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ABSTRACT

For full cooperative diversity gains to be achieved while still maintaining spectral and energy efficiency, relay assignment
schemes for cooperative communications have been extensively studied in recent research. These schemes select only the
best relay from multiple relaying candidates to cooperate with a communication link. However, it is challenging to find
the optimal relay in distributed wireless networks because of the dynamic nature of such networks. In this paper, we first
formulate the problem of relay assignment as a noncooperative, mixed-strategy, repeated game, where relaying candidates
are modeled as rational players. We then propose a game-theory-based relay assignment scheme GTRA, in which each
player plays against all the other players and determines whether to cooperate with a communication link on a packet-by-
packet basis in a distributed manner. To adapt to dynamic environments, players utilized an adaptive learning algorithm,
that is, modified-regret-matching algorithm, to learn optimal strategies of relay assignment, as well as to orient the game
to converge to a set of correlated equilibriums, which is often more system efficient than a Nash equilibrium. To evaluate
the performance of GTRA, we compare it with BR, a fictitious two-player game-based approach. Simulation results have
shown that GTRA outperforms BR in terms of network throughput, especially in environments where the channel fading
becomes severe. It is also shown that GTRA can converge to a correlated equilibrium in a short period that enables the

GTRA to work well in dynamic environments. Copyright © 2011 John Wiley & Sons, Ltd.
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1. INTRODUCTION

Relay assignment [1] for cooperative communications
[2,3], that is, dynamically choosing the best relay from
multiple relaying candidates to cooperate with a communi-
cation link and thus forming multiple transmission paths or
virtual multiple-input multiple-output systems to the desti-
nation, has emerged as an effective technique to improve
the performance of wireless networks by exploiting the
spatial diversity of the wireless medium. Optimal relay
assignment can enable a cooperative communication sys-
tem to achieve full diversity gains while still obtaining high
spectral and energy efficiencies [4,5]. However, finding the
optimal relay in distributed wireless networks is challeng-
ing, as the link qualities vary over time and the network
topology may change.

A number of adaptive relay assignment schemes have
been proposed recently. In the literature, most of the
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schemes perform relay assignment in a centralized manner
and choose relays based on measured link metrics. For
instance, the metrics, such as distance towards either the
source or the destination [6-9], signal-to-noise ratio (SNR)
[10,11], and channel gain [12—16] are used for relay selec-
tion, and these metrics are assumed to be available at
the source, destination, and all the relaying candidates.
However, there is often no centralized control in dis-
tributed wireless networks, and the measured metrics are
often inaccurate and tend to vary in dynamic environ-
ments. Moreover, significant communication overhead will
be incurred in acquiring and disseminating such informa-
tion to all of the cooperative participants, especially for
the cooperative protocols, as in [12,13], that instantaneous
channel state information is required at all the candidates
for performing relay selection.

For adaptive and distributed relay assignment schemes
for wireless networks to be developed, game theory [17]
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based approaches [18] have received much research
attention. In [19], game theory is used to model a wire-
less network consisting of selfish nodes, wherein a credit-
based model involving exchanges of virtual currencies is
proposed to manage node interactions. Whether a node
cooperates with a communication link depends on the
credit that can be earned and the resource needed for
relaying a packet. The authors in [20] proposes a relay
assignment scheme based on a two-level Stackelberg game,
in which the source node and relay nodes are modeled
as buyer and sellers, respectively. The proposed scheme
jointly considers the benefit of both the buyer and the sell-
ers and can achieve the best system performance with min-
imum power consumption. Chen and Kishore [21] present
a game-theoretic analysis of a decode-and-forward [16]
cooperative communication system over additive white
Gaussian noise [22] and Rayleigh fading channels. The
analysis shows that a mutually Nash equilibrium exists
if a proper power control method is utilized and users
care about their long-term performance. The game-theory-
based schemes in the literature often assume that players
have complete information of the game, that is, all play-
ers’ identities, strategies, payoffs, and/or utility functions
[20]. Furthermore, the game’s history, for example, all
actions have been taken by players in previous stages, and
the the actions’ corresponding outcomes are also assumed
to be known to all players in a multistage game [19].
However, these assumption do not always hold in realis-
tic scenarios, as nodes in wireless networks usually only
have locally observed information and limited knowledge
of others nodes’ behavior. Therefore, adaptive learning, for
example, estimating payoffs that may obtain by taking cer-
tain actions, predicting the other players’ possible behavior
should be involved in game designs [23].

In this paper, we propose a game-theory-based relay
assignment scheme GTRA, in which the process of
relay assignment is modeled as a noncooperative, mixed-
strategy, repeated game and the relaying candidates are
modeled as players. Packet transmissions between a source
and a destination are modeled as repeated stages in the
multistage game. At every stage of the proposed game,
each player plays against all the other players and deter-
mines whether to cooperates with the communication
link to assist the communication between the source
and the destination in a distributed manner. To adapt
to dynamic environments, players utilized a modified-
regret-matching (MRM) algorithm [24] to learn optimal
strategies and to orient the game to converge to a set
of correlated equilibriums (CEs) [23]. To evaluate the
performance of GTRA, we compare it with another game-
theory-based approach BR [19], which models the process
of relay assignment as a fictitious two-player game. Sim-
ulation results have shown that GTRA outperforms BR
in terms of network throughput, especially in environ-
ments where the channel fading becomes more severe. It
is also shown that GTRA can converge to a set of CE(s)
in a short period, which enables the GTRA to fit well in
dynamic environments.
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The rest of the paper is organized as follows. We present
the system model in Section 2. Section 3 formulates the
problem of relay assignment as a mixed-strategy game and
shows how to orient the game to converge to a set of CE(s)
by using adaptive learning algorithms. Section 4 analyzes
the GTRA algorithm’s overhead and computational com-
plexity. The performance analysis is presented in Section 5.
Finally, Section 6 concludes the paper and discusses the
future research directions.

2. SYSTEM MODEL
2.1. Cooperative communication model

As shown in Figure 1, we consider a wireless network
consisting of uniformly and randomly distributed nodes,
which are functionally equivalent in terms of radio com-
munications, signal processing, and power supply. Mul-
tiple pairs of source and destination nodes are randomly
selected for data packet transmissions. For a pair of source
s and destination d, we assume that there exit a number
of common-neighboring nodes N that are connected with
both of s and d, as nodes are usually densely deployed.
Therefore, a node, for example, node n; € N, may over-
hear the packet transmission between s and d because of
the broadcast nature of the wireless medium. Node n; may
cooperate with the communication link between s and d
by retransmitting the packet overheard from s.

We consider the use of decode-and-forward as the coop-
erative protocol, which operates in two phases, namely,
direct transmission and relay transmission. In the direct
transmission phase, the source transmits a packet to the
destination and all the relaying candidates. In the relay
transmission phase, a relay is chosen from the relaying
candidates to retransmit the packet that overheard in the
direct transmission phase to the destination. Then the desti-
nation combines the signals received from both the source
and the relay and applies maximal ratio combining [25]
for optimal packet decoding. For network operations and
power consumption to be reduced, the relay transmis-
sion will be invoked only when a packet transmission
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Figure 1. Cooperative communications with relay assignment.
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fails in the direct transmission. We assume that the des-
tination can feedback the improvement on received sig-
nals’ SNR to the assigned relay by using acknowledgment
(ACK) or negative-acknowledgment packets with extended
data fields.

2.2. Wireless channel model

The wireless channel is modeled as a log-distance shadow-
ing path loss channel that is defined as PL(d) = PL(dy)+
10 - n -log(d/do) + Xg, where PL(d) is the path loss at
distance d, PL(dp) is the known path loss at a reference
distance dg, 1 is the path loss exponent, and X, is a zero-
mean Gaussian random variable with standard deviation
o. For the links between two nodes, for example, i and
J» the channel coefficient /;; that captures the effects of
path loss, shadowing, and fading are assumed to be recip-
rocal, that is, h;; = h j;. The channel coefficients are con-
stant for a given transmitted block, or a codeword, but are
independent and identically distributed for different blocks
[11]. For different links, the channel fading coefficients are
statistically independent and identically distributed, which
is a reasonable assumption as nodes are usually spatially
deployed [26].

3. ANALYSIS OF THE
PROPOSED GAME

3.1. Description of the proposed game
The process of relay assignment is modeled as a noncoop-

erative, mixed-strategy, repeated game G, which is denoted
as G = (N, A,U), where

e N ={ny,...,nyu} denotes the set of players.
e A={Ay,..., Ap} denotes the set of actions.
o U =1{uy,...,un} denotes the set of utility functions.

In the proposed game, the nodes are modeled as ratio-
nal players, which means that the nodes are expected to
follow a common set of strategies and choose actions
from the strategies to maximize their utilities. In a dis-
tributed system, the nodes behaves selfishly, that is, a
node always chooses actions to maximize its own util-
ity, without considering the utilities of other nodes. For
a player, for example, n;, the strategy A; consists of two
actions, that is, 4; = {cc,ncc}, where cc denotes that
the player n; decides to cooperates with the communica-
tion link between s and d by retransmitting the overheard
packet and ncc denotes that n; chooses to remain silent.
As a mixed-strategy game, each player takes its actions
in accordance with a probability distribution. That is, the
player n; chooses the actions of c¢c and ncc with the prob-
abilities of p;(cc) and p;(ncc), respectively, such that
pi(ce) + pi(nce) = 1.

Because the number of packets transmitted between the
source and the destination is often assumed to be large,
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we model the process of relay assignment as a multistage
game, and the process of relay assignment iterates in each
stage of the game. Each candidate simultaneously plays the
game against the other candidates in a distributed manner.
Whether a candidate cooperates with a communication link
or not depends on the payoff it may obtain. As the environ-
ment is assumed to be dynamic, each player, for example,
nj, updates its strategy by adjusting the probability dis-
tribution over the actions of cc and ncc, according to the
link qualities between s — n; (source-relay) and n; — d
(relay—destination).

Each packet transmission is modeled as a stage in the
multistage game and consists of the following steps:

(1) The source transmits a packet to the destination and
all the players.

(2) Each player chooses an action of cc or ncc
autonomously and simultaneously, on the basis of
the probability distribution of p;(cc) and p; (ncc),
respectively.

(3) Each player evaluates the quality of the selected
action by computing the obtained payoff.

(4) Each relay updates its strategy by adjusting the
probability distribution of p; (cc) and p; (ncc).

3.2. Payoff calculation

In this game-theory-based approach, payoff is used to
describe the difference between the benefit, that is,
improvement on link quality achieved by relay retransmis-
sion, and the cost associated, that is, the channel occupancy
time of a relay, and the energy consumed by the relay.
The utility function designed to compute the payoff is
defined as

SNRs n;.d — SNRs 4 — (02 Tnjtx = Tnjorx
SNR; 4 Tavr

S (1)

U = wq

where SNR; 4 denotes the SNR of the received signal
at the destination d that is transmitted by the source s
in the direct transmission phase and SNR; ,,. 4 denotes
the SNR of the signal that combines the signals received
from the source s and the selected relay n;, respectively.
Ty, t. and Ty, r. represent the packet retransmitting time
and the packet receiving time at the relay »;, respectively.
The value difference between Ty, ;. and Ty, ,. reflects
the packet processing, queuing, and channel access con-
tention delays at node n;. Tyyr is the average amount of
time needed for preparing a packet retransmission with-
out considering processing, queuing, and channel access
contention delays. T,y is calculated as

Tave = Tta + TBO 2

where T1a denotes the transceiver’s receiving to transmit-
ting turnover time, which is a constant value for a spe-
cific radio hardware, and T is the average backoft time
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at n; without any channel contention, and the value is
determined by the underlying medium access control layer
protocol.

Py, is the transmission power level of player n;. Pp, is
the medium power level between P, and Ppax, Where
Prin and Ppax are the minimum and maximum available
transmission power levels of player n;, respectively.

w1, w2, and w3 are the weighting factors for the met-
rics of SNR, delay, and energy consumption, respec-
tively. The values of the weighting factors can be adjusted
to adapt to the quality of service requirements of the
communication link.

In Equation (1), the first term represents the improve-
ment (in percentage) on the link quality in terms of SNR by
employing the relay transmission. The second term denotes
the relative delay for preparing a packet retransmission,
including processing, queuing, and channel access con-
tention delays. The third term represents the relative energy
efficiency, compared with using a fixed, medium transmis-
sion power level. If a player takes the action of cc, the
achieved payoff computed by using Equation (1) reflects
both the benefit and cost; otherwise, if a player chooses the
action of ncc, the payoft is zero, as there is neither benefit
nor cost caused by the action.

3.3. Correlated equilibrium

In a game, if players can receive a signal containing strat-
egy recommendations from a central coordinator and all
the players follow the recommendations on how to play
the game, the outcome of the game can converge to a set
of CE(s), which is often the most system efficient state of
the game [27]. In a CE, it is the best interest of a player
to follow the recommendations, that is, a player will not
have a higher payoff by taking any other actions, pro-
vided all other players follow the recommendations. In the
context of relay assignment, a CE can be interpreted as a
steady state, as none of the nodes has incentive to unilat-
erally deviate from the recommendation profile to increase
its payoff.

For a game, a probability distribution p/is a CE of the
game, if and only if V n; € N, a; € A;, Vai € A;;itholds
that

Z plaj.a_i)ui(a;’ a—j) —ui(aj.a_j)| <0
a_j€A_;
3)

or equivalently,

Z pla—ilai) [ui(a,wa—i) - Mi(ai,a—i)] <0
a_;€A_;

“

where A; denotes 7n;’s action space and A_; denotes the
action space of n;’s opponents, that is, all player except
n;j. a; is the action chosen by n; from A;, and a_; is the
action combination of n;’s opponents. u;(a;,a—;) is n;’s
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obtained payoff by taking the action of a;, and its oppo-
nents taking the action combination of a_;. p(aj,a—;) is
the joint probability distribution over actions for all play-
ers. Equation (4) can be interpreted as that when the player
n; is recommended to choose action a;; then choosing
a;(a; € A;,a; # a;) will not lead to a higher payoff.

3.4. Convergence to correlated equilibrium

Orienting the relay assignment game to converge to a set
of CE(s) is not trivial, as a central coordinator broadcast-
ing recommendations on how to play the game is often
not available in distributed wireless networks. A feasible
approach [28] of orienting a game to a set of CE(s) is using
the common history of the game as a coordinator. That is, a
game can converge to a set of CE(s) if each player adjusts
its strategy by tracking a series of regret values, which
are quantitative measures for not taking certain actions in
previous stages.

3.4.1. Calculation of regret values.

Regret matching [28], also called no-regret learning, can
be used by players to calculate the regret values.

Assuming player n; has taken action a; at each of
the past M stages, the difference of average payoff
DiM (a}.aj) between the player that has actually obtained
and the player that would have obtained if it had taken the
action aé instead of action «; is defined as

! 1 m / m
DM (aj.ai) =1 Y W' (aj.a) —uf(@i.a-)
m<M
5)

where u}! (alf,a_i) is the payoff the player would have
obtained if the player had taken action ag at stage m and
u*(a;j, a—;) is the payoff the player has actually obtained
by taking action a; at stage m.

For any two actions a; and a;, the regret value for not

taking action a; at the previous M stages is defined as
RM (a}.aj) = max{DM (a}.a_;).0y  (6)

The regret value is proportional to the difference of the
average payofts and is lower bounded by zero to ensure that
the probabilities of taking any actions are positive. If the
regret value is zero, it means that the player has/ obtained a
higher payoff by taking action a; than taking a;, and thus,
there is no regret. Otherwise, if the regret value is greater
than zero, it means that the player would ha\//e obtained a
higher payoff if the player had taken action a;.

As observed in Equations (5) and (6), the implemen-
tation of regret matching requires that the player should
know the payoffs it would have obtained if its actions in
previous stages had been different from the actions that
the player has actually taken. However, it is difficult for a
player to compute the payoff that the corresponding action
has not been taken. A common approach [27] in the liter-
ature is that using a coordinator broadcasting references
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to all the players at each stage of the game, indicating
the potential payoffs that players would have obtained if
the players had taken certain actions in the previous stage.
By observing the references, the players can compute the
payoff differences and thus calculate the regret values.
However, this approach is often not feasible in distributed
wireless networks wherein central coordinating is often
not available.

Modified regret matching has been proposed for players
to estimate the payoffs that the corresponding actions have
not been actually taken, by only using the available histor-
ical information. That is, a player only need to know the
probability distribution over its actions, and the payoffs it
has obtained in the previous stages, to determine the proba-
bilities of actions from the actually realizations only. MRM
can be interpreted as a reinforcement or stimulus-response
mechanism, as in the procedure of MRM, a relative high
payoff at stage m will tend to increase the probability of
playing the same action at stage m + 1.

In MRM, the difference of the average payofts of/ player
n; would have obtained if it had taken the action a; every
time in the previous stages instead of taking a; is defined as

cM ! ai):L Z pi"ta;) ui'(a;, a—;)
1 1’ m l | A
MmsMP, (a;)

1
—af 2 Wiana) (D)

m<M

where pl (a ) and p}"(a;) denote the probabilities of tak-

ing a and a; at stage m, respectively. The first term in
Equation (7) is an estimation of the average payoff the
player would have obtained if player n; had taken the
action of a;. in the previous M stages; the second term is
the average payoff that player n; has actually obtained by
taking action a; at every stage in the past M stages.

The modified regret value of not playing a;. is defined as

oM (a;,a;) = max(CM (a;, ), 0) ®)

Equations (7) and (8) show that a player can estimate
its regret value of not taking a certain action by only
using locally available information, that is, the probabil-
ities of actions, and the payoffs actually obtained in the
previous stages.

3.4.2. Strategy update: adjusting probability
distribution of actions.

To maximize payoffs in a multistage game, a player
updates its strategy by adjusting the probability distribu-
tion over different actions throughout the game. In MRM,
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a player, for example, n;, updates its probabilities of
actions at stage m + 1 as

szﬂ(a;') =(01- %) min(iQ{”(a;-,a,-), ﬁ)
S,
mY K;’
m+1(a)_1_ Z pm+l(a 9)
a;#a;

where a;. and a; € A; and a;. # aj, K; is the number of
actions available for player n;, and u is a sufficiently large
number that controls the probabilities of action switching
and convergence speed. For the game converge to a limit
CE to be ensured, the term §/m?Y decreases to zero as m
increases, where 0 < 6 < 1 and 0 < y < 0.25. More details
on parameter settings can be found in [24].

Equation (9) can be interpreted as follows. The first
term, with weight (1 —/(5 /m?)), denotes the modified regret
value of not taking @; and shows how strongly the player
intends to switch its action from a; to al,. at the next stage
m + 1. The second term, with weight §/m?, denotes the
uniform distribution over the available actions of n;. This
uniform distribution guarantees that all possible actions at
stage m + 1 can be taken with the probabilities of §/mY
at least. The first term is upper bounded to ensure that the
sum of the probabilities does not exceed one.

The mathematic property of Equation (9) shows that if
an action can have a relative high payoff at stages m, then
the belief of taking the same action at m + 1 is reinforced.
For an action, a higher payoff will generate a greater rein-
forcement. All the effects, for example, belief reinforce-
ment, action switching, decrease with the evolution of the
game, as /m increases over time.

3.5. GTRA algorithm based on
modified-regret-matching learning

In the relay selection game, for player n;, the probabili-
ties of taking actions cc and ncc at stage m are denoted
as p*(cc) and pj"(ncc), respectively. The pseudocode
of the GTRA algorithm implemented at n; is listed in
Algorithm 3.5.

3.6. Convergence of the GTRA algorithm

For the number of stages M, the relative frequency of
players’ action a played until M stages is defined as

1
ZM(a)=ﬁ|{m§M:am =a}| (10)

where ay, denotes all the users’ action at stage m. It has
been proved in [24] that zps is guaranteed to converge
almost surly at m — oo to the set of CE(s) of the game
G, if each player plays according to the adaptive MRM
learning procedure, and adjusts its probability distribution
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Algorithm 1 The GTRA algorithm based on MRM
learning

begin
initialization
Generate an arbitrarily probability distribution of p? (ce) and p? (nce),
and p{ (cc) + p? (nee) =1.
for m=1,23, - - - ,
1. Compute the difference of average payoff Cj" (a;, a;) using (7).
2. Compute the regret value Q7™ (aé ,a;) using (8).
3. Update the probability distribution pZ"+ L(ce)and p
m + 1 using (9).
if cc is the action chosen at each of the m stages,
then adjust the probabilities of taken actions of ncc and cc as:
p;n+1(ncc) =(1-— rr?’Y ) mm(%qu (nce, cc), 1) + #;
p;”+1(cc) =1- p;"+1 (nce).
else adjust the probabilities of taken actions of cc and ncc as:
p;n'+1(cc) =(1- nf’Y ) min(%Q;"(cc, nce), 1) + ML'Y;
p;"Jrl(ncc) =1- p;"+1 (cc).

m+1

i

(ncc) at stage

end for

over actions as defined in Equation (9). As the number of
packets transmitted from the source to the destination is
often assumed to be large, that is, the number of stages is
sufficiently large, the relay assignment game will converge
to a set of CE(s).

4. ANALYSIS OF THE GTRA
ALGORITHM’'S OVERHEAD AND
COMPLEXITY

4.1. Communication overhead

The information exchange in the GTRA algorithm, for
example, the SNR’s value of the packet received at the
destination node needs to feedback to the node that retrans-
mitted the packet, increases the number of information
bits transmitted in the network. To reduce the commu-
nication overhead, we have extended the ACK packet,
which already exists in the network, with new data fields
to include the SNR information. The original ACK packet,
with packet size of 5 bytes, is originally designed to
indicate the successful packet transmission in the IEEE
802.15.4 standard. Adding a new data field with 1 byte to
the ACK packet will not introduce much communication
overhead, compared with the size of data packet with the
maximum payload length of 127 bytes.

The SNR information feedback is the only communica-
tion overhead introduced by the GTRA algorithm, as the
delay caused by packet processing, queuing, and channel
access contention, is locally calculated at each node and
does not require information exchange.

4.2. Computational complexity analysis

As a game-theoretic algorithm, computational overhead is
inevitably introduced. To evaluate the algorithm’s scalabil-
ity, that is, how well the GTRA algorithm performs when
the number of nodes in the network increases, we now
evaluate the algorithm’s computational complexity.

A game-theoretic approach for relay assignment

There are mainly three kinds of computation in the
GTRA algorithm, that is, payoff calculation, regret value
calculation, and the update of actions’ probability distribu-
tion. For the payoff calculation, as shown in Equation (1),
the computational complexity is a constant value, that is,
O(c). As the payoff calculation is a simple linear func-
tion and is locally calculated at the node that takes the
action of packet retransmitting, the nodes that choose to
remain silent just set the value to zero. The most inten-
sive computation is involved in the regret value calcula-
tion, as nodes need to store all the the payoff values that
were actually obtained in the previous stages, and uses the
history information to calculate the average payoff differ-
ences. For instance, for the payoff difference QIM (a; ,ai),
as shown in Equations (7) and (8), to be calculated, a node
needs to compute M times of the simple calculation of
payoff difference. Therefore, the computational complex-
ity is a linear function of the number of previous stages,
that is, O(n). This means that the more number of packets
transmitted in a communication link, the more memory is
needed to store the payoff values that were obtained in the
previous stages and the more time is needed to compute
the average payoft differences. Therefore, it may happen
that when the number of packets transmitted in the commu-
nication link increases over a threshold, a node’s memory
may overflow and/or the node cannot afford the heavy com-
putation. A simple solution to solve the problem is that a
node may maintain a sliding window, that is, a node only
stores the most recently obtained payoff values within the
sliding window and removes the history information out-
side the window. By doing so, nodes do not require a large
memory and can effectively reduce the heavy computa-
tional burden. However, the GTRA algorithm may need
more time to reach convergence because of loosing some
history information. Therefore, tradeoff should be consid-
ered when choosing the size of the sliding window. For
the update of the action’s probability distribution, as shown
in Equation (9), the computation complexity is a constant
value, that is, O(c), as the computation is related to neither
the number of packets transmitted in the communication
link nor the number of nodes in the network.

5. PERFORMANCE EVALUATION

To study the performance of GTRA, we compare it with
BR, which models the process of relay assignment as a fic-
titious game. In BR, a player deems all the other players
in the game as a fictitious opponent and plays against the
opponent. At every stage of the game, if a player estimates
that the retransmission probability of the fictitious oppo-
nent at the stage is less than the retransmission probability
at the mixed Nash equilibrium, the player will retransmit
the packet; otherwise, the player will remain silent.

5.1. Simulation environment

We simulate a wireless sensor network where 20 sensor
nodes are randomly distributed in a 50 m x 50 m area. A
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constant bit rate traffic with five packets per second is used
as the communication pattern, and the source and desti-
nation nodes are chosen randomly in each simulation run.
We define the network lifetime as the time when the first
node exhausts its battery’s energy. Table I lists the detailed
simulation parameters.

The Castalia [29,30] wireless sensor network simulator,
which is based on the OMNeT++ [31,32] discrete event
simulation platform, is used as the simulation environment.
The data link layer in Castalia is modified to facilitate max-
imal ratio combining and decoding, and we also extend the
ACK packet with a new data field to feedback the received
signals” SNR information.

Table I. Simulation parameters.

Parameters Value

Wireless channel model Log shadowing path loss
channel

Path loss exponent 2.4

Channel deviation (in dB) 1

Collision model Additive interference model

Physical and MAC layer IEEE 802.15.4 standard

Packet length 50 bytes

Transmitting power level [-25, —15, —10, =7, =5, =3,
—1,0] dBm

Node’s initial energy 12J

Data transmission rate 250 kbps

Simulation time 100 s

w1 0.5

(OF) 0.3

w3 0.2

MAC, medium access control.

5.2. Performance evaluation

Figure 2 illustrates the evolution of the GTRA game in
which five players cooperating with a source-destination
link, and § and y are set to 0.5 and 0.1, respectively. In this
game, the total number of joint action space is 32, as each
player chooses either cc or ncc in a distributed manner.
The result shows that a player takes its actions of cc
and ncc with arbitrary probabilities in the beginning of the
game. Then each player adjusts the probabilities of differ-
ent actions by computing a series of regret values. After
about 60 iterations, the GTRA game converges, that is, the
joint probability distribution of players converge to a set
of CEs. We can observe that the two joint actions, that is,
(ncc,cc,nee,nee,nee) and (nce,nee,nee,nee, cc) are
chosen with probabilities of about 0.74 and 0.24, respec-
tively. The other joint probability distributions are all of
small values, that is, less than 0.01 (we only plot the curves
of six joint probabilities because of limited space). The
result can be interpreted as follows. A strategy recommen-
dation signal, generated at each player by using the MRM
algorithm based on historical information, recommends the
players on how to play the relay assignment game. That is,

1652

X. Liang, M. Chen and V. C. M. Leung

1 T T T T T T T T T
—— ——n—Y

0.5 -
2
o JUPORE N B I Stn ATTTO e b bl R |
L2 eeee- o-ie--e--ne
g p
5 —=— p(ncc,cc,nce,nce,nee)
* 0.1 --¢-- p(ncc,nce,nce,nee,ce) | |
2 —-4--p(cc,hce,nee,nee,nee)
= - v-= p(ncc,nce,ce,nce,nec)
E T <=+ p(nce,nce,Nce,ce,nNce)

~.
[ i ---=-p(ncc,nce,nce,nce,nec)
S I S At SN
M X
T 001y
[s}
]
1E-3 T T T

T T T T T T
0 20 40 60 80 100 120 140 160 180 200
Number of stages

Figure 2. Evolution of the GTRA game.

with the probabilities of about 0.74 and 0.24, the signal
recommends the player n, and ns to act as relays, respec-
tively. At the same time, the signal recommends the other
players to remain silent. The joint probabilities except
p(nce,cc,nce,nce,nec) and p(nce,nce,nce,nec,cc)
are all of very small values, which means that the pos-
sibilities of joint actions except the two joint actions
(ncc,cc,nce,nce,nec) and (nce,ncc,nee,nec, cc) can
be neglected. It can be also observed in Figure 2 that
there are some deviations from the recommended strate-
gies even after the game converges. The are two reasons
for the strategy deviation. First, as a mixed-strategy game,
a player takes its actions with a probability distribution,
which means that the player’s strategy is of a probabilistic
nature throughout the game. The other reason is the result
of applying the MRM-based algorithm. That is, a player
takes each of its actions with the probability of §/2m? at
least at every stage, as shown in Equation (9), to ensure
that all actions have chances to be evaluated. By doing so,
a player explores the dynamic environment continuously.

For the performance of GTRA in a wireless channel
with different fading to be investigated, the average net-
work throughput versus the channel deviation is shown in
Figure 3.

The simulation results show that GTRA outperforms BR,
especially when the channel deviation ¢ becomes higher.
We explain this as follows. The parameter of Xy with stan-
dard deviation o reflects the signal attenuation caused by
the channel fading. That is, the higher the channel devi-
ation o, the more variation of the instantaneous strength
of the received signals. In a wireless channel with higher
variations, packets transmitted between a source and a des-
tination are more likely to be corrupted. Therefore, it is
more critical to choose the best relay to cooperate with the
communication link to help the packet delivery. In BR, a
player, for example, n;, assumes that its opponent n_;’s
strategy is stationary and estimates n_;’s possible behav-
ior by simply tracking the frequency of actions that has
been taken by n_; in previous stages. This approach works
well in static environments but does not fit in dynamic
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Figure 3. Network throughput versus channel deviation o.

environments. In contrast, GTRA is more adaptive in relay
assignment, as players continuously evaluate the qualities
of the actions that have been taken in previous stages, as
well as evaluating the actions that have not been taken by
using the adaptive learning algorithm MRM. Then players
update their strategies by adjusting the probability distribu-
tion of the actions based on the payoff differences. There-
fore, the flexible nature of the learning algorithm allows
GTRA to adapt to dynamic environments, especially in
networks with varying link qualities.

Figures 4 and 5 show the impacts of the weighting factor
w3 for energy consumption on the performance of network
throughput and lifetime, respectively.

Figure 4 shows that the network throughput decreases
with the increment of w3. The reason is that when w3 is
small, the benefit of acting as a relay (SNR improvement)
outweighs the cost (energy consumption); thus, players
tend to retransmit packets to obtain higher payoffs that
leads to a better performance on network throughput. How-
ever, when the w3 increases over a certain value, the cost
becomes a dominating factor in computing the payoffs. For
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Figure 4. Network throughput versus weighting factor for
energy consumption.
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Figure 5. Network lifetime versus weighting factor for
energy consumption.

higher payoffs to be obtained, players tend to remain silent
instead of retransmitting packets, which results in a lower
network throughput.

Figure 5 illustrates that the network lifetime always
increases with the increment of w3. The reason is that when
w3 becomes sufficient large, the cost is an important factor
in payoff computing. Thus, all players tend to remain silent
instead of retransmitting packets, which leads to a longer
network lifetime. However, as observed in Figures 4 and
5, the longer lifetime is achieved by sacrificing the perfor-
mance on network throughput. Therefore, a tradeoff must
be considered when choosing the value of the weighting
factor ws.

6. CONCLUSIONS AND
FUTURE RESEARCH

In this paper, we have studied the problem of relay assign-
ment for cooperative communications and have formu-
lated the problem as a noncooperative, mixed-strategy,
and repeated game, in which each player plays against
all the other players and determines whether to cooper-
ate with a communication link on a packet-by-packet basis
in a distributed manner. For optimal cooperating strate-
gies in dynamic environments to be learned, the MRM
adaptive learning algorithm has been implemented at each
player to adjust the probability distribution over actions,
as well as orienting the game to converge to a set of
CE(s). Simulation results have shown that GTRA outper-
forms BR in terms of network throughput and can con-
verge in a short period that enables it to work well in
dynamic environments.

In future research, we will examine the issue of system
fairness to ensure that each node achieves an effort balance
and to receive a fair share of the channel access in both
retransmitting packets for other nodes and sending its own
packets. Furthermore, we will also consider employing a
power allocation scheme to prolong the network lifetime,
as well as reducing concurrent transmission interferences
to improve the network performance.
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