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A PageRank —based Network Layout Algorithm

Li Ran, Wu Yadong, Wang Song, Chen Huarong, Liao Jing
(School of Computer Science and Technology , Southwest University of Science and Technology,
Mianyang 621010 , China)

Abstract: With the layout results intuitive and easy to analyze, the network layout algorithm plays a critical role in network visu-
alization based on the Force— Directed model. However, a high— quality layout result is not obtained easily by current network layout
algorithms in a brief period when confronted with large— scale network data. An algorithm based on PageRank’ s Force— Directed
model is proposed in this paper, which can produce a better layout with aesthetic metrics such as Crosslessness ,» Minimum angle met-
ric and so on. Moreover, to enhance the layout quality. the algorithm introduces PageRank to perfect the gravity and repulsion force
calculation of nodes. Simultaneously, this paper proposes an adaptive step length based on PageRank to balance the efficiency and
quality of the layout. Finally, a flexible CPU+ GPU heterogeneous parallel computing framework was designed based on CUDA to ef-
fectively reduce the calculation time of the layout algorithm in the face of large— scale network data. The algorithm can produce a high

quality layout via experiments with different types and sizes of network datasets. And under the same hardware conditions, the opti-

mization scheme proposed in this paper is up to 58 times faster than the original algorithm.
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Py = Initialization_layout_algorithm(G, Centrality) ;

For 1 — iterations do

BH. rebuild() //H # Barnes— Hut #f

For n in nodes do

For v € neighbors(n) do

F,= F.+ F.(n,v);//3F5EW5] 5

End For

F,= F,+ k X BH. force_at(P,,PR(n)); //i} % 3 T PageR-
ank [ 5% Jy

F,= F.— k,(PR(n));//3HHTF PageRank fy 5 J

End For

UpdateGlobalSpeed() ;

Forn € Ndo

P, =local_speed(n,PR(n)) XF,; //HE W S0 E

End for
End For
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for n in nodes do

/ARG ST S A 0 M Closeness Centrality level

if n. cc > maxCC X q then

n.cl = first;

end if

if maxCe X ¢ << n. cc << maxCc X q then

n. cl = second;

end if

if n. cc << maxCc X ethen

n. cl = third;

end if

// AR A5 Y Closeness Centrality level 318212

if CL(n) == f{irst then

r = (e X random(0, 1)) X minSize;

end if

if CL(n) == second then

r = (¢ + A X random(0, 1)) X minSize;
end if

if CL(n) == third then

r = (¢ + ¥ X random(0, 1)) X minSize;
end if

n. x= r X cos(random(8)/180) + width + 2;

n.y=r X sin(random(0)/180) + height = 2;
end for
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