A Learning Automata-based Version of SG-1 Protocol for
Super-peer Selection in Peer-to-Peer Networks

Abstract. Super-peer topologies have been found efficient and effective in het-
erogeneous peer-to-peer networks. Due to dominant position of super-peers, su-
per-peer selection requires a protocol that is aware of peer capacities. Lack of
global information about other peers’ capacity and dynamic nature of peer-to-
peer networks are two major challenges that impose uncertainty in decision-
making. SG-1, is a well-known super-peer selection protocol considering peer
capacities, but lack of an appropriate decision-making mechanism makes this
protocol slow at convergence and imposes overhead of client transfer between
selected super-peers. In this paper, we propose an improved version of SG-1
that uses learning automata as an adaptive decision-making mechanism. For this
purpose, each peer is equipped with a learning automaton which is used locally
in the decisions taken by that peer. Simulations show effectiveness of proposed
protocol in terms of convergence time, scalability, capacity utilization, behavior
towards super-peer failure and communication cost, compared to SG-1.
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1 Introduction

Peer-to-Peer (P2P) overlay networks are distributed systems formed on top of the
underlying physical network. Main purpose of these networks is sharing information
and resources (i.e., CPU cycles, memory, storage space and bandwidth). Recent years,
research attention increasingly focused on various aspects of P2P networks. Wide
variety in distributions of peer characteristics such as the uptime, bandwidth, or avail-
able storage space demonstrates heterogeneity in P2P networks. As a result, pure form
of P2P architectures can lead in poor performance because all peers without respect to
their capacities act equal in all operations. Specially, when size of network increases
such situation may lead in overloading of low capacity peers. Super-peer topologies
developed in order to defeat this scalability limitation [1]-[3].

In super-peer topologies, peers are taken one of super-peer or client role. Super-
peers are connected to each other and form an overlay like pure P2P systems. On the



other hand, each client without taking part in search process just sends queries to its
super-peer and receives results from it [4]. Efficient performance which is resulted by
reducing the time needed for search, lead in increasing attention to super-peer systems
such as Gnutella vs. 6 [5] and Skype [6]. However protocols used in these large-scale
distributed applications have no dynamic mechanism to adapt them when it is necded
to rebuild the relationships between clients and super-peers. Shortcomings of super-
peer topologies are pointed out by [4]. Morcover they propose super-peer redundancy
to improve reliability in super-peer topologies. However they do not address super-
peer selection problem.

Super-peers have a dominant position in super-peer topologies, so selecting subset
of peers as super-peer requires an approach that considers capability of peers for
providing service. Moreover, lack of global information about other peers’ capacity
and dynamic nature of peer-to-peer networks make this problem more challenging.
SG-1 is a super-peer selection protocol that considers some peer characteristics ac-
cording to applications need, called capacity. SG-1 aims at forming a super-peer set
with minimum cardinality to cover all other peers. For this purpose, SG-1 tries to
select high capacity peers and utilizes capacity of selected super-peers in a greedy
manner. As a result, in a network in which a larger number of peers have a relatively
high capacity, SG-1 can lead in demoting some high capacity peers. Furthermore, SG-
1 doesn’t employ any appropriate decision-making mechanism. Therefore, inappro-
priate decisions taken by SG-1, makes this protocol slow at convergence and imposes
overhead of client transfer between super-peers. In this paper, we propose an im-
proved version of SG-1 that uses learning automata as an adaptive decision-making
mechanism. We aim at minimizing number of super-peers to cover all other peers
according to current network condition. Learning automata [7], [8] have been found
[9], [10] to be useful in dynamic environments with uncertainty in decision-making.
Therefore, it can be used to solve problems in P2P networks, where peers frequently
join and leave and operate within a dynamic environment.

The rest of this paper is organized as follows. In Section 2, we review the related
work. Learning automata will be discussed in Section 3. Section 4, represents our
proposed protocol. Section 5, gives the performance evaluation of the proposed meth-
od, and finally Section 6 concludes the paper.

2 Related Work

Adaptive super-peer selection requires to consider a criterion that shows eligibility of
peers to act as super-peer. SG-1 [11] is a well-known super-peer selection protocol
considering peer capacities. Capacity is defined as a general concept that can be cal-
culated by some peer properties, such as bandwidth and computational capabilities. In
SG-1 every node maintains different views that each of them contains neighboring
peers with some special characteristics. In their proposed protocol, information ex-
change with randomly selected neighbors lead in capacity comparison and rearrang-
ing the topology. The capacity parameter which is used in [12], [13] is similar to SG-
1. In [12] the authors propose Myconet, a bio-inspired approach to model relation-




ships between peers in a super-peer topology with focusing on self-healing ability.
But, there is no report on the overhead evaluation of Myconet. [13] presents SPS pro-
tocol that mainly focuses on quickly construction of a super-peer overlay. In SPS,
cach peer periodically rebuilds its set of super-peer candidates that imposes commu-
nication overhead. In protocols such as SG-1, Myconet and SPS each client is as-
signed to only one super-peer. [14] proposes another variation of this basic design that
ordinary peers are allowed to be connected with each other and to be clients of more
than one super-peer. They obtain efficiency in search operations but they do not pro-
vide any mechanism for super-peer election problem.

[15]-[19] considers lifetime of peer besides the concept of capacity. SPSI [15] in-
troduce self-information theory to select super-peers. The mechanism which is used
by ERASP [16] is similar to SG-1, but in ERASP client peers are allowed to have
multiple super-peers. DLM [17] uses weighted metric for super-peer selection and
presents a workload model to find the desirable number of super-peers adaptively.
However, DLM is limited to file sharing applications. The same problem is defined in
[18] as an optimization problem. In [18], the authors try to overcome shortcomings of
DLM by particle swarm optimization. Some studies [20]-[22] focus on connections
between super-peers and propose some special topologies. They do not address super-
peer selection problem but [23] suggests gradient topology besides using a utility
function that covers the concept of peer capacity.

In some applications, besides capacity the latency between super-peer and client is
of great importance. In [24], authors define this problem as multiple colored domina-
tion and propose H20O, a super-peer selection protocol for unstructured P2P networks.
But, H20 uses flooding mechanism that imposes considerable overhead. Natural evo-
lution of SG-1 is SG-2 protocol [25] with bio-inspired approach for super-peer selec-
tion. SG-2 takes advantage of network proximity for building a super-peer overlay.
The same problem is considered by [26], that proposes an algorithm inspired by a
standard neural network learning algorithm. As another example, authors in [27], [28]
aim at minimizing distance between super-peers and their clients, as well as between
connected super-peers. In [27] they consider this problem as a hub-location problem
and prove that it is NP-hard. After that in [28] they present a heuristic algorithm
which is close to optimal, but requires a global view. Recently, [29] model super-peer
selection problem in P2P streaming systems using game theory. Their proposed mod-
el improves system performance, by enabling upload capacity of entire network.

3 Overview of learning automata

learning automaton (LA) [7], [8] is an adaptive decision-making unit that has been
shown to perform well in computer networks [9], [10]. LA can improve its perfor-
mance by learning how to choose the optimal action from a finite set of allowed ac-
tions through repeated interactions with a random environment. At each iteration, the
action is chosen at random based on a probability distribution kept over the action-set
and at each instant the given action is served as the input to the random environment.
Each LA belongs to one of fixed or variable structure category [8]. Later case are




represented by a triple < f, @, L >, where £ is the set of inputs, a is the set of actions,
and L is learning algorithm that is a recurrence relation which is used to modify the
action probability vector.

Let a; (k) € a and p(k) denote the action selected by LA and the probability vec-
tor defined over the action set at instant k, respectively. Let a and b denote the reward
and penalty parameters and determine the amount of increases and decreases of the
action probabilities, respectively. Let r be the number of actions that can be taken by
LA. At each instant k, the action probability vector p(k) is updated by the linear
learning algorithm given in (1), if the selected action @; (k) is rewarded by the random
environment, and it is updated as given in (2), if the taken action is penalized. If
a = b, the recurrence cquations (1) and (2) are called linear reward-penalty (Lgp)
algorithm. More information can be found in [7], [8].
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4 Proposed method

This section contains overview of SG-1 protocol [11] and detailed description of our
proposed protocol, SG-LA. At first, we introduce common concepts and notations
used in these protocols: Given a network with n peers, each peer p is associated with
a parameter capacity(p), shows the maximum number of clients that p can handle if
elected as super-peer. At any given time, load(p) denotes the current number of cli-
ent peers currently managed by super-peer p. If load (p) is less than capacity(p), p
is set as under-loaded. In SG-LA, client c is associated to super-peer s, if and only if s
is under-loaded and has more capacity. Being under-loaded is common constraint, but
in SG-1it is allowed for a super-peer and its client to be equal in capacity. In both SG-
1 and SG-LA, each client is assigned to only one super-peer.

4.1 SG-1 Protocol

In SG-1 every node has four neighbor sets: VieWconnecteds VI€Wsuper-peers Vi€Wander-loaded
and view gien. Neighbor items are also called node descriptors, including the identifier,
capacity, current role (super-peer or client) and other useful property of a peer.
VieWomecred CONtains the neighbors forming the underlying topology and it is main-
tained by an underlay peer sampling service (Newscast [30]). VieWsuper-peer and
VieWnderloaded 1N €ach peer p respectively contains a random sample of super-peers
and under-loaded super-peers in the system, that are known to p. Finally, view e, for
each super-peer, consists of clients currently associated with it. SG-1 assigns each
node the initial role of super-peer. Each super-peer p periodically examines members
in its under-loaded neighbor set and tries to find a suitable candidate for client trans-




fer. If such a candidate s exists, transferring process is done from p to s, according to
Fig. 1 (here C denotes the number of clients that are allowed to be accepted by s). If p
misses all of its clients, and s is not exhausted, peer p becomes client of 5. Otherwise
p remains in super-peer role and the comparison will be made between capacity of p
and that of highest capacity client of s, denoted asr. If r's capacity is higher than
capacity of p, role swapping is made between p and r. During this process, whenever
each client loses its super-peer, it becomes a super-peer by itself.

4.2 SG-LA Protocol

In our proposed protocol, SG-LA, we apply learning automata in order to train nodes
during gossip-based algorithms. Each peer p in the network is equipped with a learn-
ing automaton Role_LAp that uses Lgp algorithm to help the node for making deci-
sion about its suitable role according to network condition. Therefore the action set of
each Role_LA consists of two actions; Super and Client. It should be noted that, two
terms “action™ and “role” are different from each other: each peer in the network in-
troduces itself according to its current role and takes the corresponding responsibili-
ties. But, the action set of each peer is related to its own Role_LA. Each peer makes
use of its selected action, locally, to be able to make decisions about its role.

When each peer p joins the system, SG-LA assigns client role to p. So, initially
VIEW nder-loaded 1N €ach peer contains random sample of participating peers. This view is
updated in each round by a gossiping protocol. As running SG-LA and arising super-
peers in the network, Viewnger1oaded rapidly converged to desirable neighbor set which
is used in our algorithms.

After joining the system, each peer for the first time, performs its learning phase
according to Fig. 2. In learning phase, each peer p updates its action probability vec-
tor according to "its selected action" and "the comparison which is made between its
capacity and that of neighbor in its under-loaded view". Then peer p randomly choos-
es an action again. This process is repeated for each neighbor in under-loaded view of
peer p. It is clear that our policies for getting reward or penalty are based on the goal
of maximizing capacity of selected super-peers. The last sclected action can be con-
sidered as the output of learning phase.

Learning phase for each peer p
For each S € P.VieW ypgerioaded 40
Peer p randomly chooses an action by p.Role LA
If p.Role_LA.action = client
if capacity(s) > capacity(p) £

DoTransfer(super-peer p, super-peer s) Update action probability vector by Equation (1)
set C with min(capacity(s)-load(s), load(p)) else if capacity(s) < capacity(p) )
Transfer C fromp to s Update action probability vector by Equation (2)
If load(p) = 0 and load(s) < capacity(s) Else if p.Role_LA.action = super-peer
p becomes client of s if capacity(s) > capacity(p)
Else Update action probability vector by Equation (2)
set r with the highest capacity client of s else if capacity(s) < capacity(p)
If capacity(r) > capacity(p) Update action probability vector by Equation (1)
swap role of r and p Peer p randomly chooses an action by p.Role LA

Fig. 1. DoTransfer method in SG-1 Fig. 2. Learning phase for each peer p




Since under-loaded view of each peer is updated periodically, each peer performs
learning phase in each round except for attached clients that perform this phase on
demand. In other words learning phase is the starting step in our designed algorithms
for unattached clients and super-peers but attached clients perform this phase if a
request received. Since joining the system each peer periodically performs an algo-
rithm, according to its current role. As shown in Fig. 3: unattached clients perform an
algorithm shown in part (a) and super-peers act as part (b). Attached clients perform
some trivial task that is discussed at the end of this section. At the rest, we give a
detailed description of Fig. 3. In these algorithms some notations used as follow. SP:
super-peer, USP: under-loaded super-peer, AC: attached client, UC: unattached cli-
ent, super(s): super-peer of s, LPH: output of current learning phase and
p.HigherSet/p.LowerSet consists of neighboring nodes whose capacity is high-
er/lower than that of p. There are some key rules applied in our algorithms:

. Each UC or AC can promote to super-peer role if and only if its LPH is super.

. Each USP is allowed to accept more load if and only if its LPH is super.

. Each UC can become AC if and only if its LPH is client.

. SG-1.Dotransfer(p,s) method can be performed if and only ifp and s are SPs, s
has higher capacity and s.LPH is super.

5. Each SP, p is allowed to swap role of its highest capacity client with one of lower

capacity SPs in p.vieW,nger-1oaded if @and only if p.LPH is super.

AN —

According to part (a) of Fig. 3, in first step, each UC such as p performs its learn-
ing phase. According to rule (1), if p.LPH is super, p itself promotes to super-peer
role. Otherwise p considers its HigherSet: In each iteration, p picks its highest ca-
pacity neighbor, s, and sends it a request message. If s is an USP or it is an UC, this
message made s to use its own LPH. If s is an USP and rule (2) is obeyed by s, p
becomes its client. If s is an UC and follows rule (1) firstly s promotes as SP then
according to rule (2), p becomes its client. If s is an AC, at first p considers
super(s), instead of 5. If super(s) is an USP and obeys rule (2), p becomes its cli-
ent. Otherwise, s utilizes its own LPH, if rule (1) is followed by s, firstly s promotes
as super-peer then according to rule (2), p becomes its client. Above process contin-
ues until p becomes AC or no more peer exists in HigherSet of p.

According to part (b) of Fig. 3, at first step, each SP such as p performs its learning
phase. Then p utilizes its LPH to check its eligibility for acting as super-peer. If
p.LPH is super, peer p is eligible to absorb more clients. So, if p is USP, it picks the
lowest capacity neighbor x from p.LowerSet. If x is an UC, it uses its own LPH, if x
follows rule (3), x is attached to p. Otherwise, if x is a SP, rule (4) is investigated to
perform SG-1.DoTransfer(x,p) (as shown in Fig. 1). This loop continues until p be-
comes fully-loaded or no more peer exists in LowerSet of p. Then SP p, examines its
view to check whether exists any super-peer m in its under-loaded view whose capac-
ity is lower than that of p’s highest capacity client, r, or not. If there is such super-
peer, according to rule (5) swapping role is made between m and r.

Then as shown in part (b) of Fig. 3 (line 11), each SP such as p, regardless of its
LPH, forms its HigherSet. In this way, SPs can compete with other higher capacity
peers for absorbing clients. In each iteration, p picks its highest capacity neighbor, s.




If s is a SP, rule (4) is investigated to perform SG-1.DoTransfer(p,s). Otherwise If s
is an UC, and follows rule (1) firstly s promotes as super-peer then rule (4) is investi-
gated to perform SG-1.DoTransfer(p,s). Finally, If s is an AC, p considers super(s)
instead of s. Then rule (4) is investigated to perform SG-1.DoTransfer(p,super(s)).
Selecting candidates in order to perform SG-1.DoTransfer method continues until SP
p absorbed by other super-peer or when there is no more peer in its HigherSet.

(a) _ Local: client peer p, Remote: peer s (b)  Local: super-peer p, Remote: peers x, s
01 p performs its learning phase according to Fig. 2 p performs its learning phase according to Fig. 2
02 If p. LPH = super If p. LPH = super
03 P promotes to super-peer role While p.LowerSet is not empty and p is USP
04  Else pick x, lowest capacity peer in p.LowerSet
05 While p.HigherSet is not empty and Found=false if x is UC and x. LPH = client
06 pick s, highest capacity peer in p.HigherSet x becomes client of p
07 If s is USP and s. LPH = super elseifx isa SP
08 p becomes client of s //Found = true SG-1.DoTransfer(x, p)
09 Else if s is AC check eligibility of its highest capacity client to swap
10 If super(s) is USP and super(s).LPH = super | While p.HigherSet is not empty and p is SP
11 p becomes client of super(s)//Found = true pick s, highest capacity peer in p.HigherSet
12 Else If s is a SP and s. LPH = super
13 checkAttached = true SG-1.DoTransfer(p, s)
14 If checkAttached = true or s is an UC elsc if s is an AC and super(s). LPH = super
15 If s. LPH = super SG-1.DoTransfer(p, super(s))
16 s promote to super-peer role else if s is Unattached-Client and s. LPH = super
17 p becomes client of s /Found = true s promotes to super-peer role
18 End While SG-1.DoTransfer(p, s)

Fig. 3. Algorithm corresponding to (a): unattached clients, (b): super-peers.

Every round, each AC such asp forms a candidate list including its neighboring
nodes whose capacity is higher than that of super(p). Then, p sends this list by can-
didate message to its SP. As a result, more opportunities are given to SPs, without
imposing significant responsibility to ACs.

.

5 Performance evaluation

In this section we have developed our protocol using PeerSim simulator [31] to evalu-
ate efficiency of SG-LA in comparison with the well-known approach, SG-1. Two
different distributions, power-law (with parameter @ = 2) and uniform are applied to
initialize capacity of nodes. In general, power-law distribution, maximum capacity of
500, partial view of size 30 and a network size of 10° is used as a default configura-
tion, unless noted explicitly. Results are averaged over 25 experiments with a=b=0.1
as reward and penalty parameters. At the rest of this section, we have focused on the
following major aspects: 1) Convergence time, 2) Capacity utilization, 3) Robustness
in the face of super-peers’ failure, 4) Scalability, and 5) Communication cost.

Let convergence time be the number of rounds needed to converge in an overlay
with a stable number of super-peers that no more clients join or leave them. Fig. 4
shows number of selected super-peers as simulation proceeds, (for two different ca-
pacity distributions). According to Network column in part (a) of Table 1, when using
power-law distribution only a small number of peers have a comparably high capacity



but according to Network column in part (b), in uniform distribution capacity values
assigned uniformly. Number of selected super-peers grouped by peer capacities and
number of rounds needed to find each subset are extracted from experiments of Fig. 4
and shown in Table 1. According to part (a) and part (b) of Table 1, in both capacity
distributions SG-LA and SG-1 only seclect their super-peers from highest capacity
subsets. But the number of rounds needed to find super-peers included in each subset,
is comparably lower in SG-LA. In other words, high capacity peers in SG-LA learn
about their eligibility faster than SG-1. Because in SG-LA each peer is able to learn
its eligibility compared to other participating peers in adaptive manner. However, in
SG-1 each peer joins as super-peer and role changes are dependent on capacity com-
parison with a randomly selected neighbor. According to part (a) of Table 1, when
capacity parameter follows power-law distribution both of SG-1 and SG-LA obtain
the same number of super-peers which is close to minimum possible. When capacity
parameter follows uniform distribution, number of participating peers included in two
first subsets is close to each other. In such situation, majority of second highest subset
are demoted as clients by SG-1. But, in SG-LA higher number of peers from second
highest subset, find that they are eligible with respect to current network condition.
The behavior of SG-1 can be explained as a result of greedy manner of this protocol
in utilizing capacity of super-peers.

Fig. 5 shows capacity utilization of SG-1 and SG-LA as simulation rounds in-
crease, (for both capacity distributions).
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Fig. 5. Capacity utilization

At any given time capacity utilization (CU) can be defined by ratio of current
number of attached clients to total capacity provided by super-peers, as given in (3)
(Iet S denotes number of selected super-peers). According to Fig. 5, when power-law
distribution is applied, SG-LA can reach 99% CU in only 9 rounds, but it takes SG-1
for 20 rounds.

CU = # attached clients /Y5, Capacity(i) 3)




In SG-LA, each peer learns about its eligibility in its learning phase therefore high
capacity peers are able to take super-peer role in first few rounds. But, SG-1 makes
cach decision by only one capacity comparison. Due to large number of role changes
needed in SG-1, transferring clients between selected super-peers is more probable.
As a result, it takes SG-1 a long time to utilize capacity of selected super-peers. In the
case of uniform distribution, until round 9, SG-LA has higher CU, and finally it con-
verges to 70% CU. Because according to part (b) of Table 1, in SG-LA higher number
of peers find themselves eligible with respect to current network condition. So, as far
as possible, SG-LA prevents high capacity peers from demotion. However, SG-1
utilizes capacity of super-peers in a greedy manner. So, until round 19, SG-1 tries to
get 99% CU. In this way, some of high capacity peers are demoted by SG-1.

To evaluate robustness of our protocol in the face of super-peers’ failure, Fig. 6
shows number of selected super-peers in a scenario in which 50% of super-peers re-
moved at round 30, in the case of power-law distribution. The same scenario is evalu-
ated with uniform distribution and CU of these experiments is shown in Fig. 7. Im-
portant results of these evaluations gathered in Table 2 and Table 3. According to
Table 3 when using power-law distribution, in SG-LA after crash 50% of clients
change into unattached statue. Then, all of them change into super-peer role, so in
worst case SG-1 has experience of 16% CU (Fig. 7). Finally as shown in Table 2, SG-
1 converges after 27 rounds. In the same situation, after crash, SG-LA starts with 17%
unattached clients. Each of these clients performs its learning phase and makes a deci-
sion for its role according to the network situation after crash. As shown in Fig. 7,
SG-LA reaches 99% utilization faster than SG-1 and in worst case never goes below
50% utilization. Finally, SG-LA converges in only 15 rounds (Table 2) and the mini-
mum possible number of super-peers (546) is obtained.

According to Table 3, when uniform distribution is applied, on average SG-LA se-
lects higher number of super-peers (281) compared with SG-1 (200). It should be
noted that, according to Table 2, SG-LA selects these super-peers only from three
highest capacity subsets (499,498,497) and selection from cach subset is limited to
scenarios in which other higher subsets have been selected completely. After crash in
SG-LA, unattached clients start performing their learning phase. A high number of
them in first 4 rounds find that they are eligible to be a super-peer, so SG-LA starts
with low CU (Fig. 7). Then by repetition of learning phase and going into competition
with other higher capacity peers for client transfer, in next 4 rounds, some of these
super-peers demote and number of super-peers became stable. At the same time, CU
increase and converges to 73% (Fig. 7). Due to larger number of high capacity peers
in uniform distribution, this amount of CU is reasonable to prevent eligible super-
peers from demotion. According to Table 3, this behavior of SG-LA resulted in lower
client transfer compared with SG-1. According to Fig. 7, after crash, there is a sharp
fall in CU of SG-1. Because all of peers promote as super-peer, except for small num-
ber of remaining attached clients. In next 18 rounds, SG-1 utilizes capacity of super-
peers in a greedy manner which is resulted in higher number of client transfers com-
pared with SG-LA (Table 3).

To evaluate scalability of our protocol, Table 4 shows number of rounds needed to
converge, with both capacity distributions in different network sizes. SG-1 assigns



cach node the initial role of super-peer. So, by growth in the size of overlay, the num-
ber of role changes needed to obtain the target topology increases. On the other hand
SG-1 dose not employ any appropriate mechanism for making decision about demo-
tions and promotions. But, in SG-LA each peer joins as unattached client and takes
one of super-peer or client role with respect to the action chosen in its learning phase.
Duc to adaptive manner of SG-LA, it is less affected by growth in network size. Ac-
cording to Table 4, smaller deviation in number of rounds needed to converge as the
network size increases, shows scalability of SG-LA compared with SG-1.
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Table 3. Failure scenarios, SG-1 compared with SG-LA

Unattached clients # supers # rounds # Client transfers

SG-1 SG-LA SG-1 SG-LA SG-1 SG-LA SG-1 SG-LA
Power-law 152 17 552 546 27 15 16.33 9.07
Uniform 137 421 200 281 22 13 16.59 4.5

Overhead includes: 1. Number of messages sent to ask for information, and candi-
date messages sent by attached clients (Fig. 8), and 2. Number of client transfers (Fig.
9). According to Fig. 8, number of Request messages per peer in SG-LA and SG-1 is
close to each other. Candidate message is dedicated to SG-LA but it is trivial.
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Fig. 9 shows number of client transfers per peer in different network sizes. As
shown in Fig. 9, even in a network with 10° peers, number of client transfers in SG-
LA is less than SG-1. Because in SG-LA each peer makes its decisions based on the
action which is selected in its learning phase but in SG-1 these decisions are made by
comparing capacity with only one of randomly selected neighbors. On the other hand,
in SG-LA only super-peers whose chosen action is super-peer, are allowed to accept
more clients. As a result, client transfer in SG-LA is less probable. As shown in Fig. 8
and Fig. 9 total communication cost of SG-LA is less than that of SG-1.

6 Conclusion

This paper presents SG-LA, a learning automata based version of SG-1 protocol. We
aim at minimizing number of super-peers according to network condition. For this
purpose, each peer in the network makes use of its own learning automaton to be able
to make decision about its eligibility. According to simulations, in both power-law
and uniform capacity distributions, SG-LA can converge considerably faster com-
pared with SG-1. Specifically in the case of power-law distribution, SG-LA can reach
maximum capacity utilization faster than SG-1. And when capacity parameter follows
uniform distribution, despite of SG-1, SG-LA prevents relatively high capacity peers
from demotion, as far as possible. As shown in a catastrophic failure scenario, above
results is not limited to normal situation. Furthermore, SG-LA is less affected by su-
per-peer failure and it is able to recover faster. On the other hand, SG-LA reduces
overhead of client transfers and shows better scalability compared with SG-1.
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