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Abstract

We present SNAP (Small-world Network Analysis and
Partitioning), an open-source graph framework for ex-
ploratory study and partitioning of large-scale networks.
To illustrate the capability of SNAP, we discuss the de-
sign, implementation, and performance of three novel par-
allel community detection algorithms that optimize mod-
ularity, a popular measure for clustering quality in so-
cial network analysis. In order to achieve scalable par-
allel performance, we exploit typical network characteris-
tics of small-world networks, such as the low graph diam-
eter, sparse connectivity, and skewed degree distribution.
We conduct an extensive experimental study on real-world
graph instances and demonstrate that our parallel schemes,
coupled with aggressive algorithm engineering for small-
world networks, give significant running time improvements
over existing modularity-based clustering heuristics, with
little or no loss in clustering quality. For instance, our di-
visive clustering approach based on approximate edge be-
tweenness centrality is more than two orders of magnitude
faster than a competing greedy approach, for a variety of
large graph instances on the Sun Fire T2000 multicore sys-
tem. SNAP also contains parallel implementations of fun-
damental graph-theoretic kernels and topological analysis
metrics (e.g., breadth-first search, connected components,
vertex and edge centrality) that are optimized for small-
world networks. The SNAP framework is extensible; the
graph kernels are modular, portable across shared memory
multicore and symmetric multiprocessor systems, and sim-
plify the design of high-level domain-specific applications.

1 Introduction

Data-intensive applications have emerged as a promi-
nent computational workload in the petascale computing

era. Massive data sets with millions, or even billions, of
entities are frequently processed in financial, scientific, se-
curity, and several other application areas. Further, the data
are dynamically generated in many cases, and may be as-
similated from multiple sources. Thus, the modeling and
analysis of massive, transient data streams raises new and
challenging research problems. There are several analytical
methods for the analysis of interaction data. Algorithms in
the data stream and related models [34] have been shown
to be effective for statistical analysis, and for mining trends
in large-scale data sets. Alternately, a graph or a network
representation is a convenient and intuitive abstraction for
analyzing data. Unique entities are represented as vertices,
and the interactions between them are depicted as edges.
The vertices and edges can further be typed, classified, or
assigned attributes based on relational information. Analyz-
ing topological characteristics of the network, such as the
vertex degree distribution, centrality and community struc-
ture, provides valuable insight into the structure and func-
tion of the interacting data entities. Common queries on
these massive data sets can also be naturally encoded as
variants of problems related to graph connectivity, flow, or
partitioning.

The modeling and analysis of complex interaction data
is an active research topic in the social science and statisti-
cal physics communities. Real-world systems such as the
Internet, socio-economic interactions, and biological net-
works have been extensively studied from an empirical per-
spective [3, 35], and this has led to the development of a
variety of models to understand their topological proper-
ties and evolution. In particular, it has been shown that
technological networks, social interaction graphs, and graph
abstractions in biology, exhibit common structural features
such as a low graph diameter, skewed vertex degree distri-
bution, self-similarity, and dense subgraphs. Analogous to
the small-world (short paths) phenomenon, these real-world
data sets are broadly referred to and modeled as small-world
networks [40, 4]. Practical algorithms for applications such
as identification of influential entities, communities, and
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anomalous patterns in social networks (in general, small-
world networks) are well-studied [21, 35].

However, in order to effectively utilize a network ab-
straction for solving massive data stream problems, we need
to be able to compactly represent and process large-scale
graphs, and also efficiently support fundamental analysis
queries on them. On current workstations, it is infeasible
to do exact in-core computations on large-scale graphs (by
large-scale, we refer to graphs where the number of vertices
and edges are in the range of 100 million to 10 billion) due
to the limited physical memory. In such cases, parallel com-
puting techniques can be applied to obtain exact solutions
for memory and compute-intensive graph problems quickly.
For instance, recent experimental studies on Breadth-First
Search for large-scale sparse graphs show that a parallel in-
core implementation [8] is two orders of magnitude faster
than an optimized external memory implementation [2].
Parallel graph algorithms is a well-studied research area,
and there is extensive literature on work-efficient PRAM al-
gorithms for several classical graph problems [23]. SNAP,
the parallel network analysis framework we present in this
paper, is a collection of holistic schemes that couple high-
performance computing approaches with classical graph al-
gorithms, social network analysis (SNA) techniques, and
optimizations for small-world networks. The source code
for SNAP is freely available from our website. We discuss
exploratory graph analysis using SNAP in Section 3.

A key problem in social network analysis is that of find-
ing communities, dense components, or detecting other la-
tent structure. This is usually formulated as a graph clus-
tering problem, and several indices have been proposed for
measuring the quality of clustering (see [25, 14] for a re-
view). Existing approaches based on the Kernighan-Lin
algorithm [28], spectral algorithms [25], flow-based algo-
rithms, and hierarchical clustering work well for specific
classes of networks (e.g., abstractions from scientific com-
puting, physical topologies), but perform poorly for small-
world networks. We will discuss the related problem of
partitioning small-world networks in more detail in Sec-
tion 2.2. Newman and Girvan recently proposed a divisive
algorithm based on edge betweenness [37] that has been ap-
plied successfully to a variety of real networks. However,
it is compute-intensive and takes O

�
n3

�
time for sparse

graphs (n denotes the number of vertices). This algorithm
optimizes for a novel clustering measure called modularity,
which has become very popular for social network analy-
sis. We apply SNAP to the problem of small-world net-
work clustering in this paper and present novel parallel al-
gorithms that optimize modularity. We design three clus-
tering schemes (two hierarchical agglomerative approaches,
and one divisive clustering algorithm) that exploit typical
topological characteristics of small-world networks. We
also conduct an extensive experimental study and demon-

strate that our parallel schemes give significant running
time improvements over existing modularity-based cluster-
ing heuristics. For instance, our novel divisive clustering
approach based on approximate edge betweenness central-
ity is more than two orders of magnitude faster than the
Newman-Girvan algorithm on the Sun Fire T2000 multi-
core system, while maintaining comparable clustering qual-
ity. The algorithms are discussed in detail in Section 4.

2 Preliminaries

The interaction data set is expressed using a graph ab-
straction G(V, E), where V is the set of vertices represent-
ing unique interacting entities, and E is the set of edges
representing the interactions. The number of vertices and
edges are denoted by n and m respectively. The graph can
be directed or undirected, depending on the input data. We
will assume that each edge e � E has a positive integer
weight w(e). For unweighted graphs, we use w(e) = 1. A
path from vertex s to t is defined as a sequence of edges
�ui, ui+1�, 0 � i < l, where u0 = s and ul = t. The length
of a path is the sum of the weights of edges. We use d(s, t)
to denote the distance between vertices s and t (the mini-
mum length of any path connecting s and t in G). Let us
denote the total number of shortest paths between vertices
s and t by �st, and the number passing through vertex v by
�st(v).

2.1 Centrality Metrics

One of the fundamental problems in network analysis is
to determine the importance or criticality of a particular ver-
tex or an edge in a network. While there has been extensive
work on quantifying centrality and connectivity in a net-
work, there is no single accepted definition. The measure
of choice is dependent on the application and the network
topology. We briefly define some of the centrality metrics
we implement in SNAP, and refer the reader to [13, 9] for
a detailed discussion on centrality analysis.

The degree of a vertex, or the degree centrality, is a
simple local measure based on the notion of neighborhood.
This index is useful in case of static graphs, for situations
when we are interested in finding vertices that have the most
direct connections to other vertices. Closeness centrality is
a global index that measures the closeness, in terms of dis-

tance
�

CC(v) =
1�

u�V d(v, u)

�
, of a vertex to all other

vertices in the network. Vertices with a smaller total dis-
tance are considered more important. Betweenness central-
ity is a shortest paths enumeration-based global metric, in-
troduced by Freeman in [20]. Let �st(v) denote the pairwise
dependency, or the fraction of shortest paths between s and
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t that pass through v:
�st(v)
�st

. Then, betweenness central-

ity of a vertex v is defined as BC(v) =
�

s�=v�=t�V �st(v).
Betweenness centrality of a vertex measures the control a
vertex has over communication in the network, and can be
used to identify critical vertices in the network. High cen-
trality indices indicate that a vertex can reach other vertices
on relatively short paths, or that a vertex lies on a consid-
erable fraction of shortest paths connecting pairs of other
vertices. Key applications of centrality analysis include as-
sessing lethality in biological networks [24, 38], study of
sexual networks and AIDS [31], identifying key actors in
terrorist networks [16], and supply chain management pro-
cesses.

2.2 Graph Partitioning

Graph partitioning and community detection are related
problems, but with an important difference: the most com-
monly used objective function in partitioning is minimiza-
tion of edge cut, while trying to balance the number of ver-
tices in each partition. The number of partitions is typically
an input parameter for a partitioning algorithm. Clustering,
on the other hand, optimizes an appropriate application-
dependent measure, and the number of clusters needs to
be computed. Multi-level algorithms and spectral heuris-
tics have been shown to be very effective for partitioning
graph abstractions derived from physical topologies, such as
finite-element meshes arising in scientific computing. Soft-
ware packages implementing these algorithms (e.g., Chaco
[22] and Metis [27, 26]) are freely available, computation-
ally efficient, and produce high-quality partitions in most
cases. A natural question that arises is whether these par-
titioning algorithms, or simple variants, can be applied to
small-world networks as well.

Table 1 summarizes results from an experiment to test
the quality of existing partitioning packages on small-world
networks. We consider graph instances from three differ-
ent families (a road network, a sparse random graph, and
a synthetic small-world network), but of the same size:
roughly 200,000 vertices and 1 million edges. We report
the edge cut for a balanced 32-way partitioning of each of
these graphs, using four partitioning techniques (the default
multilevel partitioning approaches from Metis, pmetis and
kmetis, and two spectral heuristics from Chaco). Observe
that the edge cut for the random and power-law graphs is
nearly two orders of magnitude higher than the cut for the
nearly-Euclidean road network. Clearly, existing partition-
ing tools fail to partition small-world networks since these
networks lack the topological regularity found in scientific
meshes and physical networks, where the degree distribu-
tion is relatively constant and most connectivity is local-
ized. Also, random and small-world networks have a lower
diameter (O(log n), or in some cases O(1)) than physical

networks (e.g., O(
�

n) for Euclidean topologies). Lang
[29, 30] provides further empirical evidence that cut quality
varies inversely with cut balance for social graphs such as
the Yahoo! IM network and the DBLP collaboration data
set. Further, he shows that the spectral method tends to
break off small parts of the graphs. This finding is corrob-
orated by a recent theoretical result from Mihail and Pa-
padimitriou [33]. They prove that for a random graph with
a skewed degree distribution, the largest eigenvalues are in
correspondence with high-degree vertices, and the corre-
sponding eigenvectors are the characteristic vectors of their
neighborhoods. Spectral analysis in this case ignores struc-
tural features of the graph in favor of high-degree vertices.

Recent research efforts have focused on adapting mul-
tilevel and spectral partitioning techniques to small-world
graphs. Abou-Rjeili and Karypis [1] present new coars-
ening heuristics for multilevel approaches that outperform
(give a lower edge cut) Metis and Chaco. As it is difficult
to theoretically analyze general small-world networks, re-
searchers have been looking at applying spectral analysis to
synthetic graph models. For instance, Dasgupta et al. [18]
provide a normalization of the Laplacian that improves the
performance of the spectral approach on a planted-partition
random graph model. Clustering heuristics based on the
above graph partitioning algorithms optimize for conduc-
tance, a measure that compares the cut size to cut balance.
However, based on empirical and theoretical evidence that it
is difficult to obtain balanced partitions in small-world net-
works, we focus on optimizing modularity [37], a popular
heuristic from the complex network analysis community.

2.3 Modularity as a clustering measure

Intuitively, modularity is a measure that is based on opti-
mizing intra-cluster density over inter-cluster sparsity [14].
Let C = (C1, ..., Ck) denote a partition of V such that
Ci �= � and Ci � Cj = �. We call C a clustering of G
and each Ci is defined to be a cluster. The cluster G(Ci) is
identified with the induced subgraph G[Ci] := (Ci, E(Ci)),
where E(Ci) := {�u, v� � E : u, v � Ci}. Then,
E(C) := �k

i=1E(Ci) is the set of intra-cluster edges and
�E(C) := E � E(C) is the set of inter-cluster edges.
Let m(Ci) denote the number of inter-cluster edges in Ci.
Then, the modularity measure q(C) of a clustering C is de-
fined as

q(C) =
�

i

�
m(Ci)

m
�

��
v�Ci

deg(v)
2m

�2�

To maximize the first term, the number of intra-cluster
edges should be high, whereas the second term is min-
imized by splitting the graph into multiple clusters with
small total degrees. If a particular clustering gives no more
intra-community edges than would be expected by random
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Graph Instance Metis-kway Metis-recur Chaco-RQI Chaco-LAN
Physical (road) 1,856 1,703 2,937 3,913
Sparse random 685,211 706,625 717,960 737,747
Small-world 805,903 736,560 – –

Table 1. Performance results (edge cut) for a 32-way partitioning of three different graph instances,
using standard partitioning algorithms from the Chaco and Metis packages. Chaco-RQI and Chaco-
LAN fail to complete for the small-world network instance.

chance, we will get Q = 0. Values greater than 0 indi-
cate deviation from randomness, and empirical results show
that values greater than 0.3 indicate significant community
structure. Modularity has found widespread acceptance in
the network analysis community, and there have been an
array of heuristics, based on spectral analysis, simulated
annealing, greedy agglomeration, and extremal optimiza-
tion [36] proposed to optimize it. Brandes et al. [12] re-
cently showed that maximizing modularity is strongly N P-
complete, and this has led to renewed interest in design-
ing better algorithms for modularity maximization. We
present three new modularity-maximization heuristics in
Section 4 and compare them with the current state-of-the-
art approaches discussed in [36].

3 The SNAP Infrastructure for Exploratory
Network Analysis

SNAP is a modular graph infrastructure for analyzing
and partitioning interaction graphs, targeting multicore and
manycore platforms. SNAP is implemented in C and uses
POSIX threads and OpenMP primitives for parallelization.
The source code is freely available online from our web site.

In addition to partitioning and analysis support for inter-
action graphs, SNAP provides an optimized collection of
algorithmic “building blocks” (efficient implementations of
key graph-theoretic kernels) to end-users. In prior work, we
have designed novel parallel algorithms for several graph
problems that run efficiently on shared memory systems.
Our implementations of breadth-first graph traversal [8],
shortest paths [32, 17], spanning tree [5], MST, connected
components [6], and other problems achieve impressive par-
allel speedup for arbitrary, sparse graph instances. We re-
design and integrate several of our recent parallel graph
algorithms into SNAP, with additional optimizations for
small-world networks. SNAP provides a simple and intu-
itive interface for network analysis application design, ef-
fectively hiding the parallel programming complexity in-
volved in the low-level kernel design from the user. In
this section, we highlight some of the algorithmic and data
structure choices involved in the design of the SNAP frame-
work, and discuss analysis techniques that are currently sup-
ported.

Data Representation

Efficient data structures and graph representations are key to
high performance parallel graph algorithms. In order to pro-
cess massive graphs, it is particularly important that the data
structures are space-efficient. The primary graph represen-
tation supported in SNAP is a vertex adjacency list repre-
sentation, implemented using cache-friendly adjacency ar-
rays. This representation is simple and the preferred choice
for static graph algorithms. However, for algorithms that
require dynamic structural updates to the graph, we need to
efficiently support insertion and deletion of edges. We use
an auxiliary graph representation that uses dynamic, resiz-
able adjacency arrays. To speed up deletions, adjacencies
can be ordered by sorting them by their vertex or edge iden-
tifier. Further, several optimizations are possible for small-
world graphs. Small-world networks typically have an un-
balanced degree distribution – the majority of the vertices
are low-degree ones, and there are a few vertices of very
high degree. In such cases, we could have a threshold on
the degree and represent low-degree vertex adjacencies in
a simple, unsorted adjacency representation, but adjacen-
cies of high-degree vertices in a tree structure such as treaps
[39]. Treaps are randomized search trees that support fast
insertion, deletion, searching, joining and splitting. In addi-
tion, there are efficient parallel algorithms for set operations
on treaps such as union, intersection and difference. Based
on the graph update rate, and the insertion to deletion ratio
for an application, we could choose an appropriate graph
representation.

Graph Kernels

The SNAP graph kernels are primarily designed to ex-
ploit fine-grained thread level parallelism in graph traver-
sal. We apply one of the following two paradigms in the
design of parallel kernels: level-synchronous graph traver-
sal, where vertices at each level are visited in parallel; or
path-limited searches, in which multiple searches are con-
currently executed and aggregated. The level-synchronous
approach is particularly suitable for small-world networks
due to their low graph diameter. Support for fine-grained ef-
ficient synchronization is critical in both these approaches.
We try to aggressively reduce locking and barrier con-
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