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Abstract

Dynamic (Temporal) graphs capture the valuable evolution of real-world systems,
from the continuously evolving patterns of social interactions and genetic pathways
to the dynamic fluctuations of economic forces. Detecting communities for such
evolving networks poses unique challenges. Detecting and analyzing the evolution
of communities within dynamic graphs unlocks valuable insights into the underlying
structural and temporal patterns of real-world systems. However, the sheer volume
of modern graph data and the inherent complexity of the temporal dimension pose
significant challenges to scalable community detection algorithms. Addressing this
gap, our work explores the limited landscape of scalable distributed-memory par-
allel methods specifically designed for dynamic network community detection. We
propose a novel parallel algorithm, DyG-DPCD (Dynamic Graph Distributed Paral-
lel Community Detection), to detect communities in dynamic networks using the
Message Passing Interface (MPI) framework. We present a vertex-centric approach,
allowing us to detect communities through local optimization. Furthermore, we
enhance our baseline algorithm by incorporating three heuristics, which improve
the algorithm’s performance significantly while maintaining the quality of the solu-
tions. We demonstrate the efficiency of our algorithm by experimenting on several
real-world large-scale networks with hundreds of millions of edges spanning diverse
domains. Notably, DyG-DPCD achieves speedups between 25X and 30X for large
networks that we experimented on using NERSC compute nodes. Our algorithm
outperforms the STINGER parallel re-agglomeration algorithm by 30x.
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1 Introduction

Graphs, as a powerful representation of real-world complex systems, have been
extensively studied in various domains [1-9]. Traditional network mining often
focuses on static topological properties to analyze and understand these systems
[3, 10-12]. However, when dealing with real- world complex systems such as
those found in social systems (e.g., Facebook, Twitter), brain connections, and
transportation systems, it becomes essential to account for the dynamic nature of
these networks over time [7, 13, 14]. Incorporating temporal dynamics is crucial
to accurately represent the evolving nature of these complex systems [6, 15].

The community detection problem, a fundamental task in graph mining,
aims to identify groups of nodes that are densely connected within themselves
but sparsely connected to other groups. These communities, often referred to as
“communities" or “clusters”, can represent various real-world phenomena, such
as social groups, functional modules in biological networks, or topic-related
communities in knowledge graphs. While numerous algorithms have been devel-
oped for static community detection [2, 3, 5, 16—18], finding efficient and effec-
tive methods for detecting temporal communities in dynamic graphs remains a
challenging research problem [19]. A few existing approaches use the modularity
[20] metric using different variants of the Louvain method [21, 22]. Maximizing
parallel weighted community clustering (PWCC) metric is used with incremental
vertices [15]. Permanence is another metric which requires initial network infor-
mation and community structure to detect communities in the subsequent snap-
shots [14]. A find-and-merge approach with streaming updates is one of the other
methods. A distance-based metric on the inertia of inter-node relationships helps
finding temporal communities [23].

Temporal community detection involves identifying communities that evolve
over time, reflecting the changing relationships and interactions among nodes
in the network. Existing approaches often rely on extending static community
detection algorithms to handle temporal dynamics, or by introducing new met-
rics that capture the temporal aspects of the network. It is computationally expen-
sive to directly employ a well-studied static algorithm repeatedly on the network
snapshots of the evolving networks. Further, existing works are mostly done on
synthetic networks and few works focus on large-scale networks. Overall, these
methods face limitations in terms of scalability [24], computational efficiency,
and accuracy, especially when dealing with large-scale dynamic networks. To
the best of our knowledge, there exist no distributed-memory parallel algorithms
using Message Passing Interface (MPI) to detect communities in large dynamic
graphs.

In this paper, we address the challenges of temporal community detection by
proposing a novel distributed-memory parallel algorithm, DyG-DPCD. Our algo-
rithm leverages the permanence metric, a vertex-centric measure that allows for
local optimization and avoids arbitrary tie-breaking issues commonly encoun-
tered in other approaches. However, parallelizing a temporal community detec-
tion approach in a distributed-memory setting is challenging for a number of
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reasons including identifying appropriate data structure that supports graph
updates, the need for synchronization, and message overhead. We addressed such
challenges and employed several heuristics for DyG-DPCD to efficiently handle
large-scale dynamic networks and provides a scalable solution for temporal com-
munity detection.

Our Contributions. The main contributions of this paper are as follows:

e We present DyG-DPCD, a distributed-memory parallel community detection
algorithm for dynamic (temporal) networks. We design and evaluate multiple
heuristics that further improve the performance of our baseline parallel algo-
rithm making the algorithm scalable for large graphs.

e We show the performance evaluation and assessment of the correctness of our
solutions on several large-scale real-world networks (with up to 234M edges)
from six different domains (social, blog, communication, collaboration, citation,
biological). Such comprehensive experimentation allows us to evaluate our algo-
rithms on a multitude of different graph topologies.

e We also present a comparative analysis of our algorithm with existing parallel
community detection algorithms for dynamic graphs. Our algorithm outperforms
the limited prior works significantly.

2 Related Works

Some recent works on dynamic graphs focus on providing a framework [1, 4, 7,
25-29] for storing and managing the networks with high performance and efficiency
to support different graph algorithms on GPUs and other various HPC platforms.
Some of the parallel algorithms applied on dynamic networks include breadth-first
search (BFS) traversal [30], finding subgraphs [8, 31], shortest path [32], k-cores
[33], triangle-count [34] and others [35-37].

Community detection has been extensively studied for static networks [38—42].
However, the focus has shifted towards dynamic community detection in recent
years. Very few works have been done on the parallel community detection algo-
rithm for dynamic networks. Some approaches extend modularity-based [21, 22]
algorithms to handle temporal dynamics, while others use different metrics like par-
tition distance or permanence [14]. Halappanavar et. al [5] have presented a tech-
nique to detect communities on dynamic graphs and future work includes imple-
menting the method in their shared-memory-based parallel framework Grappolo
[17]. The implementation and experimental analysis of the mentioned technique
are not available yet. A shared-memory-based multi-threaded community detec-
tion method for streaming graphs is presented in [43]. The authors implemented an
incremental re-agglomeration algorithm using the STINGER framework and Open
Multi-Processing (OpenMP) that considers a batch of changes to detect communi-
ties. The work reports improvement over static re-computation; however, parallel
speedup and scaling were not reported.

The only other parallel algorithm for detecting communities in dynamic networks
is a Spark-based implementation that shows only 2x parallel speedup with 12 cores
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[15]. The algorithm identifies incremental vertices and defines community member-
ship depending on maximizing PWCC metric of the entire network. However, the
experimented graphs are mostly synthetic and relatively small with at most 10 M
edges. The only real-world network they use have 200K vertices and 500K edges.
For the synthetic networks, the degree distribution and the community size is very
small which mostly does not represent the real-world dynamic networks like large-
scale social networks those are highly skewed.

Addressing the limitations of existing approaches, this paper presents DyG-
DPCD, a distributed-memory parallel community detection algorithm for dynamic
graphs. DyG-DPCD utilizes the permanence metric, a vertex-centric measure that
allows for local optimization. The algorithm addresses challenges related to data
structure, synchronization, and message overhead in a distributed-memory setting.

3 Preliminaries

We present the notations, problem definition, and computational model used in our
solution below.

3.1 Notation

We denote the input dynamic graph (network) as a collection of multiple graph
snapshots over time. We consider that multiple edges appear and disappear in dif-
ferent time frames. Therefore, the full dynamic network can be represented as
G=GyUG,UG,...UG,UG,,;. A network snapshot at time ¢ is denoted by
GV, E,), where V, and E, are the sets of vertices and edges, respectively, at time
t. Each edge is a tuple of the form (u, v, f) where u and v are source and destination
vertices in the temporal graph, and ¢ is a timestamp. We use the words node and
vertex interchangeably as well as links and edges. P is the number of processors
used in the computation, denoted by Py, Py, ....Py_, where 0,1,2, ... .N — 1 refers

Table 1 Terminology used in

Symbol Meaning
the paper
G(V,E) Graph with V = set of vertices and E = set of edges
G, Graph at time ¢
C, Community structure of network at time ¢
C(v) Community of vertex, v
dv) Degree of vertex, v
dpax Maximum degree

d Average degree

Cintra Intra community edge: (u,v) € e, C(u) = C(v)

Cinter Inter community edge: (4, v) € e, C(u) # C(v)

N Total number of processors (World size)

@ Springer



International Journal of Parallel Programming (2025) 53:4 Page50f28 4

to the rank of a processor. Notations frequently used throughout the paper are listed
in Table 1.

3.2 Problem Definition

Detecting Temporal (Dynamic) Communities: Let G,(V,, E,) be the graph at time
step t. Our goal is to compute the communities C;, at time step k in a distributed
manner, based on the community structure C,_, at time step k — 1 and the changed
edge set AE,.

3.3 Community Detection through Vertex-centric Optimization

We use permanence, a local vertex-based metric, to extract the community structure
of large networks based on our prior work [6]. The advantage of this method lies
in its ability to be computed locally without necessitating global optimization like
modularity [6]. As demonstrated in [14], it surpasses widely-used community detec-
tion techniques in terms of runtime complexity. Permanence of a vertex v, Perm(v),
is calculated using Eq. 1, where —1 < Perm < 1.

1
E,.(0) « dv

max(

Perm(v) = [ ] - [1-cc,») (1)
Here, I(v), E,,.(v), and CC,,(v) denote internal neighbors, the maximum number of
connections to a single external community, and the internal clustering coefficient of
vertex v, respectively. CC,,(v) = CC(;v),z) where, x is existing connections among the
internal neighbors of v, and CC(I(v), 2) is the total number of possible connections
among the internal neighbors of v. Perm(v) = 1 means v is cohesively connected to
the assigned community. Perm(v) = 0 signifies that v is equally pulled by all the
neighbors or forms a singleton community. Perm(v) = —1 indicates a wrong com-
munity assignment. We ensure the permanence maximization for community assign-
ments during the edge updates (additions and deletions). The permanence value of a
community, Perm(comm) is the average of the permanence value of all its member
vertices (v, v,, .....v;) given in Eq. 2.

Zle Perm(v;)
k

Perm(comm) = 2
The selection of the metrics poses a challenging question with multiple feasible
metrics considerations. We choose ‘permanence’ to be a good measure based on its
definitive characteristic for better output community quality depending on the maxi-
mum external pull to an individual community, instead of the total external connec-
tion, and also the high connectivity among the internal neighbors to form a tightly
knit internal substructure. As we are considering the parallelization in a dynamic
setting, we get the advantage of the fact that the total edge weight of the entire
graph is not needed for permanence computation, as required in the modularity met-
ric. Again, tracking the total number of edges is difficult when all processors are
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handling the batch edge additions and deletions locally. Our proposed parallelization
could be used with other metrics i.e. modularity, but with some additional commu-
nication cost to track these updated edges for modularity maximization.

3.4 Computational Model

We develop the parallel algorithm for Message Passing Interface (MPI) based dis-
tributed-memory parallel systems, where each processor has its own local mem-
ory. The processors do not have any shared memory, one processor cannot directly
access the local memory of another processor, and the processors communicate via
exchanging messages using MPI.

4 Methodology

In this section, we describe our algorithm DyG-DPCD, the implementation chal-
lenges, the complexity analysis of the algorithm, and the heuristics we use to
improve the performance.

4.1 Overview of our Distributed-Memory Algorithm

We develop a distributed-memory algorithm capable of computing communities in
a network through a distributed approach. We carefully distribute the entire network
among different processors, ensuring minimal communication between them dur-
ing computation. After handling a mini-batch of edge additions and deletions, we
perform collective gather and broadcast operations to keep the community list and
network connectivity up to date.

Our approach follows an incremental strategy, where we identify communities in
subsequent network snapshots based on the previous snapshot’s community struc-
ture and dynamic updates, such as changes in edges and vertices. To kickstart the
process, we utilize the static Louvain algorithm to determine the community struc-
ture in the initial snapshot, which serves as valuable input for our algorithm’s sub-
sequent operations. This methodology not only enhances efficiency but also enables
us to handle dynamic network changes effectively. We describe the main steps of our
algorithm below.
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Algorithm 1 DyG-DPCD: MPI-based Parallel Dynamic Community Detection

Data: Initial graph G¢(V;, E;), Current graph Gi41(Vit1, Ey11), Initial
community list Cy
Result: Community at next time-stamp Ciy1
Calculate edges added: edges_added < E;11 — F;
Calculate edges deleted: edges_deleted < E; — Eyyq
Each processor P; computes for a set of vertices V(*) based on the
partitioning strategy

S

w

4 foreach processor P; (executing in parallel) do
5 foreach mini-batch of edges do
6 Extract a portion of edges added: E,4q < part of edges_added
7 Extract a portion of edges deleted: Eye; < part of edges_deleted
8 if P,==root then
9 ‘ Scatter F,qq and Eg4.; using MPI
10 Remote_Info_Update()
/* Perform Community Updates for Edge Addition */
11 C’EQI + Community_Updates_Edge_Addition(V @, Eigd, Cy)
/* Perform MPI AllGather to synchronize and exchange
community information */
12 MPLAHGather(C”iQ17 C'i1)
/* Perform Community Updates for Edge Deletion */
13 0"521 +Community_Updates_Edge_Deletion(V (), E{(;e)l, C'41)
/* Perform MPI AllGather to synchronize and exchange
community information */
14 MPI_AllGather(C"{) |, C"y1)
15 if P,==root then
16 ‘ Update Cy11 using the received community information: Cy11 < C"41

17 return Updated community Cyiq

4.1.1 Initial Graph Partitioning

We employed the widely recognized graph-partitioner METIS [44, 45] to partition
our input graph, ensuring an effective distribution among processors. Even though
METIS provides both edge-cut and communication volume minimization methods,
due to our algorithm’s strong reliance on edge-cut minimization between processors,
we use this approach for our algorithm.
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Algorithm 2 Community_Updates_Edge_Addition

Data: A set of vertices V), A set of added edges E(gf}d, Community list Cy
Result: Updated community list C” §21

comm _list <— Ct(i)

[

for Fach edge e in E((lfj)d do

2
3 e = (u,v)
/* Intra-Community */
if C(u) = C(v) then
Gy.add_edge(u,v)
6 Update_Neighbors()
/* Inter-Community */
else
if C(u),C(v) € P; then
(perm, comm_list) < calculate_permanence_local()
10 else
11 if C(u) € P; then
12 n<u
13 ‘ P; + C(v)
14 else
15 n<v
16 ‘ P; + C(u)
17 (perm/, comm_list) < calculate_permanence_remote(n)
18 MPI_Send(perm, P;)
19 MPI_Recv(perm/, P;)
20 if perm > perm’ then
21 MPI_Send(comm_list,P;)
22 ‘ Update_Neighbors()
23 else
24 | MPI_Recv(comm list, P;)

25 C’EQI < comm_list

1(2)
26 return C';

4.1.2 Incremental Community Detection and Update

We present the pseudocode of our distributed-memory parallel algorithm for com-
munity detection on dynamic networks in Algorithm 1. This algorithm efficiently
detects communities in dynamic graphs, where edges are added or removed over
time. It leverages Message Passing Interface (MPI) for parallel processing on mul-
tiple processors, making it scalable for large graphs. The algorithm takes as input
the graph at time-stamp ¢, the graph at next time-stamp ¢ + 1, and the initial com-
munity list at time-stamp ¢. The sets of edges added and removed between these
two graph snapshots are identified and shown in lines 1-2. Vertices are divided
among processors for parallel processing [line: 3]. Edges are processed in batches
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to improve efficiency. We process the total edge additions and deletions in mini-
batches [line: 5]. Small batches of edges are communicated to all processors by the
root processor [line:9]. Next, each processor gathers neighbor information of the
vertices that do not belong to the current processor given in line 10. Then the pro-
cessors in parallel update their local community assignments based on the impact of
added edges using the Community_Updates_Edge_Addition function [line: 11]. All
processors exchange their updated community information using MPI’s AllGather
function [line: 12]. Similar to the previous step, processors update communities
considering removed edges using the Community_Updates_Edge_Deletion func-
tion [line: 13]. Another AllGather synchronizes the updated community information
across all processors [line: 14]. Algorithm 2 and 4 describe the updates during the
addition and deletion of edges, respectively, in the dynamic network and the corre-
sponding changes in the community structure throughout the updates. After process-
ing all edge batches, the root processor merges the received community information
into a final updated community list.

Algorithm 3 Update_Neighbors

1 PY,, + A list of processors where neighbors of u belong to
2 P, < A list of processors where neighbors of v belong to
3 while iter! = N do
4 if P in Pj,|Pj,, then

| MPI_Send(1,P;)
else

MPI_Send(0,P;)

MPI_Recv (x, Pj)
degree(ulv)+ =z

© ® 3 o v
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Algorithm 4 Community_Updates_Edge_Deletion

Data: A set of vertices V(| A set of deleted edges E{SQI, Community list C’y41
Result: Updated community list c” §21
1 comm_list C/£21

2 for Each edge e in E((ji)l do

3 e = (u,v)
/* Intra-Community */
4 if C(u) = C(v) then
5 if degree(u) = 1&degree(v) =1 then
6 Gy.remove_edge(u,v)
7 Cu) + Cu) —u—v
8 comm_list < comm_list UuUv
9 if C(u) ¢ P, then
10 P; + C(u)
11 MPI_Send(comm_list,P;)
12 MPI_Recv(comm_list, P;)
13 else if degree(ulv) =1 then
14 Gy.remove_edge(u, v)
15 C(u)|C(v) + C(u) —ulC(v) —v
16 comm_list < comm_list U ulv
17 Update_Neighbors()
18 if C(u)|C(v) ¢ P; then
19 P; + C(u)|C(v)
20 MPI_Send(comm_list,P;)
21 MPI_Recv(comm_list, P;)
22 else
23 ‘ non_unit_degree_edge_delete()
/* Inter-Community */
24 else
25 | Gi.remove_edge(u,v)

26 C”,EQl + comm list

11(1)
27 return C"; 7,

Details on community updates during edge addition. There are two cases
when edges are added in a dynamic graph, as described below.

e Case 1: Intra-community edges: (u,v) € E, C(u) = C(v). The addition of such
edge (u, v) is straightforward. The edge (u, v) is added locally in the network.
The internal neighbors of u & v are updated about this addition through MPI
communication as shown in Algorithm 3.

e Case 2: Inter-community edges: (u,v) € E, C(u) # C(v). The addition of inter-
edges requires much communication among the processors as illustrated in
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Algorithm 2 to calculate the value of permanence as the neighbors of a vertex
are scattered among multiple processors. If both the communities, C(u), C(v)
of vertex u and v belong to the current processor P;, then we have to check
whether # moves to the new community depending on the permanence value.
C,.,(u) 1s then advertised to u’s internal neighbors in a Breadth First Search
(BFS) manner. If the neighbors of u are in different processors, we do a block-
ing communication here to ensure accuracy. For inter-processor neighbors of
u, the order is changed as all of those neighbors are processed after the intra-
processor neighbors are done. For computation of permanence values, both
vertex-wise and community-wise, we utilize similar steps as described in our
prior work [6]. So, we have not discussed details on line 9 or line 17 of Algo-
rithm 2, and other mentions of these computations.

Details on community updates during edge deletion. Edge deletion is computa-
tionally less complicated compared to adding edges in dynamic graphs in terms of
permanence calculation. There are two cases with multiple sub-cases to delete edges
as shown in Algorithm 4.

e Case 1: Intra-community edges: There are two sub-cases for intra-community
edge deletions.

— Case 1A: Unit degree vertices: u and v are removed from the current commu-
nity and u, v form their own singleton community. If the community of both
of the vertices u, v or u, or v belong to different processors, we communicate
the updates to those processors.

— Case 1B: Non-unit degree vertices: It is similar to the Inter-Community Edge
Addition. The computations and the communications follow the same struc-
ture as Algorithm 2. The pseudo-code for this non-unit degree vertices is
given in Algorithm 5.

e Case II: Intra-community edges: No computation of permanence is required in
this step. Only communicating the updates of deletion is needed if multiple pro-
cessors are involved.
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Algorithm 5 non_unit_degree_edge_delete

if u,v € P; then
‘ (perm, comm_list) < calculate_permanence_local()
else
if u € P; then
n<u
P+
else
n< v
P+ u
10 (perm/, comm_list) < calculate_permanence_remote(n)
11 MPI_Send(perm, P;)
12 MPI_Recv(perm/, P;)
13 if perm > perm’ then
14 MPI_Send(comm_list, P;)
15 Update_Neighbors()
16 else
17 | MPILRecv(comm list,P;)

© 0 N o ok W N =

4.2 Implementation Challenges

While implementing our distributed-memory algorithm, we face a few challenges
that we discuss here.

Selection of Efficient Data Structure. During the initial implementation of our
algorithm, we have been using the Adjacency List (AL) format to store our input
network using the C4++ Standard Template Library (STL) containers vector and
map. We have avoided the Compressed Sparse Row (CSR) format because it takes
0(d,,,.) in the worst case to remove an edge from the graph whereas the time com-
plexity is O(1) for AL representation. However, the performance of our DyG-DPCD
algorithm gets limited due to the dynamic edge update operations. We experimented
with both sorted and unsorted neighbor lists for the vertices. The linear search over
the unsorted neighbors and the binary search over the sorted neighbors have similar
times as given in Fig. 1. Thus, the major challenge we face is to select a better data
structure to minimize the search time while finding edges for calculation and add-
ing/deleting edges for the dynamic updates.

Storing the dynamic networks is a separate and complex problem in itself. Based
on the dynamic updates, different types of data structures are considered efficient
for storing such temporal information. We consider selecting such a structure that
helps us improve the performance of the algorithm by minimizing the update time
of the network. After exploring different dynamic graph storing frameworks [4, 28,
46] to find such efficient storage, we find that using Packed-Memory Array (PMA)
is a very good alternative [4] to use for skewed graphs like social networks. We also
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want to observe how PMA works for networks from other domains as well. So, we
have used a sorted array for small-degree vertices and PMA for large-degree vertices
to store our networks. From Fig. 1 we see that the update time is reduced to almost
half after using PMA.

4.3 Complexity Analysis

We analyze the runtime complexity of our distributed-memory MPI-based Algo-
rithm 1. Suppose, E,, E, be the number of edges to be added and deleted for the full
network respectively and p be the number of partitions. For Algorithm 2, in the cal-
culation of permanence [Line 9], the computational complexity of calculating per-

~_ 3
manence based on Equations. 1 and 2, in the worst case scenario would be: 8(} d"?)

and for the best case: Y, :9(d_§). Considering the asymptotic growth, growth rate can
be bounded by a logarithmic function, and presented the worst case to be:
O(d*(log d)?) and the best case: O(d(log d)*) where, d denotes degree. The commu-
nication complexity is often proportional to the number of cut-edges between parti-
tions denoted by E. So, we introduce a multiplying factor a that could change
depending on the input network properties i.e. edge distribution, sparsity of the net-
work, etc. Thus the communication complexity becomes O(aﬁ). The line 17 in
Algorithm 2 also has the same computational and communication complexity. So,
combining these, the average complexity for community updates during edge addi-

tion is: 0(% [d2(log dy’ + aE] ) In case of community updates during edge dele-

tion, in Algorithm 4, for the lines [5-21], there is only communication complexity
that is the same as the complexity given in edge addition. Again, for Line 23, the
complexity is the combination of computational and communication complexity
similarly as given in Algorithm 2, Line 1. So, the total run-time complexity of the
algorithm becomes:

E 1 E _
0 < Za [a’z(log 47 + aE] + [d2(1og a7 + aE] >
p p

@ Springer



4 Page 14 of 28 International Journal of Parallel Programming (2025) 53:4

Therefore, the time complexity of DyG-DPCD will be higher for both dense and
skewed networks.

4.4 Heuristics for Performance Optimization

We employ three different heuristics to further improve the performance of DyG-
DPCD. We briefly explain the need for these heuristics below.

Heu-1: Pseudo edge deletion with active/inactive labeled edges We keep one
additional parameter to identify edges in the current snapshot. We tag the edge
labels as “Active” and “Inactive” to reduce the exact edge deletion operations.
When an edge is being deleted, we change the edge label from “Active"” to “Inac-
tive" in that particular snapshot. So, we only need to do the search operation
instead of removing the element from the data structure. Again, in most networks,
a deleted edge may reappear in the subsequent snapshot. Therefore, the inactive
edge is changed back to active with the search and update operation only instead
of the insertion operation.

Heu-2: Compressing graph size by pruning small degree vertices In the com-
munity detection problem, 1-degree or 2-degree vertices do not contribute to the
output communities as they mostly act as separate entities in the network. As they
are completely isolated in the network, we can reduce the network size to a great
extent if we can eliminate such vertices from our calculation. In a sense, we are
compressing the network size by keeping them out of the scope of computation.
This heuristic can be mostly applicable to networks from the social/blog/commu-
nication network domains where some vertices are hub vertices and the network
is skewed. So the scope of evolving for most small vertices gets limited.

Heu-3: Computational efficiency by excluding singleton/smaller communi-
ties We take into consideration the community distribution of the network at each
of the snapshots. While we find singleton communities contributing to a higher
percentage, we keep those communities separate in the “Inactive Community
List". For the computation of permanence (selecting communities), the computa-
tion cost cuts down, as the number of active members in the community list is
minimized.

5 Experimental Setup
5.1 Environment

We used Intel CPUs from both US DoE NERSC [49] and LONI [50] supercom-
puters to perform the experiments.
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Table2 Real-world Dynamic Networks used in the Experiment

Network Vertices Edges g d Snap-shots  Time Interval

max

Social [47, 48]

primary school 242 77.6K 1K 2.6K 6 20 secs
CollegeMsg 1.9K 203K 3 1K 7 month
Youtube 3.2M 122M 7 0.13M 8 year
Blog/Forum [47, 48]

sx-stackoverflow 2.6M 63.5M 5 0.1IM 9 year
sx-superuser 0.2M 1.4M 7 112K 9 year
sx-mathoverflow 24.8K 0.5IM 3 7.8K 8 year
fb-forum 899 337K 74 1.8K 6 month
Communication [47]

wiki-talk 1.1IM 7.8M 3 223K 8 year
email-Eu-core 986 0.3M 4 1K 8 year
email-enron 87K 1.1M 26 387K 3 year
Collaboration [47]

non-cumulative co-Authorship ~ 0.71M 1.2M 2 11.2K 17 year
cumulative co-Authorship 0.71IM 1.2M 6 43K 17 year
Citation [47]

HepTh 229K 2. M 233 12K 7 year
HepPh 28.1K 4.6M 327 111K 10 year

5.2 Dataset

We use both real-world dynamic and synthetic dynamic updates to large-scale
static networks for our experiments. The real-world dynamic networks are
depicted in Table 2. We also experiment with some large-scale static networks
by doing dynamic updates (insertion and deletion) of edges in batches. Details of
these networks are listed in Table 3. We include the synthetic dynamic updates
to experiment on even larger networks.

In Fig. 2, we have shown the network statistics, i.e., the number of vertices,
edges, communities, and dynamic updates per snapshot for the dynamic real-
world networks. We choose one network from each of the domains. From Fig. 3,
we observe that except for the “Youtube’ network, the rest of the networks grow
in size in subsequent snapshots. The percentage change of addition of edges is
higher than that of deletion. Figures 2 and 3 help the readers learn about the net-
work and how the networks evolve over time.
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Fig.2 Network statistics (No. of vertices, edges, community, and dynamic updates) for different real-
world dynamic networks in different time slices. The X-axis represents the time steps

6 Experimental Evaluation and Performance

We discuss the performance of our algorithm in terms of scalability and output
community quality in this section. We also describe the optimized performance
of our algorithm by applying different heuristics. We also compare our algo-
rithm with other related algorithms in the literature.

6.1 Scalability

Speedup is the ratio of the sequential and parallel execution time of the algorithm.
The sequential DyPerm algorithm is implemented in Python, while our parallel
implementation is in C++. Therefore, we use the execution time of 2 MPI ranks as
the sequential time, and calculate the speedup ratio likewise.

Figure 4 represents the speedup for our distributed-memory parallel algorithm
for networks from different domains. We get 12 — 25X speedup for different types of
networks with the base version of the algorithm using a maximum of 1024 proces-
sors. We get the maximum 25X speedup for ‘Orkut’, the largest social network in our
dataset.

From Fig. 5 we observe that our algorithm gains more scalability for larger net-
works. For relatively small networks (having edges between ten thousand and one
million), the average speedup is 5x. Networks having edges in the range of 1 million
to 100 million show around 10 — 15x speedup. For relatively larger networks, up to
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Fig. 3 Percentage change of edge addition and deletion for different real-world dynamic networks in dif-
ferent time-slices. The X-axis denotes different time slices, and the Y-axis denotes the percentage of edge
addition and deletion in that particular time slice

1 billion edges, our distributed algorithm shows 20 — 25x speedup. The fluctuation
of the speedup is due to the different structures of the input networks.

6.2 Performance Gain using Different Heuristics

We achieve significant performance gain using all of the heuristics depicted in
Figs. 6, 8, and 10.

6.2.1 Heu-1:Pseudo edge deletion with active/inactive labeled edges

Our first heuristic, Heu-1, is applicable to all domains of networks. We have shown
the performance gain of our parallel algorithm for the major networks from each
domain in Fig. 6. We get a maximum of 20% performance gain in speedup for the
‘Patents’ dataset. For our largest dataset ‘Orkut’, we have around 16.5% performance
gain, and the speedup increases up to 28.
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Fig.4 Speedup for our distributed parallel algorithm for multiple networks from different domains.
Larger networks (having edges more than a million) show higher scalability—the speedups keep improv-
ing up to 1024 processors (maximum no. of processors used for experiments). Smaller networks under-
standably scales to a lesser number of processors

Fig.5 Scalability of our paral- 26 T T T T
lel algorithm for increasing 24
network size (in edges) observed 22
for 1024 processors
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6.2.2 Heu-2: Compressing graph size by pruning small degree vertices

We apply our second heuristic, Heu-2 to only those networks that have smaller
degrees in all of the snapshots. In Fig. 7, we have shown the degree distribution
of the ‘sx-stackoverflow’” network. We can observe that for snapshots 3 up to 8,
the number of vertices having degree 0/1/2 comprises around 50% — 60% of the
total vertices. In snapshots 1 and 2, 30% and 35% of the total vertices have these
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Fig.6 Performance gain of DyG-DPCD using heuristic, Heu-1 observed for 1024 processors. Heuristic,
Heu-1 is based on active/inactive edge labels to decide on the presence or absence of edges at each time
slice. The green color denotes the improved speedup gained by running the Heu-1 heuristic-based algo-
rithm, whereas the base speedup shown with the orange color is obtained by running our main algorithm
without using any heuristics
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Fig.7 ‘sx-stackoverflow’ is a representative network with a huge number of smaller degrees (degree:
0-3) in most of the snapshots. The percentage of degree distribution according to the number of degrees
is given by the stacked bars in the left figure (a). In the right figure (b), the average degree of the network
per snapshot is shown by the blue bars

smaller degrees. In the last snapshot 9, the percentage of smaller degrees is much
higher and 70% of the vertices have these small-sized neighbors. The other net-
works, we choose to apply the Heu-2 heuristic, shows similar kind of degree dis-
tribution. Figure 8 shows the performance gain using our Heu-2 heuristic. We get
around 26X speedup for the ‘sx-stackoverflow’ dataset. For the ‘Orkut’ network,
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Fig. 8 Performance gain of our parallel algorithm using heuristic, Heu-2 and combining both Heu-1 and
Heu-2 heuristics observed for 1024 processors. The left figure (a) shows the change in speedup. The right
figure (b) shows the performance gain in percentage

100 50 —————T——
< 9 sz-1 mmmm Y 45 [ Avg. Sz mmmm
N sz-10 = 7
o % 52-100 N 40
GN) 70 sz-1K =35k
n sz-10K o B
Lg c0 sz-100K % 30
= 50 € 25f
S 40 € 20
g 30 8 15
E 20 Z10f
o -
O 18 z 5

2 3 4 5 6 7 8 123456 78
Snapshots Snapshots

Fig.9 ‘wiki-talk’ is a representative network with a huge number of singleton communities in most of
the snapshots. The percentage of community distribution according to community size is given by the
stacked bars in the left figure (a). In the right figure (b), the average number of communities of the net-
work per snapshot is shown by the blue bars

the performance gain is around 20% and we have the maximum speedup of 30
amongst all of our datasets.

6.2.3 Heu-3: Computational efficiency by excluding singleton/smaller communities

We apply our third heuristic, Heu-3 to only those networks which have singleton
communities in all of the snapshots. In Fig. 9, we have shown the community distri-
bution of the ‘wiki-talk’ network. We can observe that for all the snapshots around
95% of the total communities are singleton. Figure 10 shows the performance gain
using the Heu-3 heuristic. We get around 14X speedup for the ‘wiki-talk’ dataset. If
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Fig. 10 Performance gain of our parallel algorithm using heuristic Heu-3 and the combination of all
Heu-1, Heu-2 and Heu-3 heuristics observed for 1024 processors. The left figure (a) shows the change in
speedup. The right figure (b) shows the performance increase in percentage

Table 4 Deviation in permanence value after applying the heuristics, Heu-2 and both (Heu-1+Heu-2)
together

Network Permanence Change (%)

Base Heu-2 Heu-1+Heu-2 Heu-2 Heu-1+Heu-2
sx-stackoverflow 0.6976 0.6972 0.6967 0.063 0.129
Orkut 0.4300 0.4296 0.4291 0.100 0.200
wiki-talk 0.4676 0.4676 0.4669 0.009 0.154

we apply both Heu-2 and Heu-3 heuristics together, the improvement is around 36%
and the speedup becomes 15. Again, if we apply Heu-1, Heu-2, and Heu-3 heuris-
tics altogether, the improvement is around 48% and the overall speedup becomes
around 16.

6.3 Qualitative Analysis of the Community Structure

We compare the output communities of both sequential and parallel algorithms
comparing the accuracy of the permanence metric based on which we derive the
output communities. From Fig. 11 we can observe that the overall quality of the
output communities remains the same in the parallel algorithm as in the sequen-
tial one. In Table 4 we present the deviation in permanence value after applying
the heuristic, Heu-2, and both Heu-1 and Heu-2 heuristics together. We find that
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Table 5 Deviation in
permanence value after applying
the heuristics, Heu-1, Heu-2 and

Permanence  Change Change (%)

> Base 0.69759 0 0
Heu-3 on wiki-talk network
Heu-3 0.69737 0.00022  0.03083
Heu-2+Heu-3 0.69712 0.00047  0.066668
Heu-1+Heu-2+Heu-3 0.69659 0.00100  0.142644

the deviation is very little as 0.2% and can be considered negligible. In Table 5
we compare the permanence value by applying all three heuristics for the ‘wiki-
talk’ network. We can observe that the deviation is as little as 0.00100 only after
applying three of the heuristics together.

6.4 Comparison with the State-of-the-art Algorithms

In this subsection, we have shown the comparison of our parallel algorithm
DyG-DPCD with the only 2 existing parallel algorithms in the current literature.

6.4.1 STINGER shared-memory re-agglomeration algorithm
We have compared our distributed-memory-based parallel algorithm, with the only
shared-memory parallel algorithm implemented using the STINGER framework.

The authors have presented the efficiency of the parallel algorithm in terms of
throughput. So we also present the same measure to compare our algorithm with
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Fig. 12 Comparison of Parallel Performance based on throughput [Updates per second by threads
(OpenMP)/processors(MPI)] for coPapersDBLP network. Legends present different batch sizes. Left Fig-
ure (a) shows the throughput for STINGER parallel re-agglomeration algorithm. Right Figure (b) shows
the throughput for our distributed parallel algorithm DyG-DPCD

theirs. Regarding the throughput calculation, the runtime includes edge updates
and community detection computational time. We have used the same network to
compare the performance of both algorithms. As the OpenMP implementation is
exploiting thread efficiency, we can use a maximum of 32 threads, the number of
physical cores available to the system. We report our maximum 1024 processor per-
formance for comparison. From Fig. 12, we can observe that our algorithm can han-
dle more computations using the same number of batch sizes. The best throughput
value observed from the STINGER Parallel re-agglomeration algorithm is 0.2 mil-
lion updates per second (10K batch size). Using 1024 processors, our distributed
parallel algorithm can process 6.45 million updates per second for 100K batch size.
So our algorithm is able to process the dynamic updates 30X faster compared to the
STINGER parallel re-agglomeration algorithm.

6.4.2 Parallel Weighted Community Clustering (PWCC) Maximizing Spark-based
Algorithm

We cannot directly compare our work with [15] as the source code is not publicly
available. The authors have shown up to 2x parallel speedup whereas for our largest
network, we get 30-fold speedup.

6.5 Building on a Strong Foundation: Future Advancements

Designing scalable parallel algorithms in a distributed-memory setting for dynamic
graphs is challenging, as evident from the limited prior work. While our DyG-DPCD
algorithm demonstrates good performance and scales with increasing network size,
we recognize the potential for further advancements. Building upon its strong founda-
tion, we can explore several promising avenues for future optimization. Performance
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bottlenecks might arise from several sources including an imbalanced load. Our par-
allel algorithm adopts METIS scheme to build the initial partitions to tackle load
balancing issue. One interesting area for future work lies in addressing the unique
challenges posed by power-law structured graphs and their hub vertices. Large social
networks or other power-law structured graphs make load balancing difficult. In such
graphs, a few vertices have very high degrees, and in most partitioning strategy, these
high-degree vertices are not identified separately. So, if the edges being deleted or
added belong to such vertices, both the communication and computation overhead
will increase for a particular processor leading to load imbalance. We aimed to make
our current algorithm generalized for all kinds of networks, and hence did not apply
any topology-specific strategy to handle these hub vertices. This is left as a future
improvement for our algorithm. Another interesting exploration will be considering
redistributing vertices after each batch edge addition or deletion. If too many edges
are deleted from a particular partition, redistribution could be helpful.

7 Conclusion

We developed a scalable and optimized MPI-based distributed-memory paral-
lel algorithm, DyG-DPCD, for community detection on large dynamic graphs. We
experimented on a number of real-world networks from six different domains (e.g.,
social, communication, biological, etc.), and our algorithm performs well with up to
30x speedup for the largest network in our dataset. We further apply different heu-
ristics that improve the performance of our algorithm by 48% in speedup. Our algo-
rithm shows accurate results with a deviation of as little as 0.009 — 0.2% for graphs
with ground truth communities. DyG-DPCD also outperforms the other existing
parallel algorithm in literature by 30x. DyG-DPCD represents a significant step for-
ward in efficient parallel community detection for dynamic graphs in a distributed-
memory setting. By exploring the promising future directions outlined above, we
aim to further refine our algorithm and push the boundaries of performance and
scalability in this dynamic and exciting field.
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