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Abstract—The notion of networks is inherent in the structure,
function and behavior of the natural and engineered world that
surround us. Consequently, graph models and methods have
assumed a prominent role to play in this modern era of Big
Data, and are taking a center stage in the discovery pipelines
of various data-driven scientific domains. In this paper, we
present a brief review of the state-of-the-art in parallel graph
analytics, particularly focusing on iterative graph algorithms
and their implementation on modern day multicore/manycore
architectures. The class of iterative graph algorithms covers
a broad class of graph operations of varying complexities,
from simpler routines such as Breadth-First Search (BFS), to
polynomially-solvable problems such as shortest path computa-
tions, to NP-Hard problems such as community detection and
graph coloring. We cover a set of common algorithmic ab-
stractions used in implementing such iterative graph algorithms,
state the challenges around parallelization on contemporary
parallel platforms (including commodity multicores and emerging
manycore platforms), and describe a set of approaches that have
led to efficient implementations. We also report on advances in
manycore architectural frameworks that have found application
in parallel graph analytics. We conclude the paper identifying
potential research directions, opportunities, and challenges that
lay ahead in the path toward enabling graph analytics at exascale.

Index Terms—Parallel graph algorithms, parallel architec-
tures, irregular applications, extreme-scale computing.

I. INTRODUCTION

Graph analytics has taken a centerstage in the data analytical

workflows of numerous contemporary scientific and industrial

computing applications. With rapid advancements in sensing

and experimental technologies across the application spectrum,

our ability to observe vast collections of data has grown

significantly. This ability has in turn led to the proliferation of

graph-theoretical modeling and representations, where entities

are modeled as nodes (aka. vertices) and pairwise interactions

between the entities are modeled as edges. Consequently,

numerous operations on graphs to identify a host of structural

patterns, motifs, anomalies, and paths have become ubiquitous

in the discovery toolkit of the application data scientist.

In fact, graph-theoretic modeling and subsequent analysis

have led to numerous fundamental discoveries and insights in

many domains of science and engineering applications. For

instance, at a molecular scale, analyses of protein networks

have led us to an understanding of how proteins interact

in groups and complexes in order to affect and implement

core molecular functions. At a macro-scale, the engineering

and analyses of social networks have led to a paradigm

shift in the ways people organize into groups or companies

or how retailers advertise their products. A growing base

in application use-cases coupled with an explosion in data

generated from several data-intensive domains, have generated

a need to develop scalable solutions for graph analytics. In fact,

it has now become routine to find real-world networks that

have millions of nodes and billions of edges [22], while some

networks (particularly from social computing) have already

breached the trillion-scale [6]. Loading such “extreme-scale”

graphs into memory and processing them at a fast response

rate impose significant challenges on algorithm design and
architecture design.

In this paper, we present a concise review of some of the

key advances in algorithms and architectures in parallel graph

analytics. The field of graph algorithms is vast with decades of

results and development. To allow for better focus, we cover

a class of graph algorithms that are iterative in nature. This

class covers a large body of graph operations in itself, such as

(but not limited to) breadth-first search (BFS), shortest path

computations, minimum spanning tree, PageRank, community

detection, and graph coloring. In Section II, we summarize

the current state of art in parallel graph analytics and relate to

outstanding challenges. In Section III, we present a review of

the algorithmic landscape in parallel graph analytics, placing

emphasis on generic abstractions and architecture-agnostic

design techniques. In Section IV, we present some of the

recent architectural frameworks for graph analytics. Section V

concludes the paper with an outlook toward the future, stating

key challenges and opportunities to contribute in this active

research space.

II. RECENT ADVANCES AND CHALLENGES

Implementing graph analytics at extreme scales, where the

size (as measured in the number of edges) exceeds the billions,

is presently an active area of research. Although there is no

one ideal metric for capturing the performance of graph imple-

mentations, an effective indicator of processing speed used by

practitioners in the field, is the number of traversed edges per

second (TEPS). Using this measure, benchmarking lists such
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as Graph500.org have been maintaining a graph-centric

ranking of supercomputing platforms based on their ability to

execute breadth-first search (BFS). The leading platform on

the latest version (November 2018) of this list is the Fujitsu

K-supercomputer demonstrating 3.8×1013 TEPS on its 648K

cores; here the network interconnect of the distributed platform

is a six-dimensional torus topology. While this is impressive,

such peak performances do not often extend to more complex

operations on real-world inputs.

For this reason, the graph algorithms community has also

been hosting challenges for identifying the fastest and/or most

precise parallel implementations for more advanced operations

and on real world inputs. In 2011, the 10th DIMACS graph

challenge [2] evaluated multiple implementations, using a col-

lection of real world inputs, on the quality and work performed

(a Pareto function) for graph partitioning and clustering. More

recently, the 2017 IEEE HPEC Graph Challenge competition

[17] introduced a Static Graph Challenge (for triangle counting

and k-truss searches) and a Streaming Graph Challenge (for

community detection). For triangle and k-truss counting, four

champion entries [33, 41, 44] report achieving over 109

TEPS1 performance for a graph with over billion edges. For

community detection, the champion entry [14] was achieved

using a multithreaded software we had developed [27]; this

code achieved 2.2 × 106 TEPS on a social network with

1.8B edges. Noteworthy in all these results is the orders of

magnitude decline in performance, from the tens of trillions of

TEPS for simpler operations such as BFS, to billions of TEPS

for triangle counting and k-truss computations, and to millions

of TEPS for the more advanced operations such as clustering.

This reduction is an indicator of the increasing complexity of

the underlying operation.

From an algorithmic standpoint, BFS performs a single

sweep of the entire graph and therefore needing fast and rapid

ways to perform arbitrary (unstructured) walks on the graph.

Counting subgraph motifs such as triangles and k-trusses

rely on the ability to perform arbitrary edge queries (e.g., if

edges (i , j ) and (i , k) exist, is there also an edge between j
and k?), which lead to irregular memory access. Operations

such as community detection and partitioning represent the

next level of complexity, as these methods involve not only

performing multiple sweeps of the graph (both vertices and

edges) but also frequent local aggregation of information and

multi-level graph transformations. These generate a need for

more advanced algorithmic strategies in preprocessing (e.g.,

ordering), indexing and graph transformations, in order to

maximize locality and reduce/mask data movement overheads.

From an architectural standpoint, shared memory multicore

architectures have been the default target platform of choice

for many graph frameworks (e.g., [1, 15, 20, 39]), partly

1Even though the TEPS measure is defined traditionally only for BFS-type
of operations that perform a single pass over the graph, we adapt it here to
other operations which do one or more passes, by simply dividing the number
of edges in the input by the time taken; this way, the TEPS measure can be
used to compare two parallel methods for the same problem on the basis of
their solution time (as opposed to number of passes they do on the graph).

because of the easiness in accessing graph structures on shared

memory. There have also been graph frameworks developed

for distributed memory parallel computers (e.g., [36]). A larger

set of parallel graph libraries is available for distributed cloud

computing platforms [13, 25, 28]; these use both distributed

memory and secondary storage (distributed file systems) dur-

ing computation. These libraries have demonstrated scaling

to the trillion-scale edge graphs [5, 6, 45], while they are

typically slower compared to running on tightly coupled par-

allel computers. Few recent works have focused on developing

GPU-based manycore accelerations [31, 42, 46]. However, the

main challenge with such monolithic acceleration frameworks

is that their problem size reach is typically limited by the

device memory (in GB), beyond which the latency to parti-

tion and redistribute the workload, and exchange computed

information on-the-fly, override the compute power benefits

of the processing units.

III. PARALLEL GRAPH ALGORITHMS AND TECHNIQUES

A. Graph-theoretic Modeling

Graphs are abstract representations that model entities as

vertices and the pairwise relationships between entities as

edges. Depending on the application use-case, edges may be

directed or undirected, and weighted or unweighted. General

graphs capture pairwise relationships between entities; there

are broadly two types of such graphs—interaction networks,

where interactions are typically observed or inferred (e.g.,

protein-protein interaction networks), and homology networks,

where typically some form of pairwise homology function

is applied to infer an edge between two entities (e.g., gene

or protein sequence homology networks). Dynamic or time-

varying graphs capture the evolution of such relationships

(incremental additions and removals, disruptions) over a period

of time [16] (e.g., interactions between a community of

microbes over time). A bipartite network can be used to model

the interactions or pairwise relationships between two different

data types [34, 35, 43] (e.g., genes vs. diseases, host vs.

pathogens). More generally, heterogeneous graphs can be used

to model multiple modalities in entity types (multiple types of

vertices) or in relation types (multiple types of edges) [38, 40].

B. Abstractions and Algorithms

A number of graph operations can be implemented as itera-

tive graph codes that perform one or more passes of the input

graph, visiting the graph either in parts or as a whole at each

step. Within each pass, a fine-granular function is executed

typically at a subset of vertices or edges. This has come to

be known more widely as the vertex/edge-centric model of

computation and has emerged as a preferred mode to write

large-scale graph codes in a number of parallel, distributed

and multithreaded graph libraries (e.g., [13, 25, 28, 29, 46]).

Expressing computation tasks that need to occur at each vertex

or edge helps expose parallelism as the graph grows in size.

a) Data-driven and Topology-driven methods: Indepen-

dent of the graph operation being implemented, many iterative
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graph codes can be grouped into one of the two categories—

data-driven methods and topology-driven methods—a nomen-

clature introduced by Lenharth et al. [21]. In Algorithms 1 and

2, we provide a simple algorithmic pseudocode to express the

main steps that occur in each of these two categories. For ease

of exposition, let us consider the vertex-centric paradigm.

Algorithm 1: Data-driven Algorithms

Input: Graph G(V,E), seed working set S ⊆ V
Output: An assignment Π: V → R

Let Γ(v)← influence set for v
Preprocess G(V,E)
repeat

v ← dequeue(S)
Π(v)← Compute a local function f(v,Γ(v))
for each unvisited v ∈ Γ(v) do

enqueue(S)
until S = ∅;
return Π

Algorithm 2: Topology-driven Algorithms

Input: Graph G(V,E)
Output: An assignment Π: V → Z

Let Γ(v)← influence set for v
Preprocess G(V,E)
repeat

repeat
for each v ∈ V do

Π(v)← Compute a local function f(v,Γ(v))

Compute a global quality function Q based on Π
until convergence based on Q;
G(V,E)← Perform graph transformation

until convergence based on Q;
return Π

Under the data-driven model (Algorithm 1), an implemen-

tation performs one or more passes (or iterations) on the input

graph; within each such pass, a subset (aka. working set) of

vertices is processed/visited. These algorithms calculate a local

state variable or a local function that represents an assignment

at every vertex during each visit (denoted by Π); for instance,

this can be a label assignment like a connected component

id or a numerical variable such as the shortest path distance

from a source. Typically, this assignment is locally determined

by examining available values from the immediate neighbors

of a vertex (denoted by Γ(v)). After a value is calculated at a

vertex, it activates a subset of its neighbors (from Γ(v)) for the

next iteration. Notable examples of such data-driven methods

include topological sort, BFS, the Dijkstra’s algorithm for

single source shortest path (SSSP), connected component

detection (using a BFS-based implementation), and minimum

spanning tree algorithms.

Data-driven algorithms benefit from their selective activa-

tion of vertices at every iteration, as such an approach is likely

to be work-optimal (i.e., visiting every vertex no more than

once). However, the size of working set also limits parallelism

and potentially creates load imbalanced scenarios of variable

workloads across iterations. In comparison, topology-driven

algorithms (shown in Algorithm 2) provide a contrasting

approach in which all vertices within each iteration, which

increases parallelism within each iteration and also keeps the

workload uniform across the iteration. However, the trade-

off lies in sacrificing work optimality as vertices need to be

visited multiple times before reaching a state of convergence.

However, this is not necessarily a performance bottleneck

for low diameter networks, as the convergence rate for most

graph operations is a function of the graph diameter (i.e., for

information to percolate from one end of the network to an-

other). Notable examples of topology-driven methods include

the Bellman-Ford SSSP algorithm [3, 10, 30], PageRank [32],

and the Louvain heuristic for community detection [4].

b) Heuristics and Techniques: Despite its advantages in

ease of programming, both data- and topology-driven algo-

rithmic abstractions pose several challenges when applied at

large-scale.

Locality: First, the decisions taken at every vertex are typ-

ically influenced by the vertex’s immediate neighborhood (Γ).

This necessitates access to the changing local neighborhood

data, which may be expensive to obtain due to irregularity

in data access patterns and costs associated with frequent

data movement (memory to chip or remote memory to local

memory). This ties back to how the input graph is stored in

the shared or distributed memory. Specifically, it is desirable

to partition the graph in such a way that neighbors of a

vertex are expected to be co-located (i.e., locality-preserving

partitioning). This can be obtained by running any of the graph

partitioners [18] or simpler heuristics that use vertex properties

such as degrees to partition, in a preprocessing step; however

the cost of running such partitioners cannot be ignored.

Ordering: Secondly, the order in which vertices are pro-

cessed, could have an impact (one way or another) on the

degree of concurrency at every step (for data-driven topology),

and on the convergence rate of the solution (for topology-

driven topology). In sequential codes, an “ordering” represents

a linear permutation of vertices in which the vertices are to be

processed at every iteration. However, in parallel codes, such

an ordering may not be possible if the underlying parallel

algorithm is not guaranteed to be sequentially consistent [].

In most parallel implementations, the vertex set is partitioned

in some way across the processing elements before processing

(e.g., think of a static or dynamic scheduled parallel for
loop, for the for loop in Algorithm 2). Therefore the parallel

order reflects at best a partial ordering of vertices. Heuristic

solutions to determine a prior, perhaps more informed partial

ordering can be constructed as part of a preprocessing step.

For instance, the RCM ordering [23] creates a form of degree-

ordered ordering of vertices which can be distributed in

parallel; whereas a distance-1 coloring of vertices could help

separate the vertices into maximally independent sets, such

that vertices belonging to each color set are all mutually

independent and therefore can be processed concurrently [26].

Approximate computing: Furthermore, in many practical

applications of topology-driven methods, the quality function

(Q in Algorithm 2) typically grows more rapidly in the initial

stages of the iterations than in the later stages (i.e., effectively

exhibiting a diminishing returns in quality property). This

introduces interesting opportunities in negotiating the resulting

performance vs. quality trade-offs. For instance, it is possi-
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ble to use various types of approximate computing schemes

[11, 32] that adaptively “terminate” vertices spatially across

the graph or temporally across iterations, so as to save the

time spent per iteration while potentially trading off quality.

Such techniques can also help reduce data movement as the

algorithm progresses as there is no need to fetch data from

terminated vertex neighbors.

IV. ARCHITECTURAL FRAMEWORKS FOR GRAPH

ANALYTICS

Achieving parallel scalability in graph applications remains

a significant challenge for architecture design as well, due to

the inherent irregularity in computation workload and data

movement/access patterns. Over the years, supercomputing

architectures have been optimized for large-scale simulation-

based applications with floating point-intensive arithmetic.

Graph applications on the other hand, epitomize a highly

irregular class of applications which is data-bound (and

thereby, memory/storage-bound) that perform combinatorial

explorations with a mixture of integer and floating point

arithmetic.

Modern day platforms support multicores (for the latency-

bound parts of the workload) and manycores such as GPUs

and other vector architectures (for the throughput-bound parts

of the workload). While exploration of such heterogeneous

capabilities is important for scaling up graph applications,

other considerations such as energy efficiency and low latency

in memory access become equally important factors. To this

end, the Network-on-Chip (NoC) paradigm provides a conduit.

In particular, for an efficient manycore platform, it is essential

to align the NoC architecture with the on-chip traffic patterns

exhibited by the underlying data-intensive applications. The

overall on-chip traffic pattern exhibited by an application

is usually a collection of i) inter-thread data exchanges for

sharing application data, and ii) on-chip data exchanges that

arise from the cache-coherence protocol.

To discuss the challenges associated with designing NoC-

based manycore architectures for graph analytics, we consider

two graph operations, for detailed study and characterization—

community detection [27] and balanced coloring [26]. The

computation within community detection is multi-level (based

on the pseudocode in Algorithm 2), with alternating paral-

lelized (clustering) and serialized (compaction) characteristics.

In addition, community detection involves migration of ver-

tices between the communities during each clustering phase.

In contrast, balanced coloring consists of two major parallel

phases, initial coloring and redistribution, with bulk of data

movement and locking related traffic occurring during redis-

tribution. Due to these characteristics, the two applications

generate substantial long-range traffic patterns when run on a

multicore, with significant amount of data exchanges involving

physically far apart cores [8]. Furthermore, these applications

show the presence of one or more hotspot nodes whose traffic

injection rates are much higher than that of the average traffic

injection rate.

Fig. 1: Distribution of on-chip traffic as measured by the

number of hops between source and destination cores for two

graph applications: a community detection tool (Grappolo) and

a balanced coloring tool. The figure was taken from [8].

In addition, the adopted cache coherence protocols also

dictate the nature of the on-chip traffic patterns. To elaborate

on this, as examples, we consider the traffic patterns associated

with two different cache coherence protocols, Directory and

Hammer protocols [24, 37]. Both Directory and Hammer

protocols give rise to traffic hotspots and generate significant

amount of long-range traffic patterns (as shown in Figure 1)

warranting low latency NoC links, even among the physically

far apart processing cores.

Due to the long-range and skewed traffic patterns, design

of an on-chip interconnect that enables low-latency data ex-

change, even among physically distant cores will be critical

to achieve performance at scale in these graph applications.

To achieve low-latency long-range data transfers, we can use

emerging NoC architectures like Wireless NoC (WiNoC), 3D

NoC etc. In a recent work [8], we explored the design-

space for various Network-on-Chip (NoC)-enabled multicore

platforms for efficient implementation of graph analytics. We

considered three types of NoC architectures, viz., traditional

mesh, small-world and high-radix networks, and demonstrated

the small-world network-enabled wireless NoC (WiNoC) is the

most suitable platform for executing the two targeted graph

applications.

The performance of WiNoC for graph analytics can be im-

proved even further by integrating on-chip wireless links with

recently proposed SMART (Single-Cycle Multi-hop Asyn-

chronous Repeated Traversal) control mechanism [19]. The

NoC latency can be attributed to two factors, i) router stage

latency and ii) link traversal latency. We can lower both these

factors of the NoC latency for running graph analytics by

designing wireless-enabled SMART (WiSMART) NoC [9]. In

such an integration, SMART enables efficient router bypass

mechanism (lowers the router-stage delay), while wireless

links enable single-cycle long-range data transfers (lowers

link latency). 3D Network-on-Chip (NoC) is another emerging

architecture capable of achieving better performance and lower

energy consumption compared to their planar counterparts.

Like the wireless links in WiNoC, the vertical links in 3D

NoC facilitate establishing long-range short cuts necessary

for a small-world networks. By integrating SMART control

mechanism with 3D small-world NoC we can design efficient

manycore architectures suitable for graph analytics [9].

V. FUTURE RESEARCH DIRECTIONS AND OPPORTUNITIES

Research and development in graph analytics are at the

crossroads. On the application side, an explosion in data
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has created a need to analyze very large-scale graph inputs

(from billions to trillions of edges). On the computing side,

we have been experiencing an explosive growth in parallel

computing hardware and architectural capabilities. However,

the primary question is in how we can generate an ability

to harness and harvest the developments in hardware toward

supporting extreme-scale graph analytics. The answer in part,

lies in our ability to design innovative algorithmic strategies

that can be implemented into efficient parallel software with

scaling and qualitative guarantees. However, a software that is

agnostic to the underlying hardware is limited in its capacity

to generate optimal speedup and to fully realize the potential

of the architectural features. To this end, a systematic co-
design is necessary between hardware and software. This is

particularly essential for supporting extreme-scale graph ana-

lytics as the underlying application landscape is continuously

evolving alongside technological developments in architecture.

In addition, the field has the advantage of being an emerging

field with the reduced burden of legacy tools.

One of the more promising emerging architectures for graph

applications is the processing-in-memory (PIM) platform. Al-

though the original development of PIM dates back to the

’90s [12], over the last few years it has seen a resurgence.

PIM architectures have a unique potential particularly toward

graph applications as it allows for moving processing closer

to the data (as opposed to the traditional paradigm of moving

data to processing). There has been some early work on using

PIMs for graph applications [1]. However, further research

is necessary in the direction of designing algorithms that are

better suited to exploit the features of a PIM architecture.

Other emerging hardware-software co-design opportunities

arise in graph applications. Techniques such as approximate

computing could prove to be a resourceful way of exploiting

trade-offs that arise between performance, energy and preci-

sion of computing. As an example, in our recent works, we

explored the use of approximate computing techniques for

graph operations [7, 32], which yielded significant reductions

in runtime, data movement, and on-chip energy consumption.

Such techniques that can deliver cross-cutting benefits have

an integral role to play in future co-design methodologies,

and collectively can aid in supporting scalable graph analytics.

With exascale architectures looming in the horizon, this is a

unique opportunity that awaits us to innovate at the intersection

of algorithms, architectures and applications such as graph

analytics.
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