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ABSTRACT

Frequent failures characterize many existing communication
networks, e.g. wireless ad-hoc networks, where retransmissi-
on-based failure recovery represents a primary approach for
successful data delivery. Recent work has shown that re-
transmissions can cause power law delays and instabilities
even if all traffic and network characteristics are super-expo-
nential. While the prior studies have considered an inde-
pendent channel model, in this paper we extend the anal-
ysis to the practically important dependent case. We use
modulated processes, e.g. Markov modulated, to capture
the channel dependencies. We study the number of retrans-
missions and delays when the hazard functions of the dis-
tributions of data sizes and channel statistics are propor-
tional, conditionally on the channel state. Our results show
that the tails of the retransmission and delay distributions
are asymptotically insensitive to the channel correlations
and are determined by the state that generates the light-
est asymptotics. This insight is beneficial both for capacity
planning and channel modeling since we do not need to ac-
count for the correlation details. However, these results may
be overly optimistic when the best state is infrequent, since
the effects of ‘bad’ states may be prevalent for sufficiently
long to downgrade the expected performance.

1. INTRODUCTION

Recovery mechanisms are employed in almost all engi-
neering systems that are prone to failures. Restarting the
interrupted jobs from the beginning after a failure occurs
is a straightforward and often used failure recovery mecha-
nism. It was first shown in [3, 16] that processing light-tailed
(e.g. exponential) jobs with ‘restart’ mechanism may result
in power law delays. Furthermore, it was recognized in [9]
that widely used retransmission failure recovery in commu-
nication networks is a form of ‘restart’ mechanism and, thus,
can cause heavy-tailed (long) delays even if all data, channel
and protocol characteristics are light-tailed. In addition, it
was observed in [9] that retransmission phenomena can lead
to zero throughput and system instabilities, and therefore
need to be carefully considered for the design of fault tol-
erant communication systems, especially for wireless ad-hoc
networks, where failures are typical.
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More specifically, it has been shown that power law delays
arise in different layers of the networking architecture, where
retransmission-based protocols are used, e.g. ALOHA type
protocols in MAC layer [10, 7], end-to-end acknowledge-
ments in transport layer [8, 13] as well as in other layers
[9]. Retransmission induced heavy tails represent a novel
explanation for the broadly observed power law delays in
communication networks. For other (non-retransmission)
mechanisms that can give rise to heavy tails see [12] and the
references therein.

Previous studies consider an i.i.d model that was first in-
troduced in [3] and further studied in [1, 9, 13] to describe
the channel dynamics. In practice, communication channels
are highly correlated in the sense that they switch between
states with different characteristics. We extend the previ-
ously studied independent model [9] to the dependent case
where the availability periods depend on the channel state.
In order to capture the channel dependencies, we introduce
a modulating process, e.g. see [12], where the distributions
of the channel availability periods depend on the current
state of the channel.

The proposed model is as follows. Let {Jn}n>1 be a sta-
tionary and ergodic modulating process with finitely many
states {1,2,...,K}. Now, let {4,(k),n>1,k=1,...,K}
be a family of independent random variables, independent
of {Jn}, such that for fixed k, {A,(k)}n>1 are identically
distributed with Gy (z) = P(A1(k) > z). Then, we can con-
struct a modulated process A, such that A, := A,(J,) and
P(A, > z|J, = k) = Gi(z). At each available period A,,
we transmit a generic data unit of size L; if A, > L, the
transmission is successful, else we wait until the next period
Ap+1 to retransmit. We study the asymptotic properties of
the distribution of the number of retransmissions N when

logP(L > z) = ailog P(A, > z|J, = k), (1)

k=1,..., K; see Subsection 1.1 for a more detailed descrip-
tion of the preceding model.

We show that when the channel is correlated, or less for-
mally, when it alternates between different states, the tail
asymptotics is determined by the properties of the ‘best’
channel state, e.g. the state that generates the lightest
asymptotics in the corresponding independent channel model.
Intuitively, as the channel switches between states, a large
data unit is more likely to be transmitted when the channel
is ‘good’. Specifically, the ‘best’ availability periods corre-
spond to the state with the largest ax [as defined in (1)]
among 1,..., K. Undoubtedly, this is an optimistic obser-
vation which further implies that instabilities (infinite ex-
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pected delay) can be eliminated as long as there exists at
least one state with oo > 1.

From an engineering perspective, this optimistic best case
scenario prediction and the apparent insensitivity to the
structure of the channel correlations can be very promis-
ing in system analysis and design. The result implies that
the initial i.i.d. model might be sufficient for modeling, and
can also be extended to even more complex failure-prone
networks. However, this is partially true as there are cer-
tain circumstances under which this claim underestimates
the intricacies of the system.

Specifically, the lighter tail does not guarantee consis-
tently good behavior for the entire body of the delay distri-
bution. As discussed in [5, 6] in a different context, the delay
distribution of bounded documents will always have a light
exponential tail. However, the main body of the distribution
can be a power law which may determine the performance
in the relevant range of probabilities. Similarly here, the tail
is determined by the lightest power law (largest value of ay
in (1)). However, when the corresponding channel state is
rare, the main body of the retransmission distribution can
be dominated by the heavier power laws resulting from the
‘bad’ states. Hence, the system performance may be much
worse than predicted by the tail. Therefore, when the best
case scenario is atypical, we need to pay closer attention to
the channel correlations. We provide further discussions and
some preliminary analysis of this situation in Section 4.

In engineering, our results can be used both for modeling
and system design. In view of the observed insensitivity and
state space reduction, it is likely that this analysis can be
extended to more complex networks or multi-channel sys-
tems that are characterized by frequent failures and corre-
lated states. The results may be applied in designing new
protocols, or developing new fragmentation schemes [11, 14]
specifically for correlated channels. A dynamic fragmenta-
tion technique (see [11]) is more likely to exhibit better per-
formance in a channel with high variability. In addition, the
explicit approximation presented in [6] could be combined
with the analytical results of this paper in order to accu-
rately estimate the optimal sizes of the packet fragments.

The paper is organized as follows. In the following Sub-
section 1.1, we formally describe the model and introduce
the necessary definitions and notation, while in Section 2,
we present our main theorems, on both the logarithmic and
the exact scale. Next, Section 3 includes our simulation ex-
periments that verify our analytic approximations. Last, in
Section 4, we discuss the engineering implications of our re-
sults and provide some insight on the situation when the
‘best case’ scenario occurs rarely, while Section 5 contains
some of the proofs.

1.1 Description of the Channel

In this section, we formally describe our model and pro-
vide necessary definitions and notation. Consider transmit-
ting a generic data unit of random size L over a channel
with failures. Without loss of generality, we assume that the
channel is of unit capacity. The channel dynamics is mod-
eled as follows. Let {J.},>1 be a stationary and ergodic
modulating process with finitely many states {1,2,..., K}.
Let m, = P(Jn, = k) denote the stationary probability that
the process is in state k, k =1... K; let J be a generic ran-
dom variable whose distribution is given by m, = P(J = k).

Now, define a family of independent random variables
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{An(k),n > 1,k = 1,..., K}, independent of the modu-
lating process {J,}. In addition, for fixed k, {An(k)}n>1
are identically distributed with Gp(z) = P(A1(k) < z).
Then, we construct a modulated process A,, such that A,, :=
A, (Jn) and P(A, < z|J, = k) = Gi(z). Note that the con-
structed process {Ar} is also stationary and ergodic.

At each period of time that the channel becomes avail-
able, say A;, we attempt to transmit a generic data unit of
size L. If A; > L, we say that the transmission is success-
ful; otherwise, we wait until the next period A;;11 when the
channel is available and attempt to retransmit the data from
the beginning. A sketch of the model depicting the system
is drawn in Figure 1.

Channel with
failures

{An(]), J}

yes
success

no

Figure 1: Packets sent over a channel with failures

We are interested in computing the number of attempts
N (retransmissions) that are required until L is successfully
transmitted, which is formally defined as follows.

DEFINITION 1.1. The total number of retransmissions for
a generic data unit of length L is defined as

N :=inf{n: A, > L}.
Moreover, we define the total transmission time.
DEFINITION 1.2. The total transmission time is defined

as the total time until the data unit L is successfully delivered
and is denoted as

N-—1
T:= Z A; + L.
=1

We denote the conditional complementary cumulative dis-
tribution functions for {A,},>1 and L, respectively, as

Gi(z) =1 - Gi(z) = P(A, > z|Jn = k)
and
F(z) :=P[L > z].

Throughout the paper we assume that L and A are contin-
uous (equivalently, F'(z) and G () are absolutely continu-
ous) and have infinite support, i.e. Gx(z) > 0 and F(z) > 0
for all z > 0. We use the following standard notations. For
any two real functions a(t) and b(t) and fixed to € R|J{oo},
we use a(t) ~ b(t) as t — to to denote lims—+, a(t)/b(t) = 1.
Similarly, we say that a(t) 2 b(t) as t — to if lim, .,
[a(t)/b(t)] > 1; a(t) < b(t) has a complementary definition.
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2. MAIN RESULTS

In this section, we present our main analytical results.
In Theorem 2.1, we characterize the tail distribution of the
number of retransmissions on the logarithmic scale. In par-
ticular, under the assumption that the hazard functions of
the data sizes and channel statistics are proportional, we
show that the distribution exhibits a power law tail and the
index is determined by the channel state with the longest
availability periods, e.g. the maximum «j as defined in (1).
In other words, the asymptotics is the same as in the case
of the uncorrelated channel with G(z) = G (), see Theo-
rem 2 in [9], where m denotes the index of the ‘best’ state
with maximum ay.

Next, in Theorem 2.2, under more restrictive assumptions,
we prove the result on the exact scale. We derive the exact
asymptotic tail of the number of retransmissions N, which
also depends on the steady state probability m,, of the ‘best’
state m. Last, Theorem 2.3 presents the logarithmic asymp-
totics of the total delay distribution.

Throughout the paper, we will use m to denote the index
of the state with the largest o among all states 1,2,..., K.
This corresponds to the state m which dominates the tail
distribution of N and is responsible for the lighter asymptote
for large n. Without loss of generality, we assume that there
is a unique m that achieves the maximum «,, = maxy ay,
ie. am > maxpzm ar. Otherwise, if there is more than
one index that attains the maximum, we can merge the cor-
responding underlying states of the process {J,},>1 into a
single one that uniquely achieves the maximum.

Furthermore, to simplify the notation, we sometimes omit
the indices in A, and J, and simply write P(A, > z|J, =
k)=P(A > z|J =k).

THEOREM 2.1. Let {J,}n>1 be a stationary and ergodic
process that takes values on the positive integersk =1... K.
Assume that

logP(L > x) ~ aiylogP(A > z|J = k) as x — oo,

and P(| 0 1{J; = k} —mn| > en) = O(n~(@mT/K) " for
positive € and Quy, = Jmax o > 0, then

lim logP(N > n) — .
n— o0 logn

REMARK 1. Note that the condition P(| Y7, 1{J; = k}—
mrn| > en) = O(n~@m T/ KY s satisfied for a large class of
modulating processes Jy, i.e. semi-Markov processes where
the sojourn time distributions decay fast enough. For ex-
ample, for the class of renewal Markov processes consid-

ered in Section 5 of [4], it can be shown that the condi-

tion holds if the sojourn time distribution is lighter than
O(nf(am+e)/K+1)'

Proof: By assumption, there exists 0 < € < 1 such that
for all x > xo,

F(a)m0=9 < Qi) < Fz) ™07,  k=1...K. (2)
Recall that {A,},>1 are conditionally independent given
{Jn}n>1 and P(A, > z|J, = k) = Gx(z). Note that A;(J;)
is independent of the past and future states of the modu-
lating process {J;};; given J;. Let Nj =37 1{J; = k}
be the number of times that {J; = k} in interval [1,n] and
observe that 3% NF = n.
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First, we establish the lower bound. It is easy to see that

P(N >n|L)=P[L > A, L > As...,L > A,|L]
=EL[P(L> A;,1<j<nlh,...,Jn, L)
=E. |[[PZ > Aj|Jj,L)]
Lj=1
[n K

_ELIIHP@>AﬁG_hmHhﬂﬂ
Li=1k=1
[n K

=E. [[] TP > AlJ = k,L)”Jﬂ"k}]
Lj=1k=1
- )

=E, HIP’(L>AJ_k,L)N"}, (3)
Lk=1

where Er[-] = E[-|L]. For the ergodic and stationary process

{Jn}n>1, by the weak law of large numbers, it follows that
P[NF < (1+e)mn] =1 asn — oo,

for all k =1...K. Thus, for any € > 0, we can choose ny,

such that P[N}? < (1 + ¢)mpn] > (1 — €), for all n > ny and

k=1...K. Therefore,

P(N > n|L)

K
EL [H P(L > AlJ = k, L) +9mmy {N,’f <1+ e)mn}]

Y]

K
-1 (P(Njf < (1+ )mn)P(L > AlJ = k, L)(1+€>““‘)
k=1

> (1— o T](1 = Gr(r)trmen.

=

k

1

Now, using our main assumption (2) and the elementary

inequality 1 — z > e~ 9% for small z, we obtain
P(N > n) = E[P(N > n|L)]
K 1 mEn(l+te)
(1 OFE [H )Ek(ﬁe)) § 1{L > z0}
k=1
K _ 1
(1-e"E l:H exp (—men(l + €)>F(L) “k=<1+f)) 1{L > xo}:| ,
k=1

for xo as in (2). Next, observe that the expectation in the
preceding expression is

1

exp ( > mn(l +ef %<1+f>) yr > Io}]

K 1
eXp< Z n(l+e) Uak(1+6)>:|

k=1

_ 1
o ( > (1 + e>2F<xo><"ﬂ““)>
k=1

= Il —]0, (4)

which follows from F(L) = U, with U being uniformly dis-
tributed in (0, 1) by Proposition 2.1 in Chapter 10 of [15].

17



The first term in (4) is computed as

1 K 1
L = / P (Zﬂkn(l + 6)2uak<1+6>> du
0 k=1

€ 1
> / exp (—n(l + €)’uem T 1,
0

K
1 1
1 + E Euak(l+e) am (1+e€) du
.
k=1,k#m

€ 2 1
> / exp (—n(l + ) (14 d)uomTta 7Tm) du,
0

where we observe that for € small enough,
Zkfle I#m(ﬂ.k/ﬂm)ul/(ak(1+e))—1/(am(1+e)) < §. Next, by
change of variables z = nm, (1 + ¢)2(1 4 §)ul/(@m1+e)
setting (1 — 6.)7" = (14 €)*(1 + 6), we have

, and

(1—8.)m (), (1 +€)

om (A46) o (14¢)

nel/am (1—6e)mm
. / e—zzam(l-s-s)—ldz
0

(1- 5€)am(1+e)

ﬂ%m(l“f)nam(l-&-e)

L >

Flam(l+4+¢€) +1),

where we use the definition and the property of the Gamma
function for large n.

Now, for hes = (1 — €)%(1 = 6)* I (qm (1 + €) +
1)/71'?,‘{’1<1+6)7 and, since xo is fixed, the second term in (4) is
negligible, i.e. Iy — 0 exponentially fast as n — oco. Hence,
taking the logarithm yields

logP(N > n) > loghe,s — am(1 + 2¢) logn,
and by picking ng such that loghc s > —amelogn, we have

logP(N > n) > —am (1 + 3¢) logn.
After replacing € with €/3, we derive

logP(N > n)

logn > —(14 €)am. (5)

The remainder of the proof of the upper bound follows
similar arguments and is deferred to Section 5. []

Next, as briefly stated in the beginning of this section, we
present our analytical approximation on the exact scale. In
the following theorem, we need more restrictive assumptions
and, in particular, we assume that the matching between the
distribution of the data sizes and the channel characteristics
is described by a regularly varying function of index a. A
regularly varying function is defined as a function of the
form £(z)z%, where £(-) is slowly varying.

DEFINITION 2.1. A function £(z) is slowly varying if
L(x)/l(Ax) = 1 as x — oo for any fized X > 0.

Typical examples of slowly varying functions are positive
constants, logarithmic, e.g. log’z,8 € R, log(log z), and
elos®)” 0 < 4 < 1. We assume that functions ¢(x) are
positive and bounded on finite intervals.

THEOREM 2.2. Let m := arg max_oy. If F-l(z) =
k(G (), where ®p(z) = L(x)x®*, for all x > 0, >
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0,k =1...K, and P(| >0, {Js = k} — men| > en) =
O(n=(em+9/K) "¢ 5 0, then as n — oo,

r 1
P(N > n) ~ (ami""a).
neml(n)mp™
Proof: The proof is deferred to Section 5.
Last, we prove the logarithmic asymptotics of the total
transmission time, which is also a power law.

THEOREM 2.3. Under the same conditions as in Theo-
rem 2.1 and E[A'?] < 0o for some 6 > 0, we obtain
logP(T > t)

dm et T om

Proof: See Section 5.

3. SIMULATIONS

In this section, we illustrate the validity of our theoretical
results with simulation experiments. In all of the experi-
ments, we observed that the theoretical tail asymptotics is
literally indistinguishable from the simulation. In the fol-
lowing examples, we present the simulation experiments re-
sulting from 10® (or more) samples of N;, 1 <4 < 10%. This
number of samples was needed to ensure at least 100 occur-
rences in the lightest end of the tail that is presented in the
figures (N; > nimax). This provides a good confidence inter-
val given that we used simple two and three-state Markov
chains to model {J,}.

0

10 V¥ A T
A S A S
n =08
N 3 ., —_T
-1 Q) \\ —T, =05
10 SN A _ 0 1
s o—7, =0
> \\\ = = = Asymptote
=10 ¢ E
A
Z
=
107 :
107 :
10’ 10! 10° 10° 10

Retransmissions: n

Figure 2: Example 1(a). Asymptotics of P(N > n)
for a two-state channel.

Example 1. In this example, we simulate a channel with
two states, 1 and 2. At each state, the availability periods
are i.i.d. random variables exponentially distributed with
pu1 = 1/4 and p2 = 1. Also, the data unit sizes are continu-
ous random variables, following the exponential distribution
with mean 2 (A = 1/2). Therefore, by definition, we have
a1 = 2 and ag = 0.5. The transition probability from state ¢
to state j is defined as p;; so that the steady state probabil-
ities are given by m; = pji/(pi; +pji), ¢ = 1,2. In Fig. 3, we
present the asymptotics of the number of retransmissions on
the logarithmic scale for three values of steady state proba-
bilities: m = 0.1, 71 = 0.5 and 71 = 0.8; observe that m =1

Performance Evaluation Review, Vol. 41, No. 2, September 2013



= = = Asymptote

P[T > t]
—
(—)

10° 10' 10 10° 10*

Figure 3: Example 1(b). Asymptotics of P(T" > t) for
a two-state channel.

is the index of the state with the larger a. We plot the ex-
act asymptotics from Theorem 2.2, where we note that the
constant term I'(au, + 1) /7™ increases the precision of our
logarithmic asymptotics (Theorem 2.1). We observe that
our simulation results are in excellent agreement with the
theoretical asymptote.

Next, for the same channel and two values of 71, namely
0.1, and 0.5, Fig. 3 demonstrates the logarithmic asymp-
totics for P(T" > t) obtained from Theorem 2.3.

oo ——T, =075
0" \\‘ T =025
\‘ = = = Asymptote

107} :
=
2 107} :
="

107 :

107} :

-6
1 10’ 10' 10’ 10’

Retransmissions: n

Figure 4: Example 2. Asymptotics of P(N > n) for a
three-state channel.

Example 2. In this example, we consider a three state
channel, with transition probabilities such that =, = 0.25
and m,, = 0.75,m = 1. The availability periods at each state
are exponentially distributed with pu1 = 2,u2 = 1/2 and
s = 1/4 and the data sizes are exponential with unit mean.
From Fig. 4, we observe that the lightest asymptotics (power
law with exponent o = 4) dominates the tail of P(N >
n). The power law tail appears relatively early when m,, =
0.75 and is not affected by other states for almost the entire
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distribution. However, when the state is less frequent, i.e.
Tm = 0.25, the other states contribute noticeably in shaping
the distribution.
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c, =4
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= = = Asymptote
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10

107

10°

10*

Retransmissions: n

Figure 5: Example 3. Logarithmic Asymptotics for
a two-state channel where data sizes and channel
statistics are normally distributed.

Example 3. In the third example, we simulate a two-
state channel where the packet sizes and the availability pe-
riods are normally distributed and the channel alternates
between the two states with probability 1/2. Suppose that
A and L take absolute values of zero mean normal ran-
dom variables, with o7 = 5 and 04, = 2,04, = 4,6,8, for
states 1 and 2, respectively. Note that P[|N(0,02)| > ] ~
20/(@@6‘12/2"2 and thus logG(z) ~ o3%/0% log F(z),
i.e. the asymptotic assumption of Theorem 2.1 is satisfied.
In Fig. 5, we plot the logarithmic asymptotics for three dif-
ferent values of & = 0% /0%, as marked on the graph.

10 ~7 7
s~ “‘
.."
~ . ;.’
2 ‘s ‘e
10 - .. . g
»
Y. b=5
N\
= S
é Q‘*, b {0 \
A~ 10_4’ % ]
b=5— XN
-
“
T = 0.1 ~\
_..m =001 J
10'6 L m b=10—
= = = Asymptote
10° 10" 10° 10’ 10*

Retransmissions n

Figure 6: Example 4. Simulation of a two-state
channel with bounded data sizes.

Example 4. In our last example, we simulate a two-state
channel in the practically important case where the packet
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sizes are bounded. In this setting, it is easy to see that the
distribution of N has an exponential tail. However, this tail
may appear for very small probabilities, which implies that
the number of retransmissions (or delay) of interest can fall
inside the main body of the distribution that behaves as
power law. We simulate the channel of our first example,
but here we further assume that L has finite support [0, b];
we consider two values for b, e.g. 5 and 10. In Fig. 6, we
plot the distributions of P(N > n), parameterized by b, in
two different scenarios where the stationary probability of
the ‘best’ state m,, is 0.1, and 0.01 respectively. From the
figure we observe that, when we increase the support of the
distribution from b = 5 to b = 10, the region of the main
(power law) body of the distribution of N increases, e.g. for
7m = 0.1 there is a tenfold increase, from less than 100 to
almost 10®. This effect was first discussed in [9] and then
rigorously proved in [6]. Nevertheless, the transition to the
exponential behavior is not insensitive to the probabilities
Tm. For the same b, higher stationary probabilities of the
‘best’ state tend to shrink the power law region. Hence, the
exponential behavior happens at different times depending
on how frequent the ‘good’ state is; we provide a deeper
insight on this in the following Section 4.

4. ENGINEERING IMPLICATIONS AND
CONCLUDING REMARKS

In this section, we discuss the engineering implications
of our results. Previously, we showed that when the chan-
nel is correlated, meaning that it switches between depen-
dent states, the ‘best case’ scenario wins. This implies that
the delay asymptotics and the stability conditions are de-
termined by the state that generates the lightest tail in the
corresponding independent model. This insensitivity to the
detailed structure of the correlations as well as the opti-
mistic best case predictions are beneficial both for modeling
and dimensioning/capacity planning of such systems. In
particular, our insights show that the independent channel
model might be sufficient. Furthermore, the analysis of the
independent model is more likely to be extended to more
complex multi-channel and networking systems with fail-
ures.

4.1 A Word of Caution

However, in this subsection, we emphasize that a design
relying on the best case scenario may be overly optimistic
and even completely wrong if the best state of the channel
is atypical, i.e. it occurs very rarely. To illustrate this point,
we study the following simplified model that demonstrates
the impact of the correlated channel states on the distribu-
tion of N. In particular, we consider a channel with two
states (K = 2), such that a; > a2, and we assume that m
is very small (71 < w2, m ~ 0), i.e. state 1 is much less fre-
quent than state 2. In this case, the tail of the distribution
is still a power law with index a,,, = a1. However, there ex-
ists another power law asymptote that appears earlier and
dominates the body of the distribution for smaller values of
n.

We herein characterize these two asymptotes with two
equivalent explicit formulas that approximate the retrans-
mission distribution for large n (informal derivations are
presented in the Appendix):
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o 1§\ .
P(N > n) ~ szaz (=n Pz).'r(az + 25)7 (6)
neemy? !
and
- %1 > (—n171/5P1)iF(O¢1 + 2/5)
POV > )~ e S ) G

i=0

where § = as/a1, P1 = 7r2/7ri/6 and P, = 7r1/7r‘2§.

Note that the sum in (6) is absolutely convergent since
I(az +1id) < [az+id]!. As we can easily infer from the first
expression, when n'~° P, < 1, the leading term dominates
and the initial part of the distribution is determined by the
heavier power law O(n~%?) with exponent as < 1. This
is indeed the asymptote that works well for small values of
n, specifically when nt0 < 1/ P>, as will be evident in the
forthcoming example. Accordingly, the leading term of the
second asymptote from (7) yields the correct tail asymp-
totics from Theorem 2.2, which holds as n — oo.

In order to illustrate the preceding derivation, we plot the
exact asymptotes from equations (6) and (7), in Fig. 7, and
compare with simulation. In this setting, we assume ex-
ponential distributions as in Example 1, such that a; = 2
and as = 1/2; the steady state probabilities are 71 = 0.01
and m2 = 0.99. Specifically, we use five error terms for
both asymptotes. We observe that the precision of the first
asymptote deteriorates after n ~ 10% unless we increase the
number of terms in expression (6). The leading term is a
power law of index 1/2, which leads to the heavier asymp-
tote. On the other hand, the tail asymptote derived in this
section, even with few terms, fits perfectly for large values
of n, which lends credit to our main Theorem 2.2.

0

10 , : : :
=@== Simulation
L = = =PL < 1/n*®
10§ . PL o 1/n?
.~.(
) ‘~‘o -
= 10 ¢ e . k|
A
Z
& 107 |
107 |
10’ 10" 107 10’ 10*

Retransmissions: n

Figure 7: Exact asymptotes from (6) and (7) for a
two-state channel where o; =2 and a2 = 1/2.

In conclusion, our results imply that the tail distribution
of the delay in a dynamic channel will be light as long as
there is at least one state that generates light tail asymp-
totics. However, using the tail as a primary performance
measure might result in an optimistic design that will expose
the system to high congestion if the ‘good’ state is relatively
rare. In such a case, the main body of the distribution may
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be characterized by different power laws and a mixture of
distributions in between that are, in principle, much heavier
than the tail. This situation must be treated with caution in
order to guarantee system stability and good performance
for all n. As illustrated in the last example, the main body
can exhibit power law asymptotics with index a < 1, which
corresponds to a system with zero throughput. If the design
does not account for this behavior, it is highly likely that
the system will achieve poor performance for a considerably
long period of time.

In general, the best strategy under unpredictable situa-
tions when the channel is unknown is to utilize channel feed-
back, possibly combined with dynamic fragmentation based
on the number of unsuccessful retransmission attempts.

S. PROOFS

In this section, we present the proof for the upper bound
of Theorem 2.1 as well as the proofs of Theorems 2.2, 2.3.
Proof: [of Theorem 2.1]

Here, we prove the upper bound. Using the notation Ez[-] =
E[-|L] and similarly as before

K
[[ B> Alg =k L)
k=1

P(N > n|L) =E,

+E

IN

P(L > A|J = k, L)1 91 {N{f > (1 e)ﬂ'kn}:|

=~

—= T

1 {N: <(1- e)wkn}:|

k

[

P

I
>

NE>(1- e)wkn) P(L > A|lJ = k, L)(1=9mn»

>
Il

1

P

Jr
=
7/~

NF < (1- e)ﬂ'kn) ,
k

where P(N} > (1—€)mn) — 1, asn — oo, implied by ergod-
icity and stationarity, whereas, from our main assumption,

[T P(NF < (1 — e)men) = O(1/n®m ). Thus,
P(N > n) = E[P(N > n|L)]

<(1+ e)KIEﬁ (1 - F(L)Wia)

(1+e) H(

1

mpn(l—e)

1
) aR(=e ’

wn(l—e) €
) nomte

where zg is such so that (2) holds. Now using the elementary
inequality 1 — x < €%, and by picking no large so that

N L\ n(i-e)
1+ )X (1 - F(xo)ukufa) < ¢/n®m+e for n > no,
we obtain

K B -
]P)(N > ’I'L) S (1 + E)KIE H e—wkn(l—e)F(L) k(1—e) l{L Z .’I,'o}
k=1

2¢
nam,-"é

1
= SRy men(l=aU k070

<(1+4eFE|e 1{L > zo}

€
nam(l_f) ’
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where the first integral is derived similarly as in the proof
of the lower bound, by picking z( large. Thus

(I—e(am(l—€)+1) €

(ﬂ'mn)am(l_e) nam(l_e) ’

P(N >n) <

Next, we set He = (1 — €)l'(am (1 —€) + 1)/7[’?,‘17”(176) T
and after taking the logarithm, we obtain

logP(N > n) <log He — am (1 — €) logn,

and by picking ng such that log He < a,,elogn, we have

logP(N > n) < —am (1 — 2¢) logn.
Last, replacing e with ¢/2 yields

logP(N > n)

g < (1= am. (8)

Letting e — 0 in both (5) and (8) completes the proof. O
Proof: [of Theorem 2.2]

We begin with the lower bound. Following the same argu-
ments as in the proof of Theorem 2.1, we obtain

P(N >n|L)=P[L > A, L > As...,L> A,|L]
:EL[P(L>Aj71 S]STL|J1,,Jn,L)]

K
—E, [H P(L > AlJ = k,L)Nﬁ]

k=1

K
>EyL [H P(L > AlJ = k, L) +9mmq {ij <(1+ e)ﬂkn}]
k=1

K
1 _ 6 H 1 _ Gk (1~|»6)7'A'k'r7,7

which follows from recalling that P(NF < (1 + €)mpn) >
(1 —¢) for n > ng.

Next, note that by assumption ®x(-) is monotonic since
F(z)™' = ®,(G} ' (x)) and both F(zx), G)(x) are monotonic.
Hence, we can define (in a standard way) an inverse @5 (-)
such that @ (Px(z)) = z, where @5 (z) is also regularly
varying (e.g. see Theorem 1.5.11 in [2]). Now, by Proposi-
tion 1.5.8 of [2], we can always find an absolutely continuous,
strictly monotone and locally bounded (for > 0) function

Bi(x) = {gff Di(s)s

which satisfies @ (z) ~ O (x) for x large.

Next, by Theorem 1.5.13 in [2], @ (x) is asymptotically
equivalent to the inverse of ®j(x); observe that @y (z) is
strictly monotone, for all x > 1, which guarantees that its
inverse exists. Hence, our main assumption becomes

Gi(z)™! ~ O (F(2)™h),
where ®; (-) is absolutely continuous (differentiable) for

each k. This implies that, for any 0 < e < 1 and = > x, we
have

(1—€)/®i"

s, x>1
0<z <1,

(9)

(F(2)™") < Gr(x) < (1+0)/2" (F(x) '),
(10)
In the rest of the proof, for simplicity, we will abuse the
notation and simply write ®4(-) and ®;; () to denote j(-)

and its inverse @, (-), respectively.
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Therefore, sumption, [[r P(N% > (1 — e)mpn) = O(1/n®m+¢). Thus,

P(N >n) = IE[P(N > n|L)] P(N > n) = E[P(N > n|L)]
14 ¢ mn(l+e) X K 1—¢ mpn(l—e)
>(1-e¢"E ( 7> 1{L > z,} <(1+eoFE 11— ———— 1{L >z}
H (F(L)~) kljl i (F(L)7)
_ K
where, we can choose z,, such that ®; (F(z,)™") = n/H, +(1+oXE 1— Gp(zo)) ™09 4 €
for n large and H > 0. Thus, by the elementary inequality ( ) 1;[ ( i 0)) nem+e
1—a>e 9% for small z;, we obtain %
=L+ —— vl
P(N > n) nem
. K = Tpn(l—e)
nrr(l+ €)® where we pick z such that (1 + €)™ (1 — G(w0)) <
(1-¢ “E H ex ( (U1 ) HU < F(zn)} e/n®mte for n > ng. Now using the elementary inequality

11—z <e”, we have

=(1-ef F<zn)ex —n M U K 2
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= O (F(L)7Y)
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where we observe that F(L) = U, where U is uniform in k=1

—(, —1 1 _ )2
(0,1), aIId that for large n, 37, m®5,(u )/ < (1+6)K/ exp (_Wmn(l €) )du,
Tm @ (u™) < ¢, for small u. Next, by changing the vari- 0 D (1/w)

_ — (-1 . .
ables 2 = n/®;, (u™"), we obtain for small h >0, where we argue similarly as in the preceding proof for the

H / lower bound. Then, changing the variables z = n/®;, (1/u)
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Vomz =g [ S yields
1 7rm'n.(1 €)?
Now, we use the properties of regularly varying functions L<Q+ef [ e *na/ (h < ﬁ < em) du
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[log(n/me)]

H and large n, N Z o Tmet p [e < n < ek+1:| 4 en/me

P (n) o Dp'(n/z)  amz - o5, (UL

> (1—¢€)z"m and L = , k=m
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where the equation follows from (9), for n > h. Thus, First, we compute I1 as

(1 - )K+1a7n /H 7(1+6)47'r, z _om—1 e 2 Q), ( /
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Sl hisron [ e 22,(n/2)2
Hom, m
> (i;}ﬂ/ e Vyomldy, 14+ May, /"‘ o Tm (=022 am—1 5
" @ (1) J = 0
which is derived after replacing (1 — €)* ¥ /(1 4 ¢)**™ with < (1+eam [ o7 pom=1 g,
(1 — €) and by change of variables. Last, letting H — oo = " @, (n) h(1—e) 2 ’

and h — 0, we obtain
where we replace (14 ¢)* 11 /(1 — ¢)?**™ with (14 ¢). Now,

Iam +1) I b \
P(N >(1—€)—(f——-—*% 11 12 becomes
(V> ) > (- oon ()
[log(n/ne)] 67ﬂ'mek
for n > ng, which proves the lower bound. Iix < -
For the upper bound, similarly as before, we obtain k:zm o (n/ert1)
[log(n/ne)l . ok k41
K B e ™ (14¢) €
BN >n|L) < B |TT (1= Gu(L) =91 { Nk > (1 - e)mﬁn}} < Y %) < T
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K . . . . I
. since the preceding sum is finite and O, (n)/Pm(n/e”) <
+E Hl{Nn <(1_€)7T’“n}:| (14 €)* for all n > no.
k=1 Last, I1¢ decays exponentially fast and thus I1g = o(1/®.m,(n)).
K K
Therefore,
(I+¢) H ))memen 4 H P (NTILC <(1- e)mm) ,

m
k=1 >

P(N > n)®m(n)my™ < (1+ e)am/ e 7z 1z 4 o(1).
0

where, by ergodicity and stationarity, we recall that as n — (12)

oo, P(N} > (1 — €)mpn) — 1 whereas, from our main as-
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Note that passing m — oo in the first term of (12), yields
that for all n > ng,

P(N > n)®,, (n)mym™

<1+ 2e.
Tlam+1) =112
After replacing 2e with €/2, we obtain the upper bound
I(am + 1)
P(N <(1 —_ 1
(V> m) < @+ ont, (13)

which, along with (11), finishes the proof. [
Proof: [of Theorem 2.3]
In the following proof, we use the notation (xAy) = min(z,y)
to refer to the minimum of x and y. First we prove the upper
bound.

For any 0 < § < 1, we have
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=11 + 1> + I3,

where in the third inequality, we use t — t' =% ~ (1 — €)t for
large t. First, I3 is upper bounded by

E[L*m1{L > t'7°}]
fam (1=3)
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since the condition E(A'?) < oo, together with our main
assumption, implies that for z¢ as in (2),

E[Lam} = 2o +/
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Next, for I;, we have
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which follows by applying the exponential Chebyshev’s in-
equality for 6 > 0. Now, observe that E[A;|J;]] <
k—r?aXKE[AU k] =: pum and using the inequality
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e’ <1+ zeY,0 < x <y, we upper bound the exponen-
tial moments of X; := (A; A t1_5|Ji) by

Eee(Ai/\tlf‘s)IJi <14+ eetk&@E(AiUi)

which renders

§—
L < efg(lfe)texp (tlféelumeet 1)

8
— e*(lfe)t 6Hm€ S ) (t*am(lf‘s)) , (15)

where we pick 0 = t°71.
From Theorem 2.2, we recall that for 0 < 6 < 1,

logP [N > ¢'7]

lim
t— o0 log t

which, along with (14) and (15), and passing 6 — 0, implies

log P[T > t]

lim sup
logt

t—o0

(16)

m-

Next, we establish the lower bound. It follows easily that

N-1

Do Ait+L>t

i=1

PT >t =P

N—1
S A >t N>t 41

i=1

>P
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21@[N2t”“+1]4@ A<t
=1

t1+5
2P[N2t1+5+1]7}E P> A <ty Jay s
i=1
= Il 712.

Now, we can show that Ir < o(tfo"”““s)), by similar argu-

ments as in the proof of (15) for the upper bound; we omit
the details.

Regarding I;, we recall from Theorem 2.1 that for 0 <
0 < 1, we have

logP [N > t'1° 4 1]

tlggo logt = —(L+d)am,
and thus, by passing 6 — 0,
liming 08FC >4 5 (17)
t—00 logt

Finally, combining (16) and (17) concludes the proof. O
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APPENDIX
Appendix

In this Appendix, we provide the informal derivation of formulas
(6) and (7) of Subsection 4.1.

Proof: [of (6) and (7)]

Starting from equation (3), assuming that F(z) ~ Gy (z)%, k =
1,2, and using similar arguments as in the derivation of (3)-(4),
we informally argue that

P(N > n) = E[(1 — G1(L))™"™(1 — Ga(L))™2"™]
S E[(1 — (L)Y (1= F(L)/%2)720]
r~ ]E[(l _ Ul/oq)ﬂln(l _ Ul/az)ﬂ'zn]

_ 1/aq _ 1/
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since F(L) = U, where U is uniformly distributed in (0,1). Thus,
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which follows by changing the variables z = monu'/®2. Now, let
§:=az/a1 < 1and P := m /7§, so that
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..)dz,

by the Taylor expansion of the function e* = > ¢, 2%/il. Now
by extending the integral to infinity we have
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which follows immediately from the definition of the gamma func-
tion I'(ar) = [;7 e~ #2z*!dz. This yields the explicit form
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a2 71.;’42

P(N >n) =~ -
n = il

By the same approach, starting from (18) and changing of vari-
ables as z = nmiu®!, we obtain
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0
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Now, for P; := 7T2/7Ti/6 and using Taylor expansion of e*, we
have

nmy
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o4 al
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MU Sl ..+M+.,_>dz,
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for large n. By identical arguments as before,
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which yields the explicit form
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