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Abstract— Scheduling algorithms assign contention probability the queue-length) when the system is stable, i.e., wheheall t
for each link in Wireless Ad Hoc Networks and plays a key queues are only guaranteed to be just finite?
role in deciding the system performance. Recently, many low
cost distributed scheduling algorithms are proposed. In tls
paper, we propose to improve the performance of a class of
distributed collision-based scheduling algorithms, called constant-
time distributed scheduling algorithms, by exploring the alvan-
tage brought by the unevenness of links’ contention probabilities.
Specifically, we prove that there exists ordering relationkip for
the success probability of any neighborhood when the conteion

probability vectors are ordered in the sense ofmajorization. We t :t1 t=t
show how to modify the existing algorithms so as to find a new Bottleneck neighborhood 2
contention probability vector that majorizes the original onein a ¢ {2*1' 3*4'19 {6'5'7'§

distributed manner. Our simulation results indicate that by using

our modified algorithms, the average qqeue-lengths of a St&’ Fig. 1. Time-varying bottleneck neighborhood in multigt@dorhood net-

system can be reduced b5% to 50%, while keeping the capacity \york: Assign a weight to each link. Bottleneck neighborhaath be defined

region the same. Our modification to the existing algorithmsis  as the neighborhood with the maximum weight sum. Due to taagh in the

extremely simple and entails essentially zero additionalast. incoming traffic and user movement, the link weight may cleanger time.
Thus, the bottleneck neighborhood also change over time.

I. INTRODUCTION In order to address the question above, we first consider the

Scheduling plays an important role in determining theotion of time-varyingbottleneck neighborhoodefine link
WANET performance. Collision-free scheduling algorithmd’s neighborhood as a set of all links interfering (depending
such as those based on TDMA or maximal matching [12], [109n the interference model chosen) withplus itself. For
[3], [2], [11], [7], [1], [13], generally offer higher throghput €xample, in Figure 1, link 1's neighborhood {g,2}. In
(or larger capacity region), but also require either cdized @ single-neighborhoodystem where all links interfere with
implementation or high computational complexity [5], trare  €ach other, there is only one neighborhodd;2,---, N}.
not scalable. On the other hand, collision-based algostara Figure 1 shows anulti-neighborhoodsystem where a subset
more suitable for distributed implementation with low comof links (belonging to different neighborhoods) can traitsah
plexity. In particular, [4], [6], [8] have proposed constdime the same time. If link has weightw;(n) at then!” time slot
distributed scheduling algorithrhswith provable guaranteed (as function ofg;(n), Ci, etc.), therBottleneck neighborhood
performance. is defined as the neighborhood with the maximum weight sum.

Capacity region and queue-length are two critical metacs t In this paper, we show that by slightly modifying existing
measure the performance of scheduling algorithms. Supp&8&stant-time distributed scheduling algorithms [4],, [],

there areN links in the system with capacity; of link We can make the contention probability veétaf the bot-
I (I =1,2,...,N). Let \; be data generation rate at linktleneck neighborhood in multi-neighborhood networksre

I and ¢;(n) denote the queue-length of link at the n*" uneveR in the sense ofmajorization [9], in a distributed

time slot. The set of\;} leading to finite{q;} forms the Way. Specifically, we prove that the probability of successful
capacity region[8]. Existing results [4], [6], [8] focus on channel assignment (no collision) for any given neighbor-
the capacity region of the constant-time distributed salieg hood (e.g., bottleneck neighborhood) is increased when the
algorithm, i.e., how much input traffic can the system absofi@ntention probability vector is replaced by a ‘more unéven
while maintaining all queue-lengths to be finite? While thigne that majorizes the original contention probability teec
provides the stability region of the system (all queues iam&ur modified algorithm is fully distributed and autonomous
finite), the following question remains unanswerkdw about in the sense that performing our algorithms at each link —
the system performance inside the capacity regitm other Without knowing whether it currently belongs to the chang-
words, although existing scheduling algorithms ensurgilitia  ing bottleneck neighborhood — automatically leads to highe
and focus on enlarging the stability region (capacity rapio

can we further improve the system performance (or decreaséThe contention probability vector comprises of the corienprobability
of all links in the neighborhood under consideration.

3For example{0.1,0.9} is more uneven thafi0.5,0.5}. See Section II-B
1Time to schedule channel(s) does not grow with the netwar. si for details.




success probability of the unknown bottleneck neighbodhoor(,) denote the components af in decreasing order (e.g.,
which helps reduce queue-lengths at the bottleneck wittén try;; = max{z1,...,2,} andzp,) = min{z,...,z,}).
stability region. We also provide simulation results shuyvi  pefinition 1: [9] For 7, 7 € R", we say thatr is majorized
that the performance of bottleneck neighborhood, as well B% i (or 7 majorizest) and write# < 7, if

that of multi-neighborhood system, is significantly impedv

in the sense that the average queue-length decreasgs’by k k
to 50% while the capacity region remains the same, with Zx[il < Zym, k=1...,n—1,
essentiallyno additional cost introduced by our modification =1 =1
to those in [4], [6], [8]. and Z?:l Ty = Z?:l Y- O
For example, ifz = {0.2,0.2,0.2} andy = {0.1,0.3,0.2},
Il. PRELIMINARIES we haveZ < ¢, i.e., J is ‘more uneven’ thart.

A. Distributed Contention-based Scheduling Algorithms Definition 2: [9] A real-valued functions defined onR™
is said to be Schur-convex oR™ if for all Z, ¢ € R™ with

Phase 1: | Phase2: Phase 3: T < ¢ we haved(T) < ¢(7). O
Calculation Contention Transmission . . .
get I —{r r } ; ‘ - ‘ o ‘M’ Remark 1: The Schur convex function is order-preserving,
vl Ty i.e, the order relationship betweahand i does not change

by taking the function.
Fig. 2. Three phases of contention-based scheduling #iguri(i) calculate

contention probability-;; (ii) random backoff: users contend for the channel;
(iif) transmission (if no collision in phase 2). I1l. EFFECT OFMAJORIZATION RELATIONSHIP ON

. L . ) CHANNEL ASSIGNMENT
Constant-time distributed scheduling algorithms [4], [8]

have three phases in one frame, as shown in Figure 2. Irin this section, we mathematically prove that for any single
the first phase, contention probabilityis calculated for user N€ighborhood (e.g., bottleneck neighborhood), the pritibab
(link) I based on its queue size, weight, etc. The second ph&§esuccessful channel assignment can be improved through
includes M > 1 time slots. Userl chooses to contend onUSing more uneven contention probability vector in the eens
some time slot(s) with certain probability (as a function o?f majorization.
its own contention probability;) if no one has already taken Consider a single neighborhood witN' users interfering
the channel. If only a single user contend for channel at tMdth each other. Given the contention probability vectpwe
ith time slot ¢ = 1,2,---, M), then this user successfullydefine byR;(7) the probability that exactly one user contends
gets the channel and can immediately begin Phase 3 — d@fathe channel at thé” time slot (success probability). Then,
transmission. There is no data transmission in this frame if from the notations in Section II-A, we have
user contend during alM/ time slots or collision happens at N
any time slot. A . _

Specifically, algorithms in [4], [8] works as follows. In R (7) ; Silrs) ,g(l Hir))
Phase 1, contention probability (I = 1,2,---, N) for each
userl is decided; in Phase 2, uskchooses a random numbewhere[ ], (1 — fi(rx)) is the probability that no user except
j € {1,2,---, M} with probability f;(r,) and contends for j chooses to contend on the first time slot. Similarly, for any
the channel at the/’” time slot. On the other hand, thetime sloti € {1,2,---, M}, note thatd", _, f.(rx) is the
algorithm in [6] is slightly different from [4], [8], only in probability that usek chooses to contend for the channel in
Phase 2. In this case, a ugerontends for the channel at theone of time slotsl, 2, ..., i. Thus, we have
first time slot with probabilityy; (r;) and skips with probability N

1 — g1(m). If the first time slot is skipped, it then contends o o B :
for the channel at the second time slot with probabiityr;), Ri(r) = Z fi(r;) H 1 2::1 ) || - @)

and so on. =t K7
We note that the algorithm in [6] can be made equivaleRinally, the success probability for channel assignmewner(o
to those in [4], [8] by setting any of theM time slots) is
i—1 M
fitr) = i) [J( = g5(r)), (i =1,2,---, M) (1) R(7) = > Ri(#). (3)
J=1 i=1

for each user. Hence, from now on, our analysis will be e are now ready to present our main result here.

based on the first system model (algorithms in [6] g )). Theorem 1:Given a contention probability vector =

{r1,r2,- -+, 7N}, suppose that usgrcontends for the channel
B. Majorization Theory attheit" (i € {1,2,---, M}) time slot with probabilityf;(r;)
Majorization captures the notion of ‘unevenness’ of vestorof the form:
For anyZ = {z1,72,...,7,} € R", letxy) > 29 > ... > fix) = e i1 _ gmaie (4)

)



where{a; } is anyarbitrary nondecreasing sequence with= From Proposition B.2. in [9], the class of convex function
0,ie,0=0ap <a3 <--- <ay_1. Then, if there exists a ¢(x) = z7 with v > 1) satisfies (7). In addition, as

vector 3 such that” < 3, we have increases, the vector becomes more uneven, i.e., becomes
R(7) < R(3), ®) ‘larger’ in majorization relationship.
where the functionR(-) is_ defined in (3). O |l C';?:j:t:c;nHF szigst%nﬁ%ﬁ;’::ﬁsg;on
Proof: See Appendix. [ | gt St 8= T |1 ‘ 2 ‘ L ‘M’

Remark 2:Note thatzl.]‘i1 fi(+), i.e., the probability for a
user to (_;Ontend_on some time slot, is always mcrea_s_lng (ncﬂfb' 3. Our modified algorithm: We only change Phase 1 in thgiral
decreasing), while eacfi(-) needs not be so. In addition, byalgorithm (as shown in Figure 2) by calculating new contamtprobability
assigninge; = i/M, we get the same algorithm as in [4].  vectors that majorizes the original one.

As mentioned in Remark 2, Theorem 1 covers a larger kg re 3 jllustrates oumodified algorithm in which we

class of algorithms including the one in [4]. For this clags Qhange (6), the contention probability vector calculated |

algorithms, Theorem 1 shows that the success probability ®f ce 1 and keep Phase 2 the same. From the discussion
channel assignment for any single neighborhood, whichcCoulyp; atter (7), we set theew contention probability for link
be bottleneck neighborhood in multi-neighborhood network; -+ timen as:

is increased by using a new contention probability vegtivat ((n)/C)P
majorizes the original ong. In the next section, we focus on N (n) = - & L a7 (8)
how to find the vectof in practice in a distributed way. maxier, (Y ez, (ak(n)/Cr)?]
where 5 > 1 is some constant whose selection will be
IV. MODIFIED CONSTANT-TIME DISTRIBUTED discussed later in Section IV-B.
SCHEDULING ALGORITHMS Since Z; doesn't depend on for a single neighborhood,
In this section, we explain how to modify existing constanit follows that 7(n) < #¢“(n), i.e., the new contention
time distributed scheduling algorithms [4], [6], [8] for e Pprobability vector{r¥**'(n),l = 1,...,N} is more uneven
formance improvement. Specifically, we show how to find #han the original ong{r;(n),l = 1,...,N}. Note that the
‘more uneven’ vectors (that majorizes?) for the unknown only additional cost of calculating the new vector is taking
and possibly time-varying bottleneck neighborhood in multpower function(:)? at each link, which is essentially zero.
neighborhood networks in distributed wayat any time slot ~ The algorithms in [8], [6] rely on similar steps as in (6)
to calculater;(n) in Phase 1, except that different constant
A. How to make the contention probability vector of any singis used. Hence, our modification to those in [8], [6] are again
neighborhood more uneven? given by the transformation from (6) to (8), with constant
We consider the algorithm in [4]. Lef(n) and C; denote 1 for [8] and o " (VM e 1)/2 for [6]. Altlt]ough.algorlthms
the queue size and capacity of lifk respectively. LetZ; in [8], [6] are s_hg_htly dn‘ferer_ft fro”.” that n [‘.1] in Phase 2,
be link 7’'s neighborhood, i.e., a set including linkand all We can take similar steps via majonz_atlon in Phase 1..50 as
links that cannot transmit with link at the same time. At [ Improve _the sy_stem performance_ with almost no add|t!onal
the beginning ofn* time slot (channel contention), link cost. Our simulation results in Section V also support this.

computes: B. Is the contention probability vector of bottleneck néigh
_ q(n)/C hood more uneven in the modified algorithms?
ri(n) =a- ; (6) _ ) _ _ _ _
maXiez, [ ez, (ar(n)/Cr)] As briefly mentioned in the introduction, we define the

wherea = log(M) is constant. Then, each link chooses Rottleneck neighborhoodVy(n) at time slotn in multi-
time slot for contention fromi € {1,2,---,M + 1} (M + 1 neighborhood networks as

implies no contention) with probability; given by No(n) 2 {T), : k = argmax Z a(n)/CrY, 9)

i— i &£
fi:e_k_’fl” —e M (1=1,2,...,M), and fa; 11 = e " € len
where& denotes the set of all links in the network. Similarly,

In single-neighborhood case, all links interfere with eattter, we define by

i.e., link!’s neighborhood ig; = {1,2,---, N}, regardless of
l. Thus, the denominator on the RHS of (6) does not change N (n) £ {Z; : k= argmax Z(ql(n)/cl)z},

with 1. keE ez,
How to find a 'more uneven’ vector that majorizé3:) = the z—bottleneck neighborhood when each link weighis
{ri(n),...,rn(n)}? One straightforward and fair way wouldtransformed intar*. Further,

be to apply the same (universal) function to the contention
probability of each individual userr;(n). In particular, we
want to find some functio such that
. . 4In Phase 2, algorithm in [8] uses different functigig algorithm in [6]
{oy, 22, an}  {6(01), 0(a2), -+ Plaw)} (7) use different system model with, (r,(n)) = ri(n)/M for all i (i =
ZZJ.VZI T; Zfil o(x;) 1,2,---, M), as explained in Section II-A.

z0(n) £ Ingx{z | NJ(n) = No(n),¥0 € [1,2]}.  (10)




Note thatN{ (n) denotes the neighborhood comprised of thean transmit at most 10 packets. We generate traffic as fellow
maximum number of links at the*” contention time slot, and At the beginning of each frame, an input of 1 pkt arrives to
NG§® (n) represents the neighborhood of the link with maximadach link randomly with probabilith. We gradually increase
q(n)/¢. For0 < z < oo, largerz gives more weight to links the input rate (traffic load) by a small step, e.g., 0.01, until
with largerg;(n)/c; when decidingVg (n). the average queue-length goes to infinite.at A, + 0.01,

Since N (n) = No(n) (i.e., 2 = 1), we trivially have i.e., A4, denotes the system’s capacity region. Métbe the
zo(n) > 1 from (10). Now, consider a constafite [1, zo(n)]. number of contention slots. We simulate usihg= 1, 10.
Then, for any linkl € N (n), from (8),

e (n) = a- (qz(N)/C‘z)ﬁ/r;gggX > (an)/c)’.

LETy,
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Let {m(n)}Nf and{rlNew(n)}Ng denote the contention prob-

ability vector for z—bottleneck neighborhood\/(?(n)) given
by the original algorithm in (6) and the modified one in (8
respectively. Since € [1, z0(n)], we haveN (n) = Ny(n).
This immediately leads tdr(n)} s < {r{vew(n)}Nf, i.e.,
the new vecto{rV**(n)} , s is more unevethan the original (b)

0]
one . Hence, by Theorem 1, the success probabilit
{Tl (n) }Nf . y . p ig. 4. Average queue-length in a single-neighborhoodesygor algorithm
of channel assignment for the bottleneck neighborhoodeat 747 along with our modified version (a), and for algorithm [6] with our

nt" contention time slot can be increased by using (8) in steaddified one in (b). We se8 = 6 in (8) for our modified algorithms. For
of (6) M = 10, the capacity regionXpqz) for algorithms in [4], [6] as well as

. . . . our modified versions are 0.73 and 0.61, respectively. Waile modified
Lastly, as illustrated in Figure 1, the bottleneck neighbogigorithms lead to the same capacity (stability) regior #verage queue-

hoodA\(n) defined in (9) is time-varying and soig(n) (see lengths for our modified algorithms are always smaller ancobee half of
(10)_ While we onIy know tha’rzo(n) > 1 for any n and is those in [4], [6] when\ approaches toq. (heavy-traffic case).
generally unavailable to any given single link, we can bgpas ) ) _ _

this problem in real implementation by suitably choosingim ~ Figure 4 shows simulation results for algorithms in [4],,[6]

3 (e.g., < 10) to ensure that it is less than(n) for most @S well as our modified algorithms proposed in Section IV.
of the time slotn. Note that our modification doesn’t change the capacity regio

Amaz (i.€., the average queue-length becomes infinite\for
Amaz fOr both cases), but reduces the average queue-length
insidethe capacity region. For heavy-traffic case, i.e., when
In this section, we provide simulation results for botlapproaches ta,,.., the average queue-length of our modified
single-neighborhood and multi-neighborhood cases. Alfifio algorithms isless than halfof those produced by the original
Sections Il and IV have already shown that the success probégorithms.
bility for channel assignment in an unknown and time-vagyin
bottleneck neighborhood can be improved in a distribut
way, our focus here is how this increased success prohabili
can be translated into reduction in queue-length, when com-
pared to the original (unmodified) constant-time distidolit  (1)=->(2)—>()="

=
o

Average queue size (pkts)
o

Average queue size (pkts)

o

0.8

o

0.2 0.4 0.6
A

V. SIMULATION

. Multi-Neighborhood Case

o

10 5 7 ~ | [F@-origi
scheduling algorithms. For the case of multi-neighborfsood ;! 8 T 7! 6 T g ‘f;i é):”zma' e .
the performance of bottleneck neighborhood is critical to | = s Y= | &% <=0
; O 20 —>(8) & ||=p=20
that of the system. However, the performance improvement— 10 [ 5 ~¢ 7 = o
of bottleneck neighborhood does not automatically guaent l 8 T ! 314_6 3
improved system performance overall, since any improvemen (9) 7,105~ (15" g3
of a bottleneck neighborhood can possibly be at the cost of! 8 7 6!l QL g
performance degradation of its adjacent neighborhoodchwhi —»—»@—» (16) , , 06 062
. . . 10 5 7 A
will then become a new bottleneck neighborhood in the next
run. Thus, while we can always improve the performance of (@) (b)

any arbitrary bottleneck neighborhood, it is still intdieg to Fig. 5. (a) Simulation setting (same as that in [8]): dottiee land solid

see how our modified algorithm performs in complex multiine with arrowhead represent the link and flow (with diren}i respectively.
. The number on the below/left of dotted line denotes the liapacity. (b)
ne'ghborhOOd networks. Average queue-length in a multi-neighborhood system: I8mtd Fig. 4, the
average queue-length decreases, while the capacity regioains the same.
In heavy-traffic case, the reduction in the average queugtfies around@5%.

A. Single Neighborhood Case

In our single-neighborhood simulation, 10 links interfere For the multi-neighborhood simulation, we use the algo-
with each other. Each link has the same capacity of 10 pkithm in [4] and our corresponding modified version. For a
per frame time, i.e., once a link successfully gets the chkitn fair comparison, we use the same simulation setting asihat i



[8], which is the preliminary version of [4].Figure 5 shows We can obtaink; ;) by exchanging indexes 1 and 2 in (12).
that for multi-neighborhood networks, we have similar tesu From (4),

as in the single-neighborhood case in Figure 4. The average i i

gueue-length again becomes smaller (and ar@#¥€ or less ") (1 — ' (ro)) — " (r1)) fi(r

in heavy-traffic case), while the capacity region remaires th fira) ,;f (r2)) (,;fn( 1))f( ?

same. We have also tested different valuesiof (8) to see ei(ritr) A A

its effect. In this case, we observe much of the reduction in =¢ """~ [2041' — Qe T — et 2], (13)
the average queue-length by choosifig= 2, while further
increasings to 10 or 20 only gives marginal reduction fo
any traffic load inside the capacity region.

VI. CONCLUSION (;ﬂl(rl)) (1- Z falr2)) = que™Mem 2 (14)

n=1

rWhereAi_l =Q; — OGi—1. Also,

In this paper, we have shown how to tune up the perfoggm (13) and (14) and by interchanging the indexes 1 and 2

mance — in terms of the success probability of a given neigh ihese two equations to obtaidy,, we have from (12),
borhood and the average queue-length — of a class of caolisio

based, constant-time distributed scheduling algorithmside Ry — Ri2) = e~ *" T2 Ay (217171 — eBim1m2) Ny,
their stability regions, with zero additional cost. We exgl
the benefit of being ‘more uneven’ for the link contentio
probability vector and quantify the ordering via the tool of (r; — r2)(Ri1) — Ri(2))

majorization. We expect that our main idea in this paper that_ eI AL () ) (€21 — D12 Ny > 0
leverages the notion ahajorizationof contention probability " e

nSincem- is non-decreasing)\;_; > 0. Thus, if follows that

vectors can also be applied to other distributed colliddased  Hence, for anyi € {1,..., M}, R;(-) is Schur convex, and
algorithms in wireless ad-hoc networks. so is their sumR(-). This completes the proof.
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