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Abstract

Graphs have been universally used to represent relationships among real world entities.
They can be used to model data in several applications, such as in a social network with
nodes as users and edges as friendships, or the World Wide Web with nodes as web
pages and edges as hyperlinks. Graphs can be analyzed to obtain information in many
application domains, including influence of users on a social network, and the popularity
of pages on the World Wide Web. Recent advances have brought about the availability of
enormous real-world graph datasets. These graphs contain millions of nodes and billions of
edges, making graph analyses computationally challenging. In addition to being massive,
many of these graphs also update rapidly, with edges and nodes being added and removed
from the graph. In a social network, the formation and discontinuation of friendships
cause the insertion and deletion of edges in the graph, while users joining or leaving
the platform cause node addition and removals. Several other areas generate large and

dynamic graphs, including email networks and academic citations.

A fundamental building block for many graph analysis algorithms is reachability, which

asks if there is a path in the graph from a given source node to a destination node. In a



social or telecommunication network, reachability queries can be used to assess the flow of
influence or information from one user to another. Most existing methods for determining
reachability build sophisticated index structures designed to minimize the time taken to
answer the reachability query. For a large and dynamic graph, such methods have a
large memory footprint, and a high computation time to update the index as updates are
made to the graph. To address this drawback, we develop a technique called ARROW
that works by running random walks on the graph, and does not employ any reachability
index. We show that being index-free, ARROW has a small memory footprint, and can
update the graph extremely fast, outperforming existing index-based techniques on both

memory efficiency and update time for massive and highly dynamic graphs.

ARROW is highly flexible, enabling easy adaptation to reachability on temporal graphs,
which are graphs that encode their entire history of evolution in the form of intervals
associated with each of their nodes and edges. Reachability on a temporal graph has
many types due to different temporal constraints. We extend ARROW, called Time’s
ARROW, for answering various types of reachability queries on temporal graphs. We
evaluate Time’s ARROW against several baseline algorithms for reachability in temporal

graphs and establish its advantages over them.

Even without an index, a massive graph may be too large to fit in memory. To efficiently
compute reachability queries on such a graph, we extend an existing compact graph
storage technique called Bloom Graphs and enable the use of ARROW on the Bloom
graph, called BloomARROW. We propose a variant of Bloom graphs to further reduce

memory footprint, called Hybrid Bloom graphs, and evaluate BloomARROW over them.
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Bloom Graphs store the neighborhood list of each node in the graph as a Bloom filter,
which is a highly popular data structure used to compactly store a set of elements.
But, enabling ARROW on the Bloom graph requires running random walks on it, and
therefore drawing samples from Bloom filters. Towards this objective, we propose a
novel data structure called the BloomSampleTree, which we employ to efficiently obtain
samples from a Bloom filter. Using the BloomSampleTree, we also propose an algorithm

to reconstruct the set of elements in a Bloom filter.

Another highly important graph problem is that of overlapping community detection,
which is the identification of densely linked subgraphs that may be overlapping with
each other. Community detection has a number of applications, such as determining
groups of users with common interests in a social network. As with reachability, detecting
overlapping communities in a dynamic graph is extremely challenging. A big roadblock
to the development of such algorithms is the lack of reliably labeled and freely available
graph datasets, which are critical to evaluating different algorithms. To address this, we
build a benchmark generator that efficiently generates large datasets with an evolving
and overlapping community structure, while maintaining statistical properties typical of
real-world networks. Using a rigorous empirical analysis, we demonstrate the ability of
the benchmark generator to assess the comparative performance of existing algorithms

for detection of overlapping communities.

In summary, this thesis provides efficient methods to process and generate large, highly
dynamic graphs for two of the most important problems in graph data analysis — that of

reachability and community detection.
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