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Simulated Annealing for Coalition Formation

Helena Keindnen! and Misa Keiniinen

1 INTRODUCTION

We study coalition formation in characteristic function games
(CFGs) [4, 5]. Consider a m-person cooperative game where A =
{a1,a2,...,an} is the set of agents. A coalition is any non-empty
subset S of A, ie. S C A such that S # 0. In CFGs a char-
acteristic function v S — R assigns real values (worths) to
coalitions such that the function may be incomplete. A coalition
structure C'S' is a partition of A into mutually disjoint coalitions
in which, forall S, S" C A, wehave SN S = 0,5 # S and
Usecs = A. The value of a coalition structure V(C'S) is called
social welfare, and it is defined as V/(C'S) = 3 g v(S5). Given
a set of agents A = {a1,as,...,a,} together with a characteristic
function v : S — R, our aim is to find a coalition structure with
maximum social welfare. It is shown in [5] that finding a social wel-
fare maximizing coalition structure is a N P-complete problem, and
that the number of coalition structures is O(n™) and w(n™'?).

Motivated by the observations in [6, 7] that genetic algorithms
provide a useful tool for searching the maximal sum of the values
of coalitions, we show that simulated annealing (SA) [1, 3] provides
also a very competitive approach to the problem. We observe that
the SA algorithm with a suitable neighbourhood relation often finds
better values or even the optimal coalition structures well before the
state-of-the-art algorithms in [2, 4, 5].

2 SA FOR COALITION FORMATION

Algorithm 1 shows our SA algorithm for optimizing the social wel-
fare of a CFG. The algorithm takes a characteristic functionv : § —
R for an n-agent CFG as its input. Additional inputs are iteration
limit ¢maz, initial temperature tin;¢, and the cooling ratio a. ¢ is
to keep track of the number of iterations. C'Spest records the coali-
tion structure with the highest social welfare among the ones seen. At
each iteration a random neighbour solution C'S’ of coalition structure
C'S is picked according to a specific neighbourhood Neighbour().
The search proceeds with an adjacent coalition structure C'S’ of the
original coalition structure C'S, if C'S’ yields a better social welfare
than CS. Otherwise, the search is continued with C'S” with probabil-
ity e(V(CSN=V(OS)/t The temperature ¢ decreases after each itera-
tion according to an annealing schedule t = af where 0 < a < 1.
The performances of SA algorithms are very sensitive to param-
eter adjustments as well as to neighbourhood selection. Given a set
of agents A together with a characteristic function v, let M denote
the set of all coalition structures that can be formed. The neighbour-
hood is a function Neighbour : M — 2™ \ () which maps coalition
structures to the sets of their neighbour coalition structures.
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We found out that the following two neighbourhoods are particu-
larly appropriate for Alg. 1. Split/merge neighbourhood, in which
CS' € Neighbour(CS) if and only if CS’ can be obtained
from C'S by either (i) splitting one coalition in CS into two dis-
joint coalitions in C'S’, or (ii) merging two distinct coalitions of
CS into a single coalition in C'S’. Shift neighbourhood, in which
CS' € Neighbour(CS) if and only if C'S" can be obtained from
C'S by shifting exactly one agent from a coalition to another coali-
tion.

Algorithm 1

Inputs: c_max, t_init, alpha
External: V()

c=0;
t = t_1nit;
CS = random initial coalition structure;

CS_best = CS;
while ¢ < c_max do
CS’ = random neighbour of CS in Neighbour (CS) ;
if V(CS’) > V(CS) then
CS = Cs’;
1if V(CS)>V(CS_best) then CS_best=CS;
else
with probability e” ((V(CS’)-V(CS))/t)
CsS = Cs’;
c = c+l;
t = alpha*t;
return CS_best;

3 EXPERIMENTAL RESULTS

We have implemented the Alg. 1 in C, and evaluated its performance
on CFG problems. As our benchmarks we use problems from [2, 4,
5, 6]. In the following we present experimental results considering in
particular solution quality, robustness, and runtime performances of
various algorihms.

The Fig. 1 (left) shows a robustness comparison of split/merge and
shift neighbourhoods for the SA algorithm on 300 randomly gener-
ated 10-agent CFG problem instances. For each problem instance,
an incomplete characteristic function v was generated to assign ran-
dom coalition values between [0, 1]. An exhaustive search was first
used to find social welfare maximizing coalition structures, and then
the SA algorithm was used to find optimal solutions in the following
way. For both neighbourhoods, we executed 11 runs on every prob-
lem instance with approximately optimal parameters a = 0.99 and
tinit = 1. The runtime limit for each run was set to 100000 coalition
structures. We plot the minimum execution times of 11 runs to find
an optimal social welfare. The shift neighbourhood is much more
robust than the split/merge. SA with shift neighbourhood is able to
find the optimum solution in 298 of the 300 instances. In contrast,
SA with the split/merge times out in 136 instances without finding
an optimum solution. Tne SA with the shift neighbourhood is mostly
able to find the optimum values with substantially fewer search steps
than SA with the split/merge. Irrespective of the parameter variation
the behaviour of the shift neighbourhood was superior.

To compare the solution qualities of SA with the two different
neighbourhoods, we investigate the behaviours on 100 randomly
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Figure 1.

generated 20-agent CFG problem instances, again random coalition
values in [0, 1]. Fig. 1 (right) shows the correlation between the solu-
tion quality of SA with the split/merge neighbourhood and SA with
the shift neighbourhood. The plot illustrates the maximum social
welfares found, measured from 11 runs per neighbourhood. The run-
time limit was set to 22! = 524288 coalition structures, and we
used the approximately optimal annealing schedule where @ = 0.99
and tini+ = 1. These results clearly show that SA with the shift
neighbourhood outperforms SA with the split/merge neighbourhood.

We have also implemented in C algorithms presented in [2, 4, 5],
and a random search on the graph induced by the neighbourhood
relations. We compared the performances of SA, Random search
and the anytime algorithms on a set of randomly generated 10-agent
CFGs with coalition’s values picked randomly from a uniform dis-
tribution [0, 1]. Fig. 2 shows the cumulative solution qualities over
runtime (measured as seen coalition structures), on a representative
problem instance. The initial temperature for SA is ¢;,;+ = 1 and
« is fixed to 0.8. Both SA and Random search are run only once.
The SA algorithm finds good solutions very quickly. The SA with
the shift neighbourhood finds the optimum within short runtime, and
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Figure 2. A comparison of SA, Random search and Anytime algorithms.
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also SA with the split/merge neighbourhood climbs very close to
the optimum. Random search with both neighbourhoods manages
to find quickly relatively good solutions. However, as SA with the
split/merge, Random search do not find any maximal social welfare.
The anytime algorithm searches for a long time without finding good
solutions, but then finally sees a coalition structure with maximal so-
cial welfare.

Finally, we conducted further experiments on 100 random 20-
agent CFGs with coalition’s values in [0, 1]. For each problem in-
stance, we collected the minimal, median and maximal social wel-
fares measured from 11 runs per algorithm. In these tests, the run-
time limit for all algorithms was set to 227! = 524288 coalition
structures. We used the SA with the shift neighbourhood, and the SA
parameters were the approximately optimal o = 0.99 and t;5,:+ = 1.
The results are consistent with the results of the previous experi-
ments. For all problem instances the SA algorithm substantially out-
performs the anytime algorithms in [2, 4, 5]. Notably, every social
welfare found with the anytime algorithms [2, 4, 5] is smaller than 2,
whereas the SA always finds social welfares better than 9. The results
with the SA provide an improvement in the order of a factor 5.
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