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CHAPTER 1. Introduction

With the ever increasing popularity of wireless networks, wireless devices are prevalent
in our daily life. With cell phones and cellular networks, we can chat with others almost
everywhere and anytime; with laptops and Wi-Fi access points, we can easily access a large
variety of information online; and with GPS on our vehicles, driving has become much easier
than before. Wireless communications have become such an important technology, and is
penetrating every aspect of our daily life. Nowadays, wireless networks not only need to support
traditional voice communications, but also are carrying more and more Internet traffics such
as e-mails, instant messages, and even video streaming. All these applications are demanding
wireless networks to support fast and reliable communications.

To build a high-performance wireless network, a key challenge is to allocate the wireless
resources dynamically and efficiently among users. This resource allocation problem or schedul-
ing problem is at the core of wireless network design. Compared to traditional wired networks,
this scheduling in wireless networks is much harder because of the reasons listed below. First
of all, the bandwidth of wireless networks is limited. A typical transmission rate in a wireless
network is at the order of tens of megabits per second, while gigabits per second transmission
rate can be easily achieved in wired networks. Second, in wireless communications, channel
quality may vary significantly across users, locations and time. We therefore need to learn
channel conditions and schedule links intelligently based on channel qualities. Finally, nearby
transmissions can significantly interfere with each other, so we cannot activate all link at the
same time and need to schedule them properly. In a summary, limited bandwidth, rapidly
varying channel qualities and wireless interference make it difficult to design high performance

scheduling algorithms in wireless networks, which is the key to the success of next-generation
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wireless networks.

In this thesis, I first looked at the scheduling problem in the downlink of wireless cellu-
lar networks. Designing multiuser scheduling algorithms in cellular networks is a very chal-
lenging problem because of multi-scale dynamics: channel-level dynamics (channel fading),
packet-level dynamics (stochastic packet arrivals) and flow-level dynamics (dynamic flow ar-
rivals/departures). A seminal result in this area is the celebrated MaxWeight scheduling [14],
which deals with both channel-level and packet-level dynamics by selecting users based on the
product of channel state and queue length. Under the assumption that the set of users/nodes
is fixed and all traffic flows are persistent, the MaxWeight scheduling is throughput optimal
for general channel and traffic models [4-6]. In other words, it can stabilize any traffic that is
stabilizable by any other schemes.

While the results in [3—-6] demonstrate the power of MaxWeight-based algorithms, they
were obtained under the assumptions that the number of users in the network is fized and the
traffic flow generated by each user is long-lived, i.e., each user continually injects new bits into
the network. In other words, flow-level dynamics is not considered in these results. However,
in practical systems, users dynamically arrive to transmit data and leave the network after
the data are fully transmitted. In a recent paper [1], the authors showed that the MaxWeight
algorithm is in fact not throughput optimal in networks with flow-level dynamics by providing
a clever example showing the instability of the MaxWeight scheduling. The intuition is as
follows: if a long-lived flow does not receive enough service, its backlog builds up, which forces
the MaxWeight scheduler to allocate more service to the flow. This interaction between user
backlogs and scheduling guarantees the correctness of the resource allocation. However, if a
flow has only a finite number of bits, its backlog does not build up over time and it is possible
for the MaxWeight to stop serving such a flow and thus, the flow may stay in the network
forever. Thus, in a network where finite-sized flows continue to arrive, the number of flows in
the network could increase to infinity. One may wonder why flow-level instability is important
since, in real networks, base stations limit the number of simultaneously active flows in the

network by rejecting new flows when the number of existing flows reaches a threshold. The
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reason is that, if a network model without such upper limits is unstable in the sense that the
number of flows grows unbounded, then the corresponding real network with an upper limit
on the number of flows will experience high flow blocking rates. This fact is demonstrated in
the simulation parts of Chapter 2 and Chapter 3 later.

In [1], the authors address this instability issue of MaxWeight-based algorithms, and estab-
lish necessary and sufficient conditions for the stability of networks with flow-level dynamics.
The authors also propose throughput-optimal scheduling algorithms. However, as the authors
mention in [1], the proposed algorithms require prior knowledge of channel distribution and
traffic distribution, which is difficult and sometimes impossible to obtain in practical systems,
and further, the performance of the proposed algorithms is also not ideal. A delay-driven
MaxWeight scheduler has also been proposed to stabilize the network under flow-level dynam-
ics [2]. The algorithm however works only when the maximum achievable rates of the flows
are identical.

Since flow arrivals and departures are common in reality, the focus of my Ph.D. study is to
develop practical scheduling algorithms that are throughput-optimal under flow-level dynamics.
I first studied the single-channel case, where we consider a wireless downlink system with a
single base station and multiple users (flows), and the base station uses a single frequency
band (channel) for transmission. Based on this model, first, the necessary conditions for flow-
level stability of networks were obtain. I have also developed algorithms that are based on
the estimated workload, the number of time slots required to transmit the remainder of a flow
based on the best channel condition seen by the flow so far for scheduling and proved that the
algorithm is throughput-optimal under flow-level dynamics.

After that, motivated by current and next generation cellular systems (e.g., WiMax and
LTE) implementing the Orthogonal Frequency Division Multiplexing (OFDM), I have inves-
tigated multichannel wireless cellular networks. These systems have hundreds of sub-carriers,
and are grouped into tens of channels for scheduling purposes. In a multichannel network,
the base station can transmit to multiple mobile users simultaneously over different channels.

Specifically, similar to the single-channel case, we consider a downlink wireless network where
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a base station is responsible for scheduling downlink transmissions. We assume mobile users
dynamically join the network for receiving finite-sized files and leave the network after down-
loading the files. For such multichannel wireless networks, an important question that should
be answered is the following: Are the algorithms designed for single-channel networks [1,2, 16]
still throughput optimal for multichannel networks in the presence of flow-level dynamics? The
answer to this question is mo. A counter example will be presented in Chapter 3. In fact in
multichannel wireless networks, the base station not only needs to decide which flow to serve on
each channel, but also how to split a flow across multiple channels. We call the second prob-
lem the channel-assignment problem. Designing the channel-assignment algorithm is a key
contribution of this chapter, which makes both the intuition and the analysis fundamentally
different from those for single-channel networks.

Based on the ideas stated above, we first derive the necessary conditions for the stability
of multi-channel downlink networks in the presence of flow-level dynamics. Then, we develop
a throughput optimal algorithm, which we call joint channel-assignment and workload-based
scheduling (CA-WS), in which the channel assignment algorithm is derived based on an op-
timization formulation and its Lagrangian dual. We prove that the CA-WS algorithm is
throughput optimal in the presence of flow-level dynamics. Although it seems that by now we
have solved the problem, a problem comes up, which is that the CA-WS algorithm starts to
serve a flow only after the complete file is received at the base-station, so the performance of
the CA-WS is worse than the MaxWeight in light or medium traffic regimes. We then propose
a hybrid CA-WS algorithm, which schedules those flows who are still injecting packets to the
base station using the MaxWeight scheduling; and schedules fully arrived flows (those flows who
have been completely transferred to the base-station) using an algorithm called workload-based
scheduling. The hybrid CA-WS algorithm seamlessly combines the MaxWeight scheduling and
the workload-based scheduling, and we prove that it is also throughput optimal in multichannel
downlink networks with flow-level dynamics. Simulation results will be presented in Chapter
3 to validate the performances of the proposed algorithms.

During my Ph.D. study, I also investigated the resource allocation problem in wireless
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peer-to-peer networks in the presence of flow-level dynamics for real-time traffic, i.e., each
packet is associated with a hard deadline. In wireless peer-to-peer networks, each pair of
users is allowed to communicate directly with each other. All transmissions are single-hop.
This communication pattern is more efficient compared to the transmission pattern in cellular
networks in the sense that the delivery of each packet no longer needs to go through two hops
- uplink and downlink. However, in wireless peer-to-peer networks, the admission control and
medium access control are very important because concurrent transmissions may cause severe
interference if they are not arranged wisely. We assume there is a limited-functional central
controller in the wireless peer-to-peer network, which schedules transmissions in each time
slot, and our objective is designing a joint congestion control and scheduling algorithm which
maximizes the network welfare while satisfying the delay constraints of the users.

The well-known MaxWeight scheduler [3,14] is still throughput optimal here when the
user population is fixed, but no longer provides maximum throughput in the presence of flow-
level dynamics. We have developed novel solutions to handle this problem in wireless cellular
networks. However, none of them are meant to support the traffic with strict delay constraints.

In Chapter 4, we propose an optimization formulation for the problem of service allocation
and scheduling of real-time messages under strict per-message deadline constraints in wireless
peer-to-peer networks. We show that using the fact that the network is aware of the location of
the devices allows us to deal with the difficulty of scheduling small-sized messages, translating
the problem of serving message requests into a long-term formulation where messages are
grouped by regions where channel and interference conditions are similar. The formulation
allows for very general interference constraints and arrival models. Based on this modeling, we
design an optimal service controller and scheduler that allocates service such that it maximizes
the total network utility in a stochastic sense, while meeting deadline constraints. Through
simulations we compare our algorithm against the MaxWeight scheduling algorithm which is
an optimal solution for scheduling persistent real-time traffic and show the limitations of the
MaxWeight approach to handle real-time messages for providing fairness, and the need to

develop a new approach.
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After addressing the resource allocation problem in wireless networks with single-hop traf-
fic flows, I started to look at the resource allocation in wireless networks with multihop flows.
Although most of existing practical wireless networks include only single-hop data transmis-
sions, multi-hop wireless networks have many important applications and are expected to be
deployed in future.

A widely-used algorithm to stabilize multi-hop flows in wireless networks is the back-
pressure algorithm proposed in [3], which can stabilize any traffic flows that can be supported
by any other routing/scheduling algorithm. We refer to [9,10] for a comprehensive survey on
the back-pressure algorithm and its variations. A key idea of the back-pressure algorithm is
to use largest queue difference as link weight, and schedule the links with largest aggregated
weights. Therefore, the back-pressure algorithm requires constant exchange of queue-length
information among neighboring nodes. Furthermore, under the back pressure algorithm, the
sum of the queue lengths along a route increases quadratically as the route length [18], which
leads to poor delay performance. The most important thing is, the back-pressure algorithm
is optimal only for the network without flow-level dynamics. When the system has flow-level
dynamics, it is no longer throughput optimal as pointed out in [1].

To address the scheduling problem in the presence of flow-level dynamics, we can think
of the nodes in wireless ad-hoc networks as “access points” (AP). Each user who wants to
transmit data should first associate with a particular AP and transmit data to it, and then
the associated AP will forward the data to the destination AP through wireless links, who
will finally dump the data to the destination user. By doing this we “translate” the flow-
level dynamics to packet-level dynamics. Now the question is, considering the drawbacks of
the back-pressure algorithm, can the network be stabilized without using back pressure? We
address this question in a multi-hop wireless network with fixed routing. We note that a
multi-hop flow with a fixed route can be broken into multiple single-hop flows, one for each
link on the route. A scheduling policy that stabilizes the collection of single-hop flows also
provides sufficient service for supporting the set of multi-hop flows. Therefore, assuming each

link knows the aggregated rate it needs to carry, an alternative scheduling approach is to let
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each link generate virtual packets according to the aggregated rate and then let the network
schedule the links according to the virtual queues. When a virtual queue is scheduled, real
packets are served according to the allocated link rate. This approach is throughput optimal
under the fixed routing assumption, but again requires information exchange in network. A
source needs to estimate the arrival rate of the associated flow and communicate the rate to
all nodes along the route of the flow. A directly following question is whether and under what
conditions, it is possible to stabilize a network without explicitly exchanging any information
among nodes in the network.

In Chapter 5, we present an algorithm that can achieve this goal for networks where ()
the arrival rates of flows follow some statistical property, and (%i) routes of flows are fixed. We
propose a self-regulated MaxWeight scheduling algorithm where each node estimates the ag-
gregated link rate locally, i.e., by taking average over the past arrivals on that link. We would
like to emphasize that the accuracy of link-rate estimates relies on the stability of the network
because if one queue builds up, it blocks packets to down-stream nodes so that those nodes
cannot accurately estimate the link rates. On the other hand, the stability of the network relies
on the accuracy of the link-rate estimates. This is an interesting paradox which makes the
stability of the self-regulated MaxWeight scheduling a non-trivial problem. In Chapter 5, we
prove that the self-regulated MaxWeight scheduling is throughput optimal when both (i) and
(ii) are satisfied. The self-regulated MaxWeight scheduling combined with distributed schedul-
ing algorithms such as the CSMA-based scheduling [19-21] provides a scheduling algorithm for
multi-hop wireless networks, which does not require any information exchange in the network.
Finally, we would like to comment that the proposed algorithm is motivated by the idea of
regulators, which was first proposed for re-entrant lines in [22] and later used for scheduling
in wireless networks [23]. Our algorithm however does not require any information exchange
in network, while the algorithm in [23] requires the mean arrival rates to be communicated to
regulators in the network.

The rest of the report is organized as follows. In Chapter 2 and 3, I present our works on

wireless cellular networks, for the single-channel case and the multi-channel case respectively.
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In Chapter 4, our work on the resource allocation problem in wireless peer-to-peer networks is
presented. The solution to the scheduling problem in wireless multi-hop networks is introduced

in Chapter 5. In Chapter 6, I conclude my Ph.D. research.
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CHAPTER 2. Scheduling in Single-channel Wireless Cellular Networks

In this chapter, I present the scheduling algorithm for wireless single-channel system with
flow-level dynamics, which will be extended to the multi-channel case in Chapter 3. We assume
the network contains both long-lived flows, which keep injecting bits into the network, and
short-lived flows, which have a finite number of bits to transmit. A short-lived flow joins the
network to download some packets, and leaves the system when all its packets are transmitted.

The terminology of long-lived and short-lived flows above has to be interpreted carefully
in practical situations. In practice, each flow has a finite size and thus, all flows eventually
will leave the system if they receive sufficient service. Thus, all flows are short-lived flows
in reality. Our results suggest that transmitting to users who are individually in their best
estimated channel state so far is thus, throughput optimal. On the other hand, it is also well
known that real network traffic consists of many flows with only a few packets and a few
flows with a huge number of packets. If one considers the time scales required to serve the
small-sized flows, the large-sized flows will appear to be long-lived (i.e., persistent forever) in
the terminology above. Thus, if one is interested in performance over short time-scales, an
algorithm which considers flows with a very large number of packets as being long-lived may
lead to better performance and hence, we consider the more general model which consists of
both short-lived flows and long-lived flows. Our simulations in Section 2.6 confirm the fact
that the algorithm which treats some flows are being long-lived leads to better performance
although through-optimality does not require such a model. In addition, long-lived flows
partially capture the scenario where all bits from a flow do not arrive at the base station all

at once.
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10

2.1 Basic Model

Network Model: We consider a discrete-time wireless downlink network with a single
base station and many flows, each flow associates with a distinct mobile user. The base station
can serve only one flow at a time.

Traffic Model: The network consists of the following two types of flows:

e Long-lived flows: Long-lived flows are traffic streams that are always in the network

and continually generate bits to be transmitted.

e Short-lived flows: Short-lived flows are flows that have a finite number of bits to
transmit. A short-lived flow enters the network at a certain time, and leaves the system

after all bits are transmitted.

We assume that the set of long-lived flows is fixed, and short-lived flows arrive and depart.
We let [ be the index for long-lived flows, £ be the set of long-lived flows, and L be the
number of long-lived flows, i.e., L = |£|. Furthermore, we let X;(¢) be the number of new
bits injected by long-lived flow [ in time slot ¢, where X;(t) is a discrete random variable with
finite support, and independently and identically distributed (i.i.d.) across time slots. We also
assume E[X;(t)] = x; and X;(t) < X™** for all [ and t.

Similarly, we let i be the index for short-lived flows, Z(t) be the set of short-lived flows in
the network at time ¢, and I(t) be the number of short-lived flows at time t, i.e., I(t) = |Z(t)].
We denote by f; the size (total number of bits) of short-lived flow i, and assume f; < F™2* for
all 4.

It is important to note that we allow different short-lived flows to have different maximum
link rates. A careful consideration of our proofs will show the reader that the learning algorithm
is not necessary if all users have the same maximum rate and that one can simply transmit to
the user with the best channel state if it is assumed that all users have the same maximum
rate. However, we do not believe that this is a very realistic scenario since SNR variations will

dictate different maximum rates for different users.
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Residual Size and Queue Length: For a short-lived flow i, let Q;(¢), which we call the
residual size, denote the number of bits still remaining in the system at time ¢. For a long-lived
flow 1, let Q;(¢) denote the number of bits stored at the queue at the base station.

Channel Model: There is a wireless link between each user and the base station. Denote
by R;(t) the state of the link between short-lived flow ¢ and the base station at time t (i.e.,
the maximum rate at which the base station can transmit to short-lived flow i at time ¢), and
R;(t) the state of the link between long-lived flow [ and the base station at time ¢. We assume
that R;(t) and R;(t) are discrete random variables with finite support. Define R*** and R}"**
to be the largest values that these random variables can take, i.e., Pr(R;(t) > Rj*™) = 0 for

each j € L|J(U,Z(t)). Choose py®* >0 and R™** > 0 such that

Pr(R;(t) = R™) > pax Vi, t

S

max {max; R"*, max; Rj"**} < R™**,

The states of wireless links are assumed to be independent across flows and time slots (but
not necessarily identically distributed across flows). The independence assumption across time

slots can be relaxed easily but at the cost of more complicated proofs.

2.2 Workload-based Scheduling with Learning

In this section, we introduce a new scheduling algorithm called Workload-based Scheduling
with Learning (WSL).

Workload-based Scheduling with Learning: For a short-lived flow ¢, we define

RMX(f) = max R;i(s
max{t—D,b; } <s<t

where b; is the time short-lived flow ¢ joins the network and D > 0 is called the learning period.
A key component of this algorithm is to use R;"®* to evaluate the workload of short-lived flows
(the reason will be explained in a detail in Section 2.4). However, R*® is in general unknown,

so the scheduling algorithm uses E?‘ax(t) as an estimate of R;"®*.
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During each time slot, the base station first checks the following inequality:

o' Z { Qilt) -‘ > max Q;(t)Ry(t), (2.1)

ez | @) | e

where o > 0.

e If inequality (2.1) holds, then the base station serves a short-lived flow as follows: if at least
one short-lived flow (say flow i) satisfies R;(t) > Q;(t) or R;(t) = R™X(t), then the base
station selects such a flow for transmission (ties are broken according to a good tie-breaking
rule, which is defined at the end of this algorithm); otherwise, the base station picks an

arbitrary short-lived flow to serve.
e If inequality (2.1) does not hold, then the base station serves a long-lived flow [* such that
S t)Ry(t
arg max Qu(t) Ri(¢)
(ties are broken arbitrarily).

“Good” tie-breaking rule: Assume that the tie-breaking rule is applied to pick a short-
lived flow every time slot (but the flow is served only if a3 ;7 [;#%1 > maxjer Qi(t)Ry(t)).
We define &,,;55(t) to be the event that the tie-breaking rule selects a short-lived flow with

R (t) % R™X_ Define

Wilt) = igj@ {f;nfﬂ :

which is the total workload of the system at time t. A tie-breaking rule is said to be good if
the following condition holds: Consider the WSL with the given tie-breaking rule and learning

period D. Given any €,,;ss > 0, there exist IV, and D, such that

miss €miss

PI“ (gmzss(t)) S Emiss

itD>D and Ws(t—D) > N,

€miss miss*

Remark 1: While all WSL scheduling algorithms with good tie-breaking rules are through-
put optimal, their performances in terms of other metrics could be different depending upon

the tie-breaking rules. We consider two tie-breaking rules in this chapter:
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e Uniform Tie-breaking: Among all short-lived flows satisfying R;(t) = R™(t) or

R;i(t) > Qi(t), the base-station uniformly and randomly selects one to serve.

e Oldest-first Tie-breaking: Let §; denote the number of time slots a short-lived flow
has been in the network. The base station keeps track 7; = min{7, 3;} for every short-
lived flow, where T is some fixed positive integer. Among all short-lived flows satisfying
Ri(t) = R™*(t) or R;(t) > Qi(t), the tie-breaking rule selects the one with the largest

7;, and the ties are broken uniformly and randomly.'

The “goodness” of these two tie-breaking rules are proved in Appendix C and D of our technical
report [16], and the impact of the tie-breaking rules on performance is studied in Section 2.6
using simulations.

Remark 2: The « in inequality (2.1) is a parameter balancing the performance of long-lived
flows and short-lived flows. A large « leads to a small number of short-lived flows but large
queue-lengths of long-lived flows, and vice versa.

Remark 3: In Theorem 3, we will prove that WSL is throughput optimal when D is
sufficiently large. From purely throughput-optimality considerations, it is then natural to
choose D = co. However, in practical systems, if we choose D too large, such as oo, then it is
possible that a flow may stay in the system for a very long time if its best channel condition
occurs extremely rarely. Thus, it is perhaps best to choose a finite D to tradeoff between
performance and throughput.

Remark 4: If all flows are short-lived, then the algorithm simplifies as follows: If at least
one short-lived flow (say flow i) satisfies R;(t) > Q:(t) or R;(t) = R™®*(t), then the base station
selects such a flow for transmission according to a “good” tie-breaking rule; otherwise, the base
station picks an arbitrary short-lived flow to serve. Simply stated, the algorithm serves one of
the flows which can be completely transmitted or sees its best channel state, where the best
channel state is an estimate based on past observations. If no such flow exists, any flow can

be served. We do not separately prove the throughput optimality of this scenario since it is

We set a upper bound 7 on j for technical reasons that facilitate the throughput-optimality proof. Since 7
can be arbitrarily large, we conjecture that this upper bound is only for analysis purpose, and not required in
practical systems.
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a special case of the scenario considered here. But it is useful to note that, in the case of
short-lived flows only, the algorithm does not consider backlogs at all in making scheduling
decisions.

We will prove that WSL (with any a > 0) is throughput-optimal in the following sections,
i.e., the scheduling policy can support any set of traffic flows that are supportable by any other
algorithm. In the next section, we first present the necessary conditions for the stability, which

also define the network throughput region.

2.3 Necessary Conditions for Stability

In this section, we establish the necessary conditions for the stability of networks with
flow-level dynamics. To get the necessary condition, we need to classify the short-lived flows

into different classes.

o A short-lived flow class is defined by a pair of random variables (R, F ). Class-k is associated
with random variables Ry, and F,.2 A short-lived flow i belongs to class k if R;(t) has the
same distribution as Ry and the size of flow i (f;) is a realization of F}. We let Ay (t) denote
the number of class-k flows joining the network at time ¢, where Ay (¢) are i.i.d. across time
slots and independent but not necessarily identical across classes, and E[Ag(t)] = Ax. Denote
by K the set of distinct classes. We assume that K is finite, || = K, and Ag[t] < X for

all t and k € K.

e Let ¢ denote an L-dimensional vector describing the state of the channels of the long-lived
flows. In state c, R, is the service rate that long-lived flow I can receive if it is scheduled.

We denote by C the set of all possible states.

e Let C(t) denote the state of the long-lived flows at time ¢, and 7. denote the probability

that C(t) is in state c.

2We use " to indicate that the notation is associated with a class of short-lived flows instead of an individual
short-lived flow.
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e Let pc; be the probability that the base station serves flow [ when the network is in state c.

Clearly, for any c, we have

ch,l <1

lel

Note that the sum could be less than 1 if the base station schedules a short-lived flow in this

state.

o Let pc s be the probability that the base station serves a short-lived flow when the network

is in state c.

e Let Oy 5(t) denote the number of short-lived flows that belong to class-k and have residual

size Q(t) = B. Note that § can only take on a finite number of values.

Theorem 1. Consider traffic parameters {x;} and {\y}, and suppose thatl there exists a

scheduling policy guaranteeing

Fmax
Jim B D+ Orplt)| < oo
lel ke p=1

Then there exist pcy and pic,s such that the following inequalities hold:

x; < Zﬂcpc,ch,l vie L. (2.2)
ceC

By
R;cnax

<ch,l> + pe,s < 1Veel. (24)

lel

< Z He,sTe- (2.3)

ceC

Inequality (2.2) and (2.3) state that the service allocated should be no less than the user
requests if the flows are supportable. Inequality (2.4) states that the overall time used to
serve long-lived and short-lived flows should be no more than the time available. To prove

this theorem, it can be shown that for any traffic for which we cannot find pc; and pc s

satisfying the three inequalities in the theorem, a Lyapunov function can be constructed such

ol Lalu Zyl_ﬂbl
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that the expected drift of the Lyapunov function is larger than some positive constant under
any scheduling algorithm, which implies the instability of the network. The complete proof
is based on the Strict Separation Theorem and is along the lines of a similar proof in [5], and

is omitted in this chapter.

2.4 Throughput Optimality of WSL

First, we provide some intuition into how one can derive the WSL algorithm from opti-
mization decomposition considerations. Then, we will present our main throughput optimality
results. Given traffic parameters {z;} and {A;}, the necessary conditions for the supportability

of the traffic is equivalent to the feasibility of the following constraints:

T < Y eee TePeRey Vi
ZkeIC A E HVR_gka_x-H < Zcec He,sTe (2.5)
Zleﬁ Pe,l + Ue,s <1 Ye.

For convenience, we view the feasibility problem as an optimization problem with the objective
max A, where A is some constant. While we have not explicitly stated that the z’s and p’s are
non-negative, this is assumed throughout.

Partially augmenting the objective using Lagrange multipliers, we get

max A — Zleﬁ ql(a?z — ZC WcPc,ch,l) -

qs (Zke}c ME Hrﬁ-u - ZCEC ,Uc,sﬂ'c)

S-t. Zleﬁpc,l + ,U’C,S S ]. VC.

For the moment, let us assume Lagrange multipliers g; and ¢s are given. Then the maximization

problem above can be decomposed into a collection of optimization problems, one for each c :

max Z QIRc,lpc,l + Qslic,s
Pc,i Mc,s ler

s.t. YoierPei + fes < 1.

It is easy to verify that one optimal solution to the optimization problem above is:

Ol Ll Zyl_ﬂbl
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e if g3 > maxjer i Rc, then pes = 1 and pe; = 0(VI);
e otherwise, pc s = 0, and pe« = 1 for some [* € argmax ¢ R.; and p.; = 0 for other I.

The complementary slackness conditions give
qQ (xz - Z chc,ch,l> =0.
ceC
Since x; is the mean arrival rate of long-lived flow [ and ZCEC TePe,Re, 1s the mean service
rate, the condition on ¢; says that if the mean arrival rate is less than the mean service
rate, q; is equal to zero. Along with the non-negativity condition on ¢;, this suggests that
perhaps ¢; behaves likes a queue with these arrival and service rates. Indeed, it turns out
that the mean of the queue lengths are proportional to Lagrange multipliers (see the surveys
in [9-11]). For long-lived flow [, we can treat the queue-length Q;(¢) as a time-varying estimate
of Lagrange multiplier ¢;. Similarly ¢s can be associated with a queue whose arrival rate is
Y ke ME H};;’;;H , which is the mean rate at which workload arrives where workload is
measured by the number of slots needed to serve a short-lived flow if it is served when its

channel condition is the best. The service rate is . ¢ ftc,sTe Which is the rate at which the

ceC
workload can potentially decrease when a short-lived flow is picked for scheduling by the base
station. Thus, the workload in the system can serve as a dynamic estimate of g;.

Letting aW;(t) (a > 0) be an estimate of g5, the observations above suggest the following
workload-based scheduling algorithm if R*** are known.

Workload-based Scheduling (WS): During each time slot, the base station checks the

following inequality:

aW(t) > max Qu(t)Ru(t). (2.6)

e If inequality (2.6) holds, then the base station serves a short-lived flow as follows: if at least
one short-lived flow (say flow i) satisfies R;(t) > Q;(t) or R;(t) = R®*, then such a flow is
selected for transmission (ties are broken arbitrarily); otherwise, the base station picks an

arbitrary short-lived flow to serve.
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e If inequality (2.6) does not hold, then the base station serves a long-lived flow I* such that

I* € argmaxer Qi(t)Ry(t) (ties are broken arbitrarily).

e The factor a can be obtained from the optimization formulation by multiplying constraint

(2.5) by a on both sides

O
However, this algorithm which was directly derived from dual decomposition considerations
is not implementable since R;"®*’s are unknown. So WSL uses R?‘ax(t) to approximate R,

Note that an inaccurate estimate of R;"** not only affects the base station’s decision on whether

Ri(t) = R, but also on its computation of {g#){—‘ . However, it is not difficult to see that
the error in the estimate of the total workload is a small fraction of the total workload when
the total workload is large: when the workload is very large, the total number of short-lived
flows is large since their file sizes are bounded. Since the arrival rate of short-lived flows is also
bounded, this further implies that the majority of short-lived flows must have arrived a long
time ago which means that with high probability, their estimate of their best channel condition
must be correct.

Next we will prove that both WS and WSL can stabilize any traffic x; and Ax such that
(1+ €)x; and (1 + €)\g are supportable, i.e., satisfying the conditions presented in Theorem 1.
In other words, the number of short-lived flows in the network and the queues for long-lived
flows are all bounded. Even though WS is not practical, we study it first since the proof of its
throughput optimality is easier and provides insight into the proof of throughput-optimality
of WSL.

Let
M(t) = ({Qi(t) her: {Ok,5(t) Frer1<p< pmax) .

Since the base station makes decisions on M(t) and R(t) = {{Ri(t) }iez(t), { Ri(t) }iec} under
WS. It is easy to verify that M(t) is a finite-dimensional Markov chain under WS. Assume

that Ay(t), F}, and X;(t) are such that the Markov chain M is irreducible and aperiodic.

Theorem 2. Given any traffic x; and A\, such that (1 + €)z; and (1 + €)\, are supportable,
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the Markov chain M(t) is positive-recurrent under WS, and

ImE > Qi)+ ) Q)| <.

lel 1€Z(t)

Proof. We consider the following Lyapunov function:
V(t) = a (W(1)* + ) _(Qu(t))? (2.7)
lel

and prove that
EV(t+1)-V(#)M@)] < Udlmper — 5 [a)\W (t)
+ > Qut)mr| Imyer
lel
for some Uy > 0, € > 0, A > 0, and a finite set Y. Positive recurrence of M then follows from

Foster’s Criterion for Markov chains [12], and the boundedness of the first moment follows

from [13]. The detailed proof is presented in Section 2.5.

We next study WSL, where R™** is estimated from the history. We define Oy g, (t) to
be the number of short-lived flows that belong to class-k, have a residual size of 3, and have

R™X(t) = r. Furthermore, we define

M(n) = [ {Qi®) hes {Oks, (1)} ke
L<r<BP*/ (n_1)T41<t<nT

from some T > D. It is easy to see that M(n) is a finite-dimensional Markov chain under

WSL.3

Theorem 3. Consider traffic x; and A such that (1 + €)z; and (1 + €)\, are supportable.

Given WSL with a good tie-breaking rule, there exists D, such that the Markov chain M(n)

3This Markov chain is well-defined under the uniform tie-breaking rule. For other good tie-breaking rules,
we may need to first slightly change the definition of M (n) to include the information required for tie-breaking,
and then use the analysis in Section 2.5 to prove the positive recurrence.

ol Lalu Zyl_ﬂbl
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is positive-recurrent under the WSL with learning period D > D. and the given tie-breaking

rule. Further,

lim B Y Q)+ Y Qi(t)| < oo.

t—o0
lel 1€Z(t)

Proof. The proof of this theorem is built upon the following two facts:

e When the number of short-lived flows is large, the majority of short-lived flows must have
been in the network for a long time and have obtained the correct estimate of the best
channel condition, which implies that

ECUEDS

i€Z(t) v i€Z(t)

Qi(1)
Ryex(t) |

e When the number of short-lived flows is large, the short-lived flow selected by the base

station (say flow ¢) has a high probability to satisfy R;(t) = R™* or R;(t) > Q;(t).

From these two facts, we can prove that with a high probability, the scheduling decisions
of WSL are the same as those of WS, which leads to the throughput optimality of WSL. The

detailed proof is presented in Section 2.5.

2.5 Proofs

2.5.1 Proof of Theorem 2

Recall that W(t) = > ez {%T(Q(—‘ . We define R}gnax to be the largest achievable link

rate of class-k short-lived flows, and Ag(t) = >,k Ei\:’“l(t) { Rffax-‘ , which is the amount of
k

new workload (from short-lived flows) injected in the network at time ¢, and ps(t) to be the

decrease of the workload at time ¢, i.e., us(t) = 1 if the workload of short-lived flows is reduced

by one and pus(t) = 0 otherwise. Based on the notations above, the evolution of short-lived

flows can be described as:

Ws(t + 1) = Ws(t) + As(t) - Ms(t)'

ol Lalu Zyl_ﬂbl
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Further, the evolution of Q;(t) can be described as

Qi(t +1) = Qut) + Xy(t) — pu(t) +w(?),

where 1(t) is the decrease of Q);(t) due to the service long-lived flow [ receives at time ¢, and
w(t) is the unused service due to the lack of data in the queue.
We consider the following Lyapunov function

V() = a(Ws()* + Y _(Qu(t))*. (2.8)

lel

We will prove that the drift of the Lyapunov function satisfies
€ _
E[V(t+1)—V(#)M(®)] < Uslmper — 3 [ AW, (t)

+ > Qut)zr| Inygr

lel
for some Uy > 0, A > 0 and a finite set T (the values of these parameters will be defined in the
following analysis). Positive recurrence of M then follows from Foster’s Criterion for Markov
chains [12].
First, since the number of arrivals, the sizes of short-lived flows and channel rates are all

bounded, it can be verified that there exists U, independent of M(t), such that

E[V(t+1) - V()[M(#)]

=E [a (Ws(t + 1))2 -« (WS(t))2 +

D@t +1)2 =D (Qult)?

lel lel
<U + 2aWs(H)E [As(t) — ps(t)| M(t)] +
2> " QUOE[X(t) — ()| M(#)]

lel

M(t)]

<U + 2aW,(t ((ZAkE { maxw )
ke R
—E[us(t)lM(t)])
+2) Qi) pu ()| M(2)]) -
leL

www.manharaa.com




22

Recall that we assume that (1 + €)z; and (1 + €)) satisfy the supportability conditions of

Theorem 1. By adding and subtracting corresponding p¢;fc; and pic s, we obtain that

EV(t+1)—-V(@#)|M(@)]-U

IN

20Ws(0)E [E [pe,s — ps(t)| C(t) = ]| M(2)]

123" QUOE [E [peiRes — m(t)] C(t) = c]| M(2)]
leL

—2eaW ()X — 26 > Qu(t)y,
A= (Z ME

lel
keK Rglax

Next we assume C(¢) = ¢ and analyze the following quantity

where

aWi(t) (pe,s — ps (1)) + Y Qu(t) (pegRei — u(t)) - (2.9)
lel

We have the following facts:

o Fact 1: Assume that there exists a short-lived flow i such that R;(t) = R™ or R;(t) >
Q;(t). If a short-lived flow is selected to be served, then the workload of the selected flow
is reduced by one and () = 1. If long-lived flow [ is selected, the rate flow [ receives is
R ;. Thus, we have that

aWa()ps(t) + > Qut)u(t)

lel
= max {aW,(t), max; Q;(t)Re,}

> aWs (t)ﬂc,s + Z Ql (t)pc,ch,la
lel

where the last inequality holds because ), pe; + fic,s < 1. Therefore, we have (2.9) <0

in this case.

o Fact 2: Assume that there does not exist a short-lived flow i such that R;(t) = R or

R;i(t) > Qi(t). In this case, we have
(2.9) < aWs(t) + max Qi(t)Rey

< AW, (t) + R t).
< aWi(t) + rlneang()
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Now we define a set T such that
T={M: W, <Uw andQlSUQVl},

where Uy is a positive integer satisfying that

(1 — )7 < € min {\, mi;isaefl} 2 (2.10)
Uw > 2%, (2.11)

and Ug is a positive integer satisfying
Uo > % (2.12)

We next compute the drift of the Lyapunov function according to the value of M(t).

e Case I: Assume M(t) € T. According to the definition of Y, we have

E[V(t+1) — V(£)|M(t)] < U + 2aUw + 2R™ LU,.

e Case II: Assume W,(t) > Uy . Since the size of a short-lived flow is upper bounded
by F™®* W (t) > Uy implies that at least % short-lived flows are in the network at

time ¢. Define S(t) to be the following event: no short-lived flow satisfies R;(t) = R}***
or Ri(t) = Qi(t).
Recall that

min Pr(R;(t) = RP™) > p™=.

Given at least % short-lived flows are in the network, we have that

max in
Pr(lsp =1) < (1 —pd™) 7= < e

According to facts 1 and 2, (2.9) is positive only if S(¢) occurs and the value of (2.9) is

bounded by aWi(t) + R™* max;ecs Qi(t). Therefore, we can conclude that in this case
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(Case 1II),

E[V(t+1) - V(#)[M(?)]

< U+2¢ (aWs(t) + R™M™ max Qi (t))
—2eaW,(t)\ — 2¢ Z Qi(t)xy
lel
< U-eaW,(t)A—e) Qt)z (2.13)
lel
< —= [a)\W + ZQZ ] (2.14)
lel

where inequality (2.13) holds due to the definition of ¢; (2.10), and inequality (2.14)

holds due to inequality (2.11).

e Case III: Assume that Wy(t) < Uy and @Q;(t) > Ug for some [. In this case, if a

long-lived flow is selected for a given c, we have
(2.9) < aW(t)pe,s < aWs(t).

Otherwise, if a short-lived flow is selected, it means for the given ¢, we have max; Q;(t)Rc; <

aWs(t), and
(2.9) < 2aW(t).
Therefore, we can conclude that in this case,

E[V(t+1) = V(8)[M(?)]

<U + 4aW,(t) — 2eaW (A = 2¢ Y Qu(t)x (2.15)
lel
<U +4alw — 2caWs(H)A — 2¢ > Qu(t)x
lel
<— o AW+ Qi) (2.16)
lel

where the last inequality yields from the definition of Ug (2.12).
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From the analysis above, we can conclude that

B[V (t +1) - VOIM®)] < Uslmer — 5 [aAWa(t)

+> Qut)m| Imyer

leL

where Uy = U + 2aUw + 2R™LUg and T is a set with a finite number of elements. Since
V(t) > 0 for all ¢, the Lyapunov function is always lower bounded. Further the drift of the
Lyapunov is upper bounded when M(t) belongs to a finite set Y, and is negative otherwise. So
invoking Foster’s criterion, the Markov chain M(t) is positive recurrent and the boundedness
of the first moment follows from [13].

2.5.2 Proof of Theorem 3

Consider the network that is operated under WSL, and define H(t) to be

() 2 {Qult), Ru(t), Qu(t), Ra(t), R (1)}

Now given H(t), we define the following notations:

Define p9,(t) = Ry(t) if flow [ is selected by WSL, and pg,(t) = 0 otherwise.

Define po.;(t) = 1 if flow 4 is selected by WSL and the workload of flow i can be reduced

by one, and p2.;(t) = 0 otherwise.

Define pu1,(t) = Ry(t) if flow [ is selected by WS, and p1,(t) = 0 otherwise.

Define p1,;(t) = 1 if flow i is selected by WS and the workload of flow i can be reduced

by one, and p1.;(t) = 0 otherwise.

We remark that ps.;(t) is the action selected by the base station at time ¢ under WSL and
f1;5(t) is the action selected by the base station at time ¢t under WS, assuming the same history
H(t).

We define the Lyapunov function to be

V(n) = a(Wi(nT))> + > (Qu(nT)). (2.17)

lel

ol Lalu Zyl_ﬂbl
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This Lyapunov function is similar to the one used in the proof of Theorem 2, and we will show
that this is a valid Lyapunov function for workload-based scheduling with learning. Then, it

is easy to verify that there exists U; independent of M(n) such that

E[V(n+1) = V(n)[M(n)]

(n+1)T—-1
<Up +20E |Wo(nT) Y (As(t) = pais(t) M(n)]
t=nT
(n+1)T—-1
+) 2E [Qz(nT) > (X(t) = paa(h)) 1\71(71)] :
lel t=nT

Dividing the time into two segments [nT,nT + D — 1] and [nT + D, (n + 1)T — 1], we obtain
E[V(n +1) = V(n) M(n)]

<Uy + 2aW,(nT)AD + 2~ Qi(nT)z,D
lel

(n+1)T—1 3
+ 20E [WS(nT) > (Alt) = pai(t)) M(n)]

t=nT+D
(n+1)T-1
+) 2E [Ql(nT) > (X(t) = p2a(t)) M(n)] :
leL t=nT+D

Note that |Q;(t1) — Qi(t2)| and |W(t1) — Wi(t2)| are both bounded by some constants

independent of M(n), so there exists U such that
E[V(n +1) = V(n)|M(n)]

<U +20W(nT)AD +2>  Qi(nT)z;D

lel
(n+1)T—-1 B
+2E a0 Y Wilt) (As(t) — pzis(t)) M(n)]
t=nT+D

(n+1)T-1 y
+22E! S Qut) (Xt) — (1) M<n>].

lel t=nT+D

Now, by adding and subtracting p..(t), we obtain

E[V(n +1) = V(1n)[M(n)]

(n+1)T-1
<U + 20W,(nT)AD + 2> " Q(nT)z D+ Y Drift(t),
leL t=nT+D
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where

Drift ()
=2E t) + ; Qi(t) X (t) M(n)] (2.18)
— 2B[aW, (1) ;s (t) + ZZE: Qu(t) 1t () M(n)] (2.19)
+ lz; 2B[Qu(t) (1 (t) — piza (1)) [M()] (2:20)
+ 2 [aW, (1) (s (1) — pays (1) IMI(n) | (2.21)

Note that (2.20)+(2.21) is the difference between WS and WSL. In the following analysis,

we will prove that this difference is small compared to the absolute value of (2.18)+(2.19).

We define
Diff(t) =aW,(t) (p1;s(t) — p2;s(t))
+ ) QuE) (1 (t) — paa(t))
el
and

< Qi(1)
Wilt)= [Ww
i€Z(t) R; (t)

Next, we compute its value in three different situations:

e Situ-A: Consider the situation in which aWs(t) < maxjer Qi(t)Ri(t). We note that
Wi(t) > Wi(t) since R™(t) < R™ for all t and i. Therefore, given aW,(t) <
> ier Qi(t), both WS and WSL will select a long-lived flow. In this case, we can conclude
that

pig(t) = poy(t) and pys(t) = pois(t) =0,
and Diff(¢) =

o Situ-B: Consider the situation in which aWs(t) > maxjers Qi(t)R;(t). In this case, both

WS and WSL will select a short-lived flow, which implies that

py(t) = poq(t) =0,
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and

DIff(t) =TV, (t) (at) — pys (1))

< aWy(t) (1 — pg,s(t)) .

o Situ-C: Consider the situation in which aWs(t) > maxjer Qi(t)Ry(t) > aWs(t). In this
case, WS will select a long-lived flow and WSL will select a short-lived flow. We hence

have
pa(t) > 0 and p.5(t) = poy(t) =0,

and

Diff(t) = max Qu(t) Ry(t) — aWs(t)pz;s(t)

< alW(t) — aWi(t)zes(t)

According to the analysis above, we have that

E[Diff(t)|M(n)]

<E [aWs(t)|Situ-B, ) l\N/I(n)} X
Pr (Situ—B, H2;s = 0|1\7I(n)>

FE [, (8)[Situ-C, pig,s = 0, M(n)] x

Pr (Situ—C, Ho:s = O|M(n)>

FE [aW,(t) — aW,(t)[Situ-C, pa,s = I,M(n)] X

Pr <Situ-C,u2;8 = 1|M(n)) .

Next we define a finite set Y. We first introduce some constants:

: de emingx
® ¢ = mln{3—§, Sleaxl}'

® € = 32}:;%, and D., and N, are the numbers that guarantee Pr (&ss(t)) < €2, which

are defined by the goodness of the tie-breaking rule.
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o A\ = KAM ™A which is the maximum number of bits of short-lived flows injected
in one time slot, and also the upper bound on the new workload injected in the network

in one time slot.

We define a set T such that

- - W (nT) <Uyy 427+ 2212 80T
T= M(n) : 5 20T | 2TR™ 3 o :
Qu(nT)<Ugo+ + Vi

min; x; min; x;

In this definition, Uy is a positive integer satisfying that

| pmax) gl < 2.22

(1 —p™) < e, (2.22)

- B0 1 16620 \BAX T+ 80D R™ | 160l RMAX T+ 8AR2X D

O > 7—p T10e2aAy "1+ 8a 5 +16ea 8w (2.23)
F(]I'nax > Neza (224)

and UQ is a positive integer satisfying
B -~ max (77 23 o R
0, > 8U+120 R (Uyy 4 ==L

FARFF+2)T)
Q< emin; x; .

(2.25)

Since the changes of Ws(t) and Q;(t) during each time slot is bounded by some constants
independent of M(n), it is easy to verify that T is a set of a finite number of elements.

Next, we analyze the drift of Lyapunov function case by case assuming that

e — _ max
D> Pog)\e log 16 — log R -‘

2.26
log(1 — p) (226)

€

and T > [M-‘ .

e Case I: Assume that M (n) € Y. In this case, it is easy to verify that E[V (n+1)—V (n)|M(n)]

is bounded by some constant U,.

e Case II: Assume that

23, 4 R™*>T

>Uw +T.
aA =tw+

Wi(nT) > Uy + 2T +

Recall that &,is5(t) is the event such that the tie-breaking rule selects a short-lived flow with

R;“ax(t) # R, Note that p2.s(t) = 0 implies that Ess(t) occurs. Also note the following

facts:
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- For any nT < t < (n+ 1)T, we have W (t) < W (nT) + BT,

- Given Wy(nT) > Uw + T, we have Wi(t) > Uw for all nT < t < (n+1)T — 1. Then
according to the definition of e, and Uy and assumption that the tie-breaking rule is
good, we have

Pr (gmiss(t)) < e

forallnT+ D <t<(n+1)T — 1.

- Given any M(n) and any nT + D <t < (n+ 1)T — 1, we have

E [aWS(t) — aW,(t)|Situ-C, pigs = 1, M(n)] X
Pr (Situ—C, fi2s = 1|M(n))

<E [aWW, () ~ aW, (1) M(n)|

=E [E [alW,(t) - aW,(t)| Wy(t - D)I| | M(n)]

<E [a(1 — pm)PW,(t — D)R™> ax%aXD\M(n)} (2.27)

<E [a(1 - p™)P(W,(t) + D)R™ + a g™ DIM(n)|

where the inequality (2.27) holds because at most Ajj7*D bits belonging to short-lived
flows are in the network for less than D time slots at time ¢, and a flow having been

in the network for at least D time slots can estimate correctly its workload with a

;nax)D-

probability at least 1 — (1 —p

Now according to the observations above, we can obtain that

E[Diff(t)|M(n)]
<esa (Ws(nT) + \p*T) + eoa (R™™ Wi (nT') + A7)

+E [a(1 — pm™)P(W,(t) + D)R™ 4+ a\B&<D|M(n)] .
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Combining with the analysis leading to (2.13) in the proof of Theorem 2, we conclude that

Drift(t)
<2E |:61 <onS (t) + R™™ max Ql(t))

— eaW(t)A —EZQZ

lel

+ eaae (W (nT) + A1)
+ eaa (R™ Wy (nT') + A\p*T)

+ a1l = PP (W, (1) + DR + aXiDIM ()|

(a)\W + ) mQu(t ) ‘ M(n ]

lel

<E

where the last inequality holds due to (2.23).

o Case III: Assume that

23, 4 R™>T

Wy(nT) < Uy + 2T + a
aA

and

20T N 2TR™> 5" o ~

Qi(nT) > Ug + > Ug

min; x; min; x;

for some [. In this case, we have

Diff(t) < aWi(t) < aR™™W(t).
Combining with the analysis leading to (2.15) in the proof of Theorem 2, we have that

Drift(t)

<2 [aR™™ W, (t) + 2aW, (%)

(a)\W )+ wQu(t >|M ]

lel

<Oé>\W + Z lel

lel

<E

M.

where the last inequality holds due to (2.25).
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Now, combining case II and case III, we can obtain that

E[V(n +1) = V(n)M(n)]

<U + 2aW,(nT)AD + 2 Z Qi(nT)x; D
lel

—€ (aS\Ws(t) + Zm@l(t)) ‘ M(n)]

lel

(n+1)T-1

+ > E

t=nT+D
<U + 20W,(nT)AD + 2> Qi(nT)a; D
lel

—€(T — D) <aXWS(nT) +)° lel(nT)>

lel

+€(T — D) (AT + )z R™T)
lel

g (aS\Ws(t) + ZMQl(ﬂ) | M(n)] ;

lel

(n+1)T—1

<-U- Z E

t=nT+D

where the last inequality yields from the definition of Uy and (7@. Finally, we can conclude

the theorem from [12,13].

2.6 Simulations

In this section, we use simulations to evaluate the performance of different variants of
WSL and compare it to other scheduling policies. There are three types of flows used in the

simulations:

e S-flow: An S-flow has a finite size, generated from a truncated exponential distribution
with mean value 30 (before truncation) and maximum value 150. Non-integer values are

rounded to integers.

e M-flow: An M-flow keeps injecting bits into the network for 10,000 time slots and stops.

The number of bits generated at each time slot follows a Poisson distribution with mean

value 1.
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e L-flow: An L-flow keeps injecting bits into the network and never leaves the network. The
number of bits generated at each time slot follows a truncated Poisson distribution with

mean value 1 (before truncation) and maximum value 10.

Here S-flows represent short-lived flows that have finite sizes and whose bits arrive all at once;
L-flows represent long-lived flows that continuously inject bits and never leave the network;
and M-flows represent flows of finite size but whose arrival rate is controlled at their sources
so that they do not arrive instantaneously into the network. Our simulation will demonstrate
the importance of modeling very large, but finite-sized flows as long-lived flows.

We assume that the channel between each user and the base station is distributed according

to one of the following three distributions:

e G-link: A G-link has five possible link rates {10, 20, 30,40,50}, and each of the states

happens with probability 20%.

e P-link: A P-link has five possible link rates {5,10,15,20,25}, and each of the states

happens with probability 20%.

e R-link: An R-link has five possible link rates {10,20,30,40,100}, and the probabilities

associated with these link states are {0.5,0.2,0.2,0.09,0.01}.

The G, P and R stand for Good, Poor and Rare, respectively. We include these three different
distributions to model the SNR variations among the users, where G-links represent links with
high SNR (e.g., those users close to the base station), P-links represent links with low SNR
(e.g., those users far away from the base station), and R-links represent links whose best state
happens rarely. The R-links will be used to study the impact of learning period D on the
network performance.

We name the WSL with the uniform tie-breaking rule WSLU, and the WSL with the oldest-
first tie-breaking rule WSLO. In the following simulations, we will first demonstrate that the
WSLU performs significantly better than previously suggested algorithms, and then show that
the performance can be further improved by choosing a good tie-breaking policy (e.g., WSLO).

We set « to be 50 in all the following simulations.
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Simulation I: Short-lived Flow or Long-lived Flow?

We first use the simulation to demonstrate the importance of considering a flow with a
large number of packets as being long-lived. We consider a network consisting of multiple S-
flows and three M-flows, where the arrival of S-flows follows a truncated Poisson process with
maximum value 100 and mean value A. All the links are assumed to be G-links. We evaluate

the following two schemes:
e Scheme-1: Both S-flows and M-flows are considered to be short-lived flows.

e Scheme-2: An M-flow is considered to be long-lived before its last packet arrives, and to

be short-lived after that.

The performance of these two schemes are shown in Figure 2.1, where WS with Uniform
Tie-breaking Rule is used as the scheduling algorithm. We can see that the performances are
substantially different (note that the network is stable under both schemes). The number of
queued bits of M-flows under Scheme-1 is larger than that under Scheme-2 by two orders of
magnitude. This is because even an M-flow contains a huge number of bits (10, 000 on average),
it can be served only when the link rate is 50 under Scheme-1. This simulation suggests that
when the performance we are interested is at a small scale (e.g. acceptable queue-length being
less than or equal to 100) compared with the size of the flow (e.g., 10* in this simulation), the

flow should be viewed as a long-lived flow for performance purpose.
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Figure 2.1 Scheme-1 treats M-flows as short-lived flows, and Scheme-2
treats M-flows as long-lived flows
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Simulation II: The Impact of Learning Period D

In this simulation, we investigate the impact of D on the performance of WSLU. Recall
that it is nature to choose D = oo for purely throughput-optimality considerations, but the
disadvantage is that a flow may stay in the network for a very long time if the best link state
occurs very rarely. We consider a network consisting of S-flows, which arrive according to
a truncated Poisson process with maximum value 100 and mean A, and three L-flows. All
links are assumed to be R-links. Figure 2.2 depicts the mean and standard deviation of the
file-transfer delays with D = 16 and D = oo when the traffic load is light or medium. As we
expected, the standard deviation under WSLU with D = oo is significantly larger than that
under WSLU with D = 16 when A is large. This occurs because the best link rate 100 occurs
with a probability 0.01. This simulation confirms that in practical systems, we may want to

choose a finite D to get desired performance.
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Figure 2.2 The performance of WSLU with D = 16 and D = oo when the
traffic load is light or medium

Further we would like to comment that while the WSLU algorithm with a small D has a
better performance in light or medium traffic regimes, throughput optimality is only guaranteed
when D is sufficiently large. So there is a clear tradeoff in choosing D: A small D reduces
the file-transfer delay in light or medium traffic regimes, but a large D guarantees stability in

heavy traffic regime. More discussion can be found in [16].
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Simulation III: Performance comparison of various algorithms

In the following simulations, we choose D = 16. In the introduction, we have pointed
out that the MaxWeight is not throughput optimal under flow-level dynamics because the
backlog of a short-lived queue does not build up even when it has not been served for a while.
To overcome this, one could try to use the delay of the head-of-line packet, instead of queue-
length, as the weight because the head-of-line delay will keep increasing if no service is received.
In the case of long-lived flows only, this algorithm is known to be throughput-optimal [5]. We
will show that this Delay-based scheduling does not solve the instability problem when there
are short-lived flows.

Delay-based Scheduling: At each time slot, the base station selects a flow ¢ such that
i € argmax; D;(t)R;(t), where D;(t) is the delay experienced so far by the head-of-line packet
of flow j.

We first consider the case where all flows are S-flows, which arrive according to a truncated
Poisson process with maximum value 100 and mean A. An S-flow is assigned with a G-link or
a P-link equally likely.

Figure 2.3 shows the average file-transfer delay and average number of S-flows under differ-
ent values of A. We can see that WSLU performs significantly better than the MaxWeight and
Delay-based algorithms. Specifically, under MaxWeight and Delay-based algorithms, both the
number of S-flows and file-transfer delay explode when A > 0.102. WSLU, on the other hand,
performs well even when A\ = (0.12.

Next, we consider the same scenario with three L-flows in the network. Two of the L-flows
have G-links and one has a P-link. Figure 2.4 shows the average number of short-lived flows
and average file-transfer delay under different values of A\. We can see that the MaxWeight
becomes unstable even when the arrival rate of S-flows is very small. This is because the
MaxWeight stops serving S-flows when the backlogs of L-flows are large, so S-flows stay in
the network forever. The delay-based scheduling performs better than the MaxWeight, but

significantly worse than WSLU.
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Figure 2.3 The performance of the Delay-based, MaxWeight, and WSLU
algorithms in a network without L-flows
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Figure 2.4 The performance of the Delay-based, MaxWeight, and WSLU
algorithms in a network with both S-flows and L-flows

Simulation IV: Blocking probability of various algorithms

While our theory assumes that the number of flows in the network can be infinite, in reality,
base stations limit the number of simultaneously active flows, and reject new flows when the
number of existing flows above some threshold. In this simulation, we assume that the base
station can support at most 20 S-flows. A new S-flow will be blocked if 20 S-flows are already

in the network. In this setting, the number of flows in the network is finite, so we compute the

blocking probability, i.e., the fraction of S-flows rejected by the base station.

We consider the case where no long-lived flow is in the network and the case where both
short-lived and long-lived flows are present in the network. The flows and channels are selected

as in Simulation III. The results are shown in Figure 2.5 and 2.6. We can see that the blocking
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probability under WSLU is substantially smaller than that under the MaxWeight or the delay-
based scheduling. Thus, this simulation demonstrates that instability under the assumption
when the number of flows is allowed to unbounded implies high blocking probabilities for the

practical scenario when the base station limits the number of flows in the network.
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Figure 2.5 The blocking probabilities of the Delay-based, MaxWeight, and
WSLU in a network without L-flows
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Figure 2.6 The blocking probabilities of the Delay-based, MaxWeight, and
WSLU in a network with L-flows

Simulation V: WSLU versus WSLO

In this simulation, we study the impact of tie-breaking rules on performance. We compare
the performance of the WSLU and WSLO. We first study the case where the base station
does not limit the number of simultaneously active flows and there is no long-lived flow in the
network. The simulation setting is the same as that in Simulation III. Figure 2.7 shows the
average file-transfer delay and average number of S-flows under different values of A. We can

see that the WSLO reduces the file-transfer delay and number of S-flows by nearly 75% when

Ol Ll Zyl_i.lbl
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A = 0.13, which indicates the importance of selecting a good tie-breaking rule for improving

the network performance.
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Figure 2.7 The performance of the WSLU and WSLO algorithms in a net-
work without L-flows

Next, we study the case where the base station does not limit the number of simultaneously
active flows and there are three L-flows in the network. Figure 2.8 shows the average number
of short-lived flows and average file-transfer delay under different values of A\. We can see again
that the WSLO algorithm has a much better performance than the WSLU, especially when A

is large.
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Figure 2.8 The performance of the WSLU and WSLO algorithms in a net-
work with both S-flows and L-flows

Finally we consider the situation where the base station can support at most 20 S-flows.
A new S-flow will be blocked if 20 S-flows are already in the network. The simulation setting

is the same as that in Simulation IV. We calculate the blocking probabilities, and the results

are shown in Figure 2.9 and 2.10. We can see that the blocking probability under the WSLO
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is much smaller than that under the WSLU policy when A is large.
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Figure 2.9 The blocking probabilities of the WSLU and WSLO in a net-
work without L-flows
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Figure 2.10 The blocking probabilities of the WSLU and WSLO in a net-
work with L-flows

2.7 Conclusions and Discussions

In this chapter, we studied multiuser scheduling in networks with flow-level dynamics.
We first obtained necessary conditions for flow-level stability of networks with both long-
lived flows and short-lived flows. Then based on an optimization framework, we proposed the
workload-based scheduling with learning that is throughput-optimal under flow-level dynamics
and requires no prior knowledge about channels and traffic. In the simulations, we evaluated
the performance of the proposed scheduling algorithms, and demonstrated that the proposed
algorithm performs significantly better than the MaxWeight algorithm and the Delay-based

algorithm in various settings. Next we discuss the limitations of our model and possible
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extensions.

2.7.1 The Choice of D

According to Theorem 3, the learning period D should be sufficiently large to guarantee
throughput-optimality. Our simulation results on the other hand suggested that a small D
may result in better performance. Therefore, there is clear trade-off in choosing D. The study

of the choice for D is one potential topic for future work.

2.7.2 TUnbounded File Arrivals and File Sizes

One limitation of our model is that the random variables associated with the number of
file arrivals and file sizes are assumed to be upper bounded. One interesting future research

problem is to extend the results to unbounded number of file arrivals and file sizes.
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CHAPTER 3. Scheduling in OFDM-based Wireless Cellular Networks

In this chapter, I present the results on scheduling in OFDM-based wireless cellular net-
works with flow-level dynamics. Note that in an OFDM-based system, the base station has
multiple frequency bands (channels) for the downlink transmission. The problem is more com-
plicated than the single-channel case because in multichannel scheduling, we need to handle
two problems. The first one is “channel assignment” for each flow, i.e., which channels should
be used to serve the flow. The second problem is “scheduling”, i.e., for each channel, which
flow to serve at each time slot. For the second problem, the single-channel scheduling algo-
rithm (i.e., the workload-based scheduling) provides a good intuition: exploit good channel
rates as much as possible. Based on this intuition, we propose a joint channel-assignment and
scheduling algorithm, which solves the multichannel scheduling problem. Note that the model
we use in this part is slightly different from the single-channel case, and contains two types
of flows, transient flows and resident flows. A flow is called a transient flow if the last packet
of the file has not arrived at the base station; and otherwise, we call the flow a resident flow.
Despite this minor difference, the model is consistent with the one in the single-channel case in
the sense that a transient flow corresponds to a long-lived flow, and a resident flow corresponds

to a short-lived flow.

3.1 Basic Model

In this section, we define the network, channel and traffic models that will be used in this
chapter.
Network model: We consider a wireless downlink network with multiple channels (fre-

quency bands). We let M denote the set of channels and let M = |M|. The network consists
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of a single base station and multiple flows (mobile users). The flows join the network for the
purpose of receiving files from some remote source which is not modeled in our framework, and
leave the network after downloading the complete file. The remote source transmits the file
to the base-station, and then the base-station transmits to the mobile user. The base station
can communicate with a mobile user using any of the M channels. We assume time is slotted,
and that at each time slot, only one flow can be served over a given channel (frequency band)
but a flow can be served by multiple channels simultaneously. A two-channel, three-mobile

downlink network is demonstrated in Figure 3.1.

Figure 3.1 A two-channel, three-mobile downlink network

Channel model: We denote by R;f(t) the state of channel i seen by flow f in time slot ¢,
i.e., R;f(t) denotes the number of packets that can be served by the channel at time instant ¢.
We assume that R;¢(t) are a sequence of independent random variables (across time slots and
across users), each distributed like some random variable 9R;f, where 9, has a finite support.
We denote by Rf]“cax the largest possible value of R;; and R?lax = ( ?}a", e rj‘fj}‘) We

assume that there exists p™#* > 0 such that
Pr(R;s(t) = Rj$™) > p™™

for all 7, f and t.

Traffic model: We denote by F '+ the size of the file associated with flow f and assume Ff
are a sequence of independent random variables (across flows), each distributed like a random
variable §. Thus, F ¢ is the number of packets in flow f’s file. We classify flows into different

classes according to the maximum-rate vector R seen by them. So flows f; and fs belong to
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the same class if RJ™ = R for all i. We let K denote the set of classes, and assume K = [K].
We further denote by k¢ the class of flow f and Ayp(t) the number of class-k flows that have
a size of F' and join the network at time ¢. We assume Agp(t) are a sequence of independent
random variables (across time slots), each distributed like Agp, and Ayp = E[Axr|. We further
assume that the size of a file is upper bounded by F™2* and

S Aerlt) < A

kek,F<Fmax

for any t. Finally, we denote by Fy(t) the number of packets of flow f queued at the base
station at time ¢, and F(t) the set of flows in the network at time ¢.

A flow is called a transient flow if the last packet of the file has not arrived at the base
station; and otherwise, we call the flow a resident flow. In this chapter, we assume that the
base station knows when a file is completely transferred to the base station (e.g., the base
station can figure out if a flow is a resident flow by looking for a special end-of-file packet).
We let by denote the time flow f joins the network, and sy the time flow f becomes a resident
flow. We further denote by L£(t) the set of transient flows at time ¢, and S(¢) the set of resident

flows at time ¢.

3.2 Joint Channel Assignment and Workload Based Scheduling

For single-channel networks in the presence of flow-level dynamics, throughput-optimal
scheduling algorithms have been proposed in [1,2,16]. The key idea of these algorithms is
to minimize the number of time-slots used to serve all traffic flows. Note that the minimum
number of time slots required to fully transmit a file f is ﬁ’ 174 R?‘aﬂ ; where R is the best
channel state seen by flow f and [F 't/ R?ax—‘ is called the workload of flow f. So the idea is then
to serve a flow f only when Ry(t) = R, in other words, serve a flow only if the workload
of that flow can be reduced by one. Since the average workload injected into the network in
one time slot should be less than one given the traffic load is within the throughput region,
scheduling algorithms that reduce workload by one (with a high probability) during each time

slot stabilize the network.
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The reader may wonder whether we can directly use this workload-based approach to
multichannel networks? For example to be throughput-optimal, is it sufficient to serve on each
channel i a flow such that R;z(t) = R} ? The answer unfortunately is negative, as shown in
the following example.

Example: Consider a network with two channels with constant service rates: Ry = B+1
and Ryy = 2B for all f, and two types of flows in the network: the file size of a type 1 flow
is 2B + 2 and the file size of a type 2 flow is 4B. We assume B > 4 and both types of flows
arrive with a constant rate 1/2, i.e., one new arrival every two time slots.

Under this setting, consider a channel assignment that serves type 1 flows on channel 1
and type 2 flows on channel 2. Since each flow consumes two channel uses under this channel
assignment, the network is stable.

However, we will now show that throughput optimality is not guaranteed by serving on
each channel i a flow with R;¢(t) = Rﬁa". For this purpose, consider a scheduling policy which
gives priority to type 2 flows on channel 1 and priority to type 1 flows on channel 2.

Note that each type 1 flow requires two channel uses, irrespective of the channels assigned to
it, so channel 2 is fully occupied by type 1 flows with arrival rate 1/2. Each type 2 flow requires
four channel uses on channel 1, so channel 1 alone cannot support type 2 flows with arrival rate
1/2. However, since channel 2 is fully occupied by type 1 flows, the number of type 2 flows will
build up and the network is unstable. While this example considers deterministic arrivals for
simplicity, it is not difficult to construct an example with stochastic arrivals to demonstrate the
lack of throughput optimality of a policy which schedules a user with the best channel state on
each channel.

From this example, we can see the direct adoption of the workload-based algorithm for single
channel networks may not be throughput-optimal for multichannel networks. This is because,
in a multichannel network, a flow can be served by more than one channel, and the channels
may have different best channel states. Therefore, to achieve the maximum throughput, we
need to intelligently split a flow among the M channels. In the previous example, the optimal

solution is to assign all type-1 flows to channel 1 and all type-2 flows to channel 2. Now to
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develop efficient channel-assignment algorithms, our first step is to understand the throughput

region of a multichannel network.

3.2.1 Necessary Conditions for Stability

To describe necessary conditions for supportability, we introduce the concept of a chan-
nel assignment vector h. Associated with each flow is a channel assignment vector h =
(h1,ha,...,hpr), where h; denotes the number of time slots allocated to the flow on chan-
nel . The parameter h; can be viewed as the workload imposed by the flow on channel 4.
For example, in a network with three channels, hy(t) = (0,1,1) means that after time slot
t, the base station is allowed to serve flow f once (one time slot) over channel 2 and 3, but
not allowed to serve the flow over channel 1. Next we define Qi(t) = >_ e his(t), where
hif(t) is the i'" element of vector hf(t). Now given arrival rates {\gr}, we say that {\pr} is

supportable if there exists a scheduling algorithm, under which

Z Qi(t)] <00

lim E

t—o00

holds.

Further, if a flow has F' packets, then we only need to consider channel assignment vectors
such that ) ;.\, h; < F. If a traffic load is supportable, then the average rate at which
workload arrives on each channel should be less than one, so we obtain the following necessary

conditions for supportability.

Lemma 4. If arrival rates {\pr} are supportable, then there exist Zl’;lkF > 0 such that

> NerZppphi < Li=12,.,M (3.1)
k,F.)h
Zz;;w = 1,Vk,F (3.2)
h
wkr = 0 F > hRR™ (3.3)
1eEM
O

We comment that Zlil xp can be viewed as the fraction of class k flows of size F' that are

assigned the channel assignment vector h. Inequality (3.1) is the capacity constraint which
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says that the average workload assigned to a channel should be less than one. Inequality (3.2)
states that every file should be associated with a channel assignment vector, and (3.3) states
that considering a flow f, the channel assignment vector should guarantee sufficient service
for transmitting the complete file. We do not provide a proof of Lemma 4. The proof follows

along the lines of similar proofs in [14] or [5].

3.2.2 Joint Channel-Assignment and Workload-based Scheduling

Now based on the necessary conditions (Lemma 4), we derive an on-line channel-assignment
algorithm using an optimization based approach. Consider the following optimization problem

(feasibility problem):

min 0
Z

> MerZngrhi
k,Fh

IN

1L,i=1,2,..,. M

> Zupr = LVEF
h

Zh|k:F = 0 lfF > Z hiR?kl:aX
ieM
0, Vh, k, F

Y

Zn|kF
By appending some of the constraints to the objective using Lagrangian multipliers, we get:
ming, Zi Qi (Zk,F,h )‘kFZf;thi - 1)
subject to: > on Zujkr = L,VE, F
Zpkr =01 F > 30y hiRG™
Zh|kF > 07\V/h7 ka F7

where @Q); is the Lagrangian multiplier associated with constraint Zk Fh AeF Znjkrhi < 1.

The partially augmented problem can be decomposed into subproblems associated with
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each pair of k and F':

ming ) 5y > QiZnjkrhi
subject to: > onZukr =1,

Znkr = 0, Vh, k, F.

Since the objective function is linear, the subproblem (for fixed k and F') can be further written

as:

ming Y ; Qihi

subject to: F < ZieM hi R,
Therefore for each flow, the channel-assignment problem can be written as:

minh Z i Qz hi

subject to: Fj < 2iem MR

Recall that Lagrangian multipliers can be viewed as the price for using a given resource.
Thus, if the Lagrangian multipliers are given, the channel assignment problem becomes a load
balancing problem in which channel assignment is performed to minimize a weighted sum
of channel prices. To compute the channel prices, we use the well-known intuition that the
Lagrange multipliers are proportional to queue lengths. Note that the Lagrangian multiplier
Qi is associated with the constraint > ) py AepZpjprhs < 1, where 30y py AgpZpjrrhi is the
average incoming workload during each time slot. Thus, the natural queue to consider here is
the overall workload assigned to channel ¢ that has not yet been served by the network. We
describe it more precisely next.

For each flow f, we define a channel assignment vector at time slot ¢

hy(t) = (hag(t), hay(t), ..., hars (1))

where h;¢(t) is the number of remaining time slots assigned to serve flow f over channel i at

time slot ¢.
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We then use Q;(t) as an estimate of the Lagrangian multiplier (); and propose the following
algorithm.

Joint Channel-Assignment and Workload-based Scheduling (CA-WS):

(i) Channel-assignment: When the last packet of flow f is received at the base station (at
time slot sf),! the base station computes hy(ss) by solving the following optimization

problem:

OPTy = min) ;. Qi(by)hiy

subject to: Fy < > iem hif R,
where h;y are non-negative integers. Clearly hy(t) =0 for ¢ < sy.

(ii) Workload-based scheduling: At time slot ¢, the base station selects a file f for channel

7 such that
Rif(t) = ?}a" and hif(t) > 0, (3.4)

and transmits R;f(t) packets to mobile user f. Then, the base station reduces h;y(t)
by one. If no flow satisfies (3.4), the base station randomly selects a flow, say flow f,
and transmits R;f(t) packets to mobile f (in this case, h;¢(t) is not updated). Ties are
broken arbitrarily. When the file f has been completely transmitted to mobile f, the
base station sets h;¢(t) = 0 for all i.

O

Theorem 5. Assume that sg—by < T}y, for all f. Given arrival rates {\yp} such that { = \yr}

are supportable, the CS-WS algorithm guarantees

Z Qi(t)] < 0.

lim E
t—o0

"Here for simplicity we only consider the case where a flow can be served only after its last packet arrives at
the system. Later we will consider a more general case where a flow may be served before the arrival of its last
packet.
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Proof. The proof of this theorem follows from the proof of Theorem 8 to be presented in the

next section. Therefore, we omit the details here. ]

Remark: The theorem assumes sy — by < Tj,, which means that the injection period of
a flow (the time duration from the first packet arrives at the base station to the last packet
arrives at the base station) is bounded by T;,. For example, if the flow is a constant-bit-rate
flow with rate 7, then the injection period is upper bounded by F™*/r; and if the flow is an
elastic flow whose rate is controlled by congestion control algorithm, then the injection period
is also bounded when the injection rate is lower bounded as in the TCP congestion control

algorithm (e.g., at least one packet over a fixed number of time slots).
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Figure 3.2 Average file-transfer delay of the CA-WS and MaxWeight algo-
rithms
Theorem 5 shows that the CA-WS algorithm is throughput-optimal for multichannel down-

link networks, but the algorithm has two weaknesses:

e The performance of the algorithm can be poor in light to moderate traffic regimes. This
is because (i) the base station serves a file only after the complete file is received at the
base station, which results in large waiting times for large files, and (i) the scheduling
algorithm is independent of queue-sizes even in a light traffic regime, which again may
result in large file-transfer delays for large files. Figure 3.2 shows a simulation result
where we compare the MaxWeight algorithm and the CA-WS algorithm with uniform
tie-breaking rule (CA-WSU) (the simulation setting will be described in Section 3.4).

We can see while the CA-WSU has a smaller file-transfer delay than the MaxWeight

www.manaraa.com



51

in heavy traffic regime, in light and medium traffic regimes, the performance of the

CA-WSU algorithm is much worse than the MaxWeight algorithm.

In fact, it has been observed in [16] that from the performance perspective, we may need
to serve the files with large sizes using the MaxWeight algorithm. The authors in [16]
suggest that flows be classified as long-lived flows and short-lived flows, and use different
scheduling algorithms for different types of flows. However, they do not provide any
criterion for the classification. Further, in practice, the base station may not even know

the size of a file before the file fully arrives at the base station.
e The algorithm assumes that R?‘ax is known a priori, which is unrealistic in practice.

To overcome these two weaknesses, we introduce a hybrid CA-WS algorithm in the next

section.

3.3 A Throughput-Optimal Hybrid CA-WS Algorithm

The key idea behind our hybrid algorithm is as follows: any flow whose last packet has
not arrived at the base station (recall that these are called transient flows in the terminology
of Section II) is treated as a persistent flow as in the traditional MaxWeight algorithm. The
MaxWeight algorithm is then used to decide schedules among these flows. Flows that have
fully arrived at the base station (called resident flows in Section II) are scheduled using the
CA-WS algorithm. However, we have to further decide whether to schedule transient flows or
resident flows over each channel. This is one of the key elements of the hybrid algorithm to be
described later.

To tackle the issue of R, we adopt the learning idea introduced in [16]. We define a
R?}ax(t) to be the best state of channel i seen by flow f from by to min{t,bs + D}, and use
~?}a"(t) to approximate R}**. The parameter D is called the learning period.

Before we present the hybrid CS-WS algorithm, we first define the sequence of events that

take place within a slot. We assume the new flows (mobile users) arrive at the beginning of

the time slot ¢ (denoted by t5) and the channel state of time t is also measured at ¢,. Then
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we assume that any computation or recomputation of hy(t) occurs at time ¢,,. Finally, the
packets are served at the end of each time slot (denoted by t.). The sequence of these events
is demonstrated in Figure 3.3.

computation or recomputation of h

Y
to Im te
| : |
! A
packet arrivals packet aeparturs

Figure 3.3 The sequence of flow/packet arrivals, computation or recompu-
tation of h(¢) and packet departures within a time slot
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Hybrid Channel Assignment and Workload-based Scheduling (Hybrid CA-WS):

At time slot ¢, the flows are served as follows:
(i) When a new flow (say flow f) joins the network, it records Q;(bs) for all channels i.

(ii) Channel learning: The base station measures R;f(t) for all 7 and f. Consider a flow f.
If t <bs+ D and R;¢(t) > R?}ax(t — 1) for some i, then flow f updates the R™* based

on the new channel state, i.e.,
R () = max { R (¢ = 1), Rig (1)}

(iii) Channel-assignment: Consider a resident flow f. If t < by+D and ~Z?’}ax(t) # ~Z?’}ax(t—
1) for some i, the base station recomputes hy(t) by solving the following optimization

problem:

OPT;(t) =  minY ;e Qilby)hip(t)

subject to:  Fy(t) < Y .cnq hip(t) ~?}3X(t)7

where h;¢(t) are non-negative integers. Note that the channel assignment for flow f is
recomputed every time we have a better estimate of R;I}ax for any channel ¢ up to time
by + D. This is necessary because the channel assignment algorithm is derived assuming

R?ax is known.

(iv) Recall £(t) denotes the set of transient flows at time ¢ and S(¢) denotes the set of resident

flows at time ¢. The base station first checks:

> E) < Y E). (3.5)

feL(t) fes(t)
e Workload-based scheduling: If inequality (3.5) holds, the base station selects a

resident file f for channel 7 such that
RIF(t) < Rig(t) and hig(t) # 0, (3.6)

and transmits R;f(t) packets to mobile user f. Then the base station reduces h;z(t)

by one. If no resident flow satisfies (3.6), the base station randomly selects a flow,
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say flow f, and transmits R;;(t) packets to mobile f. Ties are broken uniformly or
according to the arrival time by (giving priority to flows with small by may improve
delay performance in practice although it has no effect on stability). When the file
of flow f is completely transferred to the mobile user, the base station sets h;¢(t) = 0

for all 4.

e MaxWeight scheduling: If inequality (3.5) does not hold, then the base station

selects a transient file f* for channel 7 such that
f* € arg max Fr(t)R;¢(t), 3.7
gfe:(t) f() zf() ( )

and transmits min{F(t), R;-(t)} packets to mobile user f* over channel q.

O

Remark 1: While each resident flow is associated with a channel assignment vector h¢(t),
the packets of a flow are stored in the same queue and served in a First-In, First-Out (FIFO)
fashion.

Remark 2: The advantages of using the MaxWeight algorithm for large-size flows are
two-fold: (%) the file with a large size could experience smaller delay because it can be served
at any R;f(t) not just when the channel reaches the best state, and (%) when only a few large-
size flows are in the network, the MaxWeight algorithm can lead to a fair resource allocation.
These advantages will be observed in the simulations.

In the next subsection, we will prove that the hybrid CA-WS algorithm is also throughput
optimal. We would like to emphasize that because of the channel-assignment algorithm, which
is not required for single-channel networks, the analysis is completely different from those

in [1,2,16].

3.3.1 Throughput Optimality of the Hybrid CA-WS Algorithm

Without loss of generality we assume that T3, = F™2* i.e., we assume that the injecting

rate of any flow is at least one. All of our results apply more generally, but this assumption
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simplifies a lot of the notation. We first show that the number of transient flows is always

bounded.

Lemma 6. Assume that sy — by < Tjy, for all f, then no more than N F™® transient flows

are in the network during any time slot.

Proof. Recall that we assume that file sizes are upper bounded by F™&* and the injecting rate
is at least one. Therefore, the injection period, the time taken for a transient flow to become
a resident flow, is upper bounded by F™#*. Furthermore, the number of new files joining the
network at each time slot is bounded by A™#* so the number of transient files in the network

is upper bounded by A\™&* Frmax, O

Since the number of transient flows is upper bounded at any time slot, to prove the stability
of the network, we only need to consider the number of resident flows.

Before we proceed, we present a lemma first which is useful in the proof of the stability of

hybrid CA-WS algorithm.

Lemma 7. Consider the hybrid CA- WS with oldest-first or uniform tie-breaking rule and define
Ri(t) to be the event that a resident flow f with sy > nT is served over channel i at time t.

Given any 6 > 0, there exists Qs such that if Q;(nT) > Qjs, then for any nT <t < (n+1)T —1,
Pr(R;(t)) < o.

Proof. For any t € [nT, (n+ 1)T — 1], we denote by O;(t) the set of resident flows that arrived

before nT' — D (D > F™*) and have h;f(t) > 0. It can be easily verified that

04t)] = LD

— [max —A"D - T.

Consider the hybrid CA-WS with the oldest-first tie-breaking rule. Only if none of flows
in O;(t) have R;f(t) = RJ}™, the base station will serve a flow which becomes a resident flow

in [nT, (n + 1)T — 1] over channel i. Therefore, we have

Q;(nT) max
Pr(R;(t)) < (1 — p™ax) pmax —A"D-T

and the lemma holds for the oldest-first tie-breaking rule.
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Consider the hybrid CA-WS with the uniform tie-breaking rule. For any ¢ such that
nT <t < (n+1)T — 1, the number of flows becoming resident flows after n7" is no more than

Amax(T 4 pmaxy - Furthermore, according to the Chernoff’s bound, we have

Pr(|{f: f € Oi(t) and Rip(t) = Rj}*}| > (1 - 6)0O)

> 1 ep< 52)
—exp | ——2
- 3 )

where © = pmaX(L};Sﬁz) —Amaxp 7).

Therefore, it can be easily shown that

AIHB.X(T + FHI&X) 52@
Pr(Ry(t)) < 3
r(Ri(t)) < N (T o) 4 (1—0)0 P ( 3 ) ’

and the lemma holds for the uniform tie-breaking rule. ]

To study the performance of the hybrid CA-WS, we first define a sampled version of the

network, sampled once every T time slots, as follows:
M(n) = {Y(nT), Fy(nT), R*(nT), min{ D, nT — b},
Q(by), by (nT)} peryus)s

where Y;(nT') is the number of packets of flow f that have not been transmitted to the base
station. It is easy to see that M(n) is a Markov chain. We also assume that the arrival process
is such that the Markov chain is irreducible and aperiodic. The sampling interval T in the
definition of M(n) above will be chosen later. The reason we need this 7" is that our proof
uses the standard drift argument in Foster’s criterion (see [12]), but the drift of M(n) may not
be negative over successive time instants. The drift will be negative only after most flows in
the network get reasonably accurate estimates of their channel assignment vectors, which may
take several recomputations due to updates in the estimate of R™#*. The parameter T tries to
capture the time interval that it takes for most flows to get sufficiently accurate estimates of

their channel assignment vectors.

Theorem 8. Assume that sy —by < Ty, for all f. Given arrival rates { i} such that {%—e)\ﬂf}
are supportable, there exists a D, such that the Markov chain M(n) is positive-recurrent under

the hybrid CA-WS algorithm with D > D., which implies that lim; oo E Y, Q;(t)] < oo.
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Proof. We consider the Lyapunov function

V(n) =Y QF(nT),
ieM
and introduce the following notations:

e C(t) : We define C(t) to be the set of flows who become resident flows at the beginning

of time slot ¢.

o Ai(t) : We define A;(t) = 3_ recqy) hif(tm), which is the increase in workload for channel

i due to new resident flows, i.e., the flows in C(¢).

o pi(t) : We define pi(t) = >_ se sy (hif(tm) — hig(te)) , which is the decrease in workload
for channel ¢ when a resident flow is served over channel i.
o A7(t) : We define A7 (t) = Z (hif(tm) — hip(tp))", which is the increase in work-
fresm\c(t)
load for channel ¢ due to the adjustment of the channel assignment vectors of existing
resident flows (in other words, due to the recomputation of hy).

o ul(t) : We define pf(t) = Z (hif(ty) — hif(tm)) ", which is the decrease in work-

ENIONEO)!
load for channel ¢ due to the adjustment of channel assignments of existing resident

flows.

Without causing confusion, we let h;¢(t) = hi¢(tm), i.e., hif(t) is the value after recomputation

at time ¢. Now based on the notations above, the dynamics of Q;(¢) can be written as
Qi(t+1) = Qi(t) + Ai(t) — pa(t) + A7 (£) — i (1)

Note that the number of flows joining the network at each time slot is bounded by A™&#*,
and the file size is also bounded by F™#*. Further each flow recomputes hy for at most D time
slots. Therefore A;(t), pi(t), A} (t), and g} (t) are all bounded:

Az(t) < \max prmax

Fmax

IN

pi(t)

(3

,LL:’; (t) < )\mameaxD.
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Note that in general p;(t) < 1 since only one channel use is allowed in one time slot. The
case 1i(t) > 1 occurs when the flow is completely transmitted to the mobile user and we set
hi¢(t) = 0. Note that when there is no flow having R;¢(t) = fj}ax(t), the base station serves
a flow f at rate R;¢(t) but does not reduce h;f(t). So it is possible that even after almost all
packets of a flow have been transmitted, we still have h;¢(t) > 1.

Now based on the definitions and notations above, we have
|Q:(nT) — Qi(s)| < T (F™ + N"&F™a(2D + 1))
for all s € [nT, (n+ 1)T — 1], and

E[V(n+1) = V(n)M(n)] < &

[(n+1)T—1

+2 Z QinTE | > Ay(t) + Af(t) — i ()| M(n) (3-8)

t=nT

[(n+1)T—1

—2ZQi(nT)E Y w®)M@) |, (3.9)

t=nT

where @1 = M (T (F™& 4 \MaXpmax(2) + 1)))2 .
In the following analysis, we will show that there exists a finite set VW such that when

M(n) ¢ W, we have
E[V(n+1)—V(n)|M(n)] < ——ZQl (nT). (3.10)

The theorem then follows from the Foster’s criterion [12]. To prove (3.10), we will first analyze

(3.8) and (3.9) separately, and then show that
1+ (3.8)+(3 <——ZQ2 (nT)
when M(n) € W.

Analysis of (3.8)

Denote by G(n) the set of resident flows that are in the network at least in one of the time

slots belonging to [T, (n+ 1)T — 1]. We further divide G(n) into five subsets (see Figure 3.4):

ol Lalu Zyl_ﬂbl
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e G4(n) : The set of resident flows that (i) become resident during [T, (n+1)T—D—1], (ii)

are not served during [nT, (n+1)T —1], and (%) have learned R™®* by time (n+1)T —1.

e Gp(n) : The set of resident flows that (i) become resident during [nT, (n+1)T — D —1],
(ii) are not served during [nT,(n + 1)T — 1], and (i) have not learned R™#* by time
(n+1)T —1.

e Gco(n) @ The set of resident flows that become resident during [nT, (n+1)T — D — 1] and

are served at least once during [nT, (n + 1)T — 1].
e Gp(n) : The set of resident flows that become resident during [(n+1)T— D, (n+1)T —1].

e Gp(n): The set of resident flows that are in the system at nT.

n"l' (n+1)‘T—D—1 (nTl)T—
A A )
Cla{ss E Clasé A+B+C Cl‘ass D

Figure 3.4 Five subsets of G(n)

It is obvious to see that

G(n) = Ga(n)UGp(n) UGe(n) UGp(n) U Ge(n).

Recall that sy denotes the time flow f becomes a resident flow, so (3.8) can be rewritten as

(n+1)T-1
> (A + AL (1) — i (1) (3.11)
=nT
t (n+1)T—-1

= > ST () + AL - (1), (3.12)

f€G(n) t=max{sy,nT}
where A;f(t), Af;(t) and pui;(t) are workload adjustments related to flow f. Next we analyze
. . . Amamea.x
(3.12) case by case. To simplify our notations, we assume D > max{F™?*, m}
In the following analysis, we will show that the subset of flows that determines the value of

(5.8) is Ga(n). Since the flows in Ga(n) learn the correct RY** by (n +1)T' — 1 and are not

served during [nT,(n + 1)T — D — 1], we can compare the channel assignment vector under
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the hybrid CA-WS with that defined in the necessary conditions, which will lead to (3.10) by
combining the analysis of (3.9).

Case 1: We first consider a flow in G4(n), and have

(n+1)T—1
S A (t) + AL(t) — (1) (3.13)
' (n+1)T-1
= hip(sp)+ ) (Afp(8) = uig(8). (3.14)
t=sp+1

Since f is not served before (n+1)T, according to the definitions of A;y, A{f, and p;;, we have
hig(t +1) = hip(t) = Ajp(t + 1) = pip(t + 1)

for any sy <t < (n+1)T — 2, which implies that

(n+1)T—-1
hip(sp)+ Y (Afp(t) = uip(t) = hig((n+ )T = 1),
t=.5‘f+1
and
(n+1)T-1
El > > Aly(t) — ity (£)| M(n)

f€Ga(n) t=by

—E [ZfegA(n) hip((n+1)T — 1)‘ M(n)] .

Case 2: Following the analysis of Case 1, for any f € Gg(n), we obtain

(n+1)T—1
Y (Aup(t) + Afp(t) — uip(D) = hig((n+ 1T — 1),
t=nT

Since h;f((n +1)T — 1) < F™* for any f and any channel i,

(n+1)T—1

E Z S (Aigplt) + ALp() — (1)) M(n)

| feGp(n) t=sy

= B Y byl T - 1) M)
| feGr(n)

FMaxg Z 1

fegp(n)

IN

Now we study the size of Gg(n). According to Lemma 6, the network has at most \™a* Fmax

transient flows at time slot nT — 1, which may become resident flows during [nT, (n+1)T —1].
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Also at each time slot, at most A™** flows join the network. For a resident flow with s; <
(n+1)T — D, the probability that the flow has not learned the R™** by time (n 4 1)T — 1 is
less than M (1 — p™@)? | Therefore, we have

E| > 1

fegr(n)
< (}\maXFmax + (T - D))\maX) M (1 _pmax)D ,

and

(n+1)T—-1

E| S 3 (A(t) + ALt) — ()| M(n)

fegp(n)  t=ss
< pmax (/\mameax + (T - D))\max) M (1 - pmax)D
< fmaxymaxppr (1 o pmax)D ,
where the last inequality holds under the assumption that D > F™ax,
Case 3: We now study the flows in Go(n). Since flows f are served before (n + 1)T,
according to the definition of the notations, we have
hip(t+1) = hig(t) = Ajp(t +1) — pip(t + 1) — pig(t)

for any sy <t < (n+1)T — 2, which implies that

(n+1)T—-1
Z Aip(t) + Ajp(t) — pif(t)
t=sy
(n+1)T-1
= hip(sp)+ Y (Afp(t) — uip(t)
t=Sf+].
(n+1)T—-1
= hif((n+ DT =1+ > pis(t)
t=sp+1
S Fmax’
and
(n+1)T-1

E| Y S (Aig() + AL () — ()| M(n)

f€Ge(n)  t=by

_ pmaxg [Zfegc(n) 1‘ M(n)] .
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Note that the number of flows that become resident during [nT, (n + 1)T — D — 1] is no
more than

\max grmax | /\max(T _ D) < \max

since we have at most A™#* ™% transient flows at time nT — 1 and at most A™®* new flows
join the network at each time slot ¢.

Now according to Lemma 7, that given any d, there exists Qs such that if Q;(nT) > Qs,
then the probability that a flow with sy > nT is served any given time slot in [nT, (n+1)T —1]

is less than ¢. Therefore, if Q;(nT) > Qs, we have that

E| Y 1|M(n)| < ™T%;
fegea(n)
and otherwise

(n+1)T-1

QinTE | Y > Ailt) + Ap(t) — piy(t)| M(n)

f€Gc(n) t=sy

S Qé)\mameaxT.

We then conclude that

(n+1)T—-1

ZQi(nT)E Do D A+ ALt — pip(t) M(n)

feGe(n) t=sy

< 3 (QuUNT)NTSFST5 4 QaA™ F™T)

i
Case 4: We now study the flows in Gp(n). Following the analysis of Case 3, the size of set

Gp(n) is upper bounded by

)\maxFrnax + )\maxD'
Therefore,
(n+1)T—1
E Z >« Ajp(t) = pif(t))| M(n)
| f€Gp(n) t=sf
[ (n+1)T—1
= E| > hy((n+DT=1)+ > piyp(t) M(n)
| f€Gp(n) t=sp+1

< Fmax ()\mameax + )\maxD) .
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Case 5: We now analyze the last case: the set Gg(n). For a flow f € Gg(n), we have the

following facts:
[ Azf(t) = 0,
o |AL;(t) — pip(t)] < F™* for any nT <t <nT + D, and

o Al;(t) = piy(t) =0 for t > nT + D.

)

The last equality holds because a resident flow adjusts its h(t) for at most D time slots after
joining the network.

Now note that at most A™**D flows join the network during [nT — D,nT — 1], which are
the only flows in set Gg(n) that recompute hy during [nT, (n + 1)T — 1]. Therefore, we obtain

(n+1)T—-1
E| Y ) () + A1) — pip(t)| M(n)
ngE(n) t=nT
S \max D2 Fmax

O
Summarizing the five cases above, we obtain
(3.8)
<2) Qi(nT)E | > hig((n+1)T —1)| M(n)
( f€Ga(n)
+2 Z Q; (TLT) (FmaX)\maxTM (1 - pmax)D +
/\mameaxT25 + 9 \[max prmax ry + )\mameaxD2)
+MQsA™MX FMaXT, (3.15)
Analysis of (3.9)
Next we consider (3.9) under the assumption that
> Qi(nT) > (F™)? X" 4 TMF™, (3.16)
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It can be easily verified that under assumption (3.16), the base station always serves resident
flows during [nT', (n+1)T —1] because we have at most A™** F™2* transient flows in the network
at any given time.

Since h;if(t) < F™** for any i and f, there are at least Q;(t)/F™** flows having h;¢(t) > 0

at time t. Therefore, we obtain that

Qi(t)
Pr(pi(t) = 1) > 1 — (1 — pmax) Fs

and

B [ (6)M(n)] > 1 — (1 — pmo) ™ (3.17)

Analysis of (3.8)4(3.9)

Recall that the theorem assumes that there exists Zfll LF such that

> MerZppphi < 1—ei=12,..,M (3.18)
k,Fh
> Ziwr = LVEF (3.19)
h
Zppr = 0if F> ) hRE™,. (3.20)
iEM

Next we define

Hip(n) = {f : f € Gan), ky = k,Fy = F},

i.e., Hrp(n) is the set of class-k flows that belong to set G4(t) and with file length F. For any

f € Hyr(n), since R}™ has been correctly learned at time (n +1)T" — 1, we have

ZQZ bp)hig((n+1)T (ZQz bf)h )

for any h such that >, h; Rj}™ > F. Based on (3.19), we further obtain

2 Qb his((n+ DT =1) < > Zier (Z Qi<b,«)hi>
i - i
- D Qilbn) Y Ziyrhi (3.21)
i h
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Now based on inequality (3.21) and assume T > F™#* we obtain

YD Qi(nTE [ Y hig((n+ )T 1) M(n)]

kF i feHrr(n)

<@)®1+ kz;E Z Z Qi(bs)hif((n+1)T —1) M(n)]

_fE'HkF(’n) i

S‘I)l"F;E Z ZQZ bf ZZhUcF TL]

| f€Hkr(n) @

<@201+> > <Ql (nT) (Z Zh|th>

kF 1

E L%(J M(n)D
<21+ Y <Qz (nT) (Z Zh|th>

kF 1

E lﬁ(nT)l + > 1 M(n)] )

f:(n+1)T—D—-1>by>nT

<2014+ > > <Ql (nT) <Z Z3 hph ) X

k,F 1

()\mameax + AkF(T . D)))

<281 + ) > Qi(nT)TAr Z Zy e his (3.22)

kF i
where inequality (a) holds because (n +1)T"— 1 > by > nT — F™** for any f € Hpr(n) and
|Qi(nT)—Q;(by)| < T (F™a* 4 X F™max(2D + 1)), and inequality (b) holds because the flows
in Hyp(n) must arrive during [nT, (n + 1)T — 1] or are transient flows at time n7.

Now by combining inequalities (3.15) and (3.22), we get that

n+1)T—1 %
(3.8) =23, Qi(nT) E::T) Zh,k,F )‘k,FZh|k,Fhi

4@1 _"_ MQJ)\mameaxT

IN

+2 32, Qu(nT) (P> xmasT M (1 = pa)P

)\mameaxT25 4 9 \Inax frmax ) 4 )\mameaxD2) (323>
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Further, based on inequality (3.17), we have

(n+1)T—-1
23 QinT) Y > MerZyyyphi+ (3.9)
i t=nT hk,F
=2 Qi(nT)x
(n+1)T-1

E| > | D MrZipphi— w(t) || QT)

t=nT h,k,F

<2 Z Q;(nT) (—eT +7(1— pmax) Fax
Combining inequalities (3.23) and (3.24), we have

E[V(n+1) = V(n)M(n)]

IN

o1 4 (3.8) + (3.9)

IN

501 + MQsA FraT
+23 2, Qi(nT) (Fmax)\maXTM( prax)D
AR aXT2§ 4 9 \maX frimax [ | \max frmax 1)2)
+23; Qi(nT) (—eT +T(1 - ma»q%@) ‘
Now we define a set W such that if M(n) € W, then
S QT < BL(50; + MQsAm T

x_ log(e/4)
+2MT\/¢_1 + 2MTFma log(l_pmax)> 9

where § = and s is the constant defined in Lemma 7.

€
TeTAmax o
We now choose D and T such that
D > 98 earmepms
log(1 — )
32)\mameaxD2
; .

T

We can see that W is a set with a finite number of elements, and can verify that if M(n) ¢ W,

then

E[V(n+1)—V(n)|M(n <——ZQZnT
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Now according to the Foster’s criterion, the Markov chain is positive recurrent, and further,

limy o0 B[>2; Qi(1)] < 00 [13). 0

3.4 Simulations

In this section, we use simulations to evaluate the hybrid CA-WS algorithm and compare
its performance with the MaxWeight scheduling scheme and the CA-WS scheduling scheme.
Both the CA-WS and hybrid CA-WS algorithms in the simulations use learning to estimate
the maximum transmission rate in each channel.

We consider a network with a single base station and five channels. We further assume
there are three classes of flows (mobile users) in network. Class 1 users represent those close to
the base station. The channel conditions of class 1 users therefore are better than those of other
classes. Class 3 users represent those who are at the edge of the cell. The channel conditions
of class 3 users are the worst. Class 2 users are assumed to be located in the middle of the
cell. We assume that users in the same class experience the same channel fading, i.e., have
the same channel distributions. We further assume that each channel has two possible states
(high and low), and each of them happens with probability 0.5. The channel rate distributions
of the five channels for the three classes are shown in Table 3.1.

The flow arrival rates of the three classes follow the same Poisson distribution with rate
A. In the simulation, we vary A to compare the performances of different scheduling schemes
under different traffic loads. The file size of a flow follows the Pareto distribution with minimum
possible value z,,, = 50, and decay factor o = 2.2 A transient flow keeps injecting packets into
the base station until the complete file is transferred to the base station. The packet arrival

rate of file f is controlled by the following congestion controller [9,10]:

X4(t) = mmHFi?tJ ,50}.

In the simulations, the learning period D is chosen to be 20. We name the CA-WS algorithm

with the uniform tie-breaking rule as CA-WSU.

2In the simulation, in order to see the performance of our algorithm under a general setting, we do not set
an upper bound for file size distribution and flow arrival rate distribution.
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Table 3.1 The distributions of channel rates

Class Channel | High rate | Low rate
Channel 1 50 25
Channel 2 48 24
Class 1 Channel 3 46 23
Channel 4 44 22
Channel 5 42 21
Channel 1 40 20
Channel 2 38 19
Class 2 Channel 3 36 18
Channel 4 34 17
Channel 5 32 16
Channel 1 30 15
Channel 2 28 14
Class 3 Channel 3 26 13
Channel 4 24 12
Channel 5 22 11

Simulation I: Number of Flows and File-Transfer Delay

We first consider the case where the base station does not limit the number of flows in
the network. From the base station’s perspective, it wants to minimize the total number of
flows to reduce the buffer occupancy and computation complexity. From a user’s perspective,
the user wants to have small file-transfer delay. Therefore, we use simulations to compare the
average numbers of flows in the network and the average file-transfer delays under the three
scheduling algorithms.

The results are shown in Figure 3.5 and 3.6. We can see that when traffic load is light (i.e.,
A is small), the hybrid CA-WSU algorithm and the MaxWeight have similar performance, while
the CA-WSU algorithm has much higher delays. The reason is that the CA-WSU scheme starts
to serve a flow only after the complete file is received at the base station, which significantly
increases the file-transfer delay. When A is large, the file-transfer delay of the MaxWeight
algorithm becomes very large. This is because the MaxWeight is not throughput optimal.

Interestingly, the hybrid CA-WSU algorithm also performs much better than the CA-WSU
algorithm even when A is large. Specifically, the average number of flows and file-transfer delay

of the hybrid CA-WSU algorithm with A = 0.48 are smaller than those under the MaxWeight
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or the CA-WSU algorithms with A = 0.4.
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Figure 3.5 The average numbers of flows under the CA-WSU, hybrid
CA-WSU and MaxWeight algorithms
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Figure 3.6 The average file-transfer delays under the CA-WSU, hybrid
CA-WSU and MaxWeight algorithms

Simulation II: Blocking probability of three algorithms

In practical systems, the base station can only support a finite number of mobiles at any
given time slot. In this simulation, we assume the base station can accommodate at most 50
flows simultaneously. New flows are blocked if the number of flows in the network already
reaches 50. We use the blocking probability as the performance metric to compare the three
scheduling algorithms.

The result is shown in Figure 3.7. We can see under a small A, all three algorithms

have small blocking probabilities. However, when A = 0.5, the blocking probability of the

hybrid CA-WSU is only 6%, while the blocking probability of the MaxWeight algorithm is
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around 20% and the blocking probability of the CA-WSU algorithm is around 40%. Thus, our
algorithm which was designed for throughput optimality assuming no limit on the number of
simultaneous flows in the network also performs well in situations where the number of allowed

flows is limited.
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Figure 3.7 The blocking probabilities of the CA-WSU, the hybrid
CA-WSU and MaxWeight algorithms

3.5 Conclusion

In this chapter, we have developed a hybrid channel assignment and workload-based schedul-
ing algorithm that is throughput optimal for multichannel downlink wireless networks in the
presence of flow-level dynamics. The algorithm has been proved to be throughput optimal
and the performance, including delay and blocking probability, has been shown to be much

superior to other alternatives.
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CHAPTER 4. Joint Congestion Control and Scheduling in Wireless

Peer-to-peer Networks

In wireless peer-to-peer networks, a pair of nodes communicate directly with each other. All
transmissions are single-hop. This communication pattern is more efficient compared to that
in cellular networks because the transmission of each packet no longer needs to go through two
hops, i.e., the uplink and downlink. In wireless peer-to-peer networks, the admission control
and medium access control are very important because concurrent transmissions can cause
severe interference if not arranged wisely. We assume there is a central controller in wireless
peer-to-peer networks, which schedules transmissions in each time slot, and our objective is
designing a joint congestion control and scheduling algorithm which maximizes the network

welfare while satisfying the delay constraints of traffic.

4.1 Network Model

In this section we describe the model we propose for a network that has message requests
subject to deadline constraints. The network is located in a bounded region R, where at the
beginning of each frame, multiple communication requests occur in the network. A commu-
nication request is from one location of the region to another location. The request either
gets fulfilled during that frame, or gets dropped due to deadline expiration. In this network,
all flows are finite-sized messages with strict deadlines, so resource allocation algorithms de-
signed for persistent flows cannot be used. To effectively schedule these real-time messages, we
propose to partition R into subregions that share similar interference and channel conditions.
This will allow us to pose the problem as a long-term optimization problem, where we can

maximize the total network utility.
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Traffic requests are assumed to originate in a region R that we divide in M disjoint sub-
regions {r;}icm, ie., m;Nr; =0 forall i # j € M = {1,..., M} and Ujepmr; = R. Thus,
to specify a flow, we must specify the region where the source node is and the region where
the destination is. These regions are also used to define the interference constraints, which
we represent by the interference graph G = {V, &}, where V is the set of vertices and & is
the set of edges. Formally, V def {v = (ry,r;) : 1,75 € R for i,j € M} denotes any pair of
regions such that the source node is in r; and the destination is in r;, and if (v, v2) € £, where
v1 = (141,751), v2 = (ri2,7j2), then a flow with source in r;; and destination in 7;; cannot be
scheduled to transmit simultaneously with a flow with source in ;2 and destination in rjo.

We assume that time is divided in slots, and a set of T' consecutive time slots is called a
frame. Every message is assumed to be comprised of a single, fixed-size packet such that the
packet can be transmitted in a time slot and has a deadline of T slots. Furthermore, it is
assumed that all packets arrive at the beginning of the frame.

Let a = (aij)i,jem denote the number of real-time messages that arrive at region r; destined
for region r; at the beginning of a given frame. We assume that a;; is a random variable with
mean J);; and variance afj, that is independent between different frames, and is such that
Pr(a;; = 0) > 0 and Pr(a;; = 1) > 0. The last assumption is to guarantee that the Markov
chain we define later is both irreducible and aperiodic, but it can be substituted by other
similar assumptions.

Depending on the wireless technology used, we can have some channel feedback before
or after a transmission occurs, either in the form of channel estimation or receiver feedback,
respectively. Furthermore, we can define different channel models depending on whether the
receivers acknowledge reception of all the packets at the end of the frame, or if acknowledgments
are received after each transmission.

In this chapter we assume that the potential number of packets that can be transmitted
from region 7; destined for region r; in a given time slot is denoted by ¢ = (cij)ijem. We
assume that the channel state ¢;; is a Bernoulli random variable, is known at the beginning of

the frame, and remains constant for the entire frame. Furthermore, we assume that the channel
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state is independent between different frames and independent of arrivals. This channel model
corresponds to the case when we do channel estimation before transmissions occur. We use this
model because it allow us to explain the main ideas behind our algorithm in the simplest way.
The other cases have a development similar in nature and are thus omitted. The interested
reader is referred to [24] for a related problem where these different channel models are studied
in further detail, and it is shown how different channel models affect scheduling.

Denote by ¢ = (¢ij)i,jem the minimum fraction of packets that need to be served originating
in region r; destined for region r;, and by Uj;(¢;;) the utility function associated with such
fraction. Furthermore, we assume that the function Uj;() is concave.

We denote by s = (8;j¢)i jem,te7 the schedule at any given frame, where s;5; indicates the
number of packets scheduled for service from region r; to region r; in time slot ¢ € T =
{1,...,T}. Furthermore, we consider only schedules that fulfill all interference constraints,
that is, if s;,5,+ > 0 and s;,j,; > 0 for any given time slot ¢, then it must be the case that
(vi,v2) € &€, where vy = (r;1,751), v2 = (ri2,752). Since the number of available messages and
the channel state determine the maximum number of packets that can be scheduled, we have

the following constraints in the schedule:

Z Sijt < aij for all 7,5 € M (41)
teT
Sijt < Cij foralli,je M, teT (42)

We will denote by S(a,c) the set of feasible schedules for fixed arrivals and channel state,

subject to (4.1), (4.2) and the interference constraints given by graph G.

4.2 Optimization Formulation

We now present a static optimization problem which will be the base to design a dynamic
algorithm using a dual decomposition approach.
Our goal is to find a scheduling policy Pr(s|a,c), which is the probability of using schedule

s € S(a,c) when the arrivals are a and the channel state is ¢. Thus, the expected service for
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requests with source in region r; and destination in 7, u;;(a, ¢), has the following constraint
pij(a, c) < Z Z sijtPr(sla, c),
s€S(a,c) teT
and the overall expected service is given by

pij = Y ij(a, ¢)Pr(a) Pr(c).

a,c

For notational simplicity, define the capacity region for fixed arrivals and channel state as

def | (Iij)ijem : there exists 5 € S(a, c)en,
fij < ZtET Sijt for all ¢, € M
where S(a, )¢y is the convex hull of S(a, ¢). Similarly, if we define the overall capacity of the

d
network as C lef

()i jem : there exists fi(a,c) € C(a,c)

for all a,c and p;; = E[fi;j(a,c)] for all i,j € M

then we have that def ()i jem € C.

From the definition of ¢;; we have the constraint
)\ijqij < ij for all 7,7 € M.

In other words, the service rate has to be larger than the minimum number of packets that
need to be served.

Since each traffic flow is a real-time message, we cannot define a long-term utility for a flow.
However, we can define utility functions for subregions. The goal is therefore to allocate the
communication resource fairly to subregions instead of users. The type of fairness is defined

by the selected utility function. So, the problem is formulated as follows:

pechEx | Z Uij(gij) (4.3)
i,jEM

subject to

)\Z'jqij < Wi for all 7,5 € M.

We will denote the optimal solution by u*, ¢*.
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4.3 A Duality Theory Approach

Using duality theory, we will show how to solve the optimization problem by solving a set
of related subproblems. This problem decomposition will be the basis for the online algorithm
that we will present in the next section.

The associated dual function [25] for (4.3) is

de
Do) = ecrg?();f]q ;Uw Qij) — 0ij(NijQij — piz)-
7]

Since the utility function is concave, and the constraints are affine functions, Slater’s condition

(26] implies that the duality gap is zero and therefore D(6*) = > Uij(gj;), where
i,jeM

0% € argmin D(0)
5,;>0

and ¢* is the solution to (4.3). Furthermore, to solve the optimization problem using the dual

function, we note that we can simply solve the following subproblems

olax, Uij(@ij) — 0ijNij i

and

max Oijfhij - (4.4)
’ i,jJEM

Since d0;; > 0 for all i,j € M, the optimization in (4.4) has a linear objective, and the

service rate is a convex combination of the feasible schedules, we can further decompose (4.4)

as follows

serg?axc) Z 5” Z Sijt:

teT

We can then use the following iterative algorithm to find the solution to our optimization

problem, where k is the step index:

;;(k) € argmax U;j(gij) — 0i5 (k) Nijis
0<¢q;;<1

and

§*(a,c, k) € argmax Z i ( )Zsijta

s€8(a:0)  jeMm teT
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with update equation
8ij (k + 1) = {835 (k) + e[Nij; (k) — fug; (k)]

step-size parameter € > 0 and
def ZZ 55(a, ¢, k) Pr(a)Pr(c).
a,c teT

Using the change of variables e(fij(k) = 0;;(k) we can rewrite the problem as

. 1
qij(k) € argmax —Uj;(qi5) — dij(k))\ijqij
0<q;;<1 €

and

§*(a,c, k) € argmax Z (Lj(k) Zsijt’
s€S(a,c) ijeM teT

with update equation
dij(k + 1) = [dij (k) + i (k) — i (k)]

It must be noted that given the update equation of q;‘j (k), we can give a controller interpretation
to it, where we regulate the minimum service we give to traffic requests. Similarly, JU(k:)
can have a queue interpretation, with the the number of arrivals given by Aij(jfj(k) and the

departures given by fif; (k).

4.4 Online Algorithm

In this section we first present our online algorithm and subsequently we present its per-

formance analysis.

4.4.1 Scheduler and Service Controller

We propose to use the following scheduler when the arrivals and channel state at frame k

are given by a(k) and c(k), respectively:

§*(a(k),c(k),d(k)) € argmax Z dij(k ZSW’ (4.5)

s€S(a(k),c(k)) ; JeEM teT
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and the following service controller

G;j(a(k), d(k)) €

1
arg max —Uij (q,-j) — dij (k)a”(k)q” (4.6)

0<q;;<1 €
In the notation we make explicit the fact that the scheduler and the service controller are a
function of the arrivals, the channel state, and the parameter d(k).

We need to translate the minimum service to message requests, which is a fraction, into a
minimum number of packets that need to be served. This conversion can be made in different
ways: we assume that the minimum number of packets to be served at region r; destined to
region 7;, G;;(k), are a binomial random variable with parameters a;;(k) and §;;(a(k), d(k)).
The quantity a;;(k) can be generated by the network as follows: for every message request,
flip a coin with probability of heads equal to ¢j;(a(k),d(k)), and let a;;(k) be the number of
heads that we get.

The update equation for d(k) is given by

dij(k + 1) = [dij (k) + a (k) — I5(a(k), c(k), d(k))]T,

where

I (a(k), e(k), d(k) < 37 5 (alk), elk), d(k)).

teT

We interpret the parameter d;;(k) as a virtual queue that keeps track of the deficit in service
for traffic requests from region r; to region r;, given the minimum service allocated by our

controller.

4.4.2 Performance Analysis

We will first bound the expected drift of the Markov chain d(k) for a suitable Lyapunov

function. For the sake of readability, we will defer the proofs to Section 4.6.

Lemma 9. Consider the Lyapunov function V(d) = %Zz‘,jeM d%j. If there exists i € C and

0<qij <1 foralli,j € M such that

)\ij(jij < ﬁz‘j foralli,je M (47)

Ol Ll Zyl_ﬂbl
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then
E[V(d(k+1))|d(k) =d] - V(d) <Bi— By Y dj
i,jEM
1 ~ ~%
— = > {Uuay) - B U@ (atk), )]}
1,JEM
for some positive constants By, Ba, any € > 0, where ¢*(a(k), d) is the solution to (4.6). o

Since d(k) defines an irreducible and aperiodic Markov chain, and the last term of the right
hand side of the inequality can be bounded, Lemma 9 implies that d(k) is positive recurrent
since the expected drift is negative but for a finite set of values of d(k). Thus, a direct

consequence of Lemma 9 is the fact that the total service deficit has an O(2) bound.

Corollary 10. If there exists i € C, 0 < ¢;; < 1 for all i,j € M such that (4.7) is true, then

the total expected service deficit is upper-bounded by

1
limsup B | > dij(k)| < Bs+ B,
k—o00 ijeM €
where By = By/By and
i jem maxo<; <1 2|Ui;(4i;)|

B, <
4 S By

Before we can prove that our algorithm can achieve the optimal value of (4.3) in some

stochastic sense, we need a related result to Lemma 9.

Lemma 11. Consider the Lyapunov function V(d) = 3 dijeM dfj. Then

E[V(d(k+1))|d(k) =d] - V(d) <Bi— By Y dj
i,JEM

LS (Uit - B U@ k). 0]}

1,jEM
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for By > 0, some nonnegative constant By, any € > 0, where ¢* is the solution to (4.3) and
q*(a(k),d) is the solution to (4.6). Furthermore, if Nijqi; < pj; for alli,j € M then By > 0.

o

The difference between Lemma 9 and Lemma 11 is that Lemma 11 does not guarantee that
the Markov chain is positive recurrent, but it allows us to compare the expected drift to the
optimal solution. The proof technique is identical to the proof for Lemma 9, so it is omitted.

With this result, we can now prove that our algorithm is within O(e) of the optimal value.

Theorem 12. For any € > 0 we have that

lim sup Z {U,] qu

(e )

for some B > 0, where q* is the solution to (4 3) and §*(a(k),d(k)) is the solution to (4.6). ©

From Corollary 10 and Theorem 12 we observe that there is a tradeoff when choosing e,
since the more we approach the optimal solution, the larger the total deficit counters will be.
The statement and proofs of Lemma 9 and Theorem 12 follow the techniques in [27],
which are similar to the techniques in [28]. Slightly different results can be derived using the

techniques in [29] and [30].

4.5 A Different Utility Function

In the previous sections we assumed that the utility is a function of the minimum fraction
of packets that need to be served. If we assume instead that the utility is a function of the
minimum rate of packets that need to be served, the algorithm needs to be slightly modified.
Since the analysis is similar, in this section we will only highlight the differences and present
the main results without proof. Later in Section 4.7 we will present a simulation-based study
to show how the choice of the utility function can considerably affect users’ behavior.

Denote by « = (45)i jem the minimum rate of packets that need to be served originating

in region 7; that are destined for region r;. The utility function associated with such rate is
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denoted by Uj;(z;;), and we assume that U;;() is concave. Thus, we have that the constraint

for the overall expected service is now given by
xij < pij for all 4,5 € M.

Given that we want to maximize the total network utility, the problem is formulated as

follows:

uEICI,lai}j(ZO Z Uz] (xlj) ( 8)
i,jEM
subject to

Tij < i for all 4,5 € M.

We will denote the optimal solution by p*, x*.
Using the decomposition approach presented in Section 4.3, we can develop the following
online algorithm, where the arrivals and channel state at frame k are given by a(k) and c(k).

The scheduler is given by

5 (a(k), c(k),d(k)) € argmax Y dij(k) Y sije,

s€S(a(k),c(k)) i,jEM teT
and the service controller is
1
.’ifj (d(k)) € arg max —Uij (371]) — d”(k)xw (49)
0<z;; <T €

To convert #7;(d(k)) into a minimum number of packets that need to be served, we define the
integer-valued random variable a;;(k) such that Ela;;(k)] = 27;(d(k)), its variance is upper-
bounded by o2, and is such that Pr(a;j(k) = 0) > 0, Pr(a;;(k) = 1) > 0. The last two
assumptions are used to guarantee that the Markov chain d(k) is both irreducible and aperiodic,

but can be substituted by similar assumptions.

The update equation for d(k) is given by

dij(k + 1) = [dij (k) + a5 (k) — Ij(a(k), c(k), d(k)]",

where

I (a(k), c(k), d(k) <37 535 (alk), ek), d(k)).

teT
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As we did before, let d;;(k) be interpreted as a virtual queue that keeps track of the deficit in
service for traffic requests from region r; to region 7;, given the minimum service allocated by
our controller.

For this algorithm we have that the expected drift of the Markov chain d(k) for a suitable

Lyapunov function is given by the following lemma.

Lemma 13. Consider the Lyapunov function V(d) = %Zz’,jeM dgj. If there exists i € C,

Zy; > 0 for all i,j € M such that

Ty < fii5 for all 1,5 € M (4.10)

then
EV(d(k+1)d(k) =d| - V(d) < Bi—By Y dy
i,jEM
1 N =
- Z {Uij(2i5) — E [Uij(Z7;(d))] }
i,j€EM

for some positive constants By, Ba, any € > 0, where £*(d) is the solution to (4.9). o

Lemma 13 implies that the total service has an O(%) bound, as was proved in Section 4.4.2

for Lemma 9. We can also prove that the algorithm is within O(e) of the optimal value.

Theorem 14. For any € > 0 we have that

for some B > 0, where x* is the solution to (4.8) and a*(k) is given by the solution to (4.9). ¢

4.6 Proofs

4.6.1 Proof of Lemma 9

We start proving Lemma 9 by presenting the following fact.
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Fact 1. The optimization in (4.5) can be performed over S(a(k),c(k))cyu, the conver hull of
S(a(k), c(k)); that is,

max di' k Sijt —
ses<a<k>,c(k>>i,j§4 8 2 s

teT
max Z d” ) Z Sijt-
s€8S(a(k),c(k) )CH oM P

The reason for this comes from the fact that the objective function is linear and therefore there

must be an optimal point 5*(a(k), c(k),d(k)) € S(a(k),c(k)). o
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Proof of Lemma 9.

i,JEM

+% az; (k) + az;(k) (4.11)
i,jEM

<E [ > dijaig(k) — digI(a(k), c(k), d) + agj(k)] (4.12)
i,jEM
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where (4.11) and (4.12) follow from the definition of f;‘j(a(k), c(k),d) and a;;(k), respectively,

and

= Z /\%—1-02

i,jEM
From the definition of C, i € C implies that there exist fi(a,c) € C(a,c) for all a, ¢ and
fiij = Elfiij(a,c)] for all 4,5 € M. For the rest of the proof we define fi;;(a,c) to be such set

of values associated to fi. Thus:
E[V(d(k+1))ld(k) =d] —V(d)
SBl Z UU qz] dijaij(k)(jij (413)
]GM
. 1 e
+dijfiij(a(k), c(k)) — EUij(qZ‘j(a(k)7 d))

=B — > dij(jiij — Nijdis)

i,jEM

- Z {U@] q” [ l](qZ]( (k;)’d))]}

1,jEM

<B| — B> Z d;j
i,jEM

1 Z {Uij (@) — E [Uij(@5(a(k), d))] }

,JEM

where (4.13) follows from the fact that fg‘j(a(k),c(k),d) and ¢j;(a(k),d) are the solutions to

(4.5) and (4.6), respectively, and Fact 1. Furthermore,

By = r]IllIl {:u’lj - Azqu}
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4.6.2 Proof of Theorem 12

From Lemma 11 we have

—ZjWa% E [Usj((a(k), d)] }

1,jEM

<Bi—By Y dij— E[V(d(k+1))|d(k) = d] + V(d)
i,JEM

<By — E[V(d(k + 1))|d(k) = d] + V(d).

The last inequality follows from the fact that By Zi,je mdij > 0. Taking expectations we

obtain
—ijg% E [Uyi(@(alk), d(K)))] }
i,jeEM

<Bi — E[V(d(k+1))] + E[V(d(k))].

If we add the terms for k = {1,..., K} and divide by K we obtain

K
-Zi{w% ng §(@5(a wﬂ}

JEM
s&_EWMg+DH+ ngn
EV(d(1))]

K )

<B: +

where the last inequality follows from the fact that the Lyapunov function is non-negative.

Using Jensen’s inequality [26] we get the following

{3 e (o o]}

1,jEM

S% Z {UU qz] [K ZUW ng (k)))]}

1,jEM
EV(d1))]
T

<Bi +
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Taking the limit as K — oo, and assuming F [V (d(1))] < oo, we get

lim sup Z {Ui; (q5;)

K—oo ijeM
1 K
e Z@(a(k»d(k»]) } < Be,
k=1

— Uij (E

where B = Bj. [ |

4.7 Simulations

In this section, we first compare our algorithm against the solution proposed in [27] for
scheduling persistent real-time traffic and show the limitations of that approach to handle
real-time messages for providing fairness. Then we study how the choice of the utility function
in our algorithm can affect the behavior of users, giving them incentives either to achieve

load-balancing or to create hotspots.

4.7.1 On the Limitations of a Previous Approach

We now compare the algorithm introduced in Section 4.4.1 against the scheduler proposed
in [27] for handling persistent real-time traffic. Since the algorithm is an extension to the
MaxWeight scheduler for real-time traffic, in this chapter we will call it the real-time MaxWeight

algorithm, while we will call our algorithm the fraction-based algorithm.

4.7.1.1 Simulation settings

We divide the region where traffic is generated in two subregions. In other words, M =
{1,2}. There are 80 users in the network, where 40 users are located in subregion 1, and
40 users are in subregion 2. Each frame consists of 4 time slots, i.e., T' = 4. We assume the
channel between any two regions is always on, in other words, ¢;; = 1 for all 4, j € M. At every
frame each user generates a message with probability P,,, where the destination is randomly
selected. We will denote by (i, 7) the set of transmission requests with source in region r; and
destination in rj, for i, j € M. Thus, the aggregate number of message requests in (4, j) will

determine a;;. The interference graph for our simulations is given by Fig. 4.1, where each
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Figure 4.2 Throughput for the Fraction-based algorithm

vertex represents any pair of regions, and an edge joins them if they cannot simultaneously
transmit. For example, only transmissions (1,1) and (2,2) can be simultaneously scheduled

without interfering with each other. In the simulations, we assume the utility function is o-
et

. 95
fair, i.e., Uij(qij) = 125

For the fraction-based algorithm, we set ¢ = 0.1 and o — 1, which

corresponds to the limit case of proportional fairness.

4.7.1.2 Results

To compare both algorithms, we measure the throughput, which is defined to be the number
of packets that are successfully transmitted per frame for every region pair (i,7). In Figs.
4.2 and 4.3 we observe that while the fraction-based algorithm tries to fairly allocate the
throughput among different region pairs, the real-time MaxWeight algorithm disproportionally

gives preference to intraregion transmissions, starving cross-region transmissions.

To understand this behavior, note that the real-time MaxWeight algorithm uses as weights

ol Lalu Zyl_ﬂbl
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Figure 4.3 Throughput for the Real-time MaxWeight algorithm

the deficit in service for every flow. Since each traffic request consists of a single packet, then
no flow has a deficit that allows it to gain priority in a schedule. Thus, for the case of real-
time messages, the real-time MaxWeight algorithm becomes the maximal matching algorithm,
giving priority to intraregion transmissions since this maximizes the number of links that
can be simultaneously scheduled. Therefore, in order to maximize throughput, the real-time
MaxWeight algorithm allocates service with no fairness considerations into account.

To explore the tradeoff between maximizing throughput and guaranteeing fairness, we
measured the total network throughput for both algorithms, and the results are presented in
Fig. 4.4. As it can be seen, for larger arrival rates the difference in both algorithms starts to
increase since the real-time MaxWeight algorithm schedules more intraregion transmissions.
Hence, in order to achieve proportional fairness we have to pay a price in terms of total network
throughput.

Another way to explore the throughput-fairness tradeoff is by increasing the value of .
Note that @ — oo corresponds to the limit case of max-min fairness, where the algorithm tries
to maximize the minimum fraction of service allocated to any given region pair. In Fig. 4.5 we
plot the total network throughput when P,, = 0.2. As can be seen, the minimum throughput
between different region pairs starts to increase with increasing «, but as can be observed in
Fig. 4.6 we have to pay a price in terms of a small decrease in total network throughput, since

we are sacrificing efficiency for fairness.
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Figure 4.5 Throughput for the Fraction-based algorithm when « varies

4.7.2 The Effect on Users’ Behavior of the Utility Function

So far, our work has studied how to schedule real-time messages when the traffic densities
in every region are fixed. In this section we complement our theoretical work by studying how
the choice of the utility function can affect the behavior of users, giving them incentives either
to achieve load-balancing or to create hotspots. To do that, we will study a simulation model
where the users are in any given region according to some probability distribution, and we
allow users to modify such distribution in order to increase their own throughput. With this
simple model we try to understand the decision-making process of users and how they react

to the quality of service they receive from the network.
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Figure 4.6 Total throughput for the Fraction-based algorithm

4.7.2.1 Simulation Settings

The settings for this section are the same as in Section 4.7.1, with the following changes.
We let P,, to be 0.1, and we assume that users are in region 1 with probability 0.8 and in
region 2 otherwise. After a random amount of time, each user decides to either continue using
the same probability distribution or change it to the inverse, that is, to stay in region 1 with
probability 0.2. We assume that the time for our algorithm to converge to the optimal solution
is much smaller than the time for an user to decide whether to keep or change its distribution.
In other words, we assume there is a time-scale separation between the users and the algorithm.
This assumption is reasonable since in practice the behavior of users is much slower than the

convergence time of the scheduling algorithm.

4.7.2.2 Results

In the first part of the simulations we set @« = 5 and compare the fraction-based algorithm,
with service controller given by (4.6), against the service controller in (4.9), where the utility
is a function of the minimum rate of packets that need to be served instead of the minimum
fraction of packets that need to be served. We will call the second controller the rate-based
algorithm.

We allow users to modify their probability distribution after a random amount of time,

and we let the simulations run until we get the steady-state behavior of the network, which in
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Figure 4.7 Users’ location under the Fraction-based algorithm when o« = 5
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Figure 4.8 Users’ location under the Rate-based algorithm when o« = 5

this case is after 2 million frames. In Figs. 4.7 and 4.8 we plot the geographical location of
users in the first and last frame of the simulations. It can be noted that for the fraction-based
algorithm roughly half of the users are in each region while for the rate-based algorithm 80%
of the users stay in region 1, compared to the distribution of users in the first frame, where
80% of the users stay in region 1. The steady-state distribution of users’ location is shown in
Table 4.1.

Thus, we observe that the fraction-based algorithm allocates service such that users tend to
modify their behavior in such a way that the system achieves load balancing between different
regions, and that the rate-based algorithm assigns service in a way that users do not have

an incentive to modify their behavior, creating hotspots. This difference in behavior is also
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Table 4.1 The steady-state distribution of users’ location when o = 5
Subregion | Fraction-based | Rate-based
1 50.26% 79.99%
2 49.74% 20.01%

Table 4.2 Total network throughput when oo =5
Fraction-based | Rate-based
4.70 4.25

reflected in the total network throughput, as shown in Table 4.2. As expected, when the system
achieves load balancing it gets higher throughput compared when it does not.

For the case where o = 1, the results are quite different. In Figs. 4.9 and 4.10 we plot
the users’ location for the first and the last frame of the simulations, while the steady-state
distribution of users’ location is shown in Table 4.3. As can be seen, both algorithms start
with a distribution of users in the first frame such that 80% of the users stay in region 1, but
at the end of the simulations they achieve load balancing.

The data implies that when a = 1, the performance of the fraction-based algorithm and the
rate-based algorithm are equivalent. As we can see in Sections 4.4.1 and 4.5, the only difference
between the two algorithms is the service controller. For the fraction-based algorithm, when
the utility function is a-fair, we can analytically solve the optimization problem (4.6) such that

~k 1 é
Gij(a(k), d(k)) = [W]

1
if [é] “ < 1. For the rate-based algorithm, when the utility function is a-fair, we can
ea;j(k)dij (k)

also solve the optimization problem (4.9) such that
1
() = ||
wij B Edij(k)
1

if [m] “ < T. It is easy to see that when o — 1, both algorithms allocate the same

minimum rate of packets to be served.

Ol Ll Zyl_ﬂbl
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Figure 4.9 Users’ location under the Fraction-based algorithm when o = 1

Figure 4.10 Users’ location under the Rate-based algorithm when o =1

4.8 Conclusion

In this chapter we have studied the problem of service allocation and scheduling of real-
time message requests under strict per-packet deadline constraints. We have presented an
optimization framework that groups message requests by regions with similar interference and
channel conditions, allowing us to design a solution that optimally allocates resources in the
long term while meeting delay constraints. The solution allows for very general interference
and arrival models. Using simulations we have showed the limitiations of previous approaches
and why there is a need to develop a new solution to the problem we considered.

We have also explored the impact of the choice of the utility function on the mobility

patterns of users, and have showed how different utilities lead to incentives that either help
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Table 4.3 The steady-state distribution of users’ location when v = 1

Subregion | Fraction-based | Rate-based
1 51.80% 55.54%
2 48.20% 44.46%

achieve load balancing between regions or that create hotspots where a large number of users

concentrate.
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CHAPTER 5. Scheduling in Multihop Wireless Networks

In this chapter, I address scheduling in multihop wireless networks with flow-level dynamics.
Although most existing practical wireless networks consist of single-hop data transmissions,
multihop wireless networks have important applications in various areas.

A widely-used algorithm to stabilize multi-hop flows in wireless networks is the back-
pressure algorithm proposed in [3], which can stabilize any traffic flows that can be supported
by any other routing/scheduling algorithm. We refer to [9,10] for a comprehensive survey on
the back-pressure algorithm and its variations. A key idea of the back-pressure algorithm is
to use largest queue difference as link weight, and schedule the links with largest aggregated
weights. Therefore, the back-pressure algorithm requires constant exchange of queue-length
information among neighboring nodes. Furthermore, under the back pressure algorithm, the
sum of the queue lengths along a route increases quadratically as the route length [18], which
leads to poor delay performance. The most important thing is, the back-pressure algorithm
is optimal only for the network without flow-level dynamics. When the system has flow-level
dynamics, it is no longer throughput optimal as pointed out in [1].

To address the scheduling problem in the presence of flow-level dynamics, we can think
of the nodes in wireless ad-hoc networks as “access points” (AP). Each user who wants to
transmit data should first associate with a particular AP and transmit data to it, and then
the associated AP will forward the data to the destination AP through wireless links, who
will finally dump the data to the destination user. By doing this we “translate” the flow-
level dynamics to packet-level dynamics. Now the question is, considering the drawbacks of
the back-pressure algorithm, can the network be stabilized without using back pressure? We

address this problem in a multi-hop wireless network with fixed routing in this chapter.
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5.1 Basic Model

We consider a network represented by a graph G = (N, L), where A is the set of nodes
and L is the set of directed links. Let N = |[N| and L = |£|. Denote by (m,n) the link from
node m to node n, which implies that node m can communicate with node n. Furthermore,
let g = {}i(m )} denote a link-rate vector such that p(, ) is the transmission rate over link
(m,n). A link-rate vector p is said to be admissible if the link-rates specified by p can be
achieved simultaneously. Define I' to be the set of all admissible link-rate vectors. It is easy
to see that I' depends on the choice of interference model and might not be a convex set.
Furthermore, I' is time-varying if channels are time-varying. We further assume that there
exists fmax such that fi(y, »y < fimax for all (m,n) € £ and all admissible p.

We consider multihop traffic flows with fixed routing in this chapter. Let f denote a flow,
and R denote the route associated with flow f. Denote by Sy the source node of flow f, and
Dy the destination node of flow f. Further, let u{m’n) denote the rate at which packets of flow
f are served over link (m,n). We use F to denote the set of all flows in the network, and
F = |F|. Assume that time is discretized, and let X;(¢) (f € F) denote the number of packets
injected by flow f at time ¢t. We assume X(¢) is independent and identical across time, and let
Xt = E[X¢(t)], which is the arrival rate of flow f. We further assume X(t) is upper-bounded,
ie, Xf(t) < X™ for all f and t. Suppose Af(t) = S'_, X;(7) which is the aggregated

arrival rate of flow f at time ¢, we assume that Ay (t) satisfies the following property:

Ap(s) = As(t)

— X 5.1
p— f (5.1)

as s —t — o0o. In other words, given any ¢ > 0, we can find a T such that when s — ¢ > T,
w —Xf‘ < € for any f.

Remark: Since Ay(s) — Ag(t) = 327, Xf(7), according to the Strong Law of Large
Numbers, Pr (W — X f> = 1. However, the sample-path convergence still cannot
guarantee deterministic convergence as in (5.1). Therefore, we should consider (5.1) to be the

assumption of traffic arrivals, instead of the property of sum of random variables. But we want

to point out that when s — t is sufficiently large, (5.1) holds in almost-surely sense.
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5.2 Necessary Conditions for Stability

In this section, we study the necessary conditions for network stability. We say a traffic
configuration {X}tcr is supportable if there exists {[L{m n)}(mm)e ¢ such that the following

two conditions hold:

(i) For any flow f and node n # Dy,
= =f
Xf]I{Sf:"} + Z M(m,n) < M(n,b)’ (5'2)
m:(m,n)ERy b:(n,b)ERy

where I p=n} equals one if Sy = n occurs and equals zero otherwise.
(i)
> Bl ¢ €CHD), (5.3)

fer

where CH(T') is the convex hull of T

Recall that each flow is associated with a fixed route. It is easy to see the necessary
condition (5.2) is equivalent to the following statement: For any flow f and (m,n) € Ry, we

have

p{ > X;. (5.4)

m,n) —

5.3 Self-Regulated MaxWeight Scheduling for Multihop Wireless

Networks

In this section, we introduce the self-regulated MaxWeight scheduling for multhop wireless
networks, which is later proved to be throughput optimal.
Two-stage queue architecture: Each node maintains two types of queues: per-flow queues
and per-link queues as shown in Figure 5.1. An incoming packet is at first buffered at the cor-
responding per-flow queue and then moved to the per-link queue where the link is on the route
of the flow (the details will be described later). In this chapter, we denote by Q? the length of

the queue maintained at node n for flow f, and Q?n b) the length of the queue maintained at
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Figure 5.1 The two-stage queue architecture

node n for link (n, ). Clearly, queue for link (n, b) is maintained only at node n, so we simplify

Q?mb) to be Q) without causing any confusion.

Self-Regulated MaxWeight Scheduling

e MaxWeight scheduling: Compute the admissible link-rate vector p*(t) such that
:U’*(t) = arg max Z H(n,b)(t)Q(n,b)(t)' (55)
p(t)el
(n,b)eLl
Note that here instead of back pressure, we use the queue lengths of per-link queues as

link weights to make scheduling decisions.

e Per-link queue transmission: Node n transmits

S(n)(t) = min{uf,, (1), Qnp) (1)}

packets to node b over link (n,b). The packets are deposited into per-flow queues at node
b according to their flows. We let s{ )(t) denote the number of packets of flow f that

n,b

are transmitted over link (n,b) at time ¢. Note that

s (®) =D sy (@)
f

always holds.
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e Per-flow queue transmission: Denote by a?(t) the number of packets deposited into queue

Q}L at time slot ¢, i.e.,

aft) = sl

(bn)el

for those non-source nodes, and

for the source node of flow f.

For each flow f, node n maintains a rate estimate

s _ 1 Zi:la?(’]—)
A T L

(5.6)

where ny is the next hop of node n on the route of flow f. If Q(nynf)(t) =0, then let

(0 = (149 =T,

where v > 1 is a positive constant we can set. At time slot ¢, node n moves

sp(t) £ min{ X7 (1), Q ()}

packets from queue Q}‘ to queue Q, ;- We further define the packet arrivals of per-link

queues

amp(t) & D sh).

fi(n,b)ERy

Remark: Note that the rate estimate (5.6) is self-regulated. Under low traffic load, the
queue lengths of per-link queues are small, so the transfer rates from per-flow queues to
per-link queues are large to get a good performance on end-to-end packet transmission
delay. When the traffic is heavy, i.e., the queue lengths of per-link queues are large, the
rate estimate is only slightly larger than the required departure rate of per-flow queue
to guarantee the stability of the network. This scheme can stabilize the network without

sacrificing any portion of the stability region, which will be proved later.
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The intuition of this two-stage queue architecture is that, we break each multi-hop flow into
multiple single-hop flows, one for each link on the route. A scheduling policy stabilizing the
collection of single-hop flows also provides sufficient service for supporting the set of multi-hop
flows. Therefore, if each link knows the required rate for it to carry, it can simply generate
virtual packets according to the required rate and then let the network makes scheduling
decisions according to the virtual queues (per-link queues). When a virtual queue is scheduled,
real packets are served according to the allocated link rate. Note that the back pressure
scheduling becomes the MaxWeight scheduling here since all flows are single-hop. To totally
remove the network overhead, we let each node estimates the required link rate locally by
taking average over the past arrivals as in (5.6).

The notations are illustrated in Figure 5.2. From the definition of the self-regulated

MaxWeight scheduling algorithm, we can see that the dynamics of queue Q;‘ and Q) are:

(5.7)

(5.8)

Q3 |

lemmmmmmm o ‘— link (n, b) ‘ -----------------

node n node b

Figure 5.2 The notations and the flows

In the following, we will prove that the self-regulated MaxWeight scheduling algorithm
stabilizes any traffic within the stability region of the network. The analysis consists of two
steps: we first show that the per-link queues are bounded (Lemma 15), and then using induction

to prove that the per-flow queues are bounded as well (Lemma 16).

Lemma 15. Given a set of traffic flows such that {(1 + €)X} is supportable for some e > 0,
there exists a positive constant C > 0 such that the lengths of any per-link queue is no more

than C for all t > 0.
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Proof. Since we are considering the asymptotic behavior of the system, we only concern about
the queue lengths when ¢ is large. From (5.1) we know that for any given 6 > 0, we can find

T(0), such that when t > T'(4),

AfT(t) < X;+4,Vf.

Therefore, for any node n,
t

> aj(r) < Xgt + dt,
T=1

which implies that

1

nng

}) (Xf+9),Vf.

Since {(1+4¢€) Xy} is supportable, according to the necessary conditions for stability, there exist
[ such that

il = (14 )Xy

for all flow f and link (m,n) that is on the route of f. Let fi(y, ) = Zf:(m,n)eRf ﬁ{m ) then
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for any link (m,n) € £, we can conclude that

aWme(t) = D, XF()
f:(myn)eRf
1
< Z (1+min{%Q—(t)})(Xf+5)
f:(m,n)eRy (m,n)
- Y. (1+9X;
f:(man)ERf
— Z (e—min{%;t})Xf
F(m.m)eR; Q(m,m)(t)
1
Y gt
t
f:(mn)eRy Q(m,n)( )
=f
< Z M(m,n)
fi(m,n)GRf
fi:(mn)eRy (m,n)
1
+ Z (1 + min {7, 0 (t)})(S
fi(mmn)eRy (m,n)
= Ia(m,n)
- Z (G—min{"}/,@ ! (t)})Xf
f (m,n)eRf (man)
1
+ 1 + min { , } 5 59
2 " Qo ® ) (5.9)

The dynamic of per-link queues can be rewritten as

Q(m,n) (t =+ 1) = Q(m,n) (t) = S(m,n) (t) + U(m,n) (t) + QA (m,n) (t)a

where (,, 5,)(t) is the unused service due to the lack of packets in queue. It is easy to see that

when Q(m,n) (t) > Mmax; U(m,n) (t) =0, s0 Q(m,n) (t) X U(m,n) (t) < M?nax'

We construct Lyapunov function as follows:

Vi)=Y Q)

(m,n)eL
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Then
V(it+1)—V(t)

= D QuattD) = D> Qhun®

(m,n)eL (m,n)eL
= Z (Q(m,n) (t + 1) + Q(m,n) (t)) X
(m,n)eL

(Q(m,n) (t + 1) - Q(m,n) (t))

= Z (2Q(m,n) (t) + QA(m,n) (t) + U(mn,n) (t) — S(m,n) (t))

(m,n)eL
X (@) () + U n) () = S ()

< M+ Z 2Q(m,n) (t) (a(m,n) (t) — S(m,n) (t))

(m,n)eLl
- M
+ > 2Q0mm () (agnn)(t) = fignm) (5.10)
(m,n)eL
+ D 2Quua)(®) (Agnm) = Sena (1) (5.11)
(m,n)eL

where My = 2Lp2 . + L[(maxs X7 +6) x F + fimax]” -

From inequality (5.9), we can get

Z 2Q(m,n)(t) X (a(m,n) (t) - ﬁ(m,n))

(m,n)eL

. 1
> 2Qumm(t) ( > (1+min {% m})5

(m,n)eL f:(m,n)ERy

5 gt )

f:(m,n)ERy

. 1
Z 2Q(m,n)(t) (mln {7, —Q(m,n)(t)} (erfo +F5)

(m,n)eL

+FH — Z eXf)

fi(mn)ERy

IN

IN

< M+ Z 2Q(m,n)(t) (F(S_ Z eXf)

(mn)eL f:(mn)eRy

where My = 2L (¥ x Xy + F9).
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Furthermore, from the MaxWeight scheduler (5.5) and necessary condition (5.3),

Z 2Q(m,n) (t) X (ﬁ(m,n) - S(m,n) (t))

(m,n)eL

<) 2Q(nm () X <ﬂ(m,n) — K (ﬂ) + M3
(m,n)eL

S M3a

where M3 = 2Lu2 .

Therefore, we conclude that

Vit+1)—V(t)

< M+ My + Ms

+ ) 2Qunm () (F6 - > eXf) .
(m,n)eL f:(m,n)eRy

It is easy to see that when {f € F: (m,n) € Ry} =0, Q) (t) = 0. So

(m,n)eL m,n)ER ¢

Z 2Q(m,n) (t) (F5 — Z EXf)
fi(

< ) 2Q0mm () (ch—em}nxf).

(m,n)eL

If we further choose § such that § < emi; £+ Xs  we have

Z 2Q(m’n)(t) (F(S — Z GXf)
Ii(

(m,mn)eL m,n)ERy
< Z 2Q(m’n)(t) (—%6 mfin Xf) .
(m,n)eL

Now note that max,, n)ers @ (m,n) (t) >4/ @ Suppose M > 0 is a positive constant, then

2
M+ Mo+ Ms+M
when V(t)>L<%) )

My + My + Mz + M
emianf ’

mon)(t) >
(s Q) (1)
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So we have

Vt+1) - V()

< M+ My + M3
.
+ Z 2Q (mn) (1) (—iem;an)
(m,n)eL
< M;+ My + Mg — t in X
< M+ My + M; (Wril%éﬁQ(m,n)( )(fmjyfl r)
< -M

2
From the above analysis we can see, when ¢ > T'(9), if V(t) > L (%#) , the
drift of the Lyapunov function is negative. Moreover, when t < T'(8), V (t) < L (FX™T())?.
Therefore, there exists a constant Cy such that V(t) < Cy for all t. So Q. n)(t) < VCv 2C

for any (m,n) € F and t.

Next, based on Lemma 15, we will prove that all per-flow queues are bounded as well.

Lemma 16. Given a set of traffic flows { Xy} such that {(1 + €)Xy} is supportable for some
€ > 0, under the self-requlated MaxzWeight scheduling, there exists a constant C such that, the

lengths of the per-flow queues are no more than C for all t.

Proof. First let’s focus on the source node Sy of flow f. Suppose n} is the second hop on the
route of flow f. For node Sy we have the rate estimate

X5 () = min 1 Af(t)
K= {% Q(syn3) (1) }) t

From property (5.1) we know, AfT(t) — Xy as t — oo. Furthermore, according to Lemma

15, Qs 7in2 )(t) < C for all t. Combining these two facts, we can always find ¢s such that when
>S5
t>ts, X7 (t) > (14 50) X
We define a “super time slot” for node Sy, which consists of M time slots, where Mj is a
positive number. We index the super time slot using 7. Suppose a?f T) is the arrival packets

S¢
of flow f at node Sy during super time slot 7', then due to (5.1), an(sT) — Xt when My — oo.

ol Lalu Zyl_ﬂbl
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In other words, for a constant 7ns such that 0 < nys < ;(—é, we can always find an M, such that

(1)
i < Xf +ns. In other words,

a} (T) < XM, + ;M.

On the other hand, for MT > t, during super time slot 7"+ 1, f(}gf (t) > (14 55)Xy. In
other words, the aggregated service rate of Q]Scf during T'+ 1 is at least (1 + %)M sX . Since
Ns < ;(—Cf,, we have

(T < XpM, + oM, < (1

af Mst.

+ i)
2C
From above analysis we can see, the packets arriving at node Sy during super time slot T
can be completely served during super time slot T+ 1, if M;T > t;. Since the arrival packets
to node Sy before time ¢, is at most X™*t, it is easy to see that there exists a constant C
such that Q?f (t) < Cs for all ¢t.

Next we use induction to prove all per-flow queues are bounded by a constant. Denote by

n} the i*" node on the route of flow f. Now assume that
j
Q;Lf (t) < C; for all t and j < i. (induction assumption)

We next define

Cs = i(Ci + C).
pitl )
First consider the departures of the per-flow queue @ ff at node n}"'l. It is easy to see
that
g i g
D oMz af ()2 af(r) =G
T=1 =1 T=1

because Cs is an upper bound on the number of packets belonging to flow f and queued at

nodes n} to node n? (the up-streaming nodes of node 7 + 1). So according to (5.1) we have,

oo
Sia (7)

X
¢ A

as t — o0o. Moreover, based on Lemma 15, Q(nz;rl nj,“)(t) < C for any t. Therefore, there

exists some t;, such that when t > ¢;,

ol Lalu Zyl_ﬂbl
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i+1 )
Then let’s see the arrivals of the per-flow queue Q;Lf at node n}“. We define a “super

time slot” for node n?“l, each super time slot consists of M; time slots, where M; is a positive

number. We index the super time slots using 7. According to (5.1), for any n; > 0, there exists
some large enough M; such that the total arrival packets at source node Sy during super time
slot T satisfies

o (T) < My(Xj + ).

Thus the total arrival packets at node n’}“ during super time slot 1" satisfies
ni+1
af’ (T) < My(Xy+m)+ Cs.
n’i+1
Now we can consider the dynamic of ) ff . We select large enough M; and small enough

1; > 0 such that Mi(%Xf — ;) > Cs. For the arrival part,

i+1
ny

a7 (T) < My(Xf + i) + Cs.
On the other hand, for M;T > t;, during super time slot T+ 1, the rate estimate

~n 1

i+1

In other words, the aggregated service rate of Q;f during T+ 1 is at least (1+ %)MzX 7. S0

we have
ni+1

a (T) < My(Xg+m)+Cs < (1 M; Xy

+ -

26’)
ni+1

From above analysis we know, the available service rate for the per-flow queue @ ff during
super time slot 1"+ 1 is always greater than the arrivals at super time slot 7" if M;T > ¢;. In
other words, under the proposed scheme, the arrival packets at super time slot 7" can always
1+1

be completely served by the end of super time slot 7'+ 1. Since the arrival packets to Q;Lf

i+l

before time ¢; is at most X™#*¢;, there exists a C; 1 value such that Q?f (t) < Cyqq for all t.

Then the lemma follows from the induction principle.

Based on Lemma 15 and Lemma 16, we directly have the following theorem.

Theorem 17. Given a set of flows with arrival rates {X ¢} such that {(14€) Xt} is supportable

for some € > 0, all queues under the self-regulated MaxWeight algorithm are bounded.

www.manaraa.com



108

5.4 Simulations

In this section, we use simulations to see the performance of the self-regulated MaxWeight

algorithm, compared to the well-known back pressure algorithm.

5.4.1 Simulation Settings

The network we are simulating is shown in Figure 5.3. Basically we are simulating a grid
network with 8 x 8 nodes and some random long links. All links are bi-directional links, and
each link has capacity 1, i.e., in each time slot each link can transmit at most one packet at each
direction. We further assume that all links can be activated simultaneously. All nodes in the

network are full-duplex. In other words, they can transmit and receive packets concurrently.

The nodes are indexed regularly, as can be seen on the figure.
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40 3 7
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i’

l" .
63
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Figure 5.3 Network topology

There are 8 flows in the network, and each of the flows is associated with a fixed route.
The flow routes are shown in Table 5.1. From the table we can see, there are no two flows
sharing a single link. In this case the stability region of the network is X; < 1 for all f. In
the simulation, we set all X’s to be identical, varying from 0.1 to 0.9 to represent different

traffic loads. For each simulation scenario, we run it for 100,000 time slots. Note that in the
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Table 5.1 The flows in the network

Flow ID Route

0 8§—>9—-10—-11—-12—-13—-14 — 6
1 17 - 18 - 19 — 28 — 29 — 30

2 38 37— 36 —- 35 = 34 — 33 — 32
3 46 — 45 — 53 — 52 — 60 — 59 — 58
4 17— 16 — 24 — 32 — 41

5 19 - 18 — 26 —» 34 — 42 — 50 — 49
6 43 — 44 — 36 — 28 — 20 — 21 — 22
7 55 — 47 — 39 — 31 — 23 — 22

self-regulated MaxWeight algorithm, ~ is set to be 10.

We look at two performance metrics, which are the total queue length in the network, and
the average end-to-end delay. Also, since [18] points out that under the back pressure algorithm,
the sum of the queue lengths along a route increases quadratically as the route length, which

leads to a poor delay performance, it would be interesting to see this phenomenon.

5.4.2 The Case of Constant Arrivals

First we are considering the case of constant arrivals. In other words, in each simulation
scenario, X¢(t) = A for all f and ¢, where X is the arrival rate of flows (a constant). Note that

under constant arrival rate, the traffic property (5.1) is automatically satisfied.
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Arrival rate of flows

Figure 5.4 Total queue lengths in the network under constant arrivals
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The total queue lengths in the network are shown in Figure 5.4. As it can be seen from
the graph, when the traffic loads are low, i.e., A < 0.5, the total queue lengths under both
algorithms are similarly low. But under high traffic loads, the back pressure algorithm performs
much worse than the self-regulated MaxWeight algorithm. The reason why the back pressure
has a good performance in low traffic regime is that, when A < 0.5, each source node at most
generates a packet in two consecutive slots in a deterministic pattern due to constant arrival.
Suppose a source generates a packet at slot 1, then it will be immediately transmitted to the
second hop on the route since the second hop has queue length 0. In slot 2, the packet is
transmitted to the third hop. So when the source generates another packet in slot 3, it will be
transmitted to the second hop immediately because the queue length at the second hop has
already return 0. So on and so forth. Therefore the packet transmission under the back pressure
algorithm when A < 0.5 is highly efficient which results in a good performance. However, under
high traffic loads above packet transmission pattern does not hold so the performance of the

back pressure algorithm becomes poor.
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Figure 5.5 Average end-to-end delay under constant arrivals

The situation of average end-to-end delay can be seen in Figure 5.5. Average end-to-end
delay is defined to be the average time consumed to transmit a packet from the source to the
destination. From the figure we can see, similar to the situation of total queue lengths, two

algorithms have similar performance under low traffic loads, but in the regime of heavy traffic,
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the self-regulated MaxWeight algorithm outperforms the back pressure algorithm significantly.
We notice that under heavy traffic, as A increases the delay decreases for the back pressure
algorithm. It is possible because due to the Little’s Law, when both A and total queue lengths
increase, whether the delay will increase or not depends on the rates at which A and total

queue lengths increase.
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Figure 5.6 Cumulative queue lengths versus hops under constant arrivals

Figure 5.6 depicts the cumulative queue lengths versus hops to the destination. On the
graph, X-axis denotes the segment of the route that is within n hops to the destination, and
Y-axis is the cumulative queue length of the corresponding route segment. We randomly pick
two flows which are flow 0 and flow 3 to see the situation. Basically, for the back pressure
algorithm, the cumulative queue length increases quadratically as n increases, which is con-
sistent with the findings in [18]. For the self-regulated MaxWeight algorithm, the cumulative
queue length increases linearly as n. This is reasonable because we don’t need to build up
positive “pressure” to push the packets to the destination under the self-regulated MaxWeight
algorithm. Whenever there is a packet in queue, it can be push to the next hop. This is the
essential reason why our self-regulated MaxWeight algorithm outperforms the back pressure

algorithm in terms of queue lengths and delay.
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5.4.3 The Case of Light-tailed Stochastic Traffic

Next we consider the case of light-tailed stochastic traffic. We assume the number of
arriving packets of each flow follows Poisson distribution with parameter A, i.e., E[X/(¢)] = A

for all f.
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Figure 5.7 Total queue lengths in the network under Poisson arrivals

The situation of total queue lengths is shown in Figure 5.7. We can see from the curves
that our proposed algorithm has a much better performance than the well-known back pressure
algorithm in terms of total queue lengths, especially in heavy traffic regime. The reason is that
for our algorithm, the network does not need to build up positive queue difference to transmit
packets down to the destination, so the packets queued in the network are less than the case
of back pressure algorithm

Furthermore, Figure 5.8 shows that the self-regulated MaxWeight algorithm results in much
smaller end-to-end delay compared to the back pressure algorithm. This is a natural result
following directly from the situation of total queue lengths and the Little’s Law.

Similar to the case of constant arrivals, Figure 5.9 illustrates that the queue length accu-
mulates quadratically from the destination to the source for the back pressure algorithm, while
for the self-regulated MaxWeight algorithm, it accumulates only linearly. This phenomenon
directly leads to different performances of the two algorithms in total queued packets in the

network.
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Figure 5.8 Average end-to-end delay under Poisson arrivals

5.4.4 The Case of Heavy-tailed Stochastic Traffic

This subsection we look at the scenario where the traffic is heavy-tailed stochastic traffic.
In this case there are sometimes burst arrivals in the network. We want to see whether they will
have bad impacts on the system-wide performance or not. We assume the number of arrival
packets follows Pareto distribution with scale parameter z,, = 0.05 and shape parameter «.

Note that here the arrival rate A = ¥%. So given a A > 0.1, we should have o = /\7’\

Tm

The situations of total queued packets, average end-to-end delay and cumulative queue
lengths along routes are illustrated in Figure 5.10, 5.11 and 5.12 respectively. From them
we can see, even when the packet arrival processes are heavy-tailed, we can still see similar
phenomena as in the case of light-tailed traffic. In other words, the existence of burst arrivals
does not have bad effect on our proposed algorithm, and it still has much better performances

than the back pressure algorithm.

5.5 Conclusion

In this chapter, we considered the scheduling problem in multihop wireless networks,and
proposed the self-regulated MaxWeight scheduling that does not require the exchange of queue-

length information among neighboring nodes, hence completely eliminates the communication
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Figure 5.9 Cumulative queue lengths versus hops under Poisson arrivals
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Figure 5.10 Total queue lengths in the network under Pareto arrivals

overhead when combined with recent CSMA-based scheduling algorithms. The new algorithm

is proved to be throughput optimal and has a much better performance compared to the

well-known back pressure algorithm.
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Figure 5.11 Average end-to-end delay under Pareto arrivals
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Figure 5.12 Cumulative queue lengths versus hops under Pareto arrivals
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CHAPTER 6. Summary and Acknowledgement

In my Ph.D. research, I focused on the resource allocation problem in wireless networks
in the presence of flow-level dynamics. I first investigated the scheduling problem in wireless
cellular networks, including single-channel and multi-channel networks. Then, I investigated
the joint congestion control and scheduling problem in wireless peer-to-peer networks and
proposed an optimal architecture which can maximize the social welfare while satisfying the
delay constraints of packets. At last, in Chapter 5, I described my work on the scheduling
problem in multihop wireless networks. The scheduling algorithm developed is proved to be
optimal and has superior performance than previous algorithms.

Acknowledgement: My Ph.D. works are joint works with Prof. Lei Ying, Prof. R.

Srikant, Prof. Eylem Ekici and Dr. J. J. Jaramillo. I hereby thank them for their insightful

guidance.
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