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Abstract—We deal with energy efficient time-division multiple [9], [10]. These considerations motivatdinite-rate feedback
access (TDMA) over fading channels with finite-rate feedback for model, where onlyquantized(Q-) CSI is available at the
use in the power-limited regime. Through finite-rate feedback yansmitter through a finite number of bits of feedback from the

from the access point, users acquire quantized channel state L L
information. The goal is to map channel quantization states to receiver; see e.g., [11]. Based on the finite-rate feedback, [12]

adaptive modulation and coding modes and allocate optimally Minimized transmit-power of orthogonal frequency-division
time slots to users so that the total average transmit-power is multiplexing (OFDM) systems. In this paper, we consider
minimized. To this end, we develop a joint quantization and energy efficiency issues for TDMA over fading channels with
resource allocation approach, which decouples the complicated finjte_rate feedback. Availability of Q-CSI at the transmitters
problem at hand into three minimization sub-problems and relies entails a finite number of quantization states. These states are
on a coordinate descent approach to iteratively effect energy | ) a - ' .
efficiency_ A Sub_optima| yet s|mp||f|ed alternative a|gorithm |ndexed by the bItS that the receiver feedS baCk to transmitters
which decouples the original problem into two sub-problems is and for each of them the resource allocation is fixed. In
also presented. Numerical results are presented to evaluate thethjs scenario, identifying each quantization state with a time
energy savings and compare the novel approaches. allocation and AMC mode selection per user, emerges as a
natural framework to address the Q-CSI problem. Compared
Index Terms—Convex optimization, quantization, power con- with the energy-efficient resource allocation based on finite
trol and energy efficiency, resource management, multiple access Anpic modes developed for the P-CSI case in [8], the finite-

channel processing. rate feedback case presents three noticeable differences:

dl) Q-CSI calls for designing the quantizer to determine
|. INTRODUCTION per user the optimal fading region and optimal fixed
With energy efficiency emerging as a critical issue in  transmit-power associated with each AMC mode.
both commercial and tactical radios designed to extend ba€i2) With finite-rate feedback, the user can not vary its
tery lifetime, energy-efficient resource allocation has attracted ~ transmit-power per AMC mode (quantization state) and
growing attention for additive white Gaussian noise (AWGN)  consequently the BER constraints have to be explicitly
channels [1], [2], [3], and time division multi-access (TDMA) imposed.
fading channels [4], [5]. Resource allocation for fading chand3) Quantization and resource allocation in the multi-user
nels has been studied in [6], [7] and energy-efficiency policies ~ Setting are interwined.
for TDMA have been investigated from an information theo- To tackle these challenges, we need to optimize three
retic perspective in [8]. Assuming that both transmitters arglibsets of variables: transmit-power, quantization regions and
receivers have available perfect (P-) channel state informatitie allocation policies. Instead of optimizing them jointly,
(CSl), the approaches in [8] not only provide fundamentae decouple the complicated problem at hand into three sub-
power limits when each user can support an infinite numbgroblems. In each sub-problem, we optimize over one subset
of capacity-achieving codebooks, but also yield guidelines variables with the other variables remaining fixed. Starting
for practical designs where users can only support a finidth an initial point provided by the P-CSI solution, we
number of adaptive modulation and coding (AMC) modes wititeratively solve the decoupled sub-problems to descend the
prescribed symbol error probabilities. global objective. The key finding is an iterative algorithm
While the assumption of P-CSI renders analysis and desigmverging to an energy-efficient quantization and resource
tractable, it may not be always realistic due to possible chanméibcation solution (Section 1V). A sub-optimal yet simplified
estimation errors at the receiver, feedback delay and jammiaigernative algorithm which decouples the original problem
into two sub-problems is also introduced in Section V. Section
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wherex(n) andhi(n) are the transmitted signal and fadinghe kth user only supports/;, AMC modes, this user can
process of théth user, respectively, angn) denotes AWGN still support through time-sharing continuous rates up to a
with variances? = 1. As in [8], we confine ourselves to maximum value determined by the highest-rate AMC mode
TDMA; i.e., whenzy,(n) # 0 in (1), we havez;(n) = 0 pi . BY settingp, o = 0 andpi o = 0 and definingy ; ==

for Vi # k. We also assume thafth,(n)} , are jointly (pxi—pr.i—1)/(pki—pr,i—1), We consider the followingiece-
stationary and ergodic with continuous stationary distribwvise linearfunction relating transmit-power with rate as (see
tion. Each channel is slowly time-varying relative to thealso [8, Fig. 2])

codeword’s length and adheres to a block flat fading model

which remains constant for a time blo@k but is allowed to Pri—1/Pr + Yk (ri(h) = pri—1)/he,
change in an independent identically distributed (i.i.d.) fashiol (rx(h)) = pri—1 < 1e(h) < prg, e [1, My);
from block to block [13, Chapter 2]. Because a frequency- o0, 71e(h) > prar,-

selective channel can be decomposed into a set of parallel (2)

time-invariant Gaussian channels, our results apply readily toNotice that in order to support rag.; over a channehy,
frequency-selective channels as well. User transmissionstit@e required transmit-power is scaledag /. For practical
the access point are naturally frame-based, where the framedulation-coding schemes with/-QAM constellations and
length is chosen equal to the block length. Given an AM€rror-control codesY ' (1 (h)) is guaranteed to be convex [1].
pool containing a finite number of modes, each user can varyLet F denote the set of all possible rate and time al-
its transmission rate via AMC per block [14]. Having perfedocation policies satisf}éing the individual rate constraints
knowledge of{h;}/_, the access point assigns time fraction%Eh[Tk(h)rk(h)] > Ry andZK 7(h) < 1, Yh. Upon
. . . . | = k=1 k=1 k = 41 .
to users and indicates the AMC mode indices (a.k.a. Q-C%léﬁning f := [Ry,...,Rk|T, the power regionunder the

through a message (uplink map) before an uplink frame, asjijividual rate constraints is defined as [8]
e.g., IEEE 802.16 systems [15]. Users then transmit with the

indicated AMC modes at the assigned time fractions. Finite- P(F) = U Prp(x(),7(), (3)
rate feedback from the access point to users consists of a few (x(-),T())EF
bits indexing predetermined AMC modes and time slots. where

Notation: Using boldface lower-case letters to denote col-
umn vectors, we leth := [hy,...,hg|’ denote the joint Pro(r(-), () = {p : Vk, Py > By [re(h)Lp(rx(h))]} .
fading state over a block'(h) the cumulative distribution (4)

function (cdf) of joint fading states anfl,[-] the expectation |t js easy to show that thé-dimensionalP(r) is feasible
operator over fading states. Furthermofe,denotes trans- and convex. With power cost weighys := [y, ..., ux]7,

position, [z] the minimum integer> =, Iy, the indicator the energy-efficient resource allocation policies solve the op-
function ([;; = 1 if z is true and zero otherwise), andjmijzation problem
[z]* := max(x,0).
min pu! P, subject to (s.t.) p € P(¥). (5)

[1l. RESOURCEALLOCATION WITH FINITE AMC MODES p

AND PERFECTCSI The solutionp yielding the optimal rate and time allocation

In this section, we review briefly the energy efficients on the boundary of () due to its convexity. By solving

resource allocation scheme in [8] with finite AMC mode$5) for all u > 0, we determine all the boundary points, and
and P-CSI. Besides introducing notation, this solution will béus the whole power regioR (r).
used later to initialize our quantization and resource allocationUsing Y (z), the problem in (5) is equivalent to
policies with finite-rate feedback.

. K
We wish to minimize total power under individual average ming(y -(.) Bn [Zkzl ,Uka(h)Tk(Tk(h))]
rate constraints in a TDMA system. Given a rate allocation s.t. Vh, Zli(—l m(h) < 1; (6)
policy r(-) and a time allocation policy-(-), let 7 (h) and vk, By [;k(h)rk(h)] > Ry

r¢(h) denote the timeraction allocated to usek and the

corresponding transmission rate during(h). Taking into  Since(ry(h)) is a piece-wise linear function, eveny(h),
account that usek does not transmit over the remainingy,(,(h))) pair can be achieved by time-sharing between
1 — 7 (h) fraction of time, thekth user'soverall transmission points (pr.1,pr.i/hr); i.e., we can find a pair of € [0, M}]
rate per blockis Tk(h)fk(h). Alsq notice 'that yvith trangmit— and+ € [0,1] such thatry(h) = Fppr+ (1= 7)py i, and
power pi(h) during 7 (h) fraction of time in any given Yy (ri(h)) = 7p,, ;/he+(1=7)py 111/ he. Therefore, if we let
block, the kth user's overall transmit-power per block is 7 1) .= {{7, l}%f)}fﬂ collect the time fractions per AMC

Pi(h) = 7.(h)px(h). Suppose that each user can suppoode, then finding the optimal solution for (6) is equivalent
a finite number of AMC modes. For usér € [1,K], an g solving

AMC mode corresponds to a rate-power paif i, px.), | = ~
1,..., M, where M, denotes the nhumber of AMC modes. minz ) Zle o [ z]\i% Mkm’,iih)?k,l}
A pair (pgi,pr) indicates that for transmission raj, ; K '

. o . . ’ 1 <1; 7
provided by thelth AMC mode, p;; is the minimumre- st Vh, Zk:la’;gh} <1 B )
ceivepower required to maintain a prescribed BER. Although Vk, En [Zl:o Tk,l(h)Pk,l} > Ry,.
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It turns out that the optimal resource allocation policies araodulation-coding schemes with e.d/-QAM constellations
obtained via greedy water-filling as summarized next (c.f. [Bnd error-control codes ;() is decreasing and convex [1],
Theorem 6]). [14]. With € := [¢1,...,éx]|T collecting the prescribed BER
Proposition 1: If T is feasible,vh, we have the optimal solu- requirements, we leF denote the set of all possible quanti-
tion 7, (h) (k € [1,K], I € [0, M}]) to (7), and subsequently zation and resource allocation vectors satisfying the rate and
the optimal allocationr;(h) and 7;(h) for (6) as follows. BER constraints; i.e., WithkK:1 71(h) < 1, Yh, we have

Given a positiveA”™ := [AP* ... A\E*|T, for each fading

My,
stateh, let [} := max {l : ppyr,/hi < AkP*} (x =0if no Vi € [1, K] / =
. ’ 3 5 Pkl Tk(h)dF(h) 2 Rka (11)
suchl), and definepy (h) := ppri; /hi — /\kP*kaz. 1:21 Qr
1) If the f_uncti_or?s{<pk(h)}kK.:1 have a single~ minimum M kalTk(h)ﬁk,l(hkﬂk,l)dF(h)
@i(h), i.e., if i = arg ming ¢(h), then7;;» = 1 T < &. (12)
and all other;,; = 0. Consequently, = e Jo,, Te(h)dF (h)
r(h) = pi-, 77 (h) = 1; (8) where the left-hand side of (12) is the BER averaged over all
. ! different regions and rates [12]. Similar to (3), we define the
andVk 7& i, k€ [17K], T’Z(h) =0 and Tg(h) =0. power region as

2) If {¢k(h)}E_, have multiple minima{goij(h)}j:l, then
Fi,qr = ) with arbitrary >>7_, 7* = 1, and all other

PEe= |J Pro@Qm7(), (13

7= 7, 7T(" F
7,1 = 0. Consequently, (Q,7,7()eF
where
r; (h) = Pij s 7 (h) =17, 9) s
andVk #i;, k € [1, K], rj(h) = 0 and 7} (h) = 0. Prp(Q,m,7(-)) = {f) :Vk, P, > ;Wm /Qk L Tk(h)dF(h)} )
In (8) and (9),A”* and {;};_, should satisfy the individual = : (14)
rate constraints Note that for a fixed quantizer, the power region in (13) may

" N = not be convex.
En[ri (h)rp(0)] = Ry, k=1,.... K. 10 with weights p1, the energy-efficient quantization and re-
Moreover, AP is almost surely unique and can be iterativelpource allocation problem is
computed by [8, Algorithm 4].
What Proposition 1 asserts is that with P-CSI the optimal

access policy peh consists of the user with smallest cosysing the previous definitions, this problem is equivalent to
;(h) accessing the channel while the others remaining silent.

min pu’ P, st. p e P(r,ée). (15)
P

MG () Yooy Mk Yoy Tk o, Te(h)dF (h)
IV. QUANTIZATION AND RESOURCEALLOCATION WITH s.t. Vh, Ele me(h) < 1;
FINITE-RATE FEEDBACK Yk, S22 pra J,  Tr(h)dF(h) > Ry;
With finite-rate feedback from the access point, particularl My (
in frequency division duplex (FDD) systems? userz can onI))// it pk}&ka’“‘L me(B)ei (e )AF (B) < €.
adopt a finite number of resource allocation vectors determined 251 Pk g, Te(R)dE (h) (16)

by the Q-CSI of each realizatioh. For all £ € [1, K] and M, .
I € [1, My], let Qi denote the gquantization region such thelt'S the term_;_} Pkl ka,z 7 (h)dF (h) appears in both rate .
whenh € Q; ;, thekth user'sith AMC mode is adopted if user and BER constraints, we can enhance the BER constraint
ks selected7f,ortransmission. Correspondingio;, an AMC using the rate constraint as a lower bound. This simplifies
mode can be represented by a rate-power bﬁ%{z,m,z), the problem to

wherer,, ; is the transmit-power for usérto support ratey ; MING m,r(-) Sohe Mk o1y Tkt Jop, , T(R)dF (h)

whenh € Q. Notice that for P-CSI, we representan AMC | SE o (h) < 1 m

mode with a(py,i,pr,;) pair where usek varies itstransmit T Zak=1 Tk -

M, D .
power for its/th AMC mode to achieve a fixedceivepower VE, 3302 pr Jg, , Te(h)dF (h) > Ry;
pr, satisfying the instantaneous BER. However, with Q-CSlI, Zfiﬁ ’%’k‘ ka_L Tk (h)eg 1 (hemr,)dF (h) < &.
userk is only allowed to use a fixettansmit power 7, ; for ' a7

its Ith mode. Whilep, ; can be determined by the prescribedf all rate requirements are met with equality in the optimal
BER requirement, we need to optimize ; in our finite-rate solution to (16), solving (17) yields the same optimal solution.

feedback setup. However, if some rate requirements are over-satisfied in the
In this setup, the optimization variables consist of quantdptimum of (16), the solution of (17) will upperbound that
zation regionsQ := {{Qk,z}f\iﬁ K |, transmit powersr := of (16) since we impose stricter BER constraints. Moreover,

{{wk,l}f‘i’vl}le and the time allocation policy(-). Note that whenP(T, €) is not convex, we may not be able to determine
by the definition of(Q;, the rate allocation is absorbed inall the boundary points (and thus the whole power region)
the quantization design. Let;;(y) denote the BER for a by solving (15) for allp > 0. However, we will still
given SNR~ for the kth user’sith AMC mode. For practical presumingly use the solutions of (17) for all > 0 as the
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“boundary points” to approximately characterize the powdrom consideration and reformulate (19) using a compact

region P(T, €). Clearly, the resultant power region will be acontaining AMC modes with non-zero measures. Since the

conservative approximation contained7tr, €). functions ¢, ;(z) are convex, (19) is a convex optimization
The problem (17) is still complicated and not convex. Tproblem. Its solution can be analytically obtained as follows.

solve it, we divide it into three separate sub-problems aPliioposition 2: Given a positive/™ := [v*,...,v5*]7, and

then solve each of them in an optimal way; i.e., we resort toygth ¢, ,(v) denoting the first derivative af, ;(v), the optimal

coordinate descent [16] approach to come up with an |teratw§l is the unique value such that; , =0 or

algorithm which assembles the different sub-solutions to solve’

the main problem. Notice that this is a well appreciated

strategy in the field of quantization theory, and a good example / 7 (h) ey, (hamys ) )dF (h) = —

is the Lloyd algorithm [18]. To optimally quantize a real-vector kol

with a fixed number of bits, Lloyd’s algorithm iterates between

the following two steps: i) given the codewords, find théndVk € [1, K], each Lagrange multiplier[* is determined

optimal regions; and ii) given the regions, update the optim@y satisfying the BER constraint

codewords.

A. Initialization Zpkl/ Tr(h)eg (hmy ) )dF (h) /Ry = &.  (21)

k,l

We first use the resource allocation policies of Section Il to Proof Since (19) is a convex optimization problem, strong
initialize our coordinate descent method. Given AMC modefuality holds and the Karush-Kuhn-Tucker (KKT) conditions
and P-CSI, Proposition 1 yields the energy-efficient rate aage sufficient and necessary for the optimality [17]. With
time allocation policiesr*(-) and 7*(-) via greedy water- implicit constraintsmy; > 0, Vk € [1,K], | € [1, My], the
filling. With the associated Lagrange multiplier vecthf *,  KKT conditions are
we can derive the quantization regios® corresponding to
the rate allocation™*(-): s Pkl / * T _ Q.
Lemma 1: With rate allocationr*(-), the optimal regiorQ; , A1 Vi Ry /Qk l i (B) Py (o 1) F () = oty = 05
for userk € [1, K] is given by ’ (22)

“ % wherea* > 0 is the Lagrange multiplier corresponding to
Qk = {h thi € (a0 G l“)} (18) the cons’?rlaintrk,l > 0, andv* > 0 is the Lagrange multiplier
whereq;; ; = prye /AL for e [1,My] and g, ,, = co.  for the BER constraint. We next show thaf* # 0, Vk.

Proof: Since user selection is determined by the timBupposing that a certaiwf* = 0, we find [c.f. (22)]
allocation, region@; , must be specified only when théh
AMC mode is employed by usek. From r*(-), user k Ay = o, e [1, My]. (23)
selects mode index; = max {l : ppyei/he < AP}, ’
Vh. By the convexity of Y (r;(h)), this implies that when
kY /AL < g < pgyea+1/AL*, the ith mode is picked
and thus (18) follows.

With the allocation of time slots specified by*(-) and
guantization regions byQ* provided by Proposition 1 and
Lemma 1, we are ready to optimize over the transmit pow
.

Ry Ay

— (20)
Pk 1V}

SinceVl, Ay, > 0, we have thatl, af; > 0. By comple-
' mentary slackness [17] betweer]; and constramtrk . >0,

this implies thatr} , = 0, Vi. But then the BER for usek
becomes).5 (we exclude the trivial case whetg > 0.5). This
contradiction implies thatk, we havev]* > 0. Also by the
e(Efimplementary slackness, we have from (22) that = 0,

or whenry ; > 0 (thusaf; = 0),

B. Optimal Transmit-Powers

It is clear from (17) that the rate constraints affectrtp)
and Q. Sincer*(-) and7*(-) in Proposition 1 satisfy the rate
constraints, so do the equivale@t* and r*(-). Moreover, in @'

fi Ajog + VT % T () hie)  (hih ) dF () = 0; (24)

Q.1

ch readily leads to (20). Since&l* > 0, Vk, the comple-
ntary slackness conditions imply that the BER constraints
achieved with equality as in (21). |

Notice that given 7,(h), users are decoupled. Solv-
ing (19) is equivalent to solvingK small problems;
ie., Vk, min Zf:f’; 7kt Jo, , T(h)dF(h) subject to
. K M, Rl 2

MM Zk:l Foke Zl:l Tkl ka‘l T’f<h)dF<h> Zl 1 Pkl fQ Tk Ek l(hkﬂ'k l)dF( )/Rk < €. Given 1/17;*

st Vk, Sk Z Jo,, e)eri(hmi)dF (h) < &. and monotonically decreasing (), the solution to (20) is

’ (19) unique forwkl > 0 and we can use a one-dimensional, e.g., bi-

Let us defined,, ; := ka 7(h)dF (h). To prevent the trivial sectional, search to obtain thig ;. Then we can use another
solution, we assume that ally; # 0. If some A, are one-dimensional search to solve fef* from (21). And the
zero, we can just remove the corresponding AMC modeptimal transmit-powers™* are in turn obtained.

each step of our coordinate descent algorithm, we will desce
the global objective within the feasible set. This guaranteg Pe
that we can always start with a pair € and (-) already
satisfying rate constraints to find the optimal Now given
theseQ and (), finding the optimakr is to solve
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C. Optimal Quantization Regions we in turn determiné*. Interestingly, for all the simulations

Givenn andr(-), users are decoupled as in Proposition 27 Sec. VI the optimal quantization reg'or{ka}l 1 Vk,

To find the optimalQ (fading regions), we need to solwg, Urn out to be a set of non-overlapping consecutive intervals
of hy; i.e., {QF, % can be determined by a set of thresholds

: M
mm{Q’“‘?}i& apEL fQ’“’L Tk(h,)dF(h) {ax. l}M’“ as in (18).
st 0 pri f, , Te(W)dF(h) > Ry
Y St [, re(B)er(himi)dF (h) < &. D. Optimal Time Allocation

- ) _ (25) With Q and 7 given, finding the optimal time allocation
Proposition 3: Given non- negatwe\ and v{*, we define policy is to solve
Yra(he) = pemrg — AN peg + v praer(mraq) /Ry for
l € [1, My] and v o(hi) = 0. Then we can obtain the optimal min, . Zk 1 Mk Zz | Tkl fQ“ (h)dF(h)

@ as:Vl e [1, My], st.Vh, 2K 7(h) < 1;
Qo= {h: Yua(hn) < dug(hn); Vi # 1,7 € [0, My} - vE, Y0 ﬂszQ 7r(h)dF(h) = Ry;
26 Mk Ph,l <
M A" and »?* are determined by sati o )th 2= S TR ik A (R) < &
oreover, \;" and v;" are determined by sa isfying the (32)
conditions Similar to Proposition 1, we can also obtain the optim&{-)
% ~ via a greedy approach.
A =0 or Zpk,z/ 7(h)dF(h) = R;  (27) Proposition 4: Given A™ = [A\T*,...,A%]T > 0 and
=1 R v o= i, vEF]T > 0, for each fading stateh, let
7 —O or l(h) denote the mode index for usér such thath ¢
Pkl Qk,lk(h): and definecﬁk(h) = Tk L (h) — )‘E*pklk(h) +
Z ‘/Q )Gk l(hkﬂ'k l)dF(h) = €g. (28) V}l—*pk,lk(h)ek,lk(h) (hkﬂk,lk(h)) /Rk Then the optimal solu-
*(+) to (32 be obtained as follows:
Proof: S|m|lar to thé lconstralned vector quant|zat|on in [195IOn 7'() to (32) can be obtained as follows

1) If Vk € [1, K], @(h) > 0, thenVk, 77 (h) = 0.

and [20], by using Lagrange multiplie andv!", we can ) -
[20]. by g -adrang pliers,” v 2) If {¢r(h)}_, have a single minimung;(h) < 0, then

define a distortion measure

77(h) =1andVk # i, k € [1, K], 7 (h) = 0.
d(h,Qk1) = Mkﬂ'l;:,ﬂk(h) = A pramie(h) 3) If {@x(h)}X | have multiple minima{@lj (h }'j]:1 <0,
+8" praeri(mriq)Te(h) /Ri. - (29) then 7 (h) = 77 with arbitrary >>7_ 7+ = 1, and
Then the optimal@; ; solving (25) should minimize the Vk?’é% ke 1, K], 7 (h) = 0.
overall average distortion measure Moreover, \™* and v™* should satisfy the complementary
My slackness conditiongk € [1, K],
B fd(h,Qu)) =Y s [ (b)) M ]
=1 Q1 A =0 or Zﬂk,l/ T (h)dF(h) = Ry;
=1 Qk,1

_/\q pkl/ )dF() My,
121 Q. *=0 or Zp’”

Tk )ekg(hkﬂ‘kl)dF( )—619
JV[k Qk,1

Pkl / h)ey.t (b )dF(h). (30)  Proof: See Appendlx _ 0
Qr.l As with P-CSI, Proposition 4 asserts that our optimal time

allocation strategies are “greedy”. Functigh,(h) can be
viewed as a channel quality indicator (the smaller the better)
for userk. Then for each time block, we should only allow
he Qg iff dh,Qk) <d(h,Qx;), Vi #1,7€]0,M]. the user with the “best” channel to transmit. When there are
(31) multiple users with “best” channels, arbitrary time division
Since 7, (h) > 0, we can readily derive (26). And (27) andamong them suffices. Singg, (h) containsA],* andv]*, this
(28) directly come from the complementary slackness of tiplies that the user having smallegt (h) actually has the
KKT conditions [17]. O rate and BER constraints controlled “best” channel. For cases
Note that we can also define a regiddy; , as the set where px(h) > 0 Vk € [1, K], we should let all users to
complement ofJ,¢(; s, @k,- Whenh € Qko, userk will  defer. Imagine that there is a fictitious user which has no
surely defer. To obtaln the optima); ;, we need to find rate and BER requirements and always keeps silent. Then
AL" and v!*. Since (25) is not a convex problem, we resotth, its channel quality indicator is zero. ff;(h) > 0 Vk €
to a two-dimensional search. We can start the search in [AnK], picking this fictitious user is clearly most efficient. This
exhaustive manner. However, once we have a painff implies that in these cases no user should transmit. Notice that
and v]* satisfying (27) and (28), we stop the search ard Proposition 1, the casg;(h) > 0 never occurs, since it is
return these values. After obtaining® := [A",...,A%]7  easy to show thap,(h) = 0 whenhy, = 0 and ¢, (h) is a
andv? := [, ..., vE]T with K two-dimensional searches,decreasing function ofi.

=1

This in turn implies thatQ} , can be determined by the
nearest-neighbor rulg¢l9], [20]; i.e.,
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K My
gV = ZukZWk,z/ (A7, v7, h)dF(h)

k=1 =1 Qk,1
K My )

- Z)\Z <Z Pk,l/ (AT, V7, h)dF (h) — Rk)
k=1 1=1 Qr.1
K My )

+ZV]: (Z pk,l/ Tk(AT,VT,h)ek,l(hkﬂ'k)l)dF(h)/Rk — €k> ; (33)
k=1 =1 QK1

To obtain the optimal=*(-), we need to findA"* and E. Joint Quantization and Resource Allocation Algorithm
v, Ins.tead _of a2K-dimensi9naI exhaustive ;earch,. We For the global objective
accomplish this by a sub-gradient ascend algorithm. First, it u
follows readily that the Lagrange dual functigf\”™, v™) for K i
(32) is given by (33), where for a givefA™,v7), the time J = ZMZMJ/Q 7k (h)dF (h),
allocationr;, (A", ", h) is provided by Proposition 4 (without k=l 1=l "
considering the rate and BER constraints). The dual of (32)We propose based on Propositions 1-4 the following joint

guantization and resource allocation (JQRA) algorithm:

max g(A",v"), st. AT >0,v7 >0. (34)

g
AT T

Algorithm 2: JO) initialization: Produce initial time
Since (32) is a convex problem, the duality gap is zero; and allocation ~(*)(-) and quantization region€Q(®

thus (A7, ™) = arg maxx->0.,7>0 g(A7,v7). Therefore, from Proposition 1 and Lemma 1. Select tolerance
we can obtain(A™*,»7*) via the following sub-gradient e > 0, initialize objective at/(") = oo and set the
projection algorithm. Note that the dual functigdA™,v™) iteration indext = 1.

is concave since it is the point-wise infimum of a family of ~ J1) 71 (.) Q*~V — 7(®): Given+(*~1(.) and
affine functions of(A”,v7), and thus the convergence of our Q1) obtain7® from Proposition 2.
sub-gradient projection algorithm is guaranteed [17]. J2) #® =Dy — QW: Given =Y and

7(t=1(.), obtainQ® from Proposition 3.
J3) QW7 — 7B (.): GivenQ® and=®), ob-
tain 7(Y)(-) from Proposition 4 with Algorithm

Algorithm 1: TO) initialization: Generate an arbitrary

non-negative vectofA™ (0), »7(0)). Select tolerance 1

¢ > 0, calculatey(A(0), v7(0)) and let the iteration J4) Stopping criterionCalculate the objective (")

indext = 1. using Q®, 7® and 71 (.). If (J¢-D —

T1) Vk € [1, K], numerically evaluate the partial J®)/J® < ¢, return the current quantization
derivatives AN}, := % and Av] = and resource allocation and stop. Otherwise,
ag(g;;u*) at (\7(t — 1)’,}“ ~ 1)). Choose increaset by 1 and go taJl).

a stekp size by line search and then update
ML) = [M(t—1) +5A)\;]+ and v (t) = Since the global objective/ is decreasing in each step,
[V (t— 1)+5Ay,§]+. it is easy to see that as — oo, the JQRA algorithm

T2) Stopping criterion: Calculate the objective converges. As we mentioned at the beginning of this section,

g(AT(t),v7(t)) using (A" (¢),v7(¢)). If this algorithm follows the coordinate descent principle [16]
and the quantization design is also reminiscent of the well-
gAT(@),v7(t) —gN(t—1),v7(t 1)) known Lloyd algorithm [18].

g (1), (D)) =©

return (A" (t),v7(¢)) and stop. Otherwise, in- F. Optimal Fe.edback B|ts. . o
creaset by 1 and go toT1). JQRA provides a quantizer design which is computed off-

line and there is no need to execute it again if the statistics
of the channel and the quality-of-service requirements of the
OnceX™ andv™ are calculated, the time allocation policyusers do not change. Once the quantization and resource
in Proposition 4 is in turn determined. Although we rely on Qallocation strategy is solved by JQRA, the access point quan-
CSI, Proposition 4 employs continuous values of the channides each fading state and feeds back the user-AMC-mode
realizations to find the optimal time allocation. This is naselections per time block. Then users defer or transmit with
a contradiction because time allocation is carried out at thee indicated AMC modes.
receiver where P-CSI is available. We will show in the sequloposition 5: Given the quantizer design and user selection
(Proposition 5) that the transmitters need only Q-CSI. policy represented byQ*, «*, A7* and v™* in JQRA, Vh,
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the access point sends to the users the codewtfl) = wherePr(Q; ;) denote the probability measure of regigh

[k*(h);*(h)] which encodes the optimal resource allocatiogngd pr (hi < S(fjl(hk)‘ QU) denote the probability of the

for the current fading state, so that: ) '
eventh; < s, (hi) whenh; € Q; ;.

1) k*(h) = aigmin{@c(ha Q*, AT VT Proof: Since e, () is decreasing, it is clear that (hy)
(pick any k* when multiple minima occur), wheredecreases ds, € Q) increases; hence, fér, < ngzl(hk), we
Pr(h, Q*, w* A7" V7)== ﬂkw;;,lk(h) — AL Pkl (m) T .have@(hi') > ‘Z’.’“(h’f)' With continuous fading distributions,
T . e R in our optimal time allocations;,(h) = 1 when gy (ki) < 0

2 z*k( }Skik(?)z-k’;kih)}l<eka’lk(h) /z ” LMY and Vi # k, ¢i(hi) > @r(hy); otherwise, 7y(h) = 0.

b e kr(h)b 87 e SOR S Together with the factiF'(h) = [], dFx(hi) when {h;} K |
When the users receive the broadcasted codewtit)) = are independent, we have

[£*(h);1*(h)], the optimal multiple access to the channel

consists of thé*th user transmitting it*th mode using power 7e(h)dF(h) = /

T ox () 1 (h) while the rest of the users remaining inactive. J/h_y h_y

Proof: This is a direct consequence of the optimal time

L3 (h)<0 & Vi, (h) >34 (h)} AF (D)

allocation in Proposition 4 and the definitions Qf and7*. =I5 (h)<0} H/ Lig, (h)y> a0 (hi)ydFi(hi) | dFy(hi)
O itk i

Proposition 5 implies the optimal resource allocation policy
can be obtained by letting only one user to transmit per fading = I{z,(n,)<0} H Pr(Qio)+
state. In other words, over all possible strategies, the optimal ik
solution only allows to activate one AMC mode of one user M; o
per block. Therefore, we only neefdog, (> r_, M. + 1)] > Pr(Qi) Pr (hi < Si,k(hk)‘ Qi,l) dFy(h).
feedback bits to inde} -, M, different user-AMC-mode =1
combinations and the case of all users deferring. For illus- O
tration, consider a system where 85-170 users are presenpefine
each supporting six different AMC modes, as in IEEE 802.16
systems [15]. To implement the derived resource allocation, ¢, (p,) .= 1, Pr(Qi o)+
in this case the access point only needs to feed back 9-10 bits (i) = Ligu ey <oy g (Qio)
per fading state. This is certainly affordable by most practical M,
systems. ZPT(QM) Pr (hl < sgf,l(hk)‘ QLI)]

=1

Then using Lemma 2, we can solve the optimal transmit-

powersw®) from givenT(~1(.) andQ~V as follows [c.f.
Since the optima{r(h)}X_, is not available analytically, Proposition 2].

in general multi-dimensional integrals are involved in solvingorollary 1: If the fading processes of users are independent,

(19), (25) and (32). To gain more insight, let us look at a spgiven the positives™, the optimalr; ; is the unique value

cial case where the chann€ls, } X, are independent. Sincefor which w5, =0or ’

the value ofp, (h) defined in Proposition 4 is only determined 7

by the value ofh;, we henceforth interchangeably ugg(h) / Fe(h) e o (hiot ) dFi (hy) = _Mk:RkAk,l.
hi€Qk,1 ’ 1

G. Users with Independent Fading Processes

and @i (hg). Let qﬁ“ and ¢ denote the maximum and P VT
minimum values for; € Q;;. Sinced;(h;) is monotonically (37)
decreasing foh; € Q;;, we define And vk € [1, K], v[* is determined by satisfying the BER
constraint
@)t @ilan™) < rhn), My )
sia(h) = § a5, @™ = Gulhe), > Pk / o, fiB)eii(hu )aF () By = . (38)
/ 7 ~ 17 ~ 1=1 1 EQk,1
% #i(s) = ulhn), 40 <5 <dit+1,  Corollary 1 shows that to carry out the stdp) in the JQRA

, . algorithm, we only need one-dimensional integrals to solve
If Fy() stands for the cdf of usérs fading channel, we can r,2.() gjmjlar to Corollary 1, we can also derive the

establish that: . ) counterparts of Propositions 3 and 4 for independently fading
Lemma 2: If the fading processes of uTsers are mdependegﬁannds_ In this case, stepg) and J3) in the JQRA algo-
andh_j := [h1,.. b1y B - ], then we have i only require numerical calculations of one-dimensional
integrals.

1For the initialization step, the derivation is slightly different but even more
compact. It was established in [8, Corollary 2] that, letting, (hs) denote
the solution top;(h;) — @k (hi) = 0, i.e., p;i(s; k(hi)) = vk (hi), then
dFy(h){36)  Ju_, (B)dF(h) =TI, Fi(sik(hx)) dFy(hy) since gy (hy) defined
in Proposition 1 is decreasing function bf,.

/ Tx(h)dF'(h) = Ig, (h)<0y X H [Pr(Qi,0)+
h_j itk

M;

> Pr(Qua) Pr (b < s(h)| Qi)

=1
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V. SIMPLIFIED JQRA ALGORITHM Proof: We can mimic the proof of Proposition 3 to derive

In the previous section we solved (16) by an iterative algé%2)- We next show that the optimal solution achieves the
rithm and specified the resulting resource allocation policié@guired rate with equality as in (43). To see this, suppose
as in Proposition 5. Although JQRA yields optimal quant€ have obta_lned a set of quantization regions over-satisfying
tization and time-power allocation based on Q-CSI, certali€ rate requirement for usér Then we can simply reduce
applications could benefit from a less complex algorithm. Th§'€ region; e.g., the region for the lowest-rate AMC mode,
motivates the simplified JQRA (S-JQRA) algorithm we deriv&uch that the achieved average rate is reduced but still satisfies
in this section. the requirement. It is easy to see that the new regions are

Recall that with P-CSI, each user can adapt its transm@ertainly better than the previous ones since the average power
power to instantaneously achieve the required BER levépr the lowest-rate AMC mode, and thus the total average
However, this is not feasible with Q-CSI since the transmiRower, decreases. Therefore, (43) must hold and this implies
power per quantization region per user is fixed. Neverthele§gat ;" > 0 by the complementary slackness conditionisl
we can mimic this strategy to simplify (16) as follows. To obtainQ*, we only need\** := [\{*, ..., A%]T, which
Given the quantization regions and time allocation policy, wean be simply calculated byX one-dimensional searches.
uniquely determine the transmit-power for each quantizati@nce we have updated quantization regions, the next step
region so that each user's average BER per region attains #@o update the time allocation policy(h). And this can
BER target. Clearly, this is a suboptimal approach since W@ accomplished with Proposition 4 and Algorithm 1. With
do not optimize transmit-powers once the quantization regioggnoting.J the global objective and using Propositions 1, 4
and time allocation policy are given. However, it simplifies thand 5, we propose the following S-JQRA algorithm:
process because: i) BER constraints do not explicitly appear;
and ii) the number of optimization variables is reduced to
two subsets of quantization regions and the time allocation . o C
policy. With this simplification, the optimization problem to Algorlthm 3: S0) initialization: ProQUce |n!t|al time
colve becomes allocation 7(%(-) and quantization region®Q(®)

. « o from Proposition 1 and Lemma 1, and ther®
ming,r () Pjpm bk 2121 Thi Jg, , Th(B)dE (h) using (40). Select tolerance> 0, initial objective
s.t. Vh, S5, 7(h) < 1

J© = ~ and let the iteration index = 1.
Vk, S pra [, re(h)dF(h) > Ry

S1) 7D, xt-D - QW x®: Given
where m, is uniquely determined by the equation 70-D() and w~Y, obtain Q' from
fe(mg, m(h), Qr,) = 0, and

Proposition 6, andr(®*) as a function ofr(*—1)
Je(Trt, Te(h), Qr)

(39)

and Q® using (40).
$2) QW, 7™ — +()(.): Given Q") and7 ("), ob-
T (h)eg i (hrmr,i)dF (h)

S, 7e(0)dF ()

It is easy to check that with so-determined transmit-powers,
the average BER constraints are satisfied. Similar to the
JQRA algorithm, now we can divide the optimization process
into two sub-problems and resort to a coordinate descent

tain =(*)(-) from Proposition 4 and Algorithm
1.

S3) Stopping criterionCalculate the objective *)
using Q¥, «® and 7O (). If |JE-D —
JW|/J® < ¢; return the current quantization
and resource allocation and stop. Otherwise,
increaset by 1 and go taS1)

approach: i) given the time allocation, we calculate the optimat
guantization regions; and ii) with the new quantization regions,

we update the optimal time allocation policy.
To optimize the quantization regions, we need to salke

ming, e o St [, Te(h)dF (h)
st M pr Jo., Te(B)dF (h) > Ry.

The counterpart of Proposition 3 is now as follows:

Proposition 6: Given a positive);*, we defineyy, ;(hy,) =

UETE1 — )\Z*ka for [ € [I,Mk] and ijo(hk) = 0. Then

Vi € [1, My, we can obtain the optimal; ; as:

Qiy = {B: Dralha) < Deg(ha): Vi #1.j € [0, My}
(42)

(41)

Since the global objectivé is decreasing in each step of the
iterations, ag — oo, the S-JQRA algorithm converges. Once
the S-JQRA algorithm is run, the instantaneous allocation
policy and feedback information specified in Proposition 5
still apply.

Although S-JQRA is sub-optimal, it has less computational
complexity than JQRA. IrS1) of S-JQRA, we useX one
dimensional searches to obta®® and then compute the
correspondingr®. This computation is much less than that
for J2) of JQRA, whereK two-dimensional searches are used
to obtainQ®. While S2) of S-JQRA is exactly the same as
J3) of JQRA, in each iteration S-JQRA saves the computation

Moreover, A" is determined by satisfying the rate conditionload for J1) of JQRA. Moreover, with two steps per iteration,

My,
Zﬂk,z/

=1 QZ,L

S-JQRA could converge considerably faster than the three-
step JQRA. Therefore, compared to JQRA, S-JQRA largely
reduces the overall computation load.
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V1. NUMERICAL RESULTS 16 ‘

In this section, we present numerical results of our joint S G S
guantization and resource allocation for a two-user Rayleigh Tl —4— Heuistic Q-CSIT
flat-fading TDMA channel. The available system bandwidth w 5l :S:ITQM
is B = 100 KHz, and the AWGN has two-sided power £ e pesir
spectral density, Watts/Hz. Fading coefficients,, k = 1, 2, 2
have meanh;, and are assumed independent. The average %“jf;::;t,f%’ii:f%::::ﬁf,ﬁr::
signal-to-noise ratio (SNR) for usér is 5, = hy/(NoB). F 0
Unless otherwise specified, we assume that each user supports f of
three M -ary quadrature amplitude modulation (QAM) modes: ) ah & —e——s -
2-QAM, 8-QAM and 32-QAM,; i.e., the transmission rates

of AMC modes are:py; = 1, 3, 5 bits/symbol. The Ve we v D 4 6
corresponding BER can be approximated as [14]
- — Fig. 1. Total power consumption for different resource allocation approaches
eri(y) = 02e 2"F1-1, (44)  with different power weight ratigiz /z1 andY.7_, pj, = 1 whené; = & =
) . ] 1073, Ry = Ry = 100 kbps, andy1 = 72 = 0 dB.
In all simulations, we assume the BER constraints are given

by €] = €y = 1073,

Supposing P-CSI at transmitters (P-CSIT) or Q-CSIT and 8
% = 0 dB, k = 1,2, we test the P-CSIT based resource
allocation [8] and our Q-CSIT based JQRA and S-JQRA
algorithms. For comparison, we also test a heuristic Q-CSIT
based approach, where each user is assigned equal time
fraction and transmits with equal power for all its AMC
modes per block. With a fixed transmit-power, the access point
selects for each user an AMC mode so that the instantaneous
BER is less than or equal to the required level. Clearly,
this quantization is a conservative one; i.e., except for the
boundaries of the quantization regions, the BER requirement
is always over-satisfied. With such a quantization, each user’s ve U4 12 Rmim/m 24 e
transmit-power is then selected to ensure that its rate constraint
|s_5at|sf|e_d._N0t|ce that_ due toits Slmp|IC|ty, the qua_ntlzatlor_] Iﬂg. 2. Performance loss of Q-CSIT based approaches with respect to the
this heuristic scheme is actually widely employed in practicalcsIT solution where; = & = 1073, By = Ro = 100 kbps, and
systems with adaptive transmissions; e.g., the CDMA20060 = 72 = 0 dB.
1xEVDO and WCDMA HSDPA. We first consider individual
rate constraintsR; = 100 kbps and Ry = 100 kbps. With B B
different power weights, Fig. 1 shows the weighted total powéisector P, = F»; while they are not symmetric foR, =
consumptions for these four approaches; while Fig. 2 depidts/2. Clearly, the Q-CSIT regions are always contained in
the performance loss of the three different Q-CSIT bas#ae P-CSIT regions. Notice that the Q-CSIT regions in Fig. 3
approaches with respect to the P-CSIT solution to gauge e actually conservative estimates. Even though it is seen that
price paid for finite-rate feedback. We observe that: i) bothese Q-CSIT regions are very close to the P-CSIT regions.
JQRA and S-JQRA clearly outperform the heuristic Q-CSIThis again confirms the energy efficiency of the proposed
approach (yielding around 6 dB savings); and ii) the gafQRA algorithm. Numerical results describing the behavior
between JQRA and P-CSIT solution is very small. Since tigg our algorithm in different cases are summarized in Table
P-CSIT solution lower bounds all Q-CSIT based approachés,These show that the constraints are tightly satisfied and
this indicates that our coordinate descend algorithms are nezgtroborate that our Q-CSIT based iterative coordinate descent
optimal. algorithms achieve energy efficiency close to the optimal P-

The power region with P-CSIT has been derived in [8]. A€SIT based one.
stated in Section IV, we can use the solutions of (17) for all To gain more insight, let us take a closer look at our
1 > 0 as the “boundary points” to approximately characterizeint quantization and resource allocation solution witgn=
the power region with Q-CSIT. We test two different sets aR, = 100 kbps and i /2 = 2. Using JQRA, the power and
individual rate constraints: if2; = 100 kbps, R, = 100 rate loadings are listed in Table Il, whereas the quantization
kbps, and i) Ry = 100 kbps, Ry = 50 kbps. Fig. 3 depicts regions and time allocation are depicted in Fig. 4, where
the power regions of the Rayleigh fading TDMA channeldifferent shades are used to represent which user is selected
provided by the P-CSIT solution and the Q-CSIT based JQR#, access the channel. From Table II, we deducethat- /5,
where P, and P, represent the average transmit-power for the, ;, > m,,. This indicates that for the simulated scenarios,
first and second user, respectively. With identical individusthe water-filling principles still hold in the Q-CSIT based
rate constraints, power regions are symmetric respect to thgimal power loading, as in the P-CSIT case; i.e., when the

o

6L —&— Heuristic Q-CSIT
—— OPT

—— S2-JQRA

pect to P-CSIT [dB)]
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TABLE |
JQRA FERFORMANCE FOR DIFFERENT TEST CASEEOR CASESI| AND |V THE RATE REQUIREMENT FOR USER? 1S 50 kbps).

Test Case| User (k) | px | xldB] | Ry[kbps] €x Py[dBw] | P-CSIT Py, [dBw]
| 1 1 0 99 10-3 8.75 8.21
2 1 0 100 103 8.80 8.21
Il 1 1 0 100 103 8.13 7.75
2 1 0 50 10—3 415 3.80
1] 1 1 3 100 103 6.60 6.03
2 1 0 100 103 8.58 8.03
v 1 1 3 100 10=3 6.64 5.93
2 1 0 50 103 3.52 3.31
\ 1 4/3 0 99 103 8.46 7.88
2 2/3 0 99 103 9.07 8.32
20 ! ! ! ! ! ! 10 X X X X
' JQRA: Ry = R;=100kbps (reg. IV)

18

P-CSIT: Ry = R;=100kbps (reg. 111)
16 o
----- JQRA: Ry = R/2=50kbps (reg. 11)

14y — — —P-CSIT: R, = Ry /2=50kbps (reg. 1)

12

10 region IV

P, (watts)

" region IITT ]

User 2 Channel Power Gain [hy/(NoB)]

region IT

. . . . . . . . .
0 2 4 6 8 10 12 14 16 18 20 4 6 8 10
P, (watts) User 1 Channel Power Gain [k /(NoB)]

Fig. 3. Power regions for P-CSIT and JQRA polici€s & & = 10~3, Fig. 4. Optimal time allocation policy and quantization regions obtained
1 =72 =0 dB). by the JQRA algorithm, where user selections are indicated using different
shades and quantization thresholds are represented with bold/ines 2/3,

p2 =1/3,& =& = 1073, Ry = Ro = 100 kpbs, 71 = 72 = 0 dB).

TABLE I
POWER (7%,1) AND RATE (pg,;) LOADING PER QUANTIZATION STATE TABLE Il
(AMC MODE) RETURNED BY JQRA (u1 = 2/3, p2 = 1/3, AVERAGE WEIGHTED POWER FORIQRAWITH DIFFERENT NUMBER OF
& =& =107% Ry = Ry = 100 kpbs, 71 = 52 = 0dB). FEEDBACK BITS (1 = o = 1, & = & = 1073, Ry = Ry = 100 kpbs,
Y1 =2 = B).
User 1 User 2 Vi =72 =0dB)
Quantization Region| Q1,1 [ Q1,2 [ Q1,3 | Q2,1 | Q22 [ Q23 .
Tx-power[dBw] | 8.56 | 13.23 | 15.60 | 8.99 | 13.84 | 16.29 ;ng;'tl?i’t‘; JQlRA JQZRA JQgRA JQ4RA P'SOS'T
Rate[bits/sym E E 5 ! 8 5 Average Power[dBw] | 23.05 | 11.98 | 852 | 843 | 8.10

channel is better, we use a higher rate with more transmifvo-user Rayleigh flat-fading TDMA channel with different
power. As shown in Fig. 4, simulation results reveal optimaumber of feedback bits. When only one bit is available, the
quantization region$Q; ;}i_,, k = 1,2, are non-overlapping feedback information only indicates user selection, and once
consecutive intervals which can be determined by a set bk user is picked, it transmits regardlesslofit is shown
thresholds{g; , }, which are represented with bold lines. Fig. 4n Fig. 4 that for someh where channel is in deep fade,
reveals that the boundaries between different users’ allocatige should let both users defer. Even though the region for
follow the quantization threshold values. This implies thahis case is small, much power (23.@Bw) is required to
a simple quantization-region based time allocation approagbmpensate these “bad” channels. As the number of feedback
may provide a good approximation to the optimal policy, anits increases, the number of active AMC modes per user
motivates future research in developing simplified (or evancreases. It is seen from Table IIl that surprisingly, even for
distributed) time-allocation approaches with Q-CSIT. two feedback bits case where one user supports two modes
We have seen that with three AMC modes, the JQRA amahd the other supports only one mode, JQRA provides a power
S-JQRA algorithms provide energy efficiency close to theost not far away from the P-CSIT solution. This reveals that
optimal P-CSIT solution. To achieve this, we nelédg,(3 + the time allocation policy plays an important role in energy
3+1)] = 3 bits for the Q-CSI per time block [c.f. Propositionefficiency. Numerical results also reveal that a few (2-4) AMC
5]. We next show how the number of feedback bits affectaodes per user, and thus a few feedback bits suffice to close
the performance of JQRA. WheR;, = R, = 100 kbps the gap between Q-CSIT and P-CSIT.
and u;1/ue = 1, Table 1l shows the total power cost for the The convergence of JQRA and S-JQRA is illustrated in
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12 ‘ puPu s raPs (45w ‘ Q1,0 such that usek will not be selected. TheWr # 7*, we
have
K
| 2 [N (Z prt | lmar () - m)
k=1 k.l
% l pkl
; +V]7€—* (6143 - Z Ek l hkﬂ'k l)dF(h))
ka
11r
(a) *
= )\T Pkl / )dF(h)
604 kz:l (Z @kt
10-55 5 10 15 20 25 % / )dF(h)
Inner Tteration Step # _ pk 1
k,l
Fig. 5. Average weighted power evolution for JQRA and S-JQRA algorithms
(w1 = 2/3, u2 = 1/3, & = & = 1073, Ry = Ry = 100 kpbs, 71 = M,
72 = 0 dB). yT* ' .
’ +-£ Zpk’l/ 77 (h)ex 1 (hgmi 1 )dF (h)
L kot
Fig. 5, where the average total weighted power evolves with M
the inner iteration steps. We can see that JQRA converges 72/”“/ Ti(h)er (hyr)dF (h)
1=0 kol

after a small number of iterations (around 24 inner steps or

8 outer iterations). The small variations through the curve X
are due to the finite resolution in the numerical integrations — Z
involved. Another interesting observation is that even the first
inner iteration step provides a good solution. Convergence of < PPkl — VL piek 1(hgm, l)) dF(h)
S-JQRA is even faster but also rougher, partly due to the fact Ry,

that each iteration of S-JQRA entails only 2 inner iteration () ; ~

steps. And the converged solution of S-JQRA is around 1dB — ZZ/ (7 (B) — 7 (W) (premres — Pi(B))dF (h)

away from the JQRA solution. Fig. 5 clearly demonstrates the k=1 l_OMQk L
fast convergence of our JQRA and S-JQRA algorithms. ~
k=1 — Q.1
VII. CONCLUSIONS Mk
With finite-rate feedback from the access point, users can - Z ke Zwk ! / (h)dF(h)

only acquire Q-CSI and thus adopt a finite number of re- k=1 =1 Q.1
source allocation configurations. Based on Q-CSl, we derived K My
two energy-efficient joint quantization and resource allocation Z/ (7e(h) — 7 (h)) P (h)dF (h); (45)
strategies for TDMA fading channels. The resulting JQRA k=11=0

and S-JQRA algorithms decouple the complex optimizatiaghere equality (a) is due to the complementary slackness
task into three or two tractable minimization SUb'prObleméonditions for rate and BER constraints, and equa"ty (b) is
We relied on coordinate descent principles to derive iteratiyge to the definition ofz(h). Let

algorithms which assemble the different sub-solutions of the

decoupled sub-problems to solve the main problem. Numerica KM
results showed that with Q-CSIT only available, both JQRAé ZZ/ (7 (h) — 7 (h)) Pk (h)dF (h)

and S-JQRA algorithms achieve energy efficiency surprisingly h=1i= 0 X
close to that obtained with P-CSIT, and yield large energy- (
savings compared to a heuristic Q-CSIT approach. While ZTk(h ;T’“ dF (h)
JQRA vyields the optimal CSI quantizer and time-power al- B B (46)
location, the suboptimal S-JQRA has reduced computational
complexity which can be attractive in practite. Since the definition ofp;(h) already accounts for quantiza-
tion, (46) follows readily. Nowvh,
VIII. A PPENDIX: PROOF OFPROPOSITION4 1) If Vk € [1, K], ¢r(h) > 0, then
Let us defineQy,o Yk € [1, K] as the set complement of K K
Urep,ay) @k,00 @and setgy(h) to a large number wheh € ZTk(h)QZk(h) _ ZT;(h)@(h)
k=1 k=1

2The views and conclusions contained in this document are those of the K
authors and should not be interpreted as representing the official policies, o ~
either expressed or implied, of the Army Research Laboratory or the U. S. - Z Tk (h) h) 2 0. (47)
Government. k=1
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2) If functions {px(h)}X, have a single minimum [3]
@i(h) <0, then
K K [4]
> m(m)Ge(h) = > 7t (h)@r(h)
k=1 k=1
K (5]
= ZTk(h)SEk(h) — ¢i(h)
= [6]
> —1])@i(h) >0. (48)

(7]

3) If functions {(pk )},c , have multiple minima
{&:,(h }}]:1 < 0, then letting ¢,, denote this
minimum value, we have

K K [9]
> m(h)@r(h) =Y 7 (h)@r(h)
k=1 k=1 [10]
K
=Y m()@r(h) =D 7 ém
= = [11]
K
Z Z Tk (h) -1 Pm >0 (49) [12]
k=1
Hence, we hav&_ 1, 7. (h) @y (h) — Y1, 77 (h)@x (h) > 0, 13
vh, and thusC' > 0. Then from (45),
[14]

>

(18]

My,
N (S o / 7 (h)dF(h) — Ry
=1 Qk1

i
—&-V]‘g* € — %CJ/ Tk(h)ek’l(hkﬂk’l)dF(h)
=1 "k JQuru [18]

K
< Yon Zm | mwarw) a9
k=1 1 Qr,

A [20]
S Y [ rimr) (50)
k=1 =1 k,l

Therefore,vV+ # 7*, if T satisfies the individual rate and
BER constraints

My,

Zpk,l/ 7w(h)dF(h) > Ry,
=1 Qe

M,

Zpk,l/ Tk (h)eg 1 (hgmi,)dF (h) /Ry, < &,

=1 Qi
we have 3 e Y0 e [, Tr(h)dF (h) >
SO szﬂklfg 7 (h)dF(h), which implies the
optimality of 7*
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