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Abstract—We present a general framework for the computa-
tion of the optimal scheduling policies for delay and overflow-
constrained joint rate and power adaptations for type-I hybrid
automatic-repeat-request systems. This framework can be applied
to adaptive resource-allocation problems on correlated flat-fading
or frequency-selective fading channels for bursty nonconstant
packet arrivals. It is shown that the optimal-rate and power-
control laws can be obtained by solving the formulated Markov
decision process problems. We consider two cases for packet
scheduling over wireless channels that are of significant practical
importance. In the first case, we assume that the transmitter
perfectly knows the channel-state information (CSI) at the be-
ginning of the transmission. The transmitter is also provided
with the decoding result for the previous transmission in terms
of observation feedback at the end of the transmission. Second,
we consider the scheduling problem when the transmitter does
not know the CSI at the time of transmission, but it makes the
transmission decision based on the history of previous transmis-
sions and corresponding outcomes. In both cases, our objective
is to minimize transmission power, and the optimal policies are
computed under two different buffer-cost constraints, namely, the
average buffer delay and the average packet overflow rate. The
results of this paper are of importance for the development of
modern wireless standards that support heterogeneous multime-
dia and Internet traffic with certain application-dependent-delay
and packet-dropping requirements.

Index Terms—Adaptive type-I hybrid automatic repeat request
(ARQ), finite-state Markov channel (FSMC), joint transmission
rate and power adaptation, Markov decision process (MDP), non-
constant bursty traffic, packet scheduling, partial channel-state
information (CSI).

I. INTRODUCTION

ADAPTIVE resource-allocation schemes have been proven
to be a useful means of increasing the capacity and the

reliability of wireless transmission links. The main idea behind
these schemes is the adaptation of some of the parameters
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(e.g., transmitter power level, modulation scheme, coding rate,
etc.) of the transmitter based on the information of the channel
conditions [sometimes also called the channel-state information
(CSI)] of the wireless fading channel [1], [2]. These systems,
in general, require some form of channel estimation either at
the transmitter or at the receiver. The estimated information of
the channel at the receiver is sent over a feedback channel.
Adaptive resource allocation has already found its practical
application. It has been provisioned for several wireless stan-
dards such as EDGE, third-generation (3G) evolution standards
1xEVDO, etc. Furthermore, next-generation wireless networks
are envisaged to support high data rates, packet-oriented trans-
port, multimedia traffic, and wide range of quality-of-service
(QoS) requirements [e.g., delay, bit error rate (BER), packet-
loss probability, etc]. In this paper, we have presented an
approach to optimize these goals across the physical and data-
link layers. The problem of power and rate adaptations has
first been analyzed from an information-theoretic viewpoint
(e.g., in [3]), where optimal water-filling power control law
that maximizes the ergodic capacity of a time-varying channel
is derived. More practically oriented results have been given
in [4] that analyzes rate and power adaptation for M -QAM
systems. This line of research has been further extended in
[2], where different optimization criteria and different resource
adaptation techniques have been compared. The adaptive mod-
ulation schemes proposed in [2] and [4] choose the modulation
constellation based only on the channel condition. Assuming
an infinite transmitter buffer, the aforementioned conventional
adaptive modulation scheme does not consider the buffering
delay and the packet loss due to overflows. These schemes
also have not considered the packet-arrival statistics and have
assumed that packets are always available for transmission in
the buffer.

From a higher layer perspective, resource adaptation tech-
niques for time-varying fading channels, in general, require
the use of a finite transmission buffer to provide a degree of
flexibility in handling the time-varying number of transmit-
ted packets. This buffer introduces time-varying delay in the
transmission of packets, which can have detrimental effects on
the transmission of delay-sensitive data such as voice or video
traffic over wireless channels. The effect of the delay variation
is even more exacerbated in the case of slow-fading channels
where long deep fades can introduce intolerable delays in trans-
mission. Buffer overflow is another important factor that should
be taken into consideration while considering communications
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of finite buffer systems over slow-fading channels. Cross-layer
optimization has recently attracted the attention of wireless
research community. It has been shown that adapting system
parameters across different open-system interconnection (OSI)
system layers can significantly improve the system performance
[5]. An early work of Collins and Cruz [6] gives a dynamic
programming framework for transmission policies over a sim-
ple two-state channel with a constraint on average delay and
peak power. Offline and online packet-scheduling schemes for
an additive Gaussian noise channel have been analyzed in
[7]. In [8], the issue of optimal tradeoff between the average
power and the average delay over memoryless block-fading
channel has been addressed. Convexity and decreasing property
of the optimal power/delay tradeoff curve for a finite buffer
system have been established in [9] for Gaussian channel and
independent identically distributed (i.i.d.) traffic. The effects
of the transmission-delay requirement on the rate-adaptation
schemes have been investigated from a theoretical point of
view in [10], where perfect CSI knowledge at the transmitter
is assumed and where achievable rates are evaluated under the
assumption that error-free reception is available. The perfor-
mance of selective-repeat automatic repeat request (ARQ) for
adaptive modulation systems with selection transmit diversity
is analyzed over a Nakagami-m finite-state Markov channel
(FSMC) in [11].

Reliability and throughput are two important aspects of
packet-oriented communication systems over wireless chan-
nels. Hybrid ARQ that employs one code for error cor-
rection and another code for error detection is frequently
used to simultaneously achieve these two goals. The cod-
ing rate of the forward-error-correction (FEC) codes is often
adapted with channel conditions to cope with the random
variations of the channel gain. Previous works ([12], [13],
and the references therein) on adaptive hybrid ARQ inves-
tigate the error-correction code adaptation with the chan-
nel conditions, where the channel condition is estimated
from the previous positive-acknowledgment (ACK)/negative-
acknowledgment (NAK) feedbacks from the receiver in some
ad hoc way. In [12], packet-error rate has been estimated
using the count of NAK packets in different observation in-
tervals for different modes of the adaptive scheme. Here, an
adaptive error-control technique based on the use of type-I
hybrid ARQ protocols is presented. The authors varied the
coding rate of a family of Reed–Solomon codes, whereas
the channel estimation is done using the ARQ protocol. In
[13], stop and wait ARQ (SW-ARQ) is used to estimate the
channels. According to the estimation results, the coding rate of
Reed–Solomon codes is varied. XORing of the two consecutive
erroneous copies is used to estimate the channel BER and to
determine whether the mode change should be performed or
not. All the previous works ([12], [13], and the references
therein) neglected buffer queueing delay and packet-dropping
probability. However, from the practical point of view, the
queueing delay and the packet dropping should be consid-
ered for retransmission systems where packets are stored in a
finite-sized buffer before transmission. In [14], joint effects of
finite-length queueing, and adaptive modulation and coding for
transmission over wireless links are analyzed. In [15], hybrid

ARQ systems with selective combining are investigated over a
Rayleigh fading FSMC. The authors of this paper have studied
several policy heuristic-based suboptimal algorithms for the
solution of the partially observed MDP (POMDP)-formulated
coding-rate-adaptation problem for type-I hybrid ARQ systems
in [16].

We propose cross-layer optimization techniques to optimize
the transmission power, the buffering delay, and the packet
overflow rate for an adaptive type-I hybrid ARQ scheme. Both
the transmission power and the transmission rate are varied with
the buffer occupancy and the channel conditions to obtain the
optimal scheduling strategy over correlated fading channels.
In the first problem of this paper, we tackle the scheduling
problem when both the perfect information of the channel and
the observation feedback of the decoding results are avail-
able from the receiver. The transmitter takes a transmission
decision based on the instantaneous channel state, and the
SW-ARQ protocol is used to send decoding results of the
transmission. It turns out that this cross-layer optimization
problem can be solved using the tools provided by the theory
of Markov decision process (MDP). In the second problem of
this paper, we investigate the adaptation of the transmission
power and rate for the case where the perfect CSI is not
available, and the transmission decisions are taken based on
the observation feedback of the previous transmissions. For
this case, we propose a new technique to estimate the channel
conditions. The control actions and the ACK/NAK feedbacks
of several previous time slots are used as a history record
to estimate the probability of ACK/NAK for the present time
slot. We model the delay and the packet-overflow-constrained
adaptive type-I hybrid ARQ as MDP. In essence, this is a
POMDP problem. However, by truncating the history tracking
and posing the problem as MDP, the computation of the op-
timal policies becomes much less computationally intensive.
We analyze the performance of both models relying on the
knowledge of the channel statistics, which is assumed to be
modeled as the FSMC model. We consider both the corre-
lated Rayleigh flat-fading channels [17] and the intersymbol-
interference (ISI) channels [18]. To the best knowledge of the
authors, the finite-state analysis of frequency-selective channel
with the minimum-mean-square-error (MMSE) receiver has not
previously been addressed. Furthermore, the optimal adaptation
law is computed using the theory of MDP by applying relative
value iteration, policy iteration, or linear-programming (LP)
algorithms.

The organization of this paper is as follows. Section II
introduces the general system model, the traffic model, and
the channel model for the adaptive type-I hybrid ARQ scheme
considered in this paper. In Section III, we demonstrate
the formulations of joint power- and rate-adaptation prob-
lems as MDP. We discuss two cases of the problem accord-
ing to the availability of perfect CSI through the feedback
channel. We also provide the associated costs and transition
matrices for both cases of CSI knowledge. The solution
techniques employing iterative dynamic programming and
LP are given in Section IV. Numerical results and discus-
sions are given in Section V, and the conclusion is given
in Section VI.
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Fig. 1. Schematic of the adaptive type-I hybrid ARQ systems (a) when perfect CSI is available and (b) when perfect CSI is not available.

II. GENERAL MODEL DESCRIPTION

Let us consider a point-to-point wireless link between two
(possibly mobile) units equipped with a finite transmission
buffer over a fading channel, as shown in Fig. 1. Packets are
arriving from a higher layer application and are placed into
a transmission buffer of length L packets. The size of each
arriving packet is G bits. The time is slotted into a finite m
number of slots (also called blocks), Ts denotes the duration of a
typical time slot, and RB = 1/Ts is the block transmission rate
of the system. Therefore, nth time slot is the interval defined as
[(n − 1)Ts, nTs]. In this paper, subscript n will always refer to
a value of a particular variable at time slot n, and superscripts
will always refer to a specific value of variable in a set.

A. System Modeling

We assume that at the beginning of each time slot n, the trans-
mitter takes wn packets from the buffer and first encodes the
corresponding k = wnG bits using a high-rate error-detection
code (k′, k). We use cyclic redundancy check (CRC) for error-
detection purposes and assume that it is capable of detecting
all the errors in the received codeword. The data packet with
appended CRC is subsequently encoded using a FEC code. A
particular (n′, k′) Bose–Chaudhuri–Hocquenghem (BCH) code
(cf. [19]) is adopted in this paper for error correction. Note that
the analysis is also general enough to take into account other
codes, including convolutional codes, turbo codes, etc. The
resulting codeword is modulated with an adaptive multilevel
modulator and transmitted over the fading channel in time slot
n. The modulation constellation and the transmission power are
dependent on the action taken at the start of that particular time
slot. The control action chosen at the start of a time slot is
continued until the end of that time slot. We assume that all
the packets transmitted in a block experience the same channel
gain. Note that the processing unit at the data-link layer is a
packet consisting of G bits and that the processing unit at the
physical layer is a frame consisting of Nf -modulated symbols.
We assume a Nyquist pulse-shaping filter with a bandwidth
W = 1/Tsym, where Tsym = Ts/Nf is the symbol duration.
Therefore, the number of symbols per frame can be expressed
as Nf = Nc + (wnG/RdRcRi), where Nc is the number of
pilot and control symbols, and Rd = k/k′ and Rc = k′/n′ are
the error-detection and error-correction coding rates, respec-
tively. Ri = log2(Mi) is the number of bits that modulates a
single transmitted symbol in the frame corresponding to the
constellation Mi of the Mi-ary modulation scheme. The value

of wn depends on the modulation and coding rates and can
be given by wn = ((Nf − Nc)RiRcRd/G) = constant × Ri.
After being received at the receiver, the frame is demodulated.
The error-correction decoder first attempts to correct any errors
in the received demodulated frame, and then, the decoded frame
is checked for error detection. Observation feedback is sent
using the SW-ARQ protocol. If no errors are detected, the pack-
ets are delivered to the higher layer application, and an ACK
observation feedback is sent to the transmitter. Accordingly, the
transmitter removes those packets from the buffer. Otherwise,
the receiver discards the packets and sends a NAK observation
feedback requesting a retransmission of the same packets. The
process is repeated until the packet is successfully received.
We assume that the feedback channel is noiseless and that the
observation feedback is received without any delay. Note that
ACK and NAK are the observations in our framework and
that we denote the observation state space by O = {O1, O2} =
{ACK, NAK}.

B. Arrival Traffic Modeling and Buffer Dynamics

Let an denote the number of packets arriving at the buffer
input in time slot n. It is assumed that all packets that arrive in
time slot n can only be transmitted in time slot (n + 1) or later.
We assume that {an} is independent of the channel fading and
noise processes. Let the state space of the input traffic be A =
{A0, A1, · · ·AQ}, where Ak denotes the k packet arrival with
probability pa(Ak). The steady-state expected arrival rate of the
incoming packet can be given by Ā = E{an}. Let the transition
probability of the incoming traffic from state Ai to Aj be de-
noted as pa(Aj |Ai), with Pa being the incoming-packet transi-
tion probability matrix. Without loss of generality, we consider
two special cases of incoming traffic: 1) uniformly distrib-
uted nonconstant traffic with pa(Ak) = 1/(Q + 1),∀Ak ∈ A
and 2) Poisson-distributed bursty traffic with average arrival
rate Ā. The distribution of an for the Poisson traffic can be
given as

pa(an = Ak) = exp(−ĀTs)
(ĀTs)k

k!
, k = 0, 1, . . . (1)

The Poisson distribution is truncated such that the maximum
number of incoming packets/slot Q is found by assuming that
pa(an = AQ) ≈ 0 and by normalizing the distribution. We
discretized the buffer in terms of incoming packet occupancy.
Let {B0, B1, . . . , BL} denote the state space of the buffer
of length L, where Bk corresponds to the k packets in the
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buffer. Therefore, the dynamics of the buffer in terms of packet
occupancy is given by

bn+1 = min
{
bn − onwn + an, BL

}
. (2)

The value of parameter on is equal to one if the previous
transmission is successful and the ACK is received, and it is
equal to zero if the previous transmission is unsuccessful and
the NAK is received. It is clear that the transmitter has to send
at most the number of packets that are currently stored in the
buffer, i.e., 0 ≤ wn ≤ L, even when the channel condition is
good enough to send more packets. In addition, if the number
of arriving packets is more than the empty space that the
buffer currently has, additional packets will be dropped due to
overflow.

C. Markov Modeling of Rayleigh Fading Channel

The time-varying nature of the wireless channel poses a
challenging task for the transmitter to reliably deliver packets
to the receiver. Practical wireless channel has a memory, and
therefore, the channel state at a particular time slot depends on
the previous time slot. A slowly varying fading channel can be
modeled as a correlated FSMC by partitioning instantaneous re-
ceived fading power gain into finite number of states. This first-
order Markov modeling has been widely used in the literature to
capture the memory of the fading channels (see, e.g., [11], [15],
and [20]–[22]). Let {C1 C2 · · · CK} denote the state space of
the channel with K states. We address both the flat-fading and
frequency-selective fading channels. The occurrence of the flat
fading or the frequency-selective fading depends on the system
bandwidth and the coherence bandwidth of the channel. If the
system bandwidth is larger than the coherence bandwidth, the
channels undergo the frequency-selective fading channel [23].

Since flat fading is a special case of frequency-selective
fading channel when the number of taps is one, we outline our
notation and model for the frequency-selective fading case.1

Let xn be the sequence of signals sent by the transmitter
with v = vn = E[x2

n] denoting the transmitting power. We have
assumed that the signaling is symmetric, i.e., E[xn] = x̄n = 0.
In time slot n, the channel with ISI can be approximated
by an equivalent discrete-time linear filter. It has a finite-
length impulse response of length M taps with coefficients
gn(0), . . . , gn(M − 1) that are assumed to be known to the
receiver. For notational convenience, we introduce the received
power gain as hn(l) = g2

n(l), l = 0, 1, . . . ,M − 1. In time slot
n, the signal on the receiver side zn is given by

zn =
M−1∑
k=0

xn−kgn(k) + ωn (3)

where ωn is the additive Gaussian noise with variance σ2
ω.

1The channel model that can be considered in this framework is not con-
strained only to the noninterference channels. In general, if the interference
level from other users of the system at the receiver side can be modeled as
a Markov chain, the received SNR for fixed transmission power can also be
modeled as the Markov chain. Therefore, our framework can directly be applied
by augmenting the channel state space to include the interference level from the
other users. The computation of the optimal power and the rate control policy
can be performed by using the MDP framework of this paper.

1) Flat-Fading Case: For the flat-fading case, the number
of taps M is equal to one, and the channel is uniquely de-
scribed by the sequence of fading power gains gn = gn(0). We
quantize the sequence of channel gains with the set of fol
lowing received power gain thresholds

−→Γ = [Γ0 Γ1 · · · ΓH ]T,
where Γ0 = 0, ΓH = ∞, and Γi < Γj for i < j. In the flat-
fading case, the number of channel states K is equal to H .
There are several methods to partition the received power
gain. Without loss of generality, we use equal-probability
method for our simulations due to the combination of its inher-
ent simplicity and accuracy. In the equal-probability method,
p1 = p2 = · · · = pH [17], where

pi =

Γi∫
Γi−1

fh(h)dh = Fh(Γi) − Fh(Γi−1) (4)

is the steady-state probability of the ith, i = 1, 2, . . . ,H power
gain state of each tap. Functions fh(h) and Fh(Γ) denote the
probability density function (pdf) and the cumulative distri-
bution function (cdf) of the received power gain h = h(0).
Rayleigh distribution is frequently used to describe the statisti-
cal time-varying nature of the received envelope of a flat-fading
signal. The pdf of power gain h of such channel is exponentially
distributed and can be written as

fh(h) =
1
h̄

exp
(
−h

h̄

)
, for h ≥ 0 (5)

where h̄ = E{h} is the average power gain of the channel. The
gain thresholds can be computed by combining (5) with (4) and
numerically solving the resulting equations. The level crossing
rate at threshold Γi, i = 1, 2, . . . ,H − 1 is given by

NΓi
=

√
2πΓi

h̄
fm exp

(
−Γi

h̄

)
(6)

where fm = vms/λrw is the maximum Doppler frequency, vms

is the speed of the mobile station, and λrw is the wavelength of
the radio wave.

When the fading rate of the channel is slow, the channel
states associated with the consecutive time slots are assumed to
be the neighboring states. The crossover transition probabilities
between gain states i and j can be written as [17]

pc(j|i) =
NΓj

piRB
∀ i=1, 2, . . . ,H−1, and j = i+1 (7)

and

pc(j|i) =
NΓi

piRB
∀ i=2, 3, . . . ,H, and j = i−1. (8)

Note that the self-transition probabilities can be computed
using the fact that the sum of all outgoing transitions is
equal to one. These probabilities are equal to the channel-
state transition probabilities for the flat-fading channels. For a
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flat-fading channel with power gain h, the received SNR γ can
be calculated as

γ =
vh

σ2
ω

. (9)

2) Frequency-Selective Fading Case: In the frequency-
selective channel, power gains of all taps hn(l) = g2

n(l), l =
0, . . . ,M − 1 are quantized using the H levels, as discussed
in Section II-C1. Let h̄(l) denote the average gain of tap
l = 0, . . . ,M − 1 of the frequency-selective channel. There-
fore, the whole channel is characterized with K = HM states,
where each state Ck is characterized by the M -tuple k =
[k0, . . . , kM−1] for each of the gain states of individual taps
kl = 1, 2, . . . ,H; l = 0, 1, . . . ,M − 1. Based on the experi-
mental studies of [23], we assume that the channel gain in
each tap is independent and follows the Rayleigh distribution.
Therefore, the transition between the composite channel states
Ck, k = [k0, . . . , kM−1] and Cl, l = [l0, . . . , lM−1] is given by

pc(Ck|Cl) =
M−1∏
m=0

pc(km|lm). (10)

We consider the use of the MMSE receiver to mitigate the ISI
caused by frequency-selective channels [18]. The operation of
the MMSE receiver is equivalent to filtering with a suitably
chosen finite-impulse-response (FIR) filter. Let N1 and N2

denote the length of the noncausal and causal parts of the
estimator. By using the sequence of the received symbols

zn
∆= [zn−N2zn−N2+1 · · · zn+N1 ], a linear estimate x̂ of the

transmitted symbol xn is given by

x̂n = aH
n zn (11)

where an is the coefficient of the estimator, and ()H is the
Hermitian operator. If an is allowed to vary with n, the MMSE
solution can be given by

an = Cov(zn, zn)−1Cov(zn, xn) (12)

where E(.) is the expectation operator, and Cov(x, y) ∆=
E(xyH) − E(x)E(yH) is the covariance operator. The se-
quence of received symbols zn is given by

zn = Hxn + [ωn−N2 ωn−N2+1 · · · ωn+N1 ]
T (13)

where xn
∆= [xn−N2−M+1 xn−N2−M+2 · · · xn+N1 ]

T, and ωn

is the sequence of i.i.d. noise samples with variance σ2
ω. H is the

N × (N + M − 1) channel convolution matrix [18] defined by
(14), shown at the bottom of the page. The estimate x̂ can be
expressed as

x̂n = x̄n + aH
n (zn − z̄n) = x̄n +

N2∑
k=−N1

an,k · (zn−k − z̄n−k)

(15)

where an = vnΣ−1
n s. This equation is equivalent to filtering the

difference zn − z̄n with a linear filter with N = N1 + N2 + 1
coefficients fn,k, k = −N1, 1 − N1, . . . , N2 given by

fn =
[
f ∗

n,N2
f ∗

n,N2−1
· · · f ∗

n,−N1

]T ∆= Σ−1
n s. (16)

Therefore, the estimate x̂n is given by

x̂n = x̄n + vn · fH
n (zn − z̄n). (17)

In the aforementioned equations, z̄n and Σn are given by the
following formula:

z̄n
∆= E(zn) =

M−1∑
k=0

hkx̄n−k

z̄n
∆= E(zn) = [z̄n−N2 z̄n−N2+1 · · · z̄n+N1 ]

T

Vn
∆=Cov(xn,xn) = diag[vn−M−N2+1, . . . , vn+N1 ]

s ∆=H
[
01×(N2+M−1)101×N1

]T

Σn
∆=Cov(zn, zn) = σ2

wIN + HVnHH .

By using the similar approach as in [18] and [25], we ap-
proximate the output of the MMSE receiver with the Gaussian
distribution.2 This is a very useful approximation as we can
calculate the BER using standard expressions for the additive
Gaussian noise channels. Therefore, it is assumed that the pdf
p(x̂n|xn) is Gaussian, where the mean and the variance are
given by

µn =KnfH
n sxn (18)

σ2
n =K2

n ·
(
fH
n s − vnfH

n ssHfn
)

(19)

where Kn = (1 + (1 − vn)fH
n s)−1. Therefore, the SNR after

the MMSE receiver is implicitly dependent on the power gains

2The merits and the accuracy of this approximation have previously been
addressed by [24] for the MMSE multiuser receivers.

H =




g(M − 1) g(M − 2) · · · g(0) 0 · · · 0
0 g(M − 1) g(M − 2) · · · g(0) · · · 0

. . .
0 · · · 0 g(M − 1) g(M − 2) · · · g(0)


 (14)
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of individual taps hn(0), . . . , hn(M − 1) and the transmission
power v. This SNR can be expressed as

γ (hn(0), hn(1), . . . , hn(M − 1); v)

=
µ2

n

σ2
ω,n

=

(
fH
n s

)2

fH
n s − vnfH

n ssHfn
(20)

and this expression will be used to evaluate the packet-error
probabilities of the adaptive type-I hybrid ARQ protocol.

III. RATE AND POWER ADAPTIVE TRANSMISSION FOR

TYPE-I HYBRID ARQ SYSTEMS

We consider the combined transmission-rate and power-
adaptation technique for type-I hybrid ARQ systems over the
correlated flat-fading channels as well as over the ISI channels.
The heterogeneous traffics (e.g., voice, video, interactive mes-
sages, file transfers, web browsing, etc.) that are envisioned to
support in the modern- and future-generation wireless networks
have different QoS requirements. For example, each traffic type
has its own delay requirements. In practice, the transmission
buffers for wireless systems are of finite size. Due to the
finite size of the buffer and the burstiness of the incoming
traffic, packet overflows from the buffer are unavoidable over
the wireless links. Likewise, the tolerance on the maximum
packet overflow rate is dissimilar for different traffic types.
Transmission power is another important factor for wireless
devices that are usually operated with limited battery capac-
ities. Therefore, wise minimization of transmission power is
of paramount importance for wireless networks. In this sec-
tion, we address the scheduling problems over wireless links
that minimize the transmission power which is subject to the
fact that both the packet delay in the buffer and the packet
overflow rate from the buffer are less than some prescribed
values. We adapt both the transmitter power and the modulation
constellation with the instantaneous channel conditions and the
instantaneous buffer occupancy. Thus, we are concerned with a
system that can choose its modulation constellation among the
discrete finite set of constellations M. Let J be the total number
of different constellations in the set and Mi, i = 1, . . . , J be
the constellation size of a particular modulation scheme. In this
paper, we consider only the discrete modulation classification
since it has been observed in [2] that the maximum spectral
efficiency of modulation is nearly the same under both the
continuous and discrete rate adaptations.

We discuss two different cases for the problem at hand. In the
first case, we assume that the perfect CSI is tracked at the re-
ceiver and sent to the transmitter without latency and errors. In
this case, the scheduler adapts the transmission rate and power
with the perfectly known channel state. Note that the buffer-
state information is always known at the transmitter before
transmission. Although the transmission decision is accurate
when the perfect CSI is available at the transmitter, there is a

possibility of packet error depending on the state of the channel.
This error can be known after decoding the received packet. We
use the SW-ARQ protocol to notify the decoding result in terms
of observation to the transmitter. The same feedback channel is
used for both purposes.

Sometimes, in certain practical circumstances, the perfect
CSI may not be available at the transmitter, and the transmission
decision has to be based on the observations only. The second
considered case deals with the transmission rate and power
adaptation based on the buffer occupancy and the history of
the observations and actions taken in the previous time slots.
It is obvious that this case is suboptimal as compared with the
optimal case when the perfect CSI is known.

A. When Both the Perfect CSI and Observations Are Known

We formulate the problem as average cost MDP that can
be defined through the following ingredients: a set of time
slots (also called decision epochs or stages) T = {1, 2, . . . ,m},
a finite set of system states S = {S1, S2, . . . , SN}, a
finite set of actions U = {u1, u2, . . . , uU}, a set of state- and
action-dependent immediate costs G : K 
→ R, and a set of
state- and action-dependent transition probabilities P : K 
→
Π(S), where set K = {(s, u) : s ∈ S, u ∈ US} is the set of
state–action pairs, R is the set of real numbers, and Π(S) is
the set of discrete probability distributions over set S.

The system state space for the perfect CSI case is composite
and consists of buffer and channel states, namely, S = B ×
C = {(B0, C1), (B0, C2), . . . , (BL, CK−1), (BL, CK)} with
a total number of states N = (L + 1) × K. The action state
space maps to a set of transmission modes W , which is
composite and made up of discrete transmission power levels
and discrete multilevel modulation schemes. The first action
u1 corresponds to no transmission. The scheduler chooses
this action when the buffer does not have enough packets to
transmit or the channel condition is bad and the scheduler
wants to save transmitter power, given that it can satisfy
the constraint on the average delay and the average over-
flow rate. Other actions correspond to a particular power
level and modulation scheme of the set of available trans-
mission modes. Let W = {TM1,TM2,TM3, . . . ,TMU} =
{(0, 0), (Pt1 , R1), (Pt1 , R2), . . . , (PtI

, RJ−1), (PtI
, RJ)} de-

note the set of transmission modes, where I is the total number
of power levels, and U = IJ + 1. Let us denote the mapping
between the action and transmission modes with function Ψ,
i.e., Ψ : U 
→ W . The expressions for the costs and the transi-
tion probabilities are given in the following sections.
1) Costs Related to the Objectives: Our objective is to min-

imize three goals: long-term average transmitter power, long-
term average delay, and long-term average packet overflow rate
that can be given by

JP = lim
m→∞

1
m

m∑
n=1

E {gP(sn, un))} (21)

JD = lim
m→∞

1
m

m∑
n=1

E {gD(sn, un))} (22)
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and

JO = lim
m→∞

1
m

m∑
n=1

E {gO(sn, un))} (23)

where gP(sn, un), gD(sn, un), and gO(sn, un) are the imme-
diate power, the immediate packet delay in the buffer, and the
immediate packet overflow costs from the buffer for state sn

and action un, respectively. These immediate costs are defined
as follows.

Power Cost: The immediate power cost depends on the
transmitter power level chosen. It can be noted that when the
channel condition is bad, the transmission power can be raised
to send packets. On the other hand, when the channel is in a
higher state, the packet can be sent with the lowest transmitter
power level. Therefore, the power cost is the transmitter power
level chosen for a particular action un at a particular system
state sn and can be given by

gP(sn, un) = Ψ1(un) ∀sn ∈ S (24)

where Ψ1(un) indicates the first element of the transmission
mode of action un. The power cost is independent of the current
system state. However, it should be chosen according to the
current system state (so that both the delay and the packet
overflow-rate bounds are satisfied). Note that the current system
state is dependent on the current channel state, the previous
packet arrivals, and the previous channel state (hence, decoding
results).

Delay Cost: The buffering delay experienced by a packet
in the queue depends on the buffer occupancy and the average
arrival rate. The delay is larger when the average buffer occu-
pancy is higher or the arrival rate is smaller. The delay cost
can be given from the well-known Little’s law. The long-term
average delay with this law can be stated in terms of the average
buffer occupancy and the average arrival rate as

D̄ = lim
m→∞

1
m

m∑
n=1

E{bn}
Ā

. (25)

Thus, we can express the immediate delay cost for state
sn = (bn, cn) and action un by the following formula:

gD(sn, un) =
bn

Ā
∀cn ∈ C and un ∈ U . (26)

It can be noted that the delay cost is independent on the current
channel state and action taken in the current time slot and only
depends on the current buffer state. However, the current buffer
state is determined by the decoding results of the previous time

slots (which is dependent on channel state) and the previous
packet arrivals.

Overflow Cost: The buffer overflow occurs when the
buffer has less vacancy than the number of incoming packets.
The maximum number of packet arrivals is Q; therefore, if the
current buffer state is in {BL−Q+1, BL−Q+2, . . . , BL}, there is
a certain possibility of buffer overflow. For state sn and action
un, we can write the buffer overflow rate in packets/time slot
by the following equation:

gO(sn, un) =
∑

Oi∈O

∑
aj∈A

ϕ
(
ψ(sn) + aj − OiΨ2(un), BL

)

× pa(aj)p
(
Oi|χ(sn), un

)
(27)

where function ϕ(x, y) returns the difference of x and y when
x ≥ y and 0 when x < y. Functions χ(sn) and ψ(sn), give
the channel state cn and the buffer state bn, respectively, of
the composite system state sn, Ψ2(un) indicates the second
element of the transmission mode for action un (i.e., the num-
ber of packets taken from the buffer wn), and p(on|χ(sn), un)
is the probability of observation for the given channel state
cn = χ(sn) and action un.

Let the binary forward error-correction code (n′, k′) be capa-
ble of correcting t bit errors. Then, the NAK probability (frame-
error probability) for channel state cn and action un can be
written as

p
(
O2|cn, un

)
=

n′∑
l=t+1

(
n′

l

)(
P̃e(cn, un)

)l(
1−P̃e(cn, un)

)n′−l

(28)

where P̃e(cn, un) is the average bit-error probability for chan-
nel state cn and action un. Although any set of modulation
schemes can be applied for our framework, without loss of
generality, we consider the M -phase-shift-keying (M -PSK)
modulation for the simulations. In the following, we present the
BER expression for the frequency-selective channel only as the
flat-fading channel is a special case of the frequency-selective
channel when the number of taps in the channel filter model is
one. There are two possible ways to determine the average bit-
error probability. First, it can approximately be computed using
the average received power gain γ̃(Ck) of the channel state Ck

when action ui is chosen [26] as

P̃e(Ck, ui) ≈ 1
Ψ2(ui)

erfc
(√

γ̃(Ck, ui) sin
( π

2Ψ2(ui)

))
.

(29)

The average received power gain for state Ck ∈ C,
k = [k0, . . . , kM−1] can be computed using (30), shown
at the bottom of the page. Alternatively, the average bit-error

γ̃(Ck, ui) =

∫ Γk0
Γk0−1

· · ·
∫ ΓkM−1
ΓkM−1−1

γ
(
h0, . . . , hM−1; Ψ1(ui)

)
fh(h0) · · · fh(hM−1)dh0 · · · dhM−1∫ Γk0

Γk0−1
· · ·

∫ ΓkM−1
ΓkM−1−1

fh(h0) · · · fh(hM−1)dh0 · · · dhM−1

(30)
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probability for the M -PSK modulation corresponding to
action ui in the channel state Ck can be calculated as (31),
shown at the bottom of the next page. The integrals in the
aforementioned expressions can numerically be evaluated.
If the number of quantization level is large, both of the
aforementioned methods will give the same results.
2) Transition Probability Matrix: The transition probability

for the considered type-I hybrid ARQ systems depends on the
incoming traffic statistics, the current buffer occupancy, the
feedback observations, and the channel statistics. It can be
expressed by the following equation:

p(sn+1|sn, un)
=

∑
Oi∈O

∑
aj∈A

pa(aj)pc (χ(sn+1)|χ(sn)) p
(
Oi|χ(sn), un

)

×δ
(
ψ(sn+1)−min

((
ψ(sn)+aj−OiΨ2(un)

)
, BL

))
(32)

where function δ(x) returns one if x = 0 and zero otherwise.
Since no packet is transmitted for action u1, the transition prob-
ability in that case does not depend on observation probability.
For other actions, when the buffer does not have enough packets
to transmit, the transition and cost matrices are corrected to
avoid those actions.

B. When Only Previous Observations Are Known

In this section, we present a general framework for the
identification of the control law for the adaptive type-I hybrid
ARQ system when the perfect knowledge of the CSI is not
supplied to the transmitter. The transmitter in this case is
supplied with the decoding results of previous transmissions
in terms of the ACK/NAK feedback. We call the previous
actions and their corresponding observations as the history.
Since the channel state is only partially observable through
the observations, the system state of the problem is also par-
tially observable. The control of dynamic stochastic systems
whose state cannot perfectly be observed falls under the theory
of POMDP. It is known from [27] that the optimal control
policies of the POMDP problems can be formulated as either
complete-history-dependent or belief-state-dependent. Unfor-
tunately, finding the optimal policies for all but the very simple
examples is computationally intractable. Since the state space
analyzed in this paper can be very large due to possible large
buffer length, we resorted to finding an approximate control
policy that is dependent only on the finite length of history
tracking. Let H be the length of history that is being tracked
and Hn = {un−1, on−1, . . . , un−H , on−H} be the history
record at time slot n. Thus, the history state space denoted
with H = {H1,H2, . . . , HZ} has a total of Z = (2 × U)H

states. It is intuitively clear that by increasing the observation
history to infinity, we can get the optimal policy for the problem
at hand.

We also formulate the problem as an average cost MDP as
in Section III-A. The system state space in this case is com-
posed of the buffer and history states; therefore, S = B ×H =
{(B0,H1), (B0,H2), . . . , (BL,HZ−1), (BL,HZ)} with a to-
tal number of N = (L + 1) × Z states. Our target is to min-
imize the average power, the average delay, and the average

overflow rate as given by (21)–(23), respectively. We use the
same set of actions or, in other words, the same set of transmis-
sion modes as in Section III-A to also achieve the goals for this
problem.
1) Costs Related to the Objectives: Since the power cost

only depends on the action, whereas the delay cost only de-
pends on the buffer state, these costs, therefore, are the same
for both the fully observable and partially observable channel-
state cases, which are given by (24) and (26), respectively.

The overflow occurs under the same buffer condition as in
Section III-A1. The packet overflow rate from the buffer can be
expressed as

gO(sn, un) =
∑

Oi∈O

∑
aj∈A

ϕ(ψ(sn) + aj − OiΨ2(un), BL)

× pa(aj)p(Oi|ξ(sn), un) (33)

where function ξ(sn) returns the history state of the composite
system state, and p(Oi|ξ(sn), un) is the probability of observa-
tion Oi for the given history Hn = ξ(sn) and action un at time
slot n, which can be written as

p
(
Oi|Hn, un

)
= P

(
Oi|un−1, on−1, . . . , un−H , on−H , un

)

=
p

(
Oi, on−1, . . . , on−H |un, un−1, . . . , un−H

)
p (on−1, on−2, . . . , on−H |un−1, un−1, . . . , un−H)

. (34)

Conditional probabilities of the observation sequence, given the
action sequence, can now be calculated by considering all the
possible combinations for the states of underlying FSMC as

p(on, on−1, . . . , on−H |un, un−1, . . . , un−H)

=
∑

cn,...,cn−H

p(cn, . . . , cn−H)
H∏

i=0

p(on−i|cn−i, un−i) (35)

where p(cn, . . . , cn−H) denotes the joint probability of all the
channel states that the system occupies in the time slot from
(n − H) to n and is given by

p(cn, . . . , cn−H) = pcn−H
× pc(cn−H+1|cn−H)

× · · · × pc(cn|cn). (36)

In the aforementioned expression, pcn−H
denotes the station-

ary probability of channel state cn−H ∈ C, and pc(Cj |Ci),
Ci =cn−H , cn−H+1, . . . , cn−1, Cj =cn−H+1, cn−H+2, . . . , cn

denotes the state transition probability given in Section II-C.
Note that the calculation of expression P (on, on−1, . . . , on−H |
un, un−1, . . . , un−H) can also be done by performing the
forward–backward method explained in [28]. This is due to the
fact that the observation process on is, in fact, a hidden Markov
process where the conditional probabilities of observation on,
given the underlying FSMC state cn, are also dependent on the
current applied action un.

The choice of the separate buffer cost and the buffer overflow
cost in the previously posed MDP deserves a more detailed
explanation. First, it should be noted that buffer overflows can
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always occur with nonzero probability in an ARQ system.
This is due to the fact that even with the highest transmission
power and the underlying channel being in the strongest state,
there is a nonzero probability that an infinite succession of
unsuccessful transmissions can occur. Second, the buffer over-
flow cost produces a different kind of transmission disruption
compared to the transmission delay, and these costs cannot
jointly be considered. The choice of maximum allowable delay
and buffer overflow rate depends very much on the possible
application. Data transmission can tolerate substantial delays,
whereas buffer overflows (and packet losses) have to occur with
negligible probability. As opposed to the data transmission,
real-time video and audio transmission might not tolerate high
transmission delays, whereas buffer overflows that would result
in the loss of video or audio frames might be acceptable with
some small probability.
2) Transition Probability Matrix: The transition probability

for the partially observable channel-state case of type-I hybrid
ARQ systems depends on the incoming traffic statistics, the
current buffer occupancy, and the feedback observations. We
can express it by the following equation:

p(sn+1|sn, un)

=
∑

Oi∈O

∑
aj∈A

pa(aj)p
(
Oi|ξ(sn), un

)

× δ
(
ψ(sn+1)−min

((
ψ(sn)+aj−OiΨ2(un)

)
, BL)

))
.

(37)

Note that the same history is carried forward to the next time
slot if no transmission action un is chosen in a particular
time slot.

IV. SOLUTION TECHNIQUES FOR THE

SCHEDULING PROBLEMS

For both cases, at each time slot n, suppose that the system
occupies a state sn = Si and that the scheduler selects an action
un from the set of actions USi available at state Si ∈ S, where⋃

Si∈S USi = U . After an action un is selected, the system
moves to the next state Sj ∈ S according to the probability dis-
tribution p(sn+1 = Sj |sn = Si, un), and the decision maker
incurs a one-step immediate cost g(sn, un). The selection of
an action un may depend on the current state, the current time,
and the available information about the history of the system.
A decision rule prescribes a procedure for action selection in
each state at a particular time slot. Let µn denote a decision rule
at time slot n, then µn : S 
→ Us. A policy (also called control
law) π specifies the decision rule to be used at all time slots, i.e.,

π = {µ1, µ2, . . . , µm}. Let Π denote the set of all admissible
policies π. We assume that the policy does not vary with time
slot n. A policy is called stationary if µn = µ,∀ n ∈ T and
has the form π = {µ, µ, . . . , µ}; for brevity, we denote it by µ.
The expected long-term average cost per stage with stationary
policy µ is

Jµ = lim
m→∞

1
m

m∑
n=1

E {g (sn, µ(sn))} . (38)

When the Markov chain induced by the policy µ is ergodic,
then we have Jµ = E{g(s, µ(s))}. The policy µ∗ over the set of
all stationary policies Π, which minimizes the average cost per
stage (38), is called the optimal policy, and the corresponding
optimal cost per stage is given by

J∗ = min
µ∈Π

Jµ. (39)

For a finite MDP, it is known that given any history-dependent
policy, there exists a Markov policy, which is dependent only on
the previous state, with the same average cost. Therefore, it is
sufficient to restrict our attention to Markov policies while seek-
ing the optimal policy [29]. For a nonconstant incoming traffic,
in general, the formulated MDP is weakly communicating [10].
An MDP is said to be weakly communicating if there exists
a closed set of states, in which each state is accessible from
every other state in that set under some deterministic stationary
policy, plus a possibly empty set of states which is transient
under every policy. If the state spaces are finite, the costs are
bounded, the system is stationary (i.e., the system equation, the
cost per stage, and the transition probabilities do not change
from one stage to the next stage), and the average cost per
stage problem (39) can be solved using dynamic programming
techniques.

A. Iterative Dynamic-Programming-Based Approach

It can be noted that if we want to minimize the transmit-
ter power, the scheduler will send with a lower power level,
and this, in turn, increases the delay and the overflows as
the probability of success is reduced. Since the considered
objectives are contradictory, in this paper, we would like to
investigate the tradeoff between these objectives. The problem
with conflicting objectives can be solved in two ways, namely,
forming the problem as an unconstrained MDP (UMDP) or as
an constrained MDP (CMDP). In UMDP, we find the total im-
mediate cost by summing the weighted combination of the dif-
ferent immediate costs [i.e., g(sn, µ(sn)) = gP(sn, µ(sn)) +
β1gD(sn, µ(sn)) + β2gO(sn, µ(sn)), where β1 and β2 are

P̃e,M-PSK(Ck, ui)=

∫ Γk0
Γk0−1

· · ·
∫ ΓkM−1
ΓkM−1−1

erfc
(√

γ (h0, . . . , hM−1; Ψ1(ui)) sin
(

π

2Ψ2(ui)

))
fh(h0) · · · fh(hM−1)dh0 · · · dhM−1

Ψ2(ui)
∫ Γk0
Γk0−1

· · ·
∫ ΓkM−1
ΓkM−1−1

fh(h0) · · · fh(hM−1)dh0 · · · dhM−1

(31)
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nonnegative constants] and formulate the problem as an average
cost per stage problem as in (38). The optimal policy µ∗ of
such a weakly communicating UMDP can be computed using
any iterative dynamic-programming technique, such as relative
value or the policy iteration algorithm, for a particular fixed
value of constants β1 and β2 [30].

B. LP-Based Approach

In CMDP, one objective cost is minimized while keeping the
other objective costs (also called the constrained costs) below
some given bounds. In the proposed framework, our objective
is to minimize the average power cost, imposing certain upper
bounds on the average delay cost and the average overflow
rate cost. Mathematically, the stationary policy which satisfies
the following constrained optimization problem is our optimal
policy µ∗

min
µ∗∈ΠR

Jµ∗,P, subject to: Jµ∗,D ≤ D̃ and Jµ∗,O ≤ ÕF (40)

where Jµ∗,P, Jµ∗,D, and Jµ∗,O are the optimal average power,
the average delay, and the average overflow-rate costs, re-
spectively, for optimal policy µ∗ over the set of stationary
randomized policy ΠR. The nonnegative constants D̃ and ÕF
are the maximum allowable average delay in time slots and
the average overflow rate in packets/time slot, respectively. The
values of these two bounds depend on the application being
considered. The CMDP problem previously formulated can
be solved using the equivalent LP methodology described in
[29]. It can be shown that there is a one-to-one correspondence
between the feasible (and optimal) solution of the LP and the
feasible (and optimal) solution of the CMDP. LP is feasible if
and only if CMDP is feasible [31]. Let ν(s, u) represent the
“steady-state” probability that the process is in state s and the
action u is applied. We seek to calculate the control policy
which is represented in terms of probability distribution ν over
S × U . The optimal policy ν∗ can be obtained by solving the
linear program

minimize
∑

s∈S,u∈U
gP(s, u)ν(s, u) (41)

subject to
∑

s∈S,u∈U
gD(s, u)ν(s, u) ≤ D̃ (42)

∑
s∈S,u∈U

gO(s, u)ν(s, u) ≤ ÕF (43)

∑
u∈U

ν(t, u) =
∑

s∈S,u∈U
ν(s, u)p(t|s, u) (44)

∑
s∈S,u∈U

ν(s, u) = 1 (45)

ν(s, u) ≥ 0 ∀s ∈ S and ∀u ∈ U (46)

where t ∈ S. The inequality constraints in (42) and (43) are
posed to keep the long-term average delay and the average over-
flow rate below the specified bounds, whereas the equality con-
straint in (44) satisfies the well-known Chapman–Kolmogorov

equation. The constraint in (45) guarantees that the sum of the
probabilities ν(s, u) is equal to one, whereas (46) confirms
the nonnegativity of the individual probabilities. Suppose that
there exists an optimal solution ν∗ to the LP problem. Then,
there exists a stationary policy µ∗ that is optimal for the CMDP
problem. The optimal policy µ∗ for CMDP is randomized and
is uniquely characterized with probability θµ∗(s)(u) of applying
policy u ∈ U in state s ∈ S, where

θµ∗(s)(u)=
ν∗(s, u)∑

u′∈U ν∗(s, u′)
, if

∑
u′∈U

ν∗(s, u′)>0. (47)

If
∑

u′∈U ν∗(s, u′) = 0 for some s ∈ S, an action that drives
the system to Sν∗ = {s ∈ S :

∑
u′∈U ν∗(s, u′) > 0} is chosen

in each state [29]. The aforementioned linear program can
easily be solved using interior-point methods [32]. By using the
standard software optimization packages such as Matlab, the
linear program with 104 variables can easily be solved.

V. NUMERICAL RESULTS

We present the numerical results to explore the performance
of different schemes and system parameters introduced in
Section II. We explore the adaptive type-I hybrid ARQ systems
over both the flat-fading and frequency-selective channels in
this section. The cost associated with particular objective is
described in Section III. The objective of this section is to
illustrate the qualitative behavior of the proposed scheduling
framework. It is the authors’ intention to show the relative
performance of average power and average overflow rate with
respect to the average delay for different values of Doppler
frequencies, buffer sizes, incoming traffic rates, and frequency
selectivities of the channel.

We also show the comparison of two considered cases,
namely, when the perfect CSI is available and when it is not
available. Unless specified otherwise, we use the following data
for all the numerical simulations: maximum Doppler frequency
fm = 200 Hz, number of channel states K = 4 (as in [17]),
number of blocks per second RB = 104, noise power σ2 =
1 mW, average received power gain g0 = 1 dB for each tap
[2], available transmitter power levels Pt1 = 20 mW, Pt2 =
50 mW, Q-PSK and eight-PSK modulation schemes, buffer
size L = 50 packets, Poisson-distributed traffic with maxi-
mum packet arrivals Q = 7 packets and average packet arrival
Ā = 1 packet, incoming packet size G = 255 bits, and frame
size Nf = 255 symbols. The bits used for error detection and
control symbols are not counted for throughout the calculations
(Nc = 0). FEC is used only in Fig. 5. From the aforementioned
data, it is clear that the number of action is U = 5. In the
aforementioned example, the dimensionality of the state space
is 50 × 4 = 200 for the perfect CSI case, and the computation
of the optimal policy using either relative value iteration or LP
is easily performed.

The data rate in bits per second depends on three parameters:
number of blocks per second RB, incoming packet rate Ā in
packets per time slot, and number of bits per packet G. There-
fore, the data rate can be given by RBĀG. For the aforemen-
tioned parameters, the data rate is 104 × 1 × 255 = 2.55 Mb/s.
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Fig. 2. Effect of Doppler frequency fm on the average power versus average
delay and the average overflow rate versus average delay for the flat-fading
channels.

The optimal policies and costs are computed using the fol-
lowing steps: 1) Compute transition probability matrices P
using (32) and cost matrices G using (24), (26), and (27);
2) compute the optimal probability distribution ν∗ by solving
the linear program given by (41)–(46); 3) calculate the optimal
policy for all states using (47); and 4) compute optimal power,
delay, and overflow-rate costs by substituting the value of ν∗

into (41)–(43).
Observation 1—Study of Fading Rate on the Average Power

and Packet Overflow Over Flat-Fading Channels When Perfect
CSI Is Known: We show the dependence of the average power
and the average packet overflow rate for three values of maxi-
mum Doppler frequency, namely, fm = 200, 300, and 400 Hz
in Fig. 2. In order to demonstrate the effects of the overflow-
rate bound, we have chosen ÕF = 5 × 10−3 packets/time slot
for this example. The uniformly distributed packet arrival with
Q = 2 is assumed in this case. It is seen from the figure that
the average power decreases as the average delay increases.
Furthermore, for the same average delay, the average power is
less for higher Doppler frequencies (and higher fading rates).
This fact can be explained as follows: With the increase of
fading rate, the likelihood of getting higher channel state after
lower channel state increases. In order to save power, the
optimal scheduler has a strategy to store packets in the buffer
at lower channel states and to send those in the higher channel
states with lower power. However, in order to meet a specified
delay requirement for a particular application, in slower fading

Fig. 3. Effect of arrival packet rate Ā on the average power versus average
delay and the average overflow rate versus average delay for flat-fading
channels. Solid, dashed, and dotted curves correspond to the average arrival
rate Ā = 0.5, 1.0, and 1.5, respectively.

channels, the scheduler is forced to send packets even in lower
channel states with higher transmission power action. As a
result of this phenomenon, the average power for the same
delay requirement increases when the fading rate decreases.
The simulation results show that the packet overflow rate does
not vary significantly with the fading rate.
Observation 2—Study of Packet Arrival Rate on the Average

Power and Packet Overflow Over Flat-Fading Channels When
Perfect CSI Is Known: Fig. 3 shows the effect of different
packet arrival rates on the average power versus average delay
and the average packet overflow rate versus average delay
curves. The overflow-rate bound for this observation has been
chosen to be ÕF = 5 × 10−2 packets/time slot. The scheduler
needs more power when the average arrival rate increases.
With the increase of packet arrival rate, the scheduler gets less
idle time (the time when the scheduler has nothing to send).
Therefore, the scheduler needs to send packets even in weaker
channel states to be able to maintain the delay requirements. As
the chance of full buffer is lower when the average arrival rate is
lower, the packet overflow rate, therefore, is also less for lower
arrival rate.

Note that for larger incoming packet rates of
Ā = 1.5 packet/s, the overflow-rate bound (43) with the
average overflow rate of ÕF = 5 × 10−2 packets/time slot is
attained for all feasible delays D̃. This is due to the fact that the
buffer of length L = 50 packets is too short to cope with very
high incoming packet rates, rendering overflows inevitable.
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Fig. 4. Effect of buffer size L on the average power versus average delay and
the average overflow rate versus average delay for the flat-fading channels.

Observation 3—Study of Buffer Size on the Average Power
and Packet Overflow Over Flat-Fading Channels When Perfect
CSI Is Known: In Fig. 4, we show the power/delay tradeoff and
overflow rate versus the delay curves for different buffer sizes
L. The plots show that as the buffer size decreases, the mini-
mum achievable power increases, and the feasible delay region
also decreases. In the low delay region, the power is almost the
same for all considered buffer sizes L = 30, 40, and 50 packets.
This is due to the nonutilization of the whole buffer under
more stringent delay requirement. The power is slightly less
for smaller buffer due to the increased packet overflow rate. In
the higher delay region, while the packet overflow rate attains
the bound of ÕF = 4 × 10−3 packets/time slot, the power is
increased for smaller buffer sizes. This is due to the fact that
when the buffer size is larger, the scheduler has increased
flexibility to store more packets in the lower channel state and
to send those with lower power in the higher channel state.
Therefore, to maintain the same delay, the scheduler has to use
higher power as the buffer size decreases.
Observation 4—Study of the Influence of Channel Coding

on the Power Performance of ARQ Scheme: Channel coding is
used to increase the error resilience of data bits sent over a noisy
channel by adding the redundancy in the codewords. We have
explored the use of (255, 215) binary BCH code that corrects
up to five bit errors to protect packets sent over the time-varying
flat-fading channel [19]. To ensure a fair comparison to the
case without coding, it is assumed that the bandwidth of the
system is constant, making the code symbol rate in the coding

Fig. 5. Influence of channel coding on the power performance of the optimal
scheduler in the perfect CSI flat-fading channel.

case equal to the bit rate in the no-coding case. Therefore,
by employing the aforementioned code, each packet contains
only 215 b instead of 255 in the no-coding case. Furthermore,
to ensure the fair comparison between the two cases, in the
coding case, we have increased the average number of incoming
packets and the buffer occupancy by the factor of 255/215 to
keep the average incoming traffic in bits and the buffer capacity
in bits constant. Fig. 5 shows the comparison of the power
versus the delay performance of the hybrid ARQ system with
and without coding. The buffer overflow rate is constrained
to ÕF = 4 × 10−2 packets/slot, the buffer capacity is equal to
255 ∗ 50 b, and the Doppler frequency is equal to 200 Hz.
It can be seen that for the lower values of the delay, the use
of coding substantially reduces the operating average power
of the optimal scheduler. However, for the case of very large
delays, the no-coding case needs slightly lower powers than
the coding case. As a result of adding the redundancy in the
coding case, less information is contained in each packet, and
less data can be sent during the longer intervals of favorable
channel conditions. This is of particular importance under less
stringent delay requirements. For the simulation settings previ-
ously outlined, it has been observed that the packet success rate
is very high for the higher channel states even without the use
of coding, making the use of coding for higher channel states
unnecessary.
Observation 5—Study of the Influence of Frequency-

Selective Fading on the Power Performance of ARQ Scheme:
Fig. 6 shows the comparison of the average power and the
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Fig. 6. Influence of the channel model on the power performance of the
optimal scheduler in the perfect CSI flat-fading and frequency-selective fading
channels.

average overflow-rate performance in terms of the delay for the
flat-fading and frequency-selective fading channels. The buffer
capacity is assumed to be 255 packets, the buffer overflow
rate is constrained to ÕF = 5 × 10−2 packets/slot, and the
frequency-selective channel is modeled as an FIR filter with
M = 2 taps. Each tap of that frequency-selective channel is
assumed to follow the Rayleigh distribution. Total received
energy is assumed to be constant to ensure the fair compari-
son between the flat-fading and frequency-selective channels.
Therefore, the average gain for the flat-fading case is h̄ = 10,
whereas the average gain for the frequency-selective case is
h̄(0) = h̄(1) = 5 for each of the taps of the FIR filter describing
the frequency-selective channel.

It can be seen that due to combining the two discernible
paths of the frequency-selective channel performed by the
MMSE receiver, delays achieved by the optimal scheduler are
significantly less than the flat-fading channel. Note that the
equivalent channel gain after the MMSE combining receiver
has fewer time variations than the channel gains of each of the
taps of the frequency-selective channel prior to MMSE com-
bining. This implies that the scheduler does not need to utilize
the buffer (as much as in the flat-fading case) and increase
the delay in order to schedule transmission in higher channel
states.
Observation 6—Comparison of the Power Performance of

Hybrid ARQ Schemes With History Tracking and Perfect CSI:
Knowledge of CSI enables the scheduler to suitably adapt the

Fig. 7. Influence of the perfect and nonperfect CSIs on the power performance
of the optimal scheduler in the flat-fading channel.

transmitted power and the transmission rate to the time-varying
channel conditions. When the CSI is not perfectly known,
such as the case of history tracking presented in Section III-B,
the scheduler has to act more cautiously considering that it is
not certain of precise channel state. Fig. 7 shows the increase
(compared to the perfectly known CSI) in the needed average
transmission power for the case of CSI provided by the history
tracking. It is assumed that the scheduler tracks the channel
based only on the previous observation (ACK/NAK) and the
previous action taken, i.e., history length of H = 1. In order
to demonstrate the effects of the overflow-rate bound, we
have chosen ÕF = 5 × 10−2. Note that the optimal history-
dependent policy is computed by solving the MDP problem,
as described in Section III-B. The long-term average power,
the average delay, and the average overflow rate costs for both
the perfect CSI case and the history-tracking case are computed
using (21)–(23) of Section III-A.

As expected, it can be observed in Fig. 7 that the power
needed for the transmission with the history tracking is larger
than in the case of knowledge of the perfect CSI. With the
increase of fading rate fm, average powers for the same delay
in both the perfect and imperfect CSI cases decrease. While
that phenomenon has been explained for the perfect CSI case in
Observation 1, the case of history tracking deserves additional
explanations. Two effects influence the power performance of
the history-tracking algorithm with the increase of fading rate:
1) increase of the diversity provided by the more frequent
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changes in the channel states (as discussed in Observations
1) and 2) decrease of ability to predict the outcome of the
next transmission due to more frequent changes in the channel.
The two effects have the opposite influence on the power
performance, and it can be seen that for the simulation set-
tings in Fig. 7, the first effect is dominant, facilitating the
decrease of the needed power with the increase of Doppler
frequency.

VI. CONCLUSION

This paper presents a general approach for the optimal de-
lay and the packet-overflow-constrained adaptive joint power
and rate allocation for the type-I hybrid ARQ systems. The
presented optimal adaptation laws can be obtained through a
control-theoretic framework of MDPs. We have discussed the
adaptation strategy for two cases: when the perfect knowledge
of the CSI is provided by the estimator at the receiver and when
no perfect knowledge of the CSI is known and the channel state
is estimated by the history-tracking mechanism.

For both problems, the state spaces, the control actions,
the transition probabilities, and the cost functions of the re-
spective MDPs have been identified in this paper. We have
suggested two algorithmic approaches to effectively solve such
MDPs, namely, relative value iteration, policy iteration, and
LP algorithms.

We have explored the influence of the channel model (in
terms of frequency selectivity) on the power performance for
the optimal scheduling schemes. The transmitter power can be
reduced by increasing the transmission delay. In addition, the
power decreases with the increase of fading rate, the increase of
buffer size, and the decrease of average arrival rate. It has been
seen that due to the increased diversity provided by the MMSE
filter receiver for frequency-selective channels, the variation of
the SNR at the output of the filter is decreased. This results
in the decreased delay for the same power as compared to
the flat-fading case. We have also investigated the case when
the perfect CSI is not available at the transmitter at the time
of transmission and compared the results with that of the
perfect CSI case. The power allocation based on the history-
tracking results in an increase in average power as compared
to the perfectly observed case. It has been seen through the
simulations that the packet scheduling for the hybrid ARQ
scheme with no perfect CSI works better as the fading rate
decreases.
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