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A Platform-and-Workload Aware Online Graph Partitioning Algorithm
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Abstract  Graph is an important data structure for describing and storing relationships between
objects, and has been widely used in many fields such as community analyzing, scientific computing
and urban planning. To deal with massive graph data, modern graph data processing systems
are usually distributed and highly heterogeneous, where different kinds of processing nodes
collaboratively conduct the computing tasks. Among them, GPUs are the most common co-processers
which can effectively offload workload from CPUs and accelerate the whole system. Graph
partitioning is the basis of distributed graph processing. To assign a big graph to multiple
computing nodes, graph data is usually partitioned online, during data stream loading. The quality of
a graph partition greatly affects load balancing and communication overhead among compute
node, and thus becomes an important factor in system performance. Most of the existing graph
partitioning solutions are based on traditional k£-balanced partition problem, whose goal is to
minimize the number of inter-partition edges while maintaining an even distribution of vertices.
These works only exploit simple topological properties of the graph, with the assumption of
homogeneous computing systems. In fact, Graph partitioning algorithms under heterogeneous
environments should take into account the information mining from hardware platform and graph
data workload. Some existing works towards heterogeneous system consider the distributed
system as computing nodes with different computing and communication power. However, these
works only use simple quantification methods such as estimating the computing power with

hardware parameters, or measuring the computing and communication power with customized
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microbenchmarks, which is not suitable for modern popular CPU-GPU heterogeneous distributed
graph processing system. This is because that GPU is a parallel processor which hardware
architecture and programming model is quite different from CPU, therefore its computing power
depend on the degree of parallelism available from graph data workload and cannot be quantified
by the simple methods mentioned above. Moreover, both graph topology and graph computing
tasks are highly irregular. In some applications, the number of vertices involved are very different
in each iteration, therefore the actual workload of a partition is hard to determine and cannot be
quantified simply by the size of a single partition. In this paper, we focus on CPU-GPU heterogeneous
distributed graph processing system. Through careful analysis and experiments, we find that
certain workload characteristics have a significant impact on computing power of GPU and
workload in actual execution, which are helpful for estimating the graph processing time of a
node. On this basis, this paper proposes two workload characteristics, named coefficient
variation of degree and accessibility of a partition. Coefficient variation of degree affect computing
power of GPU and accessibility of a partition can be used to estimate actual workload. We devise
a practical method to obtain the mapping between workload characteristics and workload processing
time on a node by means of sampling and test running. Combining the above work, this paper
implements a platform-and-workload aware online graph partitioning algorithm. Experiments on
four real graph datasets show that compared with the leading graph partitioning algorithms in

industry and academia, the proposed algorithm achieves the best partitioning and can reduce the

overall graph computing time by 50% ~70%.
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Background

Graph computing plays an important role in data mining.
Modern graph computing systems are usually distributed and
highly heterogeneous, where CPUs and co-processers (such
as GPUs) collaboratively conduct the computing tasks.
Graph partitioning is the technique that divides a big graph
into several subgraphs and assigns each subgraph to a
compute node. An optimal partitioning is achieved if the
workloads are balanced among computing nodes and the
cross-node communication is minimized.

Most of the graph partitioning algorithms try to solve
the classical k-balanced partitioning problem, which supposes
the graph computing system is homogeneous and whose goal
is to minimize the number of inter-partition edges while
maintaining an even distribution of vertices. Some works
have paid attention to heterogeneous systems where the
compute nodes are considered to have different computing
and communication power. However, they give very simple
quantification methods, such as estimating the computing
power with processor parameters, or measuring the computing
and communication power with customized microbenchmarks.
A common measure of computing power is the number of
floating-point multiplications per second.

However, none of the above quantification methods is

HUA Bei. Ph.D., professor. Her research interests
include high performance computing, edge computing,

virtualization, etc.

suitable for CPU-GPU heterogeneous systems. GPU has
quite different hardware architecture and programming model
from CPU, whose computing power can only be stimulated
by highly parallelizable and regular computing tasks.
therefore its runtime performance cannot be characterized by
static hardware parameters or offline benchmarking. Moreover,
graph computing is known as a typical irregular task, not
only the graph topology is highly irregular, but also the
number of vertices involved in each iteration may differ
greatly, therefore the real workload of a partition cannot be
quantified simply by the number of vertices.

This paper proposes a platform-and-workload aware
online graph partitioning algorithm that takes into account
GPU’s hardware/software architecture and the irregularity
of graph computing. The main contribution of this paper is
that it explores and defines two new feature parameters that
well capture the irregularity of graph computing workloads,
and designs a practical method to obtain the relationship
between feature parameters and node’ s computing power.
The proposed algorithm achieves the best partitioning and
can reduce the overall graph computing time by 50% ~70%.
This paper is the first work that targets at high efficient

graph partitioning towards CPU-GPU heterogeneous systems.





