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Abstract—In this paper, we present an adaptive and dis- In general, a topology-optimized allocation algorithm begins
tributed approach to spectrum allocation in mobile ad-hoc with no prior information, and assigns each user an optimal
networks. We propose a local bargaining approach where Users 4qqignment. In a mobile network, however, users are constantly

affected by the mobility event self-organize into bargaining - - .
groups and adapt their spectrum assignment to approximate a moving and the network topology changes. Using this global

new optimal assignment. The number of computations required Optimization approach, the network needs to completely re-
to adapt to topology changes can be significantly reduced com- compute spectrum assignments for all users after each change,

pared to that of the conventional topology-based optimizations resulting in high computational and communication overhead.

that ignore the prior assignment. In particular, we propose a Tpig costly operation needs to be repeated frequently to
Fairness Bargaining with Feed Povertyto improve fairness in . e .

spectrum assignment and derive a theoretical lower bound on malnta.ln spectrum utlll;atlon é}”d_fa'mess-

the minimum assignment each user can get from bargaining for  In this work, we consider a distributed approach to spectrum

certain network configurations. Such bound can be utilized to allocation that starts from the previous spectrum assignment,
guide the bargaining process. We also show that the difference and performs a limited number of computations to adapt to
between the proposed bargaining approach and the true optimal recent topology changes. We propose a local bargaining ap-

approach is upper-bounded. Experimental results demonstrate . .
that the proposed bargaining approach provides similar perfor- proach where users affected by the mobility event self-organize

mance as the topology-based optimization but with more than into bargaining groups and adapt their spectrum assignment to
50% of reduction in complexity. approximate a new optimal conflict free assignment. The key

contributions of this paper are three-fold:

. INTRODUCTION Local Bargaining StrategyWe propose a local bargaining

Wireless devices are becoming ubiquitous, placing adgizmework, and two bargaining strategiesie-to-one faimess

tional stress on _the fixed _ra_dlo spectrum available to Eﬂ_hrgaining and feed poverty bargainingto improve fairness
access technologies. To eliminate interference between (H(t:ised system utility

ferent wireless technologies, current policies allocate a fixed o ]

spectrum slice to each wireless technology. This static as-Bound of Local Bargaining Performancele derive a
signment prevents devices from efficiently utilizing allocatel?€oretical lower bound on the number of channels each
spectrum, resulting in spectrum holes (no devices in aréer can get from bargaining, referred to Rsverty Line

and very poor utilization [16]. These results further motivatkNe bound reflects the level of faimess enforced by the
the Open Spectrunj3] approach to spectrum access. Opeﬂroposed bargaining strategies, and can serve as a guidance for

Spectrum allows unlicensed (secondary) users to coexist wirgaining. We also derive a upper bound on the performance
legacy (primary) spectrum holders, thereby “creating” nefiifference between the local bargaining and the global optimal

capacity and commercial value from existing spectrum rang&@lution, referred to aprice of anarchy
Secondary users opportunistically utilize unused licensed specSimulation of Efficiency and Complexite conduct ex-
trum on a non-interfering or leasing basis based on agreemestssive simulations to quantify the performance of local bar-
and constraints imposed by primary users. gaining. Results indicate the proposed bargaining performs
Open spectrum focuses on controlling the behavior sefmilarly to the graph-coloring solution[23], [18] but with
secondary users while keeping the system transparent to pignificantly reduced algorithm complexity. We also validate
maries. While maximizing spectrum utilization is the primaryhe correctness of thpoverty lineand the effectiveness of
goal of dynamic spectrum systems, a good allocation schepmverty guided bargaining
is also needed to provide fairness across users. We hereby uskhe rest of the paper is organized as follows. We begin in
user to represent secondary user. A user seizing spectrum w&ketion 1l by defining the spectrum allocation problem and the
out coordinating with others can cause harmful interferensgstem utility functions. Next, we propose a local bargaining
with its surrounding neighbors, and thus reducing availableamework in Section Il and develop specific strategies to
spectrum. Given a fixed topology, existing approaches camprove system fairness in Section IV. Next in Section V, we
efficiently allocate spectrum to users by reducing the problezonduct experiments to evaluate the performance of bargaining
to a variant of the graph coloring problem [23], [18]. A conflicstrategy and validate the theoretical lower bound. We then
free spectrum assignment is obtained for the given topologlerive analytical results in terms of price of anarchy in



Section VI. Finally, we summarize related work in Section Vlichannel-dependency and uses/faby N by N interference
discuss implications and future directions and conclude matrix C. In this paper, for simplicity, we consider a channel-

Section VIII. independent interference constraint, assuming channels have
similar power and transmission regulations. It is straight-
Il. BACKGROUND ON SPECTRUMALLOCATION forward to extend the proposed approaches to account for

The two key goals of a spectrum allocation algorithm ar¢hannel-dependent or other interference conditions [4].
spectrum utilization and fairness. Combinations of these twQyser dependent channel throughiit

goals form specific utility functions that can be customizedst g — {bim.n > 0} a1« describe the reward that a user gets
for differe_nt types_of net\_/vork applicaﬁons. As backgr(_)u_ncby successfully acquiring a spectrum band,4,g,, represents

we describe in this section our previous work on efficiefhe maximum bandwidth/throughput that usercan acquire
and globally optimized spectrum allocation. We start W'tfhrough using spectrum bane (assuming no interference
the theoretical model used to represent the general allocati§lyy, other neighbors). Leb,,, = 0 if lmn = 0. So that
problem, and two utility functions that maximize spectrung represents the bandwidth weighted user available spectrum.
utilization and fairness. We describe how to reduce the optimal . )

allocation problem to a variant of a graph multi-coloring Contlict free assignment.

problem and describe the previous solution that optimize the = {amnlamn € {0,1}}arxn Wherea,, , = 1 denotes
spectrum allocation for a given topology. that spectrum bandh is assigned to uset, otherwise 0.4

satisfies all the constraints defined &Yy that is,

A. Problem Model and Utility Functions o+ @ < 1y if eop = 1,¥ 1k < Nym < M.

We consider the case where the collection of available _ _
spectrum ranges forms a spectrum pool, divided into noket An s denote the set of conflict free spectrum assignments

overlapping orthogonal channels. We assume a network offor a given set ofV users and\/ spectrum bands.

users indexed frond to N — 1 competing forA/ spectrum . yser throughput of a conflict free assignment.

ghannels indexed to M —1. Ea_ch user can be a transmi;sionget TPa(n) represent the throughput that usemgets under
link or a broadcast access point. Users select communicatifsignmentd, i.e. TPa(n) = ZM:ol Ao * Doy

channels and adjust transmit power accordingly to avoid inter-Gjyen this model, the goa|m&c spe’ctrum’ allocation is to
fering with primaries. The channel availability and throughpuyhaximize network utilization, defined ly. We can define the

for each user can be calculated based on the location agbctrum assignment problem by the following optimization
channel usage of nearby primaries. The spectrum accg$sction:

probllem becomes a char_mel allocation probleenfo obtaln.a _ A* = max argmax U(A),
conflict free channel assignment for each user that maximizes A€AN, M

system utility. The key components of our model are: We can obtain utility functions for specific application types
- Channel availabilityL(n). using sophisticated subjective surveys. An alternative is to
T = {lmnllmn € {0,1}}mxn is @M by N binary matrix design utility functions based on traffic patterns and fairness
representing the channel availability, , = 1 if and only if inside the network. In this paper, we consider and address
channelm is available at usen. In general/,, ,, = 0 when fairness based system utility. Consistent with prior work[17],
channelm is occupied by a primary user who conflicts witH12], [21], we address fairness for single-hop flows since
usern, so that the transmissions af on this channel will they are the simplest format in wireless transmissions. We
interfere with the primary’s activity if they use channel postpone the discussion of routing related utility functions to
concurrently. LetZ(n) = {0 <m < M —1l,,,, = 1} be the a future paper. Similar to [17], we define fairness in terms of
set of channels available at maximizing total logarithmic user throughput, refereed to as
proportional fairness. The utility can be expressed as

- Interference constrair®.

Let C = {chilecnik € {0,1}}nxn, @ N by N matrix, N-1 N-1 M-
represents the interference constraints among userslt=  U(4) = > logTPa(n)=> 10g Y tmn bmn- (1)
1, usersn andk would interfere with each other if they use the n=0 n=0  m=0

same channel. The interference constraint depends on the sigAs a reference, another utility function is the total spec-
nal strength of transmissions and the distance between usergiuin utilization in terms of total user throughput;(4) =
simple model of interference constraint is the binary geomet@ﬁ;o1 TPa(n). Maximizing utilization does not consider
metric, i.e. two transmissions conflict if they are within fairness, and the resulting channel assignment is in general
distance from each other. This provides an approximation dg@balanced.
the effects of interference in real wireless systems. N )

It should be noted that the interference constraint could alSo Color-Sensitive Graph Coloring
depend on the frequency location of the channdd. (n), In [23], [18], it is shown that by mapping each channel into
since power and transmission regulations vary significantdycolor, the channel assignment problem can be reduced to a
across frequencies. The work in [23], [18] considers ttgraph multi-coloring (GMC) problem.



Definition 1: Given the channel assignment problem ima distributed voting process. Results in [18], [23] show that
above, the system can be represented bgoaflict Graph the heuristic based algorithms perform similarly to the global
G = (V, E, B) whereV is a set of vertices denoting the usersptimum (derived off-line for simple topologies), and the
that share the spectrun®, represents the bandwidth weighteatentralized and distributed algorithms perform similarly.
available spectrum, mapping to the color list at each vertex,
and FE is a set of undirected edges between vertices represent-
ing interference constraint between two vertices defined’by The approach described in Section Il globally optimizes
For any two distinct vertices,v € V, an edge betweem and spectrum allocation for a given topology. In a mobile network
v, is in E if and only if ¢, , = 1. model, node movements lead to constant changes in network

Fig. 1 illustrates an example of GMC graph. There are t6pology. Using the existing approach, we can reapply the
colors available. The numbers outside the brackets attachedpectrum allocation algorithm after each change in the conflict
each node denote the colors assigned to that node, while gnaph. This approach assumes no prior allocation information,
numbers inside the brackets denote the available color listasfd incurs high computation and communication overheads.

I11. L OoCAL BARGAINING FRAMEWORK

each node. To reduce these overheads, we propose the use of an adaptive
o012 34 and robust distributed algorithm that takes prior allocation into
(0,1.2.3,4) (234) account in new spectrum assignments.

An efficient dynamic allocation algorithm can run every
time user movement causes a change in the corresponding
network conflict graph. Therefore, an adaptive algorithm needs
to only compensate for small changes affecting a local network
region. The algorithm starts from a non-optimal spectrum
allocation, which can be constructed from the allocation prior

(00é23) (013) to the topology change. Consider a conflict graph with
v v nodes (indexed fron to N — 1) and M channels (indexed
Fig. 1. An example of GMC graph from 0 to M — 1), where the optimized assignmentAs, « y -

When a new node (indexed as) joins the network, the
A GMS problem is to color each vertex using a numbassignment after introduction of the node becomgﬁkmﬂ)
of colors from its color list, and find the color assignmenwhere
that maximizes sy§tem utility. The coloring i_s constr_ained by ) Apm © 0<n<N-1,0<m<M
that if an edge eX|s_ts between any two dlstmpt vertices, they Ay, ., = { 0 : n=N,0<m<M
can't be colored with the same color. Most importantly, the
objective of coloring is to maximize system utility. This isOr if a primary user; enters the network and wants to use
different from traditional graph color solutions that assign orfdannelmy, the nodes within impact of primary (denoted
color per vertex. Notice that the solution to this graph coloringy Nbr(i)) need to stop using channet, within a given
problem is to maximize system utility for a given graple. time. Hence, the assignment becong, ,, such that
a given topology and channel availability. This characterizes
the optimal solution for a static environment. A;nm = { A
The optimal coloring problem is known to be NP-hard [7].

Efficient algorithms to optimize spectrum allocation for a Assuming the spectrum allocation was near optimal be-
given network topology exist. In [23], the authors presentddre the topology change, local bargaining between affected
a set of sequential heuristic based approaches that produedices can quickly optimize allocations for utilization and
good coloring solutions. The algorithm starts from emptfairness. During local bargaining, sets of neighboring vertices,
color assignment and iteratively assign colors to verticemch of which form a connected component of the conflict
to approximate the optimal assignment. In each stage, th@ph, self-organize into bargaining groups. Each group mod-
algorithm labels all the vertices with a non-empty color lisfies spectrum assignment within the group to improve system
according to some policy-defined labeling. The algorithmtility while ensuring that the change in spectrum assignment
picks the vertex with the highest valued label and assigns ttlees not require any change at other nodes outside the
color associated with the label to the vertex. The algorithgroup (due to interference constraints). Note that a node can
then deletes the color from the vertex’s color list, and from thepresent a transmission link or an access point. Bargaining
color lists of the constrained neighbors. The color list and thielated to a transmission link is carried out by the transmitter or
interference constraint of a vertex keep on changing as otheceiver while bargaining related to an access point is carried
vertices are processed, and the labels of the colored vertex by the access point.
and its neighbor vertices are modified according to the new o )
graph. The algorithm can be implemented using a centraliz8d Bargaining constraints
controller who observes global topology and makes decisions;To perform bargaining, we must first determine the size and
or through a distributed algorithm where each vertex performsembership of local bargain groups. Large groups increase

0 : m=mgandn € Nbr(i)
m;n - Otherwise



the complexity of bargaining due to high synchronization and ~
communication costs. In addition, interactions might occur 'So'aﬁngtgmug,stto 1‘ bargaining
bety\_/een barga'in. groups if they share neighbpring users. To Eéfxizncg"rﬁu'gs\
facilitate bargaining, we propose two constraints to regulate

the procedure and simplify the process.

Constraint 1: Limited Neighbor Bargaining
While pair-wise bargaining is already a hard convex optimiza-

tion problem, bargaining within a large group implies even fl?n?ﬁub:e)ferr
higher computation and communication overheads. Coordinat- \ bargaining
ing around a central leader per group can greatly simplify
spectrum assignment. In this paper, we propose a simple

group formation where a node who wants to improve its
spectrum assignment broadcasts a bargaining request to its
k-hop neighbors, wheré is the ratio of interference range
and transmission range. These neighbors are connected to the Fig. 2. An example of Bargaining Groups.
node in the corresponding conflict graph. Those neighbors

whose are willing to participate reply to the sender and form . .
a bargaining group. Note that it is possible that two connectifide €ach group should not disturb the spectrum assignment

neighbors in a conflict graph might not be able to communica® N0des outside the group. That is, after the bargaining, the
directly with each otherj.e. when k > 1. The bargaining m_odn‘led channe_l assignment sho_uld not lead to any conflict
information can be relayed by the nodes in between. The\ggh_nodes outside the group. This helps_to maintain gystem
relay nodes do not necessary participate in the bargainfigPllity: so that a bargaining may not invoke a series of
group. In this following, we will use node to present any vertebgactions due_to violations in mt_erference.c_ons.tramts. More
in a conflict graph. mport_antly, this guarantees that if a bargaining improves the
For each bargaining group, the requester becomes the ngHBty in a local area, it "’,“SO IMproves the system utility. Or
coordinator and performs the bargaining computation. THg Other words, a local improvement will lead to a system
bargaining strategies can be divided into the following format{NProvement. This constraint has two components.

1.a) One-to-one bargainingThe noden; who initiates the 2.a) Restricted Bargainable ChannelBhis restricts t_he_set
bargaining can choose to bargain with only one neighboriﬁ’ channels that are exchangeable between nodes inside each

noden, at a time. They exchange some channels to impro? rga_ining group, such thgt when a node gets one qhaljnel
system utility while complying with the conflict constraints rom its neighbor, the assignment does not conflict with its
from the other neighbors. This is the simplest bargainirﬁ)e
process and the requester only needs approval from one of hig.b) Isolated Bargaining GrougThis not only restricts each
neighbors to perform the bargaining. When multiple neighbor®de to participate in at most one bargaining group at any
e.g. nz andnz acknowledge the bargaining request, can time, but also requires that the members of any two bargaining
sequentially compute assignment assuming bargainingnwith groups can not be directly connected. Having nodes between
first, and then withns. n, broadcasts the assignment to botgroups regulate spectrum adjustment and prevents conflict
ng andng. This expands the bargaining group(te;, n2,n3) between groups. The necessity of this requirement can be
without adding extra signalling overhead. However, this alssxplained by the following example. Assume there are two
requires thatn; chooses a sequential bargaining order antkighboring nodes A and B (two nodes in the conflict graph
gets approval from all the group members on the order befagennected with an edge) who are the members of two different
conducting bargaining. If one of neighbors disapproves thgirgaining groups. Before assignment, A and B are not using
request;; needs to perform another request. Hence, for sirshannel 0. After the bargaining, both A and B are granted
plicity, we restrict this format to only one-to-one bargainingwith channel 0 from their bargaining neighbors. However, as
Fig. 2 illustrates an example of one-to-one bargaining. A and B conflict with each other if using the same channel, the
1.b) One-buyer-multi-seller bargainingA buyer noden, barg_aining produces interfe_rence conflict_ among nodes_. The
purchases a set of channélg,, from its neighbors who are Qeta|led prqcedurg o form isolated bargammg groups will be
currently using any channel id4,, such that to improve mtrodgqed n Sectpn 1-B. An e>.<ample of isolation between
system utility. In this case, the bargaining requires concurré?ﬁ“gammg groups is shown in Fig. 2.
approval from multiple neighbors. As we will show later, thigs Bargaining steps in detail

type of bargaining is necessary to eliminate user starvatlonWe design a local bargaining procedure based on the above
Fig. 2 illustrates an example with one buyer and four sellers.

constraints, assuming a distributed architecture. We propose
Constraint 2: Self-contained Group Bargaining a distributed, iterative grouping and bargaining procede
Once the bargaining groups are organized, the bargainassume that nodes periodically broadcast their current channel

ighbors outside the bargaining group.



Finish bargaining;

assignment and interference constraints to their neighbors. bargaining mer
Each node has three statésirgaining disabledand enabled ;
(see Fig. 3). Onlyenablednodes can perform bargaining. The
actual bargaining involves the following 4 steps, and repeats
until no further bargaining can improve system utility. Here
nodes refer to the vertices in the conflict graph, and two _
“connected” nodes might be physicalty (k > 1 hops away. DISABLE
Information exchange between them is done through relay. ressese

Send Request
message;
Receive and
acknowledge
request

enabled bargainin

Disable timer

expires
1.) Initialize Bargaining Request
In general, nodes affected by mobility events initialize bar-
gaining. Based on broadcasts of channel assignments and Fig. 3. Node State and Transitions
interference constraints from neighbors, anabled node
determines if bargaining with a neighbor will lead to an
improvement in system utility. If such neighbors exist, the
node broadcasts a bargain request to the neighbors along with
its current channel assignment and interference constraints.
Such broadcasts reduces communication overhead. As we will
show in Section IV-C, additional criterion exists to guide nodes
on generating bargaining requests.

2.) Acknowledge Bargaining Request
Neighbors who areenabled and willing to bargain reply
an ACK message with its current channel assignment and
interference constraints. We assume that nodes are willing to Fig. 4. Messages exchanged during bargaining.
collaborate to improve system utility, and accept requests that
improve system utility even if it might degrade their individual
channel assignments. Incentive systems to encourage shalgaining strategy may be customized for different utility
collaboration will be investigated in a future paper. If a nodinctions. It is easy to show that for utilization based utility
receives multiple concurrent requests from its neighbors, (ibtal user throughput), the optimization can be reduced to
acknowledges the request that leads to the highest bargairsotying M optimization problems for each color respectively.
gain as calculated based on information embedded in t®® each color, the corresponding optimization problem is
request. exactly a Weighted Independent Set (WIS) problem [1]. WIS
problem is a special case of Weighted Set Packing problem,

3.) Bargain Group Formation and can be approximated by a local improvement heuristic
When the requester receives the replies, it selects the memb(?rs PP y P

of the bargaining group, and broadcasts this information alof orithm, generally called — improvement [8], [1]. It is

with the proposed modification of the channel assignment 30 aightforward to convert this algorithm to local bargaining

neighbors. Once the bargaining group is set, its members en geng neighbors. We omit the bargaining procedure due to

bargaining state. They broadcast@SABLEmessage with a space constraints., and next foc.u's on the local bargaining
timer equal to the estimated duration of the bargain processs{traategy for the faimess-based utility.

neighbors not in the bargaining group. Note thatTHSABLE IV. LOoCAL BARGAINING TO IMPROVE FAIRNESS
message can be embedded in €K messages to reduce

overhead. Nodes receiving the message edigabled state

In this section, we focus on the local bargaining strategy

for the duration of the timer. This procedure prevents nodggt!m!zmg for .falrness. Base_d onh Its delf'r;'tlon.'r? (,1)’ the
who are neighbors of existing bargaining group to participaf’é)t'm'z""t'On aims to maximize the total logarithmic user

in any future bargaining before the timer expires. FoIIowing"rOUth_Ut’i'e'the_ pro_duct of user throughput. Therefore_, the
this, all bargaining groups are isolated. lobal fairness utility increases if nodes with many assigned

channels “give” some channels to nodes with few assigned
4.) Bargaining channels. In this section, we start by describing basic one-
Once all members acknowledge the changes to the channeltgsone bargaining where two unbalanced nodes exchange
signment, each member updates its local channel assignmenannels to improve the local throughput product. We show
This is straightforward for one-to-one bargaining. For onehat such bargaining is limited by the number of bargainable
buyer-multiple-seller bargaining, interactions among membefannels and thus not effective against the node starvation
can be coordinated by the bargain requestor. After bargainipgoblem. We then develop a special case of one-buyer-multi-
each member enteenabledstate. Fig. 3 and 4 illustrate theseller bargaining, referred to &ed Povertyo eliminate node
node state transition and messages during bargaining.  starvation. We also derive a theoretical lower bound of user
Once the local bargaining procedure is set, the speciffroughput using local bargaining under a simplified network



configuration. A @ C

We first define the following notations. 1,23 1,2,3
n: a noden in the conflict graph@(<n < N —1); _ _
Nbr(n) = {v € V|(n,v) € E}: neighbors ofn; Fig. 5. An example of Starvation

Nbr(X) = U,,cx Nbr(n) \ X: neighbors of node seX;

fa(n) ={0 <m < M — 1ay,, = 1}: the set of channels B, Feed Poverty Bargaining

assigned to node under current assignmeri. L. .
9 9 We observe that usestarvationin most cases is a result

A. One-to-One Fairness Bargaining of the lack of flexibility in bargaining. As for the example in
As we described, one-to-one bargaining allows two neigfigure 5, by allowing A and C to give up channel 1 at the same
boring nodesn; and n, to exchange channels to improveime and feed it to B, we can remove the starvation at B. This is
system utility while complying with conflict constraints froman example of one-buyer-multi-seller bargaining. In this paper,
the other neighbors. Fer; andn, to bargain, they need to firstwe propose a special one-buyer-multi-seller bargaining, called
obtain the channels that are bargainable to avoid disturbihged Povertywhere if a node (buyer) has very poor channel
other neighbors, referred to &% (n,ns): assignment, the neighboring nodes can collaborate together to

C L NL ALL0. M —1 feed it with some channels.
b(n1,m2) = L(n)NL(na)N{{0..M~1}\ GNbL(J )fA<n>} Defintion 3. For an acsignmenti,r.x. a Feed Poverty

_ _ ~ Bargainingis to find some node,, and channetny, modify
Given Cy(n1,n2), we can define the one-to-one bargaining ;. \ to A’ v such that

regarding fairness as follows:

Definition 2: For an assignment,; ., an One-to-One . 1+ m=mgandn=ngo
Fairness Bargainindinds nodes:; andn., and their bargain- A = 0« m=mgandn € Nbr(no)
ing channel seCy(n1,n2), and modifiesdrxn to A%/ n Amn ¢ otherwise
related ton,, ny and channelg’,(n., ny), such that (intuitively, the assignment let some f’s neighbors give up
TPa(ny) - TPa(ng) > TPa(ny) - TPa(ny). channelmg and feed it tong) and
The One-to-One Fairness Bargaining increases the prodt@gp(no) = (TP (no))- H (TP (n))

of the bargaining users while other nodes’ throughput values

- - . " nENbr(nU)/\AmO,nzl
remain unaffected. Hence, the system fairness increases with

each bargaining. The improvement between each pair of nodes — (TPa(no)) - H (TPa(n))
(n1,n2) can be calculated a8(ny, ny) = —7;%;(2352/(%? - nENbr(10)AAmg n=1
1. This is used in the bargaining process Em Section 1ll) to > 0.

determine whether a bargaining can improve system utility. This means the product-throughput of the users involved in

Given (ny,n3), assigning channels to, andn, to max- the bargaining is locally increasing, while the other users’
imize their throughput product is a difficult task. This ighroughput are not affected. So generally the bargaining im-
because node throughput depends on all channels (includRigves system utility, except that, in case of starvation of other
non-bargainable ones) assigned to a node, and the availasiers, the system utility remairs>. A special case of Feed
bandwidth on a channel differs between nodes. The probldtaverty is whem,,, , = 0 for all n € Nbr(no). This means
is shown to belong to the class of convex programmir@Pne ofng’s neighbors are using channely, andng simply
problems [22]. When the number of bargainable channd€izes it.
(ICy(n1,m2)|) is small .. |Cy(n1,m2)| < 10), exhaustive ~ When there is no feasibl@ne-to-One Fairness Bargaining
search may be feasible. Otherwise we need to use approxim@-|Cys| = 0, the requestor initializes &eed Poverty Bar-
tions based on heuristics such as the one given in [22]: figaining on all neighbors who acknowledge the request. The
sort channels irCy(n1,n2) (by channel bandwidth), then userequestor sequentially selects multiple channels to maximize
a two-band partition to determine the allocation. group utility.

The effectiveness of One-to-One bargaining is constrained ) )
by the size ol (1, n2). In general, due to heavy interferencé™- BF-Optimal Assignment and Bound on User Throughput
constraints among neighboring nodes,(.) could be very  We propose to combinene-to-one Fairness Bargainirand
small. Figure 5 illustrates an example where the conflict grapleed Poverty Bargainingito aFairness Bargaining with Feed
is a chain topology consisting of three nodes A,B,C. Node Boverty (BF). Each node who wants to improve its spectrum
is not assigned with any channel and the system utility issage starts with negotiatirane-to-one Fairness Bargaining
zero. We refer to this as ussetarvation Node a and b cannot with its neighbors to improve system utility. If there is no
bargain due to the constraint from ice( Cy(a, b) = 0), while bargainable channels between it and any of its neighbors,
node b and c¢ also cannot bargain due to the constraint frenstarved node can broadcast a Feed-Poverty request to its
a (.e. Cy(b,c) = 0). Hence, theFairness Bargainings not neighbors to initializeFeed Poverty BargainingOverall, a
effective to eliminate usestarvation channel assignmemt is said to beBF-optimalif no further



Fairness Bargaining with Feed Povertan be performed on weighted and all the channels are available for each node,
it. ie. lym = 1, bypm = 1. Our simulations can be easily

It is useful to derive a theoretical lower bound on eactxtended to the cases with partial channel availability and
user's throughput for a BF-optimal assignment. However, it ison-uniform channel bandwidth. In terms of traffic demands,
difficult to analyze the system performance when the chanradl transmitting nodes are assumed backlogged. We focus on
availability and bandwidth vary across channels and users.rmaximizing fairness, because bargaining under utility based
the following, we show that when channels are of uniforran spectrum utilization can be reduced to the classical local
bandwidth (W.L.O.Gb,,, ,, = 1 for all m, n), we can derive the search of weighted independent set problem, and has been
theoretical lower bound on the total number of channels thavestigated extensively.
each user can get, which is equivalent to the user throughputUnder the simulation setting, fasne-to-one fairness bar-
This also shows an intuition of fairness enforcedRajrness gaining the optimal assignment of channels between two
Bargaining-with-Feed-Poverty nodes(ni,ny) can be derived easily to maximize the product

Theorem 1:Under a BF-optimal assignment, for each Of the number of channels assignedrtp and n,. For Feed

vertexn in the conflict graph®, 0 < n < N — 1 with degree Poverty Bargainingwe select channeﬁol, i.e.fee_ding channel
d(n) and channel availability list.(n), its spectrum usage 0 be the one that generates the minimum disturbance to the

TP(n) has a lower bound,e. neighbors,
. TPA (n)
[L(n)] mg = arg min H —— 7
TP > —_— = . 0 m ’
(n) - \‘d(ﬂ) +1 PL("’L) 0 ’nENbT(’rLo)/\AmO‘n:l TPA (n)

The proof is included in the appendix. The degree of a vertexTopology dynamics are modeled by having nodes randomly
d(n) is defined as the number of edges it is associated withpving to new locations. We divide time into slots, and in
measure of the number of channel sharers in the neighborheegh time slotp% of nodes move to a new randomly selected
it has to compete with. Theorem 1 shows that the proposg@ation. The model captures the way mobility is manifested
Fairness Bargaining with Feed Poverguarantees a povertyin ad hoc networks without delving into complex protocols.
line PL(n) to each vertex:. The poverty line of a vertex, A moving node takes the original channel assignment but
i.e. the throughput a vertex deserves, scales inversely with iflieables the channels that conflict with its new neighbors. In
number of sharers, which is also the spirit of some greedwch time slot, after the topology change, nodes adjust their
allocation algorithms [23], [18]. The poverty line also provideghannel usage.
a guideline in bargaining in real systems where a vertexWe use two metrics to evaluate the performance.
is entitled to request bargaining if its current throughput is 4 System utility: We consider fairness defined in (1). Note
below its poverty line. We refer to this as tReverty guided that if there exists a user with no channel assigned, the
bargaining utility becomes—oo. For better representation, we modify
Itis easy to show that if channel; are fully ava|_lable ateach . utility to U (A) = 3 /Hg;ol TPa(n) andU(A) = 0
vertex,i.e.|L(n)| = M, and the maximum degree in the graph if there is anyT Pa(n) = 0.

A = maxo<n<y d(n), @ BF-optimal assignment can eliminate ' o nication overhead: We quantify algorithm com-

user starvation if the number of channel > A + 1. This plexity as the communication overheag, total number

matches the well-known conclusion in graph coloring that, the ) .
chromatic number of a graph is at mast+ 1 [5]. It can be of messages exchanged among nodes, since transmission
grap : and handling of messages will likely dominate compu-

sho_wn that the de“"‘?d poverty bound IS also t'ght.’ for many tations for channel assignment. In both local bargaining
typical graph topologiese.g. cligue and ring topologies [4]. and graph coloring approaches, each iteration of spectrum

V. EXPERIMENTAL RESULTS assignment or bargaining involves a 4-way handshake be-
tween neighbors,e. (request, acknowledgement, action,

We conduct experimental simulations to quantify the per- acknowledgement).

formance of bargaining-based spectrum allocation. We alsowe first compare the performance of local bargaining to

validate the propased local bargaining algorithms against t{hee graph coloring approaches that approximate to the solution

theoretlcal_ Iower.bounds. For S|mu_lat|ons, We assume a noige-." - iioae system utility for a given conflict graph [23],
less, mobile radio network. We simulate an ad-hoc networ

; 8]. We also validate the impact on system performance when
by randomly placing a set of nodes ori@0 x 100 area. We nodes use the derived poverty line to guide its bargaining
assume that each active node broadcasts data packets to SPMion. We then examine the effectiveness of using local

of its neighbors. We further abstract the networ!< |_ntbcmf||ct bargaining to optimize spectrum assignment for fixed topolo-
Graphwhere each vertex represents a transmitting node. A s

two nodes interfere with each othere( connected in the

conflict graph) if they are within distance of 20. The actudl Comparison with Centralized Graph Coloring Approach
distance threshold depends on the choice of transmissioWe now compare the proposed local bargaining to the
power and radio hardware. We simply use 20 as an illustratigeaph-coloring approach. We refer to these two as BARGAIN-
example. For simplicity, we assume that channels are equdlNG and GREEDY, respectively. We randomly deploy 40 links
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Fig. 6. Performance comparison of GREEDY and BARGAINING  Fig. 7. Performance comparison of GREEDY and BARGAINING under
different user mobility.

with 30 channels in a given area and produce the correspoQdices will perform bargaining to adapt their spectrum usage
ing conflict graph. We use the graph coloring approach {g the new topology. Figure 7 illustrates the system utility and
derive an initial spectrum assignment for the given conflighqqrithm overhead for local bargaining and graph coloring for
graph. We S|mul_ate mobility events in the next 100 time SIOtﬁmreasing values op. The utility is geometrically averaged
one event per time slot where up to 6 nodes move t0 NeWer 100 time slots, and overhead is averaged over 100 time
locations. After each event, we apply both local bargainingys as pefore, local bargaining performs similarly to graph
and graph coloring approaches to derive the new spectru)oring approach in system utility. The overhead of graph
allocation. coloring is not sensitive to the value pfas it mainly depends
Figure 6(a) illustrates the sorted fairness utility using boign the size of the graph in number of vertices and channels.
approaches, and local bargaining performs nearly as goodm overhead complexity of local bargaining increases with
the graph coloring approach. The graph coloring approaghas more vertices need to perform local bargaining. We ob-
makes decisions with the knowledge of global topology, whilgerve that even unden0% mobility, local bargaining results
using local bargaining, each user makes decisions basedr@ungmy 1/2 the overhead in terms of messages exchanged
only neighbor information. Figure 6(b) compares the comméompared to the graph coloring approach. Therefore, local
nication overhead in each time slot. We observe that loggdrgaining appears to be an attractive alternative to graph

bargaining achieves similar performance while incurring mu@bloring for optimizing spectrum allocation on a given network
lower complexity in terms of messages exchanged. This sigpology.

nificant overhead reduction allows quick adaptation to network|n Figure 8, we fix the number of channels at 40 and
dynamics. In Figure 6(a), we also examine the performanggamine the impact of the number of vertices for= 20%
of local bargaining using onlgne-to-one fairness bargaining mobility. Increasing the density of vertices in a fixed area
without Feed Poverty BargainingThe results confirm that creates additional interference constraints and thus increases
Feed Poverty Bargainings required to effectively eliminate average vertex degree in the conflict graph. Therefore, system
userstarvation utility scales inversely with the number of vertices while the
Next, we extend the simulation to allop’% of vertices algorithm complexity increases. As before, results show that
move to new randomly selected locations. In general, Igsgefocal bargaining compares favorably with graph coloring in
implies more disturbance to the conflict graph and thus mogeality of allocation while incurring significantly less over-
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bound derived in Theorem 1. Figure 9 illustrates the histogram 150
of the ratio of the actual user throughput and the poverty bound
assuming 40 vertices and 100 time slots. Results show that the
theoretical bound is valid and fairly tight. As we described, ‘
nodes can use the poverty line to decide whether further local ° 1o
bargaining is necessary. A vertex with an assignment below the
poverty line should bargain with additional neighbors to ac- _ _ o
quire additional channels. In addition, if a vertex predicts thgat?wdér?{ spZS{:S:nnggiZncrgrennpta:‘gfosrt]a(t)ifc gerﬁ\ﬁroﬁggg?g’ local bargaining and
a bargaining request from a neighbor will drop its assignment

below the poverty line, it can reject the request. In Figure 8, we

also compare the performance Bbverty guided bargaining complexity using graph coloring (GREEDY), local bargaining
to the graph coloring and bargaining approaches. We shg@ARGAINING) and random assignment (RANDOM). User
that Poverty guided bargainingerforms close to that of the starvation is common when using random assignment, result-
bargaining but with 10% less overhead, again demonstratig in many zero values for system utility. Local bargaining
the tightness of the poverty line bound. can effectively eliminate user starvation and performs only
slightly worse compared to graph coloring approach. Fig-

C. Use local bargaining to optimize for a given topology ure 10(b) shows that local bargaining can significantly reduce
As stated before, it is possible to use local bargaining &&mmunication overhead.

approximate the graph coloring approach and derive the spec-

trum allocation for a given topology. Local bargaining starts V|- THEORETICAL DISTANCE TO SOCIAL OPTIMAL

from a random allocation and gradually improve the systemIn this section, we analyze the performance of the proposed
utility. Figure 10 compares the system utility and algorithrbargaining strategy, by comparing it to that of the socially

100 q

20 30 4‘0 50
topology Index

(b) Algorithm Complexity



optimal assignment. A socially optimal assignment is one Multi-channel assignment strategies were developed mostly
maximizes global system utility. We are interested in the ratfor cellular networks. The work in [13] provides solutions to
of the utility of social optimum to that of our bargainingassign frequency bands among base stations to minimize call
optimum, often referred to as thw@ice of anarchy (POARs blocking probability for voice traffic. There is no notion of
defined in [14]. The analysis requires a number of case stuidyrness as the traffic determines the number of channels each
and illustrations. We only give a sketch here, and the detallase station should use. In [9], the authors proposed a graph-
will be included in a future paper [4]. theoretic model and discussed the price of anarchy under
It can be shown that the POA is unbounded in generakrious topology conditions such as different channel numbers
when there is no restriction on channel bandwidth or numband bargaining strategies. The main difference between [9] and
of channels [4]. In the following we assume that channels atlee proposed work is that the proposed model allows multi-
of uniform bandwidth (W.L.O.Gb,, , =1 for all m,n), and coloring of a vertex, while in [9] each vertex can only be
the number of nodes are bounded. In this case the POA @a@signed with at most one color.
be bounded, based on the lower bound derived in Section Ill.In [23], [18], the authors presented a generalized spectrum
Theorem 2:For a topology with uniform channel availabil-allocation problem where interference constraihis channel
ity and channel bandwidth.e. b, , = 1, l,,,,» = 1, and dependent. The authors developed a set of greedy coloring
M > Al the price of anarchy for a BF-optimal channehpproach to optimize spectrum allocation for a given conflict

assignment is at most graph. We use the proposed approaches in [23], [18] as the
N 4 = p = reference algorithmi,e. GREEDYin this paper.
M- H{u,v) (dui’d) ’ (deU) Cooperative/non-cooperative bargaining is also used in pre-

@) vious research to optimize channel allocation for cellular
networks. In [10] and [11], the authors proposed a set of
bargaining strategies for OFDMA based network, focusing on

VII. RELATED WORK one-to-one bargaining. In these cases, nodes are mutually inter-

Optimal conflict-free channel assignment satisfying a glob&red.i-e. the corresponding conflict graph is fully-connected.
optimal objective is often NP-hard, even when global topolodyP'Ming bargaining group is to find any two users network
information is available [6]. Centralized approximations aré"d et them exchange certain channels to improve system
widely used in single hop wireless networks such as cellulBerformance. The main difference between these work and
networks. This can be easily extended to multi-hop wirelel3¢ Proposed work is that the proposed work provides solu-
networks by flooding connectivity and traffic requirementdons for general conflict graphs where group setup needs to
across the network, and requiring all users to run a varigtnSider local topologyi.. isolated group and self-contained
of the centralized algorithm. However, this approach clearfflannel adjustment). We propose a feed-poverty bargaining to
does not scale as networks become larger and more dynarfiltninate user starvation which can not addressed by one-to-

An alternative decentralized allocation, where users #¥€ bargaining. In addition, the proposed work derives a lower
based on locally available information is much more attractivBound for each node’s channel assignment that does not limit
Both analytical framework and practical strategies have belhfully-connected topology.
proposed. Analytical frameworks in [17], [12] address fairness
for single-hop flows, and derive an estimate of the rate at VIIl. CONCLUSION AND FUTURE WORK
each flow to achieve Max-Min fairness. However, there is no . . _
guarantee that a feasible scheme exists to achieve the rate. In this paper, we present_ an _adaptlv_e and distributed ap-

Practical strategies have been proposed for sharing a sir?ga(:h to spectrum allocation in mobile ad-hoc networks.

N-1
Hn:O \‘di\ilJ
The proof is in the appendix.

channel. Contention based schemes invoke a random accassPOPOS€ & local bargaining a‘?pm?c“ where.u_sers affected
protocol like ALOHA and CSMA, where users contend in time” the mob|I|ty event self-org_anlze Into bargam_lng groups
to share a common channel [15], [12], [17]. While this scherr?é‘d. adlapt t.helr spec_lt_rhumbas&gqment to a;ppromhmate a new
provides fairness and utilization on a single channel systecmt'_ma asygnmgnt(.j bef argﬁlnmg bs;[grts rom t edspectr_um
probabilistically, its application to a multi-channel systenzil_ss'_g_nment retaine clore the mobility ev_ent,_ and requires
requires each user to know how many and which channel(s)sfgn'f'cantly less .computatlon gr_nd communlcatlon overhead.
access. Another approach, conflict free time slot scheduli © prop;)s_e aFa|_rness Bargamm_g with F?;\a/d Plove(rjtp
provides guaranteed channel usage by reserving time sh rovg aw(;\ess ":1 spectrum aSS|grjment. (;aso re]rlveda
for each flow. Solutions in [20], [2], [19] assign exactly Onéower ound on t .e.spectrum assignment that each node
time slot to each flow. This approach can be used in mulffan get from bargalnl_ng, referred to as theverty "_”‘_" It
channel systems if each user uses only one channel. Anot??éPCtS the level of faimess enforced by the bargaining, and

solution [21] allows users to use multiple slots/channels ﬁ?rvfs ar? a %wderl]me to orggntljze bgr_gammg. Ex;r)]enmfental
achieve Max-Min-fair, but does not consider interference frohfSY ts show that the proposed bargaining approach pertorms
neighbor transmissions similarly as the topology-optimized approach but with much

less complexity. We also verify the correctness of plogerty
lotherwise there may exist starvation and the ratio may be meaningles¢ine and the effectiveness of ttpoverty guided bargaining



While we only proposed a specific bargaining strategy {@0] RAMANATHAN, S.,AND LLOYD, E. Scheduling algorithms for multi-
maximize fairness based system utility, the proposed bargain- Cglp {a%'g ”1%“(2’0{';57- INEEE/ACM Trans. on NetworkinfApril 1993),
Ing fra_m(_ewo.rk can be eXte.nded towards cher u_t'“Fy funCt'orf§l] SALONIDIS, T., AND TASSIULAS, L. Distributed on-line schedule
or optimization goal. We intend to examine this in a future  adapation for balanced slot allocation in wireless ad hoc networks. In
study. One of the biggest attractions of local bargaining is the ~Proc. of IWQoS2004). _ _ _
| lexity. We have conducted simulations to eValua{(_:g] Yu, W., AND CIoFFI, J. FDMA capacity of gaussian multi-access
ow complexity. vwe h Al channels with ISIIEEE Trans. Commun. 50 (Jan 2002), 102-111.
algorithm complexity in terms of the number of bargaininge3] zHene, H., AND PENG, C. Collaboration and fairness in opportunistic
iterations, which is quite intuitive. We are Current|y Working spectrum access. [Rroc. 40th annual IEEE International Conference

. . . . on CommunicationgJune 2005).
on a theoretical analysis on the complexity of local bargaining.
In addition, the proposed bargaining framework assumes that APPENDIX
network nodes collaborate to improve system utility while i
br y Y A. Proof of Theorem 1
real systems, nodes can be selfish so that a pricing based

bargaining or a rule based bargaining would be more practical The proof for Theorem 1 is complex. We start by proving the
. L . ollowing corollary, which is a special case of the Theorem. We then
We are currently investigating this issue.

provide a sketch of generalization to Theorem 1.
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b) We now assume thatn, 0 <n < Q — 1, TP(n) > |r]. Since
TP(n) is an integerT'P(n) > r. Accordingly,

At L Y Y TP(i) — 1
c _ TP(3)
c=0 0<c<P—1 0<i<Q-1,B, ;=1
B Y Y TP(i) —
0<i<Q—-10<c<P-1,B; ;=1 TP(Z)
Y o orpPE -1 TPO
0<ico-1 TP(z')
Y _ r
(Lemma2) > r-1
0<i<@Q-1 r
Q P
r—1 r—1
= - @
T T
From the above, we show thgf:}f L. > (=1)F. Because
L.>0forall 0 <c¢< P -1, there mustexisd <c< P —1, s.t.
Le>™1 |

The foIIowmg lemma is also required to prove the corollary. Its

proof is straightforward and omitted due to space limit.

Lemma 2:Let f(z) = (1 — £). Then f(x) is monotonically
increasing in[1, +oco).
Proof of Corollary 1
Proof: Definer = | AL, and we haveV] = (d+1)-r+ro, 7,70 €
Z0<ro<d Ilfr= 0 the corollary is tnwal.jn the following we

assumer > 0. WJe willkshow thatpn, TP(n) < 25 .
If 3n, TP(n) < 25 , then
M
< = —1=r-1.
TP(n) < i1 r (8)
We assume that userhasd neighbors indexed0, 1,--- ,d—1}.

We will used to index usem. We assume that the channels assigne
to usern, fa(n)are indexed by M —1, M —2,--- ,M —TP(n)}.
The assignment matrix can be illustrated by,

Index 0 d-1 d

0 0
M—TP(n) -1 - .0
M — TP(n) 0 o 1
M-1 0 0o 1

Now A:rpr—7pPn)—1),(0:a—1) Satisfies the conditions in Lemma

1, with P = M — TP(n) and@ = d. By Lemma 1, there exists
0<c<M-TP(n)—-1,st

Y (PM g“P(n) . -1

r'—1
Le= = > )
0<i<d—1,A, ;=1 ( OTP( )= 1Ami) T
Here
oo M —TP(n) —(r—=1)
- d - d
— ((d+1)'7‘+7"0)—(7’—1)>r. (10)
d
SinceA,,; =0for N\G-TP(n) <m < M F;and0<z <d-1,it
is easy to show that M-TPMW=1 4 =" MZ2 4 = TP(),

foro<i<d-1.

Based on (9), we can derive the following,
Y

TP —1 _r—1_r—1
_ TP(3) = r! > ro (1)
0<i<d—1,4,,;=1
Now there are two cases:
e TP(n) =0. Then
(TP(n)+1)- (TP(i)—1)
PENbr(n)ANA. ;=1
omy)
— (TP(n))- (TP(). 12)
1ENbr(n)AA; ;=1
e TP(n) > 0. Then
(TPI) + 1) 2w ag,s (TP ~ 1)
(TP(n)) - BENI)T(TL)/\ACJ:I(TP(Z‘)) 1
_TP)+1 g Y TP@)—1,
TP yereurn s TP
TP(n)+1 r—1
(by(11)) > TPy v
() > DL Tl a3)

(12) and (13) show that we can apptged Povertyon assignment
A, by feeding channek to node n. This contradicts with the
assumption that assignmentis BF-optimal. [ |

A.2 Generalize to Theorem. 1

We can prove Theorem 1 using a similar argument as Corollary 1.
Suppose there is a node who violates the inequality, then there
must exist a channet € L(n), s.t. whenc is feeded ton and
removed from its neighbors, the system utility increases. This is done
gy considering the sub assignment matfix ) o.ny—1) instead of
(0:M—1)x(0:N—1) in the proof [4].

B. Proof of Theorem 2

The proof can be reduced to deriving a upper bound of social
optimum.

Proof: Based on the observation that for each péir,v) of
neighboring nodes]'P(u) + TP(v) < M. We have

TP(u)@ - TP(v)is

dv
du + dv

L
d u

< -M

Thus,

IA

(14)

duy + dy
(u,v) +

Therefore, based on Theorem 1 and (14) , the price of anarchy is
at most

MY Q d, Cdy T
(u,v) du+di; K dy+dy (15)
Onv_1® m
n=0 dn+1
]



