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X10 

 The grammar and the basic features of X10 are similar to 
Scala. 
 Scala is an object oriented and functional programming language. And 

X10 is also. 

 Both X10 and Scala have the garbage collection. 

 X10 has the features for the distributed and parallel 
processing. 
 at, async, finish e.t.c. 

 

 Currently, there are source to source compilers. 
 There is no native compiler for X10. 

 There are two compilers, X10 to C++ compiler and X10 to Java 
compiler. 

 ScaleGraph is using the X10 to C++ compiler. 
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Advantages of X10 

 X10 simplifies the writing distributed programs. We need less 
codes than C/C++/Fortran with MPI. 

 For example, 

 Degree distribution calculation → 60 lines of X10 codes 

 XPregel (Graph Processing System) → 1600 lines of X10 codes 

 

 Great interoperability with C/C++ 

 X10 program can call functions written in the native language 
(C/C++) without any performance loss. 

 It is easy to integrate existing native libraries (such as SCALAPACK, 
ParMETIS and PARPACK). 

 We can also write performance critical codes in C/C++ and 
integrate it with X10 program. 
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Graph Representation 

 Edge list file 

 The files that contains edge list. 

 

 

 Distributed edge list 

 

 

 Distributed Sparse Matrix 

 In CSR(or CSC) format 

 

source,target 

0,10 

0,13 

1,2 

3,5 

… 

Place 0 Place 1 Place 2 Place 3 

Edge List File 

source 

target 

offset 

vertices 

weight 

Read Write 

Graph 

 Construction 
Output 

Distributed Edge List 

Distributed Sparse Matrix 

ScaleGraph supports renumbering vertex ID 

when it loads graphs from file. 

ScaleGraph uses cyclic vertex distribution. 

ScaleGraph supports both 1D and 2D 

matrix distribution. 
XPregel SpMV 
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Two Methods for Computing Graph 

Algorithms 

 Pregel [G. Malewicz, SIGMOD '10] 

 Programming model and system for graph processing. 

 Proposed by Google. 

 Sparse Matrix Vector Multiplication 

 PageRank, Random walk with Restart, Spectral Clustering 

(which uses eigen vectors) 

 

 ScaleGraph supports both computing methods. 
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Pregel Programming Model 

 Each vertex initialize its state. 
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Pregel Programming Model 

 Each vertex send messages to other vertices. 
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Pregel Programming Model 

 Each vertex process received messages and update its 

state. 
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Pregel Programming Model 

 Each vertex send messages to other vertices. 
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Pregel Programming Model 

 And compute and  send messages and … 
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XPregel – Pregel Graph Processing System 

written in X10 

 XPregel runs fast on suptercomputers 

 Utilizes MPI collective communication. 

 Can avoids serialization, which enables utilizing fast inter-

communication of supercomputers 

 The destination of message can be computed by a simple bit 

manipulation because of the vertex id renumbering. 

 Optimized message communication method that can be used 

when all vertices send the same message to all the neighbor 

vertices. 

 API 

 Simple API written in X10. 
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Performance of XPregel 

 

Framework Execution Time (second) 

Giraph 153 

GPS 100 

Optimized X-Pregel 2.4 

 

The execution time of PageRank 30 iteration for the Scale 20 (1million vertices, 16 

million edges) RMAT graph with 4 TSUBAME nodes. 
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Giraph and GPS data is from [Bao, LSNA 2013 WWW Workshop]. 
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Sparse Matrix Vector Multiplication 

 Some graph algorithm can be compute by sparse matrix 

vector multiplication (SpMV). 

 PageRank, Random walk with Restart, Spectral Clustering 

(which uses eigen vectors) 

 In the current version, SpMV is only used for spectral clustering. 

 SpMV on ScaleGraph is implemented with 2D graph 

partitioning. 
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File IO 

 ScaleGraph supports distributed file IO with the following 
formats. 

 CSV 

 Simple Text 

 The module for this format supports snap graph data format, matrix 
market coordinate format and other simple edge list formats. 

 Binary 

 ScaleGraph has its own binary format. 

source,target 

0,10 

0,13 

1,2 

3,5 

… 

Place 0 Place 1 Place 2 Place 3 

source 

target 
Distributed Array 

File IO 
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Performance of ScaleGraph File IO 

 Read 514 GB Twitter graph (CSV) with 128 TSUBAME nodes. 

 The bottleneck is the disk IO of the TSUBAME group disk (GPFS). 
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Graph Algorithms 

PageRank 

Degree Distribution 

Betweenness Centrality 

Shortest path 

Breadth First Search 

Minimum spanning tree (forest) 

Strongly connected component 

Spectral clustering 

Hyper ANF 

 

 

Blondel clustering 

Eigen solver for sparse matrix 

Connected component 

Random walk with restart 

Currently supported algorithms 
The algorithms that will be 

supported in the future. 
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Third-party Libraries 

 ScaleGraph provides the API for the following third-party 

libraries 

 PARPACK 

 Eigen solver library 

 Spectral Clustering needs to compute eigen vectors. 

 ParMETIS 

 Graph partitioning library 
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SX10: Extended X10 
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SX10: Extended X10 

 We developed our extended X10. 

 Because … 
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Problems on X10 
 Int indexed memory (X10 2.3.1) 

 X10 Array cannot have more than 2^31 -1 elements. 

 → MemoryChunk 

 Large memory consumption due to false pointers 

 →Improvement of Memory Efficiency 

 Inter-node communication problem 

 The communication using at() is slow because it causes serialization and deserialization of 
objects. 

 Remote array copy is fast because it avoids serialization. However, it is unstable using 
remote array copy to realize collective communication. 

 →Native MPI Collective Communication 

 Fine grained communication problem 

 It is very slow calling at() statement many times. We should avoid that. 

 →Fine grained collective 

 X10 String is very slow. 

 Reading from Files in X10 is 2-3 orders of magnitude slower than in C++ and Java since 
X10 String is very slow. 

 →SString 
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MemoryChunk: The array that has full C++ 

features 

Each instance is embedded. 

X10 Array for class types MemoryChunk for class types 

 MemoryChunk supports atomic operations for each element. 
 X10 Array does not support atomic operations because Java does not support 

atomic operation for array elements. 

 Class type instances are embedded to the array memory. 

 MemoryChunk can point to the internal position of other MemoryChunk. 
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MemoryChunk: The array that has full C++ 

features 

 MemoryChunk supports atomic operations for each element. 
 X10 Array does not support atomic operations because Java does not support 

atomic operation for array elements. 

 Class type instances are embedded to the array memory. 

 MemoryChunk can point to the internal position of other MemoryChunk. 

MemoryChunk A 

MemoryChunk B 

Before: 

def write(data :Array[Byte], off :Long, length :Long) { 

 … 

} 

 

 

After: 

def write(data :MemoryChunk[Byte]) { 

 … 

} 
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Improvement of Memory Efficiency 

 X10 C++ backend uses Boehm GC, which is a conservative 
GC. False pointers are a big problem for the program that deal 
with large data. 

 Modified X10C++ backend 
 To use ~IGNORE_OFF_PAGE() functions when it allocates memory. 

 To allocate memory with GC_MALLOC_ATOMIC~() function for 
the structure that does not contains pointers. 

 False pointer problem 

This is not a pointer but a 

conservative GC assumes 

all the data is a pointer. 

Accidently this integer value is 

the same as the address within 

the other array. 

A conservative GC 

cannot release the 

memory. 
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Ignore off page 

Improvement of Memory Efficiency 

 X10 C++ backend uses Boehm GC, which is a conservative 
GC. False pointers are a big problem for the program that deal 
with large data. 

 Modified X10C++ backend 
 To use ~IGNORE_OFF_PAGE() functions when it allocates memory. 

 To allocate memory with GC_MALLOC_ATOMIC~() function for 
the structure that does not contains pointers. 

 False pointer problem 

512bytes 

This value is not 

considered as a pointer. 

Ignore off page 
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Improvement of Memory Efficiency 

 X10 C++ backend uses Boehm GC, which is a conservative 
GC. False pointers are a big problem for the program that deal 
with large data. 

 Modified X10C++ backend 
 To use ~IGNORE_OFF_PAGE() functions when it allocates memory. 

 To allocate memory with GC_MALLOC_ATOMIC~() function for 
the structure that does not contains pointers. 

 False pointer problem 

All the data on this array are 

not assumed pointers. 

Marked as an atomic array 

GC_MALLOC_ATOMIC 
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Collective Communication (Team) 

 Modified X10 so that we can use native MPI collective 

communication via x10.util.Team. 

 We implemented parallel serialization for Team collective 

communication. 
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Fine Grained Collective 

 Enables fine grained communication with a simple 

function call, which is like a collective communication. 

 Much faster than calling at() statement many times. 

Remote.put(team, att, indexes.range(), 

  (index:Long, put:(Int, Long,  T)=>void)=> { 

 val dstRole = indexes(index) & mask; 

 val dstIdx = indexes(index) >> shift; 

 put(dstRole as Int, dstIdx, values(index)); 

}); 

Example from Graph.x10 (a little modified) 
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SString: C++ Optimized String 

 SString: 

 one of the ScaleGraph base library classes. 

 C++ optimized string. 

 Advantage: 

 Supports multi-byte characters. (X10 String does not support.) 

 SString uses UTF-8 encoding. 

 Fast because it is based on MemoryChunk. 

 substring() method is implemented as only returning a new pointer. 

 Can be converted to/from X10 String with little performance 
cost. 

 Disadvantage: 

 SString is not compatible with Java String. 
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Algorithms 



Spectral Clustering 

 A kind of clustering algorithm which partitions a network 
into some clusters using graph spectrum. 

 It calculates a graph partitioning, which minimize the 
expression called “Normalized Cut”. 

 

 

 

 It is used in pattern recognition, data mining and so on. 
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Algorithm 

1. W is the adjacency matrix, and D is the degree matrix. 

2. L := D-1 W 

3. Calculate k-largest eigenvectors of L. 

4. V = (v1, v2, …, vk) , where vi is i-th eigenvector. 

5. Cluster the rows of V by K-means algorithm. 

6. i-th vertex is assigned to the cluster, to which i-th row of 

V is assigned. 
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PageRank 

 The algorithm to measure the materiality of web pages. 

 It is used in Google search engine to give more 

appropriate search results. 

 Implemented using XPregel, the pregel processor 

provided by ScaleGraph. 

 As the demo of Xpregel. 
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Algorithm 

1. W is adjacency matrix, and D is degree matrix. 

2. M := (D-1W)T 

3. Calculate the largest eigenvalue and corresponding 

eigenvector of M. 

4. Normalize the eigenvector. 

5. i-th factor of eigenvector is the PageRank of i-th vertex. 
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HyperANF 

 In graph G, neighborhood function NG(t) is the number 

of pair of nodes<x,y> such that y is reachable from x in 

less that t hops. 

 HyperANF is an algorithm to calculate approximating 
NG(t) on a large graph.  
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Strongly Connected Component 

 A directed graph is called strongly connected if there is a 
path from each vertex in the graph to every other vertex. 

 The strongly connected components of a directed graph 
are its maximal strongly connected subgraphs. 

 Applications 

 Compiler analysis 

 Data mining 

 

 (from wikipedia) 
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Maximum Flow 

 Consider a network which is  

 a connected directed graph 

  with a positive capacity function on arcs  

  two distinguished nodes called source and sink. 

 The maximum flow problem is how to maximize the 

quantity of fluid that could flow from the source to the 

sink . 
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Degree Distribution 

 The degree of a node in a graph is the number of 

connections it has to other nodes 

 The distribution of these degrees over whole graph is 

called degree distribution 

 It provides comprehension about the internal structure of 

networks 
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Degree Distribution (2) 

Scale 24: A = 0.45, B = 0.15, C = 0.15 
Edge Factor = 8 

Scale 26: A = 0.45, B = 0.15, C = 0.15 
Edge Factor = 8 

Example degree distribution of RMAT graphs 
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Betweenncess Centrality 

 Betweenness centrality is a measure that determines 

relative importance of a vertex (or an edge) within a 

graph 

 

 σst denote the numbers of geodesic paths (i.e, shortest 

paths) from s to t 

 σst(v) the total numbers of geodesic paths that passes 
through vertex v. 
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Betweenncess Centrality (2) 

 It has been applied in broad range of research and 

applications, including 

 Determining the single point of failure in computer networks 

 Determining a key person social networks 
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Minimum Spanning Tree 

 Minimum spanning tree (MST) is a subgraph of an 

undirected graph that is a tree with minimum weight and 

contains all vertices in the graph 

 Direct application of minimum spanning tree is in the 
design of networks, covering computer networks, 

transportation networks, telecommunication networks 

and electrical grids. 
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Minimum Spanning Tree (2) 

The only minimum spanning tree of a graph 
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ScaleGraph Performance Evaluation 



Environment 

 Tsubame 2.5 – Each node is equipped with 

 Intel Xeon 2.93 GHz (6 cores) x 2  24 HW threads in total 

 54 GB of Memory 

 QDR InfiniBand x 2 (80Gbps) 

 MVAPICH2 1.9rc1 

 Our Extended X10 2.3.1 
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Measure 

 The elapsed time for core algorithm only, excluding the 

elapsed time for graph loading, graph generation or 

writing result 
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Experiments 

 The experiments consists of two parts 

 Experiments on synthetic graphs (RMAT) 

 Experiments on Real Graph (Twitter Graph) 
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Experiments on Synthetic Graphs 

 We have performed strong-scaling analysis on synthetic 

RMAT graphs of various scale 

 Data set we used is as follows: 

Scale # of vertices (2^scale) 
# of edges  

(16 times of the number of vertices) 

20 1.04 M 16.8 M 

22 4.19 M 67.1 M 

23 8.38 M 134 M 

25 33.5 M 536 M 

26 67.1 M 1.07 B 
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Experiments on Synthetic Graphs(2) 

 The maximum scale of RMAT graph of each algorithm 
varies depending on the capability of running on the 
graph 

 We tried running from RMAT scale 26, decreasing the 
scale until the implementation can complete 
computation 

 According to limitation in using Tsbubame, each 
algorithm will conducted in at most two scenarios  

 Small scale (20 - 23) 

 Large scale  (25 - 26) 
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Degree Distribution 
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Minimum Spanning Tree 
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# nodes 

RMAT scale 22 

 Nodes 4 8 16 32 64 128 

Elapsed time (s) 190 142 78 176 65 85 
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Minimum Spanning Tree(2) 

 RMAT scale 22 is the maximum size of the graph that the 
implementation can run. 

 For scale 22, the performance is saturated around 16 
nodes 

 The implementation is based on Pregel computation 
model 

 In the case of 32 nodes, the elapsed time is around two 
time of the elapsed time in16 nodes because the 
connecting component steps are called more than in 16 
nodes 
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Betweenness Centrality 
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# nodes 

Weighted RMAT scale 26 

 Nodes 16 32 64 128 

*Elapsed time (s) 607 436 301 236 

 Nodes 16 32 64 128 

*Elapsed time (s) 241 166 124 93.6 

*for computing betweeness centrality from one source 
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Betweenness Centrality (2) 

Strong-scaling analysis (unweighted) Weak-scaling analysis (unweighted) 

RMAT scale 24 
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RMAT scale 18, 20, 22, 24, 26, 28 
Edge factor = 8 



Betweenness Centrality (3) 

Strong-scaling analysis (weighted) Weak-scaling analysis (weighted) 

RMAT scale 18, 20, 22, 24, 26, 28 

Edge factor = 8 
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HyperANF 
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# nodes 

RMAT scale 20 

HyperANF(Normal)

HyperANF(SendAll)

 Nodes 1 2 4 8 16 

HyperANF(Normal) 62.3 33.4 23.9 13.3 9.61 

HyperANF(SendAll) 28.1 16.3 14.5 7.89 5.32 
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# nodes 

RMAT scale 25 

Hyper…

 Nodes 16 32 64 

HyperANF (s) 176 100 66.4 
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Strongly Connected Component 

0

10

20

30

40

50

60

70

1 2 4 8 16 32 64

e
la

p
se

d
 t

im
e

(s
) 

# nodes 

RMAT scale 23 

Nodes 1 2 4 8 16 32 64 

SCC (s) 63.3 43.7 22.2 15.3 10.1 7.49 7.05 

59 



Page Rank 
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# nodes 

RMAT scale 25 (14 iterations) 

Nodes  8 16 32 64 128 

Elapsed time (s) 166 89 61 34 19 
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Spectral Clustering 
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ScaleGraph 1.0 

Spectral clustering of 

current release 

outperforms the 

previous one 

significantly 
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Bottlenecks 

 Computation of eigenvectors 

spends about 80% of execution 

time. 

 The bottleneck of eigenvector 

calculation is sparse matrix-vector 

multiplication. 

 In this part, place local 

multiplication and Team.alltoall() 

spend much time. 
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Bottlenecks 

 The vector is randomly accessed in matrix-vector 

multiplication. 

 In the case of Twitter user network, each place has a part 

of the vector, whose size is about 537MB. 

 It occurs a lot of cache misses. 
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Experiments on Real Graph 

 The real graph used in the experiments is Twitter Graph 

that we crawled starting from top 1,000 followed users as 

seed users 

 An edge in the graph represents following relationship 
(i.e., a source vertex follows a target vertex) 
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Experiments on Real Graph (2) 

 The detail of the graph is as follows: 

 The number of users: 888,640,052 (889 M) 

 The number of users (i.e., actual users) that has at least one 

edge: 469,953,265 (469 M) 

 The number of edges : 28,479,536,904 (28.5 B) 

 The total size of graph files is around 514 GB 
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Experiments on Real Graphs (3) 

 An algorithm that the result is not shown in the following 

evaluation result, does have capability of running on 

Twitter Graph because of out of memory problem 
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Evaluation Result 

Algorithms Elapsed time 

In-degree calculation 12.2 seconds 

Out-degree calculation 9.8 seconds 

In-degree and out-degree calculation 9.2 seconds 

PageRank (16 steps) 224 seconds 

Spectral clustering (2 partitions) 29 minutes 

On 128 nodes 
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Out of Memory Issue in running with Twitter Graph 

 Implementations of some algorithms experience out of 

memory problem 

 The root causes can be classified into two categories 

1. Algorithm related issues 

2. Implementation related issues 
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1. Algorithm related issues 

 An algorithm has high memory complexity 

 Solution 

 Redesign the algorithm to have low memory complexity 

 In such algorithm, we can use combine function in 

XPregel to reduce the number of messages sent within 

the library, which also reduces the communication time 
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2. Implementation related issues 

 The implementation uses memory inefficiently 

 It creates unnecessary variables 

 It does not release data when it becomes unnecessary 

 This problem might has insignificant effect when working with 

small-scale data 
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Summary 

 ScaleGraph is now stable, it has solid programming 
model and framework 

 Currently, our implementations we provided are able to 
deal with million-scale problems and some are able to 
deal with billion-scale problems 

 Next step, we will conduct the performance analysis on 
billion-scale data and optimize our library 

 We will definitely provide implementations of various 
algorithms and the Xpregel framework that are able to 
deal with billion-scale problems 
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Guides and Demo 
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Keeping in touch 

 Official web site – http://scalegraph.org 

 Project information 

 Source code distribution 

 Documentation 

 Source code repository - http://github.com/scalegraph/ 

 Master branch 

 Release branch 

 Develop branch 
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Keeping in touch (2) 

 Mailing list - scalegraph-users@lists.sourceforge.net 

 You can get our latest news here 

 You are also welcome to post feature requests, bug reports , 

problems and comments 
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Installation Guide 

 Requirement 

1. MPI environment 

 MPICH 

 MVAPICH2 

 OpenMPI (cannot be used with spectral clustering) 

2. ARPACK library (If you want to use spectral clustering) 

3. Extended X10 runtime – our extended version of X10 runtime 

4. ScaleGraph library 
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Installation Guide (2) 

 For MPI and ARPACK library, please follow the installation  

guide on their respective web sites. 
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Extended 10 Runtime Installation 

1. Download source code from our download page. User 

can also use git to clone source code 

 We recommend users to use git because of the convenient 

in updating the source code 

2. Extract source code to folder of your choice 

3. Change directory to x10.dist 

4. Issue command 

 $ cd x10.dist 

$ ant -DX10RT_MPI=true dist 

78 



ScaleGraph Library Installation 

1. Download source code from our download page.  

 We recommend users to use git because of the convenient 

in updating the source code 

2. Extract source code to folder of your choice 
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Demo 
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X10DT 

 X10DT is an IDE provided by X10 

 X10DT is an based from eclipse 

 You can get X10DT from our download page 
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Demo 
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Compilation Guides 

 Currently, you are required to compile your source code 

with ScaleGraph source code 

 You need to supply the following options 

 -cxx-prearg -Iscalegraph_home/include  include c++ 

header used with scale graph 

 -sourcepath scalegraph_home/src  specify ScaleGraph 

source code 
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Compilation Guides (2) 

 

 

 For full instruction, please check out getting start page. 

$ x10c++ -J-Xmx2G -x10rt  mpi -cxx-prearg -

Iscalegraph_home/include -sourcepath scalegraph_home/src 

your_source_files 
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Demo 
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ScaleGraph Document 

 Currently, documentation on ScaleGraph Web site has 

not been completed yet. 

 You can refer to API documentation, source code in 

example and test package to help you understand how 

to use ScaleGraph Library 

 In the future we will provide documentation for develop 

as well 
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