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2𝑚 +
2𝑛

𝐶
+ 𝑃 < 𝑛 + 2𝑚 ⟺ 𝑃 < 𝑛 1 −

2

𝐶

𝑃 < 3𝑛/4 𝑃 < 7𝑛/8 𝑃 < 15𝑛/16

𝐶 = 8 𝐶 = 16 𝐶 = 32
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Additional reduction required

Thread 1

Thread 2

Thread 3

Thread 1

Thread 3

Thread 2
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Trivium Intel Server CSCS Piz Daint & Piz Dora

CSCS Greina cluster

Intel Haswell CPU

NVIDIA GTX 670 GPU

NVIDIA Tesla K80 GPU

Intel Xeon Phi KNL

Intel Xeon CPU

NVIDIA Tesla K20X GPU

Intel Xeon CPU
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Real-world SNAP graphs [3]

Synthetic graphs

Kronecker [1]

[1] J. Leskovec et al. Kronecker Graphs: An Approach to Modeling Networks. J. Mach. Learn. Research. 2010.

[2] P. Erdos and A. Renyi. On the evolution of random graphs. Pub. Math. Inst. Hun. A. Science. 1960.

[3] https://snap.stanford.edu

Erdös-Rényi [2]

Road networks

Comm. graphs

Social networks

Purchase networks

Citation graphs
Web graphs

https://snap.stanford.edu/
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OTHER PARAMETERS

Semirings

Tropical:  (ℝ ∪ {∞},𝑚𝑖𝑛, +,∞, 0)

Real:       (ℝ,+,∙, 0,1)

Boolean: ({0,1}, |, &, 0,1)

Sel-max: (ℝ,𝑚𝑎𝑥,⋅, −∞, 1)

OpenMP scheduling

Static

Dynamic

Scaling

Strong

Weak

Sell-C-sigma parameters

Sorting

Chunk size
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To ensure that with probability 1 −
1

log 𝑛
all vertices have degree less than ො𝜌, we need:
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With Bernoulli’s inequality and        we get:4 2
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𝑊 = 𝑂(𝐷𝑛 + 𝐷𝑚 + 𝐷𝐶(𝛼𝑛 log𝑛)1/(𝛽−1))


