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Independent cascade (IC) models, by simulating how one node can activate another, are important tools for studying
the dynamics of information spreading in complex networks. However, traditional algorithms for the IC model implemen-
tation face significant efficiency bottlenecks when dealing with large-scale networks and multi-round simulations. To settle
this problem, this study introduces a GPU-based parallel independent cascade (GPIC) algorithm, featuring an optimized
representation of the network data structure and parallel task scheduling strategies. Specifically, for this GPIC algorithm,
we propose a network data structure tailored for GPU processing, thereby enhancing the computational efficiency and the
scalability of the IC model. In addition, we design a parallel framework that utilizes the full potential of GPU’s parallel
processing capabilities, thereby augmenting the computational efficiency. The results from our simulation experiments
demonstrate that GPIC not only preserves accuracy but also significantly boosts efficiency, achieving a speedup factor of
129 when compared to the baseline IC method. Our experiments also reveal that when using GPIC for the independent cas-
cade simulation, 100-200 simulation rounds are sufficient for higher-cost studies, while high precision studies benefit from
500 rounds to ensure reliable results, providing empirical guidance for applying this new algorithm to practical research.

Keywords: complex networks, information spreading, independent cascade model, parallel computing, GPU
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1. Introduction

With the rise of social media,!!"?! the study of informa-
tion dissemination in online social networks!®! has become
a core issue. The independent cascade (IC) model,*> with
its strong ability to describe information dissemination in net-
works, has attracted much attention. It can help identify
vital influencers[®-8! and optimize information dissemination
strategies.>~!!l However, the computational complexity of the
IC model will increase dramatically with the growth of net-
work size, limiting its application in social networks. For one
thing, social network experiments often require real-time feed-
back and dynamic updates, which is beyond the computational
ability of traditional algorithms. For another, in information
dissemination research, multiple parameters are usually con-
sidered, leading to a significant computational burden that can
slow down the progress of research work. For example, when
Goldenberg used the IC model to simulate the word-of-mouth
propagation,!¥ he set 5 parameters, each with 7 values, and
this required a total of 7° (16807) information dissemination
scenarios to be simulated. If the research was expanded to
N nodes, with 100 rounds per scenario, then it would require
N x 16807 x 100 simulations to calculate the information dis-
semination effect of each individual, which would take more
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than twenty years of computation on a single machine.

To overcome this challenge, researchers have begun to
explore parallel computing technologies in recent years to
improve the scalability and efficiency of simulation algo-
rithms. The graphics processing unit (GPU),!'?! distinguished
by its pronounced parallel processing capabilities and cost-
effectiveness, has emerged as a formidable instrument for ex-
pediting extensive computational tasks. For instance, in 2012,
the AlexNet!!3! leveraged GPU to enhance the training ve-
locity, and this helped surpass the capabilities of CPU-based
model training, achieving significant success in the realm
of computer vision. From then on, acceleration algorithms
based on GPUs have become a foundational tool across do-
mains such as artificial intelligence, machine learning, and

14-16

physics.| I However, within the direction of information

dissemination, there is yet to be in-depth research!!’~1°1 on ef-
fectively mapping the IC model to the GPU architecture. 20221
To achieve this, it necessitates a meticulous approach to algo-
rithmic design, ensuring that the full spectrum of GPU’s par-
allel processing prowess is harnessed.

In this study, we propose a GPU-based parallel inde-
pendent cascade (GPIC) algorithm to accelerate the simula-

tion process, which is more efficient and less time-consuming
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compared with previous IC algorithms. Specifically, the al-
gorithm improves the efficiency and extensibility of the IC
model through optimized network data structure and parallel
task scheduling strategies.

The main contributions of this paper include: (i) propos-
ing and implementing a parallel algorithm for the IC model
tailored for GPU processing; (ii) designing a network data
structure and efficient memory access patterns, as well as de-
composing and paralleling tasks to enhance the efficiency of
the IC model; (iii) validating the accuracy and efficiency of
the algorithm through extensive experiments; (iv) providing
application examples of the algorithm in actual information
dissemination simulations, and demonstrating its potential in
practical research problems.

This efficient GPIC algorithm can be used as a fundamen-
tal tool to simulate information spreading and has the potential
to promote research on information dynamics in complex net-
works.

The paper is organized as follows: Section 2 involves the
method related to the GPIC algorithm. Section 3 introduces
the detailed designs of GPIC, including the new data struc-
ture, parallel simulation framework, and optimization strate-
gies. Section 4 evaluates the accuracy and efficiency of GPIC.
Section 5 applies GPIC in Monte Carlo simulation. In Sec-
tion 6, we conclude the study by summarizing our findings,
discussing their implications, and suggesting future research
directions.

2. Method
2.1. Independent cascade model

The independent cascade (IC) model,!*! as one of the in-
formation dissemination models, was first proposed by Gold-
enberg et al. As a probabilistic model, it assumes that the
success of node u’s attempt to activate its adjacent node v is an
event with a probability of p(u,v). Moreover, the probability
of an inactive node being activated by a newly active neigh-
bor node is independent of the activation attempts of previous
neighbors. In addition, the model also assumes that node u has
only one opportunity to activate its neighbor node v, regardless
of success or failure. After this, although u itself remains ac-
tive, it no longer has the ability to influence others and such
nodes are called active nodes without influence. Following is
the activating process of the IC model.

1. Define the initial set of active nodes A.

2. At time ¢, the newly activated node u influences its
adjacent node v with a success probability of p(u,v). If v has
multiple neighbors that have just been activated, these nodes
will attempt to activate node v in any order.

3. If node v is successfully activated, at time 7 + 1, node v
becomes active and will influence its adjacent inactive nodes;
otherwise, the state of node v does not change at time 7 4 1.

4. This process continues until there is no more influential
active node in the network and the spreading process ends.

In the later part of this paper, we will take this IC model
implemented with Python as the baseline algorithm and com-
pare it with GPIC to examine the performance of the new al-
gorithm.

2.2. GPU and CUDA

GPU has emerged as the quintessential option for par-
allel computation, primarily attributed to its distinctive hard-
ware configuration and innovative design principles. Com-
pared with CPU, GPU has more processing cores that can ex-
ecute tens of thousands of threads simultaneously, providing
a hardware foundation for large-scale parallel processing. Its
architecture mainly includes:

Streaming multiprocessor (SM) is a processing unit in
the GPU, which includes a set of processing cores, registers,
shared memory and other supporting structures. Each SM is
endowed with the autonomy to concurrently manage and exe-
cute a cohort of threads, taking charge of the orchestration and
operational execution of the threads it oversees.

Streaming processor (SP) is the execution unit within
SM. An SM contains multiple SPs, which are the most basic
processing units for executing computational tasks.

Compute unified device architecture (CUDA) is a par-
allel computing platform and programming model proposed
by NVIDIA. Developers can directly use NVIDIA’s GPUs for
general computing based on the CUDA API. CUDA’s parallel
computing model adopts a hierarchical management method
to effectively organize and schedule threads through the com-
bination of grid, block and thread to achieve highly flexible
parallel processing. In terms of memory access, CUDA pro-
vides operation support for multiple memory types, including
registers, local memory, shared memory and global memory.
This design allows developers to perform targeted classifica-
tion processing based on the performance requirements of the
data and optimize the data access efficiency during the calcu-
lation process. In terms of computation, it is achieved through
kernel functions. Developers can optimize the kernel function
to ensure that both SM and SP participate in the calculation
as much as possible, thereby improving the overall computing
efficiency.

2.3. Datasets

This study compares the efficiency of the proposed GPIC
algorithm with baseline algorithm using two different types
of artificial networks: Barabdsi—Albert networks (BA)!23! and
Erdés—Rényi networks (ER).!?* Table 1 presents the param-
eters of the BA and ER networks, where (k) is the average
degree,!”! k* is the maximum degree, and c is the clustering
coefficient.>>) The power-law exponent of BA networks is set
to 2. The specific details are as follows.
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Table 1. Details of the datasets.

Dataset Nodes Edges (k) (k%) ¢
BA-1000 1000 3990 7.98 (957) 0.8607
BA-3000 3000 11990 7.99 (2805) 0.8550
BA-5000 5000 19990 7.99 (4920) 0.9838
BA-7000 7000 27990 7.99 (6921) 0.9883
BA-10000 10000 39990 7.99 (9844) 0.9906
ER-1000 1000 3990 7.98 (17) 0.0100
ER-3000 3000 11990 7.99 (21) 0.0019
ER-5000 5000 19990 7.99 (20) 0.0018
ER-7000 7000 27990 7.99 (19) 0.0012
ER-10000 10000 39990 7.99 (21) 0.0007

We also use the Watts—Strogatz (WS) network>®! to ex-
amine our algorithm. The WS network has a higher clustering
coefficient, and its average degree and maximum degree are
similar to that of the ER network, so is the acceleration effect.

3. Design of GPIC

This section provides a detailed introduction to the GPIC
algorithm. As each active node activates its adjacent nodes in-
dependently in the independent cascade model, this activating
process can be computed in parallel. And for each simulation,
we can also leverage the parallel capabilities of the GPU to
accelerate computation.

Simulation rounds = R*

Simulation rounds = R

—_
[\
w

- [ R
R

Independent
task = N

SO

Total task =N X R
Total thread = 1

([ ]R]

Total task =N X R* X B

The algorithm is designed to implement the IC model for
performing various network tasks.

Task 1 In a network with N nodes, select a set of seed
nodes and simulate the propagation effect for R rounds. This
type of task is commonly used in research such as influence
simulation®”! and influence maximization. [>!-28!

Task 2 In a network with N nodes, select a set of seed
nodes, immunize some of them, and then compare the prop-
agation effects when selecting different nodes to immunize;
repeat the simulation for R rounds. This type of task is com-
monly used in research such as information dissemination in-
tervention simulation, 23! network disintegration!*!-*?l and
network attack.[3?!

Task 3 In a network with NV nodes, select each node as a
seed node and assess its individual propagation effect; repeat
the simulation for R rounds. This type of task is commonly
used in research such as assessing the influence of individual
nodes**3> and mining important nodes.

Note that the activation probability P in the propagation
model can be a fixed value for homogeneous propagation or
vary with edge weights for heterogeneous propagation.

The algorithm mainly consists of three parts: data struc-
ture, parallel simulation, and optimization strategies.

GPU Block

Thread
per
block

Batch size Block size
Total task =N X R* X B
Total thread = N X B

E.j;;;mD

Fig. 1. Task decomposition and parallelization. The algorithm divides the N xR independent tasks into batches and sizes suitable for GPU
parallel scheduling. Through block parallelism and thread parallelism, the serial tasks of a single CPU are mapped into parallel computing

tasks of N x B independent threads.

3.1. Data structure

Data preprocessing is a fundamental step that involves
transforming raw data into a format suitable for the algorithm.
The raw network data is generally constructed as edge list data
which are composed of node pairs or weighted node pairs.
To adapt to the data structure in the GPU and facilitate in-
dexing, we aim to represent network data as an adjacency list
that includes the list length: [(list length, node;, nodey, ...)].
Compared with the adjacency matrix, which occupies N XN of

graphics card memory space, the adjacency list only occupies

N x max(degree) of graphics card space. Therefore, for ran-
dom networks where the maximum degree is usually low, the
space usage is only 0.2%—1.7% of the adjacency matrix, sav-
ing a significant amount of graphics card memory. However,
for scale-free networks with high-degree hub nodes, the space
usage is only 2%—7% less than the adjacency matrix.

In response to this, we propose another data structure
based on the edge list. We store the network data in the form of
an edge list, which will occupy O(3E) space ([{node;, node,,
weight)]), and then construct an index data structure to facili-
tate the indexing of network data: [(node id, index start num-
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ber, edge count)], which will occupy O(3N) space. For ex-
ample, for the data used in this study, E ~ 4N, it will occupy
a total space of 15N, which is only 0.1%—1.1% of the space
occupied by the adjacency matrix. For social networks, when
the network density is relatively sparse, the second method
is often better than the first one. However, as the number of
edges increases, the first method may be better than the sec-
ond one. For example, in a complete graph, the first method
only occupies N> — N space, while the second method occu-
pies %NZ + %N space.

The actual memory usage is affected by task require-
ments, network structure (including network size N and max-
imum degree) and the number of repeated rounds R. Among
these factors, as task requirements depend on the situation and
R is generally fixed at around 50-1000. Thus, it is important
to optimize memory usage for network data. The actual mea-
sured results under the current configurations are as follows:
a network with 10000 nodes occupies 14 MB of memory for
Task 1, 4 MB for Task 2, and 178 MB for Task 3 (see Table 2).
It can be seen that most network calculations can be performed
on consumer-grade graphics cards.

Table 2. Memory usage of different tasks.

Dataset Task  Repeatrounds Memory usage (MB)

Task 1 1000 14
ER-10000  Task 2 1000 4

Task 3 1000 178

Task 1 1000 8
ER-5000  Task 2 1000

Task 3 1000 66

3.2. Parallel simulation framework

The implementation of the IC model using a GPU-based
parallel algorithm largely depends on the design and imple-
mentation of the kernel function. Due to constraints related to
graphics card memory space and management mechanisms,
the kernel function cannot freely request and release mem-
ory space as on the CPU platform. Instead, it must achieve
the algorithm’s effects within the limited graphics card mem-
ory, ideally within the original array space without requiring
additional memory allocation. To address this, we propose a
method that will additionally apply for a temporary space of
size PxN (P denotes the parallel number) to record the acti-
vation status of the current round. The data type of temporary
space is represented by an unsigned short integer (i.e., uint8),
which could save more memory space compared to other data
types such as signed integers and uint32.

For the parallelization of Task 1, the main requirement is
to perform multiple rounds of Monte-Carlo simulation with a
given seed set. This involves multi-threaded batch parallelism,
which requires a thorough consideration of both the block size
and thread size. The batch size should not be too small, which

would lead to a lot of time being consumed in the creation and
destruction of threads. At the same time, the batch size should
also not be too large, which would result in a low level of par-
allelization, failing to achieve the best acceleration effect.

For the parallelization of Task 2, an additional require-
ment of node immunization is introduced in addition to the
operations in Task 1. This new requirement does not require
a fundamental change in operations, except for an increase
in computational workload: from R rounds of simulation in
Task 1 to R X G (the number of immunized node groups).
However, this slight change results in a significant increase
in comparisons between experimental groups, leading to an
exponential rise in computational workload. This also puts
higher demands on computational efficiency.

For the parallelization of Task 3, the amount of compu-
tation is NxR. Given that N (representing the network size)
could be extremely large, the amount of computation of this
task could far exceed those of Task 1 and Task 2. The algo-
rithm carries out different designs on thread task assignment.

3.3. Optimization strategies

The algorithm needs to fully utilize the two-level par-
allelism mechanism inside the GPU, block parallelism and
thread parallelism. Given that optimizing thread parallelism
efficiency requires optimizing the kernel function to reason-
ably divide tasks, which requires in-depth analysis of task con-
tent, we choose to optimize block parallelism, which only re-
quires choosing a reasonable block size to avoid wasting com-
puting resources.

Block size There are two key points for block size opti-
mization.

The specific hardware component that executes the block
is the streaming multiprocessor (SM). It is possible to place all
threads in the block on the same SM. This can avoid cross-SM
calculations, effectively improving memory access speed and
computational efficiency.

Threads in the GPU are packaged and executed according
to Warp. Generally, the size of a Warp is 32, and threads that
are not enough for 32 will also be packaged into one Warp. To
avoid resource waste, it is recommended to set the number of
threads in multiples of 32.

Optimizing block size in this way for GPU computation
may offer minimal efficiency gains for tasks like Task 1 and
Task 2, which have low computational requirements. How-
ever, for high-computational tasks like Task 3, the optimiza-
tion can lead to significant improvements in efficiency.

Batch size In multi-round repeated simulations, we can
divide the R rounds of simulation into B batches, i.e., R =
R* x B. Although the total computational workload remains
the same, dividing the task into B batches allows for greater
utilization of the GPU’s available resources. This approach
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increases the number of active SMs and SPs, thereby enhanc-
ing computational efficiency. However, it should be noted that
increasing the number of batches will require more memory
for temporary results, which increases the GPU’s memory us-
age. Therefore, the number of batches should not exceed the
GPU’s maximum memory capacity, as this would reduce com-

putational efficiency.

3.4. Flow diagram

The following pseudocode presents the implementation

logic of the parallel algorithm.

Algorithm 1: parallel independent cascade algorithm

Input: Network structure: adj(G), Activation probability: wadj(G), Origin seed set , Repeat times: R, Result space:

result and Temporary space: temp

Output: activated nodes set size

1 Set current thread = CUDA Block Dim x Block id + CUDA thread id;

2 Use current thread location the result and temp;

3 for r = 0;r < R; do

a activated nodes set = set{seed}, this set in Temporary space;

5 new activated nodes set = set{seed}, this set in Temporary space;
6 while new activated nodes set is not Empty do

7 current round activated nodes set = empty set;

8 for activated node in new activated nodes set do

° if activated node’s neighbour nodes are not Activated then
10 try to activate neighbour;

11 if activate success then

12 activated nodes set add neighbour node;

13 current round activated nodes set add neighbour node;
14 new activated nodes set = current round activated nodes set;

15 return write the mean of R times activated nodes sets size to result;

3.5. Usability and extensibility

GPIC offers tool functions to preprocess input data, en-
suring it’s ready for algorithms. These tools can handle var-
ious network structures represented by Python libraries like
networkx and igraph, simplifying the process for researchers.
Researchers only need to provide network structure and prop-
agation weights as input to simulate the independent cascade
spreading process. This design allows the GPIC algorithm to
seamlessly integrate with the established workflow of the tra-
ditional IC algorithm, thereby saving time during implemen-
tation and operation.

In terms of extensibility, the logic control part of the
GPIC algorithm is written in Python. It takes advantage of
the characteristics of dynamically interpreted languages and
can be run without compilation, making it easy to embed core
simulation methods. The core logic code of the extended algo-
rithm can follow the code structure of the Python version. By
simply adding the GPU thread number and the code to save
the result data, a smooth transition from CPU to GPU can be
achieved. However, for spreading models with complicated
logic, further design of interaction strategies between threads

is required to achieve expansion, which has certain limitations.

4. Evaluation of GPIC

To evaluate the performance of the GPIC algorithm, we
conduct extensive experiments to compare it with the CPU-
based IC algorithm. This section will first introduce the envi-
ronmental setup, then the metrics for measuring performance,
and finally the accuracy and efficiency results.

4.1. Experimental setup

4.1.1. Experimental tasks

The parameters that mainly affect the computational com-
plexity of the IC model include network size N, spreading
probability P, and the number of simulation rounds R. Several
cases are considered to explore how the parameters affect the
computational complexity of the IC model. We design three
specific testing tasks to measure the performance of the pro-
posed GPIC algorithm.

Task 1 Identify the top 100 nodes by degree as candidate
seed nodes. Add nodes to the seed node set one by one in
order of degree, increasing in size from 1 to 100. Implement
each simulation for R rounds and analyze the spreading effect
of different seed sizes.

Task 2 Select the top 100 nodes by degree as seed nodes
and identify the next largest degree of 1%—-20% nodes as can-
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didate immune node set. Add these candidate nodes to the
immune node set individually in order of degree, increasing in
size from 1% to 20%. Implement each simulation for R rounds
and study the change of spreading size of different immune
sizes.

Make
each seed node undergo R rounds of simulation and study the

Task 3 Select a different node as a seed node.

spreading size of a single node. This is to explore the rela-
tionship between the spreading effect of nodes and network

structure and its attributes.

4.1.2. Experimental environment

For the hardware environment, the baseline IC algorithm
is conducted on the CPU platform, which uses an Intel Core
19-10900 K@3.70 GHz. The GPIC algorithm is conducted
on the GPU platform, which is the main computing environ-
ments commonly used by researchers, including laptop, desk-
tops, and servers:

Laptop configuration: Nvidia GeForce MX150 graphics
card, 384 CUDA cores, 2 GB GDDRS5 memory.

Desktop configuration: Nvidia GTX 1660SP graphics
card, 1408 CUDA cores, 6 GB GDDR6 memory.

Server configuration: Nvidia RTX 3090 graphics card,
10496 CUDA cores, 24 GB GDDR6X memory.

For the operating environment, the CPU platform for the
baseline algorithm uses Python 3.10.4. The basic operating
environment of the GPU platform for GPIC is the same as that
of the CPU platform, with the addition of support libraries for
GPU programming, including CUDA 12.5 and numba-0.59.1.

Mean
GPU BL GPU BL
50 rounds 50 rounds 100 rounds 100 rounds
BA-1000 - 403.6 405.9 406.7 406.1
7 1783.4 1777.0
:
g ER-1000 - 160.7 161.2 163.2 163.2
ER-3000 - 190.7 191.7 191.6 192.7
ER-5000 - 198.8 202.4 200.8 198.9
ER-7000 - 195.2 192.5 196.7 196.7
ER-10000 - 208.2 214.2 210.0 211.1

4.2. Evaluation metrics

We employ the following three metrics to evaluate the ac-
curacy and efficiency of GPIC.

Mean and variance This is to test GPIC’s accuracy. We
conduct a consistency test on the results, analyzing the mean
and variance of the spreading sizes produced by both the GPIC
and baseline algorithm. By assessing the statistical similar-
ity between these results, we can determine the reliability and
accuracy of the GPIC algorithm in simulating spreading pro-
cesses.

Execution time This is to test GPIC’s efficiency. It refers
to the time required for the algorithm to complete R rounds
of IC spreading process. The time for data preparation and
preprocessing is not included.

Speedup effect This is to test GPIC’s efficiency. Take the
execution time of the baseline algorithm as the baseline time
t(BL), and the execution time of the GPIC algorithm as 7(F),
and the speedup effect is speedup = ¢(BL) /¢(F).

4.3. Experimental results
4.3.1. Accuracy of GPIC

To analyze the accuracy of the proposed GPIC algorithm,
we apply the GPIC and baseline algorithm to BA and ER net-
works with different sizes. Three tasks mentioned above are
tested, and the results are displayed in Figs. 2—4. In all the
tasks, we find that the mean and variance of the spreading size
obtained by the GPIC algorithm are close to those of the base-
line algorithm, indicating that the proposed GPIC algorithm
can guarantee the accuracy of the original independent cas-
cade process.

Variance
GPU GPU BL
50 rounds 50 rounds 100 rounds 100 rounds
3500 ! ! ! !
199.0 164.9 237.1 208.8

666.7
10

3000
3000

737.5

1023.3 905.5 2500

2500

1128.6 1516.6

2000

71.8 50.0 89.5 80.8 1500
1500
153.4 157.8 146.6 119.7
1000
1000 1643 1513 166.9 160.1
155.0 112.3 1719 1243 500
-500
1722 239.7 197.7 152.0

Fig. 2. Comparison of the spreading size between GPIC and baseline algorithm in Task 1. Seed size is fixed at 100.

In Fig. 3, taking the simulation results of a BA network with 5000 nodes as an example, we implement the spreading

experiment of 1000 rounds of simulation by the GPIC algorithm and the baseline algorithm respectively. As shown in the figure,

the GPIC algorithm has a mean spreading size of 1434.525 and a variance of 908.19, while the baseline algorithm has a mean

of 1433.95 and a variance of 880.69. Perform a T-test on the two sets of results, and we get a T-value of 0.43 and a P-value of

0.67. It can be seen that the statistical difference between the two is very small and passes the T-test, validating that there is no
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significant difference between the results from the GPIC and baseline algorithm. Figure 4 illustrates a slight difference in the
variance of spreading size between the GPIC and the baseline algorithm within the BA network. This is because the seed node 0

connecting many nodes requires more rounds of simulation to reach stability.

Mean Variance
GPU B! GPU BL GPU B! GPU BL
50 rounds 50 rounds 100 rounds 100 rounds 50 rounds 50 rounds 100 rounds 100 rounds
BA-1000 - 338.1 335.6 336.9 337.6 211.8 139.7 165.5 160.9

2500

521.4
[0

462.1
559.5

498.9

448.9
-

2000

1750

BA-5000 30
2000
BA-7000 SIS 1989 1 197 10 4 1101.9 1500
3 1500
& ER1000- 1391 139.1 138.1 137.6 37.9 252 34.0 39.7 1000
ER-3000-  160.4 159.5 160.2 158.1 882 56.5 64.7 56.2 750
1000
ER-5000-  166.1 167.4 166.7 164.9 115.7 518 77.9 84.9 w0
ER-7000-  159.1 158.4 159.2 159.0 00 104.1 426 64.1 623
250
ER-10000-  168.6 167.7 168.2 1673 123.8 96.9 73.4 80.4

Fig. 3. Comparison of the spreading size between GPIC and baseline algorithm in Task 2. Here 100 nodes with top degree are selected as
seeds, and the immune seed sizes are 1%—20%; 500 and 1000 rounds of simulations are implemented respectively.

Mean Variance
GPU BL GPU BL GPU BL GP BL
50 rounds 50 rounds 100 rounds 100 rounds 50 rounds 50 rounds 100 rounds 100 rounds
BA-1000 - 55.8 47.9 42.0 36.2 5279.1 3792.0 3147.2 2989.4
1200 300000
BA-3000 335.5 310.9 315.6 19760.7 14549.7 17432.3 13065.7
3 61

53971.6

BA-7000

05.1

250000

200000

B BA-10000
s
5’ ER-1000 - 25 26 22 24 150000
ER-3000 - 34 2.7 2.6 2.6 7.8 4.1 4.0 3.9
400 100000
ER-5000 - 2.7 22 2.6 2.4 3.5 1.5 4.2 3.1
ER-7000 - 2.7 2.6 2.5 2.1 200 3.0 10.4 3.0 1.3 50000
ER-10000 - 3.0 3.0 2.8 2.7 2.4 2.8 4.4 2.8

Fig. 4. Comparison of the spreading size between GPIC and baseline algorithm in Task 3.

Detailed results between the GPIC and baseline algorithm
with different types of infection weights are presented in sup-
plement material Tables A1-A3, and the results remain con-
sistent.

4.3.2. Efficiency of GPIC

To analyze the acceleration effects of the proposed GPIC
algorithm, we apply the GPIC and baseline algorithm to the
three tasks mentioned above. As shown in Fig. 5(a), the exe-
cution time of the baseline algorithm increases proportionally
with the number of simulation rounds, while the GPIC algo-
rithm remains at a relatively low execution time regardless of
the number of rounds. Furthermore, GPIC demonstrates ef-
ficiency across different network sizes, with only a slight in-
crease in execution time as the network size grows.

In Fig. 5(b), GPIC achieves dozens of times acceleration
performance in the BA network. In the ER network, since the

size of seeds is fixed, the propagation of seeds is decreased
with the increase of the network size, and the overall time
consumption is reduced. Even so, the time consumption of
the GPIC algorithm is still much lower than the baseline al-
gorithm. Furthermore, in a network with a large scale, the
overall execution time realized by the GPIC is reduced from
thousands of seconds to tens of seconds, achieving an acceler-
ation effect of two orders of magnitude.

Figure 6 presents time efficiency improvement of GPIC
over baseline algorithm in three tasks. It shows that for Task 1
and Task 2, the GPIC can achieve hundreds of times accelera-
tion effects when the network size is small, and tens of times
improvement when the network grows larger. And for Task 3,
the larger the network size, the greater the acceleration effect.
This is because the number of simulated tasks is equal to the
number of nodes.

030204-7


https://cpb.iphy.ac.cn/EN/10.1088/1674-1056/adb67c
https://cpb.iphy.ac.cn/EN/10.1088/1674-1056/adb67c

Chin. Phys. B 34, 030204 (2025)

A0 1 () 175592 e .
000k (a) Dataset - . L — 1755.92 g
—e— GPU-BA-1000 e PR L S ———— CPUBA
= ~ %= GPU-BA-10000 5 S 1 ene e 7'7
=] e 228.05. x~ GPU-ER
g 4000r e CPU-BA-1000 L § """ Reduced 88 times| .. CPU-BA
S -+ CPU-BA-10000 . ) o
3 & 'y X 63.89 o CPUER
~ P =2 T P L
g 0007 260873 2 .
§ L = . Reduced 536 times /19'92
= 107y Reduced 54 ti
£ 2000 L g educe imes
2 o ) B ./
3 - Reduced 64 times = 1 x
2 10007 S o't e
& o 457.03 = P
e 40:49 -----»--------;-_-:-gzgqqz:;e'g"_sgg"_ii'_@e_s* 043 -~
i P 084 'k . . . .
50100 500 1000 1000 3000 5000 7000 10000

Simulation rounds

Network size

Fig. 5. Comparison of execution time of GPIC and baseline algorithm across different simulation rounds and networks sizes. (a) The time
consumption of GPIC and baseline algorithm in Task 1, where BA networks vary in size. (b) The time consumption of GPIC and baseline
algorithm in Task 2, where 20% of the nodes are immune and 500 rounds of simulation are considered.

(a) Task 1 (b)

Task 2 (c) Task 3

Dataset

200 00 600 800 1000 0 100
Speedup effect (times)

Speedup effect (times)

300 400 500 20 40 60
Speedup effect (times)

Fig. 6. Speedup effect of GPIC over baseline algorithm in three tasks. It shows the speedup effect of the BA and ER network at different scales,

with the same scale represented by the same color.

4.3.3. GPIC performance on various platforms

We implement the GPIC algorithm on three different plat-
forms to examine how hardware environment affects its per-
formance. The platforms are equipped with MX150, GTX
1660SP, and RTX 3090, respectively. The three types of hard-
ware are roughly compared in terms of CUDA core count,
memory, and bandwidth, with the GTX1660SP having ap-
proximately 2—3 times the capabilities of the MX150, and the
RTX 3090 showing about 20-30 times the performance met-
rics of the MX150.

We implement 50, 100, 500, and 1000 rounds of simu-
lation on the BA network, and the experimental results show
that compared with the CPU platform, using low-level graph-
ics cards such as MX150 can also achieve an acceleration of
2-554 times, and using medium and high-level graphics cards
can achieve a 21-1586 times acceleration effect (see supple-
ment material Tables A4—A6). The performance of GPIC
across MX150, GTX 1660SP, and RTX 3090 is illustrated in
Fig. 7. Notably, GPIC’s performance on the RTX 3090 sig-
nificantly surpasses that on the MX150, while remaining com-
parable to the GTX 1660SP. This indicates that the GPIC al-
gorithm can achieve good acceleration effects on consumer-
grade graphics cards, and there is still a huge space for im-
provement on high-level graphics cards.

BA network with 5000 nodes

i -
10 ot Reduced 47 times

- Reduced 39 times

X
/

Execution time (second)

3 ¥
10 58
Platform
w RTX3090
ol —e— GTXI660SP
10% —x= MXI50

50100 300 1000
Simulation rounds

Fig. 7. GPIC’s performance on various platforms with different types
of hardware: MX150, GTX 1660SP, and RTX 3090.

4.3.4. GPIC test with real-world datasets

In recent years, with the continuous improvement of data
collection capabilities, the scale of networks studied by schol-
ars has expanded to the millions level. Large-scale network
data has posed new challenges to the efficiency of simulations.
The GPIC algorithm, based on the hardware conditions of a
single computing node, has certain limitations and adaptabil-
ity in implementing propagation simulations. We select four
real-world datasets?*38] with large scales and conduct testing
tasks of 100 repeated simulations. The results demonstrate the
computational capability of the GPIC algorithm on large-scale
network datasets, as shown in Table 3. Tasks 1-3 indicate the
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execution time of the GPIC algorithm for performing Tasks 1—
3, respectively. The other headers are the same as those in
Table 1.

For Task 1 and Task 2, we increased the number of Blocks
to fully utilize more GPU cores during computation, thereby
enhancing computational efficiency. However, Task 3 involves
the need for intermediate result caching of size N x N. For net-
works with hundreds of thousands of nodes, the required cache
space exceeds RTX3090 memory (24 GB), which is beyond
the capacity of ordinary hardware. Nevertheless, the GPIC

algorithm benefits from the scheduling techniques of GPU-
shared memory and can still perform computations using CPU
memory. However, the frequent transfer between CPU mem-
ory and GPU memory limits the acceleration effect. Addi-
tionally, since each task in Task 3 is independent, it can be
divided into multiple batches for computation. By control-
ling the GPU memory required for each batch to be within the
capacity of the GPU’s dedicated memory, the computational

efficiency can also be effectively improved.

Table 3. Time consumption of the GPIC algorithm with real-world datasets in Tasks 1-3.

Dataset Nodes Edges (k) (k) ¢ Task 1 Task 2 Task 3
Email-EUal]3¢! 265214 365570 2.75(7636) 0.455 29.51 92.89 623.73
Web-BerkStan37] 685231 6649470 19.41(84230) 0.634 564.96 90.71 25474.39
Web-Google!?7! 916428 4322051 9.43(6332) 0.624 312.02 16.70 11505.04

YouTube8! 1157828 2987624 5.16(28754) 0.172 213.78 5080.25 13957.49

5. Application of GPIC

In the field of information dissemination research, the IC
model is employed for Monte Carlo simulations to estimate
the spread size of information, which typically necessitates
conducting multiple rounds of repeated experiments (R times)
and performing statistical analysis on the results. While it is
generally recommended to conduct 100 to 200 rounds of sim-
ulation to balance costs and benefits, the exact number of rep-
etitions required to achieve significantly approximate optimal
results remains unclear.

Given the high efficiency of our GPIC algorithm, this sec-
tion aims to (1) utilize the GPIC algorithm to perform a large
number of repeated experiments to explore the impact of dif-
ferent repetition counts on the stability of simulation results;
and (2) investigate the number of repetitions needed to achieve
relatively stable simulation outcomes across various network
scales.

5.1. Monte Carlo simulation

Here, we employ multiple BA scale-free network datasets
with typical social network characteristics for the Monte Carlo
simulation experiment, and conduct experiments on a Sys-
tem equipped with a high-performance GPU, specifically the
Nvidia RTX3090.

In this experiment, when the statistical measures (such as
variance and mean) of the simulation results show little fluc-
tuation as the number of simulation rounds increases, we con-
sider the current results to be stable and record the number of
simulation rounds.

5.2. Simulation results

We construct a continuous sequence of data from the re-
sults of multiple rounds of simulation, recalculating the mean
and variance of the sequence data with each additional data

point, forming a continuously changing sequence of mean and
variance. The trend and pattern of changes can be observed
visually.

As shown in Fig. 8, before reaching 100 rounds, both the
mean and variance exhibit significant fluctuations, indicating
that the results are not yet stable. As the number of simulation
rounds increases, particularly between 100 and 200 rounds,
the mean and variance begin to stabilize, suggesting that the
dynamic characteristics of the spreading process are dimin-
ishing. After approximately 500 rounds, both the mean and
variance reach a relatively stable state, achieving full stability

around 1000 rounds.

BA-10000-Mean BA-10000-Variance

1400 Mean 5

Variance

1300

1200 I

Mean
Variance (10°%)

1100 1

1000 0
0100200 500 1000
Simulation rounds

0 100200 500 1000
Simulation rounds

Fig. 8. The correlation between rounds of simulation and spreading size
(mean and variance) of a single seed.

This indicates that for studies with higher costs, perform-
ing 100 to 200 rounds of simulation is acceptable, while for
studies that require lower costs, it is advisable to conduct sim-
ulations for 500 rounds to ensure the reliability of the results.
This approach allows for a balance between different research
needs and resource constraints.

Furthermore, we also implement the same experiments
in ER networks and homogeneous propagation type. Detail
information is presented in supplement material Figs. S1-S3,

and the results also remain consistent.
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6. Conclusion and perspectives

This study proposes a GPU-based parallel algorithm to
implement the independent cascade model, with the aim to
solve the efficiency bottleneck problem faced by traditional
algorithms when using the IC model with Monte Carlo simu-
lation.

By designing new network data structures and efficient
memory access patterns, as well as decomposing and parallel-
ing tasks, the proposed algorithm significantly improves the
efficiency and scalability of the IC model. The main contribu-
tions of this study include:

Algorithmic innovation: We propose a GPU-based paral-
lel algorithm to implement the IC model, achieving high effi-
ciency through GPUs’ high parallel processing capabilities.

Performance improvement: We have proved that the al-
gorithm can improve computational efficiency compared with
baseline experiments, including datasets with different scales
and rounds of simulations.

Significant application value: We have determined the op-
timal number of simulation rounds under limited computing
power, providing practical insights for related research.

The GPIC algorithm holds extensive potential applica-
tions across various fields, extending beyond the scope of tra-
ditional information dissemination research. It can be utilized
to analyze the spread of trending topics on social media, eval-
uate the effectiveness of advertising campaigns, and assess
strategies for public opinion guidance in large-scale social net-
works. Additionally, it can rapidly validate the effectiveness
of epidemic models in the context of epidemic spread sim-
ulation. The GPIC algorithm is also valuable for evaluating
algorithms related to spreading dynamics and identifying vital

B9 Furthermore, its versatility allows

nodes within networks.
it to be applied in interdisciplinary spreading research, such as
in economics, ecosystems, and cybersecurity, where spreading
dynamics play a crucial role.

The proposed GPU-based parallel IC algorithm has
achieved remarkable results in improving simulation effi-
ciency, but there are still some limitations that need to be im-
proved in the future.

1) Optimizing parameter setting The current GPIC al-
gorithm sets a fixed parameter value for the batch size involved
in task decomposition. However, this value should be adjusted
based on the hardware parameters of the GPU and the specific
tasks at hand. Therefore, the GPIC algorithm can be optimized
in the future to adaptively calculate more optimal parameter
values according to different scenarios.

2) Enhancing multi-GPU support The current algo-
rithm is mainly designed and optimized for a single GPU, and
it can be optimized to extend to a multi-machine and multi-
GPU computing environment, enabling parallel simulation on
large-scale networks.

3) Expanding to diverse propagation models The cur-
rent algorithm is designed for the independent cascade model,
and it is expected to be expanded to more propagation mod-
els such as SI, SIR, and SIS,*! therefore performing more
extensive spreading simulations.

4) Broadening practical applications Our algorithm can
be applied to other simulation scenarios, such as virus spread-
ing simulation,*!*? public opinion dissemination, etc., to
verify its practicality and generalization ability.

In conclusion, this study demonstrates the feasibility of
a GPU-based parallel algorithm on social network informa-
tion simulation. It improves the efficiency of the IC model
tremendously compared with the traditional algorithm. With
the development of computing technology and the growth of
network size, GPIC will provide an important tool and refer-
ence for research in social network fields.

Program availability
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