been modified to run MapReduce jobs as an YARN
rithm proposed by Leung et al. [14], and the the Forest Figgpplication manager. YARN is still under development. We
Model for graph evolution designed by Leskovec et al. [1]. select YARN because our hypothesis is that even for the same
programming model (YARN and Hadoop), the architecture of
the execution engine matters.

The method introduced in Section |l defines a benchmarkingStratosphere[25] is an open-source platform for large-scale
skeleton. In this section we create a full benchmarkingesuitiata processing. Stratosphere consists of two key comggnen
(bar the issues explained in Section V) by implementing thd¢ephele and PACT. Nephele is the scalable parallel engine fo
graph-processing algorithms of a selected set of tesiopiaf, the execution of data flows. In Nephele, jobs are represented
and by configuring and tuning these platforms. as directed acyclic graphs (DAG), a job model similar for
example to that of the generic distributed platform Dryadi [2
For each edge (from task to task) of the DAG, Nephele offers

We use a simple taxonomy of platforms for graph procesthree different types of channels for transporting datayugh
ing. By their use of computing machines, we identify two maithe network, in-memory, and through files. PACT is a data-
classes of platforms: non-distributed platforms and itiisted intensive programming model that extends the MapReduce
platforms; distributed platforms use multiple computetsew model with three more second-order functions (Match, Gross
processing graphs. Orthogonally to the issue of distributeand CogGroup, in addition to Map and Reduce). PACT sup-
machine use, we divide platforms into graph-specific ptat® ports several user code annotations, which can inform the
and generic platforms; graph specific platforms are designBACT compiler of the expected behavior of the second-order
and tuned only for processing graph data. Importantly, wanctions. By analyzing this information, the PACT compile
omit in our taxonomy parallel platforms; for the scale in oucan produce execution plans that avoid high cost operations
real-world experiments, we see the performance of digeibu such as data shipping and sorting, and data spilling to e di
systems as being a conservative estimate of what a simila@gmpiled PACT programs are converted into Nephele DAGs
sized but parallel system can achieve. and executed by the Nephele data flow engine. HDFS is used

Why these platforms®Ve select for this study a graph-for Stratosphere as the storage engine.
specific non-distributed platform, and both graph-speaeifid Giraph [27] is an open-source, graph-specific distributed
generic distributed platforms. Because of what we see tigatform. Giraph uses the Pregel programming model, which
relatively little interest in the community, we do not séleds a vertex-centric programming abstraction that adapés th
for this study any generic and non-distributed platform: Ta8ulk Synchronous Parallel (BSP) model. An BSP computa-
ble IV summarizes our selected platforms: Hadoop, YARNion proceeds in a series of global supersteps. Within each
Stratosphere, Giraph, GraphLab, and Neo4j. These sixtedlecsuperstep, active vertices execute the same user-defimed co
platforms are popular and may be used for graph processipgtation, and create and deliver inter-vertex messageseia
We introduce each platform in the following, in turn. ensure synchronization between vertex computation: fer th

Hadoop [22] is an open-source, generic platform for bigurrent superstep, all vertices complete their computadiad
data analytics. It is based on the MapReduce programmial messages are sent before the next superstep can start.

Ill. EXPERIMENTAL SETUP

A. Platform selection



Giraph utilizes the design of Hadoop, from which it levermgeall master services. For Giraph, we use one more node for
only the Map phase. For fault-tolerance, Giraph uses periinning ZooKeeper.
odic checkpoints; to coordinate superstep execution, ésus Parameters of Algorithms. We try to configure each
ZooKeeper. Giraph is executed in-memory, which can speelgorithm with default parameter values. STATS and CONN
up job execution, but, for large amounts of messages or llg not need any parameters. For BFS, we randomly pick a
datasets, can also lead to crashes due to lack of memory. vertex to be the source for each graph. We use only out-edges
GraphLab [29] is an open-source, graph-specific disto propagate for directed graph, thus the directed graphs ar
tributed computation platform implemented in C++. Besida®ot entirely traversed. We set the parameters of algorithms
graph processing, it also supports various machine legrnidentically on all platforms.
algorithms. GraphLab stores the entire graph and all progra Further experiment configuration: Unless otherwise
state in memory. To further improve performance, GraphLatbated, we repeat each experiment 10 times, and we report
implements several mechanisms such as: supporting asyre average results from these runs. (An example where 10
chronous graph computation to alleviate the waiting time foepetitions would take too long is presented in Section )V-C
barrier synchronization, using prioritized scheduling daick
convergence of iterative algorithms, and efficient graptada IV. EXPERIMENTAL RESULTS
structures and data placement. To match the execution mod# this section we present a selection of the experimental re
of the other platforms, we run all our GraphLab experimeng!lts. We evaluate the six graph processing platforms teglec
in a synchronized mode. in Section lll, using the process and metrics, and the distase
Neo4j [19] is one of the popu]ar open-source grapﬁnd algorithms introduced in Section Il. The Complete tssul
databases. Neo4j stores data in graphs rather than in.t&bles are available through our technical report [33]. Comparét w
ery stored graph in Neo4j consists of relationships andoest the previous work (Section VI), our experiments show more
annotated with properties_ Neo4j can execute graph-psi]tggs Comprehensive and quantitative results in diverse metrics
algorithms efficiently on just a single machine, becausaf i The experiments we have performed are:
optimization techniques that favor response time. Neodsus « Basic performance (Section IV-A): we have measured
a two-level, main-memory caching mechanism to improve its the job execution time on a fixed infrastructure. Based
performance. The file buffer caches the storage file data in on these execution times, we further report throughput
the same format as it is stored on the durable storage media. numbers, using the edges per second (EPS) and vertices
The object buffer caches vertices and relationships (aeid th per second (VPS) metrics.
properties) in a format that is optimized for high traversal « Resource utilization (only in technical report [33]): we
speeds and transactional writes. have investigated the CPU utilization, memory usage, and
network traffic.

« Scalability (Section IV-B): we have measured the hori-
Platform tuning: The performance of these systems de-  zontal and vertical scalability of the platforms; we report
pends on tuning. Several of the platforms tested in this work the execution time and the normalized edges per second

have tens to hundreds of configuration parameters, whose (NEPS) for interesting datasets.
actual value can potentially change the performance of the, Overhead (Section IV-C): we have analyzed the execution

platform. We use common best-practices for tuning each of time in detail, and report important findings related to the
the platforms, as explained in our technical report [33]. platform overhead.

Hardware: We deploy the distributed platforms on ) . o
DAS4 [37], which is to provide a common computationaft- Basic performance: job execution time
infrastructure for researchers within Advanced School for The fixed infrastructure we use for our basic performance
Computing and Imaging in the Netherlands. Each machine weasurements is a cluster of 20 homogeneous computing
used in the experiments from DAS4 consists of a Intel Xearodes provisioned from DAS4. With the configuration in [33],
E5620 2.4 GHz CPU (dual quad-core, 12 MB cache) andeach node is restricted at using a single core for computing.
total memory of 24 GB. All the machines are connected Bi¥e configure the cluster as follows. For the experiments on
1 Gbit/s Ethernet network. NFS is used as the file systddadoop and YARN, we run 20 map tasks and 20 reduce
in DAS4. The operation system installed on each machinetésks on the 20 computing nodes. Due to the settings used for
CentOS release 6.3 with the kernel version 2.6.32. We uséiadoop [33], the map phase will be completed in one wave;
single machine with one single enterprise SATA disk (SATAll the reduce tasks can also be finished in one wave, without
3 Ghit/s, 7200 rpm, 32 MB cache) for the Neo4j experimentany overlap with the map phase [38]. In Giraph, Stratosphere

Platform configuration, number of nodes: We deploy the and GraphLab, we set the parallelization degree to 20 tasks,
distributed platforms on 20 up to 50 computing machines afso equal to the total number of computing nodes.
DAS4. We set the Neodj on a single DAS4 machine with With these settings, we run the complete set of experiments
regular configuration. For all the experiments of Hadooié platforms, 5 different applications, and 7 datasets) and
YARN, Stratosphere, and GraphLab, besides the computimgasure the execution time for each combination. In the
machines, we allocate an additional node to take chargerefmainder of this section, we present a selection of oultsesu

B. Platform and experiment configuration



TABLE V
Giraph =1 YARN Giraph == YARN

STATISTICS OFBFS. S(rau;'spdhere =) GraphLab Sirau;'spt:were = GraphLab
ladoop W o 6 adoop mmm
Gl G2 G3 | G4 | G5 G6 G7
Coverage [%]| 99.9 | 98,5 | 100 | 0.1 | 100 | 100 | 100
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3103 j 15 mins Fig. 2. The EPS and VPS of executing BFS.
= |
c 2
g% ] 1 vin performs much better than Hadoop and YARN (up to an
g ) order of magnitude lower execution time). We attribute this

=
o

to Stratosphere’s ability to optimize the execution plasduh
[ 1. Nl on code annotations regarding data sizes and flows, and to the
4%307%’;% C/fa,,bfo%jm,,, %% much more efficient use of the network channel.
s - In contrast to the generic platforms, for Giraph and
GraphLab the input graphs are read only once, and then
stored and processed in-memory. Both Giraph and GraphLab
Key findings: realize a dyn_amic c_omputation mech_anism, by Wh_ich only
S?elected vertices will be processed in each iteration. This
mechanism reduces the actual computing time for BFS, in
- . ) - comparison with the other platforms (more details are dis-
. Mult|—|terat|on_ aIg_onthms suffer for additional perfor—Cusseol in Section IV-C). In addition, GraphLab also add®ss
mance penalties in Hadoop and YARN' ) the problem of smart dataset partitioning, by limiting the
« EPS and VPS are suitable metrics for comparing trlt%t—edges between machines when splitting the graph. These
platforms throughput. , , systemic improvements make the performance of both Giraph
« The performance of all the platforms is stable, with thg,§ Graphi ab less affected by large BFS iteration counts tha
largest variance around 10%. the performance of other distributed platforms.
« Several of t_he platforms are unable to process all datasetga.quse of the two-level main-memory cache of Neo4j, we
for all algorithms, and crash. differentiate two types of executions: cold-cache (firstax
1) Results for one selected algorithnWe present here tion) and hot-cache (follow-up executions). Figure 1 d&pic
the results obtained for one selected algorithm, BFS (s#® average results obtained for hot-cache executions. The
Section 1I-B2). two-level cache allows Neo4j to achieve excellent hot-each
Because the starting node for the BFS traversal will impagkecution times, especially when the graph data accessed by
performance by limiting the coverage and number of iterghe algorithms fits in the cache. However, the cold-cache
tions of the algorithm, we summarize in Table V the vertegxecution can be very long: for example, the ratios between
coverage and iteration count observed for the BFS expetsnethe cold-cache and hot-cache BFS executions for Citation
presented in this section. Overall, BFS covers over 98%ef thnd DotalLeague are 45 and 5, respectively. Even for cold-
vertices, with the exception of the Citation (G4) dataséte T cache execution, Neo4j reads from the database only thé grap
iteration count depends on the structure of each graph afata needed by the algorithm. This “lazy read” mechanism
varies between 6 and 68; we expect higher values to impaginhimizes the 1/0 overhead and accelerates traversal on the
negatively the performance of Hadoop. graphs where the BFS coverage of the graph is limited, e.g.,
We depict the performance of the BFS graph traversal far Citation. However, limited by the resources of a single
Figure 1 and discuss in the following the main findingsnachine, the performance of Neo4j becomes significantly
Similarly to most figures in this section, Figure 1 has worse when the graph exceeds the memory capacity. For
logarithmic vertical scale. example, the hot-cache value of Synth is about 17 hours,
Hadoop always performs worse than the other platformsxceeding the scale of Figure 1.
mainly because Hadoop has a significant I/O between twoWe now report on theachieved throughput for the BFS
continuous iterations (see Section lll). In these expemisie algorithm, in both EPS and VPS, for all platforms and datasets
Hadoop does not use spills, so it has no significant I/O with{iFrigure 2). We note that throughput is a metric that takes
the iteration. As expected, the I/O overhead of Hadoop iisto account the dataset structure and provides an inditati
worse when the number of BFS iterations increases. For exanfi-the platforms performance per data item—be it an edge
ple, although Amazon is the smallest graph in our study,st har a vertex. For example, KGS and Citation, which have
the largest iteration count, which leads to a very long etienu similar numbers of edges, file sizes, and BFS iteration cyunt
time. YARN performs only slightly better than Hadoop—it haschieve similar EPS values on most platforms. The exception
not been altered to support iterative applications. Altiou is GraphLab, in which the EPS of Citation is about two times
Stratosphere is also a generic data-processing platfdrmjarger than that of KGS. This is due to the restriction of
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Fig. 1. The execution time of algorithm BFS of all datasetslbplatforms.

o There is no overall winner, but Hadoop is the wor
performer in all cases.
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Giraph, and for CONN running on GraphLab (right-most bars). DotalLeague dataset, and CONN for the Citation datasett{ngist bars).

GraphLab to process only directed graphs, which has redjuifeVO iteration by a single map-reduce-reduce procedure; in
the conversion of the undirected KGS to a directed versiotontrast, Hadoop and YARN need to run two MapReduce jobs
This operation lead to a doubling in the number of edgeger iteration and thus their execution time increases.
resulting in a proportional increase of the execution time. Citation is much smaller and sparser than DotaLeague. The
2) Results for two selected platformsVe focus in this CONN of Citation takes 20 iterations. The execution time
section on the graph-specific platforms (Giraph and GraphLaof CONN of Citation on Hadoop, YARN, and Stratosphere
and discuss their performance for all the algorithms ardcreases compared with 6-iteration CONN of DotalLeague.
datasets, as depicted in Figure 3. As we explained for the analysis of BFS (Section IV-Al),
As Giraph is an in-memory-only platform, its performancenore iterations result in higher 1/0O and other overheads.
is not affected by the Iarge pgnalties of I/10 operationsuﬁ-:ig B. Evaluation of scalability
3 shows that the execution time for all experiments is below ) . ) )
100 seconds. However, when the amount of messages betwedf this section, we evaluate the horizontal and vertical-sca
computing nodes becomes extremely large (tens of gigabyt&b"'ty of the distributed platforms. BeS|de§ the job exemu
Giraph crashes. For example, Giraph crashes for the STA#G€, we also report the NEPS for comparing the performance
algorithm running on the WikiTalk dataset; for FriendsteP€’ computing unit. _ _ _
the largest of our datasets, Giraph completes only the EVOTO allow a comparison with the previous experiments, we
algorithm, for which our graph evolution algorithm genesat US€ BFS results. To test_scalabmty, we use the two largest r
relatively few messages. From the selected results, Gatphl9raPhs in our study, Friendster and Dotal.eague (the results
performs better than Giraph for the CONN algorithm for mo&f DotaL.eague are in our technical report [33] ). For testing
graphs. Moreover, GraphLab is able to process even theslarg?f'”zomal scalability, we increase the _numbgr of machln_es
graph in this study. rom 20 to 50 by a step of 51 and ke_ep using a_s_lngle computing
3) Results for two selected datasegnally, to understand €Or€ Per machine. For testing vertical scalability, we kewp
the impact of algorithm complexity on each platform, we poucluster size at 20 computing machines and increase the numbe

now on two interesting datasets—Dotaleague and Citatid}f. computing cores per machines from 1 to 7. We step up

We depict their performance, for all algorithms running ¢in ath® number of map (reduce) tasks and parallelization degree

platforms, in Figure 4. equally .to _the available computing cores.

Because Friendster is too large for some platforms, welKeY findings:
present here the results for graphs that all platforms can pr * Some platforms can scale up reasonably with cluster size
cess: the second-largest real graph, DotaLeague, and #ie sm  (horizontally) or number of cores (vertically).
Citation graph. Even for the second-largest graph, Giraph,s Increasing the number of computing cores may lead to
Hadoop and YARN crashed when running STATS; we also Worse performance, especially for small graphs.
had to terminate Stratosphere after running STATS for gearl « The normalized performance per computing unit mostly
4 hours without success; similarly, STATS and CD run for decreases with the increase of cluster size and with the
more than 20 hours in Neo4j and are not shown in Figure 4. number of computing cores per node.
For the other algorithms, BFS, CONN, CD, and EVO, the 1) Horizontal scalability: Figure 5 shows the horizontal
number of iterations is between 4 and 6. From Figure 4, tkealability of BFS for Friendster (G7). Most of the plat-
execution time of BFS is lower than the execution time dbrms presents significant horizontal scalability, excémt
CONN and CD, on all platforms. In each iteration of CONNGraphLab, which exhibits little scalability. The horizaht
and CD, many more vertices will be active, in comparison tcalability of GraphLab is constrained by the graph loading
BFS. Furthermore, in CONN, the number of active verticgghase using one single file. We thus explore tuning GraphLab:
stays relatively constant in each iteration, while CD is enoifor GraphLab(mp) we split the input file intowltiple sepa-
compute-intensive and variable. For EVO, Stratospherestakate pieces, as many as the MPI processes. GraphLab(mp)
advantage of its programming model, as it can represent dmes much lower execution time than GraphLab. Moreover,
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GraphLab(mp) is scalable, as its execution time decrease fr Key findings:

about 480 seconds to 250 seconds when resources are added.The data ingestion time of Neo4j matches closely the
We further investigate the performance per computing unit characteristics of the graph. Overall, data ingestiongake
(computing node) to check if they also be improved. We Much longer for Neo4j than for HDFS.
calculate the EPS from the execution time and normalize it* The data ingestion time of HDFS increases nearly linearly
by the number of computing nodes to get the NEPS. The With the graph size.
maximum value of NEPS can be reached at different sizess The percentage of overhead time in execution time is
of the cluster, for different platforms. For example, thePNEE diverse across the platforms, algorithms, and graphs.
of Hadoop and Giraph peaks at 30 and 40 computing nodes ofor Neo4j, data ingestion process converts input graphs to
Friendster, respectively. However, the general trend oPSIE the format used by the Neo4j graph database. In contrast, the
is to decrease with the increase of cluster size. We hagigtributed platforms evaluated in this work use HDFS, \whic
obtained similar results for the vertex-centric equiveleh means for them data ingestion consists of data transfens fro
NEPS, NVPS. the local file system to HDFS. GraphLab even does not need
2) Vertical scalability: Figure 6 shows the vertical scala-data ingestion if using the local file system (i.e., NFS).\Onl
bility of running BFS for Friendster (G7). There is no resulfor Neo4j, because data ingestion takes long (up to days),
of Giraph and YARN of Friendster, because both YARN ande only evaluate the data ingestion for Neo4j through one
Giraph crashed on 20 computing machines. For Friendstexperiment repetition.
both Hadoop and Startosphere can benefit from using moreTable VI summarizes the data ingestion results. The data
computing cores. However, after 3 cores, the improvemenyestion time of Neo4j is up to several orders of magnitude
become negligible. By using more cores, graphs can lahger than that of HDFS. In our experimental environment,
processed with higher parallelism, but may also incur katen which uses enterprise-grade magnetic disks, the datatinges
for example, due to concurrent accesses to the disk. Kne of HDFS increases by about 1 second for every 100 MB
GraphLab(mp), for which we split the Friendster file into morof graph data. In contrast, the data ingestion time of Neo4j
pieces with the increase of the number MPI processes, the fidpends on the structure and scale of graphs, so it changes
execution time does not decrease correspondingly. Themeagregularly across the datasets in this study. Dominguszs
is that each MPI instance (or machine) has a just single toadg. [4] report similar results about data ingestion timehigit
for input files, thus in one machine, the MPI processes canmirvey of graph database performance.
load graph pieces in parallel. We define computation time as the time used for making
We check the performance per computing unit (computingogress with the graph algorithms. The overhead time is the
core) by NEPS in vertical scalability. We can find similaremainder from subtracting the computation time from the
results to that of horizontal scalability, all NEPS drops &l  job execution time. Thus, the overheads include the time for
platforms. The competition between computing cores makgsad and write, and for communication. The fraction of time
the reduce of execution time not significant enough to im@rogpent with overheads varies across the platforms (Figure 7)
the average performance of computing cores. Although BFS is not a compute-intensive algorithm, Hadoop
and Stratosphere need to traverse all vertices, whichasese
their computation time. In GraphLab, most of the time is
In this section, we evaluate two elements of overhead: dajgent on loading the graph into memory and on finalizing
ingestion time and execution time overhead. the results. The percentage of overhead time on each ptatfor

C. Evaluation of overhead



. . . TABLE VI
is closely related to the complexity of the algorithm and the oyeryview oF RELATED WORK LEGEND: V-VERTICES, E-EDGES,

characteristics of graph. For example, we also found that fo C-COMPUTERS
Citation, the percentage of overhead time is 98% and 70% fppiatiorms Algorithms | Dataset type | Largest dataset | System
BFS and CONN, respectively (see technical report [33]).  |-Neod MySQL [40] 1 other synthetic 100 kv 1C
Neo4j, etc. [4] 3 others synthetic 1MV 1cC
Pregel [5] 1 other synthetic 50 BV 300 C
V. DISCUSSION TOWARDS A BENCHMARK GPS, Giraph [41] CONN, 3 others real 39 MV, 1.5 BE 60 C
Trinity, etc. [30] BFS, 2 others synthetic 1BV 16 C
The method proposed in Section Il raises several methodZEeASUs 1281 CONN,2 others | synthetic, real | 282 MV %0 ¢
. . . . . CGMgraph [42] CONN, 4 others synthetic 10 MV 30 C
ological and practical issues that prevent it from beingreche  [iad00p. Graphiab, ete. [43] 1 other roal I T ME | 320
mark. We argue that our method can result in meaningfulpscL, cemgraph [44] CONN, 3others| _ synthetic | 70MV,1BE | 128C
Comprehensive performance evaluation Of graph-prOC@SQi HalLoop, Hadoop [26] 2 others synthetic, real | 1.4 BV, 1.6 BE 90 C

. k!—!adoop, PEGASUS [45] 1 other synthetic, real 1BV, 20 BE 32C
platforms, but the path towards an industry-accepted bench—— [ 5 classes | synthetc, eal | 66 WV, 18 BE | 50C |

mark still raises sufficient challenges. Outside the scope o

:E': Q,NF?QE; gﬁ)fgr\]/sg?k?néogrli)rusge resolving these issues Y&nchmarks are sophisticated products and the result of yea
: of development.

Methodologically, our method has limitations in its pro- Experiments with larger environments and datasets, and

cess, workload design, and metrics design. Specifically, Q¥ith new algorithms and metrics, can add to the bulk of the

inr:g(tah(ﬁ]ddoeeri ni;ggg;_afg?taeizi’] 'T:aisttrgg;rer;;nﬁn?iltat;?;?éisults presented in this work. However, the need for such
P P ' bie, preriments is not supported by existing published evidenc

e 1 1ot e e show n Sectan V1. ot wor afeady xtends and
9 P y specity omplements previous work. Requiring experiments in large

_components of a pla_tfor_m (.ShOUId a cloud-based platforrrI1usters,while relevant for companies such as Facebooki{th
include the Internet linking its users to the data centerg

The workload designalthough it covers varied datasets an ands of nodes), does not match the needs of SMEs that want

. ; fficient graph-processing, and the information we havaiabo
algorithms, does not feature an industry-accepted prooess graph-p >SINg

. .. state-of-the-art (Section VI).
selection for them, and does not select datasets and &igarit

that can stress a specific bottleneck in the system under tes’Er hese limitations also affect other benchmarks [39] and

Provingalgorithmic coverages currently not feasible, due to performance evaluation studies included in the relatedkwbr

field fragmentation and lack of public workload traces; gajv this st_udy. As we indicated in the intrqduction of our as(c|
this "chicken-and-egg” problem cannot be properly addzéssVe Pointout that the de-facto standard in benchmarkingtgrap
processing platforms is Graph500 (one algorithm and one

without collecting workload traces for several years aruanfr : : o .
graph type); in contrast, our work provides a significant im-

several major operators. g ; )
Metrics-wise, our method does not provide orlysingle provement in both algor!thms (proces_smg patterns and@cop
result—which helps with the analysis of the causes of pe?l-nd d_atasets (tW(.) public graph archives, several appiitati
] i domains, and various graph structures).
formance gaps between platforms—; does not provide metrics
for a variety of interesting platform characteristics (eppwer
consumption, cost, efficiency, and elasticity); and coutd d VI. RELATED WORK
more in terms ofhormalized metricgi.e., by normalizing by
various types of resources provided by the system, such asmany previous studies focus on performance evaluation of
number of cores or size of memory). Using other metrics igaph-processing, for different platforms. Table VII sueam
outside the scope of our work, as different communities arizes these studies and compares them with our work. Oyerall
interested in different operational aspects (SPEC idestins for the studies in our survey, most of the datasets included
of relevant metrics). in previous evaluation are synthetic graphs. Although some
From a practical perspective, our method has limitatiord the synthetic graphs are extremely large, they may not
in portability, time, and cost. Theortability is limited by have the characteristics of real graphs. Our evaluaticectel
the need to re-implement algorithms for each platform and @real graphs and 1 synthetic graph with various charac-
re-configure platforms for each experiment. Time spent teristics. Relative to our study, fewer classes of algorithms
in implementing our method is analyzed in our technicare used to compare the performance of platfarRsom
report [33]. Thecostof performing a benchmark, in particularour observation, a very limited humber of metrics have been
in tuning is a non-trivial issue, for which few benchmarkseported, with many of the previous studies focusing only on
provide a solution. Another non-trivial practical aspest ithe job execution timeDur work evaluates performance much
reporting (an outcome of the analysis stage), which our atethmore in-depth, by considering more types of metrkigally,
does not precisely specify. In contrast, SPEC benchmanis usprevious research compares few platforms; in contrastin-
can report results for baseline (not tuned) and peak (tunedstigate 6 popular platforms with different architecwir©ur
systems, and SPEC results include a full disclosure of tkavironment is of similar scale with state-of-the-art stisdin
parameters used in configuring the systems; however, SP#i€tributed systems.



VIl. CONCLUSION

(23]

A quickly increasing number of platforms can process largey;
scale graphs, and have thus become potentially interefsting
a variety of users and application domains. We focus in tHf!
work on SMEs, which are businesses with little resources
to spare in their graph-processing clusters. To compare in-
depth the performance of graph-processing platforms, launl t

facilitate platform selection and tuning for SMEs, we hav

e

proposed in this work an empirical method and applied it {08]

obtain a comprehensive performance study of six platforms.
Our method defines an empirical performance evaluatiomny

process and selects metrics, datasets, and algorithms, tfgo]

it acts as a benchmarking suite despite not covering all t
methodological and practical aspects of a true benchmark.

9]

Our method focuses on four performance aspects: raw pe#
formance, resource utilization, scalability, and ovetheéa/e
use both performance and throughput metrics, and we ajsg
use normalized metrics to characterize scalability. Welémp
ment a benchmarking suite that uses five representativén gr
algorithms—general statistics, breadth-first search, ectaal

component, community detection, and graph evolution—, afes]
seven graphs that represent graph structures for multi
application domains, with sizes up to 1.8 billion edges arfsk)
tens of GB of stored data.

Using our benchmarking suite, we conduct a first detaile

comprehensive, real-world performance evaluation of sp-p
ular platforms for graph-processing, namely, Hadoop, YARN

Stratosphere, Giraph, GraphLab, and Neo4j. Our results shG
quantitatively and comparatively the highlights and weakgzy;
nesses of the tested platforms. The main lessons are ligtal T. Suzumura, K. Ueno, H. Sato, K. Fujisawa, and S. Matayok
at the start of each experiment.
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