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Abstract

This paper investigates the achievable information rafghate-shift keying (PSK) over frequency
non-selective Rayleigh fading channels without chanregkesinformation (CSl). The fading process
exhibits general temporal correlation characterized &gjitectral density function. We consider both
discrete-time and continuous-time channels, and find t&mptotics at low signal-to-noise ratio
(SNR). Compared to known capacity upper bounds under peaaitraints, these asymptotics usually
lead to negligible rate loss in the low-SNR regime for slovitpe-varying fading channels. We
further specialize to case studies of Gauss-Markov andk€tafading models.

|. INTRODUCTION

For Rayleigh fading channels without channel state infoiona{CSl) at low signal-to-
noise ratio (SNR), the capacity-achieving input graduadlgds to bursts of “on” intervals
sporadically inserted into the “off” background, even undanishing peak power constraints
[1]. This highly unbalanced input usually imposes impletaéion challenges. For example,
it is difficult to maintain carrier frequency and symbol timgi during the long “off” periods.
Furthermore, the unbalanced input is incompatible witedincodes, unless appropriate symbol
mapping €.g., M-ary orthogonal modulation with appropriately chosen teltegtion sizeM)
is employed to match the input distribution.

This paper investigates the achievable information ragghaise-shift keying (PSK). PSK is
appealing because it has constant envelope and is amendliiear codes without additional
symbol mappings. Focusing on low signal-to-noise ratioRpEsymptotics, we utilize a recur-
sive training scheme to convert the original fading chamvitlout CSI into a series of parallel
sub-channels, each with estimated CSI but additional nbeger¢mains circular complex white
Gaussian. The central results in this paper are as followst, For a discrete-time channel
whose unit-variance fading proce$&l,[k] : —oco < k < oo} has a spectral density function
Sy, (e7?) for —m < Q < 7, the achievable rate id /2) - [(1/27r) - [T S (e1)dQ — 1} PP+
o(p*) nats per symbol, as the average channel SNR 0. This achievable rate is at most
(1/2) - p* + o(p*) away from the channel capacity under peak SNR constaiiecond, for
a continuous-time channel whose unit-variance fadinggse€H.(t) : —oco <t < oo} has a
spectral density functios'y_ (jw) for —oco < w < oo, the achievable rate as the input symbol
durationT — 0is |1 — (1/27P) - [% log (1 4+ P - Sy, (jw)) dw} - P nats per unit time, where
P > 0 is the envelope power. This achievable rate coincides \ghchannel capacity under
peak envelope’.

We further apply the above results to specific case studi€saoks-Markov fading models
(both discrete-time and continuous-time) as well as a nantis-time Clarke’s fading model.
For discrete-time Gauss-Markov fading processes withvation ratee < 1, the quadratic
behavior of the achievable rate becomes dominant onlypfet. ¢. Our results, combined
with previous results for the high-SNR asymptotics, sugtfest coherent communication can
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essentially be realized far < p < 1/e. For Clarke’s model, we find that the achievable rate
scales sub-linearly, but super-quadraticallyCagog(1/P) - P?) nats per unit time a® — 0.

The remainder of this paper is organized as follows. Sedtidescribes the channel model
and the recursive training scheme. Section 11l deals wighdiscrete-time channel model, and
Section IV the continuous-time channel model. Finally ®&cl provides some concluding
remarks. Throughout the paper, random variables are inatdgiters while their sample values
are in small letters. All logarithms are to baseand information units are measured in nats.
Proofs and further interpretations can be found in the jauwversion of the paper [2].

[I. CHANNEL MODEL, RECURSIVETRAINING SCHEME, AND EFFECTIVE SNR

We consider a scalar time-selective, frequency non-seéeRayleigh fading channel, written
in baseband-equivalent continuous-time form as

X(t)=Ht)-S(t)+ Z(t), for —oo0 <t < o0, (1)

whereS(t) € C and X (t) € C denote the channel input and the corresponding output &t tim
instantt, respectively. The additive noiSeZ(t) : —oco <t < oo} is modeled as a zero-mean
circular complex Gaussian white noise process Vitl¥ (s)Z7(t)} = d(s — t). The fading
process{ H.(t) : —oo < t < oo} is modeled as a wide-sense stationary and ergodic zero-mean
circular complex Gaussian process with unit variagdéf.(t)H](t)} = 1 and with spectral
density functionSy_(jw) for —oo < w < oo. Additionally, we impose a technical condition
that { H.(f) : —oo <t < oo} is mean-square continuous, so that its autocorrelationtifum
Ky (1) = E{H.(t +T)H](t)} is continuous forr € (—oo, 00).

Throughout the paper, we restrict our attention to PSK olier dontinuous-time channel
(1). For technical convenience, we let the channel inpi) have constant envelopg > 0
and piecewise constant phase,,

S(t) = S[k] = VP - /®Hif kT <t < (k+ 1)T,

for —oco < k < 0o.! The symbol duratiod” > 0 is determined by the reciprocal of the channel
input bandwidtt.

Applying the above channel input to the continuous-timencieh (1), and processing the
channel output through a matched fiRene obtain a discrete-time channel

X[k] = /p- Halk] - S[k] + Z[k], for —oo <k < o0. (2)

For the discrete-time channel (2) we can verify that

« The additive noisg Z[k] : —oo < k < oo} is circular complex Gaussian with zero mean
and unit variance,e.,, Z[k] ~ CN (0, 1), and is independent, identically distributed (i.i.d.)
for different &.

« The fading proces§Hq[k] : —oc0 < k < oo} is wide-sense stationary and ergodic zero-
mean circular complex Gaussian, with [k] being marginally}C (0, 1). We further notice
that { Hq[k] : —o0 < k < oo} is obtained through sampling the output of the matched
filter, hence its spectral density function is

SHd(ejQ) = 1 . Z SHC (](2_21{;7-‘-> . SinC2(Q _ 2]{:7‘_)
\/foT foT Ky (s —t)dsdt k= T

IHere we note a slight abuse of notation in this paper, that a symigglS, can be either continuous-time or discrete-time.
The two cases are distinguished by different indexing notagan, S(¢) for continuous-time and[k] for discrete-time.

2For multipath fading channeld; should also be substantially greater than the delay spread [3], otheneisetuency
non-selective channel model (1) may not be valid. Throughout dpepwe assume that this requirement is met.

8A matched filter suffers no information loss for white Gaussian chandglspr the fading channel (1), it is no longer
optimal in general [5]. However, in this paper we still focus on the matditer, which is common in most practical systems.
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Fig. 1. lllustration of the interleaving scheme. Input symbols are emtfddeoded column-wise, and transmitted/received
row-wise.

for - m < Q <.

« The channel inpuf{S[k] : —oo < k < oo} is always on the unit circle. In the sequel, we
will further restrict it to be complex proper [6l.e., £{S?[k]} = [E{S[k]}]?. The simplest
such input is quadrature phase-shift keying (QPSK); byresttbinary phase-shift keying
(BPSK) is not complex proper.

. The average channel SNR is given by

p = §~</OT/OTKHC(3—t)dsdt>>O. 3)

Throughout the paper, we assume that the realization ofattied procesg H.(t) : —oo <
t < oo} is not directly available to the transmitter or the receivmit its statistical character-
ization in terms ofSy_(jw) is precisely known at both the transmitter and the receiver.

We employ a recursive training scheme to communicate owerdibcrete-time channel
(2). By interleaving the transmitted symbols as illustraiedrigure 1 (cf. [7]), the recursive
training scheme effectively converts the original nonem@mt channel into a series of parallel
sub-channels, each with estimated receive CSI but additranse that remains i.i.d. circular
complex Gaussian. The interleaving scheme decomposeshdmenel into L parallel sub-
channels (PSC). Theh ({ =0,1,...,L — 1) PSC sees all the inputs|k - L + [] of (2) for
k=0,1,..., K—1. TheseL PSCs suffer correlated fading, and this correlation is éxadiat
we seek to exploit using recursive training. Although soesdual correlation remains within
each PSC among it& symbols, due to the ergodicity of the channel (2), this datien
vanishes as the interleaving depth— oo. In practical systems with finitd, if necessary,
we may utilize an additional interleaver for each PSC to malessentially memoryless.

We make a slight abuse of notation in the sequel. Since allRBEs are viewed as
memoryless, when describing a PSC we can simply suppressitgmmal indexk among
its K coding symbols, and only indicate the PSC indewithout loss of generality. For
example,H,[!] actually corresponds to arl/4[k - L +1], for k =0,1,..., K — 1.

The recursive training scheme performs channel estimatiordemodulation/decoding in an
alternating manner. To initialize transmission, PSC 0, fifet parallel sub-channel, transmits
pilots rather than information symbols to the receiver. Baggon the received pilots in PSC
0, the receiver predicté/,[1], the fading coefficient of PSC 1, and proceeds to demodulate
and decode the transmitted symbols in PSC 1 coherentlyelfdte of PSC 1 does not exceed
the corresponding channel mutual information, then ingtran theory ensures that, as the
coding block lengthK' — oo, there always exist codes that have arbitrarily small dexpd
error probability. Hence the receiver can, at least in pple¢ form an error-free reconstruction



of the transmitted symbols in PSC 1, which then effectivadgdme “fresh” pilots to facilitate
the prediction off{,4[2] and subsequent coherent demodulation/decoding of PSQe&tnAting
the estimation-demodulation/decoding procedure redgatall the PSCs are reliably decoded
one after another.

By induction, let us consider PSIC assuming that the inputsS[i| : i = 0,1,...,l — 1} of
the previous PSCs have all been successfully reconstruttibe aeceiver. Since the channel
inputs are always on the unit circle, the receiver can corsguerfor their phases in the channel
outputs, and the resulting observations become

e IO X[i) = \/p- Hali] + 0. Z[i]  fori=0,1,...,1—1.
—— S——
X'[i] 2'[i

Since zero-mean circular complex Gaussian distributioms iavariant under rotation, the
rotated noiseZ'[:] remains i.i.d. zero-mean unit-variance circular compleaugsian. Then
we can utilize standard linear prediction theopg(, [8]) to obtain the one-step minimum
mean-square error (MMSE) prediction &[] defined as

Hall] = E{H[] | {X"[]] :i=0,1,...,1—1}}. 4)

The estimatef, /] and the estimation errdiy[l] = Hq[l] — Ha[l] are jointly circular complex
Gaussian distributed &\ (0,1 — ¢?[I]) andCN (0, 02[l]), respectively, and are uncorrelated
and further independent. Her€?[l] denotes the mean-square prediction error. The channel
equation of PSQ can then be written as
X[ = p-Hall)- S + 2]
= /P Hall) - U] + /p - Hall] - STI) + Z[l), (5)

Z[)

where the effective nois&|l] is circular complex Gaussian, and is independent of both the
channel inputS[i] and the estimated fading coefficieft[l]. Thus, the channel (5) becomes
a coherent Gaussian channel with fading and receive I$], with effective SNR

1— o2l

: 6

2 -p+1 "7 ©)
In the paper we mainly focus on the ultimate performancet liniihout delay constraints,
which is achieved as the interleaving degith— oo. Under mild technical conditions, the

one-step MMSE prediction error sequenge’[l] : [ = 0,1,...} converges to the limit [9,
Chap. Xll, Sec. 4]

pll] =

1 1 .
2 def i 221 = = it . Q _
ol = zlir?oa [l = ) {exp{Qﬂ /_7r log (1 +p- Sy, (€ )) dQ} 1}. (7)
Consequently the effective SNR (6) sequekpé] : 1 =0,1,...} converges to
dﬁf . . 1-— Ugo
poo = lim pll] = 2 ol P (8)

We are mainly interested in evaluating the mutual infororatf the induced channel (5)
at the limiting effective SNRv,, as the actual channel SNR— 0. This low-SNR channel
analysis is facilitated by the explicit second-order exgdam formulas of the channel mutual
information at low SNR [10]. Applying [10, Theorem 3] to theduced channél(5) at p.,
we have

RE Tim I (S[; X[ | Hall]) = poo — p% +0(p?) asp— 0. 9)

l—o0

“Note that [10, Theorem 3] is only applicable to complex proper chanpetsnas we have assumed in the channel model.



1. ASYMPTOTIC CHANNEL MUTUAL INFORMATION AT LOow SNR

As shown in (9), the asymptotic channel mutual informatiepehds on the limiting effective
SNR (8), which further relates to the limiting one-step MM$Eediction error (7). The
following theorem evaluates the asymptotic behavior ofdchannel mutual information (9).

Theorem 3.1: For the discrete-time channel (2), as- 0, its induced channel (5) achieves
the rate

1
R=2 [ [ stemaa—1] -2+ o), (10)

if the integral (1/2x) - [T S% (e7?)dQ) exists.

Theorem 3.1 states that for PSK at low SNR, the achievablenghanutual information
vanishes quadratically with SNR. This is consistent with][{1I2]. Furthermore, it is of
particular interest to compare the asymptotic expansion @ith several previous results.

A. Comparison with a Capacity Upper Bound

For the discrete-time channel (2), PSK with constant SNR a particular peak-limited
channel input. The capacity per unit energy of channel (2eura peak SNR constraiptis

[1]

. 1 ™ .
C=1-5— log (1+ p - Su,(¢7?)) d€, (11)

achieved by on-off keying (OOK) in which each “on” or “off” sybol corresponds to an
infinite number of channel uses, and the probability of chragp%on” symbols vanishes. Such
“bursty” channel inputs are in sharp contrast to PSK. Frof),(@n upper bound to the channel
capacity can be derived as [1]
C<U(p L. /‘%(Wﬂﬂp (12)
2 om d
Comparing (10) and (12), we notice that the penalty of using R&tead of the bursty
capacity-achieving channel input is at masy2) - p*> + o(p?). For fast time-varying fading
processes, this penalty can be relatively significant. Retance, if the fading process is
memorylessj.e., Sg,(e’?) = 1 for —m < Q < 7, then (1/2x) - [T S} (e/%)dQ —1 = 0,
implying that no information can be transmitted using PSkrav memoryless fading channel.
Fortunately, for slowly time-varying fading processes thtegral(1/2x) - /™ Si,d(ejﬂ)dQ is
typically much greater tham, as we will illustrate in the sequel.

B. Comparison with the High-SNR Channel Behavior

From (10) and (12), it can be observed thay2r) - [ S} (¢/)d) is a fundamental
guantity associated with a fading process at low SNR. Thisisantrast to the high-SNR
regime, where a fundamental quantity is [13]

def I ;
Ugred = exp{% [W logSHd(e]Q)dQ}.

The quantitys?,., is the one-step MMSE prediction error &f,[0] given its entire noiseless
past{Hd[ 1], Hy[-2],...}. Wheno?, , > 0 the process is said to be regular; and when
0l = 0 it is said to be deterministic, that is, the entire futdr&4[0], H4[1],...} can

be exactly reconstructed (in the mean-square sense) bgrljineombining the entlre past
{Hq4|—1], H4]-2],...}. It has been established in [13] [14] that, for regular fadimocesses,

C =loglogp—1—~+log +o(1) asp— oo, (13)

Upred



wherey = 0.5772. .. is Euler's constant, and for deterministic fading processe
C 1

_— — .
logp 27

where(-) denotes the Lebesgue measure on the intérval .
It is then an interesting issue to investigate the relatiewben(1/2x)- /7S (e’)dQ and
pred However, there is no explicit relation between these twangties. We can explicitly
construct deterministic fading processes that lead tararby small quadratic coefficient in
(10), as well as almost memoryless fading processes thhtdedivergent quadratic coefficient
in (10).

C. Case Sudy: Discrete-Time Gauss-Markov Fading Processes

In this subsection, we apply Theorem 3.1 to analyze a spext#gs of discrete-time fading
processes, namely, the discrete-time Gauss-Markov fagliagesses. The fading process in
the channel model can be described by a first-order autessge (AR) evolution equation
of the form

({9 Su, () = 0}) asp— oo, (14)

Hylk +1] = V1 —¢- Hylk] + /e V[k + 1], (15)
where the innovation sequeng®’[k] : —oco < k < oo} consists of i.i.d.CA(0,1) random
variables, and[k + 1] is independent of H4[i] : —oco < i < k}. The innovation rate

satisfies) < € < 1.
The spectral density functioﬁHd(ejQ) for such a process is

J< —rT< Q< 16
Sna(e™) = (2—6)—2\/1—6 cos Q) T=i=T (16)

Hence

2
/ S e]Q / L 2szg—l.
o T on ((2 —¢€) —2y/1 —¢-cos Q) €
Applying Theorem 3.1, we find that for the discrete-time Galkarkov fading model,

R:<1—1>-p2+0(p2) as p — 0. a7)

€

For practical systems in which the fading processes arerspaead [3], the innovation rate
¢ typically ranges froml.8 x 1072 to 3 x 107" [15]. So the(1/2) - p*> + o(p?) rate penalty
of PSK with respect to optimal, peak-limited signaling may dssentially negligible at low
SNR.

Due to the simplicity of the discrete-time Gauss-Markovifigdnodel, we are able to carry
out a non-asymptotic analysis to gain more insight. Apgy(@d6) to (7), the steady-state
limiting channel prediction error is

(p—1) e+/(p—1)2- €+ dpe
= : (18)
2p
Further applying (18) to (8), we can identify the followirty¢e qualitatively distinct operating

regimes of the induced channel (5) for smak 1:
« The quadratic regime: For < ¢, o2 ~1—p/e, ps ~ p?/e;
o The linear regime: For < p < 1/e, 02 = \/€/p,  po = p;

« The saturation regime: Fdr/e < p, 02 ~¢€, po = 1/e.
Figure 2 illustrates these three regimesdoet 10~%. The different slopes of., on the log-log
plot are clearly visible for the three regimes. The lineajimee covers roughly80 dB, from

—40 dB to 440 dB, in this particular example.
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Fig. 2. Case study of the discrete-time Gauss-Markov fading modeltrilion of the three operating regimes= 104,
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Fig. 3. Normalized ratd?/p vs. SNR for recursive training with QPSK on the discrete-time Gausdtaiading channel.
As a comparison, the dashed-dot curve is the channel capacity gtipech by SNR) with perfect receive CSl, achieved by
circular complex Gaussian inputs.

An interesting observation is that the two SNR thresholdéddig the three regimes are
determined by a single parametemwhich happens to be the one-step MMSE prediction error
07.q for the discrete-time Gauss-Markov fading process. Thethreshold dividing the linear
and the saturation regimes coincides with that obtained5h where it is obtained for circular
complex Gaussian inputs with nearest-neighbor decodimghis paper we investigate PSK,
which results in a penalty in the achievable rate at high SNRreVspecifically, it can be
shown that the achievable rate fors> 0 behaves likg1/2) - logmin{p, 1/¢} + O(1) [16].

A further observation relevant to low-SNR system desigrha,tthee threshold dividing
the quadratic and the linear regimes clearly indicates wherlow-SNR asymptotic channel
behavior becomes dominant. Since the innovation ¢dt underspread fading processes is
typically small, we essentially have a low-SNR coherentncteh abovep = e. This suggests
that there may be an “optimal” SNR at which the low-SNR coheoapacity limit is the most
closely approached. Figure 3 plots the normalized achlevalte R/p vs. SNR, in which the
achievable ratd? is numerically evaluated for the induced channel (5) usiiRpR. Although
all the curves vanish rapidly below the thresheld= ¢, for certainp > ¢, the normalized
achievable rate can be reasonably closd.téor example, taking = 104, the “optimal”
SNR isp ~ —15 dB, and the corresponding normalized achievable rate iseab6yi.e., more
than90% of the low-SNR coherent capacity limit is achieved.



IV. FILLING THE GAP TO CAPACITY BY WIDENING THE INPUT BANDWIDTH

In Section Il we have investigated the achievable infororatrate of the discrete-time
channel (2), which is obtained from the continuous-timencieh (1) as described in Section
Il. The symbol duratiori’ there is a fixed system parameter. In this section we will stia
if we are allowed to reducé’, i.e, widen the input bandwidth, then the recursive training
scheme using PSK achieves an information rate that is asyitgity consistent with the
channel capacity of the continuous-time channel (1) undak@nvelope”. More specifically,
we have the following theorem.

Theorem 4.1: For the continuous-time channel (1) with envelope> 0, as the symbol
durationT — 0, its induced channel (5) achieves

1 1 yoo
%m%j == 5 [ loa (4 P Su () ds] - . (19)
— ™ J—00
Again we compare the asymptotic achievable rate (19) to aagpupper bound based

upon the capacity per unit energy. For the continuous-tienoel (1), the capacity per unit
energy under a peak envelope constrdmt 0 is [1]

. 1 oo )
C’:1—ﬁ-/_oolog(l—l—P-SHc(]w))dw, (20)
and the related capacity upper bound (measured per uni} igrj&]
def 1 o .
< = - . . .
C < U(P) {1 — /_oolog(1+P Sy (jw)) dw] - P, 21)

Comparing (19) and (21), it is surprising to notice that thege quantities coincide. Recalling
that in Section 11l we have noticed @/2) - p? + o(p?) rate penalty in discrete-time channels,
we conclude that widening the input bandwidth eliminates genalty and essentially results
in an asymptotically capacity-achieving scheme in the e regimeé.

The channel capacity of continuous-time peak-limited wated fading channels (19) was
originally obtained in [17]. However, in [17] the capacityachieved by frequency-shift keying
(FSK), which is bursty in frequency. In our Theorem 4.1, wewglthat the capacity is also
achievable if we employ recursive training and PSK, whichoussty in neither time nor

frequency.
After some manipulations of (19), we further obtain the daling
« As P — 0,
llmTﬁo(R/T> 1 1 o0 2 .
— 2 3 9. /_OO Str, (jw)dw, (22)
if the above integral exists.
o« ASP — oo,

P
In the sequel we will see that (22) and (23) are useful for gagtic analysis.

®Again, the same caveat as in footnote 2 applies.



A. Case Sudy: The Continuous-Time Gauss-Markov Fading Model
In this subsection, we apply Theorem 4.1 to analyze a contisiiime Gauss-Markov fading
process. Such a process has autocorrelation function
Ky (1) = (1= )7,

where the parametdr < ¢. < 1 characterizes the channel variation, analogously fior the
discrete-time case in Section Ill. The spectral densityctiom of the process is

| log(1 — e
w? + (log(1 — €))* /4
Applying Theorem 4.1, we find that the recursive trainingesok using PSK with a wide
bandwidth asymptotically achieves an information rate

Su.(jw) =

. R |log(1 — €.)| 4P
lim —~ = p—lov " iy 24
Yom, 2 " Tog(1 = &0)] &9
1
= — . P?4+0o(P? asP—0. (25)
|log(1 — €.)| (P%)

B. Case Sudy: Clarke's Fading Model

In this subsection, we apply Theorem 4.1 to analyze Clarlkalsfy process. Such a process
is usually characterized by its spectral density functidd] [

2L if |w| < wy
Sl = § o Ve LS
, otherwise,
wherew,, is the maximum Doppler frequency.
Applying Theorem 4.1, we find that
Wm- | 144/ 1—(2P/wm)?
_ “m . flog “m — /1 — (2P/wy,)? - log { 5P } , i P <wy,/2
%m%) 7= i (26)

Ym {log%" +1/(2P/wy,)? — 1 - arctan /(2P/w;,)? — 1} , A P> w2

For large P, the asymptotic behavior of (26) is consistent with (23)r Bmall P, however,
the integral in (22) diverges, hence the asymptotic bemai¢26) scales super-quadratically
with P. After some manipulations of (26), we find that

R 2

. _ L 2
%1%?—m~logﬁ-]3 +O(P?) asP — 0. (27)

V. CONCLUDING REMARKS

For fading channels that exhibit temporal correlation, @ te enhancing communication
performance is efficiently exploiting the implicit CSI emloled! in the fading process. From the
preceding developments in this paper, we see that a reeuraming scheme, which performs
channel estimation and demodulation/decoding in an aterg manner, accomplishes this job
reasonably well, especially when the channel fading vaslesly. The main idea of recursive
training is to repeatedly use decisions of previous infaramasymbols as pilots, and to ensure
the reliability of these decisions by coding over sufficigridbng blocks.

Throughout this paper, we restrict the channel inputs toptexproper PSK, which is not
optimal in general for Rayleigh fading channels without CShefie are two main benefits
of this choice. First, compared to other channel inputs sagltircular complex Gaussian,
PSK leads to a significant simplification of the analyticalelepments. As we saw, recursive
training with PSK converts the original fading channel witlh CSI into a series of parallel



sub-channels, each with estimated receive CSI but additiooge that remains circular
complex white Gaussian. In this paper we mainly investiglagesteady-state limiting channel
behavior; however, it may worth mentioning that, using tha@uced channel model presented
in Section Il, exact evaluation of the transient channelabedr is straightforward, with the
aid of numerical methods.

Second, PSK inputs perform reasonably well in the mode@tlew SNR regime. This
is due to the fact that, for fading channels with perfect ireceCSl, as SNR vanishes,
channel capacity can be asymptotically achieved by ratleeeil complex proper inputs
besides circular complex Gaussian [10]. The main coniobubf our work is that it clearly
separates the effect of an input peak-power constraint hadeffect of replacing optimal
peak-limited inputs with PSK, which is bursty neither in &mor in frequency. It is shown
that, for slowly time-varying fading processes, the rateslérom PSK inputs is essentially
negligible. Furthermore, as revealed by the non-asymptuoialysis for discrete-time Gauss-
Markov fading processes, there appear to be non-vanishimigsSat which near-coherent
performance is attainable with recursive training and PSK.
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