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Abstract—In this work, we propose a game theoretic frame- interactions can be modeled using a game theoretic framework.
work to analyze the behavior of cognitive radios for distributed |n this framework, the cognitive radios are the players and their
adaptive channel allocation. We define two different objective gctigng gre the selection of new transmission parameters and
functions for the spectrum sharing games, which capture the t ission f . t hich infl thei
utility of selfish users and cooperative users, respectively. Based new fransmission frequencies, etc., which in uence : er own
on the utility definition for cooperative users, we show that the Performance, as well as the performance of their neighboring
channel allocation problem can be formulated as a potential players.
game, and thus converges to a deterministic channel allocation ~Game theory has been extensively applied in microeco-
Nash equilibrium point. Alternatively, a no-regret learning imple- nomics, and only more recently has received attention as a

mentation is proposed for both scenarios and it is shown to have seful tool to desian and analvze distributed resource allo-
similar performance with the potential game when cooperation usetu '9 yZ IStribu u

is enforced. In addition, the learning algorithm accommodates cation algorithms (e.g. [7]-[8]). Some game theoretic models
selfish users, and requires less knowledge about the gamefor cognitive radio networks were presented in [9], which
and less implementation overhead. We show that cooperation has identified potential game formulations for power control,
based spectrum sharing etiquette improves the overall network cq| admission control and interference avoidance in cognitive
performance at the expense of an increased overhead required . . .
for information exchange. radio ne_tworks..'ll'he convergence cond|t_|ons f_or various game
models in cognitive radio networks are investigated in [10].
In this work, we propose a game theoretic formulation of
|. INTRODUCTION the adaptive channel allocation problem for cognitive radios.

With the new paradigm shift in the FCC's spectrum marur c_urrent work assumes that the_radios can measure the
agement policy [2] that creates opportunities for new, mo}gcal m_terference .tem.perature_ on d|ff(_arent frequ.en.mes and
aggressive, spectrum reuse, cognitive radio technology &1 adjust by optimizing the information transmission rate
the foundation for the deployment of smart flexible networkd" @ given c.hannell qugllty (“S'”Q adaptive channel coding)
that cooperatively adapt to increase the overall network p@nd by possibly s_w@chmg to a different frequency channel.
formance. The cognitive radio terminology was coined by€ cognitive radios’ decisions are based on their perceived
Mitola [1], and refers to a smart radio which has the abilityiliy asociated with each possible action. We propose two
to sense the external environment, learn from the history, atigferent utility definitions, which reflect the amont of coop-
make intelligent decisions to adjust its transmission parametéfétion enforced by the spectrum sharing etiquette. We then
according to the current state of the environment. design adaptation protocols based on both a potential game

The potential contributions of cognitive radios to spectrufprmulation, as well as no-regret learning algorithms. We
sharing and an initial framework for formal radio etiquettétUdy_ the convergence properties OT the proposed adaptation
have been discussed in [3]. According to the proposed e{HgOI’Itth, as well as the tradeoffs involved.
quette, the users should listen to the environment, determine
the radio temperature of the channels and estimate their . ) ] )
interference contributions on their neighbors. Based on these "€ cognitive radio network we consider consists of a set of
measurements, the users should react by changing their traydransmitting-receiving pairs of nodes, uniformly distributed

1 1 1 H * *
mission parameters if some other users may need to use 'thé Sauare region of dimensidn® x D*. We assume that the
channel. nodes are either fixed, or are moving slowly (slower than the

While it is clear that this etiquette promotes cooperatiofPnvergence time for the proposed algorithms). Fig. 1 shows
between cognitive radios, the behavior of networks of cogrfil! €x@mple of a network realization, where we used dashed
tive radios running distributed resource allocation algorithni§'€S t0 connect the transmitting node to its intended receiving
is less well understood. node. The nodes measure the spectrum availability and decide

As the cognitive radios are essentially autonomous agefis the transmission channel. We assume that thereiare
that are learning their environment and are optimizing thefeduency channels available for transmission, with< N .

performance by modifying their transmission parameters, th&y distributively selecting a transmitting frequency, the radios
effectively construct a channel reuse distribution map with

This work was supported in part by the NSF grant number: reduced co-channel interference.
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Fig. 1. A snapshot of the nodes’ positions and network topology

and the corresponding SIR target requirements used for our

. . . . simulations [11].
The transmission link quality can be characterized by a [11]

required Bit Error Rate target (BER), which is specific for the
given application. An equivalent SIR target requirement can
be determined, based on the modulation type and the amonurBame theory represents a set of mathematical tools devel-
of channel coding. oped for the purpose of analyzing the interactions in decision
The Signal-to-Interference Ratio (SIR) measured at thmocesses. Particularly, we can model our channel allocation
receiverj associated with transmittércan be expressed as: problem as the outcome of a game, in which the players are
the cognitive radios, their actions, or strategies, are the choice
= piGij 7 (1) of a transmitting channel and their preferences are associated
> k1,52 PG L (K, ) with the quality of the channels. The quality of channels is

. - ) ) captured by the cognitive radios as a measurement of the radio
wherep; is the transmission power at transmitie(5;; is the environment

link gain between transmitter and receiverj. I(i,j) is the We model our channel allocation problem as a normal
interference function characterizing the interference created]%\zm game, which can be mathematically definedTas—

node: to node; and is defined as {N,{Si}ien,{Ui}ien}, where N is the finite set of players

I1l. A GAME THEORETICFRAMEWORK

SIR;; =

1 if transmittersi and j are transmitting (decision makers), and; is the set of strategies associated
I(i,5) = over the same channel with plf':\yeri. We defineS = x.5;,7 € N as the strategy space,
0 otherwise andU;: S — R as the set of utility functions that the players

(2) associate with their strategies. For every play@r gamerl’,
Analyzing (1) we see that in order to maintain a certaithe utility function,U;, is a function ofs;, the strategy selected
BER constraint the nodes can adjust at both the physid playeri, and of the current strategy profile of its opponents:
and the network layer level. At the network level, the nodes-i-
can minimize the interference by appropriately selecting theln analyzing the outcome of the game, as the players
transmission channel frequency. At the physical layer, pow&ake decisions independently and are influenced by the other
control can reduce interference and, for a feasible systeBfayers’ decisions, we are interested to determine if there
results in all users meeting their SIR constraints. Alternativel§Xist @ convergence point for the adaptive channel selection
the target SIR requirements can be changed (reducedagorithm, from which no player would deviate anymore, i.e.
increased) for different modulation levels and various chanreiNash equilibrium (NE). A strategy profile for the players,
coding rates. As an example of adaptation at the physicaF [s1,52;-...sn], is @ NE if and only if
layer, we have assumed that for a fixed transmission power ’ . /
level, software defined radios enable the nodes to adjust their Ui(S) 2 Ui(si 5-4), Vi € N, s; € Ss. 3)
transmission rates and consequently the required SIR targétshe equilibrium strategy profile in (3) is deterministic,
by varying the amount of channel coding for a data packeta pure strategy Nash equilibrium exists. For finite games,
For our simulations we have assumed that all users hasen if a pure strategy Nash equilibrium does not exists, a
packets to transmit at all times (worst case scenario). Multipheixed strategy Nash equilibrium can be found (equilibrium
users are allowed to transmit at the same time over a shai®@haracterized by a set of probabilities assigned to the pure
channel. We assume that users in the network are identigitategies).
which means they have an identical action set and identicalAs becomes apparent from the above discussion, the per-
utility functions associated with the possible actions. formance of the adaptation algorithm depends significantly
The BER requirement selected for simulations1is=3, on the choice of the utility function which characterizes the
and we assume the use of a Reed-Muller channel code Rkéference of a user for a particular channel. The choice of
(1,m). In table | we show the coding rate combinationa utility function is not unique. It must be selected to have



physical meaning for the particular application, and also to Characteristic for a potential game is the existence of a
have appealing mathematical properties that will guarantpetential function that exactly reflects any unilateral change
equilibrium convergence for the adaptation algorithm. Wa the utility function of any player. Potential function models
have studied and proposed two different utility functions, thétte information associated with the improvement paths of a
capture the channel quality, as well as the level of cooperatigame instead of the exact utility of the game [12].

and fairness in sharing the network resources. An exact potential function is defined as a function

3 . P:S—R, if for all i,ands;, s, €.S;
A. Utility Functions , ,
The first utility function (U1) we propose accounts for the Ui(sirs—i) = Uilsi, 5-i) = Plsi, s-i) = P(sjy 54), - (6)

case of a “selfish” user, which values a channel based on the potential function can be defined for a game, the game
level of interference perceived on that particular channel: is an exact potential game. In an exact potential game, for a

N change in actions of a single player the change in the potential
Us(si,5-5) = — Z p;Gijf(55,5:). 4) funcUo_n is equal to the yalue of the improvement de\_/la_tlon. AII
it potential games following a best response dynamic in which

only one player makes a movement at a step will converge to
a pure strategy Nash equilibrium that maximizes the potential
function.

For our previously formulated channel allocation game with
utility function U2, we can define an exact potential function
1 if s; =s;, transmitterj and choose to be

Vi=1,2,..,.N
For the above definition, we denoted Bgp,,...pn] as the
transmission powers for the N radios, Sgks,...,sn] as the
strategy profile andf(s;, s;) as an interference function:

f(siys5) = the same strategy (same channel) Pot(S) = Pot(si,s_;) =
0 otherwise N N N
This choice of the utility function requires a minimal —% > ijijf(sj,si)—% > piGif(sisg)
amount of information for the adaptation algorithm, namely=1 J#i,j=1 J#i,5=1
the interference measurement of a particular user on different 7)
channels. Vi=1,2,...,N

The second utility function we propose accounts for thEhis potential function reflects the total benefits covering all
interference seen by a user on a particular channel, as WBf users. _ _ _ N _
as for the interference this particular choice will create to When playing this potential game, the cognitive radios

neighboring nodes. Mathematically we can define U2 as: should decide sequentially on the transmitting frequency. The
unique decision maker in each iteration not only maximizes its

Ui(si,s_i) = own utility but also improves the potential function due to the
N N mathematical properties @f2. A steady channel assignment
— 3" piGiif(sjis)— Y. piGjif(sis;) (5) improving all the users’ benefits obtained by following this
jAig=1 jAig=1 unilateral deviating best response sequence is a fair frequency
Vi=12 .. N sharing solution. _ _ _ _
The complexity of the algorithm implementation will in- A challenge to implement this potential game is that the

crease for this particular case, as the algorithm will requi?é) oveléagrs]t risrggrsgf ptrr?geszerresqu\l/:/etsh atﬁgolradcl;rl](at(())fr E;Oer??rgfml
probing packets on a common access channel for measwli playing u - W

and estimating the interference a user will create to neighb8ﬁ trolling |_nfrastructure In our an.alyzed system, this process
ing radios. should be implemented distributively. In our work, this is

The above defined utility functions, characterize a usera§h'eVEd by allowing radios to make decisions only when they

level of cooperation and support a selfish and a cooperati()y}en_a Bern(]zulll _tt”al t\{wth ?LObakt)r':'typ““"-"t g 1/Nbat t?e
spectrum sharing etiquette, respectively. eginning of an iteration. Thus, the expected number of users

who make a decision concurrently in a single iteration is 1 ,

_ o which simulates the sequential decision making process. The
B. A Potential Game Application number of users can be obtained from a Channel Status Table
In the previous section we have discussed the choice mhintained by the user. The Table will be discussed shortly.
the utility functions based on the physical meaning criterion. Moreover, to follow a best response dynamic, users should
However, in order to have good convergence properties for the able to evaluate the candidate channels in terms of the

adaptation algorithm we need to impose some mathematigalue of utility function[J2, in this case. To provide all the
properties on these functions. There are certain classesindbrmation in U2 to the users, a signaling protocol using a
games that have been shown to converge to a Nash equilibrinemdshake process, similar to RTS-CTS packets exchanging
by using a best response adaptive strategy. In what follovis,IEEE 802.11 scheme, is employed in our implementation.
we show that for thé/2 utility function, the game becomes anwhen a user need to make a decision, such a handshaking
exact potential game, and converges to a pure strategy Naslinitiated. In contrast to the RTS-CTS reservation mecha-
equilibrium solution. nism, the signaling packets, START and AGITART in our



protocol, are only used to collect the interference informatiorhis is based on the assumption that the channel gain is
expressed as the two termsié® function. And the interfering stable for a certain duration to enable the convergence of the
neighbors are allowed to transmit simultaneously at a certatgorithm. If the network environment changes, the system
configuration of transmission parameters(i.e. coding rate) whould initiate a new run of the whole game to find an
der a QoS constraint (i.e. BER), instead of deferring thedguilibrium under the new situation.
transmission. In our proposed potential game framework, by giving the
To store the required information, each user maintainssame weigh to the benefit of itself and that of the neighbors,
Channel Status Table, similar to the NAV table in 802.11he users will not shift to another transmission channel unless
in which each candidate channel has an individual entilye total benefit is improved in the network. A deterministic
including the information of the users who currently select thisquiliorium channel assignment can be reached very fast
particular channel, the channel gains from those interferifgllowing a best response dynamic. However, the performance
transmitter(TX) nodes to this user’s intended receiver(RXhprovement is purchased at the price of a complete infor-
node (associated with the interference seen at the intended RXtion maintenance at the user and the overhead cost in the
)and the channel gains from this user’s TX to other interferefignaling channel. The sequentially playing style also increases
RX nodes (associated with the interference created by this The implementation complexity in a distributed scenario. More-
to other RXs ). over, both of the information about a user’s own objective
In developing our signaling protocol, we assume the siganction and those of its opponents’ are required to formulate
naling packets are transmitted over a common channel ath& potential game. It is hard to define a potential function

fixed power which is 2 times higher than the data transmissign a scenario of heterogeneous network in which users have
power. It is also assumed that the channel is reciprocal apgtious utility functions.

the channel gains seen by signaling packet and data packet
between two nodes are the same.

Now, to initiate a handshake process, a TX broadcastsCa ®-No-Regret Learning for Dynamic Channel Allocation
START packet to the neighbors over the common signaling

channel. The START packet has two functions. Firstly, whe e U2 utility function fits the framework of an exact potential

a RX node in the neighborhood hears a START packet, t me, functions U1 lack the necessary symmetry properties
channel gain between that TX and this RX is estimated aﬂ? ! y SY y prop

recorded to the RX’s Channel Status Table. The intended FEXTE will ensure the e_X|stence of a potential functlon: In order
analyze the behavior of such games, we resort to implement

obtains similar information by hearing START packets fro D . . CL .
other TX nodes. Secondly, the Channel Status Table at this adaptation protocols using regret minimization learning
' gorithms.

including the channel gains from this TX to other interfered . .
RX nodes, is added into the START packet. The maintenancéo‘ generlal clgss 0'; no- rhegret Iearrlung da!gonthm cal@dl
of the Table at TX will be described shortly. Once the intend regret learning algorithm are related in [15] to a class

RX hears the START packet, it updates its Channel Statf) equilibria named®-equilibria. No-external-regret and no-
Table with the information from TX internal regret learning algorithms are specific casesbof

Meanwhile, the intended RX figures out who are transmifio-regret learning algorithmp describes the set of strategies

ting over a particular channel by listening to all the candidaf@ Which the play of a learning algorithm is compared. A
transmission channels. As assumed, the data transmissfGHNING algorithm is said to bé-no-regret if and only if no
power is fixed and known by all the users. Then, by Iookin[cﬁagret IS exper[enced for .playmg as the algorithm prescrlbes,
up the Channel Status Table, the RX can evaluate the utillj¥t€ad Of playing according to any of the transformations of
functionU/2 over all the channels. Thereafter, the best responise 2lgorithm's play prescribed by elementsdaflt is shown

action is selected by the RX and sent it back to the TX vid [15] that the empirical distribution of play oP-no-regret
an ACK START packet. algorithms converge to a set d@-equilibria. It is also shown

ACK_START also has two functions. At the TX who initi- that no-regret learning algorithms have the potential to learn
ates the handshaking, it will choose the transmission chanfléiked strategy (probabilistic) equilibria. We note that Nash
indicated in the ACKSTART as its action. At a potentially EQuilibrium is not a necessary outcome of afiyno regret
interfering TX node in the neighborhood, the channel galf@mMing algorithm [15].
between itself and the RX who sent out the AGRART will In this work, we propose a dynamic channel allocation
be estimated and saved to the Txs' Channel Status Tab@4aptation based on a no-external-regret learing algorithm
Here the channel gains are considered as the same in botR"@Posed by Freud and Shapley, using on an exponential
the direction between a pair of nodes. updating scheme [16].

Thus, at the beginning of each iteration, if a user win the Let U(s;) denote the cumulative utility obtained by
decision maker right, it initiates a handshaking to select théer ¢ through timet by choosing strategy;: Uf(si;) =
best response and then waits for its next turn in the following .. Ui(si, S*;). For 8 > 0, the weight(probability) as-
iterations to take an action until the system converges. $gned to strategy; at timet + 1, is given by:
reduce the signaling overhead, the channel gain information Ut (s2)
will not be added to the signaling packet anymore once the wit(s;) = (1+8)7 . 8)
Channel Status Table is completed after the first handshaking. ! Zs;esi(l + ﬁ)Uf(Si)

While we showed in the previous section that the game with




In [14], based on simulation results, it is shown that Freund Finally, the proposed learning algorithms have the advantage
and Schapire’s no-regret algorithm converges to Nash Eqof- requiring only incomplete knowledge about the game,
librium in games for which Pure Strategy Nash Equilibriunne., the user's own utility function. The opponents utility
exists. We also show by simulations that the proposed rfonction may be unknown. As an immediate implication of
regret algorithm converges to pure strategy Nash equilibriuinis property, the learning algorithms are readily applicable for
if U2 function is used, and converges to mixed stratedyeterogeneous networks scenarios, where users have a range
equilibrium for usingU1. of utility criteria and resource access priorities. In this work,

By following our proposed learning adaptation processye assume the users in the network are identical. The study of
users learn how to choose the strategy to maximize rewardognitive networks behavior in such heterogeneous scenarios
nondeterministic settings through repeated play of the game clonstitutes the object of future investigation.
contract to the sequentially playing style of the potential game,
the users in learning process take their actions simultaneously. IV. SIMULATION RESULTS

No coordinating mechanism is required to handle the playing|, inis section, we present some numerical results to il-

order of the users. lustrate the performance of the proposed channel allocation

In each iteration, every user should select a transmissigiy ithms For the simulation purposes, we consider a fixed
channel based on the weights assigned to the candidate chans

according to equation (8), a handshaking process occurs atﬁjﬂﬁr receivers are randomly distributed ove2@m x 200m

beginning of the iteration. During the learning iterations, a USEf are area). The adaptation algorithms are illustrated for a
first explores all various possibilities of the action space, and. ork of 30 transmitting radios, sharirg — 4 available

then exploits successful actions, by increasing the weights annels. A random channel assignment is selected as the

those actions that generate high profits. Our simulation resyiig;a; 4ssignment and all the simulations start from the same
show that a NE of the weights can be reached foIIowirmitial point

this learning process in both of the cooperative and selfish
scenarios. The convergene ofhe scatgies 30 nodes)
The signaling handshaking in this learning algorithm is sim-
ilar to the one described in previous section, but the informa-
tion required to exchanged between the nodes depends on the
employed utility functions. Learning scheme with cooperative s
users(usinglU2) requires the exchanging of Channel Status g
Table which is identical to the one perceived by potential game
users. While, in the case of self users(usiiig), only half !
of the information in the Table,the interference seen by the
user over all candidate channels, should be perceived. Hence,
the TX only detects the ACKSTART from the intended RX,
instead of listening to all the ACISTARTSs like the TXs i e
in potential game to acquire channel gains between this TX
and other RXs, and thus the implementation of the algorith'g\g. 5
is simplified correspondingly. But, in both of the learning
processes using/1 and U2, users have to record a history
of their own utilities to calculate the cumulative utilities in ‘
equation (8.
Compared to the potential game framework, learning
scheme reduces the system overhead substantially in a dy-
namic environment. As an example, if the network environ-
ment changes, the sequentially playing style in potential game
requires the system to trigger a completely new run of the
algorithm, while, in learning scheme, all users can continue
their learning process based on current action weights instead
of shifting back to the initial point with equal weights to start
a totally new learning process. 265
Furthermore, in a®-no-regret learning framework, the ] % m 5 > o
convergence to NE is not necessary. Users following the
®-no-regret learning process will continuously adapt teig. 3. The plot of potential function
the inconstant environment to minimize the expected re-
gret(performance loss) in the long run. This property lossesWe first give results for the potential game based algorithm.
the stability constraint of the radio environment in the applifhe convergence character of all the users strategies has
cations. Further study in this context is our next work. been shown in Figure 2 and the corresponding changes in

Convergence character of the users’ Strategy
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Fig. 4. The evolution of some users strategy _ ) ) )
Fig. 6. Potential Game: At final channel assignment, The SIR of the users
in different channels

the potential function in Figure 3. Starting with an arbitrary e sogamorte SRsowra s
channel assignment, it can be seen that the game converges
very fast to a channel assignment at which a maximizer of the
potential function (an approximate sum of all the user’s utility)

is obtained. As each user’s strategy update leads to an increase
in the potential function, the value of the potential function
keeps increasing until no improvement can be achieved any
more, and then the users’ strategy profile converges to a
pure strategy Nash Equilibrium. Figure4 shows the channel
selection strategy time evolution for 4 arbitrarily selected users
from the total 30 users. In this graph, it can be seen that after
several runs of shifting, both user 1 and 24 settle down at
Channel 2 while user 8 and 16 stay at Channel 3 and Channel
4 respectively. The choice of the utility function for thisFi

o
&
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Final SIRs in Leaming using UBinal SIRs in Potential Game

g. 7. The Histogram of the SIRs. Initial Channel Assignment vs. Final
Channel Assignment

The initial SIRs within channel 1 The initial SIRs within channel 2

: 5 dB decreases from 60% to about 24%, at the expense of a
; II I a slight SIR decrease for users with an SIR greater than 12.5
S .
Tes4ase7sow S izasse e The advantage of the potential game is illustrated in figure
The il IR witin channel The il IR witin channel 4 9, in terms of normalized achievable throughput at each
receiver. For the initial channel assignment, 62% of the users
1 have a throughput less than 0.75. At the equilibrium, this
s el oo fraction is reduced to 38%. SIR and normalized throughput
10

improvements for all users are demonstrated in Table II.

We further investigate the outcome of the no-regret learning
algorithms for both of the proposed utility functiobsl, U2
Fig. 5. At initial channel assignment, The SIR of the users in differemefined in equation (4) and (5). It has been proved that the
channels channel allocation game usiri@2 in (5) has a pure strategy

. . . ash equilibrium. Our simulation result shows that Freund
game enforces a certain degree of fairness in distributing t 13

. L Schapire’s no-regret learning algorithm learns the Nash
network resources, as it can be seen in figures 5, 6, 7, andj P g 929

8. Figures 5 and Fig.6 illustrate the SIR achieved by the

users on each of the 4 different channels for initial and final TABLE II
assignments, respectively. The users are evenly distributed ove¥!R AND NORMALIZED THROUGHPUT OF ALL USERS AT INITIAL AND
all the channels which yields an SIR improvement for the users FINAL CHANNEL ASSIGNMENT
that initially had a low performance and a slight penalty in
performance for users with high SIR. It can be seen in Figure 7 _ SIR (dB) | Throughput
that at the Nash equilibrium point, the number of users having _ Initial 173 9.4
. Final (Potential Game)| 254 16.5
an SIR below 0 dB has been reduced. Furthermore, figure 8 Final (Learning U2) | 248 153

shows that the percentage of the users who have an SIR below



CDF of SIRs over the nodes in Potential Game

08

07

061

05F

F(x)

04

03

0.2

0.1f

=9~ Initial Channel Assignment
0.0l L—_Final Channel Assignment

Fig. 8.
vs. Final Channel Assignment

Value of SIR

CDF of Throughputs over the nodes in Potential Game

25

1 T T T

" Initial Channel Assignment

09 = Final Channel Assignment in Potential Game

- # Final Channel Assignment in Learning U2

I

o o o
S © ©
T T

°
>

w: Weights Associated with all actions
o ° °
© by o
T

o
N

°

L

The action distribution of One Node: Node14

Action 1
Action 2
Action 3 H
— Action 4

500

on a sample user

1000 1500
T: Number of Trials

The action distribution

— Action 1
Action 2
Action 3

— Action 4

2000 2500

3000

The CDF of the SIRs of all the users. Initial Channel Assignmemtig. 10. No-regret learning using U2: The weights distribution of strategies

o
@
i

w: Weights Associated with the actions

Y P
03 Rt & 4

1

-——

02¢-4 i
01 i

I I i i . i ; ; i

0.1 0.2 0.6 07 0.8 1000 1500 2000 2500 3000 3500

03 04
Value of Throughput T Number of Trials

The CDF of the Throughputs of all the users. Initial Channdrid- 11. No-regret learning using U2: The evolution of weights of strategies

Fig. 9.
9 on all the users

Assignment vs. Final Channel Assignment

Equilibrium by playing this game repeatedly. The evolution gfonverges to the the mixed strategy allocation: selects channel
the weights assigned to different channels at a sample user hagith probability 0.575 or channel 3 with probability 0.425.
been demonstrated in Figure 10). Starting from equal weighit§e evolutions of the weights of all the users are shown in
on all candidate channels, the weights oscillate in the the eakiigure 14.
learning stage by exploiting all the possibilities. Thereafter Since the equilibrium learned frofil is not a deterministic
the weight of one channel converges to 1 with others fall toSrategy profile, the performance evaluation for this scenario
which gives a deterministic outcome for the channel selectionill represent averages over a long time run of the experiment.
The weights distribution of all the users is illustrated in Figuré/e compare the performance of the Freund and Schapire’s no-
11). It can be seen that all the users converge to a particulegret learning algorithms using utility function8.landU2
channel assignment, and the game ends with a pure strateftfj those of potential game and a random channel allocation
Nash equilibrium assignment. The SIR histograms for the iricheme (used as a performance benchmark). The performance
tial and final channel assignment are illustrated in Figure 7. Theeasurements are the average SIR, average throughput per
SIR of the users assigned to the four different transmissioser, and total average throughput for the network. At the be-
channels at Nash equilibrium point is illustrated in Figurginning of each time slot, every user will choose a determined
12. Compared to the potential channel allocation game, tbleannel to transmit according to a pure strategy equilibrium
learning algorithm using U2 shows similar fairness properti¢se. potential game, learning using U2) or choose a channel
(in Figure 9), and similar performance in terms of total SIRvith some probability given by the mixed strategy equilibrium
and total achievable throughput(in Table I1l). However, th@.e. learning using Ul). In the random channel allocation
Nash equilibrium achieved by learning is different from thecheme, every user chooses a channel with equal probability
one obtained by playing potential game, even though both feém a pool of four channels.
the games use the same utility function. Figure 15 shows the CDF of Time Average SIR in different
Using utility function U1 cannot lead to a pure Nashgames. All learning games and the potential game outperform
equilibrium channel allocation, but is able to learn a mixethe random channel allocation scheme. The potential game
strategy for channel assignment. In Figure 13 we illustraleve a better performance in terms of throughput than the
an example of using utility functio/1 in which user 14 other schemes. It can be seen in Fig.16 that half of the users
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have an average throughput below 0.3 in the random allocation
scheme. The percentage of users whose average throughput is
below 0.3 is 23% in potential game, 27% for learning using ‘ ‘
U2 and 34% for learning using’'1, while the fraction is 51% N ° ° Vaeoimerage s * ®
for the randomly selection. Potential game has a little higher
percentage than the learning schemes in the high throughFJ'Qt 15.
region, but it ranks as the best scheme, in terms of the total
network performance and fairness. This has been shown in
Figure 17.

Figure 17 summarizes the performance comparisons among
the proposed schemes: total average throughput, average
throughput per user, and variance of the throughput per user.
Among all the proposed schemes, potential channel allocation
game has the best performance, but the learning algorithm
using U2 provides a performance pretty close to it with
much less knowledge requirement and signaling overhead. The

variance performance measure quantifies a faimess metfigiqoys utility functions. Our simulation results show that the
with the fairest scheme achieving the lowest variance. We cgfynificant performance improvement with cooperative users
see that the selfish user performance is significantly lower th@”purchased at the price of high environment knowledge

the other scenarios. requirement and thereby high signaling overhead. Compared
to the potential game framewor-no-regret learning scheme
V. CONCLUSION has the advantages of incomplete information requirement and
In this work, we have investigated the design of channkdss implementation complexity. The flexibility of &-no-
sharing etiquette for cognitive radio networks, using a potenti@gret learning based scheme provides potential benefits on
game framework andP-no-regret learning schemes usindghe design of cognitive radios for heterogeneous networks.

The CDF of Time Average SIRs in different games
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