Irregular Graph Algorithms on Parallel Processing Systems
George M. Slota

Research Interests and Motivations

My thesis work focuses on designing new parallel approaches for analyzing large real-world networks. This area of
research specialization lies at the interface of high performance computing and big data analytics. What makes network analysis
so interesting is the variety of data that can be expressed using graph abstractions. A graph representation fits naturally for
biological networks at various scales, intercommunication in social networks, visual and geospatial relationships, neural activity
in the brain, and numerous other sources of data within the scientific realm. The computational difficulties associated with
analyzing real-world graphs is widely recognized, and it is correspondingly listed as one of DARPA’s 23 toughest mathematical
challenges [1]. The high complexity, scale, and variation of graph-structured data poses an immense challenge in the design of
techniques to study and derive insight from such data. Therefore, as we build more powerful supercomputers, it is important to
understand how we can efficiently solve graph-theoretic problems on modern hardware. A 50 x performance gap is sometimes
observed between estimated and real running times due to programming model overhead, poor abstraction and subroutine
choices, and sub-optimal data layouts. HPC platforms with manycore accelerators, such as GPUs or the Intel Xeon Phi, pose
an entirely different set of challenges for algorithm designers to overcome. My primary research goals focus on tackling these
problems through the optimization of graph analytics at all levels of hardware architecture, from thread to core to processor to
single-node to multi-node to system-level scale. The fact that graph-structured data is so universal means that this research is
useful to a large collection of data-intensive problems within the social and physical sciences.

This abstract will describe some of the graph problems I've worked on throughout my doctoral program, their implemen-
tation, and their performance results relative to the prior state-of-the-art.

Subgraph Counting and Minimum Weight Path Finding

Subgraph isomorphism and its variants are fundamental graph analysis methods used to identify latent structure in complex
data sets. Subgraph counting is a computationally intensive (NP-complete) problem, with the naive algorithm runing in O(n*)
time, where n is the number of vertices in the network and k is the number of vertices in the subgraph. The color-coding
technique [2] can be used to determine counts of non-induced tree-structured subgraphs in O(m - ok . ek . 1og€7;/6) time, where
m is the number of edges in the graph, and § and € are confidence and error parameters, respectively. Color-coding can also be
applied to the NP-hard problem of finding the minimum-weight path of a given length in a weighted graph [3].

Recently, I introduced a new shared-memory parallel implementation of the color-coding based subgraph counting algo-
rithm called FASCIA [4]. Through abstracting the key dynamic programming phase of color-coding, FASCIA achieved several
orders-of-magnitude speedup and memory reduction relative to prior art, and this allowed subgraph analysis of graphs
larger than previously possible. Figure 1 (left) shows the overall execution time for several input templates on a single 16
total core Sandy Bridge compute node. More recent work builds on the prior FASCIA implementation with distributed-memory
parallelization [5], allowing scaling on modest clusters to analyze multi-billion edge networks. Figure 1 (right) demonstrates
the performance of distributed FASCIA on two such large networks. FASCIA’s framework was also extended to find minimum
simple weighted paths for an edge-weighted network [10], an important problem for analyzing biological interaction networks.
This implementation was called FASTPATH.
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Figure 1: Single iteration execution times for several template sizes running in shared memory on million edge networks (left)
and in distributed memory on billion edge networks (right).

Preliminary open-source versions of both FASCIA and FASTPATH are currently available online'-2. Future work is under-
way for expanding FASCIA to to be able to perform subgraph counting in a system-scale distributed environment. Subgraph
counting has never before been completed on graphs at this scale, and it can provide novel insight into the structure of massive
real-world datasets. Additionally, the color-coding subgraph counting algorithm can essentially be reduced to an ordered and
iterative set of matrix-matrix multiplications. This would allow for efficient SIMD vectorization and acceleration on both Xeon
Phi coprocessors and GPUs. Since Xeon Phis and GPUs are utilized in a substantial portion of the world’s fastest supercom-
puters, fully exploiting this additional computational power is another avenue for further scaling.

'http://fascia-psu.sourceforge.net/
2http://sourceforge.net/projects/fastpath-psu/



Graph Connectivity

Determining the connectivity and component decomposition of a graph is one of the most basic problems in network sci-
ence. My dissertation work has considered specifically the problems of determining the weakly (WCC) and strongly connected
components (SCC) of a directed graph and the connected (CC) and biconnected components (BiCC) of an undirected graph.

I developed the Multistep Method for the problems of CC, WCC, and SCC detection in large real-world graphs, such
as online social networks and web crawls, using current shared-memory multicore platforms [11]. It utilizes variants of FW-
BW [12] and Orzan’s coloring methods [13] in subroutines. It minimizes synchronization and avoids use of fine-grained
locking. The breadth-first search (BFS) subroutine incorporates several recently-identified optimizations for low-diameter
graphs and multicore platforms, and demonstrated a mean traversal rate of 1.4 GTEPS across a suite of test graphs. Multistep
is also faster on average by 1.9x and up to 8.9x (on the most difficult problem considered) than the state-of-the-art Hong et
al. method [14]. Figure 2 (left) gives the speedups relative to Tarjan’s algorithm (optimal serial algorithm) for the Hong et al.
method and Multistep on a 16 core Sandy Bridge platform with graphs of varying scale up to 2 billion edges. Similar speedups
are seen with CC and WCC, which are omitted for brevity.
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Figure 2: Speedup relative to Tarjan’s algorithm for Multistep and Hong et al. (left) and speedup relative to the Hopcroft-Tarjan
algorithm for the new BiCC algorithms and TV-Filter on real and synthetic test graphs from various sources [7, 15-18].

Utilizing the Multistep BFS and color propagation subroutines, two new algorithms were proposed for parallel biconnected
components decomposition [19]. These algorithms showed considerable speedup to the serial Hopcroft-Tarjan [20] algorithm.
A comparison of the BFS-based (BFS-BiCC) and coloring-based (Color-BiCC) algorithms is given by Figure 2 (right) with
speedups relative to the Hopcroft-Tarjan serial algorithm. Also included was the state-of-the-art TV-Filter algorithm [21] based
on the parallel Tarjan-Vishkin algorithm [22].

Approaches for Portable Manycore Optimizations
As the level of parallelization increases, it become more difficult to create an
even distribution of work among processing elements for irregular graphs. As such, a

focus of ongoing research is to create a general approach for graph algorithms thatis g S|l REDAT ke S
effective on new many-core architectures and heterogeneous environments. The re- S 04- I <
cently developed Kokkos library [23] is an example of a recent paradigm in scientific g g:;:l . o
computing, the development of frameworks for write-once-run-anywhere code. Ide- <933 %
ally, algorithms implemented in such a framework should be resistant to the current %g%il I I I I 1 I I ;—?c
trends in hardware (e.g. increasing parallelism and changing memory hierarchies) §ggg N ==} =
by exploiting wide parallelization, minimal synchronization, and localized memory zg-;g I g
accesses whenever p(')ssible.. ' é”g:ég I Iz =|nl I sl I §
As part of my dissertation work, I noted that a number of graph algorithms fol- 5 3 2
low a tri-nested loop structure. By performing some general set of optimizations, £ % I 5
I demonstrated that the performance of graph algorithms fitting the aforementioned & glmm em w0 ;_7_! m -
structure could benefit over a baseline parallelization [24]. One critical optimizia- 2925 0025 0023 w923

tion was collapsing the inner two loops to exploit higher parallelizability; a technique SCC Algorithms
called the Manhattan Collapse. Figure 3 gives the performance in GTEPS for SCC
decomposition of various graphs on K20 and K40 GPUs, Sandy Bridge CPU (SNB),
and Knights Corner Xeon Phi (KNC) using OpenMP parallelization (OMP), a local
variant of the Manhattan Collapse (ML), a global variant of the Manhattan Collapse
(MG), and baseline parallelization (B). We see that the local Manhattan Collapse per-
forms best for GPU, greatly outperforming CPU on the most difficult test instance
(DBpedia) by a factor of 3.25x.

Figure 3: Performance in GTEPS for
implementations of Multistep SCC
using various parallelization strategies
on various architectures with multiple
test graphs.



Small-world Graph Partitioning

There have recently emerged several online repositories that host representative real-world graphs with up to billions of
vertices and edges and new open-source and commercial distributed graph processing frameworks targetted at analyzing such
graphs. These graphs are characterized by a low diameter and skewed vertex degree distributions and are informally referred
to as small-world or power-law graphs. The graph processing frameworks use different I/O formats and programming models,
but all of them require an initial vertex and edge partitioning for scalability in a distributed-memory setting.

Due to its fast speed and scalability, high quality results, and simple implementation, the label propagation algorithm
for community detection [25] has been utilized for partitioning such large-scale small-world graphs in several studies. As
part of my dissertation work, I developed PULP: Partitioning using Label Propagation [26]. PULP exploits a weighted label
propagation approach with iterative balance and refinement stages to perform multiple constraint (vertices and edges per part)
and multiple objective (total edge cut and max edge cut per part) partitioning. All other label propagation work and most
well-known partitioners only handle single constraints (either edges or vertices) and single objectives (usually total edge cut or
communication volume).

Partitioner PULP PULP-M -&- PULP-MM —+ ParMETIS METIS-M (serial) PULP-M (serial)
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Figure 4: Execution times on various networks for METIS, ParMETIS, and various PULP variants (single constraint single
objective, single objective multi-constraint, multi-objective multi-constraint), and max per-part edge cut for multi-constraint
METIS and multi-constraint multi-objective PULP.

To demonstrate the efficacy of PULP, a comparison was done to the state-of-the-art multilevel k-way partitioning method
in METIS and ParMETIS [27]. The multiple constraint version of both the codes were used. Figure 4 (left) gives the execution
time results of PULP with several configurations in comparison to METIS and ParMETIS and Figure 4 (right) gives the
total edge cuts for these partitioners. Over a wide range of partition counts (2-128) and with fixed edge and vertex balance
constraints, PULP is comparable or better than METIS with the most commonly-used quality measures (edge cut). For the
secondary objective (maximum edge cut per partition), PULP gives consistently better quality results. The main advantage
of our approach is the relative efficiency improvement: for instance, to partition the 1.8 billion edge Slovakian domain (.sk)
crawl [8], our approach uses 7.5 x less memory and is 16 x faster than METIS. PULP takes less than a minute on a single
compute node to generate 128 partitions of this graph, while satisfying both the vertex and edge balance constraints.’

Ongoing work with PULP includes an optimized distributed-memory version, which allows partitioning of graphs up to
trillions of edges in size in only a few minutes. No other available partitioner is able to produce quality partitions of graphs
of this scale.

Distributed Graph Layout
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Putting it All Together: Large-Scale Graph Analysis
Using the generalizable techniques and optimizations I gleaned from my prior work

in shared-memory algorithm implementation and distributed memory graph layout strate- 3 1e+087

gies, I recently implemented several graph analytics for processing at large scale, includ- S ;0,6 -

ing algorithms for connectivity measurements, k-core finding, community detection, as E

well as PageRank and other vertex centrality measures [30]. To test these implementa- E;‘MJ“'

tions, I analyzed the largest publicly available real-world graph, the 2012 Web Data Com- & .

mons hyperlink graph (http://webdatacommons.org/hyperlinkgraph/). é

This analysis produced novel information about the web crawl, including explicit per- 14 —_— ..

vertex centrality measurements and community structure. As shown in Figure 6, we 12 fei02  1es04  1e06

found the community size distribution seemed to follow that of a power law with an ap- . Vertices in Community

parent heavy tail, which is a similar distribution observed with other connectivity and Figure 6: Frcquency plot of

centrality measurements [31]. community structure.
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s Framenork © * are not needlessly complex either; each analytic is implemented in only one to two hundred
Figure 7: Framework execution lines of C code. This goes against an accepted notion in a large part of the graph analytics
time comparison. community that graph processing frameworks are a much better tool for this level of work.
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