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Background: Multilayer Graphs

Cancer Cells’ Network
[Rai et al. Sci Rep. 2017]

Brain Network
[Luo et al. KDD 2020]
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Background: Multilayer Graphs

Goods Circulation Network
[Orengo & Livarda 2016]

Citation Network
[Luo et al. KDD 2020]

Knowledge Network
[Emmanuelle et al. 2021]



Community Search: find densely connected communities
– query-dependent & highly-personalized
– support for different kinds of graphs
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Query

Background: Community Search

Figure Source: S. Malhotra, “Deep Dive Into Graph Traversals,” medium.com, 2017. [Online]. 



Community search in single layer graphs

Published Paper Network Researcher Expertise Network Interest Group Network Scholar Collaboration Network

Query Query
Query

Query
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Background: Community Search



Community search in multilayer graphs
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Background: Community Search in MLGs



• Event planning
• Social marketing
• Recommendation
• Biological data analysis

Location-based Social Marketing

Event PlanningIdentify Functional Systems
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Background: Applications



Papers Graph Types Main Ideas

Heterogeneous
Information Networks

Multiplex
Graphs

Multilayer
Graphs

Dense Subgraph
Model

Random Walk

Fang et al. PVLDB
2020

✓ ✓

Jiang et al. PVLDB
2022

✓ ✓

Zhou et al. PVLDB
2023

✓ ✓

Behrouz et al. PVLDB
2022

✓ ✓

Luo et al. KDD 2020 ✓ ✓ ✓ ✓

Ours ✓ ✓ ✓ ✓

Related Works

1) failure to identify informative communities with the most layers when a 
multilayer graph is associated with a large number of layers; 
2) failure to distinguish the degree of connections in internal layers and 
cross-layers.



Preliminary: Overview



Preliminary: (k, d)-core



Preliminary: Strong Cross-layer Connectivity



Preliminary: Fully-connected Multilayer Connectivity



Preliminary: Multilayer Community Search Problem

MCS-problem is NP-Hard



Proposed Methodologies: Framework

The key idea of MCS framework consists of three phases: 
I. extracting k-core components at all layers;
II.  identifying the strong cross-layer connectivity for any two  k-core components at different 

layers;
III.  starting from Q to search fully-connected multilayer community H.

The additional phase is for relaxed MCS
problem which starting from Q to search path-
connected multilayer community H.



Proposed Methodologies: Relaxed pMCS-problem

Tree Structure



Proposed Methodologies: MCS vs pMCS

Tree

Clique

Speed Up



Proposed Methodologies: (k, d)-core Index



Experiments: Datasets

Setup: All experiments were performed on a server with an Intel Xeon Gold 6330 2.0 GHz CPU and 1T 
RAM, running 64-bit Oracle Linux 8.8. 
Datasets types: 
Collaboration networks: DBLP, Citeseer
Social networks: Twitter, Friendfeed, Venetie 

News groups: 6ng, 9ng
Protein-protein networks: Yeast 
Agriculture data: FAO



Experiments: Comparison on All Algorithms

Quality evaluation on all chosen datasets.

Efficiency evaluation on all chosen datasets.

RWM: a random-walk-based approach for local 

multilayer community search [Luo et al. KDD 2020]. 

FirmTruss: a truss-based community search approach in 

multiplex networks [Behrouz et al. PVLDB 2022]. 

Naive-MCS: our baseline method for full-layered 

community enumerations. 

Path-MCS: the path-layer community search algorithm. 

MCS: our fast approach for full-layer community search. 

Path-iMCS: our index-based Path-MCS. 

iMCS: our index-based improved approach of MCS. 



Experiments: Scalability Evaluation

Efficiency evaluation by varying parameters (k, d) on Twitter.

Efficiency evaluation by varying parameters (k, d) on DBLP.

Efficiency evaluation by varying |L(MG)|.

Layer number evaluation by varying |L(MG)|.



Experiments: Index Quality Comparison



Conclusion

• We propose a novel dense subgraph of (k, d)-core in multilayer graphs, strengthening the 
connections in internal layers and cross-layers. 

• Based on (k, d)-core, we formulate our new problem of multilayer community search (MCS) to 
maximize the number of cross-layers and prove the MCS problem to be NP-hard. 

• We propose an exact enumeration algorithm and a bound-and-search method, which reduces the 
full-layer connectivity to path-layer connectivity to accelerate efficiency.

• In addition, we design a (k, d)-core index to store all (k, d)-core information and propose an 
index-based algorithm to speed up community search. 

• We conduct extensive experiments to evaluate the effectiveness and efficiency of our algorithms
on nine real-world datasets. 
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