
13/11/2020 Vol. 33 No. 01: AAAI-19, IAAI-19, EAAI-20 | Proceedings of the AAAI Conference on Artificial Intelligence

https://ojs.aaai.org/index.php/AAAI/issue/view/246 1/195

Proceedings of the AAAI Conference on Artificial Intelligence

Home /  Archives /  Vol. 33 No. 01: AAAI-19, IAAI-19, EAAI-20

Vol. 33 No. 01: AAAI-19, IAAI-19, EAAI-20

Thirty-Third AAAI Conference on Artificial Intelligence 

Thirty-First Conference on Innovative Applications of Artificial Intelligence 

The Ninth Symposium on Educational Advances in Artificial Intelligence  

Sponsored by the Association for the Advancement of Artificial Intelligence 

January 27 – February 1, 2019, Hilton Hawaiian Village, Honolulu,Hawaii, USA

Published by AAAI Press, Palo Alto, California USA 

Copyright © 2019, Association for the Advancement of Artificial Intelligence 

All Rights Reserved

10,300 Pages 

ISSN 2374-3468 (Online) 

Volume 33 Number 1 (2019)

Print Version: 

ISSN 2159-5399 (Print) 

ISBN 978-1-57735-809-1

 

Published: 2019-07-23

https://ojs.aaai.org/index.php/AAAI/index
https://ojs.aaai.org/index.php/AAAI/index
https://ojs.aaai.org/index.php/AAAI/issue/archive
https://ojs.aaai.org/index.php/AAAI/issue/view/246


13/11/2020 Vol. 33 No. 01: AAAI-19, IAAI-19, EAAI-20 | Proceedings of the AAAI Conference on Artificial Intelligence

https://ojs.aaai.org/index.php/AAAI/issue/view/246 2/195

AAAI Technical Track: AI and the Web

Incorporating Behavioral Constraints in Online AI Systems

 PDF

Outlier Aware Network Embedding for Attributed Networks

 PDF

Comparative Document Summarisation via Classification

 PDF

ColNet: Embedding the Semantics of Web Tables for Column Type Prediction

 PDF

Improving One-Class Collaborative Filtering via Ranking-Based Implicit Regularizer

 PDF

Answer Identification from Product Reviews for User Questions by Multi-Task Attentive Networks

 PDF

Dynamic Explainable Recommendation Based on Neural Attentive Models

 PDF

Avinash Balakrishnan, Djallel Bouneffouf, Nicholas Mattei, Francesca Rossi
3-11



Sambaran Bandyopadhyay, N. Lokesh, M. N. Murty
12-19



Umanga Bista, Alexander Mathews, Minjeong Shin, Aditya Krishna Menon, Lexing Xie
20-28



Jiaoyan Chen, Ernesto Jiménez-Ruiz, Ian Horrocks, Charles Sutton
29-36



Jin Chen, Defu Lian, Kai Zheng
37-44



Long Chen, Ziyu Guan, Wei Zhao, Wanqing Zhao, Xiaopeng Wang, Zhou Zhao, Huan Sun
45-52



Xu Chen, Yongfeng Zhang, Zheng Qin
53-60



https://ojs.aaai.org/index.php/AAAI/article/view/3762
https://ojs.aaai.org/index.php/AAAI/article/view/3762/3640
https://ojs.aaai.org/index.php/AAAI/article/view/3763
https://ojs.aaai.org/index.php/AAAI/article/view/3763/3641
https://ojs.aaai.org/index.php/AAAI/article/view/3764
https://ojs.aaai.org/index.php/AAAI/article/view/3764/3642
https://ojs.aaai.org/index.php/AAAI/article/view/3765
https://ojs.aaai.org/index.php/AAAI/article/view/3765/3643
https://ojs.aaai.org/index.php/AAAI/article/view/3766
https://ojs.aaai.org/index.php/AAAI/article/view/3766/3644
https://ojs.aaai.org/index.php/AAAI/article/view/3767
https://ojs.aaai.org/index.php/AAAI/article/view/3767/3645
https://ojs.aaai.org/index.php/AAAI/article/view/3768
https://ojs.aaai.org/index.php/AAAI/article/view/3768/3646


13/11/2020 Vol. 33 No. 01: AAAI-19, IAAI-19, EAAI-20 | Proceedings of the AAAI Conference on Artificial Intelligence

https://ojs.aaai.org/index.php/AAAI/issue/view/246 3/195

DeepCF: A Unified Framework of Representation Learning and Matching Function Learning in
Recommender System

 PDF

TableSense: Spreadsheet Table Detection with Convolutional Neural Networks

 PDF

Triple Classification Using Regions and Fine-Grained Entity Typing

 PDF

Dynamic Layer Aggregation for Neural Machine Translation with Routing-by-Agreement

 PDF

Deeply Fusing Reviews and Contents for Cold Start Users in Cross-Domain Recommendation
Systems

 PDF

Feature Sampling Based Unsupervised Semantic Clustering for Real Web Multi-View Content

 PDF

Cooperative Multimodal Approach to Depression Detection in Twitter

 PDF

Zhi-Hong Deng, Ling Huang, Chang-Dong Wang, Jian-Huang Lai, Philip S. Yu
61-68



Haoyu Dong, Shijie Liu, Shi Han, Zhouyu Fu, Dongmei Zhang
69-76



Tiansi Dong, Zhigang Wang, Juanzi Li, Christian Bauckhage, Armin B. Cremers
77-85



Zi-Yi Dou, Zhaopeng Tu, Xing Wang, Longyue Wang, Shuming Shi, Tong Zhang
86-93



Wenjing Fu, Zhaohui Peng, Senzhang Wang, Yang Xu, Jin Li
94-101



Xiaolong Gong, Linpeng Huang, Fuwei Wang
102-109



Tao Gui, Liang Zhu, Qi Zhang, Minlong Peng, Xu Zhou, Keyu Ding, Zhigang Chen
110-117



https://ojs.aaai.org/index.php/AAAI/article/view/3769
https://ojs.aaai.org/index.php/AAAI/article/view/3769/3647
https://ojs.aaai.org/index.php/AAAI/article/view/3770
https://ojs.aaai.org/index.php/AAAI/article/view/3770/3648
https://ojs.aaai.org/index.php/AAAI/article/view/3771
https://ojs.aaai.org/index.php/AAAI/article/view/3771/3649
https://ojs.aaai.org/index.php/AAAI/article/view/3772
https://ojs.aaai.org/index.php/AAAI/article/view/3772/3650
https://ojs.aaai.org/index.php/AAAI/article/view/3773
https://ojs.aaai.org/index.php/AAAI/article/view/3773/3651
https://ojs.aaai.org/index.php/AAAI/article/view/3774
https://ojs.aaai.org/index.php/AAAI/article/view/3774/3652
https://ojs.aaai.org/index.php/AAAI/article/view/3775
https://ojs.aaai.org/index.php/AAAI/article/view/3775/3653


13/11/2020 Vol. 33 No. 01: AAAI-19, IAAI-19, EAAI-20 | Proceedings of the AAAI Conference on Artificial Intelligence

https://ojs.aaai.org/index.php/AAAI/issue/view/246 4/195

Anchors Bring Ease: An Embarrassingly Simple Approach to Partial Multi-View Clustering

 PDF

Y2Seq2Seq: Cross-Modal Representation Learning for 3D Shape and Text by Joint Reconstruction
and Prediction of View and Word Sequences

 PDF

Learning to Align Question and Answer Utterances in Customer Service Conversation with
Recurrent Pointer Networks

 PDF

Exploiting Background Knowledge in Compact Answer Generation for Why-Questions

 PDF

Graph Convolutional Networks Meet Markov Random Fields: Semi-Supervised Community
Detection in Attribute Networks

 PDF

Incorporating Network Embedding into Markov Random Field for Better Community Detection

 PDF

Crawling the Community Structure of Multiplex Networks

 PDF

Jun Guo, Jiahui Ye
118-125



Zhizhong Han, Mingyang Shang, Xiyang Wang, Yu-Shen Liu, Matthias Zwicker
126-133



Shizhu He, Kang Liu, Weiting An
134-141



Ryu Iida, Canasai Kruengkrai, Ryo Ishida, Kentaro Torisawa, Jong-Hoon Oh, Julien Kloetzer
142-151



Di Jin, Ziyang Liu, Weihao Li, Dongxiao He, Weixiong Zhang
152-159



Di Jin, Xinxin You, Weihao Li, Dongxiao He, Peng Cui, Françoise Fogelman-Soulié, Tanmoy Chakraborty
160-167



Ricky Laishram, Jeremy D. Wendt, Sucheta Soundarajan
168-175



https://ojs.aaai.org/index.php/AAAI/article/view/3776
https://ojs.aaai.org/index.php/AAAI/article/view/3776/3654
https://ojs.aaai.org/index.php/AAAI/article/view/3777
https://ojs.aaai.org/index.php/AAAI/article/view/3777/3655
https://ojs.aaai.org/index.php/AAAI/article/view/3778
https://ojs.aaai.org/index.php/AAAI/article/view/3778/3656
https://ojs.aaai.org/index.php/AAAI/article/view/3779
https://ojs.aaai.org/index.php/AAAI/article/view/3779/3657
https://ojs.aaai.org/index.php/AAAI/article/view/3780
https://ojs.aaai.org/index.php/AAAI/article/view/3780/3658
https://ojs.aaai.org/index.php/AAAI/article/view/3781
https://ojs.aaai.org/index.php/AAAI/article/view/3781/3659
https://ojs.aaai.org/index.php/AAAI/article/view/3782
https://ojs.aaai.org/index.php/AAAI/article/view/3782/3660


13/11/2020 Vol. 33 No. 01: AAAI-19, IAAI-19, EAAI-20 | Proceedings of the AAAI Conference on Artificial Intelligence

https://ojs.aaai.org/index.php/AAAI/issue/view/246 5/195

Coupled CycleGAN: Unsupervised Hashing Network for Cross-Modal Retrieval

 PDF

Supervised User Ranking in Signed Social Networks

 PDF

Personalized Question Routing via Heterogeneous Network Embedding

 PDF

Popularity Prediction on Online Articles with Deep Fusion of Temporal Process and Content
Features

 PDF

Discrete Social Recommendation

 PDF

SNR: Sub-Network Routing for Flexible Parameter Sharing in Multi-Task Learning

 PDF

DTMT: A Novel Deep Transition Architecture for Neural Machine Translation

 PDF

Chao Li, Cheng Deng, Lei Wang, De Xie, Xianglong Liu
176-183



Xiaoming Li, Hui Fang, Jie Zhang
184-191



Zeyu Li, Jyun-Yu Jiang, Yizhou Sun, Wei Wang
192-199



Dongliang Liao, Jin Xu, Gongfu Li, Weijie Huang, Weiqing Liu, Jing Li
200-207



Chenghao Liu, Xin Wang, Tao Lu, Wenwu Zhu, Jianling Sun, Steven C. H. Hoi
208-215



Jiaqi Ma, Zhe Zhao, Jilin Chen, Ang Li, Lichan Hong, Ed H. Chi
216-223



Fandong Meng, Jinchao Zhang
224-231



https://ojs.aaai.org/index.php/AAAI/article/view/3783
https://ojs.aaai.org/index.php/AAAI/article/view/3783/3661
https://ojs.aaai.org/index.php/AAAI/article/view/3784
https://ojs.aaai.org/index.php/AAAI/article/view/3784/3662
https://ojs.aaai.org/index.php/AAAI/article/view/3785
https://ojs.aaai.org/index.php/AAAI/article/view/3785/3663
https://ojs.aaai.org/index.php/AAAI/article/view/3786
https://ojs.aaai.org/index.php/AAAI/article/view/3786/3664
https://ojs.aaai.org/index.php/AAAI/article/view/3787
https://ojs.aaai.org/index.php/AAAI/article/view/3787/3665
https://ojs.aaai.org/index.php/AAAI/article/view/3788
https://ojs.aaai.org/index.php/AAAI/article/view/3788/3666
https://ojs.aaai.org/index.php/AAAI/article/view/3789
https://ojs.aaai.org/index.php/AAAI/article/view/3789/3667


13/11/2020 Vol. 33 No. 01: AAAI-19, IAAI-19, EAAI-20 | Proceedings of the AAAI Conference on Artificial Intelligence

https://ojs.aaai.org/index.php/AAAI/issue/view/246 6/195

Multi-Perspective Relevance Matching with Hierarchical ConvNets for Social Media Search

 PDF

Unsupervised Neural Machine Translation with SMT as Posterior Regularization

 PDF

Mining Entity Synonyms with Efficient Neural Set Generation

 PDF

Surveys without Questions: A Reinforcement Learning Approach

 PDF

ATP: Directed Graph Embedding with Asymmetric Transitivity Preservation

 PDF

Learning from Web Data Using Adversarial Discriminative Neural Networks for Fine-Grained
Classification

 PDF

Meimei: An Efficient Probabilistic Approach for Semantically Annotating Tables

 PDF

Jinfeng Rao, Wei Yang, Yuhao Zhang, Ferhan Ture, Jimmy Lin
232-240



Shuo Ren, Zhirui Zhang, Shujie Liu, Ming Zhou, Shuai Ma
241-248



Jiaming Shen, Ruiliang Lyu, Xiang Ren, Michelle Vanni, Brian Sadler, Jiawei Han
249-256



Atanu R Sinha, Deepali Jain, Nikhil Sheoran, Sopan Khosla, Reshmi Sasidharan
257-264



Jiankai Sun, Bortik Bandyopadhyay, Armin Bashizade, Jiongqian Liang, P. Sadayappan, Srinivasan Parthasarathy
265-272



Xiaoxiao Sun, Liyi Chen, Jufeng Yang
273-280



Kunihiro Takeoka, Masafumi Oyamada, Shinji Nakadai, Takeshi Okadome
281-288



https://ojs.aaai.org/index.php/AAAI/article/view/3790
https://ojs.aaai.org/index.php/AAAI/article/view/3790/3668
https://ojs.aaai.org/index.php/AAAI/article/view/3791
https://ojs.aaai.org/index.php/AAAI/article/view/3791/3669
https://ojs.aaai.org/index.php/AAAI/article/view/3792
https://ojs.aaai.org/index.php/AAAI/article/view/3792/3670
https://ojs.aaai.org/index.php/AAAI/article/view/3793
https://ojs.aaai.org/index.php/AAAI/article/view/3793/3671
https://ojs.aaai.org/index.php/AAAI/article/view/3794
https://ojs.aaai.org/index.php/AAAI/article/view/3794/3672
https://ojs.aaai.org/index.php/AAAI/article/view/3795
https://ojs.aaai.org/index.php/AAAI/article/view/3795/3673
https://ojs.aaai.org/index.php/AAAI/article/view/3796
https://ojs.aaai.org/index.php/AAAI/article/view/3796/3674


13/11/2020 Vol. 33 No. 01: AAAI-19, IAAI-19, EAAI-20 | Proceedings of the AAAI Conference on Artificial Intelligence

https://ojs.aaai.org/index.php/AAAI/issue/view/246 7/195

DeepTileBars: Visualizing Term Distribution for Neural Information Retrieval

 PDF

Entity Alignment between Knowledge Graphs Using Attribute Embeddings

 PDF

VistaNet: Visual Aspect Attention Network for Multimodal Sentiment Analysis

 PDF

UGSD: User Generated Sentiment Dictionaries from Online Customer Reviews

 PDF

Community Detection in Social Networks Considering Topic Correlations

 PDF

Community Focusing: Yet Another Query-Dependent Community Detection

 PDF

Multi-Level Deep Cascade Trees for Conversion Rate Prediction in Recommendation System

 PDF

Session-Based Recommendation with Graph Neural Networks

Zhiwen Tang, Grace Hui Yang
289-296



Bayu Distiawan Trisedya, Jianzhong Qi, Rui Zhang
297-304



Quoc-Tuan Truong, Hady W. Lauw
305-312



Chun-Hsiang Wang, Kang-Chun Fan, Chuan-Ju Wang, Ming-Feng Tsai
313-320



Yingkui Wang, Di Jin, Katarzyna Musial, Jianwu Dang
321-328



Zhuo Wang, Weiping Wang, Chaokun Wang, Xiaoyan Gu, Bo Li, Dan Meng
329-337



Hong Wen, Jing Zhang, Quan Lin, Keping Yang, Pipei Huang
338-345



https://ojs.aaai.org/index.php/AAAI/article/view/3797
https://ojs.aaai.org/index.php/AAAI/article/view/3797/3675
https://ojs.aaai.org/index.php/AAAI/article/view/3798
https://ojs.aaai.org/index.php/AAAI/article/view/3798/3676
https://ojs.aaai.org/index.php/AAAI/article/view/3799
https://ojs.aaai.org/index.php/AAAI/article/view/3799/3677
https://ojs.aaai.org/index.php/AAAI/article/view/3800
https://ojs.aaai.org/index.php/AAAI/article/view/3800/3678
https://ojs.aaai.org/index.php/AAAI/article/view/3801
https://ojs.aaai.org/index.php/AAAI/article/view/3801/3679
https://ojs.aaai.org/index.php/AAAI/article/view/3802
https://ojs.aaai.org/index.php/AAAI/article/view/3802/3680
https://ojs.aaai.org/index.php/AAAI/article/view/3803
https://ojs.aaai.org/index.php/AAAI/article/view/3803/3681
https://ojs.aaai.org/index.php/AAAI/article/view/3804


13/11/2020 Vol. 33 No. 01: AAAI-19, IAAI-19, EAAI-20 | Proceedings of the AAAI Conference on Artificial Intelligence

https://ojs.aaai.org/index.php/AAAI/issue/view/246 8/195

 PDF

CISI-net: Explicit Latent Content Inference and Imitated Style Rendering for Image Inpainting

 PDF

Structured and Sparse Annotations for Image Emotion Distribution Learning

 PDF

Multi-Interactive Memory Network for Aspect Based Multimodal Sentiment Analysis

 PDF

Multi-View Information-Theoretic Co-Clustering for Co-Occurrence Data

 PDF

Context-Aware Self-Attention Networks

 PDF

Adversarial Training for Community Question Answer Selection Based on Multi-Scale Matching

 PDF

TransNFCM: Translation-Based Neural Fashion Compatibility Modeling

Shu Wu, Yuyuan Tang, Yanqiao Zhu, Liang Wang, Xing Xie, Tieniu Tan
346-353



Jing Xiao, Liang Liao, Qiegen Liu, Ruimin Hu
354-362



Haitao Xiong, Hongfu Liu, Bineng Zhong, Yun Fu
363-370



Nan Xu, Wenji Mao, Guandan Chen
371-378



Peng Xu, Zhaohong Deng, Kup-Sze Choi, Longbing Cao, Shitong Wang
379-386



Baosong Yang, Jian Li, Derek F. Wong, Lidia S. Chao, Xing Wang, Zhaopeng Tu
387-394



Xiao Yang, Madian Khabsa, Miaosen Wang, Wei Wang, Ahmed Hassan Awadallah, Daniel Kifer, C. Lee Giles
395-402



Xun Yang, Yunshan Ma, Lizi Liao, Meng Wang, Tat-Seng Chua

https://ojs.aaai.org/index.php/AAAI/article/view/3804/3682
https://ojs.aaai.org/index.php/AAAI/article/view/3805
https://ojs.aaai.org/index.php/AAAI/article/view/3805/3683
https://ojs.aaai.org/index.php/AAAI/article/view/3806
https://ojs.aaai.org/index.php/AAAI/article/view/3806/3684
https://ojs.aaai.org/index.php/AAAI/article/view/3807
https://ojs.aaai.org/index.php/AAAI/article/view/3807/3685
https://ojs.aaai.org/index.php/AAAI/article/view/3808
https://ojs.aaai.org/index.php/AAAI/article/view/3808/3686
https://ojs.aaai.org/index.php/AAAI/article/view/3809
https://ojs.aaai.org/index.php/AAAI/article/view/3809/3687
https://ojs.aaai.org/index.php/AAAI/article/view/3810
https://ojs.aaai.org/index.php/AAAI/article/view/3810/3688
https://ojs.aaai.org/index.php/AAAI/article/view/3811


13/11/2020 Vol. 33 No. 01: AAAI-19, IAAI-19, EAAI-20 | Proceedings of the AAAI Conference on Artificial Intelligence

https://ojs.aaai.org/index.php/AAAI/issue/view/246 9/195

 PDF

Data Augmentation Based on Adversarial Autoencoder Handling Imbalance for Learning to Rank

 PDF

Cross-Relation Cross-Bag Attention for Distantly-Supervised Relation Extraction

 PDF

Text Assisted Insight Ranking Using Context-Aware Memory Network

 PDF

Hierarchical Reinforcement Learning for Course Recommendation in MOOCs

 PDF

Regularizing Neural Machine Translation by Target-Bidirectional Agreement

 PDF

Addressing the Under-Translation Problem from the Entropy Perspective

 PDF

Robust Online Matching with User Arrival Distribution Drift

403-410



Qian Yu, Wai Lam
411-418



Yujin Yuan, Liyuan Liu, Siliang Tang, Zhongfei Zhang, Yueting Zhuang, Shiliang Pu, Fei Wu, Xiang Ren
419-426



Qi Zeng, Liangchen Luo, Wenhao Huang, Yang Tang
427-434



Jing Zhang, Bowen Hao, Bo Chen, Cuiping Li, Hong Chen, Jimeng Sun
435-442



Zhirui Zhang, Shuangzhi Wu, Shujie Liu, Mu Li, Ming Zhou, Tong Xu
443-450



Yang Zhao, Jiajun Zhang, Chengqing Zong, Zhongjun He, Hua Wu
451-458



Yu-Hang Zhou, Chen Liang, Nan Li, Cheng Yang, Shenghuo Zhu, Rong Jin
459-466

https://ojs.aaai.org/index.php/AAAI/article/view/3811/3689
https://ojs.aaai.org/index.php/AAAI/article/view/3812
https://ojs.aaai.org/index.php/AAAI/article/view/3812/3690
https://ojs.aaai.org/index.php/AAAI/article/view/3813
https://ojs.aaai.org/index.php/AAAI/article/view/3813/3691
https://ojs.aaai.org/index.php/AAAI/article/view/3814
https://ojs.aaai.org/index.php/AAAI/article/view/3814/3692
https://ojs.aaai.org/index.php/AAAI/article/view/3815
https://ojs.aaai.org/index.php/AAAI/article/view/3815/3693
https://ojs.aaai.org/index.php/AAAI/article/view/3816
https://ojs.aaai.org/index.php/AAAI/article/view/3816/3694
https://ojs.aaai.org/index.php/AAAI/article/view/3817
https://ojs.aaai.org/index.php/AAAI/article/view/3817/3695
https://ojs.aaai.org/index.php/AAAI/article/view/3818


13/11/2020 Vol. 33 No. 01: AAAI-19, IAAI-19, EAAI-20 | Proceedings of the AAAI Conference on Artificial Intelligence

https://ojs.aaai.org/index.php/AAAI/issue/view/246 10/195

 PDF

AAAI Special Technical Track: AI for Social Impact

Predicting Hurricane Trajectories Using a Recurrent Neural Network

 PDF

Automatic Detection and Compression for Passive Acoustic Monitoring of the African Forest
Elephant

 PDF

Gated Residual Recurrent Graph Neural Networks for Traffic Prediction

 PDF

Bias Reduction via End-to-End Shift Learning: Application to Citizen Science

 PDF

Coverage Centrality Maximization in Undirected Networks

 PDF

Bayesian Fairness

 PDF

Understanding Dropouts in MOOCs



Sheila Alemany, Jonathan Beltran, Adrian Perez, Sam Ganzfried
468-475



Johan Bjorck, Brendan H. Rappazzo, Di Chen, Richard Bernstein, Peter H. Wrege, Carla P. Gomes
476-484



Cen Chen, Kenli Li, Sin G. Teo, Xiaofeng Zou, Kang Wang, Jie Wang, Zeng Zeng
485-492



Di Chen, Carla P. Gomes
493-500



Gianlorenzo D’Angelo, Martin Olsen, Lorenzo SeveriniD’
501-508



Christos Dimitrakakis, Yang Liu, David C. Parkes, Goran Radanovic
509-516



https://ojs.aaai.org/index.php/AAAI/article/view/3818/3696
https://ojs.aaai.org/index.php/AAAI/article/view/3819
https://ojs.aaai.org/index.php/AAAI/article/view/3819/3697
https://ojs.aaai.org/index.php/AAAI/article/view/3820
https://ojs.aaai.org/index.php/AAAI/article/view/3820/3698
https://ojs.aaai.org/index.php/AAAI/article/view/3821
https://ojs.aaai.org/index.php/AAAI/article/view/3821/3699
https://ojs.aaai.org/index.php/AAAI/article/view/3822
https://ojs.aaai.org/index.php/AAAI/article/view/3822/3700
https://ojs.aaai.org/index.php/AAAI/article/view/3823
https://ojs.aaai.org/index.php/AAAI/article/view/3823/3701
https://ojs.aaai.org/index.php/AAAI/article/view/3824
https://ojs.aaai.org/index.php/AAAI/article/view/3824/3702
https://ojs.aaai.org/index.php/AAAI/article/view/3825


The Thirty-Third AAAI Conference on Artificial Intelligence (AAAI-19)

Coverage Centrality Maximization in Undirected Networks

Gianlorenzo D’Angelo
Gran Sasso Science Institute

L’Aquila, Italy
gianlorenzo.dangelo@gssi.it

Martin Olsen
Department of Business Development

and Technology
Aarhus University, Denmark

martino@btech.au.dk

Lorenzo Severini
ISI Foundation

Turin, Italy
lorenzo.severini@isi.it

Abstract

Centrality metrics are among the main tools in social network
analysis. Being central for a user of a network leads to several
benefits to the user: central users are highly influential and
play key roles within the network. Therefore, the optimiza-
tion problem of increasing the centrality of a network user re-
cently received considerable attention. Given a network and a
target user v, the centrality maximization problem consists in
creating k new links incident to v in such a way that the cen-
trality of v is maximized, according to some centrality metric.
Most of the algorithms proposed in the literature are based on
showing that a given centrality metric is monotone and sub-
modular with respect to link addition. However, this property
does not hold for several shortest-path based centrality met-
rics if the links are undirected.
In this paper we study the centrality maximization problem in
undirected networks for one of the most important shortest-
path based centrality measures, the coverage centrality. We
provide several hardness and approximation results. We first
show that the problem cannot be approximated within a fac-
tor greater than 1 − 1/e, unless P = NP , and, under the
stronger gap-ETH hypothesis, the problem cannot be approx-
imated within a factor better than 1/no(1), where n is the
number of users. We then propose two greedy approximation
algorithms, and show that, by suitably combining them, we
can guarantee an approximation factor of Ω(1/

√
n). We ex-

perimentally compare the solutions provided by our approxi-
mation algorithm with optimal solutions computed by means
of an exact IP formulation. We show that our algorithm pro-
duces solutions that are very close to the optimum.

Introduction
Determining what are the most important nodes in a net-
work is one of the main goals of network analysis (Newman
2010). Several so-called centrality metrics have been pro-
posed in the literature to try to quantitatively measure the
importance of a node according to network properties like:
distances between nodes (e.g. closeness or harmonic central-
ity), number of shortest paths passing through a node (e.g.
betweenness or coverage centrality), or on spectral graph
properties (e.g. PageRank or information centrality).

It has been experimentally observed that nodes with high
centrality values play key roles within the network. For ex-

Copyright c⃝ 2019, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

ample, closeness centrality is significantly correlated with
the influence of users in a social network (Crescenzi et al.
2016; Macdonald et al. 2012), while shortest-path-based
metrics are correlated with the number of passengers pass-
ing trough an airport in transportation networks (Ishakian et
al. 2012; Malighetti et al. 2009). The coverage centrality of
a node v is the number of distinct pairs of nodes for which
a shortest path passes through v. Nodes with high coverage
centrality are pivotal to the communication between many
other nodes of the network.

Generally speaking, centrality metrics are positively cor-
related with many desirable properties of nodes, therefore,
there has been a recent considerable interest on finding
strategies to increase the centrality value of a given node
in order to maximize the benefits for the node itself. In
this paper we focus on the most used strategy which is
that of modifying the network by adding a limited num-
ber of new edges incident to the node itself. In detail we
study the following optimization problem: given a graph
G, a node v of G, and an integer k, find k edges to be
added incident to v maximising the centrality value of v
in the graph G augmented with these edges. The problem
is usually referred to as the centrality maximization prob-
lem and it can be instantiated by using different centrality
metrics such as: PageRank (Avrachenkov and Litvak 2006;
Olsen and Viglas 2014), eccentricity (Demaine and Zadi-
moghaddam 2010; Perumal, Basu, and Guan 2013), cover-
age centrality (Ishakian et al. 2012; Medya et al. 2018), be-
tweenness (Bergamini et al. 2018; D’Angelo, Severini, and
Velaj 2016), information centrality (Shan, Yi, and Zhang
2018), closeness and harmonic centrality (Crescenzi et al.
2016). The centrality maximization problem is in general
NP -hard but in all the mentioned cases the authors were
able to devise algorithms ensuring a constant approximation
factor. In Table 1 we list the bounds on the approximation
ratio reported in these references.

Most of these approximation algorithms are based on
a fundamental result on submodular optimization due to
Nemhauser et al. (Nemhauser, Wolsey, and Fisher 1978).
Given a monotone submodular set function f 1 and an in-
teger k the problem of finding a set S with |S| ≤ k that

1A set function f is is submodular if for any pair of sets A ⊆ B
and any element e ̸∈ B, f(A∪{e})−f(A) ≥ f(B∪{e})−f(B).
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Centrality Graph Approximation Hardness of
metric type Algorithm approximation

Harmonic Undir. 1− 1
e 1− 1

15e
Dir. 1− 1

e 1− 1
3e

Betweenness Undir. OPEN 1− 1
2e

Dir. 1− 1
e 1− 1

2e

Eccentricity undir. 2 + 1
OPT

3
2

PageRank Dir.
(
1− α2

) (
1− 1

e

)
NO FPTAS

Information Undir. 1− 1
e OPEN

Constr. coverage Undir. 1− 1
e OPEN

Coverage Undir. Ω(1/
√
n)

1− 1
e

1/no(1)

DAGs 1− 1
e OPEN

Table 1: Summary of approximation bounds for the cen-
trality maximization problem. The “Constr. coverage” row
refers to the version of the coverage centrality maximization
problem with the additional constraint that a pair of nodes
can be covered by at most one edge. The results in this pa-
per are marked in bold, the second hardness bound is under
the Gap-ETH condition.

maximises f(S) is NP -hard and hard to approximate within
a factor greater than 1− 1/e, unless P = NP (Feige 1998).
However, the greedy algorithm that starts with the empty
set and repeatedly adds an element that gives the maximal
marginal gain of f guarantees the optimal approximation
factor of 1 − 1/e (Nemhauser, Wolsey, and Fisher 1978).
Many of the approximation algorithms for the centrality
maximization problem are based on the fact that the value
for node v of the considered centrality metric is monotone
and submodular with respect to the addition of edges inci-
dent to v.

Unfortunately, not all the centrality metrics exhibit a sub-
modular trend. Indeed, it has been shown that in undirected
graphs some shortest-path based metrics are not submodular
and, furthermore, the greedy algorithm exhibits an arbitrar-
ily small approximation factor (D’Angelo, Severini, and Ve-
laj 2016). For example, Figure 1 shows an undirected graph
in which the increment in coverage centrality is not submod-
ular with respect to edge addition. This is in contrast with the
results for the same centrality metrics on directed graphs,
where, e.g., betweenness and coverage centrality are mono-
tone and submodular (Bergamini et al. 2018; Ishakian et al.
2012). Not being submodular makes things much harder and
so far finding an approximation algorithm for the central-
ity maximization problem on shortest-paths based metrics
has been left as an open problem (Bergamini et al. 2018;
D’Angelo, Severini, and Velaj 2016). To overcome this is-
sue, Medya et al. (Medya et al. 2018) consider the coverage
centrality maximization problem with the additional artifi-
cial constraint that a pair of nodes can be covered by at most
one edge. This constraint on the solution avoids the cases
in Figure 1 and makes the objective function submodular.
However, it does not consider solutions that cover pairs of
nodes with pairs of edges, hence it looks for sub-optimal so-
lutions to the general problem.

In this paper we give the first results on the general cov-

v t

a3
a1

a2

b1

b2

b3

Figure 1: Adding edge {a3, v} increases the coverage cen-
trality of v by 3, since nodes ai will have a shortest path
to t passing through v. Similarly, adding edge {b3, v} in-
creases the coverage centrality of v by 3. However, adding
both edges {a3, v} and {b3, v} will increase the coverage
centrality of v by 15, since besides the shortest paths be-
tween nodes ai and t and those between nodes bi and t we
need to take into account the 9 shortest paths between nodes
ai and nodes bi that pass through v.

erage centrality maximization problem in undirected graphs.
In the remainder of the paper we will refer to this problem as
the Maximum Coverage Improvement (MCI) problem. Our
results can be summarized as follows (see also Table 1).

• MCI cannot be approximated within a factor greater that
1− 1/e, unless P = NP .

• MCI is at least as hard to approximate as the well-known
Densest-k-subgraph problem and hence cannot be ap-
proximated within any constant, if the Unique Games
with Small Set Expansion conjecture (Raghavendra and
Steurer 2010) holds, and within 1/no(1), where n is the
number of nodes in the graph, if the Gap Exponential
Time Hypothesis holds (Manurangsi 2017).

• We propose two greedy approximation algorithms for
MCI that guarantee, respectively, approximation factors
of 1− e−

(1−ϵ)(t−1)
k−1 and (1− ϵ)(1− 1

e )
2 k
4n , where t ≥ 2 is

a constant tuning parameter and ϵ is any positive constant.

• We show that combining the two proposed algorithms we
can achieve an approximation factor of Ω(1/

√
n).

• We implemented the proposed algorithms and experimen-
tally compared the solutions provided by our approxima-
tion algorithm with optimal solutions computed by means
of an exact IP formulation. We experimentally show that
our algorithm produces solutions that are very close to the
optimum and that it is highly effective in increasing the
coverage centrality of a target user.

Notation and problem statement
Let G = (V,E) be an undirected graph where |V | = n and
|E| = m. For each node v, Nv denotes the set of neighbors
of v, i.e. Nv = {u | {u, v} ∈ E}. Given two nodes s and
t, we denote by dst and Pst the distance from s to t in G
and the set of nodes in any shortest path from s to t in G, re-
spectively. For each node v, the coverage centrality (Yoshida
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2014) of v is defined as the number of pairs (s, t) such that
v is contained in a shortest path between s and t, formally,

cv = |{(s, t) ∈ V × V | v ∈ Pst, v ̸= s, v ̸= t}|.
In this paper, we consider graphs that are augmented by

adding a set S of arcs not in E. Given a set S ⊆ (V ×V )\E
of arcs, we denote by G(S) the graph augmented by adding
the arcs in S to G, i.e. G(S) = (V,E∪S). For a parameter x
of G, we denote by x(S) the same parameter in graph G(S),
e.g. the distance from s to t in G(S) is denoted as dst(S).

The coverage centrality of a node might change if the
graph is augmented with a set of arcs. In particular, adding
arcs incident to some node v can increase the coverage cen-
trality value of v. We are interested in finding a set S of arcs
incident to a particular node v that maximizes cv(S). There-
fore, we define the Maximum Coverage Improvement (MCI)
problem as follows: Given an undirected graph G = (V,E),
a node v ∈ V , and an integer k ∈ N, find a set S of arcs
incident to v, S ⊆ {{u, v} | u ∈ V \Nv}, such that |S| ≤ k
and cv(S) is maximized.

Hardness of approximation
We first show that MCI cannot be approximated within a
factor greater that 1− 1/e, unless P = NP . Then, we show
that, under stronger conditions, it cannot be approximated to
within a factor greater than n−f(n), for any f ∈ o(1).

Constant bound
Our first hardness of approximation result is obtained by re-
ducing the Maximum Set Coverage (MC) problem to MCI.
The problem MC is defined as follows: Given a ground set
U , a collection F = {S1, S2, . . . , S|F |} of subsets of U , and
an integer k′ ∈ N, find a sub-collection F ′ ⊆ F such that
|F ′| ≤ k′ and s(F ′) = | ∪Si∈F ′ Si| is maximized. It is
known that the MC problem cannot be approximated within
a factor greater than 1− 1

e , unless P = NP (Feige 1998).
Theorem 1. There is no polynomial time algorithm with ap-
proximation factor greater than 1− 1

e for the MCI problem
on undirected graphs, unless P = NP .

Proof. Assume that we have access to a polynomial time
approximation algorithm AMCI for the MCI problem with
approximation factor 1− 1

e + ϵ for some positive number ϵ.
We consider an instance IMC of the MC problem and build
the instance IMCI of MCI shown in Fig. 2. The instance con-
sists of 5 vertical layers of nodes. For each element of U of
the MC instance, we have a member (filled circle) and Q
copies (unfilled circles) in the M -layer to the left. In the F -
layer there is a node for each set in the collection F in the
MC instance. A node in the F -layer is connected to all the
corresponding members and copies in the M -layer. In the
third layer there is a single node z connecting all nodes in
the F -layer to all nodes in the T -layer to the far right. In the
fourth layer we have the node v that is connected to all nodes
in the T -layer. All the nodes in the T -layer to the right form
a clique. Note that not all the edges are shown in the figure.
Let β > 0 be a sufficiently small positive constant satisfying

1− 1

e
<

1

1 + β

(
1− 1

e
+ ϵ

)
.

M

F

z T

v

Figure 2: The IMCI instance used in Theorem 1.

To improve the readability, we will not distinguish between a
set and its cardinality. E.g., T can represent the set of all the
T -nodes and T can also represent the number of T -nodes.
Our aim is to choose relatively small Q and T such that

(F +M + 1)2 ≤ (β(Q+ 1)− k − F )T . (1)

We choose Q and T as follows (note that M = U(Q+ 1)):

Q =

⌈
1 + k + F

β
− 1

⌉
T = (F +M + 1)2 .

Since β is a constant, T and M are polynomial in |IMC|.
Now let SMCI be the solution computed by AMCI given the

IMCI instance as input. Let SMC be the solution for MC cor-
responding to all the sets for which there is an edge between
the F -node and v in SMCI. Note that SMC can be computed
in polynomial time. Let A, A1 and A2 be defined as follows:

A = {(s, t) ∈ V × V | v ∈ Pst(SMCI)}

A1 = {(s, t) ∈ A | (s, t) ∈ (M × T ) ∪ (T ×M)}
A2 = A \A1 .

We now have the following identity cv(SMCI) = A1 + A2.
The set A1 consists of all the pairs of vertices with one ele-
ment in M and one element in T that are covered by v in the
graph corresponding to SMCI. The contribution to A1 of the
edges in SMCI with one element in F is 2(Q+1)T · s(SMC)
and the contribution of edges in SMCI with one element in M
is no more than 2kT and there might be some overlap. This
allows us to establish the following upper bound on A1:

A1 ≤ 2(Q+ 1)T · s(SMC) + 2kT .

The remaining pairs that might be covered 1) have an ele-
ment in F and an element in T , or 2) have no elements in T :
A2 ≤ 2TF + 2(F +M + 1)2 .

According to (1), Q and T have been chosen such that
kT + TF + (F + M + 1)2 ≤ β(Q + 1)T , implying
cv(SMCI) ≤ 2(1+β)(Q+1)T ·s(SMC). If we add edges to v
in the MCI instance corresponding to the optimal solution of
the MC instance, we obtain a feasible solution for the MCI
instance. For each covered element in the MC instance, we
have 2(Q+1)T covered pairs in the MCI instance, therefore
2(Q+ 1)T ·OPT (IMC) ≤ OPT (IMCI).
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The algorithm AMCI has approximation factor 1− 1
e + ϵ:

cv(SMCI)

OPT (IMCI)
≥ 1− 1

e
+ ϵ .

This allows us to set up the following inequality:

2(1 + β)(Q+ 1)T · s(SMC)

2(Q+ 1)T ·OPT (IMC)
≥ 1− 1

e
+ ϵ .

We can now establish a lower bound for the approximation
factor for the solution to our MC instance:

s(SMC)

OPT (IMC)
≥ 1

1 + β

(
1− 1

e
+ ϵ

)
> 1− 1

e
,

a contradiction.

Conditional bound
To obtain our next hardness result, we reduce the Densest-
k-Subgraph (DKS) problem to MCI. DKS is defined as fol-
lows: Given a graph G and an integer k, find a subgraph of G
induced on k vertices with the maximum number of edges.

Several conditional hardness of approximation results for
DKS have been proved (see e.g. (Manurangsi 2017) and
references therein). It has been shown that DKS is hard to
approximate within any constant bound under the Unique
Games with Small Set Expansion conjecture (Raghaven-
dra and Steurer 2010). Recently, it has been shown that
under the exponential time hypothesis (ETH) there is no
polynomial-time algorithm that approximates DKS to within
n−1/(loglogn)c , for some constant c. Moreover, under the
stronger Gap-ETH assumption, the factor can be improved
to n−f(n) for any function f ∈ o(1) (Manurangsi 2017). The
next theorem shows that there is an S-reduction (Crescenzi
1997) from DKS to MCI only adding a constant to the num-
ber of nodes. Then, all the above mentioned inapproximabil-
ity results extend to the MCI problem. The current state-of-
the-art algorithm for DKS guarantees a Ω(n− 1

4−ϵ) approxi-
mation (Bhaskara et al. 2010).
Theorem 2. There is an S-reduction from DKS to MCI. The
reduction transforms a DKS instance with n vertices into an
MCI instance with n+ 2 vertices.

Proof. Consider a DKS instance given by the graph
G′(V ′, E′) and an integer k′. This instance is transformed
into an MCI instance given by the graph G(V,E), a node
v ∈ V and an integer k as follows. The set of nodes V is
formed by adding a node x and the target node v for the
MCI instance to V ′: V = {x, v} ∪ V ′. The node v is iso-
lated and x is connected to all other nodes in V . In addition
to the edges incident to x, the edges in the complement of
the original graph G′ are also added to the graph. Formally,
E = {{u,w} | {u,w} ̸∈ E′} ∪ {{x, u} | u ∈ V ′ ∪ {v}}.
The value of k is not changed: k = k′. See Fig. 3. We also
need to explain how to transform a feasible solution of the
MCI instance into a feasible solution of the DKS instance.
Here we simply pick the nodes that are linking to v in the
feasible solution for the MCI instance (excluding x).

We now prove that the reduction is an S-reduction. We
claim that the following holds: The node v is on the shortest

vx

IMCI

IDkS

Figure 3: The reduction from DKS. In the circle, we have the
original DKS instance (solid edges) that is transformed into
the MCI instance indicated by the rectangle (dashed edges).

path between s and t in the MCI instance after adding k
edges if and only if 1) edges {v, s} and {v, t} are added, and
2) there is an edge between s and t in G′. The if-direction is
clear. To prove the only-if-direction, we assume that v is on a
shortest path between the nodes s and t in the MCI instance.
If 1) is false, then the length of the shortest path through v is
at least 3. If 2) is false, we also arrive at a contradiction.

This implies that the number of edges induced by a fea-
sible solution of the DKS instance is precisely the coverage
centrality of v in the corresponding MCI instance and vice
versa. This shows that the reduction is an S-reduction.

Approximation algorithm
It is easy to see that, in the undirected case, the objective
function is not submodular and that there are instances of
MCI (similar to that in Figure 1) for which the greedy algo-
rithm by Nemhauser et al. exhibits an arbitrarily small ap-
proximation factor. The main problem with the greedy algo-
rithm is that it does not take into account the shortest paths
that pass through two of the added edges. In this section, we
show how to overcome this limitation and we give an algo-
rithm that guarantees a Ω(1/

√
n)-approximation.

The algorithm is based on a reduction to a generalization
of the maximum coverage problem in which elements of a
ground set are covered by pairs of “objects”, instead of a sin-
gle set, and we look for a bounded set of objects that maxi-
mizes the number of covered elements. We call this problem
the Maximum Coverage with Pairs problem (MCP). For-
mally, MCP is defined as: Given a ground set X , a set O
of objects, and an integer k ∈ N, find a set O′ ⊆ O, such
that |O′| ≤ k and c(O′) = | ∪i,j∈O′ C(i, j)| is maximum,
where C(i, j) denotes the subset of X covered by pair {i, j},
for each unordered pair of objects {i, j}.

Given O′ ⊆ O, let C(O′) = ∪i,j∈O′C(i, j) and c(O′) =
|C(O′)|. Wlog, we assume that each element in X is covered
by at least a pair of objects in O and that k ≤ |O|.

The problem MCI can be reduced to MCP as follows: for
each pair (s, t) of nodes in G, we add an element (s, t) to
X; for each u ∈ V \ N(v), we add an object iu = {u, v}
to O (i.e. all the edges that can be added incident to v);
for each pair of objects iu, iw ∈ O, we set C(iu, iw) =
{(s, t) | v ∈ Pst({{u, v}, {w, v}})}; we set k′ = k. Any
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feasible solution O′ to the above instance of MCP corre-
sponds to a feasible solution S = O′ for MCI. Since for
each pair of nodes (s, t) in V the shortest path between s
and t in G(S) can only pass through at most two edges of
S, then cv(S) = | ∪iu,iw∈O′ C(iu, iw)| = c(O′). Therefore,
any approximation algorithm for MCP can be used to solve
MCI with the same approximation factor. We observe that
MCP is a generalization of the DKS problem, which corre-
sponds to the case in which |C(i, j)| ≤ 1, for i, j ∈ O, and
each element of X is covered by exactly one pair of objects
(i.e. objects correspond to nodes and elements correspond to
edges). Therefore, MCP is at least as hard to approximate as
DKS.

Our algorithm exploits two procedures, called GREEDY1
and GREEDY2, that return two sets of objects, and selects
one of these sets that gives the maximum coverage. In par-
ticular, Procedure GREEDY1 returns a set that guarantees
an approximation factor of

(
1− e−

(1−ϵ)(t−1)
k−1

)
, where t ∈

[2, k] is a constant integer parameter of the procedure and ϵ
is any positive constant, while Procedure GREEDY2 guaran-
tees an approximation factor of (1−ϵ) 14

(
1− 1

e

)2 k
|O| for any

constant ϵ > 0 (see Theorems 4 and 5). The next theorem
shows the overall approximation factor. When applied to the
MCI problem, it guarantees a Ω(1/

√
n)-approximation.

Theorem 3. Let O∗ be an optimum solution for MCP, let
O1 and O2 be the solutions of Procedures GREEDY1 and
GREEDY2, then

max{c(O1), c(O2)}

≥ (1− ϵ)
1

2

(
1− 1

e

)3/2
√

t− 1

|O|
c(O∗),

for any constant t ≥ 2 and ϵ ∈ (0, 1).

Proof. The value of max{c(O1), c(O2)} is at least
the geometric mean of c(O1) and c(O2). Moreover,(
1− e−

(1−ϵ)(t−1)
k−1

)
≥
(
1− 1

e

) (1−ϵ)(t−1)
k−1 , for any ϵ ∈

(0, 1) and k > 12. Therefore,

max{c(O1), c(O2)} ≥
√
c(O1) · c(O2)

≥

√(
1− 1

e

)
(1− ϵ)(t− 1)

k − 1
c(O∗)

·

√
(1− ϵ)

1

4

(
1− 1

e

)2
k

|O|
c(O∗)

≥ (1− ϵ)
1

2

(
1− 1

e

)3/2
√

t− 1

|O|
c(O∗).

We now introduce procedures GREEDY1 and GREEDY2.

Procedure GREEDY1
The pseudo-code of Procedure GREEDY1 is reported in Al-
gorithm 1. For some fixed constant integer t ∈ [2, k], the

2Indeed, 1 − e−x ≥ (1 − e−1)x, for any x ∈ [0, 1], and
(1−ϵ)(t−1)

k−1
∈ [0, 1] for any ϵ ∈ (0, 1), t ≤ k, and k > 1.

Algorithm 1: Procedure GREEDY1
1 O′ := ∅;
2 while |O′| ≤ k − t do
3 Z := argmaxZ⊆O,|Z|≤t{C(O′ ∪ Z)− C(O′)};
4 O′ := O′ ∪ Z;
5 Z := argmaxZ⊆O,|Z|≤k−|O′|{C(O′ ∪ Z)− C(O′)};
6 O′ := O′ ∪ Z;

procedure greedily selects a set of objects of size t that max-
imizes the increment in the objective function. In particu-
lar, it starts with an empty solution and iteratively adds to
it a set Z of t objects that maximizes c(O′ ∪ Z) − c(O′),
where O′ is the solution computed so far. The procedure
stops when it has added at least k − t objects to S. Even-
tually, if |O′| < k, it completes the solution by adding a
further set of k − |O′| < t objects (lines 5–6). Note that
one or more objects of the selected set might already belong
to O′ (but not all of them). Hence, Algorithm 1 has at least⌊
k−t
t

⌋
and at most k iterations. For each iteration i of Al-

gorithm 1, let Oi be the set O′ at the end of iteration i and
let O∗ be an optimal solution. The next lemma is used to
prove the approximation bound, the full proof can be found
in (D’Angelo, Olsen, and Severini 2018).

Lemma 1. After each iteration i of Algorithm 1, the follow-
ing holds

c(Oi) ≥

(
1−

(
1− t(t− 1)

k(k − 1)

)i
)
c(O∗). (2)

Theorem 4. If I is the number of iterations of Algorithm 1,
then

c(OI) ≥
(
1− e−(1−ϵ) t−1

k−1

)
c(O∗) ,

for any constant ϵ ∈ (0, 1).

Proof. We observe that for any constant ϵ > 0, there exists
a constant k0, such that for each k ≥ k0, I =

⌊
k−t
t

⌋
≥

k
t−2 ≥ (1−ϵ)kt . Note that, when k is a constant the problem
can be easily solvable in polynomial time by brute force and
therefore we assume that k is not a constant. Plugging I into
inequality (2), we obtain:

c(OI) ≥

(
1−

(
1− t(t− 1)

k(k − 1)

)⌊ k−t
t ⌋)

c(O∗).

≥

(
1−

(
1− t(t− 1)

k(k − 1)

)(1−ϵ) k
t

)
c(O∗).

By calculus, it can be shown that 1−x ≤ e−x, which implies

that
(
1− t(t−1)

k(k−1)

)(1−ϵ) k
t ≤ e−(1−ϵ) t−1

k−1 , and finally:(
1−
(
1− t(t− 1)

k(k − 1)

)(1−ϵ) k
t

)
c(O∗)

≥
(
1−e−(1−ϵ) t−1

k−1

)
c(O∗).
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Algorithm 2: Procedure GREEDY2
1 Define an instance of MC made of ground set X and, for each

object o ∈ O, a set equal to N(o);
2 Run the greedy algorithm in (Nemhauser, Wolsey, and Fisher

1978) for MC to find a set H of size
⌈
k
2

⌉
objects;

3 Define an instance of MC made of ground set
D(H) = N(H) \ C(H) and, for each object o ∈ O \H , a
set equal to ∪i∈HC(o, i) \ C(H);

4 Run the greedy algorithm in (Nemhauser, Wolsey, and Fisher
1978) for MC to find a set I of size

⌊
k
2

⌋
objects;

5 return H ∪ I;

Procedure GREEDY2
In order to describe Procedure GREEDY2, we need to in-
troduce further notation. Given a set O′ of objects, we de-
note by N(O′) the set of elements that the objects in O′ can
cover when associated with any other object in O, that is
N(O′) = ∪o∈O′,i∈OC(o, i). The degree of O′ is the car-
dinality of N(O′) and it is denoted by d(O′). To simplify
the notation, when O′ is a singleton, O′ = {o}, we use
N(o) and d(o) to denote N(O) and d(O), respectively. In-
tuitively, N(O′) are the elements that are covered by at least
an object in O′, while C(O′) are the elements that are cov-
ered by at least two objects in O′. In the following, we say
that an element is single covered by O′ in the former case
and double covered by O′ in the latter case. We observe that
d(O′) ≥ c(O′), for any set of objects O′. Moreover, since
the degree is defined as the size of the union of sets, then it
is a monotone and submodular set function.

Procedure GREEDY2 is given in Algorithm 2. First, the
procedure looks for a set H of

⌈
k
2

⌉
objects with maximum

degree. Since computing such a set is equivalent to solving
an instance of MC, which is known to be NP -hard, we com-
pute an approximation of it. In detail, the instance of MC is
made of the same ground set X and, for each object o ∈ O,
a set equal to N(o). Any set of objects O′ corresponds to
a solution to this MC instance, where the number of single
covered elements is equal to d(O′). Indeed, finding a set of⌈
k
2

⌉
objects that maximizes the degree in the MCP instance

corresponds to finding a collection of sets that maximizes the
single coverage of X in this MC instance. Hence, we find a
set H that approximates the maximum single coverage of X ,
and, in particular, we exploit a greedy algorithm that guar-
antees an optimal approximation of 1 − 1/e (Nemhauser,
Wolsey, and Fisher 1978). Then, the procedure selects a set
of
⌊
k
2

⌋
objects in O \H that maximizes the single coverage

of the elements in N(H) not double covered by H . In other
words, these objects, along with objects in H , double cover
the maximum fraction of N(H). Again, computing such a
set is equivalent to solving an instance of MC, and we find
a (1− 1/e)-approximation. In this case, the MC instance is
made of the ground set D(H) = N(H)\C(H), and for each
object o ∈ O\H , a set equal to ∪i∈HC(o, i)\C(H). The ap-
proximated solution found by the greedy algorithm for MC
is denoted by I . Procedure GREEDY2 outputs the set of ob-
jects H ∪ I . In the next lemma we establish a connection
between the number of single and double covered elements,

in particular, we show an upper bound to the optimal value
c(O∗) of the MCP instance as a function of d(H), where H
is the set of objects selected at line 2 of Algorithm 2. The
full proof of the lemma can be found in (D’Angelo, Olsen,
and Severini 2018).
Lemma 2. If H is the set of objects selected at line 2 of
Algorithm 2 and O∗ is an optimal solution for MCP, then

d(H) ≥ 1

2

(
1− 1

e

)
c(O∗).

Theorem 5. If H ∪ I is the output of Algorithm 2 and O∗ is
an optimal solution for MCP, then

c(H ∪ I) ≥ (1− ϵ)
1

4

(
1− 1

e

)2
k

|O|
c(O∗),

for any constant ϵ ∈ (0, 1).

Proof. The objects in H double cover c(H) elements,
hence, the number of elements that are single covered by
H but not double covered by H is d(H)− c(H). The set of
these elements is D(H) = N(H)\C(H). We now show that
N(I) contains at least a fraction

(
1− 1

e

) ⌊
k
2

⌋
1

|O| of these el-
ements and hence the objects in H ∪ I double cover at least
(d(H)− c(H))

(
1− 1

e

) ⌊
k
2

⌋
1

|O| of them.
Let us denote as I∗ a set of

⌊
k
2

⌋
objects in O \ H that

maximizes the single coverage of elements in D(H), that
is the size of D(H) ∩ N(I∗) is maximum for sets of

⌊
k
2

⌋
objects. By contradiction, let us assume that the size of
D(H) ∩N(I∗) is smaller than (d(H)− c(H))

⌊
k
2

⌋
1

|O| .
Let us partition O \ H into sets of

⌊
k
2

⌋
objects plus a

possible set of smaller size, if |O \ H| is not divisible by⌊
k
2

⌋
. The number of the sets in the partition is

ℓ =

⌈
|O \H|⌊

k
2

⌋ ⌉
=

⌈
|O| −

⌈
k
2

⌉⌊
k
2

⌋ ⌉
≤ |O|⌊

k
2

⌋ .
We denote the sets of this partition as Ii, i = 1, 2, . . . , ℓ.
Since I∗ maximizes the single coverage of elements in
D(H), then for each Ii, the size of D(H)∩N(Ii) is smaller
than (d(H)− c(H))

⌊
k
2

⌋
1

|O| . By submodularity we have

|D(H) ∩N(O \H)| ≤
ℓ∑

i=1

|D(H) ∩N(Ii)|

<

ℓ∑
i=1

(d(H)− c(H))

⌊
k

2

⌋
1

|O|
≤ d(H)− c(H),

which is a contradiction because it implies that there are el-
ements in D(H) that are not covered by any object in O \H
and hence they cannot be double covered. This proves that
the size of D(H)∩N(I∗) is at least (d(H)− c(H))

⌊
k
2

⌋
1

|O| .
Moreover, set I approximates the optimal single coverage of
D(H) by a factor 1− 1

e and hence the size of D(H)∩N(I)

is at least
(
1− 1

e

)
(d(H)− c(H))

⌊
k
2

⌋
1

|O| .
It follows that the overall number of elements double cov-

ered by H ∪ I is at least (d(H)− c(H))
(
1− 1

e

) ⌊
k
2

⌋
1

|O| +

c(H). By Lemma 2, this values is at least
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Network n = |V | m = |E|
BA 50 96
CM 50 85

karate 34 78
windsurfers 43 336

jazz 198 2742
haggle 274 2899

Table 2: Undirected networks used in the experiments.

(
1

2

(
1− 1

e

)
c(O∗)− c(H)

)(
1− 1

e

)⌊
k

2

⌋
1

|O|
+ c(H).

For any constant ϵ > 0 and k greater than a constant,
⌊
k
2

⌋
≥

(1− ϵ)k2 , then this number is at least

(1− ϵ)

(
1

2

(
1− 1

e

)
c(O∗)− c(H)

)(
1− 1

e

)
k

2|O|
+ c(H)

= (1− ϵ)
k

4|O|

(
1− 1

e

)2

c(O∗)

+ c(H)

(
1− (1− ϵ)

(
1− 1

e

)
k

2|O|

)

≥ (1− ϵ)
k

4|O|

(
1− 1

e

)2

c(O∗),

since c(H) ≥ 0 and k ≤ 2|O|.

Experimental study
In this section, we study the algorithms GREEDY1 and
GREEDY2 from an experimental point of view. First, we
compare the solutions of the greedy algorithms with opti-
mal solutions computed by using an integer program for-
mulation of MCP in order to assess the real performance
in terms of solution quality (see (D’Angelo, Olsen, and
Severini 2018) for the detailed implementation of the IP
formulation). Then, we focus on the MCI problem and
compare GREEDY1 and GREEDY2 with the natural algo-
rithm that adds k random edges. We execute our experi-
ments on two popular model networks, the Barabasi-Albert
(BA) network (Barabasi and Albert 1999) and the Config-
uration Model (CM) network (Bender and Canfield 1978;
Molloy and Reed 1995), and on real-world networks ex-
tracted from human activities3. The sizes of the networks
are reported in Table 2. All our experiments have been per-
formed on a computer equipped with an Intel Xeon E5-2643
CPU clocked at 3.4GHz and 128GB of main memory, and
our programs have been implemented in C++. The results of
the comparison with the optimum are reported in Figure 4.
For each network, we randomly choose 10 target nodes and,
for each target node v, we add k nonexistent edges incident

3http://konect.uni-koblenz.de/

BA CM

karate windsurfers

Figure 4: Average coverage centrality of target nodes as a
function of the number k of inserted edges for GREEDY1
(with t = 2, 3), GREEDY2, and optimal solutions.

jazz haggle

Figure 5: Average coverage centrality of target nodes as a
function of the number k of inserted edges for GREEDY1
(t = 2, 3), GREEDY2, and RANDOM on jazz and haggle.

to v for k = 1, 2, . . . , 10. Then, we plot the average coverage
centrality of the 10 target nodes for each k. We observe that
there is little difference between the solutions of GREEDY1
and GREEDY2 and the optimal solutions, since the approxi-
mation ratio of GREEDY1 is always greater than 0.97 while
the approximation ratio of GREEDY2 is always greater than
0.78. It is not possible to find the optimum on networks
with thousand of edges in a reasonable time. Therefore, we
compare the solutions with the natural baseline of adding k
random edges incident to each target node (the RANDOM al-
gorithm). Analogously to the previous case, we plot the aver-
age coverage centrality of the 10 target nodes for each k. The
results are reported in Figure 5. We notice that also in this
case GREEDY1 provides a better solution than GREEDY2.
However, both algorithms perform always better than the
RANDOM algorithm. On jazz, GREEDY1 with t = 2 needs
7.5 seconds to solve the problem for k = 10, GREEDY1 with
t = 3 needs 242 seconds while and GREEDY2 requires only
4.1 seconds. Notice that GREEDY2 exhibits a better scalabil-
ity than GREEDY1 as k increases since it requires the same
time also for k greater than 10.
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