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Abstract. Scalability constitutes a key property in Peer-to-Peer envi-
ronments. One way to foster this property is the introduction of super-
peers, a concept which has gained widespread acceptance in recent years.
However, the problem of finding the set of super-peers that minimizes the
total communication cost is NP-hard. We present a new heuristic based
on Evolutionary Techniques and Local Search to solve this problem. Us-
ing actual Internet distance measurements, we demonstrate the savings
in total communication cost attainable by such a super-peer topology.
Our heuristic can also be applied to the more general Uncapacitated Sin-
gle Assignment p-Hub Median Problem. The Local Search is then fur-
ther enhanced by generalized don’t look bits. We show that our heuristic
is competitive with other heuristics even in this general problem, and
present new best solutions for the largest instances in the well known
Australia Post data set.

1 Introduction

During recent years evolutionary algorithms enhanced with local search have been
used to solve many NP-hard optimization problems [1–4]. These heuristics take
their power from the problem specific local search, while keeping all favorable
features of the evolutionary approach.

We are especially interested in optimization problems connected with topol-
ogy construction in Peer-to-Peer (P2P) systems. Well-known properties of these
fully decentralized P2P systems include self-organizing and fault-tolerant behav-
ior. In contrast to centralized systems, they usually possess neither a single point
of failure nor other bottlenecks that affect the entire network at once. However,
the scalability of such networks becomes an issue in the case of excessive growth:
Communication times tend to increase and the load put on every node grows
heavily when the networks get larger. A possible solution to this issue is the in-
troduction of super-peers. Super-peers are peers that act as servers for a number
of attached common peers, while at the same time, they form a network of equals
among themselves. In a super-peer enhanced P2P network, each common peer is
attached to exactly one super-peer, which constitutes its link to the remainder
of the network. All traffic will be routed via the super-peers [5, 6].



To ensure smooth operation, the peers generally wish to maintain low-delay
connections to the other peers. Hence, minimum communication cost is the aim
when designing super-peer P2P networks. In this paper, we present a heuristic
combining local search with evolutionary techniques for the Super-Peer Selection
Problem (SPSP), i. e. the problem of finding the set of super-peers and the
assignment of all other peers that minimizes the total communication cost.

Our special interest lies in the construction of these P2P overlay topologies.
However, the problem of selecting the super-peers is strongly related to a hub
location problem: the Uncapacitated Single Assignment p-Hub Median Problem

(USApHMP) [7]. The USApHMP is a well known optimization problem and has
received much attention in the last two decades. With minor adjustments, our
heuristic can also be used for the USApHMP, which allows the comparison with
other algorithms on established standard test cases.

This paper is organized as follows. In Section 2, we provide an overview
of related work. In Section 3, we propose our Super-Peer Selection Heuristic.
In Section 4, we present results from experiments on real world Internet data
for the Super-Peer Selection Problem, as well as on standard test cases for the
USApHMP, and compare the results with those of other recently published al-
gorithms. The paper concludes with an outline for future research in Section 5.

2 Related Work

The Super-Peer Selection Problem, as proposed here, has not yet been studied in
the literature. However, algorithms designed for the USApHMP can also be used
for SPSP. The USApHMP has achieved much attention since it was presented
by O’Kelly in [7], along with a set of test cases called CAB. Later, O’Kelly et al .

also presented means of computing lower bounds for these problems [8]. Exact
solutions have been computed by Ernst and Krishnamoorthy for problems with
up to 50 nodes in [9]. In this paper, they also introduced a new test set called
AP. Ebery presented two more efficient mixed integer linear programs (MILP)
for the special case of only 2 or 3 hubs [10], and thus solved a problem with
200 nodes (2 hubs), and a problem with 140 nodes (3 hubs). Also, the authors
of [9] presented a Simulated Annealing heuristic that found good solutions for
problems with up to 200 nodes.

Skorin-Kapov et al . presented TabuHub [11], a heuristic method based on
tabu search. Results were presented only for the smallest problems of the CAB
set (n ≤ 25). Also, neural network approaches have been proposed for the US-
ApHMP. In [12], the memory consumption and the CPU time for these ap-
proaches was reduced. However, the neural network approach was again only
applied to the smallest problems in the CAB set (n ≤ 15). Unfortunately, no
computation times are given, making comparisons with other heuristics difficult.

The most promising heuristic for the USApHMP so far has been presented
by Pérez et al . in [13]. It is a hybrid heuristic combining Path Relinking [14]
and Variable Neighborhood Search. The heuristic has proven to be very fast
with both the CAB and AP sets, faster than any other heuristic. However, it



failed to find the optimum in some of the smaller CAB instances and still left
room for improvements in the larger instances of the AP set. The local search
neighborhoods used in this heuristic differ from the ones used here. Especially,
the most expensive neighborhood is missing in [13]. This explains the speed as
well as the loss of quality.

Two Genetic Algorithms have been presented by Kratica et al . [15]. These
GAs are based on different representations and genetic operations. Both feature
a mutation operator that favors the assignment of peers to closer super-peers,
as well as a sophisticated recombination. The results of the second GA are the
best results so far, as they improved the solutions for the larger AP instances
found in [13]. However, the approach does not include a local search, and can
still be improved. As far as we know, the heuristic we present in this paper is
the first heuristic combining evolutionary techniques with local search.

3 Super-Peer Selection

When constructing a communication cost efficient and load balanced P2P topol-
ogy we strive for a topology in which a subset of the nodes will function as
super-peers while the rest of the nodes, henceforth called edge peers, is each
assigned to one of the super-peers. Adhering to the established properties of
super-peer overlay structures, the super-peers are fully connected among them-
selves and are able to communicate directly with the edge peers assigned to them
and with their fellow super-peers. Essentially, the super-peers are forming the
core of the network. The edge peers, however, will need to route any communi-
cation via their assigned super-peer. An example of such a super-peer topology
is shown in Fig. 1. Using a topology of this kind, the communication between
edge peers p1 and p11 is routed via the super-peers c1 and c4. A broadcast in
such a topology can be efficiently performed by having one super-peer send the
broadcast to all other super-peers, which then forward the message to their re-
spective edge peers. To ensure smooth operation and to ease the load on each
peer, the number of super-peers should be limited as well as the number of peers
connected to a super-peer.

The Super-Peer Selection Problem can be defined as finding the super-peer
topology, i. e. the set of super-peers and the assignment of the edge peers to
the super-peers, with minimal total communication cost for a given network.
In a P2P setting, this cost can be thought of as the total all-pairs end-to-end
communication delay.

3.1 Background

The SPSP is NP-hard [16]. It may be cast as a special case of the Hub Location
Problem, first formulated by O’Kelly [7] as a Quadratic Integer Program. In the
Hub Location Problem, a number of nodes, the so-called hubs, assume hierar-
chical superiority over common nodes, a property equivalent to the super-peer
concept. Basically, given a network G = (V, E) with n = |V | nodes, p nodes
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Fig. 1. Example of a P2P network with selected Super-Peers

are to be selected as hubs. Let xik be a binary variable denoting that node i

is assigned to node k if and only if xik = 1. If xkk = 1, node k is chosen as a
hub. The flow volume between any two nodes i 6= j is equal to one unit of flow.
Since all flow is routed over the hubs, the actual weight on the inter-hub links is
usually larger than one. The transportation cost of one unit of flow on the direct
link between nodes i and j amounts to dij . Now, the SPSP formulated as a Hub
Location Problem is

min Z =
n

∑

i=1

n
∑

j=1,j 6=i

n
∑

k=1

n
∑

m=1

(dik + dkm + dmj) · xik · xjm (1)

s. t.

xij ≤ xjj i, j = 1, . . . , n (2)
n

∑

j=1

xij = 1 i = 1, . . . , n (3)

n
∑

j=1

xjj = p (4)

xij ∈ {0, 1} i, j = 1, . . . , n (5)

Equation (1) yields the total communication cost Z. The set of constraints (2)
ensures that nodes are assigned only to hubs, while (3) enforces the allocation of
a node to exactly one hub. Due to constraint (4), there will be exactly p hubs.

A more general formulation uses a demand matrix W = (wij). Here, wij

denotes the flow from node i to j in flow units. Also, special discount factors
can be applied for the different edge types. Flow between hubs is subject to a
discount factor 0 ≤ α ≤ 1, flow from a node to its hub is multiplied by a factor
δ, and flow from a hub to a common node is multiplied by a factor χ. The total



communication cost Z is then:

Z =

n
∑

i=1

n
∑

j=1

n
∑

k=1

n
∑

m=1

(χ · dik + α · dkm + δ · dmj) · wij · xik · xjm (6)

The distinction between the different types of edges is motivated by an appli-
cation in the area of mail transport. Here, the distribution cost differs from the
collection cost. Also, the transportation cost between the hubs is assumed to be
lower since more efficient means of transport can be used for the accumulated
amount of flow. This extension might also be applied in the case of communi-
cation networks, especially when asymmetric links are considered. However, the
most important difference from the SPSP is the introduction of demand factors
wij , as will be shown in Section 3.3.

Since the objective function in both programs is quadratic and nonconvex,
no efficient way to compute the minimum is known. The usual approach is to
transform the problem into a Mixed Integer Linear Program (MILP). A straight-
forward linearization uses O(n4) variables. We resort to an MILP formulation
using as few as O(n3) variables [17]:

min Z =

n
∑

i=1

n
∑

k=1

(χ · Oi + δ · Di) · dik · xik +

n
∑

i=1

n
∑

k=1

n
∑

l=1

α · dkl · yikl (7)

s. t. (2), (3), (4), (5),

n
∑

l=1

(yikl − yilk) = Oi · xik −
n

∑

j=1

wij · xjk i, k = 1, . . . , n (8)

yikl ≥ 0 i, k, l = 1, . . . , n (9)

Here, Oi =
∑n

j=1 wij is the outgoing flow for node i and Dj =
∑n

i=1 wij is
the demand of node j. Both values can be calculated directly from the problem
instance. The variables yikl denote the flow volume from hub k to hub l which
has originated at peer i. Constraints (8) and (9) ensure flow conservation at each
node.

An MILP formulation for the SPSP can be derived by fixing χ = δ = α = 1,
wij = 1 for i 6= j, wii = 0, and thus Oi = Di = n − 1:

min Z =

n
∑

i=1

n
∑

k=1

2 · (n − 1) · dik · xik +

n
∑

i=1

n
∑

k=1

n
∑

l=1

dkl · yikl (10)

s. t. (2), (3), (4), (5), (9),

n
∑

l=1

(yikl − yilk) = (n − 1) · xik −
n

∑

j=1,j 6=i

xjk i, k = 1, . . . , n (11)

The factor 2 · (n− 1) for the edge-peer to super-peer links in (10) is the number
of connections using this link. It is based on the assumption that every edge peer
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s← LocalSearch(s)
β ← n
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end while

Fig. 2. General overview of the Super-Peer Selection Heuristic

needs to communicate with all other n − 1 peers, and all other peers need to
communicate with this edge peer.

These formulations are equivalent to the quadratic formulation only if the
distances dij observe the triangle inequality. Otherwise, the model will generate
solutions featuring the property that messages are sent along shortest paths
between two hub instead of the intended direct link. The model can still be used
for such networks. However, the resulting value can only serve as a lower bound.

The formulation above enables the exact solution of moderately-sized prob-
lems (up to 50 peers) in reasonable time, and additionally, the computation of
lower bounds for larger networks (up to 150 peers) using its LP relaxation. For
networks larger than the given threshold, we use the lower bounds described in
[8]. Finally, the sum of all shortest paths’ weights yields another lower bound.

3.2 Super-Peer Selection Heuristic

The Super-Peer Selection Heuristic presented here is based on evolutionary algo-

rithms and local search. It operates on a global view of the network. The general
work flow is shown in Fig. 2. The heuristic is quite similar to iterated local search

[18], but uses more than one offspring solution in each generation.

Representation A solution is represented by the assignment vector s. For each
peer i the value s(i) represents the super-peer of i: xi,s(i) = 1. All super-peers,
the set of which will be denoted by C, are assumed to be assigned to themselves,
i. e. ∀i ∈ C : s(i) = i. For the sake of swift computation, we also store the current
capacities of the super-peers, i. e. the number of peers connected to the super-
peer: |Vk| = |{i ∈ V | s(i) = k}|. This set also includes the super-peer itself:
k ∈ Vk. The sets Vk are not stored explicitly, but are defined by the assignment
vector s.



Initialization The initial solution is created by randomly selecting p peers as
super-peers, and assigning all remaining peers to the nearest super-peer. When
handling problems with missing links, this procedure is repeated if the initial set
of super-peers is not fully connected.

Local Search After each step of the Evolutionary Algorithm a local search is
applied to further improve the current solution. We use three different neigh-
borhoods: replacing the super-peer, swapping two peers and reassigning a peer to

another super-peer. If a neighborhood does not yield an improvement, the next
neighborhood is used.

In the first neighborhood the local search tries to replace a super-peer by one
of its children. The former child becomes the new super-peer and every other
peer that was connected to the old super-peer is reconnected to the new super-
peer. The gain of such a move can be computed in O(n) time. The following
formula gives the gain for replacing super-peer k with i:

Greplace(i, k) =
∑

j∈C

2 · |Vk| · |Vj | · (dkj − dij) +
∑

j∈Vk

2 · (n − 1) · (dkj − dij) (12)

If the gain of this move is Greplace(i, k) > 0, the move is applied.
The second neighborhood tries to exchange the assignment of two peers. The

gain of such a move can be computed in O(1) time. Since all peers connected to
other super-peers are considered as the exchange partner, the total time complex-
ity for searching this neighborhood is O(n). Using the same notation as before,
the following formula gives the gain for swapping the assignments of peers i and
j:

Gswap(i, j) = 2 · (n − 1) · (di,s(i) + dj,s(j) − di,s(j) − dj,s(i)) (13)

The move with the highest gain is applied if its gain is Gswap(i, j) > 0.
The third neighborhood covers the reassignment of a peer to another super-

peer. Here, it is important that the capacity limits of the involved super-peers
are observed. The gain of reassigning peer i to super-peer k can be calculated in
O(p) time:

Greassign(i, k) = 2 · (n − 1) · (di,s(i) − di,k)

+ 2 ·
(

|Vs(i)| · |Vk| − (|Vs(i)| − 1) · (|Vk| + 1)
)

· ds(i),k

+ 2 ·
∑

j∈C\{k,s(i)}

|Vj | · (ds(i),j − dk,j) (14)

The first part of this equation gives the gain on the link between peer i and its
super-peer. The second part gives the gain on the link between the old and the
new super-peer. The third part gives the gain on all remaining intra-core links.
Out of all super-peers only the one with the highest gain is chosen, thus yielding
a total time complexity of O(p2). The move is applied only if the total gain is
Greassign(i, k) > 0.



These local search steps are performed for each peer i. The local search is
restarted whenever an improving step was found and applied. The local search
is thus repeated until no improvement for any peer i can be found, i. e. a local
optimum has been reached. Since all peers i ∈ V are considered in these moves,
the time complexity for searching the whole neighborhood is O(n2).

Mutation Since local search alone will get stuck in local optima, we use mu-
tation to continue the search. Mutation is done by swapping two random peers.
Again, the “gain” of such a swap can be computed by (13). Several mutation
steps are applied in each round. The number of mutations is adapted to the
success rate. The algorithm starts with β = n mutations. If no better solution is
found in one generation, the mutation rate β is reduced by 20 %. In each round
at least two mutations are applied. This way, the algorithm can adapt to the
best mutation rate for the individual problem and for the phase of the search.
It is our experience that it is favorable to search the whole search space in the
beginning, but narrow the search over time, thus gradually shifting exploration
to exploitation.

Population Our heuristic uses a population of only one individual. There is
no need for recombination. This is mainly motivated by the high computation
cost and solution quality of the local search. Using mutation and local search, m

offspring solutions are created. The best solution is used as the next generation
only if it yielded an improvement. This follows a (1 + m) selection paradigm. If
there was no improvement in the m children, the mutation rate β is reduced as
described before.

Stopping criterion The heuristic is stopped after five consecutive generations
without an improvement. This value is a compromise between solution quality
and computation time. In the smaller instances the heuristic often finds the
optimum in the first or second generation. Continuing the search would mean to
waste time. We also stopped the heuristic after 40 generations regardless of recent
improvements. Both values were chosen based on preliminary experiments.

3.3 Adaptation for the USApHMP

The USApHMP introduces weights wij on the connections between the nodes.
While these weights have been equal for all node pairs in the Super-Peer Selection
Problem, this is no longer the case in the full USApHMP. The main effect on the
heuristic is that we can no longer summarize the flow on the inter-hub edges as
2 · |Va| · |Vb|. The following sum has to be used, instead:

∑

i∈Va

∑

j∈Vb
wij + wji.

This would change the time complexity for calculating the cost of an inter-hub
edge from O(1) to O(n2). With the use of efficient data structures, however, the
calculation for the cost of a move can be achieved in O(n) time.



Data structures In addition to the super-peers’ capacities we also store the
weights on the p2 inter-hub links. WC(a, b) =

∑

i∈Va

∑

j∈Vb
wij denotes the

weight on the link from super-peer a to super-peer b. In each move made by
the local search or the mutation these weights are changed accordingly. Only
the selection of a new super-peer does not change these weights. Also, the gain
calculations have to be adapted:

Greplace(i, k) = α ·
∑

j∈C

(WC(j, k) + WC(k, j)) · (dkj − dij)

+
∑

j∈Vk

(χ · Oj + δ · Dj) · (dkj − dij) (15)

Gswap(i, j) = α ·
∑

x∈V

(ds(j),s(x) − ds(i),s(x)) · (wjx − wix + wxj − wxi)

+ (χ · Oj + δ · Dj) · (dj,s(j) − dj,s(i))

+ (χ · Oi + δ · Di) · (di,s(i) − di,s(j))

− 2 · α · ds(i),s(j) · (wij − wii + wji − wjj) (16)

Greassign(i, k) = α ·
∑

x∈V

(ds(i),s(x) − dk,s(x)) · (wix + wxi)

+ (χ · Oi + δ · Di) · (di,s(i) − dik) + 2 · α · dk,s(i) · wii (17)

The time complexity of calculating the gains is still O(n) for replacing the super-
peer, but has increased to O(n) for swapping the assignments of two peers and
to O(n) for reassigning a peer to another super-peer. Using the same local search
as presented for the Super-Peer Selection Problem would mean to increase the
total time complexity. We therefore implemented a reduced version of the most
expensive local search: the swapping of two peers. Instead of calculating the gain
for swapping one peer with all other n− p− 1 peers, we only calculate this gain
for a random sample of p peers, which proved to be a good compromise between
computation time and solution quality.

Don’t look markers To further speed up the computation we use don’t look

markers to guide the local search. These markers are a generalization of don’t look

bits, that have been applied successfully for example to the Traveling Salesman

Problem (TSP) [19]. In our algorithm, nodes that do not yield an improvement
during one step of the local search will be marked. Nodes that are marked twice
or more will not be checked in the following local search steps. However, if a
node is part of a successful move all marks are removed again. This can happen
if the node is the exchange partner of another node.

Using simple don’t look bits, i. e. disregarding all nodes with one or more
marks, leads to poor results, indeed. Here, too large parts of the considered
neighborhoods will be hidden from the local search. Trying to reduce the negative
impact of the don’t look bits immediately lead to the more general don’t look

markers.



4 Evaluation

We have performed several experiments to study the effectiveness of our heuris-
tic. For these experiments, we used real world node-to-node delay information
from PlanetLab [20], a world-wide platform for performing Internet measure-
ments. We used the round-trip times (RTT) from any host to any other host as
the communication cost for the edges in the overlay network. From the measure-
ments reported in [20] we used the first measurement for each month in 2005
(denoted by mm-2005). Those networks consist of n = 70 to n = 419 nodes.
Common properties of all those networks are the frequent triangle inequality
violations due to different routing policies and missing links most likely due to
firewalls. We strive for p ≈ √

n super-peers as a viable balance between low load
and administrative efficiency. Also, the number x of common peers assigned to
a super-peer is limited by 1

2 p ≤ x ≤ 2 p. This ensures that no super-peer suffers
from a high load, and that no peer is selected as super-peer without need.

For the USApHMP we used the CAB data set (Civil Aeronautics Board, up
to 25 nodes) from [7, 21] and the AP data set (Australia Post, up to 200 nodes)
from [9]. Both data sets have been widely accepted as standard test cases, and
optima for all smaller instances are known. In the AP set the discount factors are
fixed to α = 0.75, χ = 3 and δ = 2. The CAB set fixes χ = δ = 1, but provides
instances for different α-values: 0.2, 0.4, 0.6, 0.8 and 1.0. When refering to the
individual instances in these sets, we will use the following notations: AP.n.p for
the AP instance with n nodes and p hubs, CAB.n.p.α for the CAB instance with
the corresponding configuration, and shorter CAB.n.p when α = 1.0.

For each problem instance the heuristic was started 30 times and average
values are shown. Computation times refer to a 2.8GHz Pentium4 with 512MB
RAM running Linux.

4.1 Lower bounds

For networks too large to be handled with the models described in Section 3.1, we
are interested in computing lower bounds for SPSP. Table 1 contains the lower
bounds for the networks considered here. The all pairs shortest path lower bound
(APSP) yields the total communication cost (i. e. the sum of the distances of all
node pairs) when communication is routed over shortest paths only. Column
LB1 holds the lower bound defined in [8].

The column CPlex-LB holds an improved lower bound. We let CPlex 10.1 [22]
solve the SPSP and find lower bounds. For the smallest network 04-2005, CPlex
required eight days on a 3GHz PentiumD with 4GB RAM to arrive at a gap
of 1.55%. For network 01-2005, we stopped CPlex after it has consumed three
weeks of CPU time on the same machine. For all other networks, CPlex required
an exceedingly long period of time, hence was unable to provide viable results.

4.2 Results for the Super-Peer Selection Problem

In Table 2, the best solutions ever found by our heuristic are compared with the
lower bounds from the previous table. This also includes runs of the heuristic



Network Size p APSP LB1 CPlex-LB

01-2005 127 12 2 447 260 2 501 413 2 632 988
02-2005 321 19 15 868 464 16 200 776
03-2005 324 18 17 164 734 17 580 646
04-2005 70 9 663 016 690 888 728 576
05-2005 374 20 17 324 082 17 794 876
06-2005 365 20 18 262 984 18 735 944
07-2005 380 20 24 867 734 25 337 991
08-2005 402 21 27 640 136 28 151 142
09-2005 419 21 23 195 568 23 646 759
10-2005 414 21 28 348 840 28 905 539
11-2005 407 21 23 694 130 24 196 510
12-2005 414 21 20 349 436 20 885 442

Table 1. Different lower bounds for the considered networks

with higher numbers of offspring and relaxed stopping criterion (500 offsprings,
1000 generations, different β adaptation, no stopping after five consecutive gener-
ations without improvement). There is still a considerable gap between the LB1
lower bounds and these best known solutions, ranging from 7.1% to 44.5%. We
believe these best known solutions to be close to the optimum, though, since the
LB1 lower bound is too low in instances with many triangle inequality violations.
In fact, the best known solutions for both 04-2005 and 01-2005 are still within
the lower and upper bounds found by CPlex.

The comparison of these best known solutions with unoptimized super-peer
topologies quantifies the benefit of optimization. The column Gain in Table 2
gives the quotient of an average random configuration’s cost to the best known
solution’s cost. Overlay topologies when constructed without locality awareness
can be assumed to be random. Accordingly, the communication cost in real world
networks becomes subject to reduction by a factor of 2.5 to 3.8 compared to
the unoptimized solution, and even the smallest network’s total communication
cost could still be successfully optimized by a factor of 2.5 compared to its
unoptimized counterpart. The high gain of 7.3 in network 12-2005 yields from
the large extent of triangle inequality violations in this network.

For the actual parameter settings as described in Section 3.2, Table 3 shows
the average excess over the best known solutions, the CPU times per run and the
success rate as the number of runs that found the best known solutions. These
results show that the heuristic is able to find solutions close to the best known
solutions in all runs. The average excess is never higher than 1.1 %. Even with
the tight stopping criterion and the reduced number of offspring the heuristic
finds the best known solution in some cases. The CPU times depend on the size
of the network. The heuristic could be stopped earlier, but this would result in
worse solution quality.

Unfortunately, the results for the SPSP can not be directly compared to other
heuristics. However, with the more general USApHMP and established standard



Network Best known
Excess

Gain
over LB1

01-2005 2 929 830 17.1 % 3.8
02-2005 18 620 614 14.9 % 2.7
03-2005 20 715 716 17.8 % 2.7
04-2005 739 954 7.1 % 2.5
05-2005 25 717 036 44.5 % 2.8
06-2005 22 319 228 19.1 % 3.1
07-2005 31 049 398 22.5 % 3.2
08-2005 30 965 218 10.0 % 3.1
09-2005 33 039 868 39.7 % 3.2
10-2005 32 922 594 13.9 % 3.4
11-2005 27 902 552 15.3 % 3.3
12-2005 28 516 682 36.5 % 7.3

Table 2. Best known solutions, their excess over the LB1 lower bound and the gain
compared to random configurations for the considered networks

test sets we can show that our heuristic is competitive with the algorithms
proposed in the literature.

4.3 Results for the USApHMP

Since the full USApHMP is more complex than the SPSP, we use the adapted
heuristic as described in Section 3.3 for these experiments. The AP set consists
of 20 smaller (n ≤ 50) and 8 larger instances (n ≥ 100). Optimal solutions are
known only for the smaller instances. The CAB set consists of 60 instances (four
different sizes up to 25 nodes, three different numbers of hubs, five different
discount factors α). For all these instances the optimum is known. Again, each
experiment was repeated 30 times.

In all 600 runs for the smaller instances of the AP set our heuristic reached
the known optimum. Only in six out of all 1800 runs with the CAB set the
optimum was not reached. Table 4 gives details on these runs. In all these cases
a less strict stopping criterion helps to reach the optimum again.

This very good solution quality can not be kept up on the larger instances
of the AP set. Only in 51 out of the 240 runs on these instances the best known
solution was reached. However, the average excess above those best known solu-
tions is still considerably good, as Table 5 shows. The best solutions known so
far for the larger instances of the AP set have been listed in [15]. Our heuristic
is able to reach these solutions in all but one problem (AP.200.20), while taking
roughly the same CPU time as [15]. We have also found new best solutions for
two cases (AP.200.5 and AP.200.15). These new best solutions are marked in
Table 5. Our heuristic seems to be more effective in finding the best solutions
for problems with less hubs. For example the heuristic never failed to find the
best solution in AP.100.5 and also often finds the new best solution for AP.200.5.



Network
Excess over CPU time # best
best known per run found

01-2005 0.49 % 13.6 s 1/30
02-2005 0.72 % 241.8 s 1/30
03-2005 0.69 % 176.9 s 1/30
04-2005 0.38 % 1.5 s 2/30
05-2005 1.06 % 302.0 s 0/30
06-2005 0.55 % 275.7 s 1/30
07-2005 0.66 % 299.2 s 1/30
08-2005 1.00 % 286.6 s 0/30
09-2005 1.05 % 370.8 s 0/30
10-2005 1.06 % 384.4 s 0/30
11-2005 0.83 % 368.9 s 0/30
12-2005 0.78 % 353.8 s 1/30

Table 3. Average excess over best known solution and CPU times

Instance Excess over # optimum
n p α optimum found

15 2 0.6 0.038 % 29/30
15 3 1.0 0.044 % 28/30
20 4 1.0 0.004 % 28/30
25 4 1.0 0.040 % 29/30
all other — 30/30

Table 4. Average excess above the optimum for the CAB set

For problems with more hubs the success rate decreases and the average excess
over the best known solution increases.

Also, since the search is more complex for problems with more hubs, the
average CPU time increases, as Table 6 shows. The computation times range
from less than a second for all smaller instances to about seven minutes for the
largest one in the AP set. All computation times for the CAB set are well below
one second and seem independent on the intra-core discount factor α. The larger
the problem instance and the more hubs are to be located the more time the
heuristic uses. This behavior can also be observed for other heuristics and is
therefore not surprising.

5 Conclusion

We have presented a hybrid method combining evolutionary algorithms and local
search for the Super-Peer Selection Problem and the USApHMP. This heuristic
has proven to find optima in all smaller USApHMP instances. The heuristic uses



Instance Excess over best # best Best known
costn p known solution found

100 5 0.00 % 30/30 136 929.444
100 10 0.30 % 5/30 106 469.566
100 15 0.75 % 1/30 90 533.523
100 20 1.62 % 1/30 80 270.962

200 5 0.16 % 11/30 140 062.647 improved
200 10 0.17 % 1/30 110 147.657
200 15 0.72 % 2/30 94 459.201 improved
200 20 1.35 % 0/30 85 129.343

Table 5. Average excess above the best known solutions for the AP set for n ≥ 100

n p = 2 p = 3 p = 4 p = 5 p = 10 p = 15 p = 20

10 0.07 0.08 0.09 0.09
20 0.14 0.20 0.24 0.28
25 0.19 0.29 0.37 0.45
40 0.37 0.64 0.99 1.48
50 0.58 0.94 1.42 2.14
100 11.19 25.81 63.01 77.87
200 58.10 188.05 305.05 417.41

Table 6. Average CPU times per run in seconds for the AP set

a more thorough search than previous algorithms, and so has found new best
solutions for two of the largest instances in the AP set (n = 200).

The time complexity improves when applying the heuristic to the Super-
Peer Selection Problem. Here, we are able to tackle problems with n = 400 and
more nodes within reasonable time. The results show that the heuristic is able
to optimize the total communication costs in unoptimized real world super-peer
topologies by a factor of about 3.

We are also working on a distributed algorithm to solve the SPSP using only
local view of the involved peers. First results are already promising. This algo-
rithm will be integrated into a middleware for Peer-to-Peer Desktop Computing.
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