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Motivation

1. Introduction

1.1 Motivation

Social Network Analysis

Social Network has become 
one of the greatest sources 
of information in recent 
years.
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Social Network Influence Minimization
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Social Network Influence Maximization has been used in several 
practical applications:

• Marketing and advertising campaigns. 

• Eradication of diseases. 

• Product recommendations. 

• Emergency response and crisis management. 

1. Introduction

1.3 Real world applications

Real world applications
Influence Maximization Problem

12/80
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1. Introduction

1.2 Literature review

Literature review
Influence Maximization Problem

Banerjee, S., Jenamani, M., & Pratihar, D. K. (2020). A survey on influence maximization in a social 
network. Knowledge and Information Systems, 62, 3417-3455.
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• Hypothesis: 

Heuristic and metaheuristic techniques can find high-quality 
solutions to Social Network Influence Problems.

• Objective: 

To design and implement metaheuristic scalable algorithms to 
address Social Network Influence Maximization Problems.

 Study the state of the art

 Identify properties

 Design an algorithm

 Implement the algorithm

 Compare the algorithms

 Disseminate the results 

1. Introduction

1.4 Hypothesis and objectives

Hypothesis and objectives
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Influence Diffusion Models (IDMs)

2. Studied Social Network Influence Problems

2.1 Influence Diffusion Models

Models

Responsible for modeling how the information is transmitted through the network.

Two states: active or not active.

An IDM assigns an influence probability to each edge.

ICM WCM LTM TV

Montecarlo Algorithm

16/80
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Influence Diffusion Models (IDMs)

2. Studied Social Network Influence Problems

2.1 Influence Diffusion Models

Montecarlo algorithm

Estimate the number of activated users.

4 input parameters:
• Social Network represented as 𝑮 = (𝑽, 𝑬)
• Seed of infected/activated users represented 

as 𝑺
• IDM criteria represented by ѱ
• Iterations represented as 𝒆𝒗

Alternatives:
• Random analysis
• Estimation of variance
• Parallel Montecarlo

17/80
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Influence Diffusion Models (IDMs)

2. Studied Social Network Influence Problems

2.1 Influence Diffusion Models

Independent Cascade Model (ICM)

A node (𝒗) that becomes active at time (𝒕), has the chance to activate its neighbor next time (𝒕 + 𝟏).
Then 𝒗 generates a random number between [𝟎, 𝟏] for each neighbor 𝒖. 
If and only if 𝒑{𝒗,𝒖} ≤ 𝒑, the neighbor 𝒖 will be activated. 

18/80
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Influence Diffusion Models (IDMs)

2. Studied Social Network Influence Problems

2.1 Influence Diffusion Models

Weighted Cascade Model (WCM)

Probability of a user 𝒗 for being influenced by user 𝒖 is proportional to the in-degree of user 𝒗. 

If and only if 𝟏 −
𝟏

𝒅𝒊𝒏 𝒗
  ≤ 𝒑, the neighbor 𝑢 will be activated. 
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Influence Diffusion Models (IDMs)

2. Studied Social Network Influence Problems

2.1 Influence Diffusion Models

Linear Threshold Model (LTM)

A weight 𝝎(𝒖, 𝒗) is associated to each edge 𝒖, 𝒗 and a threshold 𝜽𝒖 is associated to each node 𝒖. 
A node 𝒖 will be activated if the total weight between itself and its activated neighbors is, at least, 𝜽𝒖. 

෍ 𝝎 𝒖, 𝒗 ≥ 𝜽𝒖

𝒗
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2. Studied Social Network Influence Problems

2.1 Influence Diffusion Models

Influence Diffusion Models (IDMs)
Tri-Valency Model (TV)

Randomly selects the edge probability from 𝒑 = {𝟏%, 𝟎. 𝟏%, 𝟎. 𝟎𝟏%}. 
The activated node 𝑣 then generates a random number between [0,1] for each neighbor 𝑢. 
If and only if 𝒑{𝒗,𝒖} ≤ 𝒑, the neighbor 𝑢 will be activated. 
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2. Studied Social Network Influence Problems

2.2 Social Network Influence Maximization Problem

To maximize the number of 
nodes in the network that are 
influenced by the seed set S.

Objective

Math. Definition

A B C

E F G

D

H

𝑝 = 1 and |𝑆| = 2

𝑆∗ ← argmax 𝑀𝐶(𝐺, 𝑆, 𝐼𝐷𝑀, 𝑒𝑣)
𝑠 ∈ 𝑆𝑆

Social Network Influence Maximization Problem

22/80
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Budgeted Influence Maximization Problem

2. Studied Social Network Influence Problems

2.3 Budgeted Influence Maximization Problem

To find a set of seed nodes 
that maximizes the activated 
users without exceeding a 
given budget 𝐵.

Objective

Math. Definition

𝑆⋆ ← argmax 𝑀𝐶 𝐺, 𝑆, 𝐼𝐷𝑀, 𝑒𝑣 ∶ ෍ 𝐶 𝑢 ≤  𝐵

௨∈ௌ

A B C

E F G

D

H

3 4 4 2

2 9 3 2

𝑝 = 1 and 𝐵 = 10

𝑠 ∈ 𝑆𝑆
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Target Set Selection Problem

2. Studied Social Network Influence Problems

2.4 Target Set Selection Problem

Objective

𝑥௩
௧ିଵ ≤ 𝑥௩

௧  ∀𝑣 ∈ 𝑉, 1 ≤ 𝑡 ≤ 𝑇

𝑇𝑆𝑆 𝑆 =  ෍ 𝛽 𝑣 ·  𝑥௩
்

௩∈௏

𝑆⋆ ← argmax 𝑇𝑆𝑆(𝑆)

Math. Definition

A

B

D

C E

To find a set of seed nodes 
that maximizes the activated 
users without exceeding a 
given budget 𝐾.

0.00.3

0.3

1.10.8

0.6

0.1 + 1.1 ≥ 1.0

0.2 + 0.3 < 1.0

0.8 + 0.1 < 1.00.8 + 0.1 + 0.3 ≥ 1.0

0.3 + 0.2 + 0.0 < 1.00.3 + 0.2 + 0.0 + 0.3 < 1.0

𝛼, 𝛽: 𝑉 → ℤା

෍ 𝛼 𝑣 · 𝑥௩
଴ ≤ 𝐾

௩∈௏

𝑠 ∈ 𝑆𝑆

26/80
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3. Methodology

1. Exact algorithms require high-computing times when the size of the 
problems grows.

2. Heuristic algorithms emerge as a good alternative.

3. Metaheuristic algorithms guide heuristics.

Motivation
Methodology

“A metaheuristic is a high-level problem-independent algorithmic framework 
that provides a set of guidelines or strategies to develop heuristic 
optimization algorithms.”

K. Sörensen and F. Glover.

28/80
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3. Methodology

1. Generate an initial solution through a constructive procedure.

2. Improve the initial solution through a local search procedure. 

3. Escape from local optima traps using metaheuristic techniques. 

General Scheme
Methodology
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3. Algorithmic proposal

3.1 Constructive procedures

Methodology
Constructive procedures

Proposed constructive procedures to solve SNIM problems: 

1. Based on the objective function (𝑔௢௙ 𝑢 ). 

SNIMP and TSS

2. According to the neighbor out-degree (𝑔ௗ௘ 𝑢 ).

SNIMP, BIMP and TSS

3. Heuristic based on the first and second neighbors out-degree (𝑔௡௘ 𝑢 ).

SNIMP and BIMP  

4. Prioritizes nodes that do not have selected neighbors as a seed node (𝑔ௗ௜௦௧ 𝑢 ). 

BIMP

30/80
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3. Algorithmic proposal

3.1 Constructive procedures

Methodology
Constructive procedures

Proposed greedy methods to solve SNIM problems: 

1. 𝑔௢௙ 𝑢 = 𝑀𝑜𝑛𝑡𝑒𝐶𝑎𝑟𝑙𝑜(𝐺, 𝑆 ∪ 𝑢, 𝐼𝐷𝑀, 𝑒𝑣)

2. 𝑔ௗ௘ 𝑢 = 𝑑௨
ା = 𝑁௨

ା 𝑤ℎ𝑒𝑟𝑒 𝑁௨
ା = 𝑤 ∈ 𝑉: 𝑢, 𝑤 ∈ 𝐸

3. 𝑔௡௘ 𝑢 =  𝑑௨
ା + ∑ 𝑑௩

ା
௩∈ேೠ

శ

4. 𝒈𝒅𝒊𝒔𝒕 𝒖 =  ቐ
𝑑௨

ା   𝑖𝑓 𝑣 ∉ 𝑆, ∀𝑣 ∈ 𝑁௨
ା

ௗೠ
శ

ଶ
       𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒         

A B C

E F G

D

H

𝑔௢௙ 𝐹 = 6 𝑔௢௙ 𝐻 = 5 

𝑔ௗ௘ 𝐹 = 3 𝑔ௗ௘ 𝐻 = 0 

𝑔௡௘ 𝐹 = 7 𝑔௡௘ 𝐻 = 0

𝑔ௗ௜௦௧ 𝐹 = 1.5 𝑔ௗ௜௦௧ 𝐻 = 0 

𝑝 = 1
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3. Algorithmic proposal

Methodology
Single vs Multi-Start

𝑓

𝑠ଷ

𝑠ଶ

𝑠ସ

𝑠ଵ

𝑆𝑆
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3. Algorithmic proposal

3.2 Improving procedures

Methodology
Improving procedures – Neighborhood and moves

𝑓

𝑆𝑆

𝑠

𝑠ଵ

𝑠ହ

40/80
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3. Algorithmic proposal

3.2 Improving procedures

Methodology
Improving procedures – Local search

Local search procedures start with a feasible solution and at each iteration try 
make moves from a neighborhood to find better solutions.

Proposed neighborhoods: 
• Swap neighborhood – SNIMP
• Replace neighborhood – TSS and BIMP

Exploration strategies: 
• First improvement
• Best improvement

41/80
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3. Algorithmic proposal

3.2 Improving procedures

Methodology
Improving procedures – Neighborhood local optima

𝑓

𝑆𝑆

𝑠ଶ

𝑠ଷ

𝑠ଵ
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3. Algorithmic proposal

3.2 Improving procedures

Methodology
Improving procedures – Swap neighborhood

Main idea:

• Exchange with a seed node to a non-
activated node.

𝑁ௌ(𝑆) = {𝑆𝑤𝑎𝑝 𝑆, 𝑢, 𝑣   ∀ 𝑢 ∈ 𝑆 ∧ ∀𝑣 ∈ 𝑉\S}.

A B C

E F G

D

H

𝑝 = 1

43/80
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3. Algorithmic proposal

3.2 Improving procedures

Methodology
Improving procedures – Replace neighborhood

Main idea:

• Exchange a seed node to a not activated 
node (one or more).

𝑁ோ 𝑆 = {𝑆ᇱ← 𝑅𝑒𝑝𝑙𝑎𝑐𝑒 𝑆, 𝑢, 𝑃   ∀௨∈ 𝑆 ∧ ∀𝑃 ∈ 𝑉\S: ෍ 𝐶 𝑝 ≤ 𝐵 + 𝐶(𝑢)

௣∈௉

} 

A B C

E F G

D

H

𝑅𝑒𝑝𝑙𝑎𝑐𝑒 𝑆, 𝑢, 𝑃 = 𝑆  𝑢 ∪ 𝑃 𝑝 = 1 and 𝐵 = 10

3 4 4 2

2 9 3 2
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3. Algorithmic proposal

3.3 Metaheuristics

Methodology

Main contributions:

1. Diverse starting solutions. 

2. Strategically sampling the solution space.

3. Scalable algorithm in terms of quality.

36/104

Greedy Randomized Adaptive Search Procedure (GRASP)

Main variants:

1. Reactive GRASP.

2. Parallel GRASP.

3. Path Relinking + GRASP. 
Used in SNIMP, BIMP and TSS

45/80
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3. Algorithmic proposal

3.3 Metaheuristics

Methodology
Greedy Randomized Adaptive Search Procedure (GRASP)
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3. Algorithmic proposal

3.3 Metaheuristics

Methodology

Main steps:

1. Generate an initial 
solution. 

2. Improve it through an 
improvement method. 

3. Restart the procedure 
(step 1). 

38/104

Greedy Randomized Adaptive Search Procedure (GRASP)

𝑓

𝑠ଷ

𝑠ଵ
𝑠ଶ

𝑠ସ

𝑆𝑆
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3. Algorithmic proposal

3.3 Metaheuristics

Methodology

39/104

Path Relinking
Main contributions:

1. Combines solutions of similar quality to generate new, potentially better solutions. 

2. Combines different search methods into a single structure, being flexible and 
adaptable to a wide range of optimization problems.

3. It uses information from previous solutions to guide the search, allowing it to target 
promising regions of the search space.

Main variants that determine how to explore the search space:

1. Static Path Relinking.

2. Dynamic Path Relinking.

3. Adaptive Path Relinking. 
Used in TSS
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3. Algorithmic proposal

3.3 Metaheuristics

Methodology

40/104

Path Relinking

Strategies:

1. Interior Path Relinking (IPR): connect two high-quality solutions replacing non-
existing nodes in both solutions, the fact if that two good solutions could find new 
good solutions. 

2. Exterior Path Relinking (EPR): follows the opposite idea of IPR, removal nodes 
that are in both solutions, the main idea is diversify.

3. Reactive Path Relinking (RPR): combines IPR and EPR according solution 
similarity. If high similarity, then IPR to favor intensification else EPR to favor 
diversification.  It is a related work from this doctoral thesis.

49/80
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3. Algorithmic proposal

3.3 Metaheuristics

Methodology

41/104

Path Relinking

𝑓

𝑠ଷ

𝑠௚

𝑠௜

𝑆𝑆

𝑠ଶ

𝑠ସ

𝑠ହ
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3. Algorithmic proposal

3.4 Advanced strategies

Advanced strategies

42/104

Overview

• Propose ideas for improving local search efficiency:

• Find better quality solutions.

• Reduce computing time.

• Scalability.

• Strategies of general applicability, not only for a specific problem or for the 
SNIMP family, but also for other optimization problems.

51/80
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3. Algorithmic proposal

3.4 Advanced strategies

Advanced strategies

43/104

Objective function factorization

• Motivation: to reduce the computational time of the Montecarlo. 

• Objective: to avoid recalculating metrics that can be stored in cache.

• Strategies:

• Store influence given by seed sets.
• Parallel Montecarlo execution.
• Random performance. 
• Use profiler to analyze the performance and improve it.
• Reduce number of Montecarlo simulations.

52/80
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3. Algorithmic proposal

3.4 Advanced strategies

Advanced strategies

44/104

Neighborhood reduction

• Motivation: to reduce the computational time of the local search. 

• Objective: to avoid exploring lower-quality solutions.

• Strategies:

• Restrict moves by selecting a subset of promising nodes.
• Discard nodes that do not met the budget.
• Detect promising nodes without Montecarlo.

53/80
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Discussion of results
Methodology

4. Discussion of results

4.1 Methodology

1. Instances & Preliminary experimentation. 

• Request instances.

• Generate instances.

• Preliminary analysis. 

• Generate test set.

3. Conclusions & Contribution.

2. Competitive Testing.

• Obtain state-of-the-art source code.

• Execute the algorithms.

• Numerical analysis.

• Statistical testing: nonparametric tests. 

55/80
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Discussion of results
Methodology - Experimental environment

4. Discussion of results

4.1 Methodology

 Programming Language: Java 9 – 17.

 Metaheuristic Optimization framewoRK (MORK) 10-13.

 Experimental machine: AMD EPYC 7282 16 cores CPU with 32Gb of RAM & Intel Core i7 (2.6 GHz) 
with 8GB RAM.

 Performance metrics:

• Avg.: objective function value.

• Time (s): run time measured in seconds.

• Dev (%): average deviation from the best-known solution.

• Gap (%): average deviation from the optimal solution.

• Best: times that the algorithm is able to reach the best solution in the experiment.

• Optimal: number of times that the algorithm is able to reach the optimal solution in the experiment.

56/80
Design and Implementation of Metaheuristic Algorithms for SNIP

Isaac Lozano Osorio

Results for the SNIMP

4. Discussion of results

4.1 Results for the SNIMP

Instances & Preliminary experimentation

EdgesNodesInstance

1036897115WikiVote

19811018772ca-AstroPh

9349723133ca-CondMat

42157834546cit-HepPh

18383136692email-Enron

14789262586p2p-Gnutella31

420045265214email-EuAll

https://snap.stanford.edu/

https://grafo.etsii.urjc.es/SNIMP

 Adjust  parameter = Random.

 Determine the number of explored nodes in the 
neighborhood for the local search phase = 20.

 IDM = ICM.

 K = [10, 20, 30, 40, 50].

Total: 7·|K| = 35

57/80
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Results for the SNIMP

4. Discussion of results

4.1 Results for the SNIMP

Competitive testing

BestDev (%)Time (s)Avg.Algorithm

06.595.55208.33CELF

04.2560.09221.49CELF++

018.931146.71195.54PSO

350.0039.04236.37GRASP

58/80
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Results for the SNIMP

4. Discussion of results

4.1 Results for the SNIMP

Conclusions & Contribution

 A novel metaheuristic approach for dealing with the SNIMP.

 Two constructive procedures are proposed.

 Intelligent neighborhood exploration strategy is parameterized being highly 
scalable.

 Results are supported by Friedman test and then the pairwise Wilcoxon
test.

59/80
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Results for the BIMP

4. Discussion of results

4.2 Results for the BIMP

Instances & Preliminary experimentation

EdgesNodesInstance

259989877Ca-HepT

9349723133Ca-CondMat

8905954836HC Twitter

40574075879soc-Epinions1

https://snap.stanford.edu/

https://grafo.etsii.urjc.es/BIMP

 Adjust  parameter = Random.

 Maximum number of iterations Ψ in the local
search phase = 500.

 IDM = [ICM (1%), ICM (2%), WCM, TV].

 Budgets = [2000, 2600, 6000, 10000, 140000, 
180000, 22000].

Total: 4·|Budget|·|IDM| = 84.

60/80
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Results for the BIMP

4. Discussion of results

4.2 Results for the BIMP

Competitive testing

BestDev (%)Time (s)Avg.AlgorithmIDM

0
21

17.64
0.00

214.97
117.06

8319.68
8872.61

ComBIM
GRASP

ICM (1%)

3
18

6.49
0.07

215.31
146.21

14467.65
14828.77

ComBIM
GRASP

ICM (2%)

0
21

57.49
0.00

214.04
97.80

2277.79
10087.08

ComBIM
GRASP

WCM

0
21

39.01
0.00

214.68
69.65

1976.11
2677.58

ComBIM
GRASP

TV

3
81

30.18
0.02

214.75
107.68

6760.31
9116.51

ComBIM
GRASP

Summary

61/80
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Results for the BIMP

4. Discussion of results

4.2 Results for the BIMP

Conclusions & Contribution

 Robust comparison with four influence 
diffusion models. 

 A scalable algorithm for solving BIMP.

 A real-life instance generated based 
on tweets in the Healthcare area.

 Results are supported by Friedman 
test and then the pairwise Wilcoxon
test.
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Results for the TSS

4. Discussion of results

4.3 Results for the TSS

Instances & Preliminary experimentation
EdgesNodesInstance

100-336410-58Optimal value is known (82)

448967Prison*

255711005email-Eu-core

882344039ego-Facebook

144965242ca-GrQc

353247126Twitch EN

278067624LastFM Asia

259989877ca-HepTh

33398310312BlogCatalog3

https://snap.stanford.edu/

https://grafo.etsii.urjc.es/TSS

Total: 90

 Adjust  parameter = Random.

 Select greedy function = Based on degree.

 Local search = Advanced local search.

http://vlado.fmf.uni-lj.si/pub/networks/data/UciNet/UciData.htm

http://datasets.syr.edu/datasets/BlogCatalog3.html
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Results for the TSS

4. Discussion of results

4.3 Results for the TSS

Competitive testing

BestDev (%)Time (s)Avg.Algorithm

51.714534.9723302.00SA

32.2333652.9723514.13CELF

30.44715.7123629.00SPR

60.123025.8723716.63DPR

OptimalGap (%)Time (s)Avg.Algorithm

820.00117.1445.38Gurobi

764.860.0146.31SA

6112.190.0142.07CELF

791.820.0144.54SPR

762.580.0144.34DPR

Optimal value is known

Large instances
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Results for the TSS

4. Discussion of results

4.3 Results for the TSS

Conclusions & Contribution

 SPR and DPR are able to provide high-quality solutions. If the computing 
time is a hard constraint SPR else DPR.

 Proposed local search is optimized by reducing the evaluation of the 
objective function.

 Dataset of instances has been extended with real-life networks.

 Results are supported by Friedman test and then the pairwise Wilcoxon
test.
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5. Conclusions and future work

5.1 General conclusions

General conclusions
Hypothesis:
 Heuristic and metaheuristic techniques can find high-quality solutions to Social Network 

Influence Problems.

Achieved objectives: 

 Review and analyze the current state of the art.

 Obtain properties and structural characteristics of the problem.

 Propose a heuristic algorithm to solve each problem and compare it with state-
of-the-art algorithms.

 Document and disseminate the research results through this dissertation and 
publications in scientific forums.

 Make publicly available the source code and instances to ease further 
comparison.
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Future lines of research

• Dynamic social networks in real time marketing campaigns in real time. 

• Robust Influence Diffusion Models to evaluate influence propagation.

• Influence minimization: fake news and the spread of rumors are on the rise.

5. Conclusions and future work

5.2 Future lines of research 68/80
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Main contributions
Timeline

5. Conclusions and future work

5.3 Main contributions 69/80
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Main contributions
3 JCR publications

Isaac Lozano-Osorio, Jesús Sánchez-Oro, Oscar Cordón and 
Abraham Duarte. A quick GRASP-based method for influence 
maximization in social networks. Journal of Ambient 
Intelligence and Humanized Computing, 14, 3767-3779, 
2023 (JCR, Q2, 2021). 

Constructive: Based on first and second neighbor out-degree.

Local Search: First Improvement & Swap neighborhood.

Metaheuristic: GRASP.

5. Conclusions and future work
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Main contributions
3 JCR publications

Isaac Lozano-Osorio, Andrea Oliva García and Jesús 
Sánchez-Oro. Dynamic Path Relinking for the Target Set 
Selection problem. Knowledge-Based Systems, 278:110827, 
2023 (JCR, Q1, 2022).

Constructive: Based on degree.

Local Search: First Improvement & Replace neighborhood.

Metaheuristic: GRASP + Path Relinking.

5. Conclusions and future work

5.3 Main contributions 71/80
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Main contributions
3 JCR publications

5. Conclusions and future work

5.3 Main contributions

Isaac Lozano-Osorio, Jesús Sánchez-Oro and Abraham 
Duarte. An efficient and effective GRASP algorithm for the 
Budget Influence Maximization Problem. Journal of Ambient 
Intelligence and Humanized Computing, -, -, 2024 (JCR, 
Q2, 2021).

Constructive: Prioritizes nodes that do not have selected.
Local Search: First Improvement & Replace neighborhood.

Metaheuristic: GRASP.
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Main contributions
6 Workshops

• 3 Workshops GRAFO.

• 1 Escuela de Invierno organized by Red HEUR.

• 1 Workshop Optimad.

• 1 Workshop in International Conference on Parallel Problem Solving from
Nature (PPSN 2020).

• Participation in the 5th “Thesis in 3 Minutes” contest.

5. Conclusions and future work

5.3 Main contributions 73/80
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Artificial, Málaga, 2021.
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