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Abstract The bulk synchronous parallel (BSP) model is

very user friendly for coding and debugging parallel graph

algorithms. However, existing BSP-based distributed graph-

processing frameworks, such as Pregel, GPS and Giraph,

routinely suffer from high communication costs. These high

communication costs mainly stem from the fine-grained

message-passing communication model. In order to address

this problem, we propose a new computation model with low

communication costs, called LCC-BSP. We use this model to

design and implement a high-performance distributed graph-

processing framework called LCC-Graph. This framework

eliminates high communication costs in existing distributed

graph-processing frameworks. Moreover, LCC-Graph also

balances the computation workloads among all compute

nodes by optimizing graph partitioning, significantly reduc-

ing the computation time for each superstep. Evaluation

of LCC-Graph on a 32-node cluster, driven by real-world

graph datasets, shows that it significantly outperforms exist-

ing distributed graph-processing frameworks in terms of run-

time, particularly when the system is supported by a high-

bandwidth network. For example, LCC-Graph achieves an

order of magnitude performance improvement over GPS and

GraphLab.
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1 Introduction

Due to the increasing need to analyze, process and mine

large real-world graphs, such as social networks, web graphs,

chemical compounds and biological structures, there has

been a recent surge of interest in distributed graph-processing

frameworks in both academia and industry. Several Bulk Syn-

chronous Parallel (BSP) computation model [1] based dis-

tributed graph-processing frameworks, such as Pregel [2],

GPS [3], Giraph [4] and Grace [5], have been proposed to

handle large-scale graphs.

The BSP-based distributed graph-processing frameworks,

such as Pregel, GPS and Giraph, typically employ a think-

like-a-vertex programming model to support iterative graph

computation, which considers a graph-computing job as a

set of iterations called supersteps. In each superstep, a user-

defined Compute(v) function is invoked for each vertex v,

conceptually in parallel. In fact, due to the limited core count

of each compute node, the executions of vertices are assigned

to a limited number of work threads that execute concur-

rently. All work threads of compute nodes start simultane-

ously. Each work thread loops through its assigned vertices

by using the Compute(v) function. Each vertex updates its
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state based on incoming messages from its neighboring ver-

tices and then sends messages, generated based on the new

state and the incoming messages, to its neighbors. The gen-

erated messages are available only in the next superstep, and

there is a barrier at the end of each superstep to ensure that

all generated messages are delivered to their destination ver-

tices before the next superstep starts. The graph-computing

job stops when all vertices vote to stop the computation. This

computation model has several significant advantages that

can be described as follows.

Determinism: The barriers between any two consecutive

supersteps guarantee that a graph-computing job always out-

puts the same result from different executions.

Ease of Programming: Graph algorithms can be encoded

using the think-like-a-vertex philosophy. Graph algorithm

programmers only need to focus on the logic of a given graph

algorithm within the individual vertex computation functions,

Compute(v).
High Scalability: In each superstep, vertices of an input

graph are executed independently. Hence, vertices can be as-

signed to more compute nodes to improve the run time per-

formance of a graph-computing job.

However, BSP-based distributed graph-processing frame-

works routinely suffer from high communication costs [4, 6–

10]. The communication cost is defined as the time for ver-

tices to interact with each other, including the communication

time for sending messages through the network and the ex-

tra sender-side and receiver-side communication overheads.

Within each superstep, vertices interact with each other by

passing messages. This fine-grained message-passing com-

munication model is inefficient and severely underutilizes the

network bandwidth capacity even when the message buffer

technique [2, 3] is used to amortize the average overhead of

each message. For example, our experiments show that when

GPS [3] performs the PageRank [11] algorithm with the mes-

sage buffer technique on a 40Gbps InfiniBand network, the

communication cost is responsible for 95% of the overall run

time while only 0.9% of the network bandwidth is utilized.

The high communication costs stem mainly from following

four factors, i.e., the bulk of the extra communication vol-

ume, data copying overhead both at sender side and receiver

side, the parsing overhead at receiver side and the poor com-

munication bandwidth utilization, as detailed in Section 2.

In this paper, we propose a high-performance distributed

in-memory graph-processing framework, called LCC-Graph.

The high performance of LCC-Graph stems from the low

communication costs and reduced computation time. By de-

signing and implementing LCC-Graph, this paper makes the

following five contributions.

1) A computation model with low communication costs,

called LCC-BSP, that decomposes each superstep into

two distinct steps of computation and communication.

In the computation step, each vertex does computa-

tion task by reading and writing its edge values di-

rectly, reducing the computation time. In the commu-

nication step, each compute node exchanges full re-

mote out-edge data blocks with other compute nodes to

implement edge-value transfers among inter-node ver-

tices. The clear advantage of this decomposition of su-

perstep is that the interactions among vertices will be

finished instantaneously and simultaneously in a well-

orchestrated concurrent manner after the computation

step that runs for only a short period of time.

2) An edge-block based data representation. By orga-

nizing the edge values of each compute node intelli-

gently in the preprocessing phase, this data represen-

tation provides four salient advantages that enable the

reduced communication costs and computation time in

LCC-BSP. First, it eliminates the high extra volume

of communication in existing BSP-based distributed

graph-processing frameworks. Second, it avoids the

data copying and message batch parsing overheads.

Third, it enables the network bandwidth capacity to be

efficiently utilized. Finally, the computation workload

of each vertex is reduced.

3) Two optimizations. First, we optimize the network

ecosystem to further utilize the network bandwidth ca-

pacity more efficiently. In the context of this paper, the

network ecosystem is interpreted as the combination

of the network hardware and communication protocol

software. Second, an out-edge data block compression

scheme is introduced to improve the performance of

those graph algorithms with a relatively small number

of interactions among vertices, despite of the fact that

most graph algorithm jobs have a very large number of

interactions among vertices [11–13].

4) The Improved, Compute-Aware SGP (CA-SGP) graph

partitioning method. The computation imbalance prob-

lem becomes the new bottleneck for LCC-Graph since

the communication time has been significantly reduced

by our LCC-BSP computation model. By using this

method, LCC-Graph balances the computation work-

load among compute nodes, gaining notable reductions

in computation time for each superstep.

5) The design and prototype implementation of LCC-
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Graph. LCC-Graph also flexibly supports some pe-

culiar requirements of graph algorithms even if these

cases rarely happen. These requirements include mes-

sages sent to non-neighbor vertices and multiple mes-

sages sent to a single destination vertex.

The rest of the paper is structured as follows. Background

and motivation are presented in Section 2. Section 3 intro-

duces our LCC-BSP, a high-performance computation model.

Section 4 presents LCC-Graph, our LCC-BSP based graph-

processing framework. The Improved, Compute-Aware

SGP (CA-SGP) graph partitioning method is presented in

Section 5. Experimental evaluations of the LCC-Graph pro-

totype are presented in Section 6. We discuss related work in

Section 7 and conclude this paper in Section 8.

2 Background and motivation

In this section, we first discuss the efficiency issues of

the BSP-based distributed graph-processing frameworks. We

then introduce GraphChi, a single-node disk-based graph-

processing framework. GraphChi has four salient features

that cause the reduction of the disk I/O costs. The insights

gained through the efficiency issues of existing BSP-based

distributed graph-processing frameworks and the features of

GraphChi help motivate us to propose an LCC-BSP compu-

tation model that eliminates the high communication costs

incurred by existing BSP-based distributed graph-processing

frameworks, and reduces the computation workload of each

vertex.

2.1 BSP-based graph-processing frameworks

As mentioned before, although BSP-based distributed graph-

processing frameworks, such as Pregel [2] and GPS [3],

leverage the message buffering technique to amortize the av-

erage overhead of each message, they continue to suffer from

the high communication costs [4, 6–10]. Figure 1 shows the

execution process of any pair of compute nodes in the BSP-

based distributed graph-processing frameworks with the mes-

sage buffering technique. The main reasons for the high com-

munication costs are fourfold.

Fig. 1 The execution process of any pair of compute nodes in BSP-based distributed graph-processing frameworks with message buffering
technique

The bulk of the extra communication volume comes from

the need to carry the destination vertex name on each mes-

sage. By using the name of the destination vertex on each

message, the receiver side can identify which destination ver-

tex the message belongs to, and then dispatches the mes-

sage to the message queue of the destination vertex [2, 3].

For most graph algorithms, such as Label Propagation [14],

Single-Source Shortest-Paths [6] and PageRank [11], a mes-

sage usually carries a value with a short size, such as a 4-byte

integer or floating-point number used to store the label value,

shortest-path value or pagerank value. However, the size of

the name of each destination vertex is usually longer than that

of the message value (i.e., payload). For example, in order to

handle the graphs with more than four billion vertices, graph-

processing frameworks must use an 8-byte long-integer num-

ber to identify each vertex. In this case, the extra communi-

cation volume due to vertex names is responsible for 67% of

the overall communication volume.

Data copying overhead. At the sender side, any mes-

sage generated by a work thread is first sent to the message

buffers [2, 3]. When a message buffer is filled up, the mes-

sage batch in the message buffer is sent to the network. At

the receiver side, when a message batch is received by the

message parser, it parses the message batch and enqueues the

messages in the message batch to the message queues of the

destination vertices according to the name of each destina-

tion vertex [2,3]. Thus, each vertex can identify the messages

sent to itself. There are two rounds of data copying, one at the

sender side and the other at the receiver side.

The parsing overhead. At the receiver side, in order to dis-
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patch the messages in the message batches to the message

queues of the destinations vertices, the message parser parses

the message batches, resulting in the high parsing overhead

[3].

The poor communication bandwidth utilization stems from

the slow process of message generation and the general-

purpose communication protocols that only provide a lim-

ited bandwidth. First, the message buffers are filled up rather

slowly because any two consecutive buffer-filling operations

of a work thread are separated by the three distinctive tasks of

computation, message generation and decision on the place-

ment of each message. Therefore, it will take a relatively long

time to fill up a message buffer of a reasonably large size to

achieve a good amortization, which causes a long idle pe-

riod of the network. In fact, the larger the size of the mes-

sage buffers is, the longer the idle periods of the network are.

Hence, the size of the message buffer is a tradeoff between the

gains from the batched communication and the idle periods

of the network. Second, existing distributed graph-processing

frameworks are usually designed on the basis of the general-

purpose communication protocols that only provide a limited

bandwidth. This limit hinders these frameworks from speed-

ing up the transfers of the batched messages, particularly

when the system is supported by a high-bandwidth network.

2.2 GraphChi

GraphChi [7] is a single-node disk-based graph processing

framework. It introduces a novel mechanism called Parallel

Sliding Windows (PSW) to reduce the disk I/O costs to im-

prove performance. GraphChi works as follows. In prepro-

cessing stage, the vertices of the input graph are divided into

continuous but disjoint P intervals, each of which is asso-

ciated with a shard. Each shard is a disk file that stores all

the edges along with their values that have their destination

vertex labels in a given interval. Edges are stored in order of

their sources. This data representation has a clear advantage,

that is, for any loaded subgraph S, shard S contains the infor-

mation of all the in-edges and local out-edges of the loaded

subgraph, and all the out-edges with their destination ver-

tices in a given unloaded subgraph R can be obtained from

a contiguous disk file chunk in the shard R. In each iteration,

GraphChi executes P subgraphs sequentially. Each execution

process of a subgraph S consists of three stages. (1) load-

ing subgraph from disk. GraphChi obtains all the in-edges

and local out-edges by reading the full shard S and other out-

edges by reading P-1 contiguous disk file chunks in other P-1

shards. (2) executing the user-defined Update(v) function for

each vertex v in the loaded subgraph. (3) saving results to

disk.

There are four salient features of PSW. First, it mini-

mizes the disk I/O workloads. In the stage of saving results,

GraphChi only needs to write the edge values back to the

disk files (shards) since only the edge values are updated dur-

ing computation [7]. However, in existing distributed graph-

processing frameworks, each message consists of a destina-

tion name and a message value. Second, the edge values in

the edge-data blocks indexed by the vertices are read and

written by the Update(v) function directly. Thus, the sav-

ing results stage can be executed immediately after the com-

putation stage is finished. Third, by reading/writing the full

shard and the contiguous disk file chunks, it alleviates ran-

dom accesses to improve the I/O performance. Finally, the

computation time of each vertex is reduced to the time for

reading/writing its in-edge/out-edge values only. However, in

existing distributed graph-processing frameworks, the com-

putation of each vertex requires the extra time for identify-

ing which message buffer each message belongs to and then

sending the message to the message buffer [3].

However, the PSW of GraphChi is not suitable for and can-

not be used in distributed graph-processing frameworks. Be-

cause the shards are tightly coupled by PSW, that is, in order

to load a subgraph S from the disk, GraphChi needs to obtain

not only the in-edges and local out-edges of this subgraph

from shard S, but also other out-edges of this subgraph from

P-1 contiguous disk file chunks in other P-1 shards.

2.3 Motivation

The efficiency issues of existing BSP-based distributed

graph-processing frameworks and the salient features of

GraphChi help motivate us to propose a high-performance

computation model with low communication costs and re-

duced computation time, called LCC-BSP. The high perfor-

mance of LCC-BSP stems from four key features. (1) It elim-

inates the high extra volume of communication. (2) It avoids

the data copying and the message batch parsing overheads.

(3) It enables the network bandwidth capacity to be utilized

efficiently. (4) The computation work of each vertex is re-

duced.

3 LCC-BSP computation model

As mentioned before, the BSP-based distributed graph- pro-

cessing frameworks typically employ a think-like-a-vertex

programming model to support iterative graph computation,
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which considers a graph-computing job as a set of iterations

called supersteps. LCC-BSP, like the computation model of

BSP-based distributed graph- processing frameworks, con-

siders a graph-computing job as a set of supersteps. However,

unlike BSP-based distributed graph- processing frameworks,

the communication process in LCC-BSP is decoupled from

its computation process by explicitly dividing each superstep

into a computation step and a communication step.

In the computation step, a user-defined Update(v) function

is invoked for each vertex v in parallel. Inside Update(v), the

vertex v updates its state by its in-edge values and then up-

dates its out-edge values. The in-edge values of vertex v were

updated by the source vertices of the in-edges in the previous

superstep, and the out-edge values of vertex v will be used by

the destination vertices of the out-edges in the next superstep.

In the communication step, edge values are moved to im-

plement the interactions among vertices, since the out-edges

of a vertex are the in-edges of its neighboring vertices. For

each compute node, all out-edge values for a given remote

compute node are organized into a single full remote out-edge

data block in the preprocessing phase judiciously. Similarly,

all in-edge values for a given remote compute node are orga-

nized into a single full remote in-edge data block. A remote

out-edge data block is an exact copy of a remote in-edge data

block of a remote compute node. After the computation step

has finished, each compute node only needs to send P-1 re-

mote out-edge data blocks to P-1 remote compute nodes si-

multaneously, to update their respective copies, where P is

the number of compute nodes.

In order to ensure the determinism of graph algorithms,

there are two measures. First, in each compute node, a local

synchronous barrier is added between the computation step

and the communication step. It ensures that all out-edge val-

ues are updated completely before sending the out-edge data

blocks to remote compute nodes. Second, at the end of each

superstep, instead of using a global barrier, a local barrier

in each compute node is required to ensure the determinism

of graph-computing jobs. Thus, each compute node can start

the next superstep before the expected out-edge data blocks

have been received. Because each compute node has a certain

number(P-1) of the expected out-edge data blocks.

3.1 Performance analysis

The clear advantage of this computation model is that, in each

superstep, the interactions among vertices will be finished in-

stantaneously and simultaneously in a well-orchestrated con-

current manner after the computation step that runs only a

short period of time. Furthermore, the key advantage of the

communication step is that each out-edge data block is an ex-

act copy of an in-edge data block of a remote compute node,

that is, each edge value has an identical and fixed position in

the two copies. Using the fixed position, each edge value in-

dexed by its vertex can be identified by the vertex directly in

both the sender side and the receiver side without the vertex

name, avoiding the high data copying and parsing overheads.

As shown in Fig. 2, there are four salient features that con-

tribute to the high performance of this computation model.

Fig. 2 The execution process of any pair of compute nodes in the LCC-BSP
computation model

The reduced communication volume. LCC-BSP elimi-

nates high extra volume of communication required to carry

the name of destination vertex on each message in existing

BSP-based distributed graph-processing frameworks. Since

the out-edge data blocks that are sent to the network include

the edge values only.

The eliminated data copying and parsing overheads. As

mentioned before, the Update(v) function reads/writes the

edge values directly in both sender side and the receiver side,

avoiding the high data copying and parsing overheads.

The reduced computation time. In each computation step,

the computation time is much shorter than that of the existing

BSP-based distributed graph-processing frameworks, since

the computation time of each vertex is reduced to the time for

reading/writing its in-edge/out-edge values only, eliminating

the time for message generation, decision on the placement

of each message in the latter.

Highly efficient communication. First, in each superstep,

LCC-Graph only causes a very short idle period of the net-

work occupied by the computation step due to the reduced

computation time. Second, in the communication step, each

compute node only needs to send P-1 remote out-edge data

blocks to P-1 remote compute nodes simultaneously. This

well-orchestrated concurrent manner provides a sufficiently

large instantaneous network workload that enables the net-

work bandwidth capacity to be efficiently utilized, partic-

ularly when the system is supported by a high-bandwidth
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network that is more easily accessible than ever before. In-

tuitively, existing BSP-based distributed graph-processing

frameworks with message buffers can also provide a large

instantaneous network workload by using large enough mes-

sage buffers. However, larger message buffers cause longer

idle periods of the network used by the work threads to fill up

the message buffers due to the slow process of message gener-

ation, as discussed in Section 2. Moreover, the optimization

of the network ecosystem, as presented in Section 4, helps

further speed up the transfer of the out-edge data blocks.

Summary: There are two differences between LCC-BSP

computation model and the computation model of BSP-based

distributed graph-processing frameworks. First, in each su-

perstep of the BSP-based distributed graph-processing frame-

works, once the work threads of each compute node be-

gin to execute their vertices by using the user-defined Com-
pute(vertex v) function, the generated messages will be sent

to the network during the supersetp. Unlike this computation

model, the communication process in LCC-BSP is decoupled

from its computation process by explicitly dividing each su-

perstep into a computation step and a communication step.

This decomposition enables the high performance of LCC-

Graph, as mentioned before. Second, unlike BSP-based dis-

tributed graph-processing frameworks, at the end of each su-

perstep, instead of using a global barrier, a local barrier in

each compute node is required to ensure the determinism of

graph-computing jobs. When the P-1 out-edge data blocks

of each compute node have been received, the compute node

can start the next superstep immediately, avoiding the over-

head of the global barrier.

3.2 An example

To better illustrate the LCC-BSP computation model we use

an example of the computation of PageRank [3]. In this ex-

ample, the directed graph is organized into three subgraphs

residing in three compute nodes. Each subgraph includes a

local edge data block (LDB), two remote in-edge data blocks

(RIDBs) and two remote out-edge data blocks (RODBs).

Figure 3 shows a superstep of LCC-BSP computation model

processing the PageRank algorithm.

Fig. 3 An example of LCC-BSP computation model

In the computation step, each vertex v is executed by using

the Update(v):PageRank function concurrently with other

vertices. Consider vertex i as an example. First, a new pager-

ank is calculated according to the in-edge values of vertex i.
Then the value of vertex i is updated with the new pagerank.

Finally the out-edges’ values of vertex i are updated based

on new pagerank. The edge values, organized into edge data

blocks, are read and written by the Update(v): PageRank
function directly, avoiding data copyings. In the communica-

tion step, two remote out-edge data blocks of each compute

node are sent to two other compute nodes, to update their

respective copies. In this example, compute node 0 sends the

block 1 to compute node 1 and the block 2 to compute node 2.

Meanwhile each compute node will receive two remote out-

edge data blocks from two other compute nodes to update its

corresponding remote in-edge data blocks. In this example,

compute node 0 receives the block 3 from compute node 1

and the block 4 from compute node 2.

3.3 Challenges

There are two key challenges in the implementation of the

LCC-BSP computation model. The first one is to organize

all the out-edge/in-edge values from a given compute node to
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another into a single remote out-edge/in-edge data block. The

other is to guarantee that each out-edge data block is an ex-

act copy of an in-edge data block of a remote compute node.

To address these challenges, the new edge-block based data

representation is introduced, as presented in Section 4.1.

4 LCC-Graph framework

In this section, we present LCC-Graph. Key components and

unique features of the LCC-Graph are detailed in various sub-

sections next.

4.1 The edge-block based data representation

In this subsection, we present the edge-block based data rep-

resentation that provides four salient features of the LCC-

BSP computation model. We will now describe how the in-

put graph is partitioned and organized into edge-block based

subgraphs during the preprocessing phase. Each subgraph re-

sides in the memory of a compute node.

Definitions: Let G=(V,E) denote an input graph with its

vertex set V and edge set E, and let Partition0∪Partition1

∪ · · · ∪PartitionP-1 = V be the P partitions of V, where

Partitioni∩ Partitionj=∅ (i � j). For each Partitioni, the ver-

tices in Partitioni, along with their edges, are defined as a

subgraph of the input graph. The input is a directed graph

and an undirected graph can be treated as a directed one by

considering each undirected edge as two opposite directed

edges.

Graph partitioning: By using a user-specified graph par-

titioning method, the input graph is divided into P partitions,

as depicted in Fig. 4(b), where P is the number of compute

nodes.

Fig. 4 An example of graph partitioning and re-labeling vertices. Circles
denote vertices with their labels. Note that each partition is a subset of ver-
tices in graph G (a). To help us better understand the subgraph construction
process, the edges are also illustrated in (b) and (c)

Relabeling vertices: It is assumed that the vertices are la-

beled from 1 to |V|. After dividing the input graph into P par-

titions, the vertices of the graph are unordered again. We re-

label vertices of the P partitions sequentially to make the la-

bels of vertices form P continuous but disjoint intervals, cor-

responding to the P partitions. Consider the re-labeled graph

G as an example, shown in Fig. 4(c), the labels of vertices

consist of four continuous but disjoint intervals, i.e., interval0:

[1–4], interval1: [5–8], interval2: [9–12] and interval3: [13–

16], corresponding to Partition0, Partition1, Partition2 and

Partition3 respectively. By using the continuous but disjoint

intervals, it is easy to identify which partition the vertices

belong to, instead of accessing the global graph-partitioning

information. This measure further enables the judicious data

representation, described next. The relabeling has a negligi-

ble overhead since this process done in parallel on each com-

pute node.

Shards: A shard is a consecutive memory chunk that

stores all the edges along with their values that have their

destination vertex labels in a given interval. That is, a shard is

associated with each interval. Then, the edges in each shard

are sorted by the sources. Shards are labeled from 0 to P-1.

As shown in Fig. 5, four shards are generated for the four

intervals, labeled as shard0, shard1, shard2 and shard3 respec-

tively. Due to the sorting overhead, the sharding time is re-

sponsible for ∼27.61% of the overall preprocessing time, as

shown in Section 6.

Fig. 5 Shards of re-labeled graph G (Each row of edge blocks denotes a
directed edge with its value)

Note that the “8↔3” notation shown in Fig. 4(c) indicates

that there are two directed edges, “8→3” and “3→8”. Since

the destination vertex “3” and “8” reside within interval0 of

[1-4] and interval1 of [5-8] respectively, the directed edges

“8→3” and “3→8” with their values are stored in shard0

and shard1 respectively. The other bidirectional edges, e.g.,

“13↔9”, have similar meanings.

Constructing subgraphs: In order to create a subgraphp

for the vertices in Partitionp, where 0 � p � P-1 and P

is the number of compute nodes, in-edges and out-edges

of these vertices need to be obtained. First, shardp con-

tains the information of all the in-edges and local out-edges

(their destinations are also in Partitionp) for the vertices in

Partitionp, so the in-edges and local out-edges can be eas-
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ily obtained from shardp. Consider the re-labeled Graph G,

shown in Fig. 4(c), vertex “2” residing in Partition0 has two

in-edges (“1→2” and “4→2”) and a local out-edge (“2→3”),

which are stored in the first row, seventh row and the third

row in the shard0 respectively, as shown in Figure 5. Sec-

ond, since the out-edges of a given vertex are the in-edges

of its neighboring vertices, the remote out-edges of the ver-

tex are stored in the other P-1 shards. Consider the vertex

“2”, it has a remote out-edge(“2→12”) which is stored in the

first row in shard2. Moreover, since all the labels of the ver-

tices in Partitionp are within the intervalp and the edges in

each shard are stored in order of their sources, the remote

out-edges of the vertices in Partitionp with their destinations

within a given remote Partitionj are stored in a contiguous

memory chunk in the shardj. Hence, the full remote out-edges

of the vertices in Partitionp can be obtained from the P-1 con-

tiguous memory chunks in the other P-1 shards. However, in

a distributed setting, it is inefficient to deploy P shards on

all compute nodes of the cluster. Thus, each shard is decom-

posed into P edge blocks (labeled 0 to P-1) according to the

interval that contains the source vertex labels corresponding

to the edges. As shown in Fig. 5, each shard is split into four

edge blocks: block0, block1, block2 and block3. There are

P2 edge blocks in total, and we use B(x, y) to identify an

edge block, with block label x and shard label y. Consider

Fig. 5 as an example, in order to construct subgraph0, all the

in-edges and local out-edges of vertices in Partition0 can be

obtained first by a full reading of the shard0 (from block0 to

block3).Then all the remote out-edges can be obtained from

the block0 of shard1, block0 of shard2 and block0 of shard3

respectively.

After blocking, we can construct P subgraphs for P com-

pute nodes. Each subgraphp consists of a local-edge block

(LB) B(blockp, shardp), P-1 remote in-edge blocks (RIBs)

B(blocki, shardp) and P-1 remote out-edge blocks (ROBs)

B(blockp, shardj), where 0 � i � P-1, 0 � j � P-1, i � p, j � p.

Consider the re-labeled graph G in Fig. 4(c) as an exam-

ple, four subgraphs are constructed, as shown in Fig. 6. Each

subgraphp (0 � p � 3) consists of a local-edge block, three

remote in-edge blocks and three remote out-edge blocks. For

each subgraphp, the local-edge block and the three remote in-

edge blocks are in the column p; the three remote out-edge

blocks are in the row p. Each remote out-edge block includes

all the edges whose destination vertices reside within a given

remote partition. Each remote in-edge block includes all the

edges whose source vertices reside within a given remote par-

tition. The local-edge block B(blockp, shardp) is a special

case because both the source vertices and destination vertices

of the edges are in the partitionp.

Compared with graph partitioning process, the time of con-

structing subgraphs is negligible since each compute node

only entails two simple operations: (1) constructing metadata

for its subgraph; (2) receiving one in-edge block from other

P-1 compute nodes respectively.

Summary: The data representation of LCC-Graph is in-

spired by GraphChi. The reason is that it is easy to fur-

ther decompose each shard of GraphChi into edge blocks

and then organize the edge blocks into the edge-block based

subgraphs of LCC-Graph. However, LCC-Graph is different

from GraphChi. GraphChi is a single-node secondary stor-

age based graph processing framework, which organizes the

input graph into P shards that reside in the disk of a single

compute node, as shown in Fig. 5. By using the Parallel Slid-

ing Window (PSW), GraphChi can execute graph algorithms

on the shards [7]. However, LCC-Graph is a pure in-memory

distributed graph processing framework, which further de-

composes each shard into edge blocks and then organizes

the input graph into edge-block based subgraphs, each of

which resides in the memory of a compute node, as shown in

Fig. 6. This data representation enables the four advantages

that significantly reduce the communication costs, as dis-

cussed in Section 3. To sum up, although the data represen-

tation of LCC-Graph is inspired by GraphChi, LCC-Graph

is significantly different from GraphChi because the former

is designed to reduce the high communication costs expe-

rienced by existing in-memory distributed graph-processing

frameworks while the latter aims to improve the performance

of single-node disk-based graph-processing frameworks by

reducing disk I/O costs.

4.2 Edge data block based communication

Block dependencies: For each subgraphp (0 � p � P-1), each

remote out-edge block B(blockp, shardj) is a copy of the re-

mote in-edge block B(blockp, shardj) of subgraph j, where 0

� j � P-1 and p � j. As shown in Fig. 6, consider subgraph0,

the remote out-edge block B(block0, shard1) of subgraph0

is a copy of the remote in-edge block B(block0, shard1) of

subgraph1.

Communication: Since only the edge values are mutated

during computation, each edge block B(x, y) is split into an

adjacency block B_adj(x, y) and an edge data block B_data(x,

y). The adjacency blocks store the topological structure of the

input graph and the edge data blocks store the edge values. In

the communication step, the P-1 remote out-edge data blocks

of each compute node will be sent to the other P-1 compute
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Fig. 6 Subgraphs of G (The x axis denotes the shard labels, and the y axis denotes the block labels corresponding Fig. 5). (a) Subgraph0; (b)
subgraph1; (c) subgraph2; (d) subgraph3

nodes to update their respective copies.

Local edge data block B_data(p, p): The local edge

block B(p, p) of each subgraphp is a special case since both

the source and destination vertices of its edges belong to

partitionp. In the computation step, conflicts can occur when

the values of these edges are accessed by the source vertices

and destination vertices of these edges simultaneously, which

breaks determinism. To guarantee determinism, we imple-

ment two copies of the local-edge data block B_data(p, p).

One is used for reading and the other for writing. In the next

superstep, the two copies switch their roles.

4.3 Network ecosystem

In the network ecosystem, the TCP/IP socket interface calls

were initially used for inter-node communication and LCC-

Graph was performing over a 1Gbps Ethernet, which can only

provide ∼110MB/s of actual network bandwidth. Using the

edge data block based communication model, LCC-Graph

consumes the whole 1Gbps Ethernet network bandwidth, i.e.,

it can obtain better performance if running on a higher band-

width network. Hence, we run LCC-Graph on a 40Gbps In-

finiband network. However, the TCP/IP protocol now be-

comes the new bottleneck, due to its low efficiency for multi-

layer complex structures. In fact, LCC-Graph can only obtain

∼1.2GB/s actual application bandwidth on TCP/IP over the

40Gbps Infiniband network, far below the peak performance.

Hence a more efficient communication protocol is required.

The InfiniBand Architecture (IBA) [15] defines a switched

network fabric for the interconnection of processing nodes,

which provides a communication and management infras-

tructure for inter-processor communication. In an InfiniBand

network, processing nodes are connected to the fabric by

channel adapters (CAs). The InfiniBand Architecture sup-

ports two semantics, channel and memory. In memory se-

mantics, InfiniBand supports remote direct memory access

(RDMA) operations that include RDMA write and RDMA

read. RDMA operations are single-sided and do not incur

software overheads on the remote side, resulting in efficient

communication. Hence, we have implemented LCC-Graph

on the InfiniBand Architecture, using RDMA communication

operations. In this case, LCC-Graph can obtain ∼2.53GB/s

actual application bandwidth, further shortening the commu-

nication time.

4.4 Remote out-edge data block compression

For most graph algorithms, almost all the edge values are

updated in supersteps, such as PargeRank [11], Community

Detection [13] and Connected Components [12]. In order to

further speed up the graph algorithms with only a few up-

dated edge values, a remote out-edge data block compression

(CoDB) scheme is introduced in LCC-Graph.

For each compute node, we define a CoDB for each out-

edge data block. Each element in the CoDB includes an offset

and an edge value, as shown in Fig. 7. The offset indicates the

edge value offset in the out-edge data block. The edge value

is the new value of the edge that is updated in this superstep.

Each offset is a 4-byte integer number which is large enough

to store the maximum value of the offsets due to the lim-

ited number of the edge values in each out-edge data block.

The extra communication volume for carrying the offsets is

smaller than that of existing BSP-based distributed graph-

processing frameworks since the size of destination vertex

names on the messages in the latter is larger than the size

of the offsets. Like the latter, this scheme also leads to extra

overhead at the receiver side. However, by using this scheme,

the communication cost of LCC-Graph is still significantly

smaller than that of the latter, due to the smaller extra com-

munication volume and higher communication efficiency.

Update counters (UCs): LCC-Graph defines a UC for

each remote out-edge data block to record the number of up-

dated edge values in the remote out-edge data block. In the

computation step, when an edge is updated, the UC is in-

creased by 1 and a CoDB element will be added to the CoDB.

We call this process compression that is enabled by a config-

urable option. Users can disable this option by default for

higher performance. Because, for most graph algorithms, al-
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most all the edge values are updated in supersteps.

Fig. 7 Remote out-edge data block compression

Threshold value (TV): In the communication step, if the

remote out-edge data block compression option is enabled,

the CoDBs will be sent to other compute nodes, instead of

the full remote out-edge data blocks. However, CoDB intro-

duces additional communication volume to carry the offset

for each edge value. Hence, a TV is required for each remote

out-edge data block to control the ratio of compressed edge

values, where 0 � TV � 1. In the compression process, if the

ratio of compressed edge values to total edge values of the

remote out-edge data block reaches the TV, compression is

abandoned. In this case, the remote out-edge data block will

be sent in the communication step.

When a compute node has received a CoDB, it uses the

offset of each element to locate the address of the edge value

in the corresponding remote in-edge data block and replace

the edge value using the new one.

TV is configurable. Initially, it is set to a value according

to the experiences of users. Since the optimal value of TV

can be different from one computing environment to another,

LCC-Graph can adjust the TV dynamically according to the

trends of TV and system performance from the job execution

logs.

4.5 Asynchronous execution model

LCC-BSP computation model can fully guarantee determin-

ism by using two synchronous barriers in each superstep.

However, asynchronous execution can also guarantee deter-

minism for some graph algorithms, such as Single-Source

Shortest-Paths [6] and Label Propagation Algorithm [14]. In

this case, asynchronous execution of the LCC-Graph frame-

work can accelerate the convergence of graph-computing

jobs, gaining notable performance improvements.

We implement asynchronous execution of LCC-Graph us-

ing two measures. First, we relax the determinism require-

ment by removing the synchronous barrier between the com-

putation step and the communication step in each superstep.

After a compute node finishes its computation earlier than

other nodes, it sends the P-1 remote out-edge data blocks to

other compute nodes immediately. When a compute node re-

ceives a remote out-edge data block, it uses the remote out-

edge data block to update the corresponding remote in-edge

data block directly. Second, for synchronous execution, LCC-

Graph uses two copies of the local-edge data block B_data(p,

p) to ensure determinism. In asynchronous execution, in con-

trast, LCC-Graph uses only one copy of local-edge data block

B_data(p, p). Thus, in the same superstep, any vertex exe-

cuted later can read the new in-edge values that have been up-

dated by neighboring vertices that have already finished exe-

cution, accelerating the convergence of the graph-computing

jobs.

The experimental results, presented in Section 6, show

that asynchronous execution improves the overall run time

of some graph-computing jobs over synchronous execution

by ∼29%.

4.6 High flexibility

LCC-Graph also flexibly supports some peculiar require-

ments of graph algorithms by using a mignon message block

attached to each out-edge data block, even if these cases

rarely occur. These requirements include messages sent to

non-neighbor vertices and multiple messages sent to a single

destination vertex. Each message field in the mignon mes-

sage block includes DestinationVertexID and MessageValue

fields. Instead of using a global DestinationVertexID, LCC-

Graph uses a local one for each remote compute node, thus

reducing the communication volume. That is, each mignon

message block is dedicated to one remote compute node in-

dependently. Because, due to the process of relabeling ver-

tices, it is easy to identify which compute node the vertices

belong to, instead of accessing the global graph-partitioning

information. In the computation step, the message fields of

each mignon message block are updated sequentially in order

by using the automatically incremented value of a message

field pointer. In the communication step, each mignon mes-

sage block is sent to its remote compute node. Like existing

BSP-based distributed graph-processing frameworks, these

messages carried by the mignon message blocks are separated

and routed to their destination vertices by the receiver side,

leading to extra overhead at receiver side. However, LCC-

Graph is also efficient when executing the graph algorithms

with peculiar requirements, due to the reduced communica-

tion volume and the efficient network ecosystem. This fea-

ture of flexibility is also provided by Pregel [2]. By using this
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compensatory technique, LCC-BSP computation model acts

exactly as the BSP computation model.

4.7 Fault tolerance

LCC-Graph implements fault tolerance by checkpointing the

execution state of compute nodes. In each superstep, vertex-

programs update the values of vertices and their out-edges,

using the in-edge values and vertex values updated in the

previous superstep. Thus, each compute node only needs to

checkpoint the vertex values, remote in-edge data blocks and

the local-edge data block of its subgraph at the end of the su-

perstep. LCC-Graph uses the checkpointed execution state to

execute failure recovery. Due to the checkpointing cost, LCC-

Graph requires that the frequency of checkpointing should be

fixed (i.e., a set number of supersteps between any two con-

secutive checkpointing operations), which is a tradeoff be-

tween execution delay and recovery time. The default check-

pointing frequency is assigned in the system configuration

file. Users can disable the fault tolerance mechanism by de-

fault for higher performance.

5 Graph partitioning methods

High-quality graph partitioning methods, such as METIS

[16], KL [17] and the Genetic algorithm [18], provide a lower

edge-cut ratio, resulting in lower communication workloads

among compute nodes. However, they fail to handle large-

scale graphs in “big data” environments because of their

costly computational complexity. By default, existing dis-

tributed graph-processing frameworks distribute the vertices

of a graph to the compute nodes randomly, due to its simplic-

ity and low computational complexity. This method delivers

high partitioning performance but introduces extremely high

edge-cut ratios since the locality of the vertices is not consid-

ered [19, 20].

In this section, we first present a brief introduction to

the heuristic partitioning methods. These methods are use-

ful for partitioning large-scale graphs due to the low com-

putational complexity and the low edge-cut ratios. However,

these graph partitioning methods are insufficient for LCC-

Graph. Because the communication time in LCC-Graph has

been significantly reduced and the computational imbalance

among the compute nodes has become a new performance

bottleneck. Based on the heuristic partitioning methods, we

propose an improved, compute-aware SGP graph partition-

ing method (CA-SGP) that not only has the low computa-

tional complexity and low edge-cut ratios but also balances

the computation among the compute nodes, gaining notable

reductions in computation time.

5.1 Heuristic partitioning methods

In recent years, lightweight heuristic partitioning methods,

such as Streaming Graph Partitioning (SGP) [19] and Re-

streaming Graph Partitioning (RSGP) [20], have been pro-

posed for large-scale graphs. Compared to the random par-

titioning method, heuristic partitioning methods can reduce

the edge-cut ratios greatly by using a heuristic function to as-

sign each vertex to compute nodes. The heuristic function not

only considers the locality of the vertices, but also balances

the workload of each compute nodes. In SGP, vertices along

with their neighbors of the input graph arrive in order. SGP

uses a user-defined heuristic function to assign the arriving

vertices to different partitions. It uses the following heuristic

to select a partition i for a vertex u by default:

argmax
i∈{1,...,K}

|Pt
i ∩ N(u)|(1 − WLt

i

EWLi
), (1)

where K is the number of partitions, with each partition be-

ing managed by a single compute node. N(u) is the set of u’s

neighbors and Pt
i is the set of vertices in partition i at time

t. The factor |Pt
i ∩ N(u)| is used to reduce the edge-cut ra-

tio. The factor 1 − WLt
i

EWLi
is a compensation factor to balance

the workloads of the compute nodes, where WLt
i is the work-

load of the compute node i at time t, and EWLi is defined

as the expected workload of compute node i. The SGP parti-

tioning method usually defines a workload unit as an “edge”.

Hence, if the cluster is built of homogeneous/identical com-

pute nodes, EWLi can be defined as NE/K, where NE is the

number of edges of the input graph. WLt
i is the number of

edges of compute node i at time t.

The experimental results, as shown in Section 6, indicate

that if the workload unit is defined as an “edge”, the SGP

partitioning method can obtain an ideal communication bal-

ance, due to the similarity among the partitions in terms of the

number of edges. The communication time required by each

compute node depends on the number of cut-edges, which

is proportional to the product of the edge-cut ratio and the

number of edges of each partition.

However, this heuristic function introduces huge differ-

ences in the number of vertices in each partition, resulting in

a serious computational imbalance. The reason for this is that

the computation time for most graph algorithms depends not

only on the number of edges, but also is slightly dependent on

the number of the vertices of the partition, since scheduling

the vertices is time-consuming. The large vertex imbalance
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results from the non-uniform distributions of the “celebrity”

vertices that have the most edges in the graphs.

5.2 Improved, compute-aware SGP (CA-SGP)

The SGP partitioning only balances the communication

workload among compute nodes. It is sufficient for exist-

ing distributed graph-processing frameworks, since the com-

munication costs of them are the main contributors to the

overall system performances. However, the SGP partition-

ing is insufficient for LCC-Graph since the communication

time is very short. Hence, the computation load-balance prob-

lem becomes the new bottleneck for LCC-Graph, which must

be addressed to further improve the system performance.

To end this, we propose to optimize the heuristic function

to mitigate the computation imbalance, making it compute-

workload aware.

Like SGP, vertices along with their neighbors of the input

graph arrive in order. CA-SGP also uses the heuristic func-

tion of SGP to assign the arriving vertices to different parti-

tions, as shown in Eq. (1). However, based on the SGP, CA-

SGP further balances the computation workload among the

compute nodes by optimizing the factor 1 − WLt
i

EWLi
of Eq. (1).

Specifically, we redefine EWLi as:

EWLi = EEi × α + EVi × (1 − α), (2)

where α is a balance factor which balances the workload im-

pacts of edges and vertices, 0 � α � 1. EEi is defined as the

number of edges that compute node i expects to accept. If the

cluster is built of homogeneous/identical compute nodes, EEi

can be defined as NE/K, where NE is the number of edges of

the input graph. Similarly, EVi is defined as the number of

vertices that compute node i expects to accept. If the cluster

is built of homogeneous/identical compute nodes, EVi can be

defined as NV/K, where NV is the number of vertices of the

input graph. WLt
i is defined as:

WLt
i = NEt

i × α + NVt
i × (1 − α), (3)

where NEt
i is the number of edges in partition i at time t, and

NVt
i is the number of vertices in partition i at time t.

An appropriate value of α slightly increases the communi-

cation imbalance, but greatly mitigates the computation im-

balance, resulting in a higher performance of LCC-Graph.

α is a configurable parameter that can be assigned. The ex-

perimental results presented in Section 6 indicate that the

improved, compute-aware SGP (CA-SGP), exhibits notable

performance improvements for LCC-Graph when the balance

factor is set to 0.85.

Summary: The computation imbalance problem becomes

the new bottleneck for LCC-Graph since the communication

time has been significantly reduced by our LCC-BSP compu-

tation model. By using the balance factor α, CA-SGP graph

partitioning method balances the workload impacts of edges

and vertices, gaining notable reductions in computation time

for each superstep. The experimental results, as shown in

Section 6, indicate that CA-SGP balances not only the com-

putation workloads but also the communication workloads,

resulting in higher system performance of LCC-Graph, com-

pared with the original SGP.

6 Experimental evaluation

In this section, we conduct extensive experiments to evaluate

the performance of LCC-Graph. Experiments are conducted

on a 32-node cluster. Each compute node has two quad-core

Intel Xeon E5620 processors with 24GB of RAM. Nodes

are connected via a 40Gbps InfiniBand network and a 1Gpbs

Ethernet for high-bandwidth and low-bandwidth interconnect

evaluations respectively.

Graph algorithms: We implement several graph algo-

rithms to evaluate LCC-Graph: Single-Source Shortest-Paths

(SSSP) [6], PageRank (PR) [11], Community Detection (CD)

[13] and Connected Components (CC) [12]. The SSSP al-

gorithm computes the distance of the shortest path from a

given source vertex u to each other vertex in a graph. The

PR algorithm is used by Google Search to rank websites in

their search engine. The CC algorithm finds connected com-

ponents of a given graph, i.e., a maximum set of vertices in

which any pair of vertices can reach each other. The CD al-

gorithm works as follows. Each vertex is initially assigned a

unique label. Each vertex updates its label with the label most

frequently used by its neighbors. This process is repeated un-

til a stable set of labels is reached. We define the sets of ver-

tices that have the same labels as “network communities”.

Baseline frameworks: We compare LCC-Graph with

GPS, Giraph and GraphLab. GPS is an open-source Pregel

implementation from Stanford’s InfoLab [3]. It is a rep-

resentative BSP-based distributed graph-processing frame-

work. GraphLab is an open-source project originated at CMU

[21] and now supported by GraphLab Inc. It has competitive

performance with the existing distributed graph-processing

frameworks. We use the latest version of GraphLab 2.2 (re-

leased in March 2014), which supports distributed computa-

tion and incorporates the features and improvements of Pow-

erGraph [21,22]. We also choose Apache Giraph [4] as it is a
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well-known open source implementation of Pregel.

Datasets: We evaluate LCC-Graph using several real-

world graph datasets that are summarized in Table 1. These

datasets are used frequently in many published comparative

evaluations of graph-processing frameworks [3, 7, 22].

Preprocessing: We conduct experiments to evaluate GPS,

GraphLab and LCC-Graph in terms of preprocessing time.

Each framework runs two graph partitioning methods of SGP

and CA-SGP on Twitter-2010. As shown in Fig. 8, the prepro-

cessing time of LCC-Graph is 1.12x longer than that of GPS

but 1.19x shorter than that of GraphLab when the same graph

partitioning method is used. We then decompose the prepro-

cessing runtime of LCC-Graph into four parts: 1) graph par-

titioning time 2) relabeling time 3) sharding time and 4) the

time of constructing subgraphs. The experimental results in-

dicate that the preprocessing time of LCC-Graph is domi-

nated by the graph partitioning time and the sharding time.

They are responsible for 71.78% and 27.61% of the over-

all preprocessing time respectively. The preprocessing times

are not included in calculations in the other experiments de-

scribed in the following subsections.

Table 1 Graph datasets summary

Datasets |V | |E| Type

LiveJournal [23] 4.8×106 69×106 Social Network

Twitter-2010 41×106 1.4×109 Social Network

UK-2007-05 106×106 3.7×109 Web

USA 23.9×106 58.4×106 Road Network

Euro 18×106 44.8×106 Road Network

6.1 Runtime breakdown

Experiments are conducted to investigate LCC-Graph and

GPS in terms of communication cost and computation time.

GraphLab is excluded from this evaluation since it is diffi-

cult to explicitly measure its communication cost due to its

distributed shared-memory technique. Each framework runs

the PR, CD, CC and SSSP graph algorithms on 24 compute

nodes with the Twitter-2010 graph. Compute nodes are con-

nected via a 40Gbps InfiniBand network. PR runs 10 super-

steps for each experiment.

Communication cost: The communication cost is defined

as the time spent by vertices to interact with one another. In

order to measure the communication cost and computation

time more easily, each superstep of LCC-Graph is explicitly

divided into a computation step and a communication step by

using a global barrier. Thus, in each superstep, the communi-

cation cost is the time for the communication step. For GPS,

the communication cost consists of the sender-side communi-

cation overhead, the time spent on sending message batches,

and the receiver-side communication overhead.

Fig. 8 Preprocessing time. (a) Overall runtime; (b) runtime breakdown

For fair comparison, GPS is evaluated with two configura-

tions of message buffer size, i.e., 100KB (the default value)

and 80MB which is large enough to accommodate all the

messages sent from one compute node to another in each

superstep. We record the communication cost for each ex-

periment. Figure 9(a) shows the difference between LCC-

Graph and GPS in terms of communication cost. GPS with

the 80MB buffer configuration only gains less than 6% im-

provements in the communication cost, compared to its de-

fault configuration. The reasons are the high extra volume of

communication, limited effectiveness of the message buffer-

ing technique and poor communication bandwidth utilization

in GPS, as discussed in Section 2. However, the communica-

tion cost of LCC-Graph is 59x, 60x, 66x, and 14x shorter than

that of GPS with the 80MB buffer configuration when run-

ning the PR, CD, CC and SSSP algorithms respectively. The

reasons are the reduced communication volume, the highly

efficient communication and the elimination of the extra over-

head at the receiver side. We also observe that the commu-

nication cost gap between LCC-Graph and GPS is narrower

for SSSP than that for the other graph algorithms. The rea-

son is that the SSSP graph algorithm generates only a few

inter-vertex interactions during the execution process. This

restricts the advantage of low communication costs in LCC-
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Graph. Even so, the communication cost of LCC-Graph is

still 14x shorter than that of GPS.

Fig. 9 Runtime breakdown. (a) Communication cost; (b) computation time

The experimental results indicate that the communication

cost of GPS dominates the overall run time in each graph-

computing job. For example, when GPS performs the PageR-

ank algorithm, the communication cost is responsible for

95% of the overall run time. On the contrary, it is the low

communication cost of LCC-Graph that contributes to its

high performance in each graph-computing job.

Computation Time: In these experiments, we also mea-

sure the time spent on computation in each graph-computing

job. Experimental results, as shown in Fig. 9(b), indicate that

the computation time of LCC-Graph is 2.5x-3.4x shorter than

that of GPS. As discussed in Section 3, this performance im-

provement stems from the reduced computation work of each

vertex. The reduced computation time is another contributor

to the high performance of LCC-Graph.

6.2 Impacts of network ecosystem

Experiments are also conducted to study the impact of the

network ecosystem on the performance of these frameworks.

In these experiments, each framework is deployed on 16 com-

pute nodes, and runs 10 supersteps of PR on the Twitter-2010

graph.

Over the 1Gbps ethernet: We first test LCC-Graph

against GraphLab and GPS over the 1Gbps Ethernet. As il-

lustrated in Fig. 10(a), LCC-Graph is 5.6x and 1.7x faster

than GPS and GraphLab respectively. The run-times of LCC-

Graph are similar when running on either TCP/IP or RDMA.

The reason is that edge data block based communication

model saturates the 1Gbps network bandwidth when run-

ning on either TCP/IP or RDMA. In fact, the actual obtained

bandwidth, calculated as the size of the out-edge data blocks

divided by the communication time, is ∼110MB/s, which

reaches the upper limit of the 1Gbps Ethernet network. In

these experiments, the network bandwidth is the performance

bottleneck in LCC-Graph.

Over the 40Gbps infiniband: We then evaluate LCC-

Graph against GraphLab and GPS over the 40Gbps Infini-

band. The experimental results shown in Fig. 10(a) indicate

that LCC-Graph with RDMA is 1.4x faster than LCC-Graph

with TCP/IP, due to higher efficiency of RDMA, and is 41x

and 11x faster than GPS and GraphLab respectively. Com-

pared with the 1Gbps Ethernet, LCC-Graph, when running

over the 40Gbps Infiniband, obtains significant performance

improvements, which is not the case for GPS and GraphLab

that fail to observe any significant performance improve-

ments. The experimental results indicate that LCC-Graph has

significantly higher efficiency when the system is supported

by a high-quality network ecosystem.

Fig. 10 Impacts of network ecosystem. (a) Different networks; (b) different
network bandwidth

Different network bandwidth: We conduct experiments

to evaluate the scalability of these frameworks in terms of net-

work bandwidth. Each experiment is repeated by gradually

increasing the network bandwidth from 1Gbps to 40Gbps.

As illustrated in Fig. 10(b), LCC-Graph, running on RDMA,

achieves the peak performance when the network bandwidth

is limited to 20Gbps. Consider the 1Gbps-based configura-

tion as the baseline, the peak performance (8.5s) is 7.4x

higher than the baseline performance (63s). When LCC-

Graph achieves its peak performance, the measured actual

obtained bandwidth is ∼2.53 GB/s. However, a higher net-
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work bandwidth does not contribute to higher performances

of GraphLab and GPS.

6.3 Out-edge data block compression (CoDB)

We also study the CoDB that can help speedup the graph-

computing jobs with a few inter-vertex interations. LCC-

Graph runs SSSP on 24 compute nodes with the Twitter-

2010 graph, ranging the TV (threshold value) from 0 to 0.5.

In fact, CoDB is disabled when TV=0. We regard this case

as the baseline. As shown in Fig. 11, the runtime decreases

gradually and reaches a minimum value when TV=0.08. The

reason is that a larger TV value enables more out-edge data

blocks to be compressed, gaining a reduction in communica-

tion time. The runtimes maintain the minimum value when

TV ranges from 0.08 to 0.5. The reason is that the maximally

connected component of the Twitter graph only has ∼3 mil-

lion vertices while the Twitter graph has ∼41 million vertices.

The ratio of the scheduled vertices is less than 7.2%, lead-

ing to a small proportion of edges being updated during the

execution process. Hence, most out-edge data blocks can be

compressed when TV is larger than 0.08. Overall, CoDB is

able to reduce the runtime of SSSP by 26%.

Fig. 11 Effectiveness of CoDB

6.4 Impacts of graph partitioning methods

The CA-SGP graph partitioning method proposed in Sec-

tion 5 will now be studied, and we will compare CA-SGP

with the basic SGP. In order to measure the communication

time and computation time more easily, we also uses a global

barrier between the computation step and the communication

step in each superstep.

SGP: We conduct experiments to evaluate the SGP graph

partitioning method. In this experiment, LCC-Graph, de-

ployed on 8 compute nodes, runs 10 supersteps of PR on the

Twitter-2010 graph. As illustrated in Fig. 12(c), there is very

little difference among the communication times of all com-

pute nodes. The reason is that each subgraph has a nearly

equal number of edges, as shown in Fig. 12(a), since SGP de-

fines the number of edges as the balancing objective, which

leads to communication balance. However, the differences

among the computation times of the compute nodes are large,

for example, the computation time for compute node 0 is 3x

longer than that for compute node 2. The reason is that SGP

only balances the number of edges of each subgraph, lead-

ing to a serious vertex imbalance. As shown in Fig .12(b),

the number of vertices of Subgraph 0 is 30x larger than that

of Subgraph 2. The serious vertex imbalance results in an im-

balance in the computation workloads among compute nodes.

Improved, Compute-Aware SGP (CA-SGP): As dis-

cussed in Section 5, the heuristic function has been optimized

to mitigate the computational imbalance of SGP. We use the

balancing factor α to balance the workload impacts of edges

and vertices. A series of experiments have been conducted

to investigate the optimal value of α. The experimental re-

sults indicate that LCC-Graph can reach optimal performance

when α=0.85. Due to space limitations, we only show the

experimental results with α=0.85. CA-SGP brings a slightly

higher edge imbalance (as shown in Fig. 13(a)), compared to

SGP, but results in better vertex balance (as shown in Fig.

13(b)). Hence, it obtains ∼30% performance improvement

over SGP, as illustrated in Fig. 13(c).

Fig. 12 SGP partitioning method. (a) Edge balance; (b) vertex balance; (c) runtime
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Fig. 13 CA-SGP partitioning method. (a) Edge balance; (b) vertex balance; (c) runtime

6.5 Asynchronous execution model

We conduct experiments to evaluate the performance of LCC-

Graph with asynchronous execution. LCC-Graph runs SSSP

and PR over the Twitter-2010 graph on 24 compute nodes

with synchronous and asynchronous execution models re-

spectively. Experimental results, as shown in Fig. 14, indi-

cate that LCC-Graph can accelerate the convergence of many

graph algorithms by gaining notable reductions in the num-

ber of supersteps, which contribute to the shorter run times.

For example, the SSSP graph-algorithm job achieves conver-

gence by the 12th superstep in asynchronous execution. How-

ever, convergence is not achieved until the 17th superstep in

synchronous execution. In this experiment, the performance

improvement is ∼29%. The reason behind the faster conver-

gence of the asynchronous mode is that, in the same super-

step, any vertex executed later can read the new in-edge val-

ues that have been updated by neighboring vertices that have

already finished execution.

6.6 Comparison with existing systems

We evaluate LCC-Graph comprehensively against GPS, Gi-

raph and GraphLab. Each framework runs four graph algo-

rithms on various graph datasets (as shown in Table 1).

Experimental results, as shown in Figs. 15(a)–(c), indi-

cate that the speedup of LCC-Graph is higher when running

on bigger graph datasets. For example, LCC-Graph is 27.3x,

44.1x and 49.6x faster than GPS respectively when running

PR with 10 supersteps on the LiveJournal, Twitter and UK-

2007-05 graphs. The reason for this is the higher scalability

of LCC-Graph, since more compute nodes required by big-

ger graph dataset bring higher speedup. In these experiments,

LCC-Graph runs 12x–49.6x faster than GPS on various graph

algorithms and graph datasets. Giraph is a well-known open

source implementation of Pregel, which is being actively de-

veloped in recent years. In our comprehensive evaluation, Gi-

raph obtains ∼7% performance improvement over GPS when

running CC with the Twitter graph. In other cases, GPS runs

1.04x–1.17x faster than Giraph. In our comprehensive evalu-

ation, LCC-Graph runs 6.7x–14.5x faster than GraphLab on

various graph algorithms and graph datasets. We also notice

that the performance improvement of LCC-Graph is reduced

when executing SSSP, compared with other graph algorithms

(PR, CC and CD). This is because SSSP requires a few in-

teractions among vertices. This restricts the advantage of low

communication costs in LCC-Graph.

Fig. 14 Asynchronous execution model. (a) Supersteps; (b) runtime

LCC-BSP also supports the peculiar requirement of send-

ing messages to non-neighbor vertices by using a mignon

message block attached to each out-edge data block, even

if some graph processing frameworks do not provide this
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Fig. 15 Comparison with existing systems. (a) LiveJournal + 3nodes; (b) Twitter-2010 + 24nodes; (c) UK-2007-05 + 32nodes; (d) BPPA for
List Ranking + 8nodes

feature [24]. Experiments are conducted to investigate LCC-

Graph, GPS and Giraph in terms of this feature. GraphLab

is excluded from this evaluation since it can not send mes-

sages to non-neighbor vertices. Each framework runs BPPA

List Ranking on 8 compute nodes with the USA graph. Com-

pute nodes are connected via a 40Gbps InfiniBand network.

BPPA List Ranking is a graph algorithm that is designed by

Da Yan et al. for list ranking, in which each vertex interacts

with non-neighbor vertices in each superstep after the first

one [24]. The USA graph is preprocessed to obtain a linked

list ζ for BPPA List Ranking. For a linked list ζ, each ver-

tex, except the first one, only has a outgoing edge to its pre-

decessor. As shown in Fig. 15(d), LCC-Graph obtains 33%

and 45.3% performance improvements over GPS and Giraph

respectively. Experiment is also conducted on Euro graph,

and get the similar results. Experimental results indicate that

LCC-Graph is also effective for the requirement of sending

messages to non-neighbor vertices, in spite of the reduced

performance improvement, compared with the case of send-

ing messages to neighbor vertices.

7 Related work

Pregel [2] adopts a combiner to reduce the number of cross-

machine messages. However, due to poor spatial locality

among the destination vertices, only a relatively small num-

ber of messages can be combined. Furthermore, these so-

lutions introduce extra overheads. Finally, a combiner may

not be useful in many graph algorithms where the values

of the messages are not commutative or combinative. Gira-

phUC [25] adopts a barrierless asynchronous parallel (BAP)

computation model to reduce both message staleness and

global synchronization. Another alternative solution to re-

duce cross-machine messages is using advanced graph par-

titioning strategies [3, 19, 22, 26] to lower the number of

cut-edges across nodes. These strategies are also useful for

LCC-Graph. Several systems, such as GraphX [27] and Pow-

erGraph [22], can reduce communication cost by partition-

ing vertices instead of edges among subgraphs to evenly dis-

tribute edges of high-degree vertices, but they also incur high

communication cost among partitioned low-degree vertices.

Giraph [4] serializes the edges and messages into byte ar-

rays to reduce the number of objects, aiming to improve the

memory utilization. Furthermore, a superstep splitting tech-

nique is developed to split a message-heavy superstep into

several steps, so that the number of messages transmitted in

each step does not exceed the memory size [28]. Pregel+ de-

velops two techniques to reduce the number of messages.

The first technique is to create mirrors of each high-degree

vertex, aiming to combine the messages of the high-degree

vertex. However, since a mirrored vertex forwards its value

directly to its mirrors, it loses the chance of message combin-

ing. Therefore, there is a tradeoff between vertex mirroring

and message combining in reducing the number of messages

[28]. The second technique is designed for pointer jumping

algorithms where a vertex needs to communicate with a large

number of other vertices that may not be its neighbors. This

technique can prevent vertex r from receiving and sending a

lot of messages, by combining all requests on each worker

as one request towards vertex r [28]. GPS [3] introduces the

dynamic repartitioning and large adjacency list partitioning

(LALP) techniques to reduce the number of messages sent

over the network. However, dynamic repartitioning also in-

troduces extra network workload to reassign vertices among

workers, leading to overhead that sometimes exceeds the ben-

efits gained [29]. MOCgraph [30] adopts the message on-

line computing (MOC) model to eliminate the memory space

consumed by messages. However, LCC-Graph reduces the

communication cost by eliminating the high extra volume of

communication, avoiding the data copying and batch parsing

overheads, and by improving the communication bandwidth

utilization.

Some distributed graph-processing systems, such as

Pregel, adopt a combiner at the sender side to reduce the

number of cross-machine messages [2]. However, some dis-

tributed graph-processing systems, such as GPS, do not sup-

port sender-side combining due to the reasons as follows [3].

First, due to poor spatial locality among the destination ver-

tices, only a relatively small number of messages can be
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combined. Second, this solution introduces extra overheads.

Third, a combiner may not be useful in many graph algo-

rithms where the values of the messages are not commutative

or combinative. Like GPS, LCC-Graph do not implement the

message combiner due to the reasons above.

Blogel [31] is a block-centric framework which uses par-

allel algorithms to partition an arbitrary graph into blocks ef-

ficiently, and block-centric programs are then run over these

blocks. This framework is significantly faster than existing

distributed graph-computing systems, for processing large

graphs with adverse graph characteristics such as skewed de-

gree distribution, high average degree, and large diameter.

However, LCC-Graph is designed to reduce the high commu-

nication costs by using the edge-data-block data representa-

tion. Yan et al. [32] propose a new open-source system, called

Quegel, for querying big graphs. Quegel is highly efficient

in answering various types of graph queries and is up to or-

ders of magnitude faster than existing systems. Like Google’s

Pregel [2], LCC-Graph is designed mainly for large-scale

graph analytics. However, by using the remote out-edge data

block compression (CoDB) scheme, LCC-Graph can also

help speedup the graph-computing jobs with a few inter-

vertex interations.

ParMETIS [33] is an MPI-based parallel library that im-

plements a variety of algorithms for partitioning and repar-

titioning unstructured graphs. The algorithms in ParMETIS

are based on the multilevel partitioning algorithms that are

implemented in the widely-used serial package METIS [23].

ParMETIS dramatically reduces the time spent on communi-

cation by computing mesh decompositions so that the num-

ber of interface elements is minimized. LogGP [34] is a log-

based graph partitioning system that records, analyzes and

reuses the historical statistical information to refine the parti-

tioning result. GPS [3] introduces the dynamic repartitioning

and large adjacency list partitioning (LALP) techniques to re-

duce the number of messages sent over the network. These

graph partitioning methods are very useful for existing dis-

tributed graph-processing frameworks, since the communi-

cation costs of them are the main contributors to the over-

all system performances. However, these methods are insuf-

ficient for LCC-Graph since the communication time is very

short and the computation load-balance problem becomes the

new bottleneck for LCC-Graph. LCC-Graph addresses this

problem by using the proposed CA-SGP partitioning method,

gaining significant performance improvements.

In order to reduce hardware costs, several single-node

secondary storage based graph-processing frameworks have

been proposed to handle graphs with billions of edges [7,19].

However, the performance of these frameworks is limited by

the limited secondary storage bandwidth of a single com-

pute node [35] and the significant difference in the access

speeds between secondary storage and main-memory [36].

Furthermore, the limited amount of storage of a single com-

modity computer can potentially limit the scale of the pro-

cessed graphs, since graphs continue to grow in size [37].

GraphChi [7] introduces a novel mechanism called Paral-

lel Sliding Windows (PSW) to alleviate the issue of ran-

dom accesses to improve the disk I/O performance. X-Stream

[19] avoids the random accesses by streaming completely

unordered edge lists, aiming to improve the disk I/O per-

formance. GridGraph [38] also uses edge-centric computing

model. Through a novel dual sliding windows method, Grid-

Graph can stream the edges and apply on-the-fly vertex up-

dates, thus reduce the I/O amount required for computation.

VENUS [39] separates read-only structure data from muta-

ble vertex data on disk, significantly reducing random I/O

amount.

Chaos [37] is disk-based distributed graph processing

framework, which scales X-Stream [19] out to multiple ma-

chines. There are two key challenges in the design of a dis-

tributed secondary storage based system, that is, the expen-

sive communication and the high disk I/O latency. Chaos

reduces the disk I/O latency by streaming completely un-

ordered edge lists. However, Chaos’ system performance re-

lies heavily on the assumption that network bandwidth far

outstrips storage bandwidth [37]. The reason is that, in or-

der to achieve load balance at runtime, Chaos employs mul-

tiple machines to execute a single partition. Hence, Chaos

employs RDMA (remote direct memory access) technique to

provide high network bandwidth, aiming to reduce commu-

nication time. GraM [40] improves communication efficiency

by using the RDMA-based communication stack that pre-

serves parallelism in a balanced way and allows overlapping

of communication and computation. LCC-Graph also utilizes

RDMA to speed up the transfers of the out-edge data blocks.

However, the high performance of LCC-Graph relies heavily

on its edge-block based data representation. This data repre-

sentation avoids the extra communication overheads in both

the sender side and the receiver side, and significantly reduces

the communication volume. Hence, LCC-Graph is also effi-

cient in low-bandwidth networks.

8 Conclusion

This paper proposes a distributed graph-processing frame-
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work, called LCC-Graph, to support large-scale graph-

computing jobs. LCC-Graph is high-performance and highly

scalable while maintaining the advantages of Pregel-like dis-

tributed graph-processing frameworks. In LCC-Graph, the

LCC-BSP computation model is proposed to eliminate the

high communication costs that affect existing distributed

graph-processing frameworks, and reduce the computation

workload of each vertex. Extensive prototype evaluation of

LCC-Graph, driven by real-world datasets, indicates that the

performance of LCC-Graph is notably superior to the exist-

ing distributed graph-processing frameworks. For example, it

runs ∼49x and ∼14x faster than GPS and GraphLab respec-

tively.
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