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It all started with a stroll… 

Is there a walk through the city that would cross 
each of those bridges once and only once?

In 1736, Euler demonstrated this is not possible, 
using a graph abstraction.

In 285+ years, graph theory provided many more 
theoretical results and graph metrics.
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Source: Wikipedia



Graphs are everywhere … 

Social media 

Logistics 

Bioinformatics 

Text analysis 

Brain modeling 

Business processes 

Fraud detection 

…  
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Why should we care? 
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Graphs are powerful computational models, fundamental to reason about and 
generate new knowledge from inter-connected entities. 

Graphs are challenging… 

- To build 
- To analyse at scale 
- To predict 

… but bring wisdom to (big) data.

Sustainable Finance – using knowledge graphs to model impacts on the Earth System 

https://olafbrugman.medium.com/sustainable-business-and-the-earth-system-4aa33630950b?source=user_profile---------15----------------------------


Our vision [CACM 21]
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https://cacm.acm.org/magazines/2021/9/255040-the-future-is-big-graphs/



Meet the panel
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What’s next?

7

Prof. Ana-Lucia Varbanescu 
University of Twente, NL 

Prof. Adriana Iamnitchi, 
University of Maastricht, NLProf. Torsten Hoefler 

ETH Zurich

Prof. Angela Bonifati 
University of Lyon1

Panel will present their views on graph processing and its challenges. 
…followed by a (lively!) discussion with the audience.
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About myself 

● Professor in Computer Science at Lyon 1 University (France)
● Leader of the Database group at LIRIS CNRS lab (France) 
● Adjunct Professor at the University of Waterloo (Canada)
● Expertise on Big data, graph querying and indexing, 

property graphs, graph schemas and constraints, schema 
discovery, graph transformations, graph streaming, 
distributed graph databases with performance guarantees 

● Member of WGs on standard graph query languages and 
property graph schemas (LDBC and ISO/IEC committees)

Angela Bonifati
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Graphs are universal!

Graphs provide a universal and simple blueprint for 
how to look at the world and make sense of it.

Tech-driving applications = data science + multi-
hop relationships

*not yet :-(
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Everyone* uses graphs!



A plethora of applications

● Among which, the covidgraph.org
initiative aiming at building the 
Covid19 knowledge graph:

○ Collecting patents, publications 
about the human coronaviruses 

○ Biomedical data (genomics and 
omics)

○ Experimental data about clinical 
trials 

○ Key demographic indicators

11

http://covidgraph.org


Several graph database engines on the rise
● The number of graph engines is growing over the years as well as their 

popularity
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Dynamic and Streaming Graphs

● Dynamic graphs are graphs that can 
accommodate updates (insertions, 
deletions, changes) and allow querying 
on the new/old state

● Streaming graphs are graphs that are 
unbound as new data arrives at high-
speed. 

● Current systems and libraries focus on 
aggregates/projections and disregard 
complex analytics (recursion, paths as 
results of graph queries)

[Pa20] A. Pacaci, A. Bonifati and T. Ozsu.: Regular Path Query Evaluation on Streaming Graphs. SIGMOD Conference 2020: 1415-1430
[Pa22] A. Pacaci, A. Bonifati and T. Ozsu. Evaluating Complex Queries on Streaming Graphs. In IEEE ICDE 2022 (Best Paper Award)
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PG-Keys: keys for property graphs

● Declaratively specify the scope of the key and its values in 
your favourite PG query language (a parameter of PG-Keys). 
Here we use Cypher-like syntax. 

● For instance

○ FOR p WITHIN (p:Person) IDENTIFIER p.login; says that “each person 
is identified by their login”, and 

○ FOR f WITHIN (f:Forum)<-[:joined]-(:Person) IDENTIFIER f.name, p 
WITHIN (f)<-[:moderates]-(p:Person); says that “each forum with a 
member is identified by its name and moderator”.
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[An21] Renzo Angles, Angela Bonifati, Stefania Dumbrava, George Fletcher, Keith W. Hare, Jan Hidders, Victor E. Lee, Bei Li, Leonid Libkin, Wim Martens, 
Filip  Murlak, Josh Perryman, Ognjen Savkovic, Michael Schmidt, Juan F. Sequeda, Slawek Staworko, Dominik Tomaszuk:PG-Keys: Keys for Property 
Graphs. SIGMOD Conference 2021: 2423-2436



Our vision [CACM 21]
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https://cacm.acm.org/magazines/2021/9/255040-the-future-is-big-graphs/



Graph processing ecosystems

● Complex workflows combining OLTP and OLAP processing are needed in 
order to handle heterogeneous data and heterogeneous queries and 
algorithms in full-fledged graph ecosystems

16[Sa21] S.Sakr et al. The Future is Big Graphs!  a community view on graph processing systems. Commun. ACM 64(9): 62-71 (2021)



Graph analytics at scale

Multi-hop analysis faces combinatorial scaling problem: Every step deeper into the graph 
multiplies the number of choices and cases to consider

Dealing with this technical challenge is not the typical business interest of a user.

Which challenges are ahead of us to ready graph processing systems for the future?

Challenges to overcome: Abstractions, Ecosystems, Performance
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Graph Analytics challenges require expertise of many 
different fields

● Computer systems
● Data management systems
● Data management theory
● Data analytics
● Visualization
● Human computer interaction
● ML/Artificial Intelligence
● …
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[collaborate by ArmOkay from the Noun Project]
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Adriana Iamnitchi

● Professor/Chair of Computational Social Sciences, Maastricht 
University, NL

○ Until 2021 Professor of Computer Science at University of South Florida, USA
● Expertise in large-scale networked systems, network science, social 

media forensics, social media modeling/forecasting 
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Stories with graphs: an information campaign
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The White Helmets: a Syrian volunteer 
organization known for:

● Humanitarian actions
● Efforts to rescue civilians in war zones 

during the Syrian civil conflict
● Refusal to align with groups or military 

factions

They also provided: 
● Video footage documentation of search 

and rescue operations
● Videos showing the human impact of 

the conflict



Data Forensic Questions

● Are there signs of coordinated actions in promoting videos on YouTube? 
(single platform) (Choudhury et al., 2020 and NG et al., 2021)

○ We discovered the promotion of near-identical videos posted in different 
channels

● How are YouTube videos publicized on Twitter and Facebook? (multiple 
platforms) (NG et al., 2021)

○ We discovered unusual patterns of synchronized behavior between users from 
multiple platforms
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Social Media Datasets

● YouTube
○ Data collected using YouTube API Keywords
○ 666 videos posted between June 19, 2014 and April 30, 2019
○ For each video: date published, channel, and English translation of 

title and captions
● Twitter

○ Data collected using GNIP API from April 1, 2018 to April 30, 2019
○ Selected only Twitter posts containing links to videos in YouTube 

dataset
○ 14,776 tweets

● Facebook
○ Data collected using CrowdTangle’s URL endpoint query API
○ Public Facebook posts with links to YouTube videos present in our 

dataset.
○ 961 posts by 611 users between April 1, 2018 and April 30, 2019
○ Out of 666 videos, only 236 were present in this dataset.
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Data Collection Keywords

‘white helmets’, ‘cascos blancos’, 
‘capacetes brancos’, ‘caschi bianchi’, 

‘casques blancs’, ‘elmetti bianchi’, 
‘weisshelme’, ‘weiß helme’, ‘syrian 

civil defence’, ‘белые каски’,
‘ يروسلايندملاعافدلا ’



Message promotion on YouTube
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53 videos out of 666 with near-identical 
content uploaded to 35 different channels

Channels connected by near-identical videos. Heavy 
presence of Russian media, Western journalists, 
and information activists involved in content 
coordination.



Inorganic Activity from Top-level Comments on YouTube

● 62 out of 666 videos had near-duplicate 
comments

● Out of 14K comments, 241 have at least one near 
duplicate

Videos-Comments Network
● 62 videos (red nodes)
● 241 comments (blue nodes)
● Green edges represent a comment to a video
● Orange edges represent a pair of near-duplicate 

comments
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How are YouTube videos posted on Twitter and Facebook?

● Nodes are:
○ Red: YouTube videos (144)
○ Blue: Twitter users (471)
○ Green: Facebook users (161)

● Time threshold of 52 seconds computed 
based on an inter-arrival analysis 
between posts to the same video 

● We connect social media user accounts 
that post the same YouTube videos 
within 52 seconds

○ 450 edges
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Agenda Broadcasting
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The node at the center shared all videos in detail 
network, whereas the other two coordinately (within 
52 seconds) posted 6 and 7 videos, respectively.
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Example: Coordinated Video Recurrence
● Recurrent coordinated attempts 

among Twitter users in promoting 
videos from two channels.

● One Twitter account repeatedly posted 
one video with always the same 
message.

○ This user posted one video 16 
times, and other users 
coordinated repeatedly by posting 
simultaneously
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Take-away messages

● Different graph definitions can highlight different issues
● In these examples we reduced datasets to manageable-size graphs

○ Filter datasets by keywords to select only topic-specific content
○ Intersection of datasets (YouTube and (Twitter or Facebook)) reduces graphs further

● Automatic tools that detect/quantify coordination in message promotion can 
help educate users

○ No need to identify true vs fake news (which is hard to automize)
○ Just signal visibly that message is suspiciously promoted by synchronized user accounts
○ Caveat: sometimes users react organically at the same time due to big breaking news 
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spcl.inf.ethz.ch
@spcl_eth

▪ Teaching at ETH Zurich
▪ High-performance Computing, typically very large scale, helped to design top-5 systems
▪ Large-scale machine learning 
▪ All with irregular graphs!

▪ View between hardware/software/algorithms
▪ Enjoys fundamental principles and mathematical models
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Torsten Hoefler - background

Large-scale Graph Processing

- Embeddings for vertices
- Maintain discrete graph 

structure at high cost
- Add embeddings to encode 

structure and semantics
- How to approximate?

Graph Neural Networks Euclidian Embeddings 



spcl.inf.ethz.ch
@spcl_eth
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Processing large graphs Gordon Bell Prize 
finalist with pure 

graphs!

70 trillion edges 
on 10 million 

cores

12-trillion edge 
real-world graph 
(Internet) in 8.5s 

per iteration

Still? Largest 
documented 

graph job.



spcl.inf.ethz.ch
@spcl_eth
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Will graphs survive contact with ML? 

ICML’2
1

KDD’2
2



spcl.inf.ethz.ch
@spcl_eth

▪

36

The future may not be big graphs: embeddings to represent relations!



Prof. Angela Bonifati 
University of Lyon1
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Big data belongs in (knowledge) graphs!

We briefly explained why and how.

Time for your questions.


