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ABSTRACT

We present a scalable algorithm for aligning large networks repre-
senting executions of HPC simulations through efficient compu-
tation of multiple execution motifs. Our algorithm is one of the
first to identify the subtle differences between nearly similar ex-
ecution networks, and thus can be used pinpoint the structural
non-determinism across a set of event graphs arising from multi-
ple runs of the same HPC simulations. These differences can help
identify regions of non-determinism in large-scale asynchronous ex-
ecutions. The results are instrumental in enhancing reproducibility
and reliability of exascale simulations.

CCS CONCEPTS

« Mathematics of computing — Graph theory; Graph algo-
rithms; Graph enumeration; Graph theory; Graph algorithms;
« Computing methodologies — Parallel algorithms; « Theory
of computation — Parallel algorithms; Parallel algorithms.
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1 INTRODUCTION

Network alignment (NA) is a fundamental problem in network
analysis, with applications in varied disciplines including biology
and social sciences. Given two graphs, network alignment matches
vertices that have similar structure across the graph pairs.

Current NA algorithms cannot effectively identify differences in
nearly similar graphs, such as a set of event graphs from the same
high performance computing (HPC) simulation. Subtle differences
in event graphs pinpoint the regions of non-determinism in re-
peated executions of the same simulation. Identifying these regions
can help developers improve the reproducibility and reliability of
large-scale, asynchronous application on exascale systems.

This observation motivated us to develop an algorithm for large
scale network alignment that is scalable, tunable, and sensitive to
small changes. We present an innovative algorithm that is based
on comparing the graphlet degree vector (GDV) [2] of vertices.
GDV measures the number of times a vertex belongs to particular
graphlet (where a graphlet represents an execution motif).
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2 OVERVIEW OF OUR ALGORITHM

Similar to GRAAL [2], a NA tool for biological networks, our align-
ment matches vertices that have similar GDVs. As a by product,
our algorithm can also be used for finding motifs in large graphs.
Compared to GRAAL or other motif finding tools such as GraphPI
[4] and CuTS [5], our method has these unique features;

Scalability: Our method can find multiple motifs in a single run
while also maintaining scalability. Current scalable motif finding
tools only find one motif per execution, and those that find multiple
motifs in one execution are not scalable.

Tunability: Our method adapts to known topological properties,
such as whether the graph is tree-like or planar, to speed the compu-
tation. Our algorithm can also satisfy user inputs regarding which
nodes to include in motifs.

Sensitivity: Our method is designed to be sensitive to small dif-
ferences in the input graphs. This is critical in identifying subtle
structural changes across nearly similar networks.

2.1 GDV Computation

Given a set of motifs, we compute the automorphism orbits of
each vertex (i.e., position in the motif). Because the number of
motifs and orbits increases exponentially with size (a set of five
or less vertices creates 30 unique motifs and 72 different orbits),
computing each set of motif separately for each vertex is very
computationally expensive. Using our algorithm, multiple motifs,
belonging to multiple sets of vertices, are computed simultaneously.
Figure 1 gives an overview of the steps, including the creating
initial roots ofsubtrees (Step 1), the subtree numeration (Step 2),
the motif generation (Step 3), and the calculation of obits by using
distance and degree vectors (Step 4). Starting from a root vertex, we
grow trees to the maximum motif size (Steps 1 and 2). We then add
back-edges to the trees to create the non-tree motifs (Step 3). We
determine the orbit of each vertex by comparing the degree vector
(the degree distribution of the motif) and the distance vector (the
distance of the vertex from other vertices in the motif). These two
vectors can uniquely identify most orbits in motifs with 5 or less
vertices. The GDV is updated according to the motif (Step 4).

2.2 Scalable Implementation

Our algorithm is inherently scalable as each vertex can be processed
in parallel. We address the challenges in reducing redundancy and
resource usage by leveraging three features.

(i) Redundant Computation: If a motif has N vertices, the motif
is created N times, generating redundancy. To eliminate this
redundancy, we add two constraints. First, a tree is consid-
ered a motif only if the leaf nodes have a lower id than the
root. Second, a back edge is added only if it connects the
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two lowest id vertices in the cycle. It can be proven that by
maintaining these two constraints each motif is processed
(i.e., updated to GDV), exactly once.

(if) Memory Usage: By creating trees from each vertex as root,
the storage costs can increase exponentially. To reduce the
memory usage, we store the trees as Prufer sequences[3].
We also use a limited storage queue, where if the queue is
filled, new tree generation stops until the queue empty.

(iii) Load Balancing: Not all root vertices perform equal amount
of computation, leading to computational load imbalance. We
apply dynamic scheduling, and vertex splitting, to process
high degree vertices to reduce the imbalance.
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Figure 1: Workflow of GDV Computation

3 RESULTS AND CONCLUSION

The algorithm is evaluated on two event graphs generated by the
ANACIN-X tool[1] from the AMG2013, an algebraic multigrid ap-
plication, and the Message Race, N-1 processes sending a message
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Figure 2: Comparing subtree generation for AMG2013 and
Message Race. Top: time elapsed per vertex. Bottom: number
of subtrees per vertex.

to a single node. The AMG2013 event graph of 1392 nodes and 2056
edges took 1.51 seconds to execute, and the MessageRace event
graph of 132 nodes and 166 edges took 11 ms to execute. The node
level results for each graph are shown in Figure 2.

Our algorithm advances motif-based network alignment through
its scalability, tunability and sensitivity to changes. In the poster, we
will present results to highlight (i) its strong scalability on shared
memory; (ii) time for finding motifs compared to GraphPI; and (iii)
its ability leverage graph properties and user specifications.
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