
spcl.inf.ethz.ch

@spcl_eth

ProbGraph: High-Performance and High-Accuracy 
Graph Mining with Probabilistic Set Representations

M. BESTA, C. MIGLIOLI, P.S. LABINI, J.¢=¢9YΣ P.IFF, 

R.KANAKAGIRI, S.ASHKBOOS, K.JANDA, M. PODSTAWSKI, 

G.KWASNIEWSKI, N.GLEINIG, F.VELLA, O.MUTLU, T.HOEFLER.



spcl.inf.ethz.ch

@spcl_eth

2

Graph Mining



spcl.inf.ethz.ch

@spcl_eth

2

Graph Mining

A huge & 
complex graph 

dataset



spcl.inf.ethz.ch

@spcl_eth

2

Pattern counting 
(triangles, higher-

order cliques, dense 
subgraphs, ...)

Graph Mining

A huge & 
complex graph 

dataset



spcl.inf.ethz.ch

@spcl_eth

2

Pattern counting 
(triangles, higher-

order cliques, dense 
subgraphs, ...)

Clustering, Link 
Prediction, Vertex 

Similarity, ...

Graph Mining

A huge & 
complex graph 

dataset



spcl.inf.ethz.ch

@spcl_eth

3

Graph Mining: Do We Care?



spcl.inf.ethz.ch

@spcl_eth

Social sciences

3

Graph Mining: Do We Care?



spcl.inf.ethz.ch

@spcl_eth

Social sciences

Engineering

3

Graph Mining: Do We Care?



spcl.inf.ethz.ch

@spcl_eth

Social sciences

Engineering

Biology
Chemistry

Communication

3

Medicine Cybersecurity

Web graph analysis

...even philosophyJ

Graph Mining: Do We Care?



spcl.inf.ethz.ch

@spcl_eth

Social sciences

Engineering

Biology
Chemistry

Communication

3

Medicine Cybersecurity

Web graph analysis

...even philosophyJ

Graph Mining: Do We Care?

Challenges



spcl.inf.ethz.ch

@spcl_eth

4

Graph Mining & Graph Datasets: Challenges



spcl.inf.ethz.ch

@spcl_eth

4

Huge

[1] HengLin et al.: ShenTu: Processing Multi-Trillion Edge Graphs on Millions of Cores in Seconds, SC18, Gordon Bell Finalist

Graph Mining & Graph Datasets: Challenges



spcl.inf.ethz.ch

@spcl_eth

4

Irregular

Huge

[1] HengLin et al.: ShenTu: Processing Multi-Trillion Edge Graphs on Millions of Cores in Seconds, SC18, Gordon Bell Finalist

Graph Mining & Graph Datasets: Challenges



spcl.inf.ethz.ch

@spcl_eth

4

Irregular

Huge

Communication-heavy

Synchronization-heavy

[1] HengLin et al.: ShenTu: Processing Multi-Trillion Edge Graphs on Millions of Cores in Seconds, SC18, Gordon Bell Finalist

Graph Mining & Graph Datasets: Challenges



spcl.inf.ethz.ch

@spcl_eth

4

Irregular

Huge

Communication-heavy

Synchronization-heavy

[1] HengLin et al.: ShenTu: Processing Multi-Trillion Edge Graphs on Millions of Cores in Seconds, SC18, Gordon Bell Finalist

Graph Mining & Graph Datasets: Challenges
Power-hungry



spcl.inf.ethz.ch

@spcl_eth

4

Irregular

Huge

Communication-heavy

Synchronization-heavy

[1] HengLin et al.: ShenTu: Processing Multi-Trillion Edge Graphs on Millions of Cores in Seconds, SC18, Gordon Bell Finalist

Graph Mining & Graph Datasets: Challenges

Time complexities 
often O(nk) for k җ2
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We develop ProbGraph: a graph 
representation that uses probabilistic 

set representations (aka sketches)
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Maintain a very small 
άǎƪŜǘŎƘέ ƻŦ ŀ ƎǊŀǇƘ

What design to use 
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[1] BΦ IΦ .ƭƻƻƳΣ ά{ǇŀŎŜκǘƛƳŜ ǘǊŀŘŜ-offs in hash coding with allowable ŜǊǊƻǊǎέ, CACM, 1970.
[2] !Φ ½Φ .ǊƻŘŜǊΣ άhƴ ǘƘŜ ǊŜǎŜƳōƭŀƴŎŜ ŀƴŘ ŎƻƴǘŀƛƴƳŜƴǘ ƻŦ ŘƻŎǳƳŜƴǘǎέ, IEEESEQUENCES, 1997.
[3] Z. Bar-YossefŜǘ ŀƭΦΣ ά/ƻǳƴǘƛƴƎ ŘƛǎǘƛƴŎǘ ŜƭŜƳŜƴǘǎ ƛƴ ŀ Řŀǘŀ ǎǘǊŜŀƳέ, in RANDOM, 2002.

MinHash [2]
K Minimum 
Values [3]
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Evaluation: Used Machines & Objectives


