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tIn this se
ond part of resear
h done on solving the dis
rete time-
ost tradeo�problem, we present the methods used to de
ompose an AoN proje
t networkinto subnetworks by removing some ar
s. The obje
tive is to minimize su
h ar
s,while obtaining subnetworks that 
an be solved easily. Thus, the de
omposi-tion problem is modeled as a graph partitioning problem on a undire
ted graphG(V;E) where ea
h node v 2 V has a non-negative weight w(v), whi
h equalsits number of modes minus 1. A feasible partition is one where total weight ofthe nodes of ea
h subnetwork does not ex
eed an upper limit. Two types ofpartitioning heuristi
s (namely, graph growing and graph redu
tion) along witha lo
al improvement heuristi
 are tested and experimental results are presented.1 The ModelWe are given an a
tivity{on{node proje
t network (dire
ted a
y
li
 graph) with a
tiv-ities V , and E � V � V is the set of pre
eden
e 
onstraints. For ea
h a
tivity j 2 Vwe are given a set Mj of modes. The dis
rete time{
ost tradeo� problem addresses�nding a mode for ea
h a
tivitity su
h that a given deadline T 
an be met with mini-mum 
ost while respe
ting the pre
eden
e 
onstraints. Sin
e this problem is NP-Hard,a \divide{and{
onquer" approa
h would be to de
ompose the proje
t network intosubnetworks that 
an be solved with relative ease. We will let H denote the index setfor these subnetworks. Then, for ea
h h 2 H, V h � V denotes the set of nodes andEh � V h�V h � E denotes the set of ar
s in subnetwork h. Let �E be the set of ar
s inE whi
h have start and end nodes in di�erent subnetworks. For H to be a partition,we must have Sh2H V h = V , V h \ V h0 = ;, for h 6= h0, and �E [Sh2H Eh = E.Sin
e �E 
orresponds to the relaxed 
onstraints in the MIP formulation dis
ussed in PartI, the obje
tive of network de
omposition is to minimize j �Ej subje
t to two types of
onstraints. Firstly, ea
h subgraph h, G(V h; Eh) should be 
onne
ted. Otherwise ea
h
omponent of the subgraph 
ould be treated as a seperate subgraph without in
reasing1



�E. Se
ondly, problems 
orresponding to the subnetworks should be easy to solve. Tothis end, we let the weight w(v) of ea
h node v be jMjj � 1 and let W h =Pv2V h w(v),denote the total weight of subnetwork h. Sin
e, the number of modes per a
tivity is astrong indi
ator of solution diÆ
ulty, our se
ond 
ontraint is W h � b for all h.Clearly, neither the obje
tive nor the 
onstraints of network de
omposition dependon the dire
tion of edges, hen
e de
omposition 
an be done on the 
orrespondingundire
ted graph. That is, we 
an model the de
omposition problem des
ribed aboveas a 
apa
itated graph partitioning problem on a undire
ted graph G(V;E) where ea
hnode v 2 V has a non-negative weight w(v).2 De
omposition Heuristi
s2.1 Graph Growing Heuristi
This heuristi
 
reates one partition at a time. Let Vf denote the set of nodes that havenot been in
luded in any partition (free nodes). The heuristi
 starts a partition, h,by 
hoosing a node from Vf . Then it in
ludes one node at a time, say n, 
hosen fromVf su
h that n is adja
ent to at least one node in V h and W h + w(n) � b until nosu
h node exists. Then it \
loses" the 
urrent partition and starts a new one. In ourimplementations the 
hoi
e of node n has been done using two di�erent myopi
 rules.Let E(v;A) denote the number of edges between a node n and a set of nodes A.(1) MinMax rule �rst determines the set, C, of 
apa
ity feasible nodes that are adja
entto at least one node in 
urrent partition V h. Then, the set C 0 � C is determinedwhi
h 
onsists of nodes v su
h that E(v; Vf ) is minimum. Finally, the set C 00 � C 0is determined that 
ontains the nodes v su
h that E(v; V h) is maximum. If jC 00j > 1then, the 
hoi
e is made randomly.(2) MaxGain rule �rst determines the set C as in MinMax. Then, among the nodes inC, 
hoses the one that gives the maximum gain, where gain asso
iated with in
ludinga node n into a partition V h is de�ned as E(n; V h)� E(n; Vf ).2.2 Graph Contra
tion Heuristi
This heuristi
 has two stages: \Coarsening" and \Un
oarsening". Coarsening itera-tivelymerges nodes and works as follows: Let G(V0; E0) denote the original graph whereall edges have weight 0 and G(Vi; Ei) denote the smaller graph obtained in iterationi. If verti
es V v � Vi are merged to be
ome node v 2 V(i+1) then w(v) =Pj2V v w(j).Similarly, the edges of v is the union of the edges of nodes in V v. If nodes V e � V v havean edge to the same node k 2 Vi n V v, then the weight of edge (v; k) 2 E(i+1) equalsPj2V e w((j; k)). Ea
h iteration of graph 
oarsening is done by \maximal mat
hing",that is �nding a set of edges su
h that no two edges share the same end-node and the2



set is maximal in the sense that no other edge 
an be added to the set without makingtwo edges in
ident on the same node. During 
oarsening, in order for an edge to be
ollapsed, the total weight of its end-nodes must not ex
eed the upper bound b.\Un
oarsening" is done by assigning the nodes in V vi that make up the multinodev 2 V(i+1) in the 
oarse graph to the partition of v. This preserves both W h for all hand j �Ej.The following are the rules used in 
hoosing two adja
ent nodes to be merged dur-ing 
oarsening: Largest Vertex Weight Rule, Largest Edge Weight Rule, RandomizedLargest Vertex Weight Rule, Randomized Largest Edge Weight Rule.2.3 Lo
al Improvement Heuristi
The defa
to ben
hmark algorithm for graph bise
tion problem has been the lo
al sear
halgorithm of Kernighan and Lin (KL)[2℄. Hendri
kson and Leland[1℄ extended thealgorithm to improve a graph with an arbitrary number of partitions. The basi
 ideaof KL is to allow non-improving 2-ex
hanges that lead to an improving k-ex
hangewithout sear
hing the entire k-ex
hange neighbourhood. All KL-like algorithms usegain from moving a vertex v from its 
urrent partition to partition k, de�ned as:gaink(v) = E(v; V k) � E(v; V p(v)), where, p(v) is the partition of vertex v. Thusgain is the redu
tion in j �Ej due to moving a vertex to another partition. Our KL-likealgorithm takes into a

ount the 
onstraint on partition{weight and allows eliminating(but not 
reating) partitions.Referen
es[1℄ B. Hendri
kson, R. Leland (1993) A multilevel algorithm for partitioning graphs,Te
hni
al Report SAND93-1301, Sandia National Laboratory, Albuquerque, NewMexi
o.[2℄ B. W. Kernighan, S. Lin (1970) An eÆ
ient heuristi
 pro
edure for partitioninggraphs, Bell System Te
hni
al Journal 49, 191-307.
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