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Abstract—We consider the network control problem for wire-
less networks with flow level dynamics under the generat-hop in-
terference model. In particular, we investigate the control problem
in low load and high load regimes. In the low load regime, we show
that the network can be stabilized by a regulated maximal schedul-
ing policy considering flow level dynamics if the offered load sat-
isfies a constraining bound condition. Because maximal matching

is a general scheduling rule whose implementation is not specified,

we propose a constant-time and distributed scheduling algorithm
for a general k-hop interference model which can approximate the
maximal scheduling policy within an arbitrarily small error. Un-
der the stability condition, we show how to calculate transmission
rates for different user classes such that the long-term (time aver-
age) network utility is maximized. Our results imply that conges-
tion control is unnecessary when the offered load is low and op-
timal user rates can be determined to maximize users’ long-term
satisfaction. In the high load regime where the network can be
unstable under the regulated maximal scheduling policy, we pro-
pose the cross-layer congestion control and scheduling algorithm
which can stabilize the network under arbitrary network load.
Through numerical analysis for some typical networks, we show
that the proposed scheduling algorithm has much lower overhead
than other existing queue-length-based constant-time scheduling
schemes in the literature, and it achieves performance much bet-
ter than the guaranteed bound. In addition, using congestion con-
trol in the low load condition results in much lower average utility
compared to that due to the optimal transmission rate derived in
the paper.

|. INTRODUCTION

a seminal paper [2], Tassiulas and Ephremides proposed an op-
timal back-pressure policy which achieves the maximum net-
work throughput. This scheduling policy is, however, cen-
tralized and computationally expensive. In [3], a randomized
linear-complexity scheduling algorithm was proposed where a
transmission schedule in time slovas constructed by choos-
ing the one with larger total weight between the schedule in
time slott — 1 and a newly-generated schedule in time glot
This idea was used to develop distributed throughput-optimal
scheduling policies in [4]-[6] for one-hop and two-hop interfer-
ence models. Note that these scheduling algorithms achieve full
utilization of wireless networks with respect to what remains in
the data transmission phase only. Specifically, a large amount of
bandwidth has been wasted to exchange control information in
the schedule construction phase which would otherwise be used
for data transmission. Recently, constant-time queue length-
based scheduling policies were proposed for one and two hop
interference models [9]-[11]. These scheduling algorithms only
achieve a guaranteed faction of the capacity region but they
have constant amount of overhead. A more general maximal
scheduling policy was considered in [11], [12] where several
throughput performance bounds were investigated.

In practice, it is desired that each node only communicates
with its immediate neighbors (e.g., those whose transmissions
interfere with that of the underlying node) to construct a trans-
mission schedule in each time slot. Also, scheduling algorithms
should be able to work for a general class of interference mod-

Resource allocation in communication networks has beenels (e.g.k-hop interference model [1]). Another aspect which

active research topic for the last several years. While optimghs ignored by most existing works in the literature is that no
rate control in wired networks can be achieved by a distributednflict-free schedule is available to exchange control infor-
algorithm, solving this problem in wireless networks is muchation at the beginning of each time slot. Therefore, control
more challenging. In fact, one of the most critical tasks in déaformation can only be exchanged by using contention-based
signing and engineering wireless networks is to schedule simgthnsmissions which renders information exchange more than
taneous transmissions of different wireless links in the networine hop away a time-consuming operation. Also, it is impor-
The difficulty of the scheduling task comes from the combinaant to quantify amount of time/overhead used to construct the
torial nature of the problem which renders it a very complexchedule and to develop explicit procedure to exchange control
and challenging problem [1]. The scheduling problem is alsaformation in each time slot.
complicated by the fact that interference relationship in the net-|, this paper, we show the performance guarantee oféjge
work varies with the physical layer technologies and it depenfifyted maximal schedulingolicy in wireless networks consid-
on numerous parameters of the_wm_aless cha_nnel- One of Bifhg flow level dynamics. In factegulated maximal schedul-
general interference models which is determined by a singjgy is simply the combination of the maximal scheduling policy
parameter is thé-hop interference model. For this interferyy1] 112] and a traffic regulator implemented at each wireless
ence model, wireless linkis or more hops away from one an-jink - Because regulated maximal scheduling is a general rule,
other can be scheduled to transmit data at the same time. In jiSpropose a constant-time and distributed algorithm to imple-
paper, we develop a control framework for wireless networkgent it in each time slot. We show that the proposed scheduling
under the generai-hop interference model. algorithm can approximate the regulated maximal scheduling
There are several optimal and suboptimal schedulipgiicy within an arbitrarily small error. The proposed schedul-
schemes proposed for wireless networks in the literature. jHy algorithm works for a generathop interference model and
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The results presented in this paper implies that we do nedationship is only used to show the performance guarantee of
need to perform congestion control even with flow level dynantihe regulated maximal scheduling policy in sections II, 1l while
ics if the traffic load lies within a region which can be stabilizethek-hop interference model will be assumed in all other subse-
by the underlying scheduling algorithm. This is an interestinguent sections. Time is divided into slots of unit duration. Link
finding given the fact that there are existing works which eni-can transmit at rat&; if its interfering links are not scheduled
ploy congestion control algorithms to stabilize the network [7p transmit in a same time slot. Unless otherwise stated, we
[8]. Given the fact that the scheduling algorithm is a randomwill assume that interference relation is symmetric (i.e., link
ized one and the number of users are dynamic, we are interesteerferes with linkj if and only if link j interferes with link:).
in finding transmission rate for each user class which achieveshe following, we provide some important definitions which
maximum long-term utility. In particular, we show that therevill be used in the sequel (similar definitions can be found in
exists optimal transmission rates for all user classes to achi¢8 [12]).
such maximum Ion_g-term utility. . .. . Definition I: Interference sef; of link [ is the set of links which

The results in this paper have several important 'mphcatloprﬁerfere with linki. i.e
for system implementation. First, we do not need to perform T
conges_tion control in low m_etwc_:rk load even with flow I_evel L={keE:Cy=1}. @)
dynamics. Hence, communication overhead as well as imple-
mentation issues such as noisy [15] and asynchronous feedback ) ) ]

[16] due to congestion control operations can be completdgfinitionII: Interference degreg (1) of link / is the maximum
avoided. Second, the problem of network utility maximizatioHL_'mber of links in its interference set which do not interfere
can be decoupled from that of stabilizing the network. Speciith €ach other.

ically, the network can be stabilized by implementing traffiyefinition I11: Interference degreé;(G) of graphG is the
regulators at wireless links together with suitable schedulipgaximum interference degree of its links, i.el;(G) =
mechanism. In fact, we show via numerical examples that sz, d, (1).

ing congestion control algorithm to stabilize the network in low ) o ) )

load actually degrades the long-term network utility consider- Capacity region is defined to be the set of traffic load such

ably. that the network can be stabilized by some scheduling policy. In
The remaining of this paper is organized as follows. We d&l, capacity region_forwir_ele_ss n_etworks is well characterized.

scribe the system models and performance bound in sectlBrParticular, capacity region is given by the set

Il. Performance guarantee of the regulated maximal schedul- s

ing policy is presented in section Ill. In section IV, we present Q= {ﬁ: {Z %

the distributed scheduling algorithm to approximate the maxi- Ry

mal scheduling policy. We derive the optimal transmission rates

to achieve long-term utility maximization in section V. Somavhere Co(R) is the convex hull of all link scheduleR that

numerical results are presented in section VI and section \Btisfy the constraints imposed by our interference model. A

states the conclusion. For notational convenience, we will pegheduling policy is said to be throughput optimal if it stabilizes

elements of different measures into the corresponding vectie network for all offered load within the capacity regian

For example, the vector of transmission rates will be denoted

by ¥ wherez is its s-th element which is the transmission rate Regulator bufler Regulator  Transmission queue

of classs users. - :D]:l_, Q _ZD]]] _

Wireless link Wireless link

€ CO(R)} @)

s=1 leE

II. SYSTEM MODELS AND PERFORMANCEBOUND

We model a wireless network as a directed grép# (V. E)
whereV is the set of wireless nodes ants the set of wireless A new schedule is constructed in the first phase of each time
links. A wireless link from node to nodej exists if nodej can  slot which is used to transmit data in the second phase of the
correctly receive information transmitted by nodeln prac- time slot. We further assume that traffic of each user class is
tice, existence of such a link depends on transmission powegulated before entering a transmission queue for transfer over
path loss, fading, interference, desired bit error rate and othle=rch wireless link. The employment of regulator was previ-
factors. ously proposed by Humes to stabilize manufacturing systems
We assume that there afeclasses of users each of whicH13] which have been shown to be unstable in some cases due
associates with a fixed routing path from a source node tdacycles of material flow [14]. Regulators were recently used
destination node. The user routes are stored in an incidemeavireless networks [16], [11]. A-regulator associated with
matrix [H¥] where H* = 1 if link k is on the route of class- link I generates packets to transmission queue oflliwih a
s users andd* = 0 otherwise. Users of classarrive to the maximum rate of\. A regulator can be implemented as fol-
network with rate\, and each brings a file for transfer whosdows. In each time slot, a-regulator associated with link
size is exponentially distributed with meanu,. The offered checks the corresponding regulator queue. If the queue length
load by classe users is, thereforep, = \;/us. The vector is greater than link capaciti; then it transfergr; units of data
of offered load will be denoted a8 = [p1,p2, - ,ps]. We to the transmission queue with probability R;. Otherwise, it
assume that users of each class transmit at the same rate. transfers nothing. The regulator implementation is illustrated in
Interference constraints are modeled using a contention nfég. 1.
trix [Ci;]:,jer. Specifically, linki is said to interfere with link  In this paper, we assume a maximal scheduling policy which
jif Cj; = 1andCy; = 0 otherwise. This general interferencewas proposed in [11], [12]. The maximal scheduling works as

Fig. 1. Regulator implementation at each wireless link.
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follows. For any linkl € E with transmission queue lengtht, respectively. The proof is done by showing that an appropri-
larger than the link capacity in any time slot, we only requirately chosen Lyapunov function has negative drift when back-
at least one link in its interference sktbe scheduled. Specifi- logs of regulator and transmission buffers become large enough.
cally, if Q;/R; > 1 (where@Q) is the queue length of transmis-Specifically, we will choose the following Lyapunov function
sion queue for link), we require

V(P,Q) =Vi(Q) +¢Va(P. Q) ©)
g e 21 ®) where
wherer;, = 1iflink k is scheduled and,, = 0 otherwise. Due @ = Y Q}l,f(f) > le;iit)
1 Z 'k

to the combination of maximal scheduling and regulator im- kel

plementation, the resulting scheduling will be caltedulated s s\ 2

maximal schedulingn the sequel. Note that maximal schedul- Z Z (Paf + Q’)

ing is a general scheduling rule without specific implementa- Lo

tion. We will present a constant time and distributed scheduetails of the drift analysis is available in [18]. |

ing algorithm which approximates the maximal scheduling in By comparing the upper and constraining bounds on capacity
section IV. The following performance bound of the maximalegion in (4) and (5), respectively, and using the definition of
scheduling policy was proved in [8], [12], it is restated here fai; (G), we can easily see that the regulated maximal scheduling
completeness. policy achieved /d;(G) capacity region.

Q1

VZ(ﬁ" )

Lemma 2.1:For all traffic load 7 within the capacity region
defined in (2), we have IV. DISTRIBUTED SCHEDULING ALGORITHM

As mentioned before, maximal scheduling is a general rule

5 HEp, whose implementation is not specified. In this section, we
Z Z Ry, Sdi(l), VieE. ) present a distributed scheduling algorithm which approximates
kel s=1 the maximal scheduling policy in each time slot within an arbi-

. . . trarily small error. In fact, the proposed algorithm will include
This upper bound will be useq to quantlfy_the ‘hf"”ghp‘f e BP-SIM scheduling algorithm [10] proposed for the node
guaranteg of the regulated maximal scheduling policy in tba?(clusive (i.e., one-hop) interference model as a special case.
next section. Our proposed algorithm works with the genekahop inter-

ference model. Also, in contrast to the existing queue-length-

11l. PERFORMANCE OF THE REGULATED MAXIMAL based scheduling algorithms [9], [10], in our algorithm each
MATCHING SCHEME node with incident backlogged links does not require queue

) ) ) length information of other links in its neighborhood to con-

In this section, we show ?hat the network is stable Undef_ th&uct the transmission schedule. In addition, the proposed al-
regulated maximal scheduling when the offered load satisfieggithm is fully distributed and it has constant time overhead
specific condition. We assume thatia + ke)-regulator is ém- \yhich does not grow with the network size. Our proposed al-
ployed ink-th hop on the route of classusers. Itis worth 10 goyithm is, therefore, much more flexible and general than ex-
mention that the following stability result is similar in spirit tojsting ones in the literature. For ease of reference, we will refer
thatin [11], although there is an important difference here. {§ oy scheduling algorithm as random approximate maximal
fact, we capture flow dynamics in this paper while the amhoﬁ%\tching (RAMM) scheduling in the sequel.
in [11] only considered dynamics at the packet level. In [7]
and [8], the authors captured flow dynamics but their stabilit Algorithm D iofi
results were achieved by a cross-layer congestion control alg%ﬁ- gonthm Lescription
rithm. In this paper, network stability is achieved by a simple The RAMM algorithm is run in the first phase of each time
regulator implementation so communication overhead involvépt. Specifically, we divide each time slot into two phases:
in the congestion control operation can be avoided. The staffilscheduling phase and a data transmission phase. The trans-

ity result is stated in the following proposition. mission schedule is constructed in the scheduling phase, and
" ) ! L it is used to transmit data in the data transmission phase. The
Proposition 1:If the traffic load satisfies scheduling phase is further divided iftrounds each of which

containsB mini-slots. In each round, new links are added to the
current transmission schedule. The transmission schedule ob-
tained at the end of th& -th round will be used to transmit data

in the data transmission phase. In addition, only wireless links

then the network is stable under the regulated maximal schedilose queue lengths are larger than the link capacity are sched-

ing policy. This condition will be called a constraining bound!led by the algorithm in each time slot. The time slot structure
in the sequel. of the RAMM algorithm is illustrated in Fig. 2.

S
ZZHgkpsa, VieE ®)

kel s=1

Proof: We only provide the sketch for the proof here. Let Links are added to the schedule in each round through a
Q; (t) and @, (t) be transmission queue length for clasand matching request and matching acknowledgment message ex-
total queue length for all user classes at link time slot¢, change as follows. At the beginning of each round, each
respectively. Similarly, lef??(¢) and P;(¢) be regulator queue tive node (the notion ofctive/inactivenodes will be clarified
lengths for class and for all user classes at lirikn time slot  shortly) decides to bkeft or right with probability 1/2. Nodes
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Time slot Time slot

nodei). Letd* be the maximum of; for all nodes in the net-
Scheduling phase  Transmission phase work (i.e.,d* = max;cy d;). In addition, a matching request
transmitted by one node may collide with those transmitted by
| L | L | | L | L | | - other nodes. Lef; be the number of nodes whose transmitted

-— matching requests may collide with that of nadénode: and
Scheduling round one or more of these nodes transmit simultaneously under the
Fig. 2. Timing diagram of the RAMM scheduling algorithm. corresponding power level used in the scheduling phasel Let

be the maximum of; (i.e., I = max;cy I;). Also, letI; be
the maximum number of nodes which are at most 1 hops

becoming right wait to receive matching requests from thed{yay from either A or B including A and B for any link AB in
neighboring nodes. Backlogged links are added to the schggk network. We have the following result.

ule in each round as follows. Each left node with at least one .

backlogged outgoing link (i.e., a link from this node to one gf'oPosition 2:Foranyu € (0, 1), we can choose*the nlimber of
its neighbors) will choose a random backoffinB]. When the Scheduling rounds” which depends only o, d*, I, I5, and
backoff expires, a left node will choose one of its backloggedPut independent of network size such that for any backlogged
neighbors randomly to send a matching request if it has Ag}k 1, the probability that at least one backlogged link in its

heard any matching requests transmitted by other nodes so'piprference sef; is scheduled aftek’ rounds is larger than or

in the round. A right node which receives a matching requedgua! tox.
will reply with a matching acknowledgment message and the Proof: The proof is available in [18]. |
corresponding link is added to the schedule. We assume that i

. . : - &roposition 3 has some similarities with lemma 3 of [10].
two or more matching requests are transmitted in one mm"s‘%wever the proof is more demanding because the proposed
in the same neighborhood, collision occurs and no matchin ’

acknowledament message is transmitted aﬂ;orithm works with a much more general interference model
9 9 e than that in [10] (i.e., node exclusive interference model was
In each round, we require that if a link is added to the tran

mission schedule. all wirel links in its interferen tb ng- sumed in [10]). Now, using RAMM together with regulator
sslon schedulle, all wireless finks [n Its Interierence set be lementation as described in section I, we have the follow-
added to the transmission schedule in subsequent rounds. I%D

. . - . stability result.
requirement guarantees that we will obtain a conflict-free trans-= - y _ o
mission schedule at the end of the scheduling phase. It is dlfoposition 3:If the traffic load satisfies

served that this requirement can be easily achieved by one-hop S_ gyt
and two-hop interference models. Specifically, for the one-hop Z Z HsPs n, VIEE %)
interference model after a link is added to the schedule, both kel s—1 Ry

its transmitting and receiving nodes will not transmit and re-|_|d under the condition stated in proposition 2, the network

ply any matching requests. For the two-hop interference mo | le when RAMM alaorithm i h ith th
after a link is added to the schedule, all their one-hop neig fll be stable when algorithm is used together with the

boring nodes (i.e., one hop away) of both transmitting and re_gulator implementation as described in section Il.
ceiving nodes will be aware of this (through hearing the match- Proof:  The proof follows the same line with that of
ing request or matching acknowledgment) and will not transnifroposition 1. However, the right hand side of the constrain-
or reply any matching requests until the end of the schedulifitp bound becomeg instead of one due to the performance
phase. bound achieved by RAMM scheduling scheme. |

For a generak-hop interference model with > 3, we as-
sume that a large enough power level is used to transmit matchY- LONG-TERM UTILITY MAXIMIZATION UNDER LOow
ing request/acknowledgment messages in the scheduling phase LOAD CONDITION
so that if a link is added to the schedule in one round, all nodesln section lll, we have shown that the network is stable if the
within & — 1 hops from both the transmitting and receiving)roposed scheduling algorithm is used and the traffic load sat-
nodes of the link are aware of this so they will not transmisfies the reduced constraining bound in (7). As a consequence
or reply any matching requests in subsequent rounds. No@é#his result, itis clear that we do not need any congestion con-
within % — 1 hops from the transmitting and receiving nodes dfol algorithm as long as the traffic load in the network is low.
any links in the schedule are calléthctivenodes. All other Hence, communication overhead due to message exchange of
nodes areactive ones. Note that anjnactive node will re- the congestion control algorithm can be avoided if regulators
main inactive until the end of the scheduling phase. In generale implemented in the network.
the number of nodes participating in the schedule constructionProposition 3 means that when regulators are implemented
process reduces rapidly over consecutive rounds. Because A8} traffic load satisfies the condition stated in (7), the network
links are kept added to the existing schedule in each round, {istable as long as user rates are bounded away from zero. Un-
transmission schedule in the last round would approximate wég' this stability condition, it is natural to ask: how to choose
the maximal schedule iB and K are large enough. We will USer rates such that optimal long-term network utility can be

show the performance guarantee of the proposed scheduling?&Pieved? Also, performing congestion control in this case is
gorithm in the next subsection. unnecessary because it may degrade the network performance

in terms of long-term utility. Now, our objective is to maximize
the long-term network utility which can be explicitly stated as

B. Analysis 5
Now, let degreel; of node: be the number of nodes having max lim 1 /'T Z nt (U (z(1)) | dt o)
links directly connecting to nodé(i.e., one-hop neighbors of () T T Ji=o |5 °
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wheren!(t) andz,(t) are the number of classusers trans- grid and random networks and a two-hop interference model.
mitting in time slot¢ and their transmission rate, respectivelyyWe assume that transmission rate on each wireless link equals
Us(z) is the utility function, which can, for example, reflects?; = 10 units/time slot, average length of each file brought by
the level of satisfaction for classusers. We assume that userany user class is/;.; = 10 units. Users of each class arrive ac-
arriving during time slot can only transmit from time slét+-1  cording to Poisson process with arrival rate We vary arrival
onward. Suppose that the queueing process at each source matdeto adjust the traffic loggs = \;/us. Here, a unit of data

is ergodic (this fact was justified in [17]). Le(ii?, ¥) denote is a block of information bits of suitable size. We assume all
the joint probability density function ofi* and Z in equilib- flows have the same loagin all the results.

rium. Because elements af are pairwise independent, we

have f(iit, ) = {Hlef(nﬂf)} f(&). Thus, we can rewrite
(8) as

S o
ma [ 30 Y O | f@az @)
s=1

t_
nt=0

Let us define

S o]
9@ = Y > niUs(x) (i)
s=1nt=0 Fig. 3. Grid network of 36 nodes with 60/120 one-hop flows.
S 0o
= Ug(xg ni n’;f
;~<>nﬂzzof<> o)
5 O—O—O—@O—O—O
= > U(z.)E[N!|i]
s=1 O—O—E—O—O
S
- 20w O—EO—O—E—0—0
Ts

G—EO—O—E—E—
where we have used Little’s law in deriving [N!|Z] in the

above equation. Specifically, the expected waiting time for a O—@—@O—O—0—O

classs userisl/(usxs), using Little’s law we have? [N!|z] =

. Fig. 4. Grid network of 36 nodes with 30 one-hop flows or 6 multihop flows.
As/(pszs) = ps/xs. Thus, we can rewrite (9) as

max /X 9(Z) f(Z)dx (10)

Now, suppose we wish to find optimal user ratec [0, M].
Let 2% be the maximum ofjs(zs) = ps/x:Us(xs) in [0, M)
and the corresponding optimum rate vectoffis Then, it is
easy to see that choosinz) = §(& — &*) will maximize
(10) whered(.) is the delta function. Thus, the long-term util-
ity maximization can be achieved by allowing users of class
to transmit at the optimal rate¥. In summary, when the traf-
fic load satisfies (7), the network is stable under the proposed ¥
scheduling policy and no congestion control is needed. In addi- 0l T S
tion, we can decouple the long-term utility maximization from Number of ounds K
stability under this stability condition.

—9—Grid,B=4
- ¢ —Random,B=4 |4
—#— Grid, B=5
- % —Random,B=5 ||
—*— Grid, B=8

- * —Random, B =8
—6— Grid, B=10

- © - Random, B = 10

Minimum matching probability

Fig. 5. Minimum probability of achieving the maximal scheduling versus

. i iR i _ ; number of rounds for a grid topology in Fig. 3 with 120 one-hop flows and
Example:When the utll.lty func_tlon i, () N In(z,) which a random topology withi* = 9, I = 24, 198 one-hop flows under two-hop
corresponds to proportional fair rate allocation among users, Werference model.
havegs(xs) = ps/zsIn(zs). The global maximum of(x)
isx? = e. Thus, if M, > e, the optimal transmission rate to
achieve maximum long-term utility is; = e. We will com- A performance of Scheduling Algorithms

re long-term utility under thi lution and for th wher . . . L

pare long-term utility under this solution and for the case whe €in Fig. 5, we show the minimum probability of achieving

cross-layer congestion control algorithm is used as in [8]. a maximal schedule due to the RAMM algorithm versus the
number of roundd< under different maximum backoff values
VI. NUMERICAL RESULTS B for the grid topology (in Fig. 3 where there are two flows
In this section, we show some illustrative numerical resulis two opposite directions on each un-directional link) and the
for the proposed scheduling algorithm and the optimal transndom topology. We assume that all the flows always have
mission rate for long-term utility maximization. We considebacklogs which is the worst case scenario. The probability of
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x10° x10°

—&— RAMM, M = 20
8} | —A— RAMM, M =28
—0— RAMM, M = 36
—#— RAMM, M = 44

—8— RAMM, M = 20
1.8f-| —A— RAMM, M =28
—o— RAMM, M = 36
16| —*— RAMM, M =44
—o—GMM

@

Total average queue length
Total average queue length
N

Load p Load p

Fig. 6. Performance of RAMM scheduling scheme (for maximum backoFig. 8. Performance of different scheduling schemes Ber 4, grid network
value B = 4, grid network with 36 nodes and 30 one-hop flows). with 36 nodes and 6 multihop flows).

x10° 50

—&— Policy W, M = 44
—&— Policy W, M = 128
—o— Policy W, M = 512
—#— Policy W, M = 1024
—e—GMM
—+—P&C, M =44

®

-

o

_s0t

o
Average utility

IS

-100

w

Total average queue length

~

-1501
—+#— Congestion control, RAMM
—e— Congestion control, GMM
—#— Optimal transmission rate

-200
05 1 15 2 25

Load p

35

Load p

Fig. 7. Performance of policy W (fab/ = 44, 128, 512, 1024, grid network Fig. 9. Average utility of the proposed optimal transmission rate and with con-
with 36 nodes and 30 one-hop flows). gestion control algorithm under two-hop interference model (for grid network
with 36 nodes and 6 multihop flows, GMM and RAMM scheduling wigh=
4, K =11inFig. 4).

achieving a maximal schedule is the probability that a back-

logged link is scheduled or at least one link in its interferenamtil no further link can be added to the schedule.

setis scheduled. The minimum probability is the smallest prob-Note that both RC and GMM scheduling schemes are ei-
ability among those of all the links. We have obtained this prolher centralized or require huge overhead to implement in a dis-
ability by averaging ovet0* time slots. This figure shows thattributed manner. Also, it is known that these two scheduling
with B = 4, we only need = 11 for the grid topology and schemes achieve almost the capacity region. It is confirmed in
K = 13 for the random topology to achieve minimum matchinghis figure that RC and GMM schemes achieve similar per-
probability very close to 1. Itis also shown that even the sizermance although GMM has a bit smaller total queue length
of the node interference set is very large=( 22 for the grid for traffic load close to the boundary of the capacity region. It
topology and/ = 24 for the random topology), the improve-s evident that when we increase the number of rounds for the
ment of minimum matching probability is very marginal whelRAMM algorithm, we achieve better performance. Moreover,
the maximum backoff3 is larger than 8. in the considered netwoik; (G) = 4, so the performance guar-

In Fig. 6, we compare performance of different schedulingntee stated in proposition 1 is just 1/4 capacity region. How-
schemes. Here, a grid network with 36 nodes and 30 one-tayer, the actual performance achieved by the proposed schedul-
flows as in Fig. 4 is considered. For the RAMM algorithming algorithm is much better than the performance bound as can
we show the performance with different transmission roukids be seen in Fig. 6.
while we fix the maximum backoff value d8 = 4. We also In Fig. 7, we present the performance of the queue length
present performance of Pick-and-Compar&@) [3], [5] and based and constant time scheduling policy W for two hop in-
greedy maximal matching (GMM) [7] scheduling schemes. Feerference model proposed in [9]. We show the performance of
the RC scheme, a new schedule is generated in each time $tos scheduling scheme for different values of mini-slots used
by using RAMM algorithm. Then the total weights of the oldn the scheduling phase (the first phase of this scheduling pol-
schedule and the newly generated schedule are compared wigreorresponding to the first phase of our RAMM scheduling
a link weight of a link is total size of regulator and transmissioalgorithm). As is evident, with\/ = 44 mini-slots, policy W
buffers of that link and the schedule with larger weight is chosechieves much lower performance than the RAMM algorithm.
for transmission in the time slot. In fact, most of the complexitEven with A/ = 1024 mini-slots, performance of policy W is
of the RC scheme incurs in the “compare” step. For the GMMtill below that of RAMM algorithm withM = 44 mini-slots.
scheme, the schedule is constructed by adding one link with tete that due to practical implementation constraints, the time
largest weight to the schedule and removing all conflicting linksdot duration is usually limited to few milliseconds as in most
with the added link in each step. This procedure is repeateiteless systems. If the duration of a minislot is 29 as in
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the WLAN standard)}/ = 100 corresponds to 2 ms which is al-network can be stabilized by the underlying regulated schedul-
ready quite large. Our scheduling algorithm, therefore, preseirtg algorithms.

significant improvements compared to policy W because we VIl. CONCLUSIONS

cannot make the time slot interval arbitrarily large in practice.

| In '19 8f Wti.Shov.\:j pertformlflngtehoé theI?hAM'}/II SCheng“n%g algorithm for a generak-hop interference model in this
?gor' fm or Istg”th ne_wolr hWI muttinop to(\j/v§. F.'mépaper. The scheduling algorithm does not require queue length
iar performance 1o the singie-nop case presented N F19. 5 4g,mation and has overhead not growing with network size.
observed for this setting. It is evident that although multih

fl tribut traffic to th twork b h ﬂO\Rlith flow dynamics consideration, we have shown that the net-
ows contribute more traflic to the network because each TQy, . o pe stabilized by using a regulated maximal schedul-

traversgs multiple links, scheduling algorithm is still the key t%g policy if the offered load satisfies the constraining bound.
determine performance of the network. Our proposed scheduling algorithm achieves performance arbi-

- trarily close to that of the regulated maximal scheduling. Un-

B. Long-term Utility der the stability condition, we have derived optimal transmis-

We will compare the long-term utility under optimal transsion rates which achieve maximum long-term utility. Numeri-
mission rates derived in section V and under the case whes results have shown that the proposed scheduling algorithm
cross-layer congestion control is used. Specifically, we weichieves much better performance than the existing constant-
consider the cross-layer congestion control algorithm proposde scheduling algorithm and has much better performance
in [8] which is the extension of that for one-hop interferencthan its performance guarantee. Also, performing congestion
model in [7]. The cross-layer congestion control algorithroontrol under low load condition actually degrades performance

We have presented a constant-time and distributed schedul-

works as follows: in terms of long-term utility significantly compared to the opti-
« Congestion price for each linkis updated as mal rate derived in the paper.
+
qt+1) = [qt) + cAq(t (11)
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