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ABSTRACT
Large scale graph processing is the key to understanding
complex relationships, ranging from the interaction of peo-
ple on social media to the flow of data through a corporate
computer network. Graph analytics present unique chal-
lenges for HPC system designers since they lack data locality
and are difficult to partition into equally-sized units of work.
In addressing these challenges, many researchers have opted
to work with static graphs instead of the more difficult case
of dynamic graphs that change rapidly during the analysis.
Dynamic graphs require an entirely different memory lay-
out, leading to degraded performance as algorithms traverse
a fragmented, unsorted graph data structure. DynoGraph
provides a standard for benchmarking dynamic graph ana-
lytics engines, bringing needed focus to this important class
of applications.
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1. INTRODUCTION
The way a graph is stored in memory affects the per-

formance of graph analytics. The Compressed-Sparse-Row
(CSR) format stores graphs more efficiently, but an adja-
cency list is easier to update, making it the data structure
of choice for dynamic graph applications. Despite this im-
portant difference, many researchers equate static graphs
with dynamic graphs when evaluating system performance.

2. DYNOGRAPH
DynoGraph is a benchmark suite for dynamic graph an-

alytics engines. It aims to accurately capture the unique
performance characteristics of dynamic graphs by focusing
not only on algorithms, but also on the performance of edge
insertions and deletions and their effect on the efficiency of
the graph layout. DynoGraph is designed to aid computer
architects in satisfying the needs of dynamic graph applica-
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tions when designing processing-near-memory accelerators
for emerging high-bandwidth memory systems

2.1 Graph Algorithms
The DynoGraph benchmarks are defined as regions of in-

terest within a streaming graph analysis application, which
alternates between running graph algorithms and updating
the graph with batches of new edges. The ”input”to a Dyno-
Graph benchmark thus includes not only the graph dataset,
but also the state of the graph when the analysis was started.
Each batch is considered a separate benchmark. DynoGraph
algorithms are also expected to filter the graph based on a
timestamp threshold. This introduces irregularity into the
graph traversal logic and mimics the functionality of real
streaming graph applications.

Besides the edge stream, DynoGraph does not introduce
any new graph algorithms. Still, the complex interaction
between a graph algorithm and the underlying data struc-
ture means that each pairing of algorithm and graph engine
deserves individual study.

The following algorithms are evaluated with DynoGraph
in this work: Breadth-First Search (bfs), Connected Com-
ponents (cc) [5], Betweenness Centrality (bc) [4], PageR-
ank (pagerank), Kcore decomposition (kcore), and Cluster-
ing Coefficient / Triangle Count (tc).

2.2 Graph Inputs
Each DynoGraph dataset takes the form of a continuous

stream of edges that occurs over a period of time. There
are many duplicate We now present three new streaming
datasets for DynoGraph. Each dataset was anonymized be-
fore processing to eliminate the possibility of leaking sensi-
tive data.

• SC 2015 NetFlow A team of researchers collected
NetFlow data from SCinet for the duration of the con-
ference in 2015 [2]. In this graph, each vertex repre-
sents a SCinet IP address. An edge represents that
data was transferred between those two hosts. Edges
are weighted with the number of bytes transferred over
the analysis time window considered. This dataset is
representative of the types of graphs generated when
analyzing real networks for cyber security threats where
the application of PageRank, betweenness centrality,
and community detection are used to find botnets,
emergent graph behavior, and potential distributed de-
nial of service (DDoS) attack targets.

• Passive DNS This dataset is an anonymized graph



of real DNS data collected over the entire campus net-
work of a large university. Edges in this graph rep-
resent domain name lookups for a given host as they
occur in time, and track the resolution of the name re-
quests as they traverses the hierarchy of name servers.
Real-time applications of this data include using cen-
trality and community detection to locate hackers and
bot-net control networks, which maliciously manipu-
late DNS records to accomplish their goals.

• Twitter Social media remains one of the most preva-
lent applications of dynamic graph analysis. This data
set represents the Twitter graph of mentions between
Twitter users that occurred over a three week period
during the 2014 World Cup. The Twitter graph was
collected targeting hash tags specific to the World Cup
as well as hash tags specific to the Twitter campaigns
of the primary sponsors.

3. RESULTS AND CONCLUSIONS
We used DynoGraph to compare the performance of GAP

[1], a graph benchmark that uses CSR, against STINGER[3],
a dynamic graph engine that implements a parallel adja-
cency list. The benchmarks were run on shared-memory
machines with dual-socket Intel Xeon processors. As ex-
pected, the static graph implementation provided by GAP
had the best performance for the graph algorithms, however
STINGER was able to stream in new edges more efficiently.
It was also discovered that deletions had a significant effect
on the performance of STINGER.

Dynamic graph analytics represents an entirely different
workflow from static graph processing, and deserves sepa-
rate attention. The in-memory layout of a dynamic graph
degrades over time as edges are inserted and deleted. It
is important to model this effect when measuring perfor-
mance. DynoGraph provides a framework for accurately
benchmarking dynamic graph processing on different en-
gines and architectures.
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