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1 Introduction

Graph is a high-dimensional structure that models point-to-point relationships among entities. Due to its strong
representation ability, the graph is widely applied in social network analysis [27], road network routing [75], and
biological structure forecasting [23]. With the development of information science and big data applications [1, 54]
in recent years, the scales of graph data sets become too large for single machines due to their limited storage
and computing power. To support the queries and analyses on massive graphs, researchers proposed many
distributed graph algorithms and systems to store a large-scale graph in multiple machines separately and
compute collaboratively, such as Pregel [118], Giraph [11], GraphX [77], and GraphScope [62].

Recent years have seen a surge in research on distributed graph algorithms, with a focus on developing
specific algorithms like PageRank, label propagation, and triangle counting, or addressing challenges such as
workload scheduling and machine-to-machine communication. However, comprehensive surveys providing a
comprehensive view of the field remain limited. This paper aims to bridge that gap by consolidating research
on distributed graph algorithms for massive graphs over the past decade, as featured in prestigious conferences
and journals like SIGMOD, VLDB, PPoPP, SC, TPDS, and TC. We distill four primary and recurrently addressed
challenges among these papers:

e Parallelism is a major objective that requires processing multiple operations at the same time and reducing
iteration rounds. Achieving efficient parallelism is challenging due to the inherent sequential dependencies
in graph analysis tasks. These dependencies require certain computations to be completed before others can
begin, limiting the ability to execute multiple operations simultaneously.

e Load balance aims to distribute work evenly across vertices and improve the utilization of computing resources.
This helps prevent some machines from becoming overloaded while others remain idle. Graphs often have
skewed degree distributions, where a small number of vertices have many connections while the majority have
few. This imbalance can lead to uneven distribution of workload across machines.

e Communication refers to the exchange of messages between vertices, which is an expensive operation
compared to random memory access. Distributed graph processing involves frequent exchanges of data
between machines. These communications can become a significant overhead, especially in large-scale graphs,
due to the complex and dense interconnections between vertices. Optimizing communication overhead can
improve execution efficiency in practice.

e Bandwidth limits the size of messages transmitted between vertices. Some algorithms require a large amount
of bandwidth, which may not be feasible in certain frameworks. The primary reasons for the bandwidth limita-
tions challenge in distributed graph algorithms are twofold: first, high-degree vertices necessitate substantial
bandwidth for communication; second, the frequent transmission of small messages can result in inefficient
bandwidth utilization.

To address the challenges, a lot of open-source distributed graph processing frameworks (e.g., Pregel [118]
and GPS [137]) have been proposed. Generic solutions (e.g., parallel looping, message receiving and sending,
and broadcasting) are abstracted in these frameworks. Users have the flexibility to develop graph algorithms
following high-level functionalities, effectively abstracting away the complexities of underlying implementation
details. However, these solutions are highly diverse and tailored for specific algorithms due to the irregularity of
graph algorithms, and there is no one unified pattern that can fit all graph algorithms.

In addition, various graph tasks are addressed by distributed graph algorithms in the existing studies. To clearly
introduce them, we classify the widely studied graph tasks, including PageRank, Louvain, SimRank, max flow,
subgraph matching, and vertex cover, into seven topics: Centrality, Community Detection, Similarity, Cohesive
Subgraph, Traversal, Pattern Matching, and Covering.
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In this paper, we first introduce the generic solutions for the four challenges and then dissect the proportion
of research papers that address the challenges across different algorithmic topics. Moreover, we delve into
the reasons behind the varying degrees of attention that certain challenges receive within specific topics. For
example, 70% of the papers related to Similarity topic (Figure 7c) have focused on reducing communication
overhead. Through the analysis, we show some deep views of the research in distributed graph algorithms and
also give insights into the potentially promising directions for future studies. A unique contribution of this work
is the construction of a comprehensive graph that encapsulates the surveyed material, as shown in Figure 1.
This graph maps out the intricate connections among papers, topics, algorithms, solutions, and challenges, etc.,
providing a visual narrative of the landscape. Readers can play with the graph using an online interactive tool
(http://gsp.blue/querying?name=graph_algo), which includes several examples to guide readers on how to use
the tool.
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Fig. 1. A comprehensive graph that encapsulates the surveyed material.

Contribution. Existing surveys focus on either specific distributed challenges (e.g., load balance [92]) or particular
distributed algorithms (e.g., pattern matching [24]). However, our survey targets challenges faced by different
distributed graph algorithms in processing, with irregular computation taken into consideration. Specifically, we
make the main contributions as follows:

e We provide an overview of the main challenges in distributed graph algorithms and the different solutions
proposed to tackle them. This provides a comprehensive understanding of distributed graph processing.

e We survey various distributed graph algorithms and categorize them into seven topics based on the challenges
they address.

e For each topic of distributed graph algorithms, we conduct a thorough analysis of existing efforts. We also
summarize the main challenges they address and provide unique insights into the underlying reasons.

The outline of our survey is shown in Figure 2 and the rest of this paper is organized as follows. Section 2
provides a review of existing distributed graph systems and computing processing. Section 3 summarizes some
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challenges and solutions, which are not common for single-machine algorithms. Section 4 describes popular
distributed graph algorithms in detail, highlighting differences from their single-machine versions. Section 5
presents various application scenarios for different graph tasks. Section 6 discusses prevalent research trends and
potential research opportunities. Section 7 concludes this survey.

-{ Background H Graph and Topics of Graph Analytics ]
Distributed Graph Libraries and Languages; General-Purpose Distributed Processing
Processing Infrastructure Frameworks; Distributed Graph Processing Frameworks
{ Challenges and Solutions H Inherent Challenges I Computation Resource Parallelism }
Efficiency Load Balance ]
{ Network Resource Communication Overhead }
Efficicncy Bandwidth )
_{ Solution Overview Parallelism: Depend;ncy Resolution; Asynchronous Execution;
Shortcut Augmentation
{Load Balance: Graph Partitioning; Task Scheduling; }
Communication Overhead: Local Computation; Selective
Activation; Hybrid Push-Pull Model; Aggregation
iBandwidth: Message Coordinating; Message Buffering ]
-{ Distributed Graph Tasks H Centrality PageRank; Personalized PageRank, Betweenness Centrality,
Closeness Centrality
-{ Community Detection H Louvain, Label Propagation, Connected Components ]
H Similarity H Jaccard Similarity, Cosine Similarity, SimRank ]
-{ Cohesive Subgraph H k-Core, k-Truss, Maximal Clique ]
-{ Traversal BFS, Single Source Shortest Path, Minimum Spanning Tree,
Cycle Detection, Maximum Flow
-{ Pattern Matching Triangle Counting, k-Clique, Subgraph Matching, Subgraph
Mining
-{ Covering HMinimum Vertex Covering, Maximum Matching, Graph Coloring }
-{ Application Scenarios Social Network Analysis, Biological Network Analysis, Road Network Routing,
Recommendation Systems, Fraud Detection, Supply Chain Management
-{Discussion and Opportunity 4 Parallelism Optimization; Dynamic Load Balancing; Integration with AI; dynamically adjust
communication patterns; Adaptive bandwidth allocation

Fig. 2. Outline of the Survey

2 Background
2.1 Graphand Topics of Graph Analytics
We first define the graph and other relevant concepts that are used throughout this paper.

Definition 2.1 (Graph). A graph G comprises a set V(G) of n vertices and a set E(G) of m edges. Vertices
represent entities, and edges signify the relationships between entities. This paper primarily focuses on simple
graphs, namely having at most one edge between any pair of vertices. Graphs are categorized into directed

and undirected graphs. In an undirected graph, an edge (u, v) denotes an unordered pair of vertices, implying
that (u,0) = (v, u). Conversely, in a directed graph, an edge (u,v) represents an ordered pair of vertices, where
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(u,0) # (v, u). Additionally, when edges are assigned a float number based on edge attributes, the graph is termed
a weighted graph.

Definition 2.2 (Density). The density of a graph is defined as the ratio of the edge number m and the maximum
possible edge number (n? in directed graphs and n(n — 1)/2 in undirected graphs). Generally, a graph is sparse if
m < O(n?) and dense otherwise.

Definition 2.3 (Neighbors and Degree). In a directed graph G, for any given vertex u € V(G), we define the
in-neighbor and out-neighbor set of u as N;,(u) = {v|(v,u) € E(G)} and Ny, (u) = {v|(uw,0) € E(G)}. The
in-degree and out-degree of vertex u are the sizes of Nj,(u) and Ny, (u), respectively. In the context of an
undirected graph G, the neighbor set for a vertex u € V(G) is defined as N(u) = {v|(u,v) € E(G)}, and its degree
is the size of the neighbor set.

Definition 2.4 (Path). A path in a graph is a sequence of vertices where each pair of consecutive vertices is
connected by an edge. Specifically, a path P can be defined as P = (vy, vy, . . ., 0% ), where each pair (v;,v,41) € E(G)
for all 1 < i < k. The length of the path is determined by the number of vertices it contains, which in this case is
k.In a weighted graph, where edges carry weights, the distance is defined as the minimum sum of the weights of
all edges (v;,v;41) along all paths. Consequently, the shortest path length and distance from vertex u to vertex v
are the minimum length and the minimum sum of weights, respectively, among all possible paths connecting u
and v.

Definition 2.5 (Diameter). The diameter of a graph is defined as the longest shortest path length between any
pair of vertices. In other words, it represents the largest length that must be traversed to connect any two vertices
in the graph using the shortest path between them.

Definition 2.6 (Cycle). A cycle is a special case of a path that starts and ends at the same vertex, i.e., C =
(01,02, ...,0x) with o1 = vg. The length of a cycle is the number of vertices it contains.

Definition 2.7 (Tree). A tree, commonly defined within the scope of an undirected graph, is a connected graph
that is free of cycles. A forest is a disjoint set of trees.

Definition 2.8 (Subgraph). A subgraph H of a graph G is another graph where V(H) c V(G), E(H) c E(G),
and for each (u,v) € E(H), u,v € V(H).

Due to the diverse application scenarios of graph analytics, a broad range of topics within this field are explored
in the literature. In this paper, we concentrate on specific categories of graph analytics that are frequently
examined in the context of distributed graph algorithms. A similar taxonomy can be found in other works
[58, 83, 103]. These categories are: (1) Centrality: Focus on determining the relative significance of each vertex
within a complex graph. (2) Community Detection: Aim at segregating the vertices of a graph into distinct
communities, characterized by denser connections within the same community compared to those with vertices
outside the community. (3) Similarity: Concern with assessing the likeness between two vertices in a graph,
based on defined criteria. (4) Cohesive Subgraph: Involve identifying subgraphs that meet specific cohesion
criteria. (5) Traversal: Entail visiting vertices in a graph following a certain procedure, to review or modify
the vertices’ attributes. (6) Pattern Matching: Search for specific input patterns within a graph. (7) Covering:
Address combinatorial optimization problems in graphs, often linked to minimum vertex-covering challenges.
These categories represent key areas in graph analytics, each with distinct methodologies and applications in
distributed graph algorithms, as will be discussed in detail in Section 4.

2.2 Distributed Graph Processing Infrastructure

Processing a large volume of data on a cluster of machines has been studied for decades in computer science.
Many tools and systems have been developed to facilitate distributed computing, which can be utilized for
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distributed graph processing as well. We divide them into three categories based on their closeness to distributed
graph processing as follows:

2.2.1 Distributed Computing Libraries and Languages. To support efficient distributed algorithm and system
development, distributed computing libraries based on traditional sequential languages are designed, such as
MPI [65], Java Remote Method Invocation [126], PyCOMPSs [15], and OpenSHMEM [40]. Among them, MPI is
one of the earliest libraries designed for distributed computing. Strictly, MPI is a library standard specification for
message passing. It defines a model of distributed computing where each process has its own local memory, and
data is explicitly shared by passing messages between processes. MPI includes point-to-point and collective com-
munication routines, as well as support for process groups, communication contexts, and application topologies
[155]. MPI has now emerged as the de facto standard for message passing on computer clusters [78].

Besides the distributed computing libraries, programming languages specifically for implementing distributed
applications are also created [16]. Unlike sequential programming languages, distributed programming languages
aim to address problems such as concurrency, communication, and synchronization in distributed computing
from the language level to simplify distributed programming. They generally provide built-in primitives for task
distribution, communication, and fault-tolerance. Representative languages included X10 [41], Haskell [159],
JoCaml [66], and Erlang [8].

2.2.2  General-Purpose Distributed Processing Frameworks. Although distributed computing libraries and lan-
guages enable efficient distributed computing, the applications still put lots of effort into the details of running
a distributed program, such as the issues of parallelizing the computation, distributing the data, and handling
failures. To address this complexity, general-purpose distributed processing frameworks are designed.

MapReduce [56] is a simple and powerful framework introduced by Google for scalable distributed computing,
simplifying the development of applications that process vast amounts of data. It takes away the complexity
of distributed programming by exposing two processing steps that programmers need to implement: Map and
Reduce. In the Map step, data is broken down into key-value pairs and then distributed to different computers for
processing, and in the Reduce step, all computed results are combined and summarized based on key. MapReduce
and its variants [166] reduce the complexity of developing distributed applications. However, MapReduce reads
and writes intermediate data to disks, which incurs a significant performance penalty. To address the deficiency
of MapReduce, Spark [176] shares a similar programming model to MapReduce but extends it with a data-sharing
abstraction called resilient distributed dataset (RDD) [175], which can be explicitly cached in memory and reused
in multiple MapReduce-like parallel operations. Due to the introduction of RDD, Spark achieves significant
performance improvement compared to MapReduce [177]. In addition to MapReduce and Spark, other general-
purpose distributed processing frameworks are also designed, such as Storm [158], Flink [32], and Ray [124].
[53, 136, 146] provide comprehensive surveys on general-purpose distributed processing frameworks.

2.2.3 Distributed Graph Processing Frameworks. General-purpose distributed processing frameworks facilitate
efficient distributed computing by isolating the applications from the lower-level details. However, the general-
purpose distributed processing frameworks are inefficient in processing big graph data due to the skewed degree
distributions of graph data and poor locality during the computation [83]. As a consequence, distributed graph
processing systems started to emerge with Google’s Pregel [118] for better performance and scalability.

Pregel [118] is based on the Vertex-Centric programming model in which the graph computation is divided
into a series of synchronized iterations, each of which is called a superstep. During a single superstep, each vertex
executes a user-defined function in parallel. This function typically processes data based on the vertex’s current
state and the messages it received from other vertices [94]. Besides Pregel, representative Vertex-Centric graph
processing framework includes GraphLab [109], PowerGraph [76], GPS [137], Giraph [81], and Pregel+ [171].
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Beyond the Vertex-Centric based framework, the Edge-Centric and Subgraph-Centric based distributed graph
processing frameworks have also been developed. The Edge-Centric model, pioneered by X-Stream [134] and
WolfGraph [181], focuses on edges rather than vertices, offering better performance for non-uniform graphs by
streamlining edge interactions and avoiding random memory access [83]. Despite its programming complexity, the
Edge-Centric model boosts performance for algorithms that require pre-sorted edge lists [134, 181]. The Subgraph-
Centric model concentrates on entire subgraphs. This model minimizes communication overhead, making it
ideal for tasks where frequent vertex interaction is crucial, such as in social network analysis. Frameworks like
Giraph++ [156], GoFFish [147], and Blogel [170] adapt this model. Despite these frameworks’ advancements,
distributed graph algorithms still face challenges like parallelism, load balance, communication, and bandwidth
due to the complexity and irregularity of graph data, as discussed in Section 1.

3 Distributed Graph Processing: Challenges and Solution Overview

Distributed graph processing is able to handle graphs of very large scale via interconnected computers. However,
the shift from single-machine computing to distributed computing introduces challenges arising from the inherent
characteristics of distributed systems and graphs, making them essential considerations in the design of distributed
graph algorithms. In this section, we conduct a systematic analysis of the inherent challenges in distributed graph
processing (Section 3.1) and provide an overview of existing solutions (Section 3.2).

3.1 Inherent Challenges in Distributed Graph Processing

In a distributed system, comprising multiple interconnected machines, each serves as an independent computa-
tional unit, often dispersed across different locations. This setup, as depicted in Figure 3, harnesses collective
computing power for efficient data processing. However, it also introduces significant challenges in computa-
tion and network resource utilization, aspects that are particularly critical in the context of distributed graph
processing.

( ) (¢ T T IoIoIoILTT T ITTTITTTTES N N\
© i ! Execution Model ; Comm. Protocol , Machine 1
i ' T achine
3 % BN
[ i
=P | ‘ :
— i N i
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Fig. 3. The framework of the distributed graph processing. The graph is divided into several partitions that are assigned to
different machines. Vertices in different partitions require a global communication to send messages while vertices in the
same partition can exchange messages by local communication. The volume of one communication has a limitation called
bandwidth, indicating the largest size of a single message.
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Computation Resource Efficiency: Distributed systems are characterized by their vast and scalable computa-
tion resources, which enable the system to process massive volumes of graph data and execute complex graph
computations. Therefore, it is of great importance to fully exploit the computation resource in the system when
designing distributed graph algorithms. Different from the centralized graph algorithms in which all the instruc-
tions are executed in a single machine, distributed graph algorithms need the collaboration and cooperation of
multiple machines to finish a task, which brings the challenges of parallelism and load balance.

o Parallelism: Parallelism in distributed graph processing involves executing multiple computations concurrently
across various machines. This approach entails segmenting a larger graph analysis task into smaller, manage-
able subtasks. These subtasks are then distributed among different machines, enabling them to be executed
simultaneously. Such a strategy not only facilitates efficient resource utilization but also significantly reduces
the overall computation time, thereby enhancing the performance of graph processing tasks. However, graph
analysis tasks often exhibit inherent sequential dependencies [3, 88, 179], making the realization of parallelism
in distributed graph algorithms a complex endeavor. A profound understanding of the fundamental nature of
these tasks is essential to discern independent subtasks that can be parallelized effectively. This necessitates
a careful analysis to strike a balance between preserving the integrity of the sequential dependencies and
optimizing for parallel execution.

e Load Balance: Load balance in distributed graph processing ensures that the computational workload is evenly
distributed across all machines. An imbalance in load can lead to inefficiencies: some machines may complete
their tasks quickly and remain underutilized, while others (often known as stragglers) struggle with ongoing
computations, ultimately delaying the overall process. This imbalance is particularly problematic in distributed
graph processing, where the irregular nature of computations arises from non-uniform [50] degree distribution
and topological asymmetry. Albeit crucial, effectively resolving load imbalance is complex. It demands not only
precise initial workload quantification but also ongoing adjustments during runtime to address any imbalances.

Network Resource Efficiency: In distributed systems, where machines communicate via networks, efficiently
using network resources becomes vital, particularly in graph processing. The inherent complexity of graph data,
marked by intricate structures and irregular vertex connections, often requires operations on a single vertex to
interact with multiple others. This scenario leads to frequent and extensive network data exchanges especially
when interconnected vertices are spread in different machines. Consequently, two main challenges arise in terms
of network resource efficiency.

e Communication Overhead: Communication overhead in distributed systems, defined by the network resource
usage from message exchanges, is largely dependent on data transmission volumes. In distributed graph
processing, the necessity to communicate across machines for accessing vertices or edges on different machines
increases network communication. Inefficient management of these data exchanges can lead to significant
network congestion, turning network communication into a critical bottleneck for overall computing perfor-
mance. Thus, managing communication overhead is crucial for optimizing the efficiency and effectiveness of
distributed graph processing.

e Bandwidth: Bandwidth in distributed systems represents the maximum data transfer capacity between machines
in each round of message passing. Limited by hardware and network infrastructure, bandwidth is not infinitely
scalable. In distributed graph processing, vertices with high degrees demand substantial bandwidth due to
intensive communication with neighbors [34] and frequent visits from multiple vertices, common in random
walk algorithms [111]. Additionally, low bandwidth utilization is also a challenge. For tasks, like triangle
counting, BFS, and connected components, numerous small messages are exchanged between low-degree
vertices, containing only neighbor information. On the other hand, each message exchange using the message-
passing interface, like MPI, introduces additional overhead in the form of header information and handshake
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protocol messages resulting in a diminished ratio of actual payload data and thereby leading to an inefficient
utilization of bandwidth resources [149]. For these reasons, effectively and efficiently optimizing bandwidth
utilization is challenging in distributed graph processing.

Remark. Besides the above challenges, there are still other challenges like fault tolerance [80, 180] that need
to be considered in distributed graph processing. However, distributed graph processing often addresses them
following the established solutions for general distributed algorithms in the literature. Therefore, we focus on the
above four challenges in this survey and omit other challenges (Interested readers can refer to [47, 120, 154, 161]
for the solutions to these challenges).

3.2 Solution Overview

Following our analysis of the inherent challenges in distributed graph processing in Section 3.1, this section
summarizes various solutions developed to address these challenges, particularly in the field of distributed graph
processing, and provides an overview of the common techniques in the detailed algorithms presented in Section 4.

3.2.1 Computation Resource Efficiency Optimization. This section focuses.on the solutions to optimize the
computation resource efficiency including parallelism and load balance.

Parallelism: Breaking down the graph analysis task into smaller subtasks that can be processed independently
reduces the overall execution time by allowing multiple computations to proceed concurrently in the distributed
system. To achieve an effective parallelism, various techniques, including dependency resolution, asynchronous
execution, and shortcut augmentation, have been proposed.

e Dependency Resolution: Graph analysis tasks generally have an intrinsic dependency order on the computation.
For example, the order to visit the vertices in the graph traversal issues is specific, and any algorithms on the
graph traversal have to follow this order to ensure correctness. The implied dependency order significantly limits
the potential parallelism of the distributed graph algorithms: Dependency resolution focuses on identifying
and exploiting the inherent dependencies among subtasks in the original graph analysis task to ensure correct
and efficient parallel execution. Given the dependency order is unique to each specific graph analysis task, the
dependency resolution methods also vary accordingly. The specific details on these dependency resolution
methods are presented in Section 4 [37, 48, 52, 86, 88, 105, 107, 120, 123].

e Asynchronous Execution: Synchronization (Figure 4 (a)) is a coordination mechanism used to ensure that
multiple concurrent processes in distributed graph processing do not cause data inconsistency and are able to
successfully complete the task without conflict. In distributed graph processing, synchronous execution is the
easiest synchronization mechanism in which all computations are divided into discrete global iterations or
super-steps. During each super-step, all machines perform their computations simultaneously locally, and at
the end of each super-step, there is a barrier synchronization point where all machines must wait until every
other machine has finished its computations and communications [9, 122]. This can ensures consistency but
often lead to poor computation performance due to waiting times caused by slower machines or stragglers.
Asynchronous execution (Figure 4 (b)), instead, allows machines to operate independently without waiting for
each other at barrier synchronization points. Once a machine finishes its computation, it immediately sends its
updated information to its neighbors and proceeds with the next round of computation. This approach can
significantly speed up the computation process as there’s no idle waiting time, and it can also converge faster
in certain scenarios. Therefore, many distributed graph algorithms [82, 121, 133, 179] exploit the asynchronous
execution to enhance parallelism.

e Shortcut Augmentation: Shortcut augmentation aims to reduce the number of communication rounds required
by adding additional edges, known as shortcuts, to the original graph. These shortcuts serve as direct links
between distant vertices and enable more efficient information exchange among them. By introducing shortcuts
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(a) The Synchronous Execution (b) The Asynchronous Execution

Fig. 4. An example of synchronous and asynchronous execution: In (a), vertical lines represent synchronous signals, where
each machine must wait until all other machines have completed their workloads. In (b), asynchronous execution involves no
waiting time, allowing each machine to compute independently, thereby increasing overall parallelism.

between vertices that are far apart, the algorithm can effectively reduce the number of rounds required to
disseminate information or perform computations on the graph. This reduction in communication rounds
leads to significant improvements in both time and resource utilization. Shortcuts augmentation optimization
is widely used in path-related algorithms, in which shortcuts can significantly reduce the length of a path
[31, 113, 140], and thus achieve faster convergence of the algorithm.

Load balance: Uneven workload distribution is a critical challenge encountered in distributed graph computing,
as it often leads to load imbalance and hampers optimal performance. In the literature, graph partitioning and
task scheduling have emerged as the primary approaches to address the load balance challenge.

e Graph Partitioning: Partitioning-based methods aim to distribute the graph data evenly by estimating the
computational requirements of individual vertices and edges and partitioning them in advance. By carefully
assigning vertices and edges to different machines, these methods strive to achieve load balance and improve
overall system efficiency. Partition-based methods (Figure 5) can be further divided into three categories: (1)
Vertex partitioning which divides the graph into subgraphs by assigning vertices to the different partition
sets while minimizing edge cuts concerning load balance constraint. (2) Edge partitioning divides the graph
into subgraphs by assigning edges to the different partition sets while considering a maximum load balance
and minimum vertex cut. (3) Hybrid partitioning exploits the interior structure, such as vertex in-degree,
the vertex out-degree, the degeneracy number, and the core number, of the graph to perform partitioning
for a better-balanced workload [21, 35, 36, 72, 73, 79, 106, 117, 127, 142, 150, 168, 174, 179]. Moreover, recent
algorithms also adopt the dynamic re-partitioning strategy in which the graph is dynamically redistributed
across machines to adapt to changes in the graph analysis workload or resource availability to further improve
the load balance [4, 47, 89, 162].

Mirror
Vertex

g

(a) The Vertex Partitioning (b) The Edge Partitioning (c) The Hybrid Partitioning

Fig. 5. An example of partitioning methods: (a) vertex partitioning with 1 edge-cut, (b) edge partitioning with 1 vertex-cut
(requiring mirror vertices for synchronization). Minimum-cut can cause unbalanced partitions. The hybrid method (c) with 3
edge-cuts considers both cut numbers and vertex distribution for better balance.
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o Task Scheduling: Scheduling-based methods focus on dynamically scheduling the computation resources (e.g.,
processors). By monitoring the workload and resource availability in real-time, these methods enable the
system to dynamically distribute workload and adjust resource allocation across machines as the computation
progresses, aiming to maintain load balance and optimize the utilization of computation resources as a whole.
A typical task scheduling implementation generally encompasses a task queue, responsible for holding pending
tasks available for execution, and a task scheduler that selects the subsequent task for execution using diverse
policies [44, 172].

3.2.2 Optimizing Network Resource Efficiency. This section focuses on the solutions to address communication
overhead and bandwidth challenges regarding network resource efficiency.

Communication Overhead: In distributed graph processing, vertices in different machines frequently exchange
messages, resulting in substantial communication overhead. To address this challenge, researchers have devoted
considerable efforts to developing effective solutions to optimize communication overhead, which are categorized
as follows:

(a) Vertex-Centric Model (b) Subgraph-Centric Model

Fig. 6. An example of the Subgraph-Centric model is shown in/(b). Compared to the Vertex-Centric model in (a), where
communication occurs between vertices, in (b), local computations are carried out within subgraphs until convergence, and
then communication only occurs between subgraphs.

e Local Computation: By exploiting the inherent locality of the graph analysis task, local computation aims to
perform the computation primarily based on locally available information at each machine to avoid message
exchange to reduce communication overhead [51, 141, 142]. To achieve this goal, a widely adopted solution is
to aggregate information from neighbors in advance, and thus accessing the information about these neighbors
only requires local communication or local shared memory [30]. Moreover, Subgraph-Centric computation
(Figure 6) [14, 100, 105, 117, 123, 144] is another popular local computation variant to reduce communication
overhead. Subgraph-centric computation decomposes the graph into smaller subgraphs. Each machine in a
distributed system is tasked with processing a specific subgraph independently, leveraging local information and
neighboring subgraphs’ data as necessary. This localized approach minimizes the need for frequent expensive
inter-machine communication.

o Selective Activation: Selective activation solution selects a subset of vertices to be activated in each itera-
tion, thereby mitigating the need for extensive communication across all edges during the distributed graph
processing. Two prevalent methods for selective activation have been proposed in the literature. The random-
ized method activates vertices according to certain probabilistic criteria following the intuition that deleting
one edge from the graph rarely changes the required proprieties such as shortest path distances [139] and
cycle-freeness [67], which effectively prevents unnecessary communication on inactive vertices [55]. The
deterministic method often adopts an activating threshold, whereby a vertex only sends messages when it

ACM Comput. Surv.



12 « L. Mengetal

satisfies a specific condition based on the threshold [37, 110, 123, 165]. By leveraging these selective activation
solutions, distributed graph algorithms can effectively reduce the communication overhead.

o Hybrid Push-Pull Model: The push and pull are two fundamental communication paradigms in distributed
graph processing. In the push model, each vertex sends its updating messages or partial computation results
to its neighboring vertices, while in the pull model, vertices retrieve information from their neighbors as
needed to complete their computations. Generally, these two paradigms each have their own merits regarding
communication efficiency in distributed graph processing. For instance, the push model might be a better
choice for the initial stage with fewer active vertices, while the pull model might perform better on few inactive
vertices [30, 133]. To combine the strengths of both models to reduce the communication overhead, hybrid
solutions that automatically switch between the push model and the pull model are proposed [36, 108].

o Aggregation: Aggregation aims to reduce the amount of data transmitted between machines by merging
multiple data elements and eliminating duplicates or redundant elements. A prominent method is to aggregate
messages locally before sending them to other machines, wherein only essential information is retained. This
method not only reduces the overall communication volume but also effectively diminishes the rounds of
communications required [63, 138]. In addition, some algorithms [35, 101] focus on simplifying the graph
structure by aggregating the information of vertices/edges within a certain area where communication primarily
occur between these vertices/edges. This simplification facilitates the communication between these aggregated
vertices/edges, thereby significantly alleviating the overall communication overhead.

Bandwidth: Frequent data exchange between machines also poses significant strain on the available network
bandwidth. To mitigate the requirement of bandwidth in distributed graph processing, various solutions are
designed in the literature, including message coordination and dense representation.

e Message Coordinating: In distributed graph processing, a vertex may receive a substantial number of messages
within a single iteration and the available network bandwidth cannot accommodate the simultaneous trans-
mission of these messages to the neighbors, message coordinating methods prioritize the messages based on
certain criteria such that a message with potentially better result or a farther destination is assigned higher
priority while less promising messages may be pruned by later updates, and transmit the messages based
on their priorities accordingly [86, 88, 111, 113]. Message coordinating allows for more efficient utilization
of available network resources and helps mitigate the impact of bandwidth limitations on distributed graph
processing systems.

o Message Buffering: Batch processing is commonly used to tackle the issue of low bandwidth utilization in
distributed graph processing. It utilizes a message buffer queue within each machine, wherein messages
intended for transmission are temporarily stored. Once the buffer reaches its capacity, all accumulated messages
are combined into a single batch and subsequently transmitted to other machines. Although this approach may
introduce a delay in communication, it yields significant benefits in terms of optimizing bandwidth resource
utilization and reducing the processing time associated with sending and receiving messages [72, 73, 138, 149,
161].

4 Distributed Graph Tasks

In Section 3, we have explored the inherent challenges in implementing distributed graph algorithms, alongside a
discussion of their respective solutions. This section builds upon that foundation, delving deeper into the distinct
challenges and solutions pertinent to each algorithmic topic, as introduced in Section 2. Utilizing the graph (http:
//gsp.blue/querying?name=graph_algo) constructed for this survey, we can analyze how challenges are resolved
within a given topic, e.g. “Centrality”, using the query: CALL get_challenge_papers_hist_of_topic("Centrality").
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The aggregate results of this analysis are depicted in Figure 7. Our objective is to systematically examine how
these challenges differ among the various topics and to critically assess the particular methodologies adopted in
existing literature to tackle these challenges.
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Fig. 7. The distribution of challenges resolved across various topics

4.1 Centrality

Centrality measures in graph theory are instrumental for quantifying the relative importance of vertices within a
complex network. PageRank and personalized PageRank are relatively easy to parallelize as they only require
neighbor information for computation. In contrast, Betweenness centrality and closeness centrality assess vertex
influence based on shortest paths, requiring global graph information. This complexity poses challenges for
designing distributed algorithms. Due to these characteristics, the latter is more suitable for identifying critical
nodes that control the flow of communication or resources in networks compared to the former.

As Figure 7(a) illustrates, parallelism in centrality tasks is a popular research focus (37.93%). This is primarily
due to the inherent independence of centrality computations for each vertex, which lends itself well to parallel
processing approaches. Surprisingly, load balancing—a fundamental challenge in distributed environments—has
garnered limited attention in this domain, accounting for only 13.79% of the research. This could be attributed
to two potential factors. Firstly, the computational requirements for centrality calculations on each vertex are
relatively straightforward, such as the summation process in PageRank algorithms. Secondly, in cases where the
centrality task is complex, such as in calculating betweenness centrality, the research community may prioritize
developing efficient parallelization techniques over addressing load balancing issues. A significant portion of the
centrality research, precisely 31.03%, is devoted to minimizing communication overhead, while 17.24% of the
studies aim to address bandwidth constraints.

PageRank, initially conceptualized by in [26], is designed to assess the importance of webpages, represented as
vertices in a web graph, interconnected by hyperlinks symbolizing the edges. The PageRank score, symbolized
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by , is derived from the stationary probabilities of an a-decay random walk. This process starts from a vertex
selected uniformly from all n vertices at random. Subsequently, at each step, there exists a probability a of
initiating a new random walk from a random vertex, and a complementary probability 1 — « of transitioning
to an adjacent vertex. The PageRank score of a vertex u, denoted as 7 (u), quantifies the relative importance of
vertex u within the web graph, which can be formulated as 7(u) = (1 - @) - 2 + @ - Yy, (u) % Typically,
algorithms for computing PageRank can be categorized into three distinct types:

(1) Iterative algorithms: Examples include PCPM [100] and SubgraphRank [14]. These algorithms iteratively
update PageRank values until converge.

(2) Random-walk-based algorithms: This category comprises algorithms including IPRA [140], RP [113],
MRP [111, 113], and FP [112], which generate and simulate multiple random walks and estimate PageRank values
through the destination vertices of these walks.

(3) Eigenvector-based algorithms: The PageRank values as fixed points 7 for all vertices represent an eigenvector.
Rather than directly using the original equation, the Stochastic Approximation (SA) algorithm [82] iteratively
approximates the stable state 7 by constructing a differential equation, enabling gradual convergence towards
the solution.

Optimizing parallelism is crucial, especially in random-walk-based algorithms. These algorithms generate
multiple independent random walks to approximate PageRankvalues, benefiting significantly from parallel
processing. Specifically, IPRA introduces a method using short walks as efficient indices in the graph, reducing
the number of processing rounds needed. Similarly, MRP starts with short walks that are then combined to form
longer walks, further enhancing efficiency. In contrast, the eigenvector-based SA algorithm employs asynchronous
computation. It updates PageRankvalues by selecting individual vertices in each iteration, allowing subsequent
iterations to proceed asynchronously as long as they do not update the same vertices simultaneously.

As a prevalent challenge in distributed computing, load balancing can impact the efficiency of PageRank al-
gorithms. The computation of a vertex’s PageRank is influenced by its connectivity, resulting in vertices with
higher degrees engaging in more intensive operations of PageRank values. To mitigate this imbalance, iterative
algorithms like PCPM and SubgraphRank employ the Subgraph-Centric computation model, which divides the
graph into multiple partitions, each managed by a dedicated thread. However, balancing the workload, which
includes both internal computation and global communication, remains complex. They use tools like OpenMP
for dynamic scheduling of vertex computation, rather than adhering to an ideal static partitioning.

PageRank algorithms face significant challenges in minimizing communication overhead. A major advantage
of this model is its ability to replace inter-partition vertex communication with local memory access. Additionally,
it allows multiple communications from one vertex to all destination vertices within the same partition to be
consolidated into a single data transfer, further reducing communication overhead. The SA algorithm optimizes
communication costs by using the pull mode. In each iteration, a selected vertex updates its PageRankvalue
by “pulling” information from its neighbors. This eliminates the need for the vertex to “push” its updated
PageRankvalue to others, thereby halving communication overhead.

Bandwidth constraints can pose challenges, particularly in random walk-based algorithms, where a proliferation
of random walks may converge on a single vertex, creating a bottleneck. To mitigate this, both RP and MRP
algorithms employ a coordinator mechanism to evenly distribute walks among all neighboring vertices, thus
preventing concentration on a single vertex. In contrast, the FP algorithm adopts a more bandwidth-efficient
approach by transmitting only the expected number of paths, rather than sending individual path messages.
Personalized PageRank modifies the standard PageRank algorithm by enabling users to specify a start vertex,
denoted as s. Unlike traditional PageRank , where the random walk commences from and restarts at a randomly
selected vertex with probability «, personalized PageRank consistently initializes and restarts the walk at the
specified source vertex s.
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Given the similarities between personalized PageRank and the standard PageRank algorithm, most techniques
for addressing distributed computing challenges are comparable. For instance, the Subgraph-Centric computation
model [79] and shared-memory approaches [148] effectively reduce internal communication within partitions.
Additionally, employing a coordinator between two partitions can significantly minimize redundant global
communications, as demonstrated in [79].

We highlight techniques employed in personalized PageRank to achieve optimal load distribution. The study [79]
proposes a theoretically perfect partition utilizing hierarchical methods. Moreover, load imbalance can also arise
during sampling in weighted graphs, where the next hop in random walks is uneven, necessitating weighted
sampling. The Alias method, capable of constant-time sampling for weighted elements, and its extension, the Alias
Tree, are effective solutions for handling extremely large numbers of neighbors in memory-limited scenarios [106].
Betweenness Centrality measures the extent to which a specific vertex lies on the shortest paths between
other vertices within a graph. The underlying premise is that important vertices are more likely to be on many
of these paths, influencing communication flow across the graph. Given Cp,(u) as the normalized betweenness
centrality value for a vertex u, most algorithms [52, 86, 88, 90] follow the Brandes’ algorithm [25] to compute
Cp(u) as: Cp(u) = m Ysev\{u} Ose (1), and 8sa(u) = Xre\ (5. U“;:“‘ ,-where oy; is the number of
shortest paths from a vertex s to another vertex t. The value of 8. () can be recursively computed as: 54 (1) =
2iueP,(w) C%‘V - (1+J5e(w)) , where Ps(w) is the set of predecessors of w in the SSSP Directed Acyclic Graph (SSSP
DAG).

To compute betweenness centrality values of all vertices, Brandes’ algorithm comprises two primary steps: (1)
SSSP Step involves constructing a Directed Acyclic Graph (DAG) from each vertex in the graph; (2) Brandes’ Step
recursively computes the dependency score ;o (u) and systematically accumulate these scores to determine the
value of u.

In adapting Brandes’ algorithm for distributed computing, a key consideration is parallelizing the computation
across n SSSP DAGs to enhance parallelism. This involves executing the SSSP and Brandes’ steps concurrently
from all vertices. In unweighted graphs, BFS is used for this parallel execution, computing o5, and dse(u) in
the BFS order [88, 90]. For weighted graphs, alternatives like the Bellman-Ford [29] and Lenzen-Peleg [102]
algorithms are employed [52, 86].

The communication demands of the SSSP step, especially on weighted graphs, are high due to frequent message
passing. To mitigate this, the algorithm developed by Crescenzi et al. [52], which is based on Bellman-Ford,
updates o5, and dse (1) with differential values instead of full recomputation. Alternatively, the Lenzen-Peleg-
based algorithm in [86] adopts an early termination strategy called Finalizer to stop the SSSP step as long as all
vertices have received correct oy, which is shown to be effective when graph diameters are small.

Addressing bandwidth limitations involves coordinating the order of message sending. In the SSSP step,
messages concerning shorter distances are prioritized [86], as longer distances are more likely to change. In
the Brandes’ step, priority is reverted to longer distances due to their greater number of hops to the source, as
discussed in [88]. Given the inherent difference between the two steps, the algorithm in [86] attempts to track
the round numbers at which updates occur in the SSSP step and then apply these in reverse order during the
Brandes’ step. Additionally, Pebble BFS [87], particularly effective in parallel SSSP for unweighted graphs, adopts
a staggered BFS approach. The algorithm [88] utilizes the idea of visiting one vertex (instead of multiple vertices
simultaneously) per round, thereby avoiding message congestion to some large-degree vertices.

Closeness Centrality quantifies the average shortest path length from a given vertex to all other vertices in

the network, suggesting that a vertex of higher importance typically exhibits shorter average distances to other

vertices. The normalized closeness centrality value C.(u) for a vertex u is calculated as C. (u) = #dl(uv), where
vE i

d(u,v) is the shortest distance from u to v.
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The calculation of closeness centrality values, much like the betweenness centrality, confronts considerable
communication overhead. This is particularly severe in incremental closeness centrality, where the introduction of
new edges necessitates the reevaluation of closeness centrality values. The STREAMER algorithm [139] effectively
addresses this by utilizing a level structure to filter out edges that do not impact shortest path distances, which is
a common scenario in real-world graphs. To further refine the process, the DACCER algorithm [164] employs
an approximation of the “relative rank”. This is based on the observation that vertices with higher closeness
centrality tend to have larger neighborhoods with higher-degree vertices. By aggregating degree information
from neighbors, each vertex can estimate its closeness centrality rank with reduced communication.

4.2 Community Detection

Community detection aims to partition vertices in a graph into different communities where vertices within
a community are more closely linked to each other than to external vertices. Louvain optimizes modularity
through hierarchical clustering, offering effectiveness at the cost of computational efficiency. In contrast, label
propagation iteratively assigns labels based on neighbor majority voting, providing efficiency but potentially
leading to unstable community detection, suitable for real-time scenarios. The connected components algorithm
identifies subgraphs where all vertices are connected directly or indirectly, helping to understand the graph’s
basic structure.

As Figure 7 (b) illustrates, a notable proportion of research (23.53%) focuses on enhancing parallelism in

community detection algorithms. The computation of a vertex’s community state primarily relies on information
that is local to the vertex, making the process inherently amenable to parallel execution across multiple processors.
Load balancing is another critical aspect, with many studies (23.53%) aiming to resolve the skewed workload
associated with high-degree vertices. The primary challenge in community detection, tackled by over half of the
research (52.9%), is minimizing communication overhead. Despite the frequent exchanges between vertices in
community detection algorithms, where each piece of communicated data is generally small, our survey reveals
no studies have specifically tackled bandwidth limitations in community detection.
Louvain is widely regarded as one of the most popular methods in this topic [20]. Central to this algorithm
is the concept of modularity, denoted by Q, which serves as a measure to assess the quality of the identified
communities within a graph. The modularity is given by the equation: Q = ﬁ 2 j [A,- = %] &(ci, cj) , where
Ajj represents the weight of the edge connecting vertices i and j, k; = 1; A;; is the sum of the weights of all
edges attached to vertex i; ¢; denotes the community to which vertex i belongs, 5(u, v) outputs 1 ifu = v and 0
otherwise, and m = % 2.ij Aijis the sum of weights of all edges.

At the beginning of the algorithm, each vertex is treated as a separate community. It then proceeds iteratively,
examining each vertex i and evaluating the gain in modularity that would result from moving i to a neighboring
community j. The vertex i is placed in the community that yields the highest increase in modularity. The process
of moving vertices between communities is repeated until the modularity no longer increases.

Load balancing plays a critical role in the efficiency of Louvain algorithms in distributed environments, since
the workload of a single machine is typically proportional to the degree of the vertices it processes, thus a
few high-degree vertices can lead to significant skew in the workload distribution. Jianping Zeng, et al. [178]
extend the graph partitioning method based on vertex delegates, initially proposed by Pearce et al. [128]. The
method described involves duplicating high-degree vertices across all machines in a distributed system. The
edges connected to these high-degree vertices are then reassigned to ensure a balanced distribution of edges, and
consequently, computational work, across the different machines in the system. Another distributed algorithm,
called DPLAL [142], employs the well-known graph partitioning tool METIS [95], which is designed to minimize
the number of cut edges or the volume of communication needed between different parts of the graph.

ACM Comput. Surv.



A Survey of Distributed Graph Algorithms on Massive Graphs « 17

Reducing communication overhead is also a prevalent challenge in Louvain algorithms. Some recent studies

[74, 178] reduce this overhead by utilizing “ghost” vertices, which are a set of replicas of the vertices that are
connected to local vertices but are processed by other machines. These ghost vertices help to maintain the local
integrity of the graph, thereby reducing inter-machine communication. The paper [74] also presents two heuristics
for optimizing the distributed Louvain algorithm, one is setting varying thresholds during different stages of
iterations to decide termination, effectively reducing the total number of iterations during the algorithm; another
is setting vertices with minor changes in modularity during iterations as “inactive”, to save computational and
communication resources. Moreover, some papers [141, 142] adopt the Subgraph-Centric model. Each machine
collects information about adjacent vertices, then updates local community states independently, without inter-
machine communication.
Label Propagation algorithm (LPA) [131] is an effective approach to detecting communities by propagating
labels throughout the network. The algorithm starts by assigning a unique label to each vertex, which represents
the community to which the vertex currently belongs. In each subsequent iteration, every vertex considers the
labels of its immediate neighbors and adopts the label that is most frequent among them. The algorithm continues
to iterate through the vertices and update their labels until convergence, i.e., when each vertex has the majority
label of its neighbors or the maximum number of iterations defined by the user is reached.

Implementing distributed label propagation algorithms involves balancing parallelism with the quality of
identified communities. Misordered computations can result in overly large, impractical communities. The
EILPA algorithm [13] identifies influential vertices, termed “leaders”, using a personalized PageRank model.
Label propagation starts from these leader vertices, ensuring a structured, influence-based community detection.
The PSPLAP algorithm [116] also considers vertex influence by assigning weights via k-shell decomposition
and calculating propagation probabilities and vertex similarities based on these weights. Vertices update their
labels during each iteration using these probabilities and similarities, aiming for more coherent community
detection by reducing label updating randomness typical in label propagation algorithms.

Communication overhead is another prevalent challenge when implementing the label propagation algorithm

in distributed environments. To tackle this challenge, Xu Liu, et al. [108] propose a dynamic mechanism that
alternates between push and pull strategies to reduce communication costs. Initially, push is used for rapid
community formation, and then the algorithm switches to pull in later iterations to consider neighbors’ label
quality.
Connected Components refer to subgraphs where every vertex can be reached from any other vertex. Com-
puting connected components typically involves traversing all vertices and edges in a graph based on Breadth-
First-Search (BFS) or Depth-First-Search (DFS), resulting in a linear time complexity. However, in distributed
environments, the irregularity of the graph leads to centralized workload and communication in high-degree
vertices, which are the primary focus for optimizing connected component computation.

For improving parallelism, the paper [132] leverages the max-consensus-like protocol where each vertex only
considers the maximum value among its in-neighbors to update its own value. The algorithm can terminate in
D + 2 iterations where D is the diameter of the graph. Benefiting from this protocol, each vertex only needs
to receive information from its in-neighbors, which also helps to improve computational and communication
efficiency.

Balancing workload is also important for improving the efficiency of connected component computation. In
the paper of Sebastian Lamm, et al. [101], high-degree vertices are replicated to different machines to alleviate
the load imbalance issues caused by processing such vertices on a single machine. Chirag Jain, et al. [89] adopt
the strategy of dynamically redistributing vertices. Due to the vertex pruning strategy used, vertices may be
removed from machines after each iteration, leading to load imbalance issues. In their work, after each iteration,
some vertices will be redistributed to achieve load balancing.
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To minimize communication overhead, selective activation strategies are adopted by a number of papers
[89, 110]. CRACKER [110] identifies seed vertices to construct trees for each connected component. Vertices
are iteratively removed from the graph and added to the tree, reducing communication volume by trimming
vertices during this process. Another work [89] removes completed connected components in each iteration to
decrease the number of active vertices in subsequent iterations. The paper [101] proposes a graph contraction
pre-processing strategy. It conducts local BFS on each machine and merges vertices within the same connected
component into a single vertex, avoiding multiple messages to common neighbors. In addition, Xing Feng, et al.
[63] adopts the local computation strategy, where they first run BFS locally to label vertices in the same connected
component with the same color. Then, inter-machine communication is carried out to merge subgraphs by
merging different colors received by the same vertex. To further reduce the amount of communication, messages
are locally aggregated before being sent to other machines.

4.3 Similarity

This topic refers to evaluating the similarity of the two vertices in a graph. Vertices with a high similarity score
indicate that they have something in common in structure or attribute. Jaccard similarity and cosine similarity
are basic measurement methods using set operations, requiring only neighboring information for computation,
thus enabling high parallelization. In contrast, SimRank calculates similarity by considering the entire graph’s
information. Despite its lower efficiency, it can uncover latent relationships and similarities hidden within the
graph structure.

According to Figure 7c, efforts are divided, with 20% focusing on enhancing parallelism and 10% on improving

load balancing. This distribution underscores the challenge in similarity computation across all vertex pairs,
necessitating extensive inter-vertex communication. Consequently, the predominant emphasis of research, at
70%, is on reducing communication overhead. It’s noteworthy, however, that bandwidth constraints have not
received significant attention in this topic.
Jaccard Similarity and Cosine Similarity are commonly used to measure the similarity of vertices. Jaccard
similarity measures the similarity between two sets based on their shared elements. Specifically, it is defined as the
size of the intersection of two sets divided by the size of their union, which is: Jaccard(A, B) = Iggg}
of Jaccard similarity ranges from 0 to 1, and if either A or B is an empty set, the value is 0. In the context of graph
data, sets A and B are typically defined as the sets containing all the neighbors of a given vertex. cosine similarity
is another measure of similarity between two sets, which is defined as: Cosine(A, B) = |A N B|/+/|A| X |B].

Communication overhead poses a significant challenge, especially when computing similarity values between
all vertex pairs, as each vertex is required to exchange information with nearly all others. WHIMP [145] calculates
the incidence vector of vertices in the graph to identify all pairs whose cosine similarity values exceed a
specific threshold. SimilarityAtScale [19] also adopts the method of compressing vectors to reduce the volume
of communication between machines during the computation of Jaccard similarity values. It first divides the
vector into smaller batches, filters out zero rows using distributed sparse vectors, and then converts segments of
these rows into more efficient bit vectors for processing. Finally, a study [51] adopts a local computation strategy,
decomposing the computational tasks and allocating them to different machines. In this process, there will be
communication of the intermediate results for the local solutions.

SimRank is an algorithm based on the observation that “two objects are considered similar if they are referenced

by similar objects” [91], i.e., the similarity of two vertices is determined by its neighbors’ similarities. The formal
definition is: s(a, b) = Wcll(b)l Zy:(la)‘ lelz(lb)l s(Ii(a),1;(b)) , where C is a constant between 0 and 1, and the
set of in-neighbors of a/b is denoted as I(a)/I(b), where I;(a)/I;(b) represent the i-th/j-th in-neighbor of a/b.
Note that s(a,b) = 0 when I(a) = 0 or I(b) = 0 and s(a, b) = 1 if a = b. Computing SimRank typically involves
two primary algorithms:

. The value
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(1) Iterative algorithm: The algorithm iteratively computes the SimRank scores according to its definition until
convergence or a fixed number of iterations.

(2) Monte Carlo algorithm: It is a Random-Walk-based algorithm, where the SimRank score between two
vertices is based on the expected first meeting time of random walkers starting from each vertex and traversing
the graph in reverse.

Optimizing parallelism is significant, particularly for those algorithms that involve random walks. Each
walk simulation is independent and suitable for parallel processing. However, the sequence-dependent nature of
individual random walks, where the next vertex selected depends on the previous one, presents parallel processing
challenges. DISK [162] adopts the approach of constructing forests instead of random walks, thus each vertex can
independently build its next layer of child vertices, enhancing parallelism. In CloudWalker [104], the recursive
computation of SimRank is transformed into solving a linear system by estimating a diagonal matrix, which
represents attributes of each vertex. Subsequently, this linear system is solved using the Jacobi method, which
eliminates the recursive dependencies when computing SimRank values.

To balance workload, DISK [162] declares two load thresholds W4 and W,,,;,, and after each iteration, some
vertices from high-load machines (larger than Wj,,,) will be moved to low-load machines (smaller than Wy,;,) to
achieve dynamic load balancing.

Many papers [104, 115] adopt the method of data sharing for reducing communication overhead. CloudWalker
[104] caches the intermediate results during the computation process, specifically computed by counting the
landing positions of all walkers at some vertices, for saving the network communication cost. Besides, UniWalk
[115] adopts a path-sharing method. Specifically, when computing the SimRank scores for multiple vertices,
it allows the reuse of certain paths, thereby reducing the amount of data that needs to be communicated or
processed. Another solution, pruning, is also used to reduce communication overhead. Sigiang Luo, et al. [114]
adopt the method of truncating the length of each random walk and limiting the number of random walks to be
sampled for accelerating computation and reducing the volume of communication. Another tree-based algorithm,
DISK [162], builds the forest from leaves to roots, and the SimRank values are computed based on the overlapping
leaf vertices. To optimize both computational and communication overhead, each vertex samples its in-neighbors
with a certain probability during the forest construction.

4.4 Cohesive Subgraph

In graph theory, cohesive subgraphs are defined as parts of the original graph where vertices are densely connected
with each other. In this survey, we focus on three popular cohesive subgraphs, k-core, k-truss, and maximal clique.
The level of density they identify differs due to their different definitions, with k-Core < k-Truss < maximal clique.
Correspondingly, their computational efficiency decreases in the same order, that is, k-Core > k-Truss > maximal
clique. Therefore, each has its own applications depending on the required density and efficiency.

Computing these subgraphs, varying in density requirements, necessitates traversing all vertices or edges,
posing significant challenges. As Figure 7 (d) shows, parallelism (35%) presents a challenge, especially in tasks
like k-core and k-truss that require iterative updates. Load balancing, crucial in computationally demanding
tasks like maximal clique, is the focus of 20% of studies, as imbalanced workloads can severely impact overall
performance. Moreover, 45% of research focuses on reducing communication overhead due to frequent vertex-data
communications. The simplicity of exchanged data results in bandwidth limitations being a minor issue.
k-Core of a graph, as defined in [119], is the maximal subgraph in which each vertex has at least a degree
of k. The core value (i.e. coreness) of a vertex is the highest k for which it is part of the k-core. The k-core
decomposition algorithm is usually used to compute k-core, which involves iteratively computing these core
values for all vertices, starting with a specified k (typically the largest degree of the graph) and then decrementing
k in subsequent iterations. The algorithm functions by “deleting” vertices (and the associated edges) with degrees
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less than the current k, while simultaneously updating the degrees of the remaining vertices. This process
continues until all vertices are assigned a core value, marking the completion of the computation.

Parallelism poses a significant challenge in k-core decomposition algorithms, particularly within the “vertex-
deletion” approach. In this method, the deletion of a vertex necessitates the sequential updating of its neighbors’ de-
grees, which complicates the efforts of parallelization. To tackle this issue, a series of studies [37, 105, 120, 123, 165]
have proposed a distributed k-core decomposition algorithm that decouples the “deleting” and “updating” phases.
Initially, the deletion phase is parallelized, ignoring potential update conflicts. Then, an updating phase adjusts
the degrees of vertices affected in the deletion phase. It is important to note, however, that this distributed version
of the k-Core algorithm may require more iterations (than the sequential counterpart) to achieve convergence.

To minimize communication overhead, The Subgraph-Centric approach is widely adopted, as highlighted in
[105, 123], as a natural fit for the distributed k-core decomposition algorithm as previously mentioned. Alongside
the Subgraph-Centric model, the works in [123, 165] focus on reducing communication overhead using the
Vertex-Centric model. In this approach, each vertex does not broadcast messages to all neighbors but selectively
to those whose coreness values are anticipated to change. Moreover, T.-H. Hubert Chan, et al. [37] devised an
approximate k-core decomposition algorithm that imposes an iteration limit. They demonstrated that, for any
Y > 2, [log n/ log(%)] iterations are sufficient to achieve an approximate core value for all vertices, at most yx
the actual value. Differing from the traditional “vertex-deleting” approach, this algorithm considers multiple
thresholds in each iteration to expedite the process and removes vertices whose degree falls below the highest
threshold. Furthermore, each vertex communicates only with a specific subset A of vertices, which effectively
reduces the communication volume to log, |A| bits each iteration. Upon receipt of a message, a subroutine is
invoked to adjust A if necessary.
k-Truss is defined as a subgraph where each edge in the subgraph is part of at least (k — 2) triangles. Similar
to the computation of a k-core, the process of determining a k-truss involves iteratively deleting edges that are
part of fewer than (k — 1) triangles until convergence is reached. The time complexity of calculating a k-Truss is
primarily constrained by the process of listing triangles, which, in the worst-case scenario, is O(m'?).

Similar to the computation of k-core, parallelizing the k-truss algorithm is challenging due to its inherently
sequential nature. To address this, Pei-Ling Chen et al. [48] proposed a distributed k-truss algorithm that splits the
computation into two phases: “deleting” and “updating”, aiding in parallel execution management. Additionally,
Yingxia Shao et al. [144] introduced PETA, which constructs a Triangle-Complete (TC) subgraph for each vertex
to enhance the k-truss algorithm’s efficiency within its partition, minimizing communication during triangle
counting.

Research also dives into load balancing. Following the initial placement of all vertices and their neighbor lists,
KTMiner [4] involves strategically reorganizing and redistributing the vertices. This approach ensures even
workload distribution among all machines involved in the computation.

Communication overhead remains a significant challenge in k-truss computations. Pei-Ling Chen et al. [48]
proposed an algorithm centered on the Edge-Centric model, which proves more apt for k-truss computations
than the Vertex-Centric model. Their approach starts by transforming the original graph into a line graph,
where each vertex represents an edge from the original graph. In this line graph, vertices are connected if their
corresponding edges in the original graph share a common vertex. To further minimize communication overhead,
they introduced a pruning strategy: in the line graph, two vertices are adjacent only if their corresponding
edges in the original graph form a triangle with another edge. Moreover, KTMiner [4] enhances efficiency by
pre-computing neighbor lists for each vertex and its neighbors, allowing triangles to be calculated locally. This
method effectively eliminates the need for cross-machine communication between vertices.

Maximal Clique in a graph refers to a clique—a subgraph where each vertex is connected to all others—that

cannot be expanded by adding another vertex. Enumerating maximal cliques is a local task, allowing each vertex
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to independently participate without requiring intermediate results from others. This feature makes it suitable
for parallel processing. However, its computational complexity requires O(3™/?) in the worst case [157], where n
represents the number of vertices. Due to non-uniform subproblem sizes, and the unbalanced lengths of search
paths in different subproblems, balancing the workload is a significant challenge many researchers focus on.

For workload balancing, Xu et al. [168, 169] initiate the process by sorting vertices using three distinct methods:
degeneracy ordering, degree ordering, and core number ordering. Following this, the algorithm distributes the
neighbor lists for each vertex. Specifically, a vertex v and its corresponding neighbor list are allocated to the
machine responsible for processing v. For each neighbor u of v, if u appears after v in the ordering, the information
about v is also transmitted to the machine that processes u. This method ensures that the data is shared efficiently
between machines, enhancing the overall execution of the task. Another algorithm, PECO, proposed in [152], also
adopts the strategy of sorting the vertices before distributing them to different machines. For sorting methods,
degree ordering, triangle ordering, lexicographic ordering and random ordering are used and the experiment
shows that the distribution of work is better with the degree ordering.

4.5 Traversal

Traversal, a fundamental method in graph analysis, involves visiting each vertex or edge in a graph to identify
paths, trees, or cycles. This process is crucial for uncovering the structural information of a graph. Each traversal
algorithm, such as single-source shortest path (SSSP) for finding the shortest path and maximum flow for capacity
planning in flow networks, serves specific applications. However, these algorithms all require global updates and
synchronization during computation, posing significant challenges in distributed environments.

As indicated in Figure 7e, the studies on parallelism focus on identifying sub-structures that have strong
dependencies among vertices during traversal, which account for 34.29% of the research efforts in traversal.
Additionally, about 22.86% of works consider load balancing, especially when the Subgraph-Centric model is
adopted. A significant number of papers (37.14%) have contributed to the reduction of communication over-
head in traversal: the inherent redundancy in visiting vertices and the need for transferring messages make
it a communication-intensive task. Finally, There is little (5.71%) research specifically targeting bandwidth
optimization.

Breadth-First-Search (BFS) is utilized to systematically visit all vertices starting from a specified source vertex,

facing challenges due to irregular vertex access patterns despite its simplicity.

The nature of the workload in BFS processes, where a vertex becomes active only upon visitation, poses
a challenge in maintaining load balance. To address this, BFS-4K [28] employs a dynamic thread scheduling
strategy for child kernels to effectively balance the workload. Additionally, a delegate-based approach [30]
involves assigning delegates to high-degree vertices in different machines. This method ensures that access
to these vertices primarily involves local communication, thereby reducing the reliance on more costly global
communication.

To address the challenge of communication overhead in BFS, particularly due to redundant communications

with already visited vertices, a direct solution is to “mask” these vertices, omitting them from future iterations as
detailed in [18]. Additionally, optimizing BFS based on its stages further reduces this overhead. Initially, when
few vertices have been visited, a top-down (push model) is more effective. As the number of visited vertices
grows, a bottom-up (pull model) approach becomes preferable to limit redundant communications. Identifying
the ideal point to switch between these models is key, as explored in [30, 133].
Single Source Shortest Path (SSSP) aims to find the shortest path from a source vertex to all others. The
discussions of SSSP are predominantly on weighted graphs. While the sequential Bellman-Ford and Dijkstra
algorithms are hard to parallelize, there are four major methodologies for implementing SSSP in distributed
environments:
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(1) Subgraph SSSP: Applying Dijkstra’s algorithm on subgraphs within a distributed framework and exchanging
distance messages between partitions [117].

(2) A-stepping: The A-stepping method operates by selecting vertices within a specific distance range, denoted
by [kA, (k+1)A). This approach prioritizes the relaxation of shorter edges that fall below a threshold A until
reaching convergence [36, 161].

(3) Skeleton: These algorithms [31, 43, 60, 64, 84], which offer faster processing with approximation, construct
a “skeleton” graph (a subgraph) and compute “hopsets” to expedite finding the shortest paths. Skeleton-based
algorithms compute distances from skeleton vertices to other graph vertices, adding as shortcuts into the original
graph. These shortcuts can significantly decrease the number of hops (vertices) of a shortest path.

(4) Transshipment: A broader approach that generalizes the SSSP task, often modeled as a linear programming
problem [17] or linear oblivious routing [135, 182] for approximating distances.

Skeleton-based algorithms focus on achieving higher parallelism. In these algorithms, parallelism largely
depends on the quality of the “hopset”. Utilizing an approximate “hopset” with a shorter hop distance (the number
of hops required between vertices) has proven more practical [84]. CFR algorithms introduce a tradeoff parameter
to balance hop distance, “hopset” size, and computation time [31]. Moreover, a two-level skeleton approach,
which constructs an additional skeleton atop the original, achieves even greater efficiency, closely approaching
theoretical limits [43].

In the context of optimizing load imbalance, Delta-stepping algorithms skillfully integrate aspects of Bellman-
Ford and Dijkstra for distributed environments. Nevertheless, they are susceptible to load unbalancing, particularly
when high-degree vertices are processed simultaneously, leading to excessive communications. A practical
solution [36] involves distributing these vertices across different machines. For updating long edges, instead of
transmitting sparse pairs of delayed distance messages, a more efficient approach [161] is to aggregate these as a
dense distance vector. This uniform communication strategy not only streamlines the process but also aids in
balancing the communication load across the system.

High communication overhead, a prevalent challenge in SSSP algorithms, results from extensive distance

relaxing and updating processes. One approach to address this is dynamically switching between push and pull
models at different stages, as proposed in [36]. Another optimization involves using a hierarchical sliding window
instead of a fixed A-bucket to enhance communication efficiency [161]. The Subgraph SSSP algorithm [117]
reduces communication costs by computing partial shortest path distances within individual partitions. In
transshipment algorithms, gradient descent techniques are employed to minimize communication by optimizing
update directions [17].
Minimum Spanning Tree (MST) is a connected subgraph that encompasses all n vertices and n — 1 edges,
forming a tree. It is characterized by the minimum aggregated weight of its edges, representing the least costly way
to connect all vertices in a graph. In distributed environments, many works are based on the GHS algorithm [69],
which involves three steps: (1) each vertex starts as a single-vertex tree (fragment); (2) each fragment selects the
lightest edge connecting it to another fragment, merging them; (3) reducing the number of fragments by at least
half each iteration, achieving a single fragment representing the MST after at most O(log n) rounds.

Distributed MST algorithms, if not optimized, may incur significant communication overhead, particularly
when a fragment’s diameter greatly exceeds the graph’s diameter. in a linear graph with n vertices where the
first vertex connects to all others (resulting in a diameter of 1), choosing a line as a fragment increases its
diameter to n — 1. If a line is chosen as a fragment, its diameter becomes n — 1. This scenario requires the GHS
algorithm to perform O(n) rounds for merging. The Controlled-GHS algorithm [70] addresses this by controlling
fragment diameter growth. It merges fragments using specific methods when a fragment is small or few fragments
remain, or by merging close fragments to minimize communication. Besides, some approaches focus on creating
a low-diameter spanning tree first, then applying Controlled-GHS to maintain low-diameter growth [121].
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Cycle Detection entails identifying cycles of a specified length in a graph. For smaller cycles, there are numerous
effective algorithms. The task of finding a 3-cycle, commonly known as a triangle, typically involves checking
for common neighbors between pairs of vertices on each edge. Similarly, detecting a 4-cycle, or square, usually
requires examining common neighbors between pairs of vertices on all wedges (a wedge being a path of two edges).
However, efficiently detecting larger cycles, namely k-cycle for arbitrary k, aiming to reduce communication
costs and iteration rounds, continues to be a challenging area of research.

Cycle detection, often based on a BFS approach where two traversals run from a vertex until they meet, hinges

on minimizing communication overhead. A notable strategy, as described in [33], involves sparsification—running
BFS on a subgraph with edges randomly removed to reduce communication and computation costs. However,
this can cause false negatives if edges in a cycle are removed. To counter this, the algorithm is executed multiple
times on varied sparsified subgraphs, with the results aggregated to identify cycles. An enhanced method in [67]
improves accuracy by selectively removing edges less likely to form cycles, balancing efficiency with the likelihood
of detecting cycles.
Maximum Flow in graph theory focuses on computing the maximum flow achievable from a source vertex s
to a sink vertex ¢ in a graph. Each edge in this graph is assigned a certain capacity that limits the flow through
it. The core methodology for determining maximum flow involves repeatedly identifying paths through the
graph—known as augmenting paths—that can still carry more flow. This augmentation process is conducted
iteratively: after each traversal, the flow is augmented along the identified path, and the residual capacities are
updated. This process continues until no further augmenting paths can be identified, indicating that the maximum
flow has been achieved.

In tackling parallelism challenges within maximum flow algorithms, optimizing the efficiency of graph traversals
is crucial, particularly since each augmentation process involves a traversal that can be computationally intensive.
The primary optimization strategy in this context aims to maximize the number of paths augmented in a single
iteration, thereby enhancing overall efficiency. In line with this strategy, it has been proven more practical and
efficient for identifying augmenting paths on a sparse subgraph. For example, the algorithm in [130] employs a
method that extracts a spanning tree from the graph. It then concurrently finds multiple augmenting paths within
this sub-structure. This approach not only boosts parallelism but also significantly reduces the number of iterative
rounds required. Furthermore, as discussed in the context of SSSP tasks, flow problems can be reformulated
as linear optimization problems and tackled using methods like gradient descent. This perspective allows for
alternative solutions, as proposed in [71], which computes an approximate solution with a capacity penalty. Such
an approach, focusing on approximation rather than exact solutions, enables the algorithm to achieve satisfactory
results in fewer rounds.

4.6 Pattern Matching

In graph analysis, the task of pattern matching involves finding all subgraphs within a large data graph G that
are isomorphic to a given small pattern graph p. Triangle counting helps understand the graph’s fundamental
structure, while k-Clique identifies larger, more complex specific patterns. Subgraph matching and mining
offer broader applications by matching general patterns. These tasks are computationally intensive but only
require local structural information, making them well-suited for distributed computing with large datasets. A
survey presented in [24] offers an in-depth overview of distributed subgraph matching algorithms, focusing on
programming models. Building on this, our survey highlights the primary challenges addressed by these studies
and includes the latest research not covered in the previous survey.

Numerous studies have transformed essential operations in pattern matching into binary join operations [98],
which are also inherently amenable to parallel processing. As illustrated in Figure 7, this has resulted in only a
small portion of research (2.22%) focusing on the challenges of parallelizing pattern matching. In contrast, the
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issues of load balancing (35.56%) as well as communication overhead (48.89%) have garnered significantly more
attention. Interestingly, fewer papers focus on the issue of bandwidth constraints (13.33%) in pattern matching.
This oversight could be critical, considering the vast amounts of intermediate data that pattern matching processes
can generate.

Triangle Counting, as implied by its name, is a specialized variant of pattern matching where the specific
pattern p under consideration is a triangle. It is important to note that while cycle detection and k-clique could
also be considered specific forms of pattern matching, they have been previously discussed in sections Section 4.5
and Section 4.4, respectively. Algorithms for computing triangles generally fall into two main categories: (1)
List-based algorithms: These algorithms [38, 39, 73, 85, 138, 149, 150] primarily focus on traversing adjacency
lists of two vertices to identify their common neighbors. (2) Map-based algorithms: In contrast, these algorithms
[7, 72,127, 173] employ an auxiliary data structure, such as a hash map, to maintain each vertex’s adjacency list,
which involves a vertex checking whether its neighbors appear in the auxiliary structures of other neighbors.

Load balancing poses a significant challenge in both list-based and map-based algorithms, especially when
dealing with power-law graphs characterized by uneven vertex degree distribution. The key of achieving workload
balance lies in effective graph partitioning strategies. In list-based algorithms, 1D partitioning [72, 73, 150] is
commonly employed, focusing on partitioning either vertices or edges. Conversely, 2D partitioning [7, 127, 173]
is more prevalent in map-based algorithms, wherein the data is divided across the graph’s two-dimensional
adjacency matrix. Optimization strategies vary based on the partitioning method chosen. The study in [7]
begins with generating an adjacency matrix from sorted vertices to distribute tasks evenly across machines. It
utilizes cyclic distribution to balance light and heavy tasks. Similarly, [173]adapts this approach in heterogeneous
distributed environments. TRUST [127] adopts a distinct 2D distribution strategy, partitioning vertices first
based on their one-hop and then using these to form two-hop neighbor partitions, to ensure balanced load
distribution. In [150], a cyclic distribution method akin to [7] is implemented for distributing sorted vertices in a
1D partitioning scheme. Meanwhile, other 1D partitioning algorithms like [72, 73] strive for a more equitable
distribution of edges to improve overall load balance.

Optimizing communication overhead is critical in triangle counting, given its communication-intensive
nature [149]. The efficiency in distributed environments is significantly impacted by the frequency and volume
of communications. One effective strategy is message aggregation, where small messages are consolidated
into larger ones for collective transmission, reducing communication frequency and potentially optimizing
bandwidth [72, 73, 138, 149]. Expander decomposition is another approach used in several studies [38, 39, 72]. It
segments graphs into partitions of varying densities, assigning computational tasks based on these densities. High-
density partitions are processed within single machines to minimize communication overhead. In [150],caching
RMA accesses are studied to reduce remote data requests and communication demands. DistTC [85] introduces a
fully asynchronous triangle counting algorithm, using boundary vertices and their connecting edges as proxies
replicated across machines to enable independent triangle counting without inter-machine communication.
Finally, Ancy Sarah Tom et al. [7] implement a pruning technique. Specifically, during the intersection of two
adjacency lists of vertices ux and u;, only the triangle-closing vertices, ug, satisfying k > j are considered,
reducing unnecessary computations and communications.
k-Clique is defined as a subgraph that contains k vertices, with each pair of vertices being interconnected
by an edge. As a local task, the computation of k-clique is well-suited for parallel processing. However, the
high computational complexity of k-clique computations, typically requiring O(k*n¥) time in single-machine
environments as noted by Shahrivari and Jalili [143], poses a significant challenge. During the computation, each
vertex is involved in sending/receiving substantial amounts of information to/from its neighbors. Consequently,
key focuses in optimizing k-clique computations include achieving load balance, reducing communication, and
managing bandwidth constraints.
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For workload balancing, the study by Censor-Hillel et al. [35] introduces the generalized partition trees, which
are constructed by a partial-pass streaming algorithm: it adds vertices one by one to the current partition, and
either continues if the number of edges is within a threshold, or creates a new partition if otherwise. This method
is designed to ensure equitable workload distribution, with each machine processing a similar number of edges.

Many research efforts in the field of k-clique computation are directed toward reducing communication
overhead. A notable example presented in [35] introduces a two-tiered communication granularity, comprising
auxiliary tokens and main tokens. The core strategy of this approach is to prioritize the transmission of main
tokens between vertices, resorting to the transmission of auxiliary tokens only when absolutely necessary. By
adopting this method, the algorithm effectively reduces the overall volume of communication. Additionally, the
algorithm in [34] contributes to reducing communication overhead by eliminating vertices with lower degrees
and their connected edges in each iteration. A similar pruning strategy is employed in KCminer [143]. In this
approach, vertices with fewer than k neighbors are discarded before computation begins.

Bandwidth constraints pose significant challenges in computing k-clique. Matthias Bonne et al. [22] address
this by sending only digests of neighbors to avoid network congestion. Another approach [34] defers processing
edges likely to require substantial computations early on, reducing initial information transmission that can lead
to network bottlenecks. Later in computation, removing vertices and edges gradually decreases communicated
data, easing bandwidth limitations.

Subgraph Matching is another variant of pattern matching. In this variant, the pattern graph p can be any

arbitrary graph, though it is usually small in size. This is the most general form of pattern matching, which is the
core operation while querying modern graph databases [6].

The super-linear nature of subgraph matching often leads to significant load skew, making load balancing
a crucial aspect of the task. Static heuristics are typically leveraged for this issue. In [163], task splitting is
implemented for vertices whose degree exceeds a predefined threshold. This method divides large tasks into
smaller subtasks, promoting more balanced workload distribution. Lizhi Xiang et al. [167] address load imbalance
caused by processing vertices in the order of their degrees. They introduce a strategy that randomizes task
execution paths, thereby preventing skew due to sequential processing. Besides static heuristics, dynamic
scheduling presents an effective solution for balancing workloads during runtime. One such approach permits
workers to “steal” unprocessed tasks from their peers after completing their assigned tasks. Implemented in [172],
this method significantly enhances efficiency by dynamically redistributing workloads among machines.

The task of subgraph matching tends to become communication-intensive [98] in the distributed context, and
thus reducing communication overhead is a critical challenge. One effective approach is to utilize an optimizer
to devise an execution plan that minimizes this estimated communication cost [98]. Adopting this strategy, the
study in [97] proposes estimating the cost on a random graph. Based on this estimation, they demonstrate that
decomposing the pattern into wedges (intersections of two edges) and subsequently joining the matches of
these wedges is an instance-optimal method in terms of communication cost. The approach in [5] employs a
subgraph matching approach based on the worst-case optimal join algorithm [125]. The GLogS system [99]
refines cost estimation by computing smaller pattern sizes on a sparsified graph, improving the accuracy of
communication cost estimates. Caching accessed vertex data locally is another effective solution, as it reduces
redundant communication that occurs when the same vertex data is fetched repeatedly [163, 172]. This method
ensures that frequently accessed data is readily available, thereby minimizing unnecessary data transfers. Yang et
al. [172] dynamically select between push and pull communication strategies to further reduce communication
costs based on the context. Furthermore, the study in [167] introduces a new data structure that facilitates
the reuse of prefix paths. This structure significantly reduces data redundancy and lessens the volume of data
transmitted between machines, contributing to more efficient communication in distributed subgraph matching.
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Subgraph Mining goes a step further than merely identifying a single pattern; it involves the computation of
a sequence of interconnected patterns. Essentially, the task of subgraph mining can be viewed as a series of
subgraph matching processes. Consequently, the challenges encountered in subgraph mining closely mirror
those in subgraph matching.

Achieving workload balance is critical in subgraph mining, prompting the development of various static and
dynamic strategies. Statically, the study in [44] introduces “BDG Partitioning” as a method for maintaining graph
locality within subgraphs. This technique use multi-source distributed BFS with limited depth to color vertices
and form subgraphs with balanced computational loads. Dynamically, Arabesque, as presented in [154], adopts
a round-robin strategy for workload distribution. This approach sequentially and cyclically allocates tasks to
machines, inherently balancing the load due to the randomness in task assignment. Another dynamic approach
is detailed in [47], where workloads are dynamically dispatched. This method involves maintaining a workload
queue, into which intermediate results from completed tasks are subdivided into smaller tasks. These smaller
tasks are then dynamically distributed to available working threads as needed. G-Miner, also proposed in [44],
supports dynamic load balancing as well. It utilizes a strategy that allows workers to “steal” unprocessed tasks
from others. This method ensures that all workers are actively engaged and effectively redistributes tasks to
balance the overall workload across the system.

Subgraph mining necessitates strategies to minimize communication overhead. A widely adopted approach,
similar to that of subgraph matching, involves caching frequently accessed vertex data [44, 47, 49]. This caching
mechanism ensures that critical data is readily available, thereby reducing repetitive data requests across the
network. In addition to caching, the research in [44] introduces a task priority queue to organize tasks with
common remote candidates. This grouping allows related data to be transferred in a single operation, reducing the
frequency and volume of remote data fetches. Furthermore, the study in [153] explores the use of a personalized
broadcast operation. This method involves selectively assigning data to relevant machines based on their specific
needs or the tasks they are performing, aiming at minimizing unnecessary communication.

4.7 Covering

Covering tasks comprise a category of optimization problems centered around identifying sets of vertices or
edges that adhere to specific constraints. Minimum vertex covering seeks the smallest set of vertices covering all
edges, maximum matching aims to find the largest set of non-overlapping edges, and graph coloring assigns
colors to vertices such that no adjacent vertices share the same color, with each problem focusing on different
aspects of graph structure and optimization. These problems are NP-hard, making the algorithms computationally
intensive and difficult to parallelize.

Consequently, over half of the reviewed papers focus on enhancing parallelism (64.29%). Additionally, the

complexities of computation pose issues with load balancing, and 7.14% of the surveyed papers target it. Moreover,
these algorithms often necessitate decisions based on neighboring vertices’ data, making the reduction of
communication overhead (28.57%) another critical concern.
Minimum Vertex Covering is challenging due to its NP-hard nature, which is further compounded in dis-
tributed environments. Recent works [45] try to find a strict Nash Equilibrium state as an approximate, yet
near-optimal, solution. In this context, vertices act as strategic agents in a snowdrift game with adjacent vertices,
representing a local optimization process. The game’s strict Nash Equilibrium corresponds to a vertex cover,
aligning the strategy with the overall objective. This game-based algorithm is well-suited to the message-passing
model, allowing each vertex to select a beneficial neighbor based on both past and present decisions through
rational adjustments.

The level of parallelism achieved can significantly influence the rate of convergence. With limited local storage,
where a vertex can only retain information on one prior selection, the process may fail to reach a strict Nash
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Equilibrium and get stuck in a deadlock. To overcome these limitations and expedite convergence, some algorithms
employ randomization strategies—permitting vertices to select neighbors randomly instead of rationally, thereby
introducing a chance to jump out from the dead loop [45, 46]. Further enhancements in parallelism can be realized
by expanding the local memory capacity, allowing for the storage of additional previous choices [151].

Maximum Matching seeks the largest collection of edges in a graph where no two edges share a common vertex.

A traditional algorithm to find a maximum matching is the Hungary algorithm [96], which iteratively searches
for an augmenting path from each unmatched vertex. An augmenting path, consisting of alternating matched and
unmatched edges, is leveraged to increment the size of the matching. The Hopcroft-Karp algorithm [68], optimized
for parallelism, can generate multiple augmenting paths within a single iteration. While these algorithms are
fundamentally designed for bipartite graphs, they can be adapted for use with general graphs.

The augmenting process is the bottleneck of the parallelism. An efficient augmenting path algorithm can
reduce iteration rounds [2]. Another algorithm is to locally simulate multiple augmenting paths, since these
paths are not too long [61]. Recently, Sparse Matrix-Vector Multiplication (SpMV) has been well studied and the
augmenting process can be rewritten by matrix operations [12]. The fast matrix calculation can significantly
increase parallelism with humongous computing resources.

Another challenge is the high communication cost, stemming from the need for each augmenting path search
to traverse the entire graph. However, since augmenting paths are typically short, operating on a strategically
chosen subgraph with fewer vertices can be more efficient without compromising the quality of the result [55].
Graph Coloring algorithms iteratively select an independent set (IS) for coloring. An IS is a set of vertices in
which no two are adjacent, allowing for simultaneous conflict-free coloring. Each vertex in the IS greedily selects
the lowest available color not used by its neighbors. The IS can be obtained by some sampling methods (e.g.,
Maximal Independent Set) or priority methods.

To enhance parallelism, one strategy is to identify a larger IS, coloring more vertices concurrently. A vertex-
cut-based algorithm partitions the graph into components by removing vertex-cuts, allowing IS algorithms to
be efficiently applied to these smaller, more manageable components [129]. Another approach optimizes the
coloring priority scheme so that lower-priority vertices get colored earlier, reducing wait times for higher-priority
decisions [3].

Graph coloring algorithms often incur excessive communication overhead towards the end of the process
due to increased dependency on a dwindling number of uncolored vertices. A straightforward solution is to
precompute frequently occurring structures, thereby coloring them in a single instance [129], or to defer their
coloring to a later stage [42]. Building on this concept, a subgraph-based algorithm decomposes the main graph
into several subgraphs, prioritizes the coloring of internal vertices, and subsequently resolves color conflicts that
arise among the boundary vertices [21].

5 Application Scenarios of Various Graph Tasks

Distributed graph tasks have numerous real-world applications, thanks to the expressive power of graphs and their
ability to handle large-scale data efficiently in distributed environments. This section provides examples (Figure
8), highlighting how distributed graph tasks are applied across various scenarios, as derived from applications
mentioned in academic papers. Additionally, we provide descriptions of the performance differences between
various graph tasks on certain topics and explain how these differences result in different application scenarios.
Centrality. In social network analysis, PageRank and personalized PageRank identify influential individuals
[82, 112]. Closeness and betweenness centrality, calculated based on the shortest path, have lower efficiency but
are more suitable for identifying key vertices in information transmission. For example, in biological network
analysis, betweenness centrality identifies crucial genes or proteins that act as key intermediaries [59]. In supply
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Fig. 8. Application scenarios of graph tasks. Each arrow indicates that academic papers mention the application of graph
tasks within the corresponding topic to the target scenarios.

chain management, betweenness centrality finds important intermediaries in logistics pathways, improving
efficiency and reducing costs [160]. Closeness centrality helps optimize logistics routes by identifying key vertices.
Community Detection. In social network analysis, these algorithms are used to identify densely connected

communities [13, 116, 178]. Users within the same community often share common interests, making community
detection algorithms highly useful for recommendation systems. Louvain is an iterative method that optimizes
modularity by progressively merging vertices and communities, ultimately forming a stable community structure.
Due to its efficiency and scalability, Louvain is well-suited for handling large networks [142, 178]. LPA is fast
but may produce unstable results in large networks, ideal for real-time data stream analysis [10, 108, 116]. The
connected components algorithm is low-cost and suitable for basic network analysis [89, 110].

Similarity. In social network analysis, similarity algorithms identify users with similar interests, helpful for
making friends. In biological networks, it compares genes or proteins to find those with similar functions, aiding
in research and drug development. In recommendation systems, it can be used to recommend other products
similar to those a user has browsed or purchased, enhancing the user experience and increasing sales [114, 115].
Cohesive Subgraph. Cohesive subgraphs have significant applications in various networks. In social networks,
they help identify tightly connected user groups, like interest-based communities [37, 105, 120, 144]. In biological
networks, they find gene groups with similar expressions, indicating potential functions [123, 152]. In e-commerce
networks, they identify user groups with similar behavior, improving recommendation accuracy. Besides, different
algorithms are also suited to some specific scenarios based on their trade-off between efficiency and subgraph
density. For example, the maximum clique algorithm suits scenarios needing very tight connections but less time
sensitivity, while k-Core works well for large networks due to its efficiency and scalability [105, 168].
Traversal. Traversal algorithms have diverse applications due to their different definitions. In road networks,
BES is used for simple tasks like finding the shortest path in an unweighted map [57], while SSSP handles complex
networks, considering direction and traffic [84]. In supply chain management, the minimum spanning tree
reduces total transportation costs, and maximum flow optimizes goods flow, increasing logistics throughput [93].
Cycle detection identifies money laundering in financial networks and is used in operating systems to detect
deadlocks [67].

Pattern Matching. In social network analysis, triangle counting evaluates community cohesion and aids cluster-

ing [38, 85, 173], while k-Clique detection identifies tightly connected user groups [143]. In biological networks,
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k-Clique identifies protein interaction clusters, and subgraph matching locates specific specific gene clusters
[44, 153, 154]. In financial networks, subgraph matching and subgraph mining detect abnormal transaction
patterns and potential fraudulent activities [44].

Covering. The algorithms are commonly used for optimization of resource allocation and supply chain man-
agement [2]. Minimum vertex cover identifies key vertices to monitor, optimizing resource allocation [46]. For
example, in sensor networks, minimum vertex cover helps in placing the least number of sensors to monitor all
critical points. Maximum matching pairs vertices to maximize the number of edges, useful in optimizing resource
distribution [12]. Graph coloring assigns colors to vertices to minimize conflicts, essential in scheduling and
resource allocation tasks [21].

6 Discussion And Opportunities

This section aims to discuss prevalent research trends addressing various challenges in this domain, and offer
perspectives on potential future research opportunities.

6.1 Computation Resource Efficiency

In the realm of distributed graph processing, the complete utilization of computation resources is identified
as a primary objective. Numerous studies spanning a variety of topics have been conducted with the aim of
optimizing resource utilization. Nevertheless, the effects of parallelism and load balancing have been found to
vary significantly across these diverse topics.

e Parallelism: Paralleling graph tasks is the first step in distributed computing. It has been observed that not

all topics focus on the challenges posed by parallelism. Tasks that possess sequential dependencies, such
as centrality, cohesive subgraph (like k-core and k-truss), and traversal, as well as those requiring global
information like graph coloring, tend to allocate special attention to these challenges. In such tasks, the state of
each vertex in each step depends on the results of previous steps, or there is a necessity to consider the structure
of the entire graph. This makes it particularly challenging to circumvent conflicts and ensure the accuracy of
algorithms under parallel computation. Conversely, for tasks that are local in nature, such as similarity and
pattern matching, parallelism is not the primary concern.
Opportunity. Current solutions aim to enhance the parallelism of algorithms but also introduce new chal-
lenges. In tasks such as k-core/k-truss, parallel computation of coreness/trussness might increase the number
of iterations required for convergence. In traversal and graph coloring tasks, additional computational costs are
incurred to ensure algorithmic correctness when applied in distributed environments. Furthermore, tasks adapt-
ing random walk-based algorithms can readily lead to local network congestion. It continues to be a significant
challenge to parallelize algorithms while minimizing the negative impacts caused by such parallelization.

e Load Balance: Load balancing is a prevalent challenge, with substantial research across all topics focusing
on strategies to effectively balance workloads. Computation-intensive tasks, such as pattern matching and
cohesive subgraph (like maximal clique), especially emphasize this challenge. Real-world graphs often exhibit
a power-law degree distribution where the workload is typically proportional to the vertex degree. This results
in a skewed workload distribution that is particularly problematic in computation-intensive tasks.
Opportunity. The majority of existing work employs static partitioning strategies, which involve initially
allocating a similar number of edges or vertices to each machine. However, a single static partitioning strategy
may not be suitable for every type of graph data and algorithm, and it is challenging to ensure balanced
workloads throughout the computation process. Developing dynamic load balance strategies is a valuable
future direction.
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6.2 Network Resource Efficiency

Our survey indicates that network resource efficiency, which encompasses communication overhead and band-
width, follows a comparable pattern across different topics. There is a significant emphasis on minimizing
communication overhead, yet bandwidth concerns receive comparatively less focus.

e Communication Overhead: Communication overhead is a challenge that nearly all topics address, with more

than half of the studies primarily dedicated to reducing it. Graph algorithms, particularly iterative ones, tend
to produce substantial intermediate data throughout their execution. When vertices are distributed across
separate machines, they require network communication to exchange data, making communication overhead a
widespread issue in distributed computing.
Opportunity. Minimizing communication overhead remains a critical challenge for many tasks within dis-
tributed settings. Existing work typically employs one or two strategies to optimize communication overhead,
such as the Subgraph-Centric model or pruning strategies. These methods are broadly applicable and generally
suited for almost all tasks. Using multiple optimization techniques could further optimize communication over-
head. Moreover, the integration of deep learning techniques to predict and dynamically adjust communication
patterns based on the current network state and workload distribution is also gaining increased attention.

e Bandwidth: Relatively few studies concentrate on bandwidth issues; however, some computation-intensive
tasks such as pattern matching, as well as algorithms utilizing randem walks, have proposed methods to
mitigate this challenge. Bandwidth commonly is not a limiting factor for the performance of tasks that are not
communication-intensive or when processing sparse graph data: Furthermore, strategies aimed at minimizing
communication overhead and achieving load balance often help to alleviate bandwidth constraints.
Opportunity. Nevertheless, as graph data scales continue to grow, the importance of bandwidth management
is expected to escalate. Addressing this issue is inherently more complex than other challenges because it
involves preventing network congestion while also maximizing bandwidth efficiency to avoid resource wastage.
Future research will likely place increased emphasis on effectively tackling bandwidth challenges, potentially
through the development of advanced network management techniques, like adaptive bandwidth allocation
based on live traffic analysis.

7 Conclusions

Graphs can well represent relationships among entities. Analyzing and processing large-scale graph data has
been applied in many applications, such as social network analysis, recommendation systems, and road network
routing. Distributed graph processing provides a solution for efficiently handling large-scale graph data in the
real world. To understand the state-of-the-art research of graph tasks in distributed environments and facilitate
its development, in this paper, we conduct an extensive survey on distributed graph tasks.

We first overview the existing distributed graph processing infrastructure. These tools facilitate the design of
distributed algorithms, but it is still difficult to overcome the challenges arising from the inherent characteristics
of distributed systems and graphs. We then analyze and summarize the main challenges and solutions for graph
tasks in distributed environments. Next, we provide a taxonomy of primary graph tasks and conduct a detailed
analysis of their existing efforts on distributed environments, including challenges they focus on and unique
insights for solving those challenges. Finally, we discuss the research focus and the existing research gaps in the
field of distributed graph processing and identify potential future research opportunities.
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