Appl. Math. Inf. Sci.7, No. 2, 529-532 (2013) F =D\ 520

Applied Mathematics & Information Sciences
An International Journal

@© 2013 NSP
Natural Sciences Publishing Cor.

New Bucket Managements in Iterative Improvement
Partitioning Algorithms

Yourim Yoon! and Yong-Hyuk Kim?*

1Context Awareness Team, Future IT R&D Lab., LG Electronics, S&8d+130, Republic of Korea
2Department of Computer Science and Engineering, Kwangwoon LsitiyeSeoul 139-701, Republic of Korea

Received: Aug. 9, 2012; Revised Nov. 5, 2012; Accepted Ded122
Published online: 1 Mar. 2013

Abstract: In iterative improvement partitioning algorithms, tie-breaking in the chofceaximum-gain vertices has a great impact on
the performance. We propose a new tie-breaking strategy in an iteiragivevement algorithm for graph partitioning. The proposed
method is simple but nevertheless performed better than other traditichaldees.
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1. Introduction ing. They confirmed by experiment the effectiveness of
stack-based management (LIFO strategy) of vertices to ob-
tain the biggest gain for movement. In this paper, we go
V is the set oh vertices ancE is the set ok edges. A bi- further than their study and introduce a new tie-breaking

section{C1,C,} of the graphG satisfiesCy,C, C V, Cy U method in the I_(L algor!thm for grap_h partitioning. We.
Co =V, CiNCs = @, and||C1| — |C2|| < 1. The cut size of show that our tie-breaking strategy is superior to tradi-
(CL,C2) is |{(v,W) € E :v e Ci,we Cp}|. The graph bi- tional tie-breaking strategies.

section problem is the problem of finding a bisection with
minimum cut size.

A number of heuristics for graph bisection have been
proposed. The iterative improvement algorithms are per4n a traditional iterative improvement heuristic like KL or
haps the most basic among these heuristics. An iterativ&éM, a chain of moves are performed; for each move, a
improvement algorithm is used as a heuristic in itself, as avertex with the highest gain is selected. When choosing a
framework for further refinement, or as a local optimiza- vertex, if more than one vertex has the same highest gain,
tion engine in hybridization with metaheuristic methods. atie occurs. Hageet al. [3] observed that many ties occur
Thus, having a good, basic iterative improvement algo-during a run of FM in hypergraph partitioning. We also ob-
rithm is crucial. An iterative improvement algorithm start served a consistent phenomenon during runs of KL in the
with an initial bisection and iteratively moves the vertice graph bisection problem. Figure 1 shows the average num-
to the other side based on greedy decisions. The Kernighaber of ties (from 1,000 runs) over the iterations in the first
Lin algorithm (KL) [5] is a representative iterative im- pass of KL with a graph of 1,000 vertice&1000.2.5).
provement heuristic using pair swaps and the Fiduccia-The second column of Table 1 shows the overall aver-
Mattheyses algorithm (FM) [2] is its algorithmic speedup age number of ties for each graph. This shows that quite a
using single vertex moves. Their variants are discussed itarge number of ties occur in vertex selection, revealirg th
[11, 171, 8], [9], and so on. importance of tie-breaking since two different tie-breki

Recently, Hagemt al. [3] reported notable results con- strategies can drive the search along totally differertigat
cerning implementation choices for tie-breaking in an it-  There have been a number of studies on tie-breaking
erative improvement algorithm for hypergraph partition- mechanisms in the hypergraph partitioning problem. Kr-

Let G = (V,E) be an unweighted undirected graph, where

2. Importance of Tie-Breaking
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ishnamurthy [9] pointed out that the lack of a good tie- - De'e‘< > Insert

breaking rule in the highest gain bucket causes the FM |—

[2] algorithm to make bad choices. For tie-breaking, he 71& D}_’ T D}_’ T D}—“
Inser

introduced again vector with look-ahead and observed a Delet
performance improvement. However, hisk-ahead algo- Type | Type DEC

NC
rithm requires large amounts of memory [1] and cannot be : % we"
applied to the general graph partitioning problem since the | |~ |-}~ [}~---—[ [}
gain vector is only for hypergraphs. Even with his gain | .|

vector, ties may still occur. Hagest al. [3] observed that :
the LIFO management of gain buckets yields considerably
better solutions than FIFO and Random bucket manage-
ments, for both the FM and Krishnamurthy algorithms. Figure 3 LIFO* bucket management in gain updates
According to them, a possible explanation for the supe-

riority of LIFO is that, in LIFO management, clustered

vertices will tend to move sequentially. Based on this hy-

: : . ; which the algorithm selects the vertices is the same as
pothesis, they proposed an alternative gain vector whlctpy . o
includes locality information, and their variants of Krish in LIFO. The difference between LIFO and LIFO* lies in

. the vertex insertion. Each vertex of type A is inserted at
namurthy improved the performance. the head of the bucket. Each vertex of type C is inserted
at the tail of the bucket. There is no change for the ver-
tices of type B. In FIFO*, the selection is the same as that
of FIFO and the insertion is the same as that of LIFO*.
Figure 3 and Figure 4 show the proposed bucket manage-

A typical iterative improvement algorithm uses the gain ment in gain updates. Our idea reflects the conjecture that
bucket structure as given in Figure 2 [6]. The vertices with ; might be advantageous to move vertices having a close
the same gain are managed in the same bucket. Since ea@ationship with recently moved vertices.

bucket is implemented by a linked list, we use the terms

bucket andbucket list interchangeably. In this data struc-
ture, if more than one vertex is in the max-gain bucket, as Comparison of Tie-Breaking Strategies
tie occurs. )

In an iterative improvement algorithm, after each ver-
tex is moved, the gains of its adjacent vertices are update : :
There are three types of gain updates in the KL algorithm:dAe]'Sg%bEfg'&?c])WThe different classes of graphs are fiie
gain increases (type A), no change (type B), and gain de-
creases (type C). Previous tie-breaking methods do not —Gn.d: A random graph om vertices, where an edge is
consider this classification. So, the LIFO strategy, the tra  placed between any two vertices with probabilitin-
ditional champion, inserts every updated node at the head dependent of all other edges. The probabititis cho-
of the corresponding bucket list and selects the node at the sen so that the expected vertex degpge,— 1), isd.
head of the bucket list. We change this according to our — Un.d: A random geometric graph amvertices that
classification. We denote our variants of LIFO and FIFO lie in the unit square and whose coordinates are cho-
by LIFO* and FIFO*, respectively. In LIFO*, the means sen uniformly from the unit interval. There is an edge

3. A New Tie-Breaking Method

‘e conducted tests on the eight graphs that were used in
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Gain bucket This is a possible explanation for the performance differ-
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nEN e . Summary

| TyeeINC e Type DEC In this paper, we described an improved tie-breaking strat-
- \ /ﬂse" egy for an iterative improvement partitioning algorithm.

;AD}_’D}_’ T HD}—“ We improved the traditional champion, namely the LIFO
: strategy, by considering the types of gain updates. Appli-
cation to the VLSI circuit partitioning problem remains as

a promising avenue for future study.

Figure 4 FIFO* bucket management in gain updates
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Table 1 Comparison of Bisection Cut Sizes

Graph Ties [[ FIFO** | FIFOF | Randont | LIFOF* | LIFO*¥
G1000.05 13.25 || 516.82 | 516.77 | 508.86 | 501.24 | 500.64
G1000.20 3.88 || 3495.41| 3495.30| 3489.39 | 3482.95| 3482.55
U2000.05 10.93 || 221.94 | 221.13 | 191.07 | 161.44 | 160.25
U5000.10 6.24 || 1178.72| 1173.66| 1072.81 | 959.89 | 951.78
cat.5252 552.73| 256.26 | 250.85 | 247.46 | 254.15 | 245.78
rcat.5114 747.82|| 166.49 | 167.74 | 177.99 | 183.46 | 183.73
grid5000.50 | 16.66 || 88.23 | 88.10 74.30 56.18 | 56.75

w-grid5000.100| 25.58 || 176.04 | 164.91 | 132.59 | 123.37 | 123.33

t Average over 500 runs.
T Average over 3,000 runs.

Table 2 Selection Rate

Graph Type | FIFO* | FIFO | Random| LIFO | LIFO*
A 0.363 | 0.362| 0.355 | 0.354| 0.354

rcat.5114 B 0.523 | 0.524 | 0.523 | 0.523| 0.523
C 0.114 | 0.114| 0.122 | 0.123| 0.123

Average of | A 0.840 | 0.841| 0.855 | 0.867 | 0.868
the other B 0.136 | 0.137| 0.127 | 0.113| 0.114
graphs C 0.023 | 0.022| 0.018 | 0.019| 0.018

Average over 3,000 runs.
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