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Abstract—We analyze the delay performance of a multi-
hop wireless network with a fixed route between each source-
destination pair. There are arbitrary interference constraints on
the set of links that can be served simultaneously at any given
time. These interference constraints impose a fundamental lower
bound on the delay performance of any scheduling policy for the
system. We present a methodology to derive such lower bounds.
For the tandem queue network, where the delay optimal policy
is known, the expected delay of the optimal policy numerically
coincides with the lower bound. We conduct extensive numerical
studies to suggest that the average delay of the back-pressure
scheduling policy can be made close to the lower bound by using
appropriate functions of queue length.

I. INTRODUCTION

A large number of studies on multi-hop wireless networks9- 1. Atypical rlnulti-ROp Wireles§ netWOfrk r\]Nit_h multiple élmwlgaﬁh hal\)/ing
T ogenous arrivals at the source. Some of the important het ave been
ha}ve 'been devoted to system stability and throughput maﬁ{féh”ghted.
mization. The delay performance of these systems, however,

has largely been an open problem. This problem is enormously

difficult even in the context of wireline networks, primaril pe formed in the network. We generalize the typical notioa of
because of complex network interactions that complicaée tRottleneck. In our terminology, we define & ( X)-bottleneck
gueueing mechanisms. In addition, the problem of mutug) pe a set of linksX such that no more thaf of them
interference among the links in wireless networks complian simultaneously transmit. We develop an efficient tegimi
cates, both, the scheduling mechanisms and their analygisreduce such bottlenecks to a single queue system fed by
We present a new, systematic methodology to obtain a lowgdpropriate arrival processes which are simple functiohs o
bound on the system-wide average delay of a packet fraRe exogenous arrival processes of the original networle Th
source to the destination. Furthermore, we re-engineerlB Wewer bound on the system-wide average delay of a packet is
known scheduling policy to achieve good delay performanggen computed by the analysis of these reduced systems and
vis-a-vis the lower bound. requires only the statistics of the exogenous arrival psses.

In this paper, we analyze a multi-hop wireless networkor example, [10] characterizes a class of bottlenecks evher

with multiple source-destination pairs, given routing aradfic o more than one link can be scheduled simultaneously. Some
information. Each source injects packets in the networkelvh of these bottlenecks have been highlighted in Fig. 1.

A packet is queued at each node in its path where it walgerage delay of the network using the techniques in [7].
for an opportunity to be transmitted. Since the transmissiqgwever, we do not pursue them here because they do not
medium is shared, concurrent transmissions can cause mug@ture the effect of statistical multiplexing in the netiyo
interference. The set of links that do not cause mutual int§(nich is a critical element of packet switched networks.
ference, hence can be scheduled simultaneously, are cajiedy result, these upper bounds tend to be quite loose in
activation vectors (matchings). We assume that the set @hst practical scenarios. The lower bound technique on the
allowed activation vectors can be arbitrarily chosen, th@y other hand, captures the effect of interference and statist
can characterize any interference model. For example, ﬁ‘murlnultiplexing of packets in the system. Hence, we focus on
hop wireless grid network with several randomly ge”erat%veloping a methodology to establish fundamental lower
flows is shown in Fig. 1. We refer to this figure throughoubounds on the delay performance of any scheduling policy.
the paper, for the purpose of illustration. We consider the lower bound analysis as an important first

The delay performance of any scheduling policy is primaril¥iey towards a complete delay analysis of multi-hop wigeles
limited by the interference, which causes many bottlen¢eks gy siems.
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award 07221236-CNS. erties.



« Ensure high throughpufThis is important because if the We begin with the description of the system model and a
scheduling policy does not guarantee high throughphtief explanation of the back-pressure policy. We then gmés
then the delay may become infinite under heavy loadingur methodology for obtaining reductions and using them to

« Allocate resources equitablihe network resources mustlower bound the system-wide average delay of packets. We
be shared among the flows so as not to starve sometloén provide concrete examples illustrating the methagiolo
the flows. Also, non-interfering links in the network haveand comparison of the back-pressure policy to the lower
to be scheduled such that certain links are not starved foound. We also describe how the proposed approach differs
service. Starvation leads to an increase in the averagmdamentally from the existing techniques and can be used
delay in the system. to gain deeper understanding of the scheduling policies for

In the light of the previous work [12], [15], we chooseWirEIess networks.

the back-pressure policy with fixed routing (Section 11-&9
a suitable cqndidate for a dglay—efficient scheduler. Th}ik-ba Il. SYSTEM MODEL
pressure policy has been widely used to develop solutions fo

a variety of problems in the context of wireless networks [7] We consider a wireless netwo® = (V, L), where V' is
[15]; and the importgnce of studying_the t.rade-offs .in gt@bi, the set of nodes and. is the set of Iink75. Each link has
delay, and complexity of these solutions is now being redliz unit capacity. There areV flows, each distinguished by its

by the research community. Under this policy, the q”euiﬁurce destination pais;, d;). There is a fixed route (set of

corresponding to each flow are maintained in decreasing or fiks) between the source and corresponding destinatian
from the source to the destination. The policy tries to dasee Each flow has its own exogenous arrival stredy (1)}°2,.

the differential backlog (difference in the backlogs) a0 Each packet has a deterministic service time equal to one

each link, by selecting the flow with the highest differehtia, it ‘rthe exogenous arrivals at each source are assumed to
backlog. This value is used as the weight for the link and t independent. LeA () = (A1 (), ..., Ax(t)) represent the

matchipg With the highest .weight is scheduled. As a reSWlactor of exogenous arrivals, wherg;(¢) is the number of
the policy is throughput optimal and the resources also tend ackets injected into the system by the sourceluring time
be shared equitably among the various flows in the netwo ott (foric 1 N). LetA = (A, Av) represent the

Henceforth, we shall refer to this policy as only the bac'%orresponding arrival rate vector

pressure policy. . . The path on which flow is routed is specified a®; :=
The back-pressure policy may lead to large delays since the j p,i|) wherev’ is a node at g-hop dis-

|

. LT (N N A )

ggﬁl:ézgi_:ée zrc?(gert‘e;;\ée:)éljgge;nﬁro;Tr]o::ea?gf\“g?“?;hi :tagce from the source node. The source nods; is denoted
) P y ger q % v? and the destination nodé by v‘P"‘, where|P;| is the

shorter queue and certain links may have to remain idle un Lth length. The packets arriving at each node are queued.

this condition is met. Hence, it is likely that all the queueg N
! . ach node maintains a separate queue for each flow that passes
upstream of a bottleneck will grow long leading to Iarge{

J
delays. Interestingly, we find that by appropriately definine cr:)rr?gggotrr:gir?gdti fll';% (zﬁi?nrztaecthhiﬁ ql:ﬁg:':;?;gt%nnﬁgze
differential backlogs using a parameterthe relative priority each packet leaves t.he system, P00, The queue ;
of links can be controlled. This in turn influences the averag. " ioris denoted bR (1) 7’(le@ =19 N)
delay of the system. Our simulations indicate that for dertaMuﬁiple flows can share a IinIe_A Iilhk c.an_be,aé:ii;/.a{ted .in
Fopglogiss, for an approprl;ate cc:jhoics @lf the av?]rage ((jjelay t'\me slott only if the correspbnding gueue is non empty
:ste? l:? om?rYg. iﬁtzr‘rt]a%%r;meqﬁeuueci etSvgflfpg’g; ei Ignz earr:,e&/% use the term activation (scheduling) of a link or a queue

the delay performance of the back-pressure policy numqicamte.rchan'geably. At most, one packet 'S served at a queue in
S : . . a given time slot. The service structure is slotted.
coincides with that of the delay optimal policy proposed by , ,
[19] and also the lower bound provided in this paper. The set Otf) "”ksh”;atl ddo not cause mIUt“a' '”telrlfedrenc‘? and
We now summarize our main contributions in this paper: ence can be schedule 3|mutaneous.y are cafle .ac.nvatlo
_ . vectors (matchings). Ley/ be the collection of all activation
« Development of a reduction technique to reduce thie ( vectors J. We allow the activation vectors to be arbitrary
X)-bottlenecks in the network to single queue systems.e., they can characterize any interference model. At each
« Derivation of a fundamental lower bound on the systemime-slot an activation vectdi(t) is scheduled depending on
wide average queuing delay of a packet in multi-hoghe scheduling policy and the underlying interference rhode
wireless network, regardless of the scheduling policyhe indicator functionr? (¢) indicates whether or not flovs
used, by analyzing the single queue systems obtaine@eived service at thgj + 1) hop from sources; at time

above. slot ¢. Note that

o Extensive numerical studies to suggest that the average
delay of the back-pressure scheduling policy can be made ; =~ { 1 if QI(t) >0, and linke is scheduled
close to the lower bound by using appropriate functions "¢/ = ) o otherwise

of queue length. (1.2)



The evolution of the queues in the system is as follows, by A the closure of the convex hull of the set of activation
. Jep i -1 o vectors7, and byC' the interior of the convex hull. Lel;c,
Ql(t+1)= { le (*) gl (t) t{i () i ; - O be the indicator variable indicating whether the flowasses
Qi (t) — I (t) + Ai(t) ot er\le?” 2) through linke. The sum of the rates of the flows sharing link

We use the2-hop interference model in most of our simula“ is given by

N
tion studies since it has often been used to model the behavio ge = Z e Mie (I1.7)
of a large class of MAC protocols based on virtual carrier P

sensing using RTS/CTS messages, which includes the IE
802.11 protocol [1]. Under ah-hop interference model, any
two active links inl (t) are always separated lyor more hops
in the underlying network graph.

Egt g be the corresponding flow rate vector. It has been
shown in [12] that if each arrival process is.d. in time,
and that the first two moments of all the arrival streams
{A,(t)}s2, are finite, theng € C is a necessary condition
A. Back-Pressure Policy for a stabilizing scheduling policy to exist. It has also ibee

Let e := (a,b) be a link of interest. Suppose that floiv shown that_t_he back-pressure policy w_ith fixed rou_ting (with
passes through link and that nodes andb are at a distance @ = 1) Stabilizes the system for any arrival rate satisfying the
of j andj + 1 hops, respectively, from the source nodeln prece_dlng condition. It can be shown using the fluid mo<_jel
our notation,e := (v/,v?*!). Define the differential backlog t€chniques developed in [3] and [18] that the above policy
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VQ! of flow i passing through a link := (vf,vf“) as with (o > 0) is stable whenever the arriyal processes satisfy
_ _ a strong-law-of-large numbers assumption and the flow rate
VQ§ = (QF)* — (QF ), for somea >0 (1.3) vectorg € C.

For each linke, the flow with the maximum differential back- |||. DERIVING LOWER BOUNDS ONAVERAGE DELAY
!og IS chosen by the flow s_chedulmg component (_Eq. .(”'4) In this section, we present our methodology to derive lower
in Fig. 2). The link scheduling component shown in Fig. %0

schedules the activation vector with the maximum weight.unds on the average packgt de!ay fgr a given mu'Itl—hop
. . . wireless network. The first step is to identify the bottlersem
at every time slot. A packet of flow is transmitted on

link ¢ — (vg’vq+1) at time ¢ if flow i had the maximum the system. We then explain how to lower bound the average
. Lo . . . delay of the packets of the flows that pass through a given
differential backlog at linke, link e was present in the S .
. . ) . K, X)-bottleneck. Our analysis justifies the reduction of a
maximum weighted matching, and the corresponding que . .
, X)-bottleneck to a single queue system fed by appropriate
was non-empty. ; : L
arrival processes. Finally, we present a greedy algorithmichy
takes as input, a system with possibly multiple bottlenecks
and returns a lower bound on the system-wide average packet
delay.

Flow Scheduling
For each linke € L, find the flow with the maximum
differential backlog
F5 () = argmax VQ (11.4) A. Characterizing Bottlenecks in the system
i Link interference causes certain bottlenecks to be formed
Assign weights to every link in the system. Define a/{, X)-bottleneck to be be a set of
. links X C L such that no more thak of its links can be
we = max(VQ5.,0) (1.5) scheduled simultaneously. For example, [10] identifieguels
in the conflict graph as the bottlenecks. This corresponds to
Link Scheduling a set of .Iinks,'among which only one Iink' can be_ scheduled
at any given time. We call these sets of linksclusive sets
We also discuss another type of bottleneck in the case of a
I(t) = argmax(w, J) (11.6) cycle graph, where no more than two links can be scheduled
Jeg simultaneously. Some of the important exclusive sets fer th
wireless grid example under tlehop interference model were
highlighted in Fig. 1.
We use the indicator functiof;c x to indicate whether
Fig. 2. Back-Pressure Policy With Fixed Routing the flow: passes through thex{, X)-bottleneck. Let the flow
1 enter the , X)-bottleneck at the nodez’.“ and leave it at
Let [[Y]| denote the Euclidean norm of vectdf. The the nodev'. Hence, ; — k;) equals the number of links in
system is considered to be stabletETwE[sup 1Q(t)[]] is  the (&, X)-bottleneck that are used by floiv
bounded. If the system is stable then the throughput of angive We defineAx and Ax (t) as follows:
flow is the same as the arrival rate. A throughput vectds N
admissible if there is some scheduling policy under whiah th _ ) ()
system is stable when the arrival rate vectoiisWe denote A ; Liexy(h = ha) (). (18

Schedule the maximum weighted matching

where for two vectorsx andy, (x,y) = >, ziy
denotes the inner product.
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Fig. 3. Reducing a bottleneck exclusive set in Fig. 1 to a G/feue. Note thatly; (¢), Ay (¢), Arr(t) are external arrivals to the original system, so
the arrivals to the reduced G/D/1 system are all external.

Note: By summing the queues upstream of the bottleneck
and definingSx (t), we are able to avoid correlation terms
. ] among the arrival and service processes in the queue emoluti
B. The reduction technique equation of the system (Eq.( 111.15)). We obtain a lower bbun
In this section, we demonstrate our methodology to deriven the value ofS x (¢) in Theorem 3.1 by studying a reduced
lower bounds on the average size of the queues correspondiggtem. Using the result of Theorem 3.1, we obtain a lower

N
Ax(t) = Z Liexy(l— k) (A1), (11L9)

to the flows that pass through & ( X)-bottleneck. bound on the expected delay for the flows passing through the
By definition, the number of links/packets scheduled in theottleneck in Corollary 3.1.
bottleneck,/x (¢) is no more than K, i.e., Reduced System:Consider a system with a single server
N li—1 and Ax (t) as the input. The server serves at mspackets
Z Licx) Z If(t) = Ix(t) < K. (11.10) from the queue. LeQ x (t) b_e the queue length of this s_ystgm
i—1 =k at timet. The queue evolution of the reduced system is given

A flow i may pass through multiple links ixA. Among all by the following equation.

the flows that pass through', let £y denote the maximum N
number of links in the &, X)-bottleneck that are used by any Ox(t+1) = (Lx(t) — K)" + Ax(t) (I1.16)
single flow, i.e.

N .
Fx = max Liexy (li = k). (n-11) where ()" = { g gtr:feiN(i)se
Let S¥(¢) denote the sum of queue lengths of the fitst
queues of flowi at timet, i.e. The reduction procedure is illustrated in Fig. 3 where we
L have reduced one of the bottlenecks in the grid example shown
Sk — ZQf (1.12) in Fig. 1. Flows II, IV and VI pass through an exclusive set
=0 using two, three and two hops of the exclusive set respégtive

The corresponding G/D/1 system is fed by the exogenous
arrival streams 2;,(t), 34,y (t) and 24y ().
SE(t4 1) = SF(t) + Ai(t) — IF(1). (11.13) Without loss of generality we can assume that both systems
are empty initially, i.e.,Qx(0) = Sx(0) = 0. We now
establish that at all times Q x (¢) is smaller thanS x (¢).
N N Theorem 3.1:For a(K, X)-bottleneck in the system, at any

. . time T, the sum of the queue lengtl®y in X, under an
Sx(t) :Z; Liiexy Zk: Si(t) = X; Liexy ) Q1) scheduling policy is no sr?]allerthangthatxof the reducedesy)s/t

= J=k; 1=

Summing Eq. (11.2) fromj = 0 to k, we have

The sum of queues upstream of each linkXinat timet is
given by S x (t) and satisfies the following property.

l;—1 l;—1

v L J=ki Ie,Qx(T) SSX(T)
— i Proof: We prove the above theorem using the principle
X J —
2 z; Liiexy zk: () = Lx(2). of mathematical induction.
1= J=

(I11.14) Base CaseThe theorem holds true fof" = 0, since the
system is initially empty.
Induction hypothesis Assume that the theorem holds at a
meT =t ie, Qx(t) < Sx(t).
Induction Step The following two cases arise.
Sx(t+1)=8x(t) — Ix(t) + Ax(t). (I.15) Case 1:Qx(t) > K

Now we consider the evolution of the queu8s under an
arbitrary scheduling policy which is given by the foIIowing,[i
equation.



After crossing the bottleneck, a packet of flowas to cross

Ox(t+1)=Qx(t) — K+ Ax(?) |P;| —1; hops. Since the links are of unit capacity, the delay at
<Sx(t)— K+ Ax(t) (11.17) each of these hops is at least one unit. Thus fol;all j <
< Sx(t) = Ix(t) + Ax (1) ' Bl EO7] > A .21
=Sx(t+1). (@12 A (-21)

Taking expectations on both sides of Eq. (111.20) and using

Eq. (111.21), we obtain,

Case 2:9Qx(t) < K. Py

. . N N
Using Eq. (111.14), we have the following, ; E[O(t
9 Fa. (119 . > 1oy Bl@) > P2 S g ouim - .
Ox(t+1)=Ax(t) i=1 j=0 i=1 (1.22)
< Sx(t) = Ix(t) + Ax(1) (1n.18) Applying Little’s law, E[Dx] = .
Hence, the theorem is holds f@r = ¢ + 1. 1y E[Q/] 1 v \N(P] =1
{iex} i — i (1P l;)
Thus by the principle of mathematical induction, the theo; ,Z:;J E[Dx ; tiexyhi(1F]
rem holds for allT". ] 2 = F T A :
X X X
Remarks (11.23)
« The above analysis captures the combinatorial interfer- u

ence constraints and reduces the bottleneck to a G/Rf1 analysis of the complete system
system with appropriate inputs for the purpose of estab-
lishing lower bounds.

o The analysis here is very general, and establishes
fundamental lower bound even for the traditional wirelin

We now present a greedy algorithm which computes a lower

bound on the average delay for a system containing multiple

bgttlenecks. Thel( X)-bottlenecks correspond to cliques in

. ?he conflict graph [10]. Lef\/ be the largest number of links
\9;\7tt|ng. hasi hatd b d f that interfere with a linkl € L. The time complexity to

- We emphasize thatdy(t) can be computed from compute all the i, X)-bottlenecks is exponential i/ in

Ea. (11.9) and considers only the exogenous inputs to ﬂ%%e worst case. In general, the time complexity to compute al
system. Furthermore, the lower bound on the expect L (<, X)-bottlenecks is higher

delay can be _computed using only th_e statistics of theAIgorithm 1 proceeds by greedily searching for &, (X)-
exogenous arrival process and not their sample paths'bottleneck that yields the maximum lower bound. The flows
We now present a lower bound on the expected delay of thgssing through the chosen bottleneck are removed and the
flows passing through the bottleneck as a simple function Gf,cess is repeated until all the flows are used. Thus it decom
the expected delay of the reduced system. . poses the wireless network into several single queue sgstem
Corollary 3.1: Let E[Dx] be the expected value of queuingrye average delay of the system can then be easily computed.

delay for the G/D/1 system with inpullx (). Further let, Note that the decomposition obtained by the greedy algurith
E[Dx] be the expected de]![ay of the flows passing throdgh s 1ot the optimal decomposition. The optimal decompasitio

can alternately be obtained by using a dynamic programming
. Z LiexyNi(|Pi| — 1) : : : i
E[Dx] o approach with the cost of increased computation complexity
ThenE[Dx] > iy
Proof: Let Q(f) denote the quéue length of the G/D/ZAlgorithm 1 Computing the Lower Bound
system at time t. Theorem 3.1 states that at all times, 1. Z+—{1,2...N}
N et 2. BOUND « 0
D dpexy > St = Q(1). 3: repeat
=1 J=ki ; L 4:  Find the (¢, X)-bottleneck which maximizeE[Dx]
S]:]nce for a”] < li -1, Sz (t) < Sil (t), thus 5 BOUND «— BOUND + E[DX]
Cpyali—1 6: Z+—Z\i:ieX
; Laexy(li = k)S; () = Q(1). 7. until Z =&
Using Eq. (111.11), it follows that, 8: return BOUND
N
Z 1{i€X}<FX)S£i71(t) > O(t). (111.19) The lower bound analysis may be loose on account of the
im1 following. Firstly, inequality (111.19) is loose when theofls
and hence, pass through different number of links in the same bottlknec

N li—1 Secondly, the lower bound obtained by Algorithm 1 can
Z 1iex) Z Q) > % (IN1.20)  capture the effect of any flow at only one bottleneck. Herice, i
; ; " Fx would underestimate the con i d by afl i
i—1 =0 gestion caused by a flow passing



(b) Dumbbell (c) Tree (d) Cycle

Fig. 4. lllustration of the Lower Bound analysis (bottlekeawsed in the analysis have been highlighted).

through multiple bottlenecks. Thirdly, we assume that thBuring the active period the source generates one packst eve
gueueing in each bottleneck is independent of each othéme-slot. The idle periods are geometrically distributeith
which may not be possible because of interference among tmeanp. The mean arrival rate of a source can be controlled
bottlenecks. Finally, in the derivation of the lower bourydthe by changing the value gf. The lower bounds were obtained
reduction technique, we have neglected the non-empty quewsing Algorithm 1. We use the analysis in [5] to obtain the
constraints by grouping the arrivals into a single queud, aexpected delay for the single queue systems.

hence we underestimate the delay. We evaluate the impact of

these relaxations on the accuracy of the lower bound usiAg Tandem Queue

simulations. Despite these relaxations, we find that thesfow

. . We consider a stream of packets flowing over the wireless
bound gives a useful estimate of the delay. P 9

links in tandem, as shown in Fig. 4(a) under thehop
IV. |LLUSTRATIVE EXAMPLES interference model. For this system, any two links that are

. adjacent to each other form an exclusive set. Choosing the
We now demonstrate our methodology on a variety of exafs; two links as the bottleneck maximizes the lower bound

ples shown in Fig. 4. The bottleneck sets in each example h"?‘r‘{eborollary 3.1 as it maximizes the value (| — I;). Note
been highlighted in the corresponding figures. We also wppﬂmt E[Dx] is the same for all exclusive sets in the s
. ) ; ; ystem.

the lower bound with results obtained from the simulatiofis e IoC\)/(er bound for the above arrival process is given by
the back-pressure policy (Section II-A) to show that thedow '
bounds are indeed useful. Not only does the lower bound serve 2 —05)M1 = A2 A2(1— )
as a rough estimate, but can also be used to gain undersgand?:] = S 1 _) 2()\ F 1(_ I\ )+</\2*>‘(<*1)+6
on the back-pressure policy itself. Further, we also compar L (Iv.24)
the performance of the back-pressure policy with the makimahere) is the arrival rate in packets/slot agd= 2E]£)a[a] +0.5is
policy [2], [21] in Sections IV-B and IV-C. the mean residual time in an active period. Simulation tesul

We implemented an algorithm to compute all the exclusiva Fig. 5 show that this lower bound virtually coincides with
sets of a graph under a given interference model. We ald® delay performance of the optimal scheme [19].
implement Algorithm 1 and the back-pressure policy desttib  The value ofa in the back-pressure policy can be used to
in Section 1I-A. Cplex [8], an integer-programming solvercontrol the relative priority of links. For example, assuthat
was used to compute the maximum weight matchings. Wee queue lengths at different nodes in the tandem queuesare a
simulate the Tandem Queue in Section IV-A under a 1-hghown in Fig. 4(a). Forv = 1, the differential backlog& Q1
interference model because a delay optimal policy [19] fahroughVQ$ are 20, 30, 10, 5, 5, 12, 17 and 1, respectively.
this case is known. Except for the Tandem Queue, the Rer o = 0.1, the differential backlogsv@? through VQ?$
hop interference model has been used in all other simuktioare 0.035, 0.071, 0.033, 0.019, 0.022, 0.007, 0.335 and 1,
All the simulations have been run long enough for the 95%spectively. Notice that as the value of decreases, the
confidence intervals to become small as shown in Figs. 6 avalue of differential backlog between two non-empty queues
7. becomes smaller. The differential backlog at the last hop

Arrival Processes: The arrival stream at each source is decomes comparatively large for small valuesagfthereby
series of active and idle periods. During the active peritiils increasing the relative priority of the last link. We observ
source injects one packet into the queue in every time sha. Tfor small values of«, most of the queueing takes place in
length of the active periods (denoted by random varial)le the first few hops of the flow and the average backlogs at
are distributed according the Zipf law with power exponerthe downstream links are very small. Intuitively, the scleem
1.25 and support [1,2,3,...,100]. Heavy tailed distribné reduces to the delay optimal scheme as confirmed by the
like Zipf, have been found to model the Internet traffic [6]simulation results shown in Fig. 5.
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Indeed, the scheme in [19] is valid only for the tanderim Fig. 4(d), no more than two links can be scheduled at
queue undei-hop interference model. It has been suggestédy time under 2-hop interference constraints, i.e. Xor=
in the literature [11], [18] that the delay performance afgde- {1,2,3...,8}, Ix(t) < 2. It can be easily verified that the
hop systems improves as goes to zero. We also observe a@nalysis presented in Section 1lI-B can be used to reduce the
similar pattern for the tandem queue. However, as we will segstem to a G/D/2 queue having arrivald () and4A;(t)
later, this observation may not be generalizable to a nali- respectively.
wireless networks with several flows, since for small values We simulated the system with load vectp(0.25,0.25)
of «, certain flows may be starved for resources. packets/slot and observed that the lower bounds derivedéy t
analysis of the G/D/2 system are tighter when 0.7. We also
obtained lower bounds using the bottlenecks corresponding

Consider a dumbbell topology (Fig. 4(b)), with multipleto exclusive sets{1,2,3} and {6,7,8 for flows | and Il
flows passing through a single link with the load vectorespectively. These bounds are nonetheless useful fot ligh
0(0.1,0.2,0.15,0.05) packets/slot. The bottleneck exclusivdoads. Thus, it is possible to derive accurate lower bounds f
set has been highlighted in Fig. 4(b). The performance dfbache wireless system by considering appropriate bottleneck
pressure policydq = 0.1) is compared with that of the lower We would like to note that in this case, flows | and II
bound in Fig. 6. This example shows that the back-pressurave the same source and destination nodes and the two flows
policy is able to share the resources among the flows inirgeract closely with each other because of link interfeesn
manner such that the overall delay of the system is closeWe found that fore < 0.1, flow Il is starved when the system
the lower bound. We also note that the delay performanceisfhighly loaded f > 0.9). This is because, for small values
the back-pressure policy is significantly better than tfghe of «a, the differential backlogs are very similar in value to
maximal scheduling policy [2], [21]. each other, even if some of the queues are very long. Hence,
the algorithm is not able to preferentially schedule thegkem
gueues in the system. Far= 0.1, the performance at lighter

Consider a tree topology with three flows converging agads is however, very similar to that for = 0.25, which is
the root of the tree shown in Fig. 4(c) with load vectoshown in Fig. 8.

p(0.2,0.25,0.15) packets/slot. Such a topology is often found ) o

in sensor networks, wireless access networks etc. For the Analysis of the Example in Fig. 1

case simulated here, Algorithm 1 decomposes the system intdn this example, we analyze the wireless grid with randomly

two bottlenecks. Note that the inequality (111.19) would bgenerated flows initially described in Fig. 1. There are s@lve

loose, since flows Il and Ill pass through different number dfottlenecks in this system which interfere with each other

links in the bottleneck. Also, Algorithm 1 underestimatas t under the2-hop interference model. We studied the system for

lower bound by neglecting the interference between the teveral different input load vectors. We find that depending

bottlenecks. As shown in Fig. 7, the performance of backn the input load vector, Algorithm 1 computes different

pressure policy ¢ = 0.1) is significantly better than that of decompositions for the flows in the system. We discuss two

the maximal scheduling policy and is also close to the low&gpresentative load vectors to evaluate the impact of the

bound. This suggests that the impact of the relaxations magtaxations made in the analysis.

in the analysis is relatively small in this case. Case 1:

A =(0.12,0.15,0.12,0.06,0.12,0.15,0.12) packets/slot.

For the given load vector, Algorithm 1 computes the de-
We now illustrate the application of the lower bound anatomposition {{Il, VI };{l, V};{lll };{IV};{VII}}. Note that

ysis to a @, X)-bottleneck. For the given cycle networkflow IV interferes with flows Il and VI significantly, but

B. Dumbbell topology

C. Tree Topology

D. Cycle Topology
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this effect is not captured by the lower bound analysis. Also
note that flow | interferes with flows IV and VI. The lower
bound computed by Algorithm 1 is 185.9 slots/packet. We
also simulated the system under the back-pressure policy fo
several different values af. The average delay was found to
be 308.0 slots/packet farx = 0.4. For smaller values of, processor splitting is allowed.

flow VI was starved for resources resulting in larger delays. . Stochastic Bounds using Lyapunov drifitis method is
The average delay foor = 0.25 and o = Q.l was 323.3 developed in [7], [13], [16], [17] and is used to derive
slots/packet and 476.2 slots/packet respectively. upper bounds on the average queue length for these
Ease 2 Kets/s] systems. However, these results are order results and
A= (0'12’0'15’0'12’0'0’0‘12’0'15’0'12) packets/slot. provide only a limited characterization of the delay of
In this case, we remove flow IV from the system and keep 4 system. For example, it has been shown in [17] that
all other arrivals rate the same. The lower bound computed by o 1o matching policies achiev@(1) delay for
Algorithm 1 is 196._0 slots/packet. The average delay unuker t networks with single-hop traffic when the input load is
back-pressu_re p_oll_cy was found to be 2_30'7 slots/packet for i, e reqyced capacity region. This analysis however, has
o = 0.25 which is in better agreement with the lower bound o\ boan extended to the multi-hop traffic case, because
as compared to the previous case, even though flow | interfere of the lack of an analogous Lyapunov function for the
with flow VI. Interestingly, in this case, decreasing theuel back-pressure policy
of o causes an increase in the queues along flow II, while ') 50" peviations: Large deviation results for cellular
increasing the value ofv causes an increase in the queues systems have been obtained in [14], [20], [23] to cal-

along flow VII' T/he zli(veragg delay f(lu :/ 0.4kanda =01 | culate queue-overflow probability. Similar analysis is
was 254.7 slots/packet and 244.1 slots/packet respactive much more difficult for the multi-hop wireless network

hThelse eﬁamplis e;)lsokshow that it II'S n(?]n-tnw_al_ t(_) pre(::ct considered here, due to the complex interactions between
the value ofo in the back-pressure policy that minimizes the . arrival, service, and backlog process.

average delay in the system. Thus, small valuexos not

the system or to study the workload process in the
heavy traffic regime. It has been shown in [4] that the
maximum-pressure policy (similar to the back-pressure
policy) minimizes the workload process for a stochastic
processing network in the heavy traffic regime when

sufficient for the policy to be delay-efficient. Here, we have taken a different approach to reduce the
wireless network to single queueing systems which are then
V. DISCUSSION ANDRELATED WORK analyzed to construct the lower bound. This technique cagtu

Much of the analysis [2], [7], [15] for multi-hop wirelessthe essential features of the wireless network and is useful
networks has been limited to establishing the stabilityh® t since, in many cases, we can also find that the back-pressure
system. Whenever there exists a scheme that can stabifindicy performs close to the lower bound. Perhaps, the most
the system for a given load, the back-pressure policy is alspportant advantage of the lower bound is that it is simple to
guaranteed to keep the system stable. Hence, it is referr@sl t compute and can be used for analyzing a large class of arrival
a throughput-optimal policy. It also has the advantage ofde processes using known results in the queueing literatdre [5
a myopic policy in that it does not require the knowledge of Our approach, however, depends on the efficient computa-
the arrival process. In this paper, we have taken an importajon of the bottlenecks in the system. A complete character-
step towards the expected delay analysis of these systemsization of the bottlenecks in a multi-hop wireless netwosk i

The general research on the delay analysis of scheduliag extremely difficult problem. Exclusive sets charactsiin
policies has progressed in the following main directions:  [10] prove to be a good beginning for delay analysis. However

o Heavy traffic regime using fluid model&luid models they are not enough to obtain tight lower bounds, as shown in

have typically been used to either establish stability ¢fie case of a cyclic network.



The design of a delay optimal policy that achieves minimuto the back-pressure algorithm, the backlogs guide it appro
possible average delay of packets in the network for a giveniately to schedule resources carefully among the flows in
routing matrix has proved to be very challenging. Exceptaforthe network. It is interesting to note that the back-pressur
delay optimal scheduling scheme for the tandem queue untigye of policies, which were designed primarily for achiayi
the node exclusive interference model derived in [19], multe maximum throughput, can also be engineered to achieve good

is known for other topologies and interference models.

In [22], delay optimal schemes for wireless networks have
been proposed, which typically minimize an expected dela
metric assuming that the system behaves as M/M/1. Give
the complexity involved in scheduling link transmissionsai
multi-hop wireless system, it is highly unlikely that the ML 2l
approximation could be accurate.

In [9], the authors propose a policy that guarantees that the
per-flow end-end packet delay is within a constant factor off
the optimal, for a node-exclusive interference model, véven 4
the input load,\, is within 1/5 of the capacity region('.

The analysis is carried out for Poisson traffic using Kelly’s[5]
theorem for quasi-reversible networks. The “poissondtion
scheme mentioned in Section 9 of the paper can, howevd§]
cause the delay of the system to grow substantially. Therlowe
bound analysis presented in this paper is applicable for gg
arbitrary A € C', a more general class of arrival processes and
more general interference constraints. i8]

The MWM-« algorithm was studied for switches by [11] [g]
and their simulations suggest that the delay of the system
reduces with the value of alpha. This algorithm was al o
analyzed in the heavy traffic regime using fluid models for thez1;
case of switched networks (that include single-hop wireles
networks) by [18] and it was conjectured that the delay of
the system reduces as goes to zero. However neither off12]
these studies focused on multi-hop wireless networks dlsis
not clear that the multiplicative state-space collapsesnies
for the MWM-« policy for switched networks will also be [13]
observed with the back-pressure policy for multi-hop waes
networks. As noted by us in the discussions in Sections V4D,
and IV-E, some of the flows may be starved for resources
whena is small. Hence the intuition from the single-hop case
does not automatically generalize to the multi-hop case.

1]

VI. CONCLUSION (16]
In this paper, we have described a simple approach 9
reduce the bottlenecks in a multi-hop wireless to singleugue
systems to carry out the lower bound analysis. We emphasi#¥
that even in the wireline setting, obtaining results beyoqgg]
the product form networks has been very difficult. For the
tandem queue network, where the delay optimal policy is
known, the expected delay of the optimal policy numericallg%o]
coincides with the lower bound. The analysis is very general
and admits a large class of arrival processes. Also, the/sisal [21]
can be readily extended to handle channel variations. The
main difficulty, however is in identifying the bottlenecks i [22]
the system. The lower bound not only helps us identify
near-optimal policies, but may also help in the design of 3a]
delay-efficient policy. Although we do not explicitly inpthe
information regarding the arrival processes or the bogibds

] J. G. Dai and W. Lin.

] X. Lin, N. B. Shroff, and R. Srikant.

delay performance.
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