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Abstract
Theory and Algorithms for Scheduling Deadline-constrained Packets in Single-hop and
Multi-hop Wireless Networks.

Christos Tsanikidis

This dissertation considers the problem of scheduling deadline-constrained packets in
networks, an increasingly relevant problem, which due to the rise of time-sensitive applications
such as teleconferencing and video streaming, has recently received renewed attention. To
accommodate a diverse range of environments and scenarios, our work investigates single-hop
and multi-hop networks, across various traffic models and network conditions, including wired
and wireless settings. We propose algorithms in each setting, with their performance evaluated by
considering commonly used benchmarks in the related literature, such as the attained fraction of
the real-time capacity region achieved in single-hop networks and the maximization of the
cumulative weight of packets reaching their destinations within their deadlines in multi-hop
networks. We explore traffic which is either worst-case, or stochastic, and provide different
performance guarantees in each case.

The first part of our study focuses on scheduling real-time traffic in single-hop wireless networks
with conflict-graph interference models. We propose randomized policies that achieve higher
real-time efficiency ratios, compared to state-of-the-art existing algorithms, such as the
Largest-Deficit-First algorithm. The research then extends to single-hop wireless networks with
unreliable links due to channel fading, designing randomized algorithms that achieve efficiency

ratios strictly higher than traditional scheduling algorithms, such as Maximum-Weight



Scheduling.

The dissertation proceeds to examine online admission, routing, and scheduling algorithms for
multi-hop wireless networks under a general interference graph model. It presents online
algorithms that are competitive with the optimal offline algorithms and provides upper bounds on
performance which demonstrate the asymptotic optimality of these results. Simulation results
illustrate significant improvements over prior approaches.

Furthermore, the research addresses the problem of scheduling packets with end-to-end deadline
constraints in both wired and wireless multi-hop networks, in the case of stochastic traffic. It
illustrates the first near-optimal approximation algorithms under nontrivial assumptions on traffic
and link capacity, showcasing significant improvements over worst-case algorithms in practical
settings.

In conclusion, this dissertation contributes scheduling algorithms for deadline-constrained packet
delivery in single and multi-hop networks, under various traffic and interference models, and in
both wired and wireless settings. The proposed algorithms materially improve the state-of-the-art

performance guarantees in each case.
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Chapter 1: Introduction and Background.

The development of networks which divide data for transmission into packets, traced to as early
as in the 1960's [1], naturally gave rise to the problem of scheduling and routing of those packets,
in order to achieve a certain objective, such as maximizing the throughput of the delivered packets.
As the evolution of wired (point-to-point) networks expanded to wireless networks through initia-
tives like the ALOHA project in the late 1960s [2], the need for scheduling and routing packets
within those networks became increasingly important [2, 3, 4, 5, 6]. Today's wireless networks,
which have emerged as an important component of modern networking, introduce a host of unique
challenges, such as uncertainty in transmissions and interferences across network links [7, 8, 9].
In wired and wireless networks, initial efforts on scheduling and routing were concentrated on
maximizing throughput, as in the seminal work in [10]. However, with the rise of real-time appli-
cations, such as those in the Internet of Things (I0T), vehicular networks, and other cyber-physical
systems, delay and deadline guarantees for packet delivery is often taking precedence over long-
term throughput [11, 12, 13]. As a consequence of the growing number of real-time applications, a
great variety of scheduling algorithms speci cally targeted towards handling deadline-constrained
traf c were designed [14, 15, 8, 16, 7, 17], where each packet has to be delivered wttriota
deadline otherwise it is of no use Despite the rich variety of works in the real-time scheduling
literature, comparatively to the long-term-throughput literature, works with theoretical guarantees
over wireless networks are more limited. The goal of this dissertation is to considerably expand
the theory of real-time scheduling, and provide new algorithms and analysis techniques, aimed at
materially improving the state of the art. We do so by providing general theoretical results for com-

monly considered models, upper bounds on achievable performance, and algorithms that improve

LAlthough variants of the strict-deadline constraints have been considered to address the problem of scheduling
real-time traf ¢, most attention has traditionally been focused on this natural assumption.



attained lower bounds on the performance compared to prior algorithms, often featuring distinct
analysis techniques compared to related prior works.

Broadly, we model wireless networks as sets of nodes where deadline-constrained traf c, i.e., a
sequence of packets with strict deadlines, are arriving online, over time. More speci cally, time is
assumed to be slotted, i.€5 1-2— , with packets arriving at the beginning of time slots at their
source node, and should be delivered by their deadline to their destination node. The network may
be overloaded, in which case there is no algorithm which can deliver all packets within their dead-
lines to the destination, and therefore, we seek algorithms that yield good performance as measured
by an objective function, such as the number of packets delivered timely compared to that of the
optimal of ine algorithn?. Nodes are assumed to communicate through a set of wireless links,
where each link is a connection between two nodes, over which packets can be transmitted. The
links can be considered as either reliable, signifying all transmissions are successful, or unreliable,
indicating that transmissions are successful with a particular probability. Each packet transmission
over a link!D—Eis assumed to require a single time slot for the packet to be transmitted from one
end-nodeDof the link, to the other: Further, due to the wireless interference, we cannot transmit
packets over all links concurrently. Each link is assumed to interfere with a set of other links, and
as a result, packets can only be scheduled over a set of mutually non-interfering links.

The literature on real-time scheduling, much like that of throughput maximization, can be
bifurcated in two ways. First, by differentiating between single-hop (e.g. [14, 8, 18, 19, 20, 21])
and multi-hop (e.g. [22, 23, 24, 25, 26, 27, 28, 29, 30, 31, 32, 33)) traf c scheduling. In the
single-hop case, packets originating from each source (a network node) needs to traverse only one
link to reach their destination. In contrast, in the more general multi-hop case, packets require
the traversal of multiple links to arrive to the destination from their source. Second, the literature
is divided between works that assume stochastic traf ¢ [33, 9, 7] and those that assume worst-
case traf c [29, 30]. In the stochastic traf c case, we assume a distribution over packet arrivals

and deadlines, whereas in the worst-case traf ¢ sequences, we do not make any assumptions on

20f ine algorithms are those that have the entire knowledge of the input sequence at the beginning of the execution.
They are often also referred to as “omniscient” in the related literature.



(a) Collocated network. (b) Interferences between links.

Figure 1.1: In Figure 1.1a an example of a collocated network is shown, where all figges
communicate with base stati@through linksf;gg. All links interfere with each other, with each
interference indicated through an edge in the graph in Figure 1.1b (this is commonly known as
interference graph and will later be de ned formally).

the traf c arrival sequence, and the goal is to provide algorithms that will behave well under the

worst-case scenario. In the sequel, we design algorithms for each of the cases above.

1.0.1 Single-hop Deadline-constrained Traf ¢ Scheduling.

A lot of the attention in the real-time literature has been focused on the single-hop problem,
which is more tractable than the multi-hop counterpart, while having important applications. A
canonical example of the single-hop network, is todlocated network Here, links are estab-
lished between a group of nodes (referred to as "users") and the base station. Traf c is generated
at these user nodes and is directed toward the base station (or vice versa). Crucially, only one user
can schedule packets over its link at a given time slot, due to wireless interference between links.
The scheduling algorithm must judiciously select which users' packets to schedule to ful Il the
desired objective. See Figure 1.1 for an illustrative example. The typical objective considered in
the single-hop works, is to guarantee that at least a fraction of the packets will be delivered to their
destinations within their deadlines, which is referred talabvery ratio (QoS). Providing such
guarantees is very challenging as it crucially depends on the temporal pattern of packet arrivals
and their deadlines, as opposed to long-term averages in traditional throughput maximization. One
can construct adversarial traf ¢ patterns that all have the same long-term average but their achiev-
able delivery ratio is vastly different [7, 34]. Beyond the collocated network, the single-hop traf ¢
problem retains its signi cance even when a more general network is considered [7]. This is typ-

ically represented by an arbitrary network where pairs of adjacent nodes (connected by a link)

3



(a) General network.  (b) Interferences between link&) Sets of non-interfering links.

Figure 1.2: In Figure 1.2a a general single-hop network wWittodes and links is shown. The
interferences between the linksg are illustrated in Figure 1.2b. Note for example thais

not interfering with any other link, whereas interferes with all links buts. In Figure 1.2c,

three different subsets of links that do not interfere with each other are shown. Packets can be
concurrently transmitted on every link of each of those three sets, without violating any interference
constraints.

produce traf ¢ for one another. While these links are assumed to interfere with each other, they
don't all invariably interfere with every other link. Instead, each link typically interferes with a
speci ¢ subset of links. This general case substantially complicates the problem, given the poten-
tially large number of sets of links that can be scheduled at any given time slot. Contrast this to the
collocated case, where, only a single link can be activated at each time slot, and hence, the number
of choices is equal to the number of users. An example of this more general scenario can be found
in Figure 1.2.

Related work. There have been two approaches for providing QoS guarantees for real-time
traf ¢ in single-hop wireless networks. One is the frame-based approach [14, 15, 8, 16], and the
other is a greedy scheduling approach like the largest-de cit- rst policy (LDF) [7, 17]. In the
frame-based approach, it is assumed that each frame is a number of consecutive time slots, and
packets arriving in each frame have to be scheduled before the end of the frame. They crucially
rely on the assumption that all packets of all users arrive at the beginning of frames [14, 15, 8],
or the complete knowledge of future packet arrivals and their deadlines in each frame is available
at the beginning of the frame [16]. This restricts the application of such policies to speci c traf ¢
patterns with periodic arrivals and synchronized users. Partial generalizations of the frame-based
traf c are considered in [35, 25] without performance guarantees. The results for general traf c
patterns without such frame assumptions are very limited, as in such settings, the real-time rate

region is dif cult to characterize and the optimal policy is unknown. A popular algorithm for



providing QoS guarantees for real-time traf ¢ is the largest-de cit- rst (LDF) policy [7, 17, 14,
36], which is the real-time variation of the longest-queue- rst (LQF) policy (see, e.g., [37, 38]). It
is known that LDF is optimal in collocated networkader the frame-based modéH, 36]. The
performance of LDF in the non-frame-based setting has been studied in [7] in termebfibecy
ratio, which is the fraction of the real-time capacity region guaranteed by3L#s shown that
LDF achieves an ef ciency ratio of at Ieaiiv for a network with interference degre¥, under

i.i.d. (independent and identically distributed) packet arrivals and deadlines. Further, when traf ¢
is noti.i.d., the ef ciency ratio of LDF is as low a—ls%v [7]. In particular, for collocated networks,
the ef ciency ratio of LDF under Markovian traf ¢ ids2, and in a simple star topology with one
center link and neighboring links, it scales down withtg°. This shows that LDF might not

be suitable for high throughput real-time applications, especially with non-i.i.d. traf ¢, which is
the case if packet drops due to deadline expiry trigger re-transmissions.

Besides the works above on providing QoS guarantees for wireless networks, there is literature
on approximation algorithms faingle-linkbuffer management problem [39, 40]. In this problem,
packets arrive to a single link, each with a non-negative constant weight and a deadline. The
goal is to maximize the total weight of transmitted packets for the worst input sequence. The
approximation algorithms include the maximum-weight greedy algorithm [39, 40], ant-the
earliest-deadline- rst algorithm (EQJ} [41] which schedules the earliest-deadline packet with
weight at least) 1 of the maximum-weight packet, or randomized algorithms such as [41, 42,
43, 44] where the scheduling decision is randomized over pending packets in the link's buffer.
Some of these randomized algorithms have used a novel amortized analysis technique initially
introduced in [45]. Inspired by such randomization techniques, in the rst part of this work, we
design randomized algorithms for wireless networks under a general interference model and given

the delivery ratio requirements for the links in the network.

3The real-time capacity region is an extension of the capacity region in the throughput-maximization literature [10]
to the real-time setting. It is the set of delivery ratio requirements (fraction of packets required to be timely delivered)
for all links that can be supported by an online algorithm.

4The interference degree is the maximum number of links that can be scheduled simultaneously out of a link and
its neighboring links.



Main contributions. First, we propose two randomized scheduling algorithms, nardip-
tive Mixing over Non-Dominated linkgAMIX-ND) for collocated networks with an ef ciency
ratio of at Ieasl“T1 063, andAdaptive Mixing over Maximal Schedul@MIX-MS) for general
interference graphs with an ef ciency ratio of at Iezﬁﬁjfl i % (j1j is the number of maxi-
mal independent sets). These algorithms can further be generalized to their fading counterparts,
FAMIX-ND or FAMIX-MS, two variants that are applicable under unreliable channels that also
suffer from interferences, to provide similar performance guarantees. Beyond these new algorithms
which outperform LDF, we provide an important theorem that allows us to gauge the performance
of traditional scheduling algorithms, such as the Maximum-Weight-Scheduling algorithm. More
speci cally, suppose each non-empty link (i.e., with unexpired packets for transmission) is asso-
ciated with a weight which is the product of its de cit counter and channel fading probability at
that time, and otherwise (if the link is empty), the weight is zero. We show that any algorithm
that provides & -approximation to Max-Weight Schedule (MWS) under such weights, achieves
an ef ciency ratio of at Ieasfé'f—1 for real-time scheduling under any Markov traf c-fading process.
As a consequence, MWS policy achieves an ef ciency ratié,aind Greedy Maximal Schedul-
ing (GMS, which extends LDF) provides an ef ciency ratio of at Ieg}ef. Finally, to address
the high complexity of the randomized algorithm in general graphs, we propose a low-complexity
covering-based randomization and a myopic distributed randomization. Given a coloring of the
graph using] colors, we can achieve an ef ciency ratio of at Ieﬁk, by randomizing over
j schedules. Moreover, we show that a myopic distributed randomization, which is simple and
easily implementable, can achieve an ef ciency ratio of approximatﬁyn any graph with max-
imum degree . Beyond the state-of-the-art achieved ef ciency ratios obtained by our proposed
algorithms, we also generalize the assumptions on the traf ¢, by assuming that the number of ar-
rivals and the deadlines of the packets are governed by a Markov chain, generalizing over the i.i.d.

assumptions used in the development of LDF.



(a) Network (b) Interferences

Figure 1.3: In (a), a network with nodé®— 0— 1g &nd4 links is shown. Suppose there are two
channelsC = 2) and that traf c originates aband0 and is destined t&in both cases. Suppose

the deadlines of the packets for the two sources are respec@lgl. As a result, the packets

at the two sources have a unique way to be routed timigly (0! EandO! E). In (b), the

graph of interferences is shown, with a non-interfering set of links shaded. Suppose two packets
Pp and Py arrive at the same time &and0. They need to be scheduled ov®-90 and10-E
respectively, immediately after their arrival in order to be timely delivered. As these two links
interfere with each other, they cannot be both activated at the same channel, and therefore, they
should be activated in distinct channels. If, in the rst channel, the shadedffiliks®-'1—-Egin

Figure 1.3b are enabled, packgtcan be transmitted through that channel on iBk- 0. Pp must

then be transmitted through the second channel, which should includeknE Note that since

10— Eis interfering with all other links, there cannot be any other links activated in that channel.

1.0.2 Routing and Scheduling Multi-hop Deadline-constrained Traf ¢ in Wireless Networks.

Although certain networks can be adequately modeled through single-hop traf ¢, more gener-
ally, traf c may require the traversal of multiple links to arrive from its source to the destination,
resulting inmulti-hop (traf ¢) networks In multi-hop networks, in addition to scheduling, which
is the decision of whether and when to transmit a packet, we must also determine what route the
packets should follow, that is, what sequence of links should the packet traverse to arrive to its des-
tination. This joint routing and scheduling problem, alongside the deadline constraints, the online
nature of the problem, and the interferences across links, make the problem uniquely challenging.

Differently than the case of single-hop traf c where our model assumes a unit capacity, that is,
only a single packet can be transmitted over a link at a given time slot, here we consider the more
general case where there @eorthogonal channels, with interference between links impacting
transmissions only within the channel, and not across different channels (in line with related work
such as [9]). An example is provided in Figure 1.3. Moreover, as opposed to the ef ciency ratio
criterion considered in the single-hop case, here we consider the direct (weighted) maximization

of timely-delivered packets, and algorithms are evaluated by considering a lower bound on the ob-



jective value attained by the algorithm, divided by that of the of ine optimal algorithm, commonly
referred to as thepproximation-ratio This benchmark is often used in related multi-hop literature
[29, 30], but further, our work shows that this objective can be related to the ef ciency ratio studied
in the single-hop case. Finally, here we consi@@mworst-case traf c sequences, that is, we aim to
provide approximation-ratio lower bounds, for any possible sequence of packet arrivals, deadlines,
and weights. (b) Stochastic traf c sequences, where we assume that the traf ¢ satis es certain
distributional assumptions, with the hope of obtaining improved approximation ratios compared
to 10°. In 11°, the approximation ratio is in an average sense, for the expected instance obtained
from the considered distribution, in contrast td 0, where the approximation ratio bound should
hold universally, for any possible traf c sequence. Efforts on either case include a large number
of works, e.g., [28, 29, 30, 22, 25, 26, 27]. In the following we discuss in more detail the works

more closely aligned with our work.

1.0.3 Related Work.

Scheduling real-time multi-hop traf ¢ with worst-case arrival sequences.In this case, we
highlight two papers [29, 30] that have the best theoretical guarantees with worst-case models.
These works consider wired networks, which can be seen as a special case of the wireless network
assuming that theapacitiesof the links are identical, i.eC C. In more detail, in wired
networks, the term “link capacity” is used to refer to the number of packets that can be concurrently
scheduled over the link, and is related to the “bandwidth”, or number of cha@nelsvireless
networks, which here, refers to the number of orthogonal sets of non-interfering links that can be
concurrently activated (Figure 1.3). Although wired networks may have different link capacities
for different links, the number of channels is a property of the network, rather than the links. In
the special case of equal link capacities in the wired network, wireless networks (with number
of channels equal to the common link capacities) with no interferences (completely disconnected
interference graph) coincide with wired networks. [29] considers the unweighted-packets case and

provides an asymptotically optimal algorithm as the minimum link capagify ! 1 , asityields



11«1|og! °%-approximation, whereé the length of the longest route of packets in the network,
matching a previously known lower bound by [28]. Recently, [30] provided an algorithm called
GLS-ADP which yields art pay! G © Lapproximation in the unweighted cas# € 1, where
d = F<oc* Fmin is the ratio of the maximum weight packet to the minimum weight packet). This
can also yield logarithmic approximation wh€g,, = log! . Further, [30] provides an algorithm
called GLS in the case of weighted packets with xed routes, whidllisl*! | 1°°-approximation.

Contributions for the problem of scheduling real-time worst-case traf ¢ in multi-hop net-

works. In this part, we provide algorithms that draw inspiration from the primal-dual techniques,
e.g., [29, 46]. However, the optimization problem in our setting is considerably harder than the one
in wired networks due to the presence of interference constraints among the links. In this case, the
set of scheduled links at any time should be an independent set of the network's interference graph
(mutually non-interfering links). A direct LP relaxation of the optimization problem in this case
yields a solution which turns out to be too loose. In this section, we propose a tighter relaxation
by adding constraints corresponding to tbeal clique cover®f the interference graph. Although
there is vast literature on LP relaxation of independent set constraints, e.g. [47, 48], we have not
identi ed a similar relaxation in the past work. We provide an online algorithm for scheduling
and routing deadline-constrained packets in wireless multihop networks with general interference
graphs. Our algorithm relies on a new relaxation technique based on local clique covers of the
interference graph, followed by a primal-dual technique to obtain an approximate solution to the
relaxed problem, and nally, a greedy technique to map the primal-dual solution to the independent
sets of the network's interference graph. Our results depend on the properties of the constructed
local clique cover, captured through two paramete@ndk. In particular, in an interference
graph with maximum degree, our algorithm yields an 11¢tk logtbd!°«R°°-approximation if
RC= k logtbd!®° whereb LV ok , Vis the interference degree, aRd 1lisa
resource augmentation parameter that allows us to provide approximation ratios if the number of
channels were increased by facRirOur results translate directly to many interference graphs of

interest, for example, in the case of one-hop interference mdeb = 2.



Scheduling real-time stochastic multi-hop traf ¢ in wireless networks. The algorithms
discussed so far in the multi-hop case provide approximation-ratios that diminish as various pa-
rameters of the traf ¢ or the network scale. Although, for worst-case sequences, the results cannot
be improved asymptotically, it is of interest to study if better results can be achieved by relaxing
the assumption of worst-case traf c sequences, which in many real networks, is overly strict.

In this part, we address the open question of whether it is feasible to design algorithms with
strong performance guarantees (e.g. constant approximation ratio that does not depend on param-
eters of the network), for scheduling packets with strict deadlines in multi-hop wireless networks.
We present near-optimal and constant-approximation algorithms that require a minimum band-
width (number of channels) that is logarithmic in the maximum length of a packet's foutéhe
network (with!  3<og, Where3<ggis the maximum deadline of any packet). Our proposed algo-
rithms are of varying computational complexity and guarantees, but rely on careful randomization
in their scheduling and routing decisions.

Unlike prior techniques on the problem [49, 30, 29], our obtained approximation ratios are
independent of packet weights and the maximum length of any rbutadditionally, unlike the
past work in the stochastic setting [9], our algorithms are applicable to nite time horizons, nite
arrival rates, and nite network bandwidth, without scaling these quantities to in nity, and hence,
are considerably more practical.

Contributions in the case of stochastic multi-hop traf c. We introduce an algorithm that is
near-optimal, attaining & n°-approximation for the problem of scheduling packets with hard
deadlines in multi-hop wireless networks. This is guaranteed in the case of a number of channels
that satisfyC = 1%}#2 and for i.i.d. Bernoulli or Binomial packet arrival processes, where
j ¢ is the fractional chromatic number of the network's interference graph. Further, our results can
be extended to more general arrival processes. The algorithm relies on probabilistic admission and
routing of packets in the network and probabilistic scheduling of independent sets over the chan-
nels. To the best of our knowledge, this is the rst result that provides near-optimal performance

in general interference graphs, for nite time horizon, nite number of channels, and nite packet

10



arrival rates.

The near-optimal algorithm requires randomization over all independent sets, which in general
might not be ef cient. We propose an ef cient algorithm that providés1 n°e\P-approximation
whenC = 1'09;%”00. The algorithm relies on greedily selecting maximal independent sets over
the channels and probabilistic forwarding of packets in the network. Further, this algorithm admits
a distributed implementation. Finally, we show that no polynomial-time algorithm can attain an
approximation ratio better than1e \/v° for somery j 0. Hence, a polynomial dependencedn
in the approximation ratio is unavoidable for any ef cient algorithm. We show that in the impor-
tant class of perfect interference graphs, such as bipartite graphs, our methods yield near-optimal
performance with polynomial-time complexity. The solution relies on a clique-based formulation

which is shown to be polynomially solvable through an ellipsoid algorithm.
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Chapter 2: Scheduling Deadline-constrained packets over Single-hop

Wireless Networks.

2.1 Introduction.

In this section, we consider the fundamental problem of scheduling single-hop traf ¢ over
general interference graphs. The objective is to guarantee that at least a certain fraction of packets
of each link are delivered within their deadlines, which is also knownlewery ratia This
problem has been studied before under restrictive frame-based traf c models, or greedy maximal
scheduling schemes like LDF (Largest-De cit First) that can lead to poor delivery ratio for general
traf ¢ patterns. We pursue a different approach through randomization over the choice of maximal
links that can transmit at each time. We design randomized policies in collocated networks, multi-
partite networks, and general networks, that can achieve delivery ratios much higher than what
is achievable by LDF. Further, our results apply to any traf ¢ (arrival and deadline) process that
evolves as annknownpositive recurrent Markov chain. Hence, this work is an improvement with

respect to both ef ciency and traf c assumptions compared to the past work.

2.1.1 Contributions.

Markovian Traf c Model. Our traf c model allows traf ¢ (arrival anddeadling processes
that evolve as amnknownirreducible Markov chain over a nite state space. This model is a
signi cant extension from i.i.d. or frame-based traf c models in [15, 8, 16, 7]. A key technique
in analyzing the achievable ef ciency ratio in our model is to look at the return times of the traf c
Markov chain and analyze the performance of scheduling algorithms over long enough cycles
consisting of multiple return times.

Randomized Algorithms with Improved Ef ciency. We propose randomized scheduling

12



algorithms that can signi cantly outperform deterministic greedy algorithms like LDF. The key
idea is to identify a structure for the optimal policy and randomize over the possible scheduling
choices of the optimal policy, rather than solely relying on the de cit queues. cbltocated
networksandcomplete bipartite graphsur randomized algorithms achieve an ef ciency ratio of

at least0«63 and 2 3, respectively, and igeneral graphsachieve an ef ciency ratio greater than

1.2, all independent of the network siaedwithout the knowledge of the traf c model

2.2 Model and De nitions.

Wireless Network ModelMVe consider a set of links (or users) denoted by the 3€t where

= jKj. Time is slotted, and at each time sfo2 Ng, each link can transmit one packet suc-
cessfully, if there are no interfering links transmitting at the same time. As in [7], it is standard
to represent the interference relationships between links bgtarference graph = K- ©°.
Each vertex of is a link, and an edg&—3° 2 indicates links; and;» interfere with each
other. Let .21C = 1if link ; is transmitting a packet at tinf@éand .*C = 0 otherwise. Hence, any
feasible schedule *C :=f; 2 K : .1C = 1gat timeChas to form an independent set of over
links that have packets, i.e., no two transmitting links can share an edge M/e say a feasible
schedulé' 1€ is maximal if no more links can be added to the schedule without interfering with
some other active link ifi *C. LetB*C be the set of links that have packets available to transmit

attimeC Letl denote the set of all maximal independent sets af Then, at any timé&;

"10 1Br G\ O°—forsome 21—

where * ' holds with ="if " 1Cis a maximal schedule.
Traf c Model. We consider a single-hop traf ¢ with deadlines for each link. DE{C denote
the number of packets arriving on linkat timeC with 0.2C  Omax, for SomeOmax Y 1. Each
packet upon arrival has a deadline which is the maximum delay that the packet can tolerate. We

de ne a vectorg!C = 1g_3C;3 = 1- — 3l Whereg_3C is the number of packets with
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Figure 2.1: An example of a Markovian traf c process with three traf ¢ patterns repeating as

! ! ! . Each rectangle indicates a packet for a link indicated by its number. The
left side of the rectangle corresponds to its arrival time, and its length corresponds to its deadline.
For example on pattern, we have 2 packets, 1 from link 2, with deadline 2 slots after the arrival,
and 1 from link 1, with deadline in the same slot.

deadline3 arriving to link ; at time C A packet arriving with deadlin® at time Chas to be
transmitted before the end of time slBf 3 1, otherwise it will be dropped. The maximum
deadline is bounded by a consté@a.x. Hence, the network traf ¢ (arrival, deadline) process is
described byg'C = 1g1C;; 2 K°—~ C 0. We also usé*C to denote any unobservable (hidden)
information of the traf ¢ process, so that the complete traf ¢ procesd = 1g1C— BC° evolves as
an irreducible Markov chain over a nite state spate= U ,where = fO- —Gnag®m
andU :=fl- —*qagfora nite * maxt

Note that the arrival and deadline processes do not need to be i.i.d. across times or users. Since

the state spac¥ is nite, x1C is a positive recurrent Markov chain [50] and the time-average of

any bounded function of*C is well-de ned, in particular, the packet arrival rdle ; 2 K,
[
lime & §,0B=0- (2.1)

See Figure 2.1 for an example of a Markovian traf ¢ process.

Buffer DynamicsThe buffer of link; at timeCcontains the existing packets at linkvhich have
not expired yet and also the newly arrived packgt®. Formally, we de ne the buffer of link by
avector .1C =1 . J3C;3=1- -3l Where ._3Cis the number of packets in the buffer
with remainingdeadline3 at timeC The remaining deadline of each packet in the buffer decreases

by one at every time slot, until the packet is successfully transmitted or reaches the déadline

lEssentially,DtC assigns labels tg'C to allow more complicated dependenciegh®. If U = f1g, theng!C
itself evolves as a Markov chain.
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which in either case the packet is removed from the buffer, i.e., the buffer at the beginning of slot

C lis
3C 1°= . 31'C, g-4C 1° _31'C- (2.2)

where .1C = ! gfgix —3'C 1, and ._3*C = 1if the scheduler selects a packet with deadne
to transmit at timeCon link ;. By convention, we set._3, 1!C =0, .5'C = 0. We de ne the
network buffer state asC =1 .1C;; 2 K°.

Delivery Requirement and De citAs in [14, 8, 16, 7], we assume that there is a minimum
delivery ratio?. (QoS requirement) for each link; 2 K. This means the scheduling algorithm
must successfully deliver at lea®t fraction of the incoming packets on each linka long term.
Formally,

.. I c ap
liminf g % ?.0 (2.3)

We de ne a de citF.*C which measures the amount of service owed to jinip to timeCto

ful Il its minimum delivery rate. As in [7, 16], the de cit evolves as

h i
F.I1C 1°= F.1C, 6!C .1C - (2.4)

where» ¥2= max -0g, and8.1C indicates the amount of de cit increase due to packet arrivals.
To determined.1C, for the =-th arriving packet on link, we increase the de cit of link by
-.1=0 0, where- .1 °isi.id. with E» .1 %Y= ?. i.e., we increase the de cit on average By

For example, we can increase the de cit by exa¢tlyor each packet arrival to link or use a coin
tossing process as in [7, 16], i.e., each packet arrival at, linkreases the de cit by one with the

probability ?., and zero otherwise. We refer @*C as thede cit arrival process for link. Note
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that it holds that

limay 1C' C,8®=07:=_—;2Ke (2.5)
We refer to_. as the de cit arrival rate for link. We would like to emphasize that the arriving
packet is always added to the link's buffer, regardless of whether and how much de cit is added
for that packet. Also note that in (2.4), each time a packet is scheduled from the 1@ks 1, the
de cit is reduced by one. The dynamics in (2.4) de ne a de cit queueing system, with bounded
increments/decrements, whose stability, e.g.,
I

limsupy, 1 5 EF.BYY 1- (2.6)

implies that (2.3) holds De ne the vector of de cits aF 1@ = 1F.1C—;2 K°. The system state

at timeCis then de ned as
SiIC=1 1C—FC—x1(P% (2.7)

Objective. De ne P to be the set of all causal policies, i.e. policies that do not know the
information of future arrivals and deadlines in order to make scheduling decisions. We assume that
policies inP  can potentially utilize the information of the hidden stBt€ of the traf c process
x1C, however, we emphasize that the policies designed in this sedtiorotneed to know this
information when making decisions. For a given traf c proces8, C 0, with xed U., de ned
in (2.1), we are interested in causal policies that can stabilize the de cit queues for the largest set
of delivery rate vectorp = 1?.—;2 K©°, or equivalently largest setof = 1 . := 0.?.—;2 K°
possible. For a given traf c process, we say the rate vecter®_.—;2 K° is supportable under

some policy’ 2 P if all the de cit queues remain stable. Then one can de ne the supportable

2Actually only the rate stability is enough to establish (2.3) [51], however we consider this stronger notion of
stability.
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(real-time) rate region of the policy as

+=f, 0:, issupportable by g (2.8)

Note that for a given traf ¢ distribution, a vectorcorresponds to a single vector of delivery rate
requirementgp exactly. The supportable rate region under all the causal policies is de ned as
b Lo . .
= -op . The overall performance of a policy is evaluated by the ef ciency rativ¥y

which is de ned as

W = sugfwW: W g (2.9)

For a casual policy , we aim to provide ainiversal lower boun@n the ef ciency ratio that holds

for “all” Markovian traf ¢ processes (without knowing the transition probability matrix).

2.2.1 Collocated Networks.

In a collocated network, only one of the links can transmit a packet at any time. Hence the
interference graph is a complete graph.

Dene 41C=minf3: ._3C i Ogto be the deadline of the earliest-deadline packet available
at link ; at timeC By convention, the minimum of an empty set is considered in nity. We use
a tuple'F.1C-41C° to denote the earliest-deadline packet of ljnkith deadline4.*C and link

de cit F.1C. We make the following dominance de nition.

De nition 2.1. We say that a link; dominates a link; at timeCif F.,1C F.,'C and4.,'C
4.,1C. If one of the two inequalities is strict, we call it a strict dominance. A non-dominated link

is a nonempty link that is not dominated strictly by any other link at that time.

Recall thaB1C is the set of links with nonempty buffers. At every time slot, we rst nd the
set of non-dominated linkB\p1C. One way to do that is as follows:

Algorithm 2.1 returns a séByp!C = f ;—es— g, where gis the link selected in th&th
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Algorithm 2.1 Finding Set of Non-dominated Links

BT C,B\p!C e ,8 0
while < cedo

8 8,1

Find the largest-de cit non-dominated linkg 2

Add gto Bnp1C

Remove gand all the links dominated by it, i.e. nf,2 :41C 4 ,Cgo
end

Figure 2.2: An example for non-dominated links. Each numbered rectangle denotes the earliest-
deadline packet of a link. A solid rectangle indicates that the link is non-dominated. Dashed
rectangles (links) that fall in regiori®g will be dominated.

iteration, and the links are ordered in the order of their de cits, Fe'!C | F ,1C j i
F 1C. See Figure 2.2 for an illustrative example of the non-dominated links. Our scheduling
algorithm transmits the earliest-deadline packet of one of the ligks Byp'C randomly, where

the probabilities? ,C are computed recursively as in Algorithm 2.2. We refer to Algorithm 2.2

Algorithm 2.2 AMIX-ND: Randomized Scheduling in Collocated Networks
Use Algorithm 2.1to ndB\p!lC =f 1—ee—q@.

A 1

for 8=1to: 1do

? 1C=min 1 FFBBﬁG@—A
A A ?.;C

end

? IC=A

Send the earliest-deadline packet from ligwith probability ? ,1C.

as AMIX-ND which stands foAdaptive Mixing over Non-Dominated links

Theorem 2.1. In a collocated wireless network with links, AMIX-ND achieves an ef ciency
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ratio of at least

L A R (2.10)

Remark 2.1. Note thatAMIX-ND has an ef ciency ratio which is bounded below @43, re-
gardless of the number of links. In contrast, we can construct Markovian traf ¢ processes where
the ef ciency ratio of LDF is less thate2 | n [7]. For example, for the traf c patterns of Fig-

ure 2.1 in the model section, we will see in simulations in Section 2.5 that, &whllX-ND can
achieve delivery ratios close @99, LDF cannot do better tha@5, n. Note that our traf c model

does allow traf ¢ patterns as in Figure 2.1, since we do not need the traf c Markov chain to be

aperiodic.

Remark 2.2. Assuming access to the earliest deadline packet of every link, there is an algorithm
with computational complexity for AMIX-ND which$st log © for assigning probabilities and

choosing a packet for transmission.

2.2.2 Multipartite Networks and General Networks.

Recall thatB1C is the set of links with nonempty buffers, ahdis the set of maximal inde-
pendent sets of the interference graph The set of maximal schedules is de ned$ C =
f \B! C- 2 Ig. Ourrandomized algorithm selects a maximal schedMl§)(" 2 M C
probabilistically and schedules the earliest-deadline packets of the links diVe refer to this
algorithm as AMIX-MS which stands fokdaptive Mixing over Maximal Scheduld3efore pre-

senting the algorithm, we make a few de nitions.

De nition 2.2. The weightofa MS 2 M* C at timeGCis
O
w10 = F.1Ce (2.11)
;2"

Let' =jf" 2 M1C—, 1Cj 0Ogj We index and ordet 2 M?* C such that" ghas the8th
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largest weight at tim& i.e.,

, e, e , v 1Ce
De nition 2.3. De ne the subharmonic average of weights of the #3¥1S,= ' , attimeCto be
= 1
“1C= - . 2.12
5:11, " 81@0 1 ( )
The probabilities used by AMIX-MS to select MSg, at timeC are as follows
1
él — 1(23 1 8 =
7% C 7%BC= s (2.13)
_EO =Y 8 jML Cj
where=is the largest ' such thatf ?;C-1l 8 =gde nes a valid probability distribution

. - - ’ I - . .
overl 8 = Noting that?3'C ?é *Cfor8 Y sand g - ?3'C =1, =is therefore given by
=:==IC=max=:?2!C Oge (2.14)

We drop the dependence Gfor =1C when there is no ambiguity. Algorithm 2.3 gives a description
of AMIX-MS where = is found using a binary search. Then AMIX-MS selects a M@with
probability 751C as in (2.13).

The following theorem states the main result regarding the ef ciency ratio of AMIX-MS.

Theorem 2.2.1n a wireless network with interference graph and maximal independent séts

the ef ciency ratio ofAMIX-MS is at least

i1
V\iMlx-MS 2]”—1| 5

A special case of this theorem is for networks with a compfepartite interference graph,

= 2. In a complete=-partite graph, with- componentst;— —+, links in each component do
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Algorithm 2.3 AMIX-MS: Randomized Scheduling in General Interference Graphs

=1 1-3
while =1 < =, do
- =12, =2
if 222C Othen
I =1 =
end
else
| = =1
end
end
= :1
Select MS" gwith probability ?7 ,Cas in (2.13) and transmit the earliest-deadline packet of each
linkin" g

not share any edge but there is an edge between any two links in different components. Hence,
each componenig 1 8 =induces a MS. We state the result as the following corollary which

immediately follows from Theorem 2.2.

Corollary 2.1. For a wireless network with a completepartite interference graph, undeéxMI1X-

MS,

V\XMIX-MS ﬁ'

Remark 2.3. We emphasize on the importance of Theorem 2.2 using a simple interference graph
with “star' topology. This is a special case of a bipartite graph with only two components,

the center node, anth, are the leaf nodes. Notice that the guaranteeAdIX-MS in this case

is at Ieast%, regardless of the number of nodes This is a signi cant improvement over LDF,
whose ef ciency ratio is at least under i.i.d. traf ¢ but not better tharﬂ’_l—l’1 under Markovian

traf cs [7].

Remark 2.4. We note that the computational complexity&f11X-MS could be high for general
graphs as it requires nding an ordering of maximal schedules, the number of which can be ex-
ponential in the number of vertices of the graph [52]. However, it is easily applicable for small
graphs or graphs with limited number of independent sets. Moreover, we can further approximate

the algorithm by only ordering a subset of maximal schedules as opposed to nding all of them.
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The randomization iPAMIX-MS could be potentially implemented in a distributed manner by

using CSMA-like schemes such as [53, 54, 55].

2.3 Analysis Technique.

We provide an overview of the techniques in our proofs. We rst mention a lemma below

which should be intuitive and will allow us to restrict our attentiom&tural policies.

Lemma 2.1. Without loss of generality, we consider natural policies that use a maximal schedule
to transmit at each time. Further, if a link is included in the schedule, its earliest-deadline packet

will be selected for transmission.
Proof. The proof is through a standard exchange argument and can be found in Section 2.7.2.

Frame ConstructionA key step in the analysis of our scheduling algorithms is a careful frame
construction. We emphasize that the frame construction is only for the purpose of analysis and
is not part of our algorithms. The F-framed construction in [7] only works for i.i.d. arrivals and
deadlines. Here, we need a construction that can handle our Markovian traf c model. We present

this construction below where frames have random length as opposed to xed length in [7].

De nition 2.4 (Frames and Cyclesptarting from an initial traf ¢ statex*0° = x 2 X, let@denote
the8th return time of traf c Markov chairk*C to x, 8= 1- . By convention, de n& = 0. The
8th cycleGgis de ned from the beginning of time sl@t1, 1 until the end of time sldg, with cycle
length g= @ G 1. Givena xed: 2 N, we de ne the8th frameF81:0 as: consecutive cycles
Cg 0. 1— -G, i.e., fromthe bqginning of slédg 10. , 1 until the end of slofg.. The length of
the8th frame is denoted by;: o= 8 8 1o 1 o DenelJiF " to be the space of all possible

traf ¢ patterns1g:C— Q@ F " °° during a frameF *°. Note that these patterns start afteand end

with X.

By the strong Markov property and the positive recurrence of traf c Markov chain, frame

lengths ;0 are i.i.d with mearE» " °Y,= : E» YwhereE» Y¥is the mean cycle length which
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is a bounded constant [50]. In fact, since state spad® nite, all the moments of (and *°)
are nite. We choose a xed , and, when the context is clear, drop the dependenceiarthe
notation.

De ne the class ohon-causaF -framedpoliciesPx 1F° to be the policies that, at the begin-
ning of each framé-g have complete information about the traf ¢ pattern in that frame, but have
a restriction that they drop the packets that are still in the buffer at the end of the frame. Note that
the number of such packets is at m8st:Omax , Which is negligible compared to the average

number of packets in the fram@E» Y= 0.: E» Yas: ! 1 . De ne the rate region

b
# 1Fo = ‘2Py 1F° v e (215)

Given a policy” 2 Py 'F°, the time-average service rateof link ; is well de ned. In fact, by

the renewal reward theorem (e.g. [56], Theorem 5.10), and boundedrtess'af

i i
<, ;15’:E e ;'C

(Izllm c B e = . (2.16)
Similarly for the de cit arrival rate ., de ned in (2.5),
E»i or 8:1CY,
— = —:2Ke (217)

E» Y

In De nition 2.4, each frame consists ofcycles. Using similar arguments as in [7], it is easy to

see (and it is intuitive) that

o

Iirrlllinf 4 IF7°0  jntt o

whereint?! © is the interior. Hence, if we prove that for a causal policy ALG, there exists a constant

d, and a large o, such thatforalt g,

dintt 4 1F "°co — (2.18)
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then it follows that dint® ©. For our algorithms, we nd al such that (2.18) holds for
any traf c processunder our model. Then it follows th&ﬁ?! d.

We de ne thegainof a policy ~ at timeCas
i C
G!C= F. 'C.1C- (2.19)

and the gain over a frame lsQF G 'C. To prove (2.18), we rely on comparing the gain (total
de cit of packets transmitted) by ALG and an optimal max-gain non-causal policy over a frame.

The following proposition states the result for any general interference graph.

Proposition 2.1. Consider a frarpeF F "° for some xed: based on returns of traf ¢ process
x'C to a statex. LetkF@°k = ! .ok F;1@° be the norm of the initial de cit vector at the start
of the frame. Suppose for a causal policy ALG, given many 0O, there is a, °such that when
kFigoki, °©
E ! -2r GaLc 1CjS1E°
E I or G ¢ 1CjSI@°

n— (2.20)

whereS1@° =1 1@°-F@°—x1G@e°, and’ ¢ is the non-causal policy that maximizes the gain over

the frame. Then forany 2 dint* 4 'F°° the de cit queues are bounded in the sense of (2.6).

Proof. The proof of Proposition 2.1 is through a Lyapunov argument. It is provided in Sec-

tion 2.7.3.

Gain AnalysisWith Proposition 2.1 in hand, we analyze the achievable gain of our algorithm
over a frame, compared with that of the optimal non-causal polfcySince characterizing® is
hard, we extend a gain comparison technique from [41, 43, 42, 57] (developed for constant-weight
single buffer analysis) to stochastic procéssC— FC—x1C° in a general network.

Consider a staté 1C—FC—xC° under our randomized algorithms at tif@® F, and the
state! 1C-F 1C-x1E@° under the max-gain policy®. Note that the traf c processC is

the same during the frame for both algorithms since we do not assume dependence between the
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policy decisions and the traf ¢ process. We change the statd ¢by modifying its buffers and
de cits) to make it identical t¢ 1C—FC—x!C°, and give' * appropriate add,itional compensation
that guarantees that, alongside the state modi cation, we h@/@G% 1Cj ! or G ¢1C, where
GY% 1@ is the modi ed gain, i.e., the changes are advantageous foconsidering the rest of
the frame. Then, taking the expectatiBn GLC¥awith respect to the random decisions of our
algorithm, AMIX-ND or AMIX-MS, and traf c patterns in a frame, we can bound the optimal
gain of > ®. Then we can prove the main results in view of Proposition 2.1.

The gain analysis of AMIX-ND in collocated networks and AMIX-MS in general networks

is presented in Sections 2.4.1 and 2.4.2, respectively.

2.4 Proofs of Main Results.

In view of Proposition 2.1, we provide the gain analysis of our algorithms. In what follows, we

de ne

to be the maximum de cit of a nonempty link at tint2 Also de ne »# Vi= f1-2—eee—gf We use
E. » Yo denote conditional expectati&@» j Y4E » Ys used to explicitly indicate that expectation

is taken with respect to some random variablg | is used to denote the cardinality of set

2.4.1 Gain Analysis of AMIX-ND in Collocated Networks.

Consider a subclad’; of all the policies that schedule Non-Dominated (ND) links at each
slot (recall De nition 2.1). We refer to policies iRy asND-policies The roadmap for proving
Theorem 2.1 through Proposition 2.1 is as follows. We rst show that the optimal ND-policy is
close to the optimal non-restricted policy (Lemma 2.2). This allows us to focus on comparing the
gain of our policy with ND-policies. The gain comparison is initially performed through the gain

analysis technique described in Section 2.3 on a per-time slot basis (Lemma 2.3) and then extended
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to the whole frame (Lemma 2.4). As Proposition 2.1 is with regard to general policies, we convert
the comparison with ND-policies to that with general policies (Theorem 2.3) to conclude the proof
of Theorem 2.1.

The formal statement of Lemma 2.2 is as follows.

Lemma 2.2. Consider any policy for scheduling packets in a frante. Then there is an ND-

policy 2 P4 such that, under the same patteri2 J1F° and initial stateS*@°,

o) O
Gl G C Ocg 2_
QF QF

where is the length of the frame.

Proof. Suppose the rst time does not schedule a non-dominated linkgis Suppose sends
earliest-deadline pack®&F 4t °— 3P from link Hand*F gt @°— 3° be the earliest-deadline packet at
a link G(G< H) that strictly dominatesi i.e. Fg'@°® F{@° 3¢ 3n Consider some alternative
policy * ®which has the same transmissions agp to timeG but transmits the packet Gat time
G instead. LeF?le, : 2 K denote the link de cits under® Note thalF?l(B =F.1C-8C G.We

differentiate between 2 cases:

1. ° does not transmit pack@&in the remaining time slots. In this case, 1éttransmit the same
- - i
packets as in the remaining slots (afte@). Let .‘G—-& = %Q -1C be the number of
packets transmitted betwe€handG at link ; under™ (and subsequently undéf). And let

I I
G:= pGoaC or G C. Then we have

G2 FE@, HG,1-° FW@, &G, 1- °
11

FEG FHG -

To seet(0°, notice that as a result of transmitting from liG@nstead of linkH the de cit of link

Hunder® °will be one more than that undérat any timeC j @. Similarly, the de cit of link G
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under will be one less than that underat any timeC j @. In 11°, we have used the fact that

1@ 2 fo-lgandF&@®  FHLGP.

2. transmits packeBat some time slo§ whereG Y G Y G, 3g In this case we let%transmit
the same packets adfor all C j @except for time slo6 in which it transmits packetlinstead,
which still has not expired yet by the domination inequality 3¢ Itis easy to check that

! oF G o1C ! oG 1C=

FE@°, FG°, HG, 1-6 1°

FHG@® F&'@® &6, 1-§ 1° (2.22)

The total de cit arrival to a link in the frame cannot be more tltapay . Hence,

F'@® F&@, Omax &G@-6& 1°-

FHG® FHG HG-§ 1
Using these two inequalities in (2.22) yields

i i
QF G ol QF G1C 0<OG hd (223)

By repeating this process (at mosttimes), we can transform to ™. From this, the nal result

follows.

In what follows, letd; denote the ef ciency ratio bound stated in Theorem 2.1, i.e.,
di:=1 11 1e © e (2.24)

Lemma 2.3 below relates the per time-slot gain of AMIX-ND to the amortized gain of any other

ND-policy.
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Lemma 2.3. Under any pattern 2 J1F° of length , for each slotC2 F, the gain obtained by

AMIX-ND , and the amortized gain by any ND-poli¢ystarting from some statg!C satisfy:

E »@ICjSIC- Y4  Fc'C,Eg (2.25)

EI »CAMIX-ND 1@]8161/4 F<OGled1 (226)

whereEg = 0«06, 1°3max. , F<ociCis de ned in (2.21),d; is de ned in (2.24), andE » Y4

denotes expectation with respect to the random decisioAd\biiX-ND .

Proof. At time C after the new arrivals have happened, we have §&& AMIX-ND decides
probabilistically to transmit a packet = 'F s—4° from a non-dominated links 2 Bnp!C, and
the ND-policy ™ transmits a packet, = 1F;—4° from some other non-dominated link We

distinguish two cases following the same method as in [43] but for time-varying weights.

1. 45 4-Fs F,: Inthis case, to maintain the same buffers for both algorithms, we remove

the packepbs from the buffer of link 5 under™ and inject the packet; to link | so that™ gets

a packet with higher deadline and higher weight at the @n8ince both packets will expire

in at most3p,ax slots, the de cit of 5 can only increase by at mo8t,ax0max before packetis
expires, whereas the de cit ¢fcan decrease by at m&tax. Therefore giving”™ an additional
compensation 08nax'0max, 1° will guarantee that the modi cation is advantageous. Further,
we decrease the de cit of linlb by one £5 1in ™) and we increase the de cit of link by

one F,;, 1in ™. Then™and AMIX-ND have the same exact state. Making this change in
the de cit will reduce the gain for each packet transmitted from Ik the future by one. To
compensate for this, we giveextra gain which is the number of packets transmitted from link
5 for the rest of the frame, which is less than Hence, the total compensation is bounded by

, 1 0<06, 1°3max*

2. 4 4—R Fs: In this case, we allow" to additionally transmit the packets at time

C and inject a copy of packejy to the buffer of linkl. Allowing ™ to transmit packeps at
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time Cinstead of a later time can only be disadvantageous from the total-gain perspective in
the case where the de cit 05 increases due to other arrivals in subsequent times, but such
increase of de cit can be at mo3,,0max hence giving this compensation guarantees that this
modi cation is advantageous fof. Further we decrease the de cit counter of liskin ™ by

one, which might not be advantageous fofor future times. Similarly to the other case, to
guarantee that the change is advantageou®\.fare give it one extra reward for each possible

transmission from link5 in the rest of the frame, which is less than

Note that the additional compensation in both cases is boundé&g by , * Omax, 1°3max-
Let G2" €1@ denote the reward (including the compensation) gained*byhen it transmits a
non-dominated packetg (recall gfrom Algorithm 2.1). In each case€, collects the gain of the
transmitted packef ,1C, and further when AMIX-ND transmits a packeg such that case 2
applies (i.e. wher® Y B ™ collects the gain from the additional transmission. As a result, we
have,

U 1 0 O
E »Q& ¢1CjSiCY% F 1C, ? JLCF JC, Ep° (2.27)
919?8
Note that the right-hand side of (2.27) is maximized ®&fer 8= 1. This can be seen by showing
that the difference of the values for two successive indeS@si8, 1, is non-negative:
0
F 2C, ? JCF JC,Eg
- 919Y8

1F ,,'C ? JIGF 10 E°

¢9V81

5

100
=F 2C F ,,lC, ? CF iC 0- (2.28)

wheret(Q° follows from the assigned probabilities (line 2.2 in Algorithm 2.2). Further note that for
8= 1 the right-hand side of (2.27) is equalFo,*C , E¢ = F<oc!C , Eo. Hence, (2.25) indeed
holds.
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Now regarding AMIX-ND, similar derivation applies as in [44] to get the nal bound. To see

that, rstlet the number of links with positive probability be . Then
. 0
E »Gwmix-np *CjSICYF F 2C? ,C
. » Y
O
= F 2C? ,2C, ? ICF :C
E» 1Y,

TE e F o1 2 e

110 O

FFae1 11 2 A
&1

190 1
Fic1 —= -

where 10° follows sinceF C? 1C = F jC F . 'Cfor8 Y (by line 2.2 in Algorithm
2.2 where the minimum is equal to the rst of the two terms 8oy ), 11° follows by F g1 =
F . C11 ? . for8 Y , and12° follows by applying the inequality between arithmetic and

geometric means for the product of theerms:1  ? J1C— & » Y

Next in Lemma 2.4, we convert the per time-slot gain ratio of Lemma 2.3 to a ratio between

the total gain of AMIX-ND and any ND-policy over a frame.

Lemma 2.4. Over any framd- , with initial stateS1@° = 1 1@°— F@°x1G@°°, and any ND-policy
n
L
iim E™ » gr Gamix-np 'CjS@°a
KF1GoKI1 E » of GnlCjSIGEV4

dy (2.29)

Proof. Consider the initial stat&*@° and a pattern of size . Taking expectations of the result

of Lemma 2.3, conditioned on traf ¢ patternof length , we get
E »E »GICjSIC- jSG— V4 E Foc!CjSIG- ¥4, B

E E »GLc CjSIC%|SE- ¥ E »F<ociCjS1G— Y~
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where ALG = AMIX-ND. Now notice that

E »E »GlCjSICV4jSGo— Ve

E »E »69\1(91'81(‘3_8 1@o— Y4jSGo— Vi E »3@@ jS1Go— V4

where the rst equality is due to the fact that, givBhC, the gain of*at timeCdoes not depend on
andS1@°. The second equality is by the tower property of conditional expectation. Therefore,
we get

E »@1CjSIG- s E F<oclCjSIGo— ¥4 | By (2.30)

Using similar arguments for the expected gain of AMIX-ND,

E »GLclCSIG— ¥4 E »F<oclCjSIGo— Yy (2.31)

Summing the gains over time slots in the frame, we have

h® i h® i
E GuM@S!IG- E GEjS1Go-
GG GG
h® i
E F<0c!CjS1@>-~ ,Eo
GG

and taking the expectation with respect to the pattern

10) i e
E  GMESIG° E~ » Foal@jSGoYs E (2.32)
QF QF

whereE = 10<gg, 1°E» YBmax, 2E» ¥4 Similarly,
e ™ i
E™ Gamix-np 1CjS@°  diE” F<0c'CjS@° (2.33)
QF QF
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Now consider link;; that has the maximum de cit at tim@. At any timeC2 F,

F..'@°, 0o F;,'C Fi'G@°

Recall thatF <oc*C denotes the maximum de cit among the nonempty links, @n@ i Oimplies

that the link;;'s buffer is nonempty at tim€ Therefore

0., C
F<oc!C F.'C110.,'Cj O° F. C= .
Omax
Hence,
, o . 160) 0.1@ i
E™ » F<c!tCjS1@% E~ F.C 0’1 S1@°
QF . CQF omax
1 h O i
5 E- 1F:11@0 0 0;11@ S1@P
max QF
1CX0 .
KF*G kE» 1/0'1 E» 2y,
bmax
and therefore . _
10 i
lim E™ F<oclCjS1@° =1-
KF1Gok!1 oF

Using this and (2.32) and (2.33), the result follows. From which it follows that

o .
E™ » gr Gamix-np *C|S*@Ys
E » oF GnlCjSIGY4

1

askF1@°k I'1

(2.34)

(2.35)

Theorem 2.3 below states the relationship between the gain of AMIX-ND and that of any

policy (not necessarily an ND-policy), using Lemma 2.4 and Lemma 2.2.

Theorem 2.3. For any policy”, and AMIX-ND, given anyn j 0, there is, °such that when
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kFig°k , @ 5 _ 5 .
hO [ 10) i
E@ GAMIX-ND e 1 d]_ nOEQ G1C »
Q@F QF

Proof. Using Lemma 2.2 for the optimalover a framd-, and the fact that is at least as effective
as™

0 0 0
Eg» G1CY% Eg» G:CY Eg» G 1C¥% OcocE» 21/,
QF QF QF

Dividing by Eg» of G *C¥and taking limits akF*@°k ! 1 , the squeeze limits theorem yields:

i
E(Z3 »I' QF G‘/\lel/4|

. ! 2.36
Eg» or G 1C% (2.36)

i
since, as we showed in the proof of Lemma E4» oG 1C¥% !'1 , askF'@°k !'1 . Us-

ing (2.36) and Lemma 2.4, the result follows.

Using Theorem 2.3 and Proposition 2.1 concludes the proof of Theorem 2.1.

2.4.2 Gain Analysis of AMIX-MS in General Networks.

First we show that binary search in Algorithm 2.3 suf ces for computide ned in (2.14).
Proposition 2.2. The binary search in Algorithm 2.3 computeas de ned in (2.14).
Proof. The proof of Proposition 2.2 is straightforward and is omitted.

To prove Theorem 2.2, similarly to the proof of Theorem 2.1, we rely on the amortized gain
analysis technique for a single slot (Lemma 2.7) which we then extend to the entire frame (Theo-
rem 2.4) and use Proposition 2.1. We introduce a few auxiliary Lemmas below to simplify these
main steps.

First, we state Lemmas 2.5 and 2.6 below regarding the properties of the probabilities used by
AMIX-MS, which are used in the gain analysis. Their proofs follow directly from the probabilities

used by AMIX-MS.
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-1C (de ned in (2.12)) is strictly decreasing as a functionfor =

Lemma 2.5.
Proof. The proof is through algebraic manipulations and provided in Section 2.7.5.

Lemma 2.6. If 88 »=Yaand 9 2 >=Y,for the choice of probabilitie®~1C in (2.13) selected by

AMIX-MS , we have
| _
“o'CL 2= ?tC

1 "
I

'C. 2y 7MC

.10
.10

' "o

Proof. Equivalently after simplifying the inequality, we need to prove

, v tC o, JICIL PG = _1Ce
This is trivially true for8 | ' since, - ,1C = 0 by the de nition of ' (De nition 2.2). Since
JIC Y g C, and from the monotonicity of - for

88 »=Y,for the case 08 ' we have, -
»JICY 1C.

=(Lemma 2.5), sinc8 j =, we have g!CY -1C. Therefore,

Lemma 2.7 below relates the per time-slot gain of AMIX-MS with the amortized gain of the

Max-Gain policy, similarly to Lemma 2.3 in the collocated case.
Lemma 2.7. For any pattern 2 J1F©°, for each timeC2 F, the gain obtained bAMIX-MS,

and the amortized gain obtained by the Max-Gain poli¢gtarting from some statg!C, satisfy:

@)
E »31@jS1C- V4 , @ 1= 10 G E. (2.37)
| &=V, o
E »G\MIX-MS 1(9]81(91/4: y " 81@ = _1C (2.38)
&Y.

1 0<0c3ma’ andE s with respect to decisions #&MIX-MS .

whereE< =
Proof. Using the probabilities computed by AMIX-MS, the expected gain of AMIX-MS at time
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Cis

~

O
E»G\MIX-MS 1@]51(91/4: ?gle, " 81(‘3
=Y
O
= , v Q= 1.
S =A
Next for the amortized gain of the Max-Gain Policywe will apply the same technique as in

the collocated networks case, where we modify the buffers and gadalitional reward. Suppose
 transmits" g and AMIX-MS transmits somé& o We make the buffers the same by allowing
" to additionally transmit all the packets that are transmitted by AMIX-MS but not Gye., in
links™ gn" g. As the de cit of these packets can increase by at 3ggi0<oc before they expire,
we give a compensation 08 max0<octo . Since transmitting these additional packet will result
in a decrease of the de cit by one for each link'ipn" gfor ~ in the remaining slots, we give
an additional reward  which is an upper bound on the number of packets transmittedfliym
links " gn" gin the remaining slots. Thus the total compensatioBds= ! | O<pc3max’.TO

compute the expected gain, we differentiate between two cases:

Case 1.82 »=%In this case, we can write

) 0
Eo@ “Cj 14, - 1C, 5C |+ 4r 1CEc
. R>=Yaniy
O -_—
e, 23C , - 1@ E. (2.39)
PR >=Yaniy - -
=, L ACM R, 7RG - e, 731CEL
~ PR =Y ~ %>ﬁ1/4l’ﬂg
6 6
= 3@, . = ¢, 731CE. (2.40)
&>V R >=Yarfly
O
L@, , 4@ = 1@ Exe (2.41)
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Case 2.88 >»=%1In this case, we have

EC»d;\" S1C) Ya " sle s :2>>=1/?;:1(917 " 1C,EL°
100 |' _
10 1 2»=Yanfy 7_10, " 1@ R E -

= 2C, gsy 'C = S1C E<-
where int0° we applied Lemma 2.6 f@—.9Note that in both cases, the upper bound is the same
and does not depend on the particular choice gf

Lemma 2.8 below provides a bound on the ratio between the bounds in Lemma 2.7 that will be

helpful in our subsequent analysis.

Lemma 2.8. For -'Cin (2.12), We have

Proof. Suf ces to show that

i
i oty " sle = =1C = 2 42
Doy, "G 1= 10 1@ 2= 1 (2.42)

sincejlj jM® Cj = Forthe non-trivial case, we hawe 1| 0, and therefore inequality (2.42)
can equivalently be written dss  1° g, - 1C  =21C -1Cs This inequality holds since it
follows by applying the inequality between arithmetic and harmonic means:

10 ) _

y g
[ 3S=A Yy " 8

and the factthat 1 1.

Combining previous Lemmas, we relate the total gain in a frame of AMIX-MS and any non-

causal policy, given that both are initialized with the same state, in Theorem 2.4.
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. . i
Theorem 2.4.UnderAMIX-MS , givenanyn j Othere is W'such that for akFok = ., F1 1@°

0

Y m i o i
E(g Gamix-ms1C 1 dy I’IOEQ3 G1C -
Q@F QF

where" is any non-causal policy, and, = ZJ{J'.’ .

Proof. By using Lemma 2.7, summing and taking expectation similar to the proof of Lemma 2.4,

it follows that

d| UL |
E  orGamix-ms'CjS'@° =E orGCjSIE° —
l" i i
E QF G‘Alejsl(éo E< R E QF H0181@O -

whereE< = 1E» %% E» Y<0c3mad, andGC = HC  -!C, where

i
HQC = Doty " 81(9 110 1° _1Ce

Now notice that

~

O
:1(95 y " 81(9 = :1(9

=Y i C~) i
e ICH PTICO 25IE, - IC
C') _&)ﬁ%
=, . ,1e, %IC, - 1C

&>=Yunig
y " 11(9 F<OGl(9. (243)

HC

It then follows

im =E»I o GCJS1GYa

kFokil E» chiF|-|l(9j81(g,°1/4 E<

O E»!, or GCjSI@Y41e i
kFok!ll E» op HCJS1@Ys 2jlj 1
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where in10° we used the fact th&< Y 1, and that the remaining expression in the denominator
goes to in nity using the inequality derived in (2.43) alongside the argument in (2.33)L°lwe

used Lemma 2.8.

Using Theorem 2.4 and Proposition 2.1 concludes the proof of Theorem 2.2.

Remark 2.5. The design of the probabilities MMIX-ND andAMIX-MS were such that all the
scheduling choices by the Max-Gain policyead to an equal amortized gain or an equal bound

on it. In particular, for the collocated case this was done by choosing probabilities appropriately
in the bound (2.27), whereas for the general case, this was obtained by choosing the probabilities
appropriately in (2.39). This ensures that an optimal policy does not have an option that provides

a big advantage over our policy.

2.4.3 Tightness of Gain Analysis.

We construct adversarial examples for each algorithm in order to nd upper bounds on their
performance.

AMIX-ND. For AMIX-ND, we can construct an example such that its expected gain over a
frame of size is approximatelyd; =1 * 1 1. © fraction of the optimal gain. Given links,
suppose th&th non-dominated link ghas de cit! 11 1¢ ©°8for a large enough constaht so
that during the frame the de cits are effectively constant. Then assume that eachhiag a large
number! 9  of packets with equal deadline § so that it always has packets for transmission
during the frame. Further assume . In this case, every link has an equal probability
of being scheduled and it can be shown that the majority of the time, i.e., fa€C any , the
expected gain of AMIX-NDis 11 1. ©°11 11 1e © °whereas the optimal policy can
obtain !11 1. © i.e., the ratio of the two isl;. This shows the tightness of Lemma 2.4.

AMIX-MS. Note that under AMIX-MS, maximal schedules with equal weights have equal
probabilities. Consider a collocated network withlinks and apply AMIX-MS, in which case
d2 = 5—. Suppose linkg for 82 » % has deadlin@and de cit! (equal across links). The

optimal policy in this example can transmit all the packets using an EDF rule, whereas the expected
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gain of AMIX-MS can be found through a recursive program. For example fer2, we have two
links with packets of deadlines 1 and 2, and AMIX-MS yields an expected gdisbbfand the
optimal yields2! , thus the ratio i9¢75. For = 3— ¢ ¢ *6; the ratio iS0+722-04698-0685-0676,
respectively. As !'1 | we can show that the ratio convergesigé. We provide an informal
proof based on uid limits below.

Letj 1Cjdenote the number of remaining packets at t{fivethe system, if we start with
packets. Hencg 0% = . Letk 1C= L_*bCe% genote the fraction of remaining packets at
time b Cc, and consider the uid limit
kiC:= Ilgn k 1C= |I'£n I bCe,
In this limiting regime, timeCin the scaled system changes in intem@l% and similarly dead-
lines are in the range0-1% During »0— € the scheduler has transmitted packets from those with
deadlines in the range$— Cand »C44 The packets scheduled from those with deadlineC&Y
were chosemniformly at randomand the number of existing packets at tidwith deadline in
»Ca¥is k 1C at the uid limit. Hence, at timeG the density of existing packets with deadlifle C
is %, for any@ j C. Hence, the remaining number of packets with deadline in inté@alC3C
at the uid limit is 'EL%BC which will all expire byC, 3C Also note that itk *C j 0, buffer is
nonempty and we always have a packet transmission, thus the rate of packet transmission is one.
Hence, the evolution d *C can be described as

3 kiC
ki@ = 1—
3&( ¢ 1 C

with k10° = 1. It then follows that
kic=1 C*'1 CIntl Ce
It can be seen th&t!C j Ofor C2 »0-42°, andk t4;1° = 0. This implies that AMIX-MS transmits
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1

= . >! °packets. Recall that the optimal policy can transmit afiackets. Hence,as!1

the approximation ratio i§4—1. Therefore, the approximation ratio derived for AMIX-MS cannot
be greater thaﬁ‘4—1. We leave closing the gap between the upper bound and lower bound on the

performance of AMIX-MS as an open problem.

2.5 Simulation Results.

If the packet arrival rate becomes very large, any policy inevitably will be restricted to a small
delivery ratiop. But then due to high availability of packets in the buffers, the policy can always
schedule packets, thus making the deadlines irrelevant. Similarly, if the packet deadlines become
very large, the problem is reduced to the regular non real-time scheduling and deadline-oblivious
algorithms like LDF should perform reasonably well. Hence, we focus on the interesting sce-
nario when packet arrival rates or deadlines are not excessively large. In our simulations, we also
consider two cases for the de cit admission (see the model section): one is based on coin tossing
where each arrival on a linkis counted as de cit with probabilit®., and the other is deterministic,
where each arrival increases the de cit by exaély

We compare the performance of our randomized algorithms, AMIX-ND and AMIX-MS with
LDF. Recall that LDF chooses the longest-de cit link, then removes the interfering links with this
link, and repeat the procedure. We further consider two versions of LDF: One is LDF that does
a random tie breaking when presented with a de cit tie (LDF-RD), and the other version tries to
schedule the non-dominated link and its earliest-deadline packet (LDF-ED) in such tie situations.
In the plots, we compare the average de cit (over all links) as we vary the value of the delivery
ratio.

Collocated NetworksWe rst consider two interfering links with deterministic de cit admis-
sion. The traf c is periodic and consists of alternating Pattern A and Pattern B of Figure 2.1,
with the delivery ratios satisfying@»> = 7?1, 0001 Figure 2.4a shows the result. As we can see,
AMIX-ND is able to achieve roughly1 = 0996 whereas both versions of LDF become unstable

for 71 = 05, n. In Figure 2.4b, again for two users, we used a traf ¢ that consists of Pattern C fol-
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(a) Traf c pattern F (b) Traf c pattern E

Figure 2.3: Two of the traf ¢ patterns used in simulations

(a) Deterministic de cit admission (b) Coin-tossing de cit admission

Figure 2.4: Comparison between AMIX-ND and LDF policies in a two-link network.

lowed by Pattern B, repeatedly. This time we kégp= ?,. AMIX-ND achieved near?; = 10,
whereas the better version of LDF achieved roudhRp, resulting in a gap of aroun@k25.

Figure 2.5a and Figure 2.5b show the results for collocated networks with various number
of users, when traf c F and traf ¢ E from Figure 2.3 are used, respectively. In traf c F, when
?1 = ?2 = ?3 = ?, the optimal policy can support at moBt= 7¢8 = 0«875. In this case AMIX-

ND achieves at lea®2 = 0-87, whereas LDF-ED achieves roughy= 0¢73. Traf ¢ E is similar
in nature, but with more users and AMIX-ND is able to achieve near optimal behavior; the result
is shown in Figure 2.5b.

General NetworksWe rst consider the interference grag@h in Figure 2.7 involving 5 links,
and interference edges = f1;1—°-;>—3°%;2—2°-;4—5°g For links;, and;s, we have a pe-
riodic traf ¢ with period C= 5, where in slot 1 there are 2 packets arriving with deadline 2 and
3 and in slot 4 a packet arrives with deadline 1, and for linkss—, we have 1 packet arriving
with deadline 1 at slot 1, and 1 packet arriving with deadline 2 at slot 4. The result for this graph

is shown in Figure 2.6.
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(a) 3 users under pattern F. (b) 5 users under pattern E.

Figure 2.5: Comparison between AMIX-ND and LDF policies in collocated networks with coin-
tossing de cit admission.

(a) Coin-tossing de cit admission(b) Deterministic de cit admission

Figure 2.6: Comparison between AMIX-MS and LDF policies in a lightly connected interference
graph with 5 links.

Next, we consider a complete bipartite graghwith two componentst; = f;1—>—3—zgand
+, = f;5——7—30. The traf c used for links;;— 3 is the same as that of link in GraphG; above.
For links ;3—4 we used i.i.d. Bernulli with 1 arrival having deadline 1 with probability 0.25. For
links ;5—  we used the traf c used for link in GraphG;. For links;7— g we used i.i.d. traf ¢ with
7 arrivals with probability0«05, and0 arrivals otherwise, and deadlidi®. The results are depicted
in Figures 2.8a and 2.8b.

As we see, simulation results indicate that there are many scenarios that result in signi cant gap
between our algorithms and LDF variants. This gap is especially pronounced when deterministic
de cit admission is used, which is preferable as it provides a short-term guarantee on the de cit of

a user.
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Figure 2.7: Interference graph, used for simulations in Figure 2.6.

(a) Coin-tossing admission (b) Deterministic admission

Figure 2.8: Comparison between policies on a complete bipartite graph with 8 links, and i.i.d. and
Markovian arrivals.

2.6 Summary.

In this section, we studied real-time traf ¢ scheduling in wireless networks under an interference-
graph model. Our results indicated the power of randomization over the prior deterministic greedy
algorithms for scheduling real-time packets. In particular, our proposed randomized algorithms

signi cantly outperform the well-known LDF policy in terms of ef ciency ratio.

2.7 Supplementary Discussions.

2.7.1 Efcient Implementation for AMIX-ND.

We present an implementation of AMIX-ND. We assume we have access to the earliest dead-
line packet of every link.

At every timeC we can sort the active links according to their de cits (and break ties in favor
of the earliest-deadline link) in an array; and according to their deadlines in an arrgyusing

$1 log ° operations. While sorting, we can connect the sorted elements to their corre-
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sponding positions in ». Finding the set of non-dominated links can then be obtained as follows:
Start with the largest de cit link (obtained as the rst element of;), add it to the set of non-
dominated linkByp. Find its associated positidin array » in constant time (as these arrays

are linked). Every element before ind8in , corresponds to a dominated link, hence for each

of those links we mark them as dominated. Then continue in ariap the next non-dominated

link, add it in the list of non-dominated links, nd its index in, and mark all its preceding ele-
ments in , as dominated if not marked already. This way, we can nd the non-dominated links
in$t log °. We can then compute the probabilities and schedule a packet according to these

probabilities.

2.7.2 Proof of Lemma 2.1.

For the rst part, assume that a policyat time @ chooses a hon-maximal schedule, hence a
packetGfrom link ; could have been included in the schedule. Consider an alternative p8licy
that does schedule any link that could have been included at@iswethat the schedule becomes
maximal, and for the rest of the time, it transmits exactly the same packets as the initial policy
: , except for'the transmission of any packtf = schedules it at a later point. This results in
! S1 g ! S, . 'B-8C 1, and atthe same time every schedule transmittetigr C G
is maximal. We can repeat this grgument for,tirﬁbss @to convert’ to a policye that transmits
maximal schedules. We then halvé1 “p ! S, . !B-8C land from (3.3) we see that any
delivery ratio supported by is also supported bg.

For the second part, consider a policythat at some timég transmits a packet that is not
the earliest-deadline pack&f = F;*C-3° in link ;. Then there is some other packgt =
1F11C-3° inlink ; with 3, Y 3;. If we let " transmitG instead ofG, the buffer state will be
improved since we will have the same set of packets inliskcept for one packet with a longer

deadline now. Further, the link's de cit will not change.
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2.7.3 Proof of Proposition 2.1.

We look at the state proce$S! Cgat times@when frames start. We show that the de cits
of this sampled chain are stable in the sense of (2.6). From this it follows that the de cits of the
original proces§¥S! Cg are also stable as the mean frame d$ize ¥is bounded and the mean
de cits within a frame can change at most Oyoc E» %
Since_ 2 dint! 4 ©°, we have for soma j 0, and some policy 2 Py 1F°©,
o .
_E» Y41 2n°  dE» 1C%: (2.44)
QF
where is the component-wise inequqlity between vectors. this is simply due to the fact that in
each frame, the number of de cit arrivaIIsQF 81Cand t'he number of departures under the policy
" are i.i.d across the frames, with medbs ¥ and E»I oF ‘CYrespectively, by the renewal
reward theorem. hence, to ensure stability, (2.44) must hold. Next, consider the lyapunov function

0

+1@ = +1S1C° = F21Ce

2K

NIl =

Letf 1C—Q@ Fgdenote the scheduling decisions by ALG within the frame. Using (3.4), we get

F2iC 10 F21@ IF.1C, 6.1C .12 F21C
= 2F.1(10.1Q 1@0 1H.1Q ,1(902

2F.1C18.1C  .1C°, 02,

5
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Then we compute the drift over slots

~

O

+1G 0 +1@o:1' F?l@ 0 F.21Q°
. 2ok |
10 60
== F21C 1° F21C
2C2F;2K ’ -~ ,
0O
020 2, F.1C18.1C .1 (2.45)
QF ;2K

Let Eg» ¥& E» jS'@°%athen, over a frame,

Eg»1G, 5 +1G°%

(o JNe) 00
Eg» F.1C8.1CY4s Eg» F.1C .1CY% ,Ci— (2.46)
QF ;2K QF ;2K

whereCy = 0 2,cE» Y42. noting that

F.1GQ° F.1C F.1Q°, O<oc— (2.47)
at anyC2 F, we can bound
00 0
Eg» F.1C8.1C% 1F.1Q°_.E» ¥° Co— (2.48)
QF ;2K 2K

where we have used (2.17) and (2.47), &= 02,cE» %Y 1.
Let ®1C be the scheduling decisions by the policy, and 1@ be the scheduling decisions
by the policy> 2 Pz 1F° in (2.44). note that ¢ is the non-causal policy that maximizes the
gain over the frame and can transmit packets from a previous frame (included in the initial buffer
k 1G@°). this only improves the performance of, compared to starting with empty buffers, hence,
00 06 . .
Eg Fire f1¢  Eg F.1C.C-. (2.49)
QF ;2K 2K@QF
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using (2.49) and the proposition assumption, gisenO, there is & °such that, ifkF1G°k j F ©

~ ~ ~ ~

&6 606
Eg Fic 1@ td nEg Fie f1e
QF ;2K C) C) QF ;2K
1d rPEg F.ie .
2K QF
66 \
1 d nOE@ 1F;1®0 50 ) le
;CZ)K%F '
1d rPEg F.1@° . 1@ Cg (2.50)
2K @F '

whereCs = E» 2Yjs a constant. Using (2.50), (2.48), (2.46),

Eg +1G, ©° +1@°

O 6] o .
Ca., E»WIG. td r® F.IGQEg . IC
2K 2K oF
@) o .
Cq, F.1Q° _E» Y d I‘lOE(a e
2K @F
(@)
Ca NE» Y& _F.1GQP (2.51)
2K ~
O
Ca NE» Y <g- F.1Go— (2.52)
2K

whereC4 = C1, Cy, C3,_<g==min. _., and in (2.51) we have used (2.44). From this inequality,
the stability in the mean sense (2.6) follows for the sampled Markov chain by classical Lyapunov
arguments (for example see Section 3.1 in [58]) and hence stability of the de cits for the original

chain follows a€E» vaY 1 .

2.7.4 Proof of Proposition 2.2.

Assume that for some, ?2:C 0. In this case we know that = since= satis es (2.14).
Now assume tha®=1C Y 0. Then we claim that we can concludeY = or equivalently?=tC Y 0

forany' =°j=. Itsuf ces to prove thaPZlC Y 0implies ?= il(B Y 0, from which inductively

47



the claim follows. To arrive at a contradiction, assupIeC Y 0, ?= %1(‘3 0, or equivalenthQe°:

G, »_Cand1% -,1C , »_,'C.Then
0o
1 1 Y 1
8=, 1Ya 8103 ! 1 — 8=V 81(9 ! —_
= = _ 11(9 - = -
I ) 0o
=1 &= " g C ' 10Y_ =1 1
= =1 = :1e
where in20® we used'0° and in*1%® we used1°. This shows—+5 ¥ —L5or, »_,1C

, » _1C, which is a contradiction with the ordering bfs Hence?Z'C Y 0implies ?= ile Y 0.

2.7.5 Proof of Lemma 2.5.

Take any=, = Y = ' . By the de nition of =it must be the case th&EC Y 0, which implies

» _1CY -IC. From this, and by using (2.12),

e li= 10y 5, L (2.53)
We then have
0 1 - 1 1
, G T = , v 1C , v _1C
&»:1/1 &= 1Y
O - 1
= , v g1 1 = 1’ 10 1, -C
&= 1Y = 2 3 = 2
) O O 1 1
10 1 , o 10
| ) 81e 1: — 5 ) sle ! __ 2
Q= 14 T T a
O 1 O
= , 81@ l: =_2 , o 81@ 1
@ 1V _ = 1Y,
— O
= __1 1@ 1_
= 2 ! 8
&= 1Ya
where int0° we used (2.53). Dividing both sides by 1, weget =€ 1 - ;@ 1.
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Chapter 3: Scheduling Deadline-constrained Packets over Single-hop

Wireless Networks with Unreliable Links.

3.1 Introduction.

In this section, we study the problem of scheduling real-time traf ¢ undeoraict-graph
interference modakith unreliable linksdue to channel fading. We consider traf ¢ (packet arrival
and deadline) and fading (link reliability) processes that evolve asmk&nown nite-state Markov
chain. The performance metric s, as earlier, the ef ciency ratio. We rst present a conversion result
that shows classical non-real-time scheduling algorithms can be ported to the real-time setting
and yield a constant ef ciency ratio. In particular, Max-Weight Scheduling (MWS) yields an
ef ciency ratio of 1e2. We then propose randomized algorithms that achieve ef ciency ratios
strictly higher tharle 2, by carefully randomizing over the maximal schedules. Further, we propose
low-complexity and myopic distributed randomized algorithms, and characterize their ef ciency

ratio.

3.1.1 Contributions.

Our main contributions can be summarized as follows:

» Application of Traditional Scheduling Algorithms to Real-Time Scheduling. Each non-
empty link (i.e., with unexpired packets for transmission) is associated with a weight which
is the product of its de cit counter and channel fading probability at that time, otherwise if the
link is empty, the weight is zero. We show that any algorithm that providesapproximation
to Max-Weight Schedule (MWS) under such weights, achieves an ef ciency ratio of at least

kL1 for real-time scheduling under any Markov traf c-fading process. As a consequence, MWS

49



policy achieves an ef ciency ratio 012‘ and GMS (Greedy Maximal Scheduling, which extends

LDF) provides an ef ciency ratio of at leasf.

Randomized Scheduling of Real-Time Traf ¢ Over Fading ChannelsWe extend our results

from Chapter 2 to show the power of randomization for scheduling real-traf c traf c over fading
channels. By carefully randomizing over the maximal schedules, the algorithms can achieve an
ef ciency ratio of at Ieast%j1 i % in any general graph under anpknownMarkov traf c-

fading process. In the special case of a collocated network with i.i.d. channel success probability
@the algorithm can achieve an ef ciency ratio of at Iebﬁﬁi@, 1 @ 1, which ranges from

0¢5 t0 0°632 as@varies fromO to 1.

Low-Complexity and Distributed Randomized Algorithms. To address the high complexity

of the randomized algorithm in general graphs, we propose a low-complexity covering-based
randomization and a myopic distributed randomization. Given a coloring of the graphjusing
colors, we can achieve an ef ciency ratio of at Iegf%, by randomizing ovej schedules.
Moreover, we show that a myopic distributed randomization, which is simple and easily im-
plementable, can achieve an ef ciency ratio of approximatélyin any graph with maximum

degree .

3.1.2 Notations.

: o : R I
Some of the notations used in this section are as follows. GNV2IRT, jjyjj = g, ]Hj. We
useint! °to denote the interior of set. xG4 = maxfGHg. 11 °is the indicator function of event
.J Jisthe cardinality of set . E » ¥s used to indicate that expectation is taken with respect to

random variable .

3.2 Model and De nitions.

Wireless Network and Interference Modéhs in Chapter 2, we consider a set oflinks,

denoted by the sé&€. We assume time is divided into slots, and in every §l@ach link; 2 K
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can attempt to transmit at most one packet. To model interference between links, we use, as in
Chapter 2, the standardterference graph = K- ©°: Each vertex of is a link, and there

is an edgéet;1—3° 2 if links ;71— interfere with each other. Ldt be the set of all maximal
independent sets of graph . Also letB1C K denote the set of nonempty links (i.e., links that
have packets available to transmit) at tideWe use" 1C to denote the set of links scheduled

at time C By de nition, " 1C is a valid scheduleif links in " 1C are nonempty and form an

independent set of | i.e.,

"1C 1B G\ ©°—forsome 21 (3.1)

A schedule is said to be maximal if no nonempty link can be added to the schedule without violating
the interference constraints.

Fading Model. Transmission over a link is unreliable due to wireless channel fading. To
capture the channel fading over linkwe use an ON-OFF model where linkat time Cis ON
( -*C = 1) with probability @ C, otherwise it is OFF (.*C = 0). If scheduled, transmission over
link ; at timeGs successful only if link is ON. LetqC = 1@ C—;2 K° be the vector of success
probabilities of the links. We assume that at any time Gltte link's success probability is known
to the scheduler before making a decision. At the end of timeGlotk's transmitter receives a
feedback from its receiver indicating whether transmission was successful or not. A special case of
this model is wher@*C 2 f0-1g, 8; 2 K, in which case the channel staté C is deterministically
known to the scheduler, which requires periodic channel state estimation. Another special case is
when .1Cis i.i.d. with some probability@ which eliminates the need for periodic estimation.
Similar models have been used in, e.qg., [8, 33].

Overall, we de ne 1€ =1 1C-;2K°to denote the successful packet transmissions over the
links at timeC Note that by de nition, .*C =1% 2" 1C° ;*C, where" 'Cis the valid schedule
selected at tim&€ and .C is the channel state of link

Traf c Model. We assume a single-hop real-time trafc. We u3éC Omax to denote
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the number of packets arriving to linkat time slotG whereOmax Y 1 is a constant. Each
arriving packet has a deadlihhich indicates the maximum delay that the packet can tolerate
before successful transmission. A packet arriving at {Gwith deadline3 has to be successfully
transmitted before the end of time sIGt 3 1, otherwise it will be discarded. We de ne the
traf c process3:C = 1g_31C-3=1- — 3ax;2 K°, whereg_3'C is the number of packets with
deadline3 arriving to link; at timeGand3max Y 1.

Traf ¢ and Fading Process.In general, we assume that the joint traf c and fading process
z1C = 1g*C-31C° evolves as anunknowri irreducible Markov chain over a nite state spage
See Figure 3.1 for an example of a Markovian traf c-fading process.

Without loss of generality, we make the following assumption to make this Markov ocloamn
trivial: For every link;, there are two states—z% 2 Z such thatz has a packet arrival with
deadline3, andz® has@ j 0, and there is a positive probability thz#C can go fromz' to z°
in at most3 time slots. This assumption simply states that it is possible to successfully transmit
some packets of every linkwithin their deadlines. If a link does not satisfy this condition, we can
simply remove it from the system. Note that, without loss of generai,is assumed to be an
irreducible nite-state Markov chafy hence it is positive recurrent [50], and the time-average of

any bounded function af'C is well de ned, in particular the packet arrival rate for link

|
limes & §,0B=T0. (3.2)

Buffer DynamicsThe buffer of link; at timeC denoted by .*C, contains the existing packets
at link ; which have not expired yet and also the newly arrived packets at@iriee remaining
deadline of each packet in *C decreases by one at every time slot, until the packaigsessfully
transmitted or reaches the deadllavhich in either case the packet is removed fromC. We

alsodene C=1! .1C;; 2 K°.

The term “relative deadline” or “slack" is often used instead.

2|f the chain is not irreducible, since it is nite state, there is at least one recurrent class. Starting from any state,
the chain eventually enters a recurrent class and remains there for the remaining time, and hence we can truncate the
chain to the recurrent class.
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Figure 3.1: An example of a Markovian traf c-and-fading process that alternates between two
patterns. Each rectangle indicates a packet for a link. The left side of the rectangle corresponds
to its arrival time, and its length corresponds to its deadline. The numbers in circles indicate the
channel success probability of each link in each time slot.

Delivery Requirement and De ciAs in [14, 15, 8, 16, 7], we assume that there is a minimum
delivery ratio requiremen®. (QoS requirement) for each link2 K. This means we must suc-
cessfully deliver at leas?. fraction of the incoming packets on each linkithin their deadlines
Formally,

L I C 1P
liminfay % ?.0 (3.3)

We de ne a de citF.*C which measures the number of successful packet transmissions owed
to link ; up to timeCto ful Il its minimum delivery ratio requirement. As in [7, 16, 19], the de cit
evolves as

h i
F.I1C 1°= F.1C, 6.!C .1C - (3.4)

where8.1C indicates the amount of de cit increase due to packet arrivals. For each packet arrival,
we should increase the de cit b3 on average. For example, we can increase the de cit by exactly
?. for each packet arrival to link or use a coin tossing process as in [7, 16], i.e., each packet arrival
at link ; increases the de cit by one with probabili§, and zero otherwise. We refer @'C as
thede cit arrival process for link. Note that it holds that

i

limg L1 $,81B=0.72:= —:2Ks (3.5)
CcC B1% vt —_

We refer to_. as the de cit arrival rate of link. Note that an arriving packet is always added
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to the link's buffer, regardless of whether and how much de cit is added for that packet. Also
note that in (3.4) each time a packet is transmitted successfully from ling., .1C = 1, the
de cit is reduced by one. The dynamics in (3.4) de ne a de cit queueing system, with bounded
increments/decrements, whose stability, e.g., in the sense

I

limsupy, 1 & EF.1BYY 1- (3.6)

implies (3.3) holds [51]. De ne the vector of de cits a#'C = 1F.1C—;2 K°. The system state
at timeGis then de ned as

S1C = 1gLC-31C— C-wiCO (3.7)

Objective.De ne P to be the set of all causal policies, i.e., policies that do not know the infor-
mation of future arrivals, deadlines, and channel success probabilities in order to make scheduling
decisions. For a given traf c-fading processC, with xed U., de ned in (3.2), we are interested
in causal policies that can stabilize the de cit queues for the largest set of delivery rate vectors
p = 1?.—;2 K°, or equivalently largest set of=*_. := 0.?.—;2 K° possible. For a given traf c
process, we say the rate vector= *_.—;2 K° is supportable under some policy2 P if all
the de cit queues remain stable for that policy. Then one can de ne the supportable real-time rate

region of the policy as
~=f, 0:, issupportable by g (3.8)

. . L b
The supportableeal-time rate regiorunder all the causal policies is dened as  -,p

The overall performance of a policyis evaluated by thef ciency ratiode ned as
W = sugwW: W Qe (3.9)

For a casual policy , we aim to provide ainiversal lower bounan the ef ciency ratio that holds

for “all” Markovian traf c-fading processesyithoutknowing the Markov chain.
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3.3 Scheduling Algorithms and Main Results.

Recall thatl is the set of all maximal independent sets of interference graplandB1C is
the set of links that have packets to transmit at titn&t any timeC we de neM?* C to be the set
of maximal schedules. Formalliy]t C = |j g:@ Wherelj g:¢ is the set of maximal independent

sets of the induced subgraph of on the vertex seB*C.

De nition 3.1 (Gain of a Schedule)The gain of maximal schedufe 2 M! C is de ned as the

total de cit of links with a successful packet transmission at tnee.,

)
G" 1@ = ;1GF;1G.
;2"
Note that since link's channel state . 1C is a random variable, the gain of the schedule is also

random.

De nition 3.2 (Weight of a Schedule)We de ne the weight of maximal schedtleto be its

expected gain, conditional on ste#C, i.e.,
0
, " 1C = ExG 1CJSICY¥~  F.1C@'Ce (3.10)

;2

Note that the above expectation is with respect to the randomness of the fading channel.

De nition 3.3 (MWS). Max-Weight Scheduld{WS) at timeCis de ned as

" ®1@:= argmax - 1Cs
" 2ML1C

We use ®1C := , -« ¢10!C to denote its weight. ThMIWS policy is the policy that selects a
MWS at any time.

In general, given a Markov policy AL& letc- 1@ be the probability that ALG selects maxi-

3A Markov policy is a policy that chooses the action at tiGas a function of the current stage C.
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mal schedulé at timeC Hence, the probability that linkis scheduled at tim€is

i
g:1C:= . oyieCr 1CLL; 2" O (3.11)

With a minor abuse of notation, we will use, C to denote the gain of the schedule selected

by policy ALG at timeC Then the expected gain of ALG is given by

O
ExG, !CjSICY = cr 1@, « 1C (3.12)
" 6M1@
= 0. \C@'CF . 1Ce (3.13)
12K

In the above, the expectation is with respect to the randomness of the channel and the decisions
of policy ALG. Without loss of generality, we consider natural policies that transmit the earliest-
deadline packet from every selected link in the schedule. This is because, similar to [19, 59], if
a policy transmits a packet that is not the earliest-deadline, that packet can be replaced with the
earliest-deadline packet of that link, and this only improves the state. Similarly, the optimal policy

always selects a maximal schedule at any time.

3.3.1 Converting Classical Non-Real-Time Algorithms for Real-Time Scheduling.

We rst state a theorem that, surprisingly, allows us to convert non-real-time scheduling poli-
cies to real-time scheduling policies, hence enabling the use of numerous policies from the lit-
erature of traditional non-real-time scheduling (i.e., MWS and its approximations). Speci cally,
policies whose expected gainksfraction of the expected gain of MWS (i.e.,*1@), yield an

ef ciency ratio of at leask 1k , 1°. The result is stated formally in Theorem 3.1 below.

Theorem 3.1.Consider any policALG such that, atevery tim@E»G, 1CjS1IC% Kk, - ¢1C,

whenevekw!Ck , © for some nite, © Then

W

=~
[ERN
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The proof of Theorem 3.1 is provided in Section 3.4.1.

Note that this conversion results in deadline-oblivious policies which can be preferred in cases
where information about the deadlines of packets is either not accurate or not available. We remark
that for certain policies, the result of Theorem 3.1 is tight as seen in Corollary 3.1 below, whereas
for other policies the bound can be loose, as we will see later in Remark 3.7. We now state some

of the implications of Theorem 3.1.

Corollary 3.1. MWS policy provides ef ciency ratid/\‘(,lwS = % for real-time scheduling under

Markov traf c-fading processes.

Proof. Using Theorem 3.1 for MWS witk = 1, we directly obtairi\/\?,lwS 1-2. We can get

the the opposite inequality through an adversarial example. If we consider a simple network with
two interfering links without fading, then MWS reduces to LDF, which has been shown to have
W 1.2 for Markovian traf ¢ with deterministic de cit admission [7, 19] (recall that ef ciency

ratio W is de ned as a universal bound for all traf c-fading processes for any given graph).

De nition 3.4 (GMS Policy) The Greedy Maximal SchedulinGiMS) policy is de ned as fol-
lows. Order the nonempty links2 B*C in the decreasing order of the produet:C@*C. Then
construct a schedule recursively by including the nonempty link with the lefg&8t@*C, remov-

ing its interfering links, and repeating the same procedure over the remaining links.

The following corollary extends the result of [7], which was for i.i.d. traf ¢ without fading

(i.e., for LDF), to general Markov traf ¢ and fading processes.

Corollary 3.2. GMS provides an ef ciency ratid\%MS Vil for real-time scheduling under any

Markov traf c-fading process, wher¥ is the interference degree of the graph.
i
Proof. The schedulé¢ constructed by GMS satises .,» F.1C@'C \1, » ¢1C and thus we

can apply Theorem 3.1 witk = 1+ Vto obtain the result.

Note that many other results from traditional scheduling literature can be converted to real-time
scheduling using Theorem 3.1. For example, the distributed greedy pol&ydREEDY in [60]

also obtainaf, ... 5 but has a lower complexity than GMS.
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3.3.2 Randomized Real-Time Scheduling Algorithms.

In this section, we extend AMIX policies for collocated networks and general networks intro-
duced in [19, 59] to incorporate fading. We refer to the generalized policies as FARSIKNg-
based Adaptive MIX We describe these policies below.

1) FAMIX-MS: Randomized Scheduling in General Graphs

Let' = jf" 2 M:C—,- 1C j 0Ogjbe the number of maximal schedules at ti@with
positive weight (based on De nition (3.10)). We discuss the nontrivial case of 0. We index

and order the maximal schedules such that 2 M! C has theBth largest weight, i.e.,

y 1101(9 , 1201(9 , wor ole. (314)
De ne the subharmoni@average of weight of the rst maximal schedules; ', to be
=1
S1C = — 7 (3.15)
g1+ e C

C. 5!C cglC= (3.16)

where=is the largest such thaffcg!C-1 8 ' gde nes a valid probability distribution, i.e.,
_ P . . . : :
cg!C 0,and g,cg'C =1 Itisnothard to verify that this is equivalent to nding the largest

suchthacZ'C O, sincecg'C is decreasing with respect8for xed =.

Remark 3.1. It has been shown in [19] thatin such a distribution can be found through a binary
search by looking for the rst value of with cZ1C 0. The algorithm FAMIX-MS above and
AMIX-MS in [19, 59] are similar, but they crucially differ in the de nition of weight of a schedule
(3.10).
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The theorem below states a lower bound on the ef ciency ratio of FAMIX-MS.

Theorem 3.2.1n a general interference graph with maximal independent sdts the ef ciency
ratio of FAMIX-MS is
il 1

V@AMIX-MS 2“]—11 >

The proof of Theorem 3.2 is presented in Section 3.4.2.

Remark 3.2. Theorem 3.2 shows that with randomization we can do strictly better MafS
(Corollary 3.1). In particular, in the case of a complete bipartite interference graph (which has
two maximal independent setEAMIX-MS yields an ef ciency ratio of at leasts 3 while MW S

yields1e2.

The main disadvantage of FAMIX-MS is that it is computationally demanding as it could
require randomization over all the maximal schedules. Therefore, FAMIX-MS would be better
suited for networks with a small number of maximal schedules. Note that MWS also suffers from
analogous complexity issues. In Section 3.3.3, we will discuss how to design low-complexity
randomized algorithms that can obtain nontrivial ef ciency ratios in larger interference graphs.

2) FAMIX-ND: Randomized Scheduling in Collocated Graphs

Extending AMIX-ND [19] to fading channels is more challenging. In particular, the derivation
in [19] relied on two main ideas: (1) it is suf cient to consider only a restricted set of “non-
dominated” links for transmission, and (2) there is an ordering among the non-dominated links
such that given two non-dominated links, having a packet in the buffer of one of the links is always
preferred to that of the other link. Finding such domination relationship for a general Markov
fading process is dif cult. Here, we describe an extension under a simpli ed fading process, where
@'C=@= @i.e., the links' success probabilities are xed and equaBt®Ve allow the channel
state across links to be either independent or positively correlatedPre.,'C = 1j .1C =
1¥a @. The above setting could be a reasonable approximation in collocated networks where
links have similar reliabilities, and an active channel for one link implies a better condition for the

overall shared wireless medium.
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Let 4.1C denote the deadline of the earliest-deadline packet of;liaktime C We say that
link ;1 dominates link;» at timeCif 4,*C  4.,C, F.,'C F.,C, i.e., link;1 is more urgent
and has a higher de cit. Based on this de nition, the set of non-dominated links at any time can
be found though a simple recursive procedure as in [19], i.e., add the largest-de cit nonempty
link, remove all the links dominated by it from consideration, and repeat the same procedure over
the remaining links. The following theorem describes FAMIX-ND and its ef ciency ratio for a

collocated network with a channel success probabdgity

Theorem 3.3. Consider a collocated network, whe@ = @8; 2 K, and channels of links are

independent or positively correlated. Order and re-index the non-dominated links such that
F11€C F2IC  eee F_1Ce

Starting from8= 1, assign probabilitycg'C to the8th non-dominated link,

n o) 0
1 Fgil
cg!C=min — 1 g1°C -1 Co'C (3.17)
@ Fe'C 9v8

FAMIX-ND selects thé&th non-dominated link with probabilitgg!C and transmits its earliest-

deadline packet. Then

@ 1
VEamix-nD 1 70 1 @ = '@ (3.18)

The proof of Theorem 3.3 is presented in Section 3.4.3.

Note that FAMIX-ND does not assign any probability to dominated links. In (3.17), we assign
probability to non-dominated links, starting from the largest-de cit I8 1, until we exhaust all
Fhe available probability, i.e., th&th non-dominated link will receive a positive probability if

| .
oy olC Y 1.

Remark 3.3. Note that due to channel uncertainsAMIX-ND boosts the transmission proba-

bility of larger-de cit links. Intuitively, as@becomes small, deadlines of packets are “effectively”
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reduced, as each packet will need to be transmitted several times before success. For example, in
the case tha@ 1 Ei—ig, FAMIX-ND will transmit the packet of the largest-de cit link with

probability 1.

Remark 3.4. The lower bound *@ on ef ciency ratio in (3.18) is a monotone function@which
increases fronDe5 to 471, as @goes from0 to 1. For @= 1, this recovers the result of [19] for
non-fading channels, i.e,,\ no 22

In the case of unequa® 2 1@in— @, using (3.17) by replacin@with @i, will give an
ef ciency ratio of at Ieastl% L1 @2 = @i @ Depending on@ax- @n—

we can choose eithdfAMIX-ND or FAMIX-MS and achieveN max 1@i— @x*——09

3.3.3 Low-Complexity and Distributed Randomized Variants.

The general algorithm FAMIX-MS in Section 3.3.2 potentially randomizes over all the max-
imal schedules. This can be computationally expensive in large networks that may have many
maximal schedules. In this section, we present variants of FAMIX-MS that only need to consider
a subset of the maximal schedules or are distributed.

1) Covering-Based Randomized Algorithms

We propose two variants that only need to consider a subset of the maximal schedules.

Let FAMIX-MSjy ,:c denote a policy that, at any tin@ selects a schedule from a subset
MolC M1 G, according to probabilities of FAMIX-MS computed fdd ¢*C. Proposition
3.1 below states a suf cient condition under which randomization over a subset of the maximal

schedules can provide a related approximation on the ef ciency ratio.

Proposition 3.1. Consider a subset of maximal schedugC M! C, and policyALG =
FAMIX-MS jum ,:e. Suppose for every 2 M* Cn Mo!C, we have

~

@) @)
ki€ F.1C@CQ.'C max @'CF.1Cq.1C
- " 2MoIC .
11 KICE»G, !CjS!CVas (3.19)
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for somek 1C 2 10-1%whereq.C was de ned in (3.11) an&;le =1 q.*C. Then

n o
- Mo'Cj
VQLG m|nc0 kleZJMoo—lejl (320)

The proof of Proposition 3.1 is presented in Section 3.4.4.

Proposition 3.1 requires selecting a suitable subset of maximal sch&dyl® at any timeC
such that Condition (3.19) holds for some constaH® as large as possible. Next, we present a
special case in which Condition (3.19) holds, by considering a small set of schedules such that any

other maximal schedule can be covered by them.

Lemma 3.1. SupposéM ¢1C is selected such that evety 2 M1 C n M!Cis covered by at most

Z maximal schedules froM ¢C, i.e.,
"[ o " Lforsome(+ M o!C:j(»] Ze (3.21)

Then Condition (3.19) holds with xekiC = 3.

Proof. Using the covering de nition (3.21), we have

0 0O O
@'CF.1Cq.1C @'CF.1Cq.1C
" "2 2" 0
@)
Z max CF.-1Cq.1C- 3.22
" 02M 01(9_2" 0@1 It ( )

2

and hence condition (3.19) trivially holds ferC@ = 1.

In generalM ¢1C can be adaptive and constructed based on the link de cits and fading prob-
abilities. Here, we apply Proposition 3.1 and Lemma 3.1 for a conkt&Bt= k and a family
M o'Cinduced by xed subset of the independent dets| ,i.e.,M ¢1C = | gjg:e. With a minor
abuse of notation, we refer to such algorithms as FAMIX{\M.SBelow, we present two such

covering-based algorithms.
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Figure 3.2: An example of coloring of an interference graph uging4 colors. The corresponding
independent sets ared = f4g- J = f3g- § = f1-57g- J = f2-6g. These can be extended
arbitrarily so that they become maximal, e.g4 = f42g- o, = f3-7-6g- 3 = f1-5-7g- 4 =
f2-6-7g.

Corollary 3.1 (Coloring-based Randomizationfonsider a coloring of graph with j colors,

which partitions the vertices of intoj independent sefs g_..._? 0. Extend these independent
sets arbitrarily so that they are maximil 1—ees—; g:= I . ThenV\‘ZAMIX_NISjIO 21—11
Proof. Any maximal schedule iM n M g can be covered by at mostmaximal schedules iNl o,

thusk = Jl by Lemma 3.1. Furtherzjmﬂgj 1 zjj 7- Thus applying Proposition 3.1, we get the

stated ef ciency ratio.

Refer to Figure 3.2 for an example of a valid coloring in a graph ugirg4 and an extension

to 4 maximal independent selts. In this exampleW‘éAMIX_MSJ.I %
0

Remark 3.5. In general, nding an ef cient coloring might be computationally demanding, but

it needs to be done only once for a given. There are many interesting families of graphs for
which coloring can be solved ef ciently. For example, for a (not necessarily complete) bipartite
graph (e.g. a tree) wherg = 2, we obtainW % This performs much better tharDF whose

ef ciency ratio in a tree with maximum degragés W Epvlrll in the case without fading (which

is a special case of our setting). Another family that admit:s an ef cient coloring are planar graphs
where, by the four-color theorem, always have a 4-coloring which can be found in polynomial time
[61]. Further, we remark that the independent se@could be extended adaptively at every time

Ce.g., usingGMS.

In the following corollary, we describe a partition-based randomization variant.
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Corollary 3.2 (Partition-based Randomizatiorartition the vertices of graph into two sets

K1 andK>, each with at mostl «2e vertices. Consider the set of maximal independent sets of
each induced subgraph, denotedIffH .2 Then extend these independent sets arbitrarily so that
they form maximal independent sets for the whole graph Denote the new sets of maximal

_ L ihidla 1
independent sets By ». ThenV\‘IlAMIX_MSjll[|2 z%. 3

Proof. By construction, every maximal independent set incan be covered by at most 2 max-
imal independent sets in [ 2, and hence we have = 1.2 by Lemma 3.1. Following similar

arguments as in Corollary 3.1, we obtain the result.

Remark 3.6. By Corollary 3.2, we only need to randomize over at nmibgt, j| 2j maximal sched-
ules at any time which can be much smaller thgnin large graphs. The corollary can be gen-
eralized to more tha@ partitions to allow a trade-off between the guaranteed ef ciency ratio and

complexity.

2) Myopic Distributed Randomized Algorithm

We present a myopic distributed randomized algorithm that has a constant complexity.

Assume each slot is divided in two parts, a control part of durgtigrand a packet transmis-
sion part with duration normalized fio Assume the deadlines of packets are expressed in terms of
such time slots, each time slot having a durafidn ) °. At the beginning of the control phase,
every non-empty link 2 B1C starts atimej. G ?'a° where G?1a® denotes an exponential
distribution with ratea. Once the timer of a link runs down to zero, it broadcasts an announce-
ment informing its neighbors that it will participate in data transmissioriessit has heard an
earlier announcement from its neighboring links, or the control phase ends.

The next corollary states the ef ciency ratio for the uniform timer rates.

Corollary 3.3. Consider the myopic randomized algorithm with control duradion; 0, and the

same timer rate. = afor every link;. If the maximum degree of is , then

1
Vw/lvoplc X 4 (3.23)
X

5
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whereX=4) 2

The proof of Corollary 3.3 is provided in Section 3.4.5.

Note that theoretically, we can scale up the timer etso thatX! Ofor any) | O, hence
V\?AYOPlC & i1
Remark 3.7. We note that a direct application of Theorem 3.1 to the myopic algorithm would yield
an ef ciency ratio& iz as the myopic algorithm obtainska il approximation toMWS (to
see this, note that every link has roughly a probability—?alf for getting service. Thus all the links
of the MWS are included with this probability). Hence, Corollary 3.3 serves as an example that

shows a more careful analysis can potentially improve the bound on the ef ciency ratio obtained

from Theorem 3.1.

3.4 Analysis Techniques and Proofs.

We provide an overview of the techniques in our proofs.
Frame ConstructionA key step in the analysis of our scheduling algorithms is a frame con-
struction similar to the one in [19], but based on jbiat traf c-fading process. The de nition of

frame is as follows

De nition 3.5 (Frames and Cycles¥ytarting from an initial traf ¢c and fading state tuph810°-q10°° =
z 2 Z, let @denote the3th return time of traf c-fading Markov chaiz*C to z, 8= 1- . By
convention, de nég = 0. The8th cycleGgis de ned from the beginning of time sI@t1 , 1 until

the end of time sldg, with cycle length g= @ @ 1. Givena xed: 2 N, we de ne the8th frame
F81:° as: consecutive cycleGig 0. 1— —Cg, i.e., fromthe beginning of sl@g 10. , 1 until the
end of slotG.. The length of th&th frame is denoted by, ~ = ! %1 1 o DeneJiF t%

to be the space of all possibl&81C-qC° patterns during a framé& *°. Note that these patterns

start afterz and end withe.

By the strong Markov property and the positive recurrence of traf c-fading Markov ctig@n

frame lengths g:o are i.i.d with mearE» "°¥= : E» YwhereE» Yis the mean cycle length
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which is a bounded constant [50]. In fact, since state sgac® nite, all the moments of (and
") are nite. We choose a xed , and, when the context is clear, drop the dependenceion
the notation.
De ne the class ohon-causaF -framedpoliciesPx 1F° to be the policies that, at the begin-
ning of each framé&g have complete information about the traf c-fading pattern in that frame, but
have a restriction that they drop the packets that are still in the buffer at the end of the frame. Note
that the number of such packets is at ni®stOmax , Which is negligible compared to the average

number of packets in the fram@E» Y= 0.: E» Yas: ! 1 . De ne the rate region

b
N 1Fo = ‘2Py 1FO v e (324)

Given a policy” 2 Py 1F°, the time-average real-time service ratef link ; is well de ned. By

the renewal reward theorem (e.g. [56], Theorem 5.10), and boundedrtess'af

i i
<, ;15’:E e ;'C

m—=c E» 2 (3.25)
Similarly for the de cit arrival rate ., de ned in (3.5),
E»i or 8:1CY,
— = .—;2Ke (3.26)

E» Y

In De nition 3.5, each frame consists ofcycles. Using similar arguments as in [7, 19], it is easy
to see that

Iirr'11inf NelF %0 intt o

Hence, if we prove that for a causal policy ALG, there exists a constaarid a large o, such that

forall: :o,

dintt nclF 70 ag- (3.27)
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then it follows that Ao, dint? ©°. For our algorithms, we nd a such that (3.27) holds for
any traf c-fading processinder our model. Then it follows thﬂﬂLG d.

Lyapunov ArgumentTo prove (3.27), we rely on comparing the expected gain of ALG with
that of the non-causal policy that maximizes the expected gain over the frame (which we refer to
asmax-gain policy. The following proposition, which is similar to that in [19], will be used to
prove the main results. Its proof is similar to the proof in [19] with minor modi cations to account

for channel uncertainty.

Proposition 3.2. Consider a frame= F “°, for a xed : based on the returns of the traf c-
fading propesszle to a statez. De ne the norm of initial de cits at the beginning of a frame
kw1@lk = ! ok F;1@°. Suppose for a causal poliyL. G, given anyn j 0, there is g, Osuch that
whenkw!Gek i, ©

i
E orGi 'CjSIQ°

- . n— (3.28)
E QF G*¢10181@°

whereS@° = 1qlG°-31G°— 1@°-wi@°, and ¢ is the non-causal policy that maximizes the
gain over the frame. Then for any2 dint* 4 *F°°, the de cit queues are bounded in the sense

of (3.6).

Amortized Gain AnalysisTo use Proposition 3.2, we need to analyze the achievable gain of
ALG and the non-causal policy* over a frame. Since comparing the gains of the two policies di-
rectly is dif cult, we adapt an amortized analysis technique from [19], initially extended from [41,
43,42, 57]. The general idea is as follows. LgtC-31C- 1C-w1C° be the state under our algo-
rithm at timeC2 F, and? ° 1C-qlC-31C-w *1@° pe the state under the optimal polic§. The
traf c-fading process!C = 1q1C-31C° is identical for both algorithms as it is independent of the
actions of the scheduling policy. We change the state®*dby modifying its buffers and de cits)
to make it identical tdq1C-31C— C-wC?, but also give ¢ an additional gain that ensures the

change is advantageous fof considering the rest of the frame. L&t. 1C denote the amortized

67



gain of * ¢ at timeCQwith any compensated gain, which has the property that

C i 10) [

E Gel@-S1§° E GG -Si@° - (3.29)
QF QF

given any traf c-fading pattern 2 J'F° and initial frame stat&st@°. Then, the following

proposition will be useful in bounding the gain and thus the ef ciency ratio of our policies.

Proposition 3.3. Consider a Markov policALG that for any traf c-fading pattern 2 J1F©° , at

any timeC2 F, satis es
dE G¢1@j-S!C ExG, !C@j-SIC%E (3.30)

for someE which is a measurable function of the frame lengthwith E» E %Y 1. Then

Wi d

Proof. First note that
E )G 1 1@] —81(91/4: E )G | 1(9] _810_81(50]/4_

by the Markov property of ALG. FurtheE G ¢1Cj-S1C = E G¢1CQj-S1C-S1E° , since

the amortized gain of the max-gain policy does not depend on the past state given the current state
and future traf c-fading pattern (note that this amortized gain might depend on policy ALG, which
itself is Markov). Hence, taking expectation of both sides of (3.30), conditiona+8A@°, and

using the law of iterated expectations, we get
dE G¢1Qj-SI!@® E»G, !Cj-S1GY; E»E j-S1GYs

Summing over the frame, and using the fact thaE | —S1@°Y+= E since is determined by,

we have " # " #
O O
dE G:1Q-S1@° E G, Cj-S'@° , E -
QF QF
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Using the de nition (3.29), and taking expectations over the randomness of the traf c-fading pat-

tern, we obtain
" # " #
O O
dE G 1CjS1@° E G, 1CjS'@® ,E» E Ya
QF QF

_ § _ i _
Note that by assumptioE» E YaY 1. If we show thatimyy:gekn E = @ G¢!CjS@° =1,

then i
. E oG 1CjS@°

d lim | , -
kw@k!1 E QF Ge 1@]8160

and using Proposition 3.2, we obtain thEt d.

To that end, consider the link := arg maxF,*@°. Since’ ® maximizes the expected gain over
the frame, its expected gain cannot be lower than a policy that simply scheduleswhkenever
it has available packets. ChooBe F - withany: 2. Then by the non-trivial traf c-fading
Markov chain assumption (Section 3.2), there is a traf c-fading patt€of length o with some
nonzero probability of occurrin@rt ® ; 0, in which a packet arrives for link at some time
G 2 F, and at a later tim& 2 F before the packet expires, we ha@G® i 0, i.e.,;1 2 B1GQ°
andE . 'G° = @'G° O. Then trivially

5 oo i

E G\¢lej81go E F;11Qo ;llqoj 0_51(50 Pri1 03}
QF
1 F;11QO 00@11(50 Pri ®
| kwiGok

00@ 1G0 Pri1 Gb_

. . i :
which showdimyigekit E = @ G¢1CjSI@° =1.

The following lemma describes a generic amortized gain computation for general networks that
allows us to modify the state of the max-gain policy during a frame to match the state of the con-
sidered policy ALG. Recall from (3.11) that*C is the probability that link is scheduled under

ALG, andc- 1C is the probability that schedule is selected. Below we drop their dependence
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on time to simplify the notation.

Lemma 3.2. For any pattern 2 J1F° in aframeF, given a Markov policALG, the amortized
gain of the max-gain policy® (w.r.t. ALG) if it selects maximal schedufe 2 M at timeGn the
frame, is given by
h i @)
E &, 1cj-S@ =, - 1@, F.1Cq.@C, E-
L. 1@ ¢ o, E'»SG! 10jSICY4 E «—

whereE< = 1 . Omax3max’-

Proof. The main idea is similar to the one in [19], but we have to account for fading. Suppose

"¢ attempts to transmit the earliest-deadline packets of links from schédulhereas ALG

attempts the earliest-deadline packets from schetitle We need to modify the state of,

i.e., the buffers and de cits, so it is identical with the state of ALG. To achieve this, we allow

"¢ to additionally transmit the packets of links successfully transmitted by ALG but hate,

(1 =1 @@n" @ \f; 2 K : .1C = 1g Transmitting such packets for* might not be

advantageous for its total gain as the weight of these packets can increfgg.Byax before

they could be transmitted. Thus giving an additional rew@r¢ha3max to * ¢ guarantees that the

modi cation is advantageous. Further, we insert the packets transmitted successfullypiynot

ALG,i.e.,(2=1" 1@n" @@°\f; 2K : .1C = 1g, back to its buffers (which is advantageous

for ~%). Further to make the de cits identical, we increase the de cit counterstdir links in

(2, which is advantageous for the total-gain within the frame. Additionally, we decrease the de cit

counters of ¢ for the links in( 1. This change might not be advantageous for the total gair§ of

thus we give it extra reward for every possible subsequent transmission over links, which is at most
. Hence the total additional compensatiofEis= * , Omnax3max’

Following the above argument, the expected amortized gain®pfwhen it selects' , is
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bounded as

h .. i 0
E G, @ -SIC = @\CF.1C,
s o
Cr ol @'CF.'C, E<
" Mnf" g ~ ;2" O
o)

= y " 1(9 F’leq1@1e, E< (331)

where0° follows from de nitions of q. and, » 1C. The inequality in the lemma's statement

follows by noting that

O
(331 , - 1'C, o ol@Ce o, Eam
" OMnf" g

I
since .« o @'CF.1C , - 0!C, and by using (3.12).

3.4.1 Proof of Theorem 3.1: Conversion Result.

In the rest of proofs, for notional compactness, we debge »¥i= E »|S1C— YandEc»Yi=
E »jS1C%Now consider a pattern2 J*F° . Whenkw'Ck , © the amortized gain of?, if it
selects schedul , is bounded as

h "o i 100
Ec. G, '@ , +1C1 ¢ ° ExxG, CY%E<

, ¢1C, EoG, C% E .

W 1
=EcG, 1CV4— c

- 1o E
EcG, % ~ *

110

EcG, Ylek K 1° E<-

where in10° we used Lemma 3.2, and ° we used the main assumption that ALG obtains
k fraction of the maximum weight schedule. This inequality does not depend on the particular

choice" . Similarly in the case thatwCk , © it can be seen from (3.13) and Lemma 3.2
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h [ h [
thatEc. &, '@ 2, 9 E.. Consequently in either casEc_ &, '@ 2 ° E. .
Ec»G, 1GY1+k . 1°. Applying Proposition 3.3 witld = 1¢k . 1° 1 we obtain the resuilt.
3.4.2 Analysis of FAMIX-MS: Proof of Theorem 3.2.

Using Lemma 3.2, and probabilities of FAMIX-MS indicated in (3.16), in both cas@&s of

and8 j =, the amortized gain of® can be bounded as

h [
Ec_ G\\l(n 801(9 , «191C1 cd s EcG 1(91/4 E <

1€, EoG, CY Ece

Thus regardless of the schedule selected hywe have

e

o1 1(01 =
Ec- G¢!C  EoG O, i@y L oEe
Note thatjlj jMj =, hence it suf ces to show that
1 = 1
- - .32
EcxG: 1CY4 (3.32)
as then by Proposition 3.3 it will follow thafl, . vis * % L 1o tl= zj{}j 7. To show (3.32),
note that
1@ _=21C 1= 1%EexG, C% = 1
Ec»G 1 1(91/4_ :Ec»G 1 1CY, =
hence, we need to show
= 1@ 1= 1%EcxG, 1C% Oe (3.33)

The inequality (3.33) holds because by (3.12) and (3.16), it followsges | 1C¥F o, » :9'C
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= 21C and hence (3.33) becomes
I
:1(9:2 1= 10 5:1’ w19 10—

which holds by (3.15) and the arithmetic mean-harmonic mean inequality apphed te 1C— &

1—ee=g.

3.4.3 Analysis of FAMIX-ND: Proof of Theorem 3.3.

We rst state the following Lemma that allows us to focus on policies that transmit from non-
dominated links. Due to the uncertainty of the channels, our analysis has to deviate from the one

in [19]. Here, we rely on a coupling argument to prove the following lemma.

Lemma 3.3. Given 2 J1F°, let ™ be the maximum-gain policy that transmits only from non-
dominated links at any time (we refer toas max-gain ND-policy) and the maximum-gain policy

* ¢ that can transmit any packet, then

E ! o G 1CjSIG°~ E ! or G ¢ 1CjS1@°—
* Omax, 1° %

Proof. First we consider the case where de cits do not vary over time regardless of arrivals or

transmissions. We argue that in this case transmitting from a non-dominated link has always

higher total expected gain from any state considering the remaining frame for any pattern

Let +.1C—— ° denote the maximum expected gain over the remaining frame for the given pat-

tern , if at the current time slo€C2 F with buffers , link ; is scheduled. Further, de ne

+1C—— ° = max f+.1C—— °g. Finally de ne+; C-(-° to be the maximum expected gain for

the remaining frame over policies that only schedule non-dominated links. Consider the earliest-

deadline packetsp—Pe of links D— Fwith DdominatingE We argue that transmittingp yields a
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higher expected gain than thatrd. If Ppis scheduled we have:
+p!C—— °= @Fp, +'C, 1- J —°°

L1 @+C 1- Lo

where Care the updated buffers due to regular buffer dynamics but ignoring the scheduled packet
by our policy, and ?Po indicates buffer 9without packetr. Similar expression can be written if

Peis scheduled. Hence, to shew!C—— ° +gC—— ©, equivalently we can show
Fp, +1C 1- 0 —° Fg, +1C 1- D (3.34)

Now note that by the domination de nition, the deadline of padkistat least as long as that bf
hence the optimal policy for +1C, 1- ?PEO_ ° that can attempt pack&can be used to construct
a policy * O for +1C, 1- ?PDO— ° that attempt< instead ofD whenever would have scheduled
Pp. This is possible sinceg does not expire before,. Now consider a coupling for the channel
outcomes in and’ %such that channel51(9 under’ is identical to ‘Eol(B under™ % This does
not affect the marginal success probability of links as both libkdhave the same probability of
success® Further each success when transmitinder” °results in rewardr g, instead ofF p
under’ , therefore the gain of policy®is stochastically larger than that of policy and hence in

the expectation,

0 0
+1Q 1- 1ppe o 1 FE I:DO, +1C, 1- 1pgo 0

Thus in the xed-de cit case we have shown thigt :C——-° +1C—-©,

Now consider the case with time-varying Fle cits, and%etC— — °© denote the corresponding
guantities. In this notatiof1G— 1@°-° = E ! o G ¢1C) —S1@P . If pattern has length ,
then (a)+1C——° #1C——° Onax 2 since any transmission under any policy in the varying-
de cit case will yield a gain of at modbh,ax higher than the xed-de cit case, since the de cit

cannot increase more th@g,ax during a frame, and we can have at mostuch transmissions.
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Similarly we obtain (b)®; 1C—-°, 2 +; !C—- ° asinthe time-varying de cit case every
transmission can result in at mostgain less than the xed-de cit case, and we can have at most

such transmissions. By (a) and (b), we obt&g: 1C——© €1C——° 1 Qpay, 10 2

Proof of Theorem 3.3.In view of Lemma 3.3, we perform an amortized gain analysis for
FAMIX-ND in comparison with ND-policies. Due to the presence of fading, the gain analysis
performed in [19] is not applicable in our case and the state of the channel needs to be considered.
Suppose FAMIX-ND decides to schedule the earliest-deadline pagketF s— 4° of link 5and
ND-policy "transmits a packey = 1F|—4° from a different non-dominated link(I < 5). The

state of*and FAMIX-ND will be different in the following four cases,

1. s!C =1- 1C = 0: In this case, we make the buffers of the two identical by allowing
also transmibs, and give extra rewarf@max3max Further we reduce the de cit iff for link 5

by 1 and we give reward to ™ similarly as in the proof of Lemma 3.2.

2. s5!C =0~ 1C = 1. We replacer; in the buffer of ™ and increase the de cit of link in ™

which are advantageous fér

3.45 4-F Fj—and 5C = 1- 1C = 1. We replacers from link 5with Py in link | in
buffers of . Packetr; has higher deadline and higher weight at tid8ince both packets will
expire in at mosBmnax slots, the de cit of 5 can only increase by at moSf,a0max beforeps
expires, whereas the de cit df can decrease by at md3tax. Therefore giving” additional
compensation ofl , Ona3max Will guarantee that the modi cation is advantageous. Further,
we decrease the de cit of linlb by one £5 1in ™) and we increase the de cit of link by
one F,, 1in ™). To compensate for the decrease in de cit of liBkve give " extra gain of .

Hence, the total compensation is bounded hy! O<og, 1°3max®

4. 4 45K Fsand s5!1C=1- 1C = 1. In this case, we allow* to additionally transmit

packetrs at timeCand give extra rewar@imax3max and inject a copy of packet to the buffer
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of link 1. This makes the buffers identical, but results in the decrease of de cit of3ibk
one. To guarantee the change is advantageou$ ¢onsidering the rest of the frame, we give

it extra reward .

In all cases, the additional compensation is boundedEdy= |, * Omax, 1°3max Let @o =
Prt gC=1- o!C=1° @, or equivalently@o= @ , rgofor somergg 0, by the positive
correlation assumption, and heriegt g!lC=1- ¢!IC=0°=@ @o=@1 @ rgg Then,

h i O
Ec. GJie¢  @F, Co'@ @S§Fo, ) F o€o@o
9 5 %
LEo=@R,'1 @ co@h, @ Foi@
O 9 O 9Y8
Coasdo, ) Cod o, Eo
°8 5
@Fg, 'l @ coFg, @ Focds, b
9 9v8

Now notice that forcg %@11 F—F88—1° the right-hand-side of the above inequality is maximized for
8= 1. This can be veri ed by computing the difference of the gains for cha8ce8 1. Hence, we

have

1

h [ h [
Ec_ G\m 1cC mgleC_ G\ifle = Ec- G\fl@

=@F,'1 @ExG, CY%Ege (3.35)

Let =be the number of links with positive probability in (3.17). For the gain of FAMIX-ND, we
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have

G
Ec>G, CY%F @¢s
&1
61 61
= 1F8 F8:1°, @1 CgoF:
&1 &1
61
=F1,F'1, @ @ cf
&1 I
100 él él .
=F111'1 @@ c 11 cg@
&1 &1
! Fil1 __@ o F,11 4 @

. . | _
where int0°, by the de nition ofcgin (3.17), we usedF- = F1 5;1111 cg@. In 11° we used

the geometric-arithmetic inequality. Using the above relation and (3.35) we get

@
1 40

Ec. G+C ExG, CY 11 @°,Ep

Using similar arguments as in the proof of Proposition 3.3, we can sum over the entire frame to

obtain

|
E  of Ge!C -SI1@°
|
E oG 'C-S1@° 12,1 @, Eor

Due to the amortized analysis, (3.29) holds. Then by using Lemma 3.3 we obtain

i :
E  @FG:'C-S'@¢° 210max, 1°

| .
E @G: C-S'@° 12, 1 @, Eor

Letd = 1%, 1 @ ' After taking expectation with respect to the randomness of the frame,
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rearranging terms and dividing appropriately, we obtain

i .
E orG: 'CjS'¢° E Eo, Omax, 1°
E orGelCSIE ° E  oFG¢lCjSIQP

i
The proofis concluded as in the proof of Proposition 3.3jmyy:gekin E o G ¢1CjS@° =
1, and applying Proposition 3.2.

3.4.4 Proof of Proposition 3.1: Low-Complexity Variants.

Suppose that under ALG we have

h i h i
ki@ maxEc. &, 1@ max Ec_ &, 1@ e (3.36)
" 2M " 2M ot

Since ALG randomizes according to the probabilities of FAMIX-MS over the maximal schedules

in M ¢1C, we have

h [
biC max fEc- G.1Cg EoG, C%E- (3.37)
01
whereb!C := ZJ{\AM+11§.J'1, by using the same arguments as in the proof of Theorem 3.2 applied to

M oC. By (3.36) and (3.37),
rgigfbleklegEc_ GelC  EcG: QY E-e

Then by Proposition 3.3, it follows th&/ minc o fk 1Cb1Cge Hence to conclude the proof, we

simply need to argue that (3.19) implies (3.36) Using Lemma 3.2, and (3.13), it can be shown that

h i O
Ec. G, 1€ = F.!IC@Cq., EcxG, C%E-
2"
Plugging the above expression in (3.36), it can be seen that (3.19) is a suf cient condition for (3.36)

to hold.
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3.4.5 Proof of Corollary 3.3: Myopic Distributed Algorithm.

The amortized gain can be written as

Ec. &, 1€ = @ CF.1Cq. , ExG, % E-«
2" I,le
10° 2 10 @ CF;*Cq
= Ec»G, Qv 1°E 3.38
C-23 | Q. @CF.'.C ° s < ( )

where in (a), we used (3.13).

N . . . . ,
Let , = |o4:.0f); Y )10 be the event that the timer gfexpires earlier than that of its

neighbors. We can obtain a bound on the probability of link getting scheduled as follows:

q; Pr» \f).Y) g¥sPr» .YPry. Y) | %
o _Lll 4 a;,l 12#10a° o
&, onucdy
110 . a
———11 X- (3.39)
&, onucdy
: i _
where (a) follows from the factthatj . G?la, |,410a&° (easy to verify), and (b) from the

choice of) . Hence, using (3.39), in the case that a, we getq. i—x Hence,

i i
203 @CF;1CL g° 5, @CF;1C11 240
' | X
; Q;@leF;le : @1GF;1@7
;zl" 10 @1GF;1@11 %(0 X
I 2" 1@ @IGF;@%{ 1 X

where the rst inequality is due to the fact that the ratio is a decreasing functign dfus using
(3.38),
h
Ec_ é,; 1cC Ec_»G, 1(91/11

X
1° Ec-
X} 5 <

The using Proposition 3.3, we obtain the nal result.
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(a) @= 0<6. (b) @= 0.8

Figure 3.3: Performance comparison of various algorithms in a simple two-link collocated network
under two different channel success probabili@s

Figure 3.4: Traf c pattern used in the collocated network in Figure 3.5.

3.5 Simulation Results.

We performed simulations under several networks and traf c-fading scenarios. We compare
the performance of our algorithms FAMIX-ND and FAMIX-MS with GMS and MWS (see
Section 3.3). Since GMS does not specify the tie breaking rule when two or more links have
the same weight, we consider two variants, GMS-ED and GMS-RD. The rst variant, GMS-ED,
break ties by transmitting the packet with the earliest deadline (ED) among all the links with equal

weight. GMS-RD on the other hand break ties randomly (RD).

3.5.1 Simulation Results for Collocated Networks.

In collocated network, MWS coincides with GMS, hence we compare FAMIX-ND with
GMS (-ED, -RD).
First, we consider a simple network with two interfering links. Traf c is generated according

to Pattern B of Figure 3.1, but with i.i.d. channel success probal@ityVe set an equal target
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delivery ratio? for both links. Figure 3.3a shows the average de cit under different algorithms for
different values of? when@= 0+6. While GMS-RD and GMS-ED cannot achie?egreater than

0447, FAMIX-MS can achieve? up to058. Note that the optimal policy cannot achie¥g 06

in this scenario due to the fading probabil@= 0+6, and hence FAMIX-ND is near optimal. For
comparison, Figure 3.3b shows the evaluation resul@er0-8. We observe that the gap between
the maximum achievable delivery ratio of GMS and FAMIX-ND widens for larger value® of
This behavior is consistent with the lower bounds on the ef ciency ratios presented in this section.

We observe a similar behavior for larger collocated networks. For example, consider a collo-
cated network witlb links, and a channel success probability@f 05 for each link. The traf c
pattern is indicated in Figure 3.4 and the evaluation result is shown in Figure 3.5a. This is the
same traf c pattern used in [59]. Here, we observe that even with fading, the randomized policies
introduced in this work outperform other algorithms, i.e., FAMIX-ND can support the highest
delivery ratio requirement, followed by GMS-ED, and then by GMS-RD. Further, increasing the
channel success probability @= 07 widens the performance gap between the policies, as seen
in Figure 3.5b. Note that the value @sets a trivial upper bound of the maximum achievable
delivery ratio of all policies, therefore FAMIX-ND is near optimal in all the simulations.

Finally we simulate a network witl@= 08, 5 links and Bernoulli arrivals and random dead-
lines, uniformly chosen betwednto 6. The results are shown in Figure 3.6. Despite the presence
of randomness in the traf c, FAMIX-ND still demonstrates good performance compared to the
maximum achievable delivery ratio (achieving an ef ciency ratio of at 186&3+ 080 0491) and

to GMS.

3.5.2 Simulation Results for General Networks.

Ef ciency Ratio Comparison in Random Geometric Graphs

In Figure 3.7, we generafi®0(generalized) random geometric graphs to represent interference
graphs of networks. Each network HeBlinks. Links are assigned uniformly random locations in

a square area, and are selected to interfere with each other based on their distance (a.k.a. Waxman
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(a) @= 05 (b) @= 07

Figure 3.5: Performance comparison in a 5-link collocated network using the traf c pattern of
Figure 3.4, under two different channel success probabililes

Figure 3.6: Performance comparison in a 5-link collocated network, @ith 0«8, and packets
with random deadlines.

model). More speci cally, two randomly located nodesGatandG have a probability of being
connected given by,4/l @ Gil*' where! and1, are two constants. In our experiments, we x

I = 03max_gj@®» Gjj and varyl, to affect the sparsity of the graph. We referlipas the
connectivity parameter. We calculate the average ef ciency ratio bound discussed in this work
for Coloring Variant, Myopic Distributed Variant, GMS, FAMIX-MS and MWS. We observe that

in the sparser graphs the coloring variant has a better ef ciency ratio than GMS. FAMIX-MS is
slightly above MWS, but as these graphs have a larger number of independent sets, the difference

is not signi cant.
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