
Node similarities and link prediction from
modular compression of network flows
NetSciX 2022

Christopher Blöcker1, Jelena Smiljanić1, Ingo Scholtes2, Martin Rosvall1

christopher.blocker@umu.se

1Integrated Science Lab 2Chair of ML for Complex Networks
Department of Physics Center for AI and Data Science
Umeå University University of Würzburg



High-Level Overview

1



High-Level Overview
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Idea
Objects that compress more efficiently together are more similar.

Use compressed network representation to predict links.
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Background:
The Map Equation Framework



The Map Equation Framework
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The Map Equation Framework
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Our Approach:
Map Equation Similarity



Map Equation Similarity

Key Idea
We can use the coding scheme to describe any link or non-link in
the network.
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Implicit Embedding
We interpret the coding scheme as an implicit node embedding
that defines node similarity in terms of “distance” in the tree.
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Map Equation Similarity

... ...... ...... prefix p = [p1, ... , pi]

...

... ... ... ...

...

1 p1 n

pi

uj vj

uk

u
vk

vl

v

rev(M〈p〉, [uj, uk])
forw(M〈p〉, [vj, vk, vl])

Map Equation Similarity
MapSim (M,u, v) = rev(M〈p〉, addr(M〈p〉,u)) · forw(M〈p〉, addr(M〈p〉, v)) 6



Experimental Validation

• 47 real-world networks, 35 directed, 12 undirected
• 5-fold cross-validation, ROC AUC and AP
• k positive links in train set→ uniformly draw k negative links
• Baselines: DeepWalk, Node2Vec, LINE-1, LINE-2, LINE-1+2, NERD
• Link score for (u, v) calculated as σ

(
~u · ~v

)
/ according to MapSim

Results
MapSim outperforms the baselines in 14 / 47 networks.

On average, 7% performance gain compared to 2nd-best method.
Much more stable performance than baselines.
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Experimental Validation

Data Nodes Edges DW N2V LINE1 LINE2 LINE1+2 NERD MapSim

new-zealand-collabW 1,511 4,273 0.616 0.734 0.660 0.921 0.895 0.559 0.839
urban-streets-venice 1,840 2,407 0.872 0.834 0.777 0.570 0.668 0.573 0.889
urban-streets-ahmedabad 2,870 4,387 0.939 0.890 0.828 0.533 0.629 0.575 0.897
power 4,941 6,594 0.919 0.863 0.827 0.741 0.777 0.600 0.959
facebook-organizations 5,793 45,266 0.937 0.516 0.968 0.954 0.966 0.846 0.979
reactome 6,327 147,547 0.934 0.592 0.983 0.925 0.950 0.846 0.978
physics-collab-arXivW 14,488 59,026 0.929 0.521 0.977 0.807 0.871 0.695 0.955
marvel-universe 19,428 95,497 0.854 0.633 0.879 0.834 0.902 0.852 0.900
internet-as 22,963 48,436 0.641 0.705 0.535 0.921 0.920 0.744 0.927
marker-cafe 69,413 1,644,849 0.576 0.906 0.760 0.920 0.914 0.930 0.916
livemocha 104,103 2,193,083 0.708 0.758 0.839 0.861 0.876 0.924 0.876
foursquare-friendships 114,324 607,333 0.924 0.537 0.968 0.932 0.950 0.836 0.988
Average 0.821 0.707 0.834 0.826 0.860 0.748 0.925
Standard Deviation 0.136 0.140 0.132 0.137 0.106 0.136 0.045

Table 1: ROC AUC performance on twelve undirected networks.

Data Nodes Edges DW N2V LINE1 LINE2 LINE1+2 NERD MapSim
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Average 0.750 0.691 0.802 0.786 0.832 0.757 0.892
Standard Deviation 0.148 0.170 0.164 0.129 0.128 0.118 0.054

Table 2: ROC AUC performance on thirty-five directed networks.
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Experimental Validation

Data Nodes Edges DW N2V LINE1 LINE2 LINE1+2 NERD MapSim

new-zealand-collabW 1,511 4,273 0.643 0.661 0.768 0.925 0.907 0.606 0.865
urban-streets-venice 1,840 2,407 0.897 0.870 0.828 0.634 0.711 0.597 0.890
urban-streets-ahmedabad 2,870 4,387 0.953 0.919 0.864 0.577 0.685 0.523 0.915
power 4,941 6,594 0.936 0.897 0.874 0.800 0.828 0.620 0.962
facebook-organizations 5,793 45,266 0.919 0.508 0.977 0.966 0.974 0.882 0.976
reactome 6,327 147,547 0.908 0.580 0.985 0.944 0.961 0.890 0.978
physics-collab-arXivW 14,488 59,026 0.939 0.592 0.983 0.858 0.899 0.725 0.964
marvel-universe 19,428 95,497 0.864 0.666 0.914 0.840 0.899 0.884 0.910
internet-as 22,963 48,436 0.685 0.742 0.659 0.930 0.930 0.822 0.932
marker-cafe 69,413 1,644,849 0.539 0.853 0.832 0.921 0.917 0.949 0.912
livemocha 104,103 2,193,083 0.694 0.737 0.880 0.868 0.884 0.930 0.881
foursquare-friendships 114,324 607,333 0.918 0.520 0.976 0.948 0.961 0.858 0.988
Average 0.824 0.712 0.878 0.851 0.880 0.774 0.931
Standard Deviation 0.137 0.141 0.095 0.120 0.090 0.144 0.040

Table 3: Average precision on twelve undirected networks.

Data Nodes Edges DW N2V LINE1 LINE2 LINE1+2 NERD MapSim
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Average 0.749 0.664 0.841 0.836 0.864 0.809 0.908
Standard Deviation 0.154 0.174 0.141 0.098 0.111 0.104 0.048

Table 4: Average precision on thirty-five directed networks.
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Conclusion



Experimental Validation

Problem
We consider node similarities and link prediction from a
compression-based perspective.

Our Contribution
We propose map equation similarity, an information-theoretic
similarity measure based on compressions of random walks.

Results
Map equation similarity outperforms embedding-based baselines
on average and with stable performance across 47 data sets.

10



Acknowledgements

Thank you for your attention!

11


	Background: The Map Equation Framework
	Our Approach:  Map Equation Similarity
	Conclusion

