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[LAW] Laboratory for Web Algorithmics http://law.di.unimi.it/datasets.php

[SNAP] Stanford Large Network Dataset Collection http://snap.stanford.edu/data/
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Research Session RT17: Social and Graphs 3
Wednesday 1:00 pm-3:00 pm | Level 3 - Ballroom B

Chair: Tina Eliassi-Rad

Edge-Weighted Personalized [FTtLenlt Breaking A Decade-Old Performance Barrier

Wenlei Xie,Cornell University; David Bindel,Cornell University; Alan Demers,Cornell University; Johannes Gehrke,Cornell University
(Paper ID:117)

SEISMIC: A Self-Exciting Point Process Model for Predicting Tweet Popularity

Qingyuan Zhao,Stanford University; Murat A.,Erdogdu; Stanford University Hera,Y.; He Stanford University,Anand; Rajaraman Stanford University,Jure; Leskovec
Stanford Universit

(Paper 1D:819)

Beyond Triangles: A Distributed Framework for Estimating 3-profiles of Large Graphs

Ethan R.,Elenberg; The University of Texas Karthikeyan,Shanmugam; The University of Texas Michael,Borokhovich; The University of Texas Alexandros,G.; Dimakis The
University of Texa

(Paper 1D:896)

Scalable Large Near-Clique Detection in Large-Scale Networks via Sampling

Michael Mitzenmacher,Harvard University; Jakub Pachocki,Carnegie Mellon University; Richard Peng,MIT; Charalampos Tsourakakis,Harvard University; Shen Chen
Xu,Carnegie Mellon University

(Paper 1D:720)

Efficient GEEELELLY Tracking in Evolving Networks
Naoto Ohsaka,The University of Tokyo; Takanori Maehara,Shizuoka University; Ken-ichi Kawarabayashi,National Institute of Informatics
(Paper 1D:228)

MASCOT: Memory-efficient and Accurate Sampling for Counting Local Triangles in Graph Streams
Yongsub Lim,KAIST; U Kang,KAIST
(Paper 1D:163)






