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Abstract

We compare the maximum achievable rates in single-carrier and OFDM modulation schemes, under the practical
assumptions of i.i.d. finite alphabet inputs and linear ISI with additive Gaussian noise. We show that the Shamai-
Laroia approximation serves as a bridge between the two rates: while it is well known that this approximation is
often a lower bound on the single-carrier achievable rate, it is revealed to also essentially upper bound the OFDM
achievable rate. We apply Information-Estimation relations in order to rigorously establish this result for both general
input distributions and to sharpen it for commonly used PAM and QAM constellations. To this end, novel bounds
on MMSE estimation of PAM inputs to a scalar Gaussian channel are derived, which may be of general interest.
Our results show that, under reasonable assumptions, optimal single-carrier schemes may offer spectral efficiency
significantly superior to that of OFDM, motivating further research of such systems.

I. INTRODUCTION

Intersymbol interference (ISI) is a ubiquitous impairment in communication and data storage media [/1]]. Techniques
of information transmission over ISI channels can be roughly divided into two types: single-carrier (SC) modulation
and multi-carrier modulation.

In SC modulation, symbols are transmitted at a rate approximately equal to the available bandwidth, and are
distorted by ISI. The distortion can be compensated for at the receiver using different equalization techniques such
as maximum-likelihood sequence estimation [2] and linear MMSE estimation, possibly with decision-feedback [3].
Equalization can also be combined with decoding, resulting in various iterative schemes [4].

In multi-carrier modulation, the available bandwidth is divided among several lower symbol-rate signals, each
with a different carrier frequency, often referred to as subcarriers. Orthogonal frequency-division multiplexing
(OFDM) [3]], [6] is the most important multi-carrier modulation technique. In OFDM, the frequency spacing between
subcarriers is chosen so that they are orthogonal on every signaling interval. Additionally, a portion of the end of
each interval is copied to its beginning and is commonly referred to as the cyclic prefix. These two modifications
allow for low-complexity optimal equalization using the FFT algorithm, which is the primary advantage of OFDM.
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Today, OFDM is the predominant modulation technique in high-bandwidth communications over channels with
significant ISI, and is featured in a large number of standards, including DSL [7]], WiFi [8]], WiMAX [9], DVB-T [10]
and the LTE downlink [[11]]. However, OFDM waveforms suffer from a higher peak to average power ratio (PAPR)
than SC waveforms. Due to their lower PAPR, and due to the introduction of efficient frequency-domain decision
feedback equalization techniques [[12]], SC schemes have become a viable alternative to OFDM in certain settings. In
particular, small, cheap and power-efficient amplifiers require low PAPR input due to their limited dynamic range,
making SC desirable when they are used. Two such examples are the uplink air-interface of LTE, where a scheme
called SC-FDMA is used [13]], and the new 802.11ad specification, which includes a SC option [14].

The purpose of this paper is to compare the maximum achievable rates of reliable communication in OFDM and SC
modulations, when optimal equalization and channel coding is assumed. Since optimal OFDM equalization is trivial,
modern OFDM systems are able to approach this maximum theoretical rate using advanced coding schemes such
as turbo codes or LDPC [15]. In contrast, optimal equalization and decoding cannot be decoupled in SC schemes,
and instead must be approximated by iterative turbo equalization techniques [4]. Such techniques incur a high
computational cost which currently renders them infeasible in practice. Nonetheless, with ever-growing computation
resources and steadily improving iterative receivers (c.f. [16]]), SC schemes able to approach the maximum achievable
rate might soon become feasible. Therefore, comparison of the two maximum achievable rates is of practical as
well as theoretical interest.

When only average power constraints apply on the channel input, it is well known that Gaussian signaling achieves
the same maximum rate in both OFDM and SC schemes [17]. However, we impose two practical restrictions, which
rule out the classical Gaussian solution. The first restriction is that the channel inputs take values in a certain fixed
finite alphabet (constellation), as is always the case in practice. The second restriction is that the inputs are i.i.d.,
or more precisely that an i.i.d. random coding distribution is used. This restriction is justified as long as we limit
ourselves to channel coding schemes that were designed for memoryless channels, as is common in practice. For
OFDM the latter restriction is taken to mean that all subcarriers use the same distribution — this will simplify our
calculations and it also accurately models wireless ISI channels, which most often change too rapidly for constellation
loading to become practical.

Under these constraints, there is no closed-form expression for the achievable rate of SC modulation. However, an
expression introduced by Shamai and Laroia [18] is known to tightly approximate the SC achievable rate in virtually
all scenarios. The Shamai-Laroia approximation is intimately connected to the performance of decision-feedback
equalization of SC signals.

In this paper, we show that in the sense of achievable rate and under the above-mentioned restrictions, SC
modulation will often offer performance superior or equal to that of OFDM. In particular, we prove that for BPSK
and QPSK inputs, the OFDM achievable rate is lower than the Shamai-Laroia approximation regardless of the ISI
channel. A numerical study indicates this holds also for 4-PAM, 8-PSK, 16-QAM and 32-QAM inputs. For general
finite-alphabet input distributions, we prove the same result in the low- and high-SNR regimes. For PAM and square
QAM inputs, we find an SNR threshold above which the high-SNR regime is in effect. For square QAM inputs of
order 256 and above, this threshold corresponds to a symbol error rate of more than 50% and is therefore reasonably



low. We provide an exact characterization of the maximum advantage OFDM may offer over the Shamai-Laroia
approximation. Numerical evaluation shows that this advantage is very small for QAM constellations of orders up to
4096 (less than 0.1 bit). Complementing this result, we show that the advantage of the Shamai-Laroia approximation
over the OFDM rate becomes arbitrarily large for some of ISI channels. Thus, SC schemes may offer a significant
performance gain over OFDM in certain cases, but not vice versa. Finally, we study continuous uniform input, which
is limiting case of increasingly high-order QAM inputs. We show that unlike the finite-alphabet cases, under uniform
input the Shamai-Laroia approximation cannot significantly exceed the OFDM achievable rate. This indicates that
the advantage of SC over OFDM will become small if a sufficiently dense input constellation is chosen. However,
such inputs are not necessarily feasible. We provide a detailed discussion on practical scenarios in which SC is
expected to offer a considerable performance gain over OFDM.

Our results stem from the concavity properties of the input-output mutual information in a scalar Gaussian channel,
as a function of a rescaled SNR variable that we call the “log-SNR”. In order to investigate these properties, we
make extensive use of Information-Estimation results that link derivatives of the mutual information function and
estimation-theoretic quantities [[19]—[21[]. We derive new bounds on MMSE estimation of PAM inputs to an additive
Gaussian channel in the high-SNR regime. Besides their use in proving some of our main results, we believe them
to be of general interest.

There is a considerable amount of literature that deals with comparison between SC and OFDM modulations. It is
mostly concerned with comparison of specific schemes and quantities such as PAPR and bit or frame error rates (c.f.
[22]-[27]]). Some works also compare fundamental limits. In [28]-[30] achievable rates are considered, but Gaussian
inputs are assumed in order to model adaptive constellation loading, leading to the expected conclusion that both
methods offer the same rates. In [31] achievable rates are compared via simulation for binary input and two-taps
ISI channels. The authors report that in these settings SC is superior, but make no general or theoretically-backed
claims. In [32] it is conjectured that the SC achievable rate is always higher than the OFDM rate. This conjecture
is supported by numerical evidence, but no theoretical analysis is performed. In [33] and [34] the cut-off rate is
compared analytically, and the SC rate is shown to exceed the OFDM rate in several scenarios.

In a recent report [35]] the authors independently found that concavity with respect to log-SNR yields an inequality
between the OFDM achievable rate and the Shamai-Laroia approximation. Based on numerical evidence, they
argue that concavity holds for QPSK and 16-QAM inputs and that while it does not always hold for higher order
constellations, the maximum difference in favor of OFDM is small. However, the majority of our results remain
exclusive to this work, including the analytic proofs of concavity, the study of the concave envelope and the
application of Information-Estimation tools.

The rest of this paper is organized as follows. Section [[Ij formulates the problem and presents the main results,
briefly discussing their extension when linear precoding is allowed. Section introduces the log-SNR scale and
studies the concavity of the mutual information function with respect to it, culminating in a proof to our main
result for general finite-alphabet inputs. Section focuses on the nonlinear MMSE estimation of PAM random
variables corrupted by additive Gaussian noise. In this section, a novel “pointwise” result is presented, bounding the
conditional variance of the channel input given an observation of the channel output. This bound is then applied to



derive a tight high-SNR characterization of the MMSE function and its derivative. Section [V| uses insights from the
two previous sections in order to prove our results pertaining PAM and square QAM inputs, as well as continuous
uniform input. Section [VI| contains an in-depth discussion on the differences between the SC and OFDM achievable
rates likely to occur in practice, and the implications of increasing the constellation order. Section concludes

this paper.

II. PRELIMINARIES AND MAIN RESULTS

We consider a complex-valued, discrete-time ISI channel model,

L-1
ye =Y hite—i +n, M

i=0
where £ is the channel input sequenc hé ~1 are arbitrary complex-valued ISI taps and n> is an i.i.d. standard
complex Gaussiarﬂ sequence independent of the input. Here L denotes the length of the channel impulse response.
Let H () = f;& hie~7%% be the ISI channel transfer function. We assume throughout the paper that the input
sequence has zero mean and unit average power, i.e. £ |asl|2 = 1. Since the input and noise are both normalized to
unit variance, the quantity E,’;‘:—Ol |hi|? = 5= ["_|H()|2d, which is not normalized to unity, expresses the input

signal-to-noise ratio (SNR).

A. Single carrier modulation model

In our model for single-carrier modulation, the channel input sequence is assumed to be i.i.d., zero-mean
and unit power, with every input symbol drawn from a finite complex-valued alphabet also known as a signal
constellation. Conventional constellations are composed of 2™ uniformly spaced symbols, each representing m data
bits. Commonly used constellations include BPSK, QPSK, 8-PSK, 16-QAM and 64-QAM [|1]]. Unless specifically
mentioned otherwise, our results apply for any (finite alphabet) input distribution. However, when we refer to a
certain input distribution by its constellation name (e.g. “BPSK input” or “256-QAM” input), a uniform distribution
over the constellation points will be assumed. The maximum achievable rate for reliable communication under the
assumptions of this model is given by the input-output Average Mutual Information [36]:

Tse ® Jim sl (2% ) = 1 (w05 v |27k @

where I (A ; B) denotes the mutual information between A and B, and I (A ; B | C) denotes the mutual information
between A and B, conditioned on C (c.f. [37]).
When the input distribution is symmetric Gaussian, a closed-form expression for Zgc can be easily derived (cf.
[17). (T8 -
Isc Gassian = ﬂ/ log (1 + [H(6)[?) df (€)]

—T

I'We use the standard notation a%f for the sequence [an, , AN, +1; ---, @N, ]| With the natural interpretation when N1 = —oo and/or N = co.
2A standard complex Gaussian variable is of the form n! + jn®, where n,n® ~ N (0,1/2) and n! 1 n@.



Let
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stand for the input-output mutual information in a scalar complex-valued Gaussian channel with unit-power inpulﬂ
z, SNR v and standard complex Gaussian noise n, independent of x. The Gaussian achievable rate can also be
expressed as

Tsc,Gaussian = IGaussian (SNRMMsE-DFE-U) (5)

where
us

1
SNRMMSE-DFE-U = €XP {2 /
T

log (1 + [H(0)]?) de)} -1 (6)
is the output SNR of the unbiased MMSE linear estimator of z, given z_. and Y=, known as the MMSE
decision-feedback equalizer (DFE), and IGaussian (7) = log (1 + ) is the input-ouput mutual information for a
complex-valued Gaussian channel with standard complex Gaussian input. A concise presentation of the MMSE
descision-feedback equalizer, as well as a derivation of its output SNR can be found in [3]].

When the input distribution in not Gaussian, no closed-form expression for Zgc is known and it must be
approximated either analytically [18]], [38]], [39] or by Monte-Carlo simulations [40]-[42]. A simple and often-

used approximation for Zgc was first proposed by Shamai and Laroia [[18]],
Isc =~ Ist. £ I, (SNRymise-DFE-U) @)

where x is a random variable distributed as one of the input symbols to the ISI channel. This approximation can be
derived by applying the MMSE DFE on the channel output sequence and replacing the residual ISI by independent
Gaussian variables with equal power — however, as explained in 18], the central limit theorem cannot be used to
rigorously justify this approximation, as the residual ISI coefficients do not meet its conditions.

The Shamai-Laroia approximation was originally conjectured to be a lower bound on Zgc. However, in [39] a
counterexample based on highly skewed binary input is constructed, showing that this conjecture does not hold for all
input distributions. Nonetheless, extensive experimentation has shown that when conventional input distributions are
used, Igy. is an extremely tight lower bound for Zgc for any ISI channel and SNR [18], [38]], [40]]. In particular, there
is no known counterexample to Zgc > Igp that involves symmetrically distributed inputs (as all conventional inputs
are). Moreover, in [39] the lower bound Zgc > Igp. is proven to hold for sufficiently high SNR, further establishing
its validity. Whether Zgc > Igp can be proven to always hold for specific input distributions is a question open to

future research.

B. OFDM modulation model

In OFDM, information is transmitted in blocks of N + N¢p channel inputs, where the first Nop elements of
each block are identical to its last N¢op elements and thus constitute a cyclic prefix (CP). With the CP discarded at
3By “Gaussian channel” we mean a channel with additive Gaussian noise independent of the input, which is not necessarily Gaussian. The

subscript z will commonly be used to indicate that a general input distribution « is discussed, and subscripts with indicative names will be
employed when referring to specific input distributions, e.g. Ippsk (7) and IGaussian (7)-



the receiver, the ISI channel is transformed into a vector channel,
y=Hx+n 8)

The vectors y and x represent blocks of N channel outputs and inputs, respectively, n is a standard complex
Gaussian noise vector, and H is a matrix representing the ISI. Practical OFDM schemes are designed so that the
cyclic prefix is longer than the channel memory (Nop > L). Moreover, we consider a sequence of schemes in which
the block size N and the cyclic prefix size Nop grow to infinity, so that Nop is guaranteed to exceed L eventually.
Assuming Nop > L, H is a circulant matrix, with first row equal to [hg,0---0,hr_1,--- , h1]. Therefore, H is
diagonalized by the the DFT matrix of order N,

HY = wHW ! )]

1

with H? a diagonal matrix and W, j, = ﬁe_%jmk/ N the DFT matrix. Applying the input precoding x = W1k

and output transformation y = Wy thus yields an equivalent diagonal vector channel,

§ — H9% + (10)

We assume that the elements of X are i.i.dﬂ zero mean and have unit average power. Since the channel model
in (10) is simply N parallel channels, the maximum achievable rate per channel input is given by

N
1 1
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with I, (-) as defined in @) and z distributed as one of the elements of X. The Toeplitz Distribution Theorem [43]]

allows us to take the limit of the large block size,
. 1 4
Torpm = A}gr(l)OIOFDM(N) = o Iy (‘H(G)F) do (12)

—T

where it is assumed that Nop grows as o(IV), so that the rate overhead of the cyclic prefix vanishes.

C. MMSE estimation in a scalar Gaussian channel
Consider once more the scalar complex-valued Gaussian channel y = ,/yx +n with input x and standard complex
Gaussian noise n independent of z. The minimum mean square error (MMSE) in estimating x from y is given by
mmse, (7) = E |z — E [z[y]|* (13)
For a standard complex Gaussian input we have mmsegayssian (7) = 1/ (1 + ) > mmse,, (), for any other unit-
power input z.

4This is usually the case in wireless links, where the communication overhead of coordinating different powers and constellations for different
subcarriers often makes doing so undesirable.



Assuming z has zero mean and unit variance (i.e. E |Jc\2 = 1), the connection between the mutual information
(@) and the MMSE is given by:
I (v) = mmse, () (14)

Note that the above equation differs from the familiar Guo-Shamai-Verdd formula [19] by a factor of 2 on the
right-hand side. This is due to the fact that our channel model is complex-valued. The relation (I4) can be easily
derived from the vector version of the GSV theorem (eq. (22) in [[19]]), by considering a two-dimensional scalar

channel matrix.

D. Statement of results

Our main result provides a connection between Zoppy and Iy for finite-alphabet inputs. First, we show that an
inequality of the form Zoppy < Isp + A, always holds, where A, > 0 depends only on the input distribution (and
not on the ISI channel). Second, we characterize low and high SNR regions in which the strengthened inequality
Torpm < Isp holds, even when A, # 0. To this end, we introduce two pairs of SNR thresholds. The first pair,
denoted % and 75, constitutes low and high SNR thresholds with respect to SNRyvysg-pre-U, defined in (@ — when
SNRMmMSE-DFE-U 1S below 7, or above 72, we have Zoppm < Isp. The second threshold pair is denoted Yo and 7,
and relates to the channel’s frequency response — when | H (6)|? is bounded by Yo from above or by 7, from below,
we are guaranteed once more to have Zoppy < Isp. Like A, these thresholds depend only on the input distribution.

The explicit construction of Yo V0u Vys V2 and A, is deferred to Section [[TT] and Definitions E} E] and E] therein,
as it relies on concepts and results developed there. These quantities are defined in terms of concavity properties of
a certain function, and are straightforward to evaluate numerically. In particular, we provide an expression for A,
in terms of a three-variable optimization problem which is easily solved numerically — see below.

Formally stated, our main result is as follows,

Theorem 1. For any ISI channel and any finite alphabet distribution x,
Torom < IsL + A, (15)

Where A, > 0 is given by

AE s log (11:—%) Iz (72) — L. (7)] — log (11‘:7’1/2) (I, (7) — I ()]

Y172 St log ([1 4 2]/ [1+m])
Y1 <7<y2

(16)

Additionally, if A, > 0, there exit 0 < Yy S SV <72 <00 that depend only on the input distribution,
such that Torpm < Is1, holds whenever the channel transfer function H (0) satisfies at least one of the following
conditions:

1) SNRmwmse-pre-u € [0,7,] U [¥2, 00)

2) [HO)]? < 7, for every 0 € (—m, )

3) [H(0)]> > 7o for every § € (—m,m)



Next, we provide the following results, which sharpen Theorem [I] for specific input distributions,
Theorem 2. For BPSK and QPSK inputs, A, = 0 and so Zorpm < Isp for every ISI channel.

Theorem 3. For M-PAM and square M?-QAM inputs, (dmin /2)2% < 1, where duyin is the minimum distance

between input symbols, assuming unit input power.

Combined with Theorem |1} Theorem [3| implies that for M -PAM and square M 2.QAM inputs, Zoppm < Isp
whenever the ISI channel is such that (diin/2)° [H ()2 > 1 for every § € (—m, ). Since the uncoded symbol
error rate in OFDM subcarrier frequency 0y is a function of (dmiy/2)” | H (6|2, the following corollary is immediate,

Corollary 1. For a given ISI channel and square M?-QAM inputs with M > 16, if the uncoded symbol error rate
is below 50% in all OFDM subcarriers, Loppm < IsL.

Our last result deals with uniformly distributed input. This input distribution represents the limit of infinitely
high-order QAM, and is therefore referred to also as co-QAM. Since this input has an infinite alphabet, Theorem
[[] does not apply to it. Instead, we have

Theorem 4. For uniformly distributed complex input and any ISI channel,

— Asooam < Zorom — Ist < Asooam (ael(rl%rxw) |H (9)|2> 17)

where Ao.qam = 0.0608 [bit], and As.qam (7). is a non-decreasing function that satisfies Aq.qam (7) = 0 for
every < 7> x 8.76 [dB], and

Hm Ascoam () £ Asgam = log (me/6) ~ 0.509 [bit] (18)

Y—r0o0

is the uniform input shaping loss with respect to Gaussian input.
Moreover, Torpm > Is, when H () satisfies at least one of the following conditions:
1) SNRmMSE-DFE-U > Wéoo_QAM) ~ 16.5 [dB]
2) [H(0)]* > 7MW ~ 8.76 [dB] for every 0 € (—m, )

Note that Theorem[z_f] provides some of the guarantees of Theoremm In particular, we have Zoppm < Isp+Asc-0am
for any ISI channel, as well as Zorpm < Isp for every channel that satisfies |H (0)|? < lém‘QAM). Figure |1| graphs
AOO_QAM (), which is evaluated numerically based on the analysis carried out in subsection As seen in the
figure, the convergence of A gam (7) to Aso.gam is extremely slow. Thus, for any practical purpose we may select
an SNR level 4 that is much higher than any plausible value of |H (0)|?, and use A, gam(7) instead of A gam-
Depending on the application, appropriate choices of 7 are likely to yield values between A o, .gam (30 dB) ~ 0.0841
and A gam (60 dB) ~ 0.228.

Table [I| summarizes a numerical study of the quantities that appear in Theorem |I} The table is consistent with
Theorem @] and indicates it also extends to 4-PAM, 8-PSK, 16-QAM and 32-QAM inputs. It also reveals that while
nonzero, Aes.gam is negligible, being of the order of a millionth of a bit. For higher order constellations A, is

more significant, but remains quite small even in very high-order constellations such as 4096-QAM. The limiting



Table T
NUMERICAL EVALUATION OF THE QUANTITIES APPEARING IN THEOREM/T]

nput | (%32)" [dB] | 7, [dB] | 7, [dB] | 5o [dB] | 42 [dB] | A, [bits]
BPSK,
4-PAM,
QPSK, 8-PSK, (varies) - - - - 0
16-QAM,
32-QAM
64-QAM ~16.2 107 | 110 | 117 | 120 | 186107
256-QAM —223 529 | 901 | 192 | 210 | 00202
1024-QAM —283 363 | 881 | 252 | 275 | 0.0585
4096-QAM —34.4 260 | 877 | 310 | 336 | 0.0987
50-QAM — : 8.76 : : 0.509

Note: All values are rounded to three significant digits.

case of 0co-QAM input is also included in the table. It is seen that 4096-QAM has a value of %o quite close to
that of 0o-QAM, but that Auggegam is still far from converging to A...gam. Examining Figure [1} it is seen that
for the various QAM inputs considered, A, is well-approximated by Ao, oam (72). Finally, the table shows that
the general bound provided by Theorem [3] is slack by an approximate factor of 2 — i.e., for higher-order QAM,
(dumin/2)* 50 ~ 1/2.

Our results show that Zoppm may only exceed Isp by a small amount, but the opposite is not true. Indeed, in
subsection we construct a family of channels for which Zoppy tends to zero while Igp tends to the input
entropy and in subsection we discuss practical scenarios in which the SC achievable rate is significantly
higher than the OFDM rate. However, Theorem |4| indicates that this difference can be made small by increasing the

constellation order. Subsection further discusses this course of action.

E. A note on linear precoding

Our results extend straightforwardly to the following generalized problem setting. In the SC case, we add a linear
precoding filter that is applied on the i.i.d. inputs prior to their transmission. In the OFDM case, we allow a different

power allocation for each subcarrier. More concretely, the SC precoded transmitted symbols are

xprecoded Z Cilt—i (19)

where £2°_ is an i.i.d. input sequence and the precoder taps satisfy . |ci|2 = 1. The OFDM transmitted symbols

—o0
~ precoded \/7£C7, (20)

where Z{ are the i.i.d. OFDM block inputs as in .b and the power allocations satisfy » . P; = 1.
Clearly, precoded SC modulation with taps ¢>°,_ and ISI channel | H ()| is equivalent to normal SC with channel

are
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Figure 1. Numerical evaluation of AOO,QAM (y)-

|C (0) H (0)]> where C (6) = 3 . cke %% Moreover, OFDM with non-uniform power allocation is equivalent to
normal OFDM with channel P (6) |H (6)|* where P (2mi/N) = P;. Equating |C (A)]* with P () we conclude that
for any SC linear precoder there exist an OFDM power allocation such that both yield the same equivalent ISI
channel. Hence, given a degree of freedom in choosing any SC linear precoder and any OFDM power allocation
policy, our results are still applicable, revealing that SC has significant advantages over OFDM in this case as well.

The introduction of linear precoding lends additional viability to our assumption of i.i.d. input, as the capacity-
achieving SC scheme can be viewed as i.i.d. Gaussian inputs linearly precoded with an optimal Waterfilling filter.
Thus, it is reasonable to assume that when combined with a suitably chosen linear precoder, statistically independent
symbols will be close to optimal even when input alphabet constraints prohibit Gaussian signaling. For OFDM with
independent non-Gaussian inputs, an optimal power allocation policy called Mercury/Waterfilling was proposed in
[44]. However, the Mercury/Waterfilling spectrum does not necessarily describe the optimal linear precoder for the
i.i.d. non-Gaussian single carrier case. Using the methods described in [45], it should be possible to find the taps

of this optimal precoder.

III. CONCAVITY OF MUTUAL INFORMATION WITH RESPECT TO LOG-SNR
A. Log-SNR scale
For a given SNR +, define the log-SNR as ¢ = log (1 + 7), and let

15 (¢) & I(ef — 1) 1)
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Figure 2. 1 log (¢) for some common input distributions.

be the input output mutual information, as a function of log-SNR, for a scalar complex Gaussian channel with zero-

mean, unit-variance input x. Since ( is identical to [ g’fussian (¢), it is naturally measured in units of information.
Moreover, we have I1°% (¢) < Ié‘;fussian (¢) = ¢ for all inputs. Figure [2| shows I°¢ (¢) for some common input

distributions. As can be seen in the figure, I1°¢ (¢) is nearly linear for low ¢ and, for finite alphabet inputs, it is
nearly constant for high ¢, with the shoulder occurring at around the input entropy.

The main results of this paper hinge on the concavity properties of I1°% (¢). In this section we study these
properties for a general input distribution. We begin by showing that I°¢ (¢) is concave for sufficiently low and
sufficiently high (. Next, we consider the concave envelope of I!°% () and show that it must equal I!°% (¢) for

sufficiently low and sufficiently high (. Finally, we apply these conclusions to prove Theorem

B. Asymptotic concavity results

Proposition 1. For every input distribution x, there exists 0 < (o such that 1\°% (¢) is concave for every ¢ € [0, (o).



Proof: Setting v = e — 1 and differentiating '°% twice, we find that

1o57(0) = eXI"(ef — 1)+ eSTh(eC — 1)
= 1+ L+ 0+ Ly
= (1 +7) [mmse,(y) + (1 + ) mmse/,(7)] (22)
= (1+) 4 (14 mmse, ()] = (149) 7, () 23)

where the transition to (22) is due to the I-MMSE relation . The function 7, () = (1 + ~) mmse, () denotes
the ratio between the MMSE’s of the non-linear and linear optimal estimators of z in the scalar complex Gaussian
channel with SNR ~. Clearly, r,, (v) < 1, and r,, (0) = 1. Therefore, by continuity there must be a neighborhood
of 0, denoted by [0, 7], in which r, is decreasing. Hence, by we find that I!°8 (¢) is concave in [0, (o], with

o = log(1 + o). u
Proposition 2. For every input distribution © over a finite alphabet, there exists (o < oo such that 1'% () is

concave for every ¢ € [(p, 0.

Proof: Let d,,;,, denote the minimum distance between any two symbols in the input alphabet. By the standard

probability of error upper bound (c.f. Appendix C in [44]), we have
mmse, (y) < D2 (dmin/2)*y (24)

for some D > 0. Moreover in Appendix [A]it is shown that

, ( ) Ce_(dmin/2)2'y (25)
mmse,(y) < —C——r——
N4l

for sufficiently large + and some C > 0 . Therefore, denoting again v = ¢ — 1 and substituting the above bounds
in (22), we find that

1+
e < (14 (D2 O) (drsn /27 (26)
22 (O <(1+7) Ve
for some C' > 0 and sufficiently large . Clearly, this implies I, ;Og”(g ) < 0 for sufficiently large (. ]

Definition 1. Let 0 < ¢ < oo be the maximal o for which I!°8 (¢) is concave for every ¢ € [0, (o] and similarly
let 0 < (o < oo be the minimal (o for which I,’% (¢) is concave for every ¢ € [(o,00). Let v, = ¢S — 1 and
7o = €% — 1 denote the SNR’s corresponding to ¢ 0 and (, respectively.

Notice that ¢/ < Co if and only if I!°% (¢) is not a concave function of ¢, in which case

1oe"(¢ ) = 1" (Go) = 0 27)



C. Concave envelope

Let I}Og (¢) denote the concave envelope [46] of Il°%, i.e. the smallest concave function that upper bounds I1°¢,

also given by,
fog(¢) = sup (€= ¢) I8 (C) + (G2 — O I (G1)

¢1,C2 s.t. CZ - Cl
C1<¢<¢2

(28)

Clearly, I log exists and is upper bounded by ¢, which is a concave functions that upper bounds 7:°¢ (¢). Since I'°#
is real-analytic, I}Og (¢) is continuous and has a continuous derivative. Moreover, our previous results allow the
following,

Proposition 3. For every input distribution with finite alphabet, There exist (1 > 0 and (2 < oo such that I log (¢) =
I8 (C) for every ¢ € [0,¢1] U [, 00).

Proof: At any point (, the concave envelope I'°% (¢) is either equal to 1'% (¢) or linear in an interval containing
¢, such that the concave envelope is equal to I°¢ at the edges of the intervals. Put in other words, there exists a

set of disjoint intervals {[C1,(2,:]},cg such that

¢—C1,i C2,i—C
e I (Ci) + 250 108 (Ci) - €€ [ ol

Il°e (¢) otherwise

e (¢) = (29)
Moreover, since 112/ (¢) is also continuous, the above statement implies that '8’ (¢) = I8/ (¢1 ;) = I8/ ((o.)
for every ¢ € [C1,i, C2,4]-

Suppose by contradiction that there exists io such that (;;,, = 0. Denoting v = e¢ — 1, By the I-MMSE
relationship we have I1°¢’ (¢) = r, (¢) = (1 4 ) mmse, (7). Since the input is normalized to unit power, we have
18" (0) = r, (0) = 1, and so there must exist (2,;, > 0 such that I}°¢’ ({5 ;) = I!°¢' (¢; ;) = 1. However, since the
input is not Gaussian (it has finite alphabet), and since mmse, (0) = 1, the single-crossing property [20] implies that
mmse,. (7) < 1/ (14 7) for every v > 0 and therefore I°¢’ (¢) < 1 for every ¢ > 0, contradicting 118" ({5 ;) = 1.
Hence, setting ¢; = min;eg (;.1, we find that I1°% ({) = fiog (¢) for any ¢ € [0, (4.

Since the input has finite alphabet, f;og (¢) converges to a finite value (the input entropy). By the data-processing
inequality, mutual information is an increasing function of SNR, and since the mapping ¢ = log (1 + ) is monotonic
and increasing, it follows that I'°® (¢) is also increasing in ¢. Therefore, I!°%/(¢) > 0 for any 0 < ( < oo
and lim¢_, o I1°%’ (¢) = 0. Moreover, by Proposition [2| we know that there exist (; < oo such that I8’ (¢) is
monotonically decreasing for every ¢ > (y. By the above observations, there must exist (5 < (2 < oo such that
Ca < (o < ¢ implies 11987 ((,) > I8 (¢3) > I8/ (¢p). Clearly (a; < (o for any i € S, as otherwise the equality
118 (Cy4) = 1987 (1 ;) contradicts II°¢/ (¢) ;) > I8 ((y) > 1%/ (Cy ;). Therefore, we have 1192 (¢) = I1°% (¢)

for any ¢ € [(2,0), concluding our proof. ]

Definition 2. Let 0 < ¢, < oo be the maximal ¢, for which I8 (¢) = I8 (¢) for every ¢ € [0,¢,] and similarly
let 0 < (5 < oo be the minimal Cy for which 118 (¢) = I!°% (¢) for every ¢ € [z, 00). Let 7, = ¢S — 1 and
Yo = ¢$2 — 1 denote the SNR’s corresponding to ¢ L and (s, respectively.
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Figure 3. II°% and F1°% (right), and their derivatives with respect to ¢ (left), with o Co,¢ ¥ ¢2 and A, highlighted, for 256-QAM input.

Notice that in light of the above definition, the optimization in the definition of the concave envelope (28) can
be limited to ¢; and (> in the interval [( G).

Definition 3. Let A, denote that maximum difference between I'°¢ (¢) and its concave envelope.

By the above definition and (28) we have,

A, = max [10%(Q) ~ 1% (¢)] (30)
o log () I () — L ()] —log (522 112 () — L ()] N
e log (1L + 721 /11 + 72) oy

Y1SY<72

Using (29), it is seen that

Ay = 102 (Cn) = IR (Cn) = (Gn — Cui) 1% (G) — [1°8 (Gn) — 1203 (C1.4)]
= [L%(Coi) — L% (Gm)] — (Coii = Cm) 1Y% (Gm) (32)

for some i € S and (,, € [(1.4, (o, that satisfies I1°87 () = 118’ ((1;) = I8 (Ca0).
Clearly, A, = 0 if and only if I'°® is concave in RT. As seen from Table m A, is quite small, even when I.°8
is not concave. Figure |3 illustrates ]A'glﬁog, ¢ o Co, ¢ " ¢ and A, as defined above, for an input uniformly distributed

on a 256-QAM constellation (two 16-PAM constellations in quadrature).



D. Proof of Theorem ]
Proof: The inequality is immediate from the definitions of Is;, Zorpm, 1. }vog, I glaog and A,:

Torow = o _: L (H©)P) db (33)
= % /_: 1% (log (1 + [H(0)[*)) do (34)
<o 1% (log (1 + [H(6)[?)) d6 (35)
< Iloe (;ﬁ /: log (1+ |H(0)]%) do) (36)
= I'°8 (log (1 + SNRwmisEDFE-U)) (37
< I, (SNRmmse-pre-u) + Ay = Isp + A, (38)

where in the concavity of I}’g was used to invoke Jensen’s inequality. Choosing 7y, and 7 to be as defined in
Definition [2] it is clear that if condition 1 holds, then

Ilog (log (1 + SNRymse pre-v)) = 12 (log (1 + SNRymse prev)) = Ist (39)

and Zoppm < Igv is therefore valid. Choosing 7, 0 and 7y according to Definition (1} if either condition 2 or conditions

3 hold, then I!°¢ is a concave function for every value of |H ()|, and we may therefore exchange fglcog with [lo8

in @ yielding Zoppm < Isp once more. -

IV. INTERLUDE — MMSE BOUNDS FOR PAM SIGNALING

In order to prove Theorems [2] and [3] we first need to derive a tight high-SNR characterization of the MMSE
function and its derivative, for PAM inputs and Gaussian noise. In this section, we first present a novel “pointwise”
bound on the MMSE of PAM signaling conditioned on the channel output. The bound is then applied to derive
inequalities that characterize the MMSE and its derivative in the high-SNR regime, as required. Finally, some bounds
on the MMSE and its derivative are presented for the special case of BPSK input. Besides their use in proving

Theorems [2] and [3] the results presented in this section may be of general interest.

A. A pointwise MMSE inequality

Let X be a real-valued random variable and deﬁneﬂ Y, =X+ \%N with N ~ N(0, %) and independent of X.

Y, is the Gaussian-noise contaminated version of X, at SNR ~. Let
2
éx (y:7) = Ex ||X — B[X|Y, =y)” |V, =y (40)

SWe have chosen here to let y scale N and not X, as opposed to the convention in the I-MMSE literature. This definition ensures that Y,
and X are on the same scale, which simplifies many of the derivations that follow. We have also set the noise variance to be 1/2 when v = 1,
in the purpose of making these results easily applicable in the complex setting of the rest of the paper.



denote the “point-wise” conditional variance of X given a noisy channel observation. Clearly, mmsex(y) =

Ey, ¢x (Y5;7). Moreover, exploration of Information-Estimation relations [20] has revealed that,

mmse’y (7) = —2Ey. ¢x (Y5:7) 41

Hence, intimate understanding of ¢x (y;~y) is expected to provide insights on both the MMSE function and its

derivative. For the case of PAM input distribution, this understanding is presented in the form of the following,

Theorem 5. Let X = {x1,...,xp} be the alphabet of an M-ary PAM constellation such that X,,11 — T = d for
every 1 <m < M . Let X be uniformly distributed in X. Fix y € R and choose 1 < J < M such that xj,x ;41

are the nearest values to y in X. Let By be uniformly distributed on {xj,xj1}. Then,

0<¢x (1;7) — ¢, (1;7) < (g)QD ((Z>2v> (42)

16e~47

(1—e*)°

with -
D(y)=4) (k+1) e < (43)
k=1

Proof: Appendix [ |

Note that e g e
b8, (Y;7) = (2) $BPSK <(2> [y - JU—;M} ; <2> 7) (44)

where ¢ppsk (y;7) = 1 — tanh?® (2yy) is the conditional variance function for BPSK input.

Put in words, Theorem [5] means that for PAM input and given channel output, the expected value of the MMSE
is lower-bounded by the expected MMSE given the same channel output and assuming an input equally distributed
on the two PAM symbols nearest to it.

Figure [4] illustrates the bounds in (#2) for 4-PAM input. As the figure indicates, the lower bound is reasonably
tight for (d/2)*~ as low as 0 dB, and both bounds are very tight for (d/2)*y = 3 dB and above.

B. High-SNR characterization of the MMSE

Let mmseq, ar-pam () stand for the mmsex (), with X uniformly distributed on an M-PAM constellation with

distance d between adjacent points. We show that

M-—1/[d\’ d\’
mmseq pr-pam () & 2 7 <2> MMSERPSK <<2) fy) 45)

in the sense that the difference between the terms tends to zero with a faster exponential rate than mmse;—pans (),

where mmseppsk (7) = mmses 2 pAM (7). Moreover, we use similar techniques in order to show that this
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Figure 4. Tllustration of Theorem for 4-PAM input with d = 2 and two different SNR’s: (a) (d/2)%~ = 1 and (b) (d/2)% v = 2.

approximation also applies to the derivative of the MMSE with respect to v, i.e.,

M—1(d\" d\’
mmse); s pay (7) & 2 v <2> mmseppgK <<2) 7) (46)

It should be noted that (#3)) can be seen as a special case of the high-SNR MMSE characterization for general discrete

inputs that was recently presented in [47]]. However, the following analysis provides two important advantages. First,
it enables us to also establish (]Z_B[) — a characterization of the derivative of the MMSE. Second, it allows for explicit
and tight bounds on the difference between the exact M-PAM quantities and their BPSK approximations. Both of
these features are crucial for establishing the bound in Theorem [3]

Letting

2T

> 1 2
Q) 2 / L2y @47)
xT
denote the standard error function, the result @ is stated formally as follows,

Theorem 6. The following bounds hold for every M > 2, d > 0 and v > 0:

mmseq, pr-pam () < 2M]\; ! (;l>2 [mmseBPSK <(§>27> +B ((Z)QW’)} (48)

B(7) = 16Q (\/@) +4§:(2k+1)Q (k@) (49)

k=2

M-—1[d\* d\’ d\’
mmseq, pr-pam () > 2 % <2> [mmseBPSK ((2> 7) —B<(2> 7)] (50)

with

and




with
e~ (51)

Proof: Appendices and [ |
Similarly, (#6) has the following formal form,

Theorem 7. The following bounds hold for every M > 2, d > 0 and v > 0:

, M—1/d\* ) d\ 2 _(7d\?2
mmsey s pam (V) < 2 Vi <2> lmmseBPSK <<2) ’Y) +C<<2) 7)] (52)

with
AN 90,8 4 g
C (v) =32e°7Q (\/327) < \/ﬁe v (53)
and 4 2 2
M-—-1/d d d
mmsey 7 pam (7) > 2 i (2> lmmseﬁPSK <(2) 7) -C <<2) 7)] (54
with

e [4 (i " DQ@W) <8§:<’f+ D?e 4 1) +Q (@)] (55)

k=1 k=1

Proof: Appendices [C-C| and
d

|
Figureillustrates the high SNR behavior of mmseg as-pam (77) / {2% (5)2} and mmsey 7 pay (7) / [27 (g)zl}
for different values of M. It is seen that the above bounds become tight at (d/ 2)2 v values of around 3 dB.

C. Bounds for BPSK inputs

We present some upper and lower bound on the MMSE function and its derivative for the case of BPSK inputs.
These bounds will be of use in proving analytically that A, = 0 for BPSK and QPSK inputs, as claimed in Theorem
2l

Theorem 8. The following bounds on mmseppsk () hold

1 72\ 7 1 T 1
1- =) YT~ v g < VT - o7 56
( 278) 5 ﬁe < mmseppgk (7) < 5 Fye (56)
e

< mmsegpsk (7) < e (57)

V1+2y
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Figure 5. Illustration of Theorems [6] and [7] for M values of 3, 4, 5, 8 and 16.

similarly, the following bounds on mmsegpgy (77) hold

1 (72 N Tl
(155 (5 71)) 55 s s )£ 372 Y
277 , —
Tﬁv < —mmseppgi (7) < 2e (59)
Proof: Appendix [

We note that the bounds in (56) are composed of the first two terms in the asymptotic high SNR expansion of
mmseppsk (7) derived in [44]. Our contribution in this case is the proof that these approximations are upper and
lower bounds. Our proof of the bounds also allows for a simpler derivation of the series expansion than the one in
[44], as well as extension of these bounds to mmseppgk (7). It is worth noting that while not asymptotically tight
as v — oo, the lower bound e~7/y/T + 27 is a good approximation for mmsegpgk (y) for all values of 7, with a

maximum slackness of less than 0.022.

V. RESULTS FOR PAM AND SQUARE QAM INPUTS

In this section we utilize the results from Sections [T and [IV] in order to prove Theorems [3] 2] and ]

A. Proof of Theorem [2]
We recall the definition of I°& and prove the following,

Lemma 1. [;0%, (¢) and I(lgopgSK (¢) are concave in (.
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Proof: Let v = €$ — 1. As shown in , 195" (¢) = (1 + ~) [mmse, (7) + (1 + v) mmse/, (v)]. By Theorem

B

- 2(1+7)
mmse + (1 + ~) mmse; <e 7[1— <0 60
sk (7) + (1+7) Bpsk (7) i (60)
and so I]lg’PgSKH (¢) < 0 for every ¢, meaning I§1§SK is concave in (. Since,
mmserSK('y) = IMINSEeBPSK (%) (61)

we have,

1+ } 62)

1 ! <e V21— —
mmseqpsk (7) + (1 + ) mmseqpsk (7) < e { T3,

and it is easily verified that (1 ++) /y/T+ 3y > 1 for every v > 1. For lower SNR’s, we use the Gaussian upper
bound mmseqpsk () < (1 + v)"" as well as e7/2 > 1 —~/2 to show that

1 1+ (1 —7/2
mmseqpsk (7) + (1 4 7) mmseqpgk () < el ( '7)1 _(|_ 3W’Y/ )] 63)
and once more it is easily verified that (1 +~)* (1 —~/2) /v/T+37 > 1 for every v < 1. We thus conclude that
I(ISESK (¢) < 0 for every ¢, and so ISESK is concave in (. ]

Clearly, if I!°% is concave then 192 (¢) = I!°% (¢) for every ¢ and by its definition , A, = 0. Thus, Lemma
proves Theorem 2| While numeric investigation shows that 1,8\, I8, I i‘(’fQ Ay and Ié‘fQ am are also concave,

no analytical proof of concavity has been found for these cases.

B. Proof of Theorem 3]

Proof: Let v = ¢ — 1 and let p = (dPM/ 2)2 v where diM = | /22— is the minimum distance between

symbols of a unit-power M-PAM input. Using (22) and bounds provided in Theorems [f] and [7} we find that

T (©) = (1+7) [mmsearpam(y) + (1 +7) mmselyy pan(7)]

K [pmmseppg (p) + mmseppsk (p) + B (p) + pC (p)] (64)

IN

with B (p) and C (p) given in and , respectively, and K = 2 (1 + ) 2L (dPAM/ 2)2. Evaluating numer-
"

ically the expression in square brackets, it is found that I}\‘}g_PAM (¢) < 0 for p > 1, see Figure |6l Consequently,

( JPAM /2)2 o < 1 for M-PAM inputs, as required.

min
An M?-ary square QAM constellation is composed of two M-ary PAM constellations in quadrature. Letting
deM — ,/ﬁ denote the minimum distance between symbols of a unit-power M2-QAM input, we have

min

mmser2.gam (V) = 2mmse oan 7 pay (7) (65)
and
mmse) 2 gay (7) = 2mmse oan oo (7) (66)

min ?
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Figure 6. Evaluation of (\/pe™ ") -1 [pmmsefpar (p) + mmseppsk (p) + B (p) + pC (p)].

where mmseg ps.pam (77) denotes the MMSE for an M -PAM input with distance d between adjacent symbols and
complex-valued additive Gaussian noise with power 1/~, as defined in subsection Applying Theorems |§| and

2
to the above equations, we find that I}&%_Q AM”(Q ) is also bounded from above by (64), with p = (dgﬁw /2) 5.

Therefore, we have (d%ﬂw / 2)2 Ao < 1 for M2-QAM inputs, and the proof is complete. u

Examining Figure [§] more closely, we find that the term (64) becomes negative for p values around 0.95, and
the bound on (dpmin/ 2)2 7o might be slightly tightened accordingly. However, as remarked on Table numerical
evaluation of 7, for square QAM inputs indicate that (dp,in/ 2)2 o is closer to 0.5. Therefore, reducing the bound

by 0.05 does not significantly improve its tightness.

C. Proof of Corollary ]
Proof: In the large block size limit, the input SNR at the k’th OFDM subcarrier is given by v, = |H (6))|°
where 0, = 27k /N is the subcarrier frequency and k is its index spanning from 0 to N — 1. Consider a unit-power
square M?2-QAM input and Gaussian noise at SNR ~, and set ¢ = Q < (dmin/ 2)2 7), with the error function
Q (+) as given in (47). For M-PAM input with spacing dp;,, the probability of a symbol error is 2q for the M — 2

inner constellation points, and ¢ for the 2 outer points, i.e.
P = M2 2oy g 2y =]

For M?-QAM input, a symbol error event is the union of two independent error events along the in-phase and

q (67)
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Figure 7. 1, glcog with its concave and convex envelopes (right), and their derivatives with respect to ¢ (left), with ¢ 0 62, Ay and A, highlighted,
for co-QAM input.

quadrature directions, each being M-ary PAM error events. Therefore,

2 ~ ~ 2 M—]. M—l
P —apien (pey? — a2t (12 ML) (68)

It can thus be seen that for M > 16, PETM:’QAM < 50% implies (dimin/2)* v > 1 and hence v > 7. Assuming this

holds for all subcarriers and assuming large enough OFDM block size, we find that |H (49)|2 > 7 for all values of
0, thus satisfying condition 3 of Theorem [I| and proving the corollary. ]

D. Analysis of uniform input

We consider a unit-power input distributed uniformly on the square {— \/g , \/g] X [— \/g , \/g} , also referred to
as 0c0-QAM input. As usual we let Ioo.gam (7y) denote the mutual information between such input and its complex

Gaussian noise corrupted version at SNR ~, and we let I})Z%Q AM €)= 50-QAM (eC — 1) be the mutual information
with respect to log SNR. Figure 7| illustrates [, (l:fQ am and its derivative, as well as the quantities to be defined in
the following paragraphs.

For high SNR, it well known [48§]] that

6
Ioo-qam (7) & log <m7> (69)
and therefore
. me .
glinio (C LRy (C)) = log (3) ~ 0.509 [bit] (70)

as ( is also the mutual information for Gaussian input at log-SNR (, the above limit represent the loss of using
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uniform input rather than Gaussian input at high SNR, and is commonly referred to as the shaping gain.

Proposition |1{ applies to the case of uniform input, and so we know there must a constant ¢ o such I:;‘?Q A () 1s

concave for every ¢ < ¢ . However, the high-SNR behavior of ILZ"_;Q am (€) is quite different than the finite-alphabet

case, and is characterized as follows,
Proposition 4. I};%Q am (Q) is concave for every ¢ < (o and convex for every ¢ > ¢ o where ¢ 0 3.09 bits.

Proof: Appendix [E} [ |
Even though it becomes convex in high SNR’s, [1;% am Still has a concave envelope. Additionally, it is of interest
to study the convex envelope of I é‘fQ aMm> -e. the maximum convex function that lower bounds I Cl:fQ Am> Which we
denote by f};% AMm- Moreover, we are interested in the concave envelope of Iig%Q Av When limited to the interval
[O,E], i.e. the minimum concave function that upper bounds I};fQ M fOr every ¢ € [O,C_J. We will denote this

. ~log;[0,¢ .
function by 1, OZ%Q[A]&] (¢). These concave and convex envelopes are characterized as follows,

Proposition 5. The concave envelope of I;Z%Q AM 1S given by

Lfonu (O) = Jim o= ¢ (71)
and satisfies
7lo: o e
Bcconn = sup (Igunr (O = g () = log () 72

Limited to the interval [O, ﬂ where ( > ¢ " the concave envelope of I};%Q AM IS given by

flosi[0.C] ) = I};%QAM(Q) +(C- gl)lngAM/(gl) (=6, (73)
PoQAM I (1)2% am (€) otherwise
where ¢, < ( depends on C and is determined by the condition I ing[/(il\i] <) = I(LZ‘(_%Q i (Q)- The function Ao qam (7)
is given by,
_ = Alog;[0,¢ ~log;[0,¢
A<><>-QAM (€< - 1) = zlilg <Ioo-Q[AM] () - I:;%QAM (C)) - Ioo-Q[AM} (Cm) — I};%QAM(Cm) (74)

where (;, > ¢, depends on C and satisfies Ié(fQAM’(gm) = IclfoAM’(gl). For ¢ < [ ILE%QAM is concave on the
interval [O, C_] so that fing[gl\i] €)= ILZ%QAM (¢) and Ay gam (65 — 1) =0.

The convex envelope of I (I)Z%Q AM IS given by

" iow (&) (<G
ILO%QAM €)= Jlos QANEO otherwise "
0-QAM

with C~2 = 5.52 [bits] determined by the continuity condition I leQAM(CNz) = I:;)EQAM(QTQ). The constant AOO_QAM is
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given by

Roonm 2 sup 1980 (Q) = 1% (c)] ~ 0.0608 [bit] (76)

Proof: Appendix [F [ |

We let Yo = eSo —1 ~ 8.76 dB and Yo = %2 —1 ~ 16.5 dB. Armed with the above results, the proof of Theorem
H]is straightforward,

Proof of Theorem ' Letting 7 = maxXge(—n,x) |H(9)|2 and ¢ = log(1+7), the proof that Zoppy <

Ist + Ascgam () is identical to the proof of Theorem [I| with fing[/gl\i] (¢) replacing 112 (¢) and A.gam (7)

replacing A,. To show that Isp < Zorpm + AOO_QAM we reverse the direction of the derivation:

1 T
Zorpm = g/ Iscqam (|H(0)%) df (77)

1 T e

=57 | 1= (log (1 +|HO))) d6 (78)
1,

2 o I(Lo%QAM (log (1 + |H(9)|2)) do (79
1o 1 4

> Ioam (% / log (1+ |H (6)[?) d9) (80)

= IV::EQAM (log (1 4+ SNRmmsE pEEU)) (81)

> I'no-gam (SNRymse-pFEU) — Acc-gam = Ist — Acogam (82)

where in the convexity of I'°% was used to invoke Jensen’s inequality. When |H (6)|? > 7, forall 6 € (—m,m),
the function I8 is convex for all values of log (1 + |H(6)|?), and we may therefore replace ji‘;% Ap With I};:fQ AM

and obtain IOFDM Z ISL- When SN RMMSE—DFE-U 2 ’;/2,

fL‘;?QAM (log (1 4+ SNRmmse-pFE-U)) = Too-Qam (SNRmMsE-DFE-U) (83)
and hence the introduction of AOO_QAM is unnecessary, resulting once more in Zoppm > Isi. [ |

VI. DISCUSSION

In this section we use the results obtained in the paper to draw insight on the differences between the maximum
achievable rates of SC and OFDM that expected in practical scenarios. Additionally, we consider how increasing

the constellation order affects these difference and discuss the implications of doing so.

A. Maximum and minimum difference Zoppy and Igg,

Our analysis enables us to characterize the ISI channels for which Iy, — Zoppm Will be smallest, and the channels
for which it will be the largest. If the input distribution is such that A, = 0 then clearly every memoryless (flat

fading) channel achieves the minimum difference Is; — Zoppm = 0. If A, > 0, the minimum difference is obtained
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by a channel with two-level transfer function,

0 1472 1472
Y, |az| <log ( ) /log ( )
|H (9) ‘2 — L1 | 2 | . 1+vm 1+v1 (84)
72  otherwise

with 7,,, = e —1 and (,,, as defined in . Clearly for this channel Isy — Zoppy = —A, , which is the minimum
possible difference according to Theorem

Consider the channel,

, e =1 |9 <o/
|H (0)]" = (85)

0 otherwise
where I > 0 is an arbitrary sharpness parameter. As I" increases, the channel’s frequency response becomes narrower
and steeper. For this channel, Zoppy = I, (erz - 1) /T and Ig;, = I, (€' —1). For any finite-alphabet input, we
therefore have Isy — Zoppm — H (29) as I' — oo, where H (x¢) denotes the input entropy. Clearly, H (x¢) is the

maximum possible difference between Is; and Zoppwm, as it upper bounds both quantities.

Now consider uniform input, characterized in Theorem E] and analyzed in subsection Since Io-gam (7) &~
log () — log (me/6) at high SNR, for the above channel we will have Zoppy — Is. — log (me/6) = Ax-gam
as I' — oo. Thus, the extreme case that maximizes Isy — Zoppm for finite-alphabet inputs also minimizes it for
uniform inputs. However, A_qam is approached only for highly impractical channels. For example, in order for
Torpm — Isp to reach 90% of As..gam, we need I' ~ 10, which yields |H (9)|2 ~ 430 dB! Indeed, A.gam can

only be approached as |H (0)|2 becomes exceedingly large — this is proven by the very slow rate of convergence
of A.qam (7) (Figure .

B. Difference between Lorpy and Igpin practical settings

In OFDM wireless communication systems, the constellation and error correcting code will usually be chosen so
that the code rate is between 1/2 and 5/6 [8]-[11]]. Assuming the system is efficient enough to have performance

close to the maximum achievable rate, this means we would have
1 1 (" log 5
—H (z9) < Zoppm = — I,°% (Co) dO < —H () (86)
2 27 J_, 6

where H (zg) is the input entropy which equals the number of uncoded bits per input symbol for equiprobably
inputs, and (y = log (1 +|H (9)|2> is the log-SNR at subcarrier frequency 6. Let (oppm be the log-SNR in a
memoryless channel with achievable rate of Zoppm, i.e. I}fg (Corpm ) = Zorpm- Under this notation, the single
carrier achievable rate satisfies,

1 T
Tsc ~ Is. = I (SNRumseprev) = 1208 (27r/ C9d9> 87

Examining Figures [2| and [3| while keeping in mind, we are able to estimate the performance gain of SC
over OFDM for different ISI channels. Clearly, for channels with little ISI (nearly constant |H (6)|%), there will
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0
0/m

Figure 8. The channel transfer function expressed in terms of log-SNR (y = log (1 + |H (9)|2> , different values of input SNR.

be little difference between Zorpym and Zsc, as we will have (yp ~ (oppm and Iglﬂog will typically be nearly linear
around (oppym - For higher-order constellations, Zorpy might even be slightly larger than Igp as (p will take values
in the interval where I'°¢ is convex. Little performance gain is also expected when the overall code rate is low so
that maxy I8 ((y) < 2 H (w), since in such scenario I'°% ((y) will be nearly linear. Conversely, a large difference
between the SC and OFDM achievable rates is expected whenever there exists a significant bandwidth of sub-
carriers for which I1°¢ () is close to the input entropy. This event is likely for channels with significant ISI, and
the difference will become more pronounced as the code rate grows.

To demonstrate our conclusions we a present a numerical experiment using a 9-tap ISI channel randomly
drawn from a distribution defined by the 802.11n NLOS channel model B [49]]. The input SNR is given by
=~ " |H (6)|° d6, and is varied by scaling |H (6)|*. At unit input SNR and rounded to 2 significant digits, the
taps of the specific channel used are given by,

h = [0.62e'%7, 0.42¢*%, 0.33¢~ %7, 0.091e*%7, 0.51e*%%, 0.25¢*/, 0.039e*9%77, 0.028¢ 2%/, 0.039¢" /]

Figure [8] shows (g as a function of # for different input SNR’s. Clearly, this channel shows considerable variation
in (y, and so observable differences between the achievable rates are expected. Figure E| shows Is1, Zorppm and the
difference between them for different input distributions. As expected, differences between the achievable rates are



27

14¢
— Igp, Gaussian//00-QAM
12— = ~TorDM _
7 74096-QAM
v
10} —
z /= 7 1024-QAM
= 4
= 8} -
B - - 256-QAM
g 7’
5 6 ~ = T 7 7 64-QAM
= /
= al 7
e 16-QAM
z
2 S QPSK
=== BPSK

0 " " " " "
-10 0 10 20 30 40 50
Input SNR [dB]

057
4096
56 1024

2

o ©
w >

o
N

Ist, —Iorpwm [bits]

-10 0 10 20 30 40 50
Input SNR [dB]

Figure 9. Igp. and Zoppm (up) and Is;, — Zoppm (down) as a function of input SNR, for different input distributions.

very small for low code rates, but become significant as the code rates grow. In some cases, Igy, is seen to exceed
Zorpm by over 15%, and for code rate 5/6 the differences between SC and OFDM in terms of required SNR reach
up to 3dB. The very low rate in which Zoppy converges to the input entropy as the SNR grows can be explained by
the strong notches in the ISI transfer functions, where (y approaches the input entropy only for very high SNR’s.
For uniform input, Is;, — Zorpm is positive for low SNR’s and negative for high SNR’s, as Theorem [4] predicts.
Moreover, the difference is always very small, never exceeding 0.02 bits in magnitude. In particular, the maximum
theoretical difference of about A_gam ~ 0.509 bits in favor of OFDM is never attained, and ever the tighter bound

Aocgam (60 dB) ~ 0.228 is quite loose for this channel.
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Qualitatively, when the log-SNR at a given frequency grows, the contribution of that frequency to the overall
OFDM achievable rate saturates, while its contribution to the single-carrier achievable rate continues to grow,
resulting in a growing difference between the two rates. We note that this saturation effect is due to the finite-entropy
nature of the input, and does not occur in the Gaussian and uniform cases. This behavior echoes the Mercury/Water-
filling results of [44], where it is seen that the optimal OFDM power allocation policy for finite-entropy inputs
differs significantly from classical Waterfilling in the high-SNR regime.

C. The implications of increasing the constellation order

From our analysis of uniform QAM input in Theorem 4| and from the discussion above, it is clear that for a given
ISI channel and SNR, the performance of OFDM can be made close to that of SC, by sufficiently increasing the
constellation order. This is due to the fact that if the input alphabet is chosen to be sufficiently large, no saturation
of I'°& will occur at any subcarrier frequency, and therefore no significant difference between achievable rates is to
be expected.

Thus, the potential performance gain of moving from OFDM to SC, and maintaining the same constellation
order, may also be realized by using OFDM with a higher-order constellation. However, there are two system
design considerations that may not allow for arbitrary increase in constellation order. First, increasing the number of
bits per symbol necessitates using lower code rates and perhaps more sophisticated coded modulation schemes. For
example, in the setting depicted in Figure [9] for QPSK to be used with code rate 1/2 there is a difference of about
0.5dB, or 12%, between SC and OFDM in terms of SNR. Changing the constellation to 16-QAM will essentially
eliminate this difference, but require an unconventional code rate of 1/4.

The second consideration is channel estimation. As the constellation order grows, the requirements on estimation
accuracy of the channel gain become more stringent. Conversely, for BPSK and QPSK inputs amplitude estimation
in not necessary at all. Hence, when increasing the constellation order in an OFDM system, the overhead of pilot
subcarriers might have to grow as well.

In light of the issues above, as well as the sate-of-the-art OFDM wireless communication technology, where
code rates below 1/2 and constellations above 256-QAM are uncommon, we conclude that using higher order
constellations at low SNR’s is not trivial. Therefore, we maintain that fixing the constellation order and using SC

in lieu of OFDM is an option well-worth investigating.

VII. CONCLUSTION

In this paper a comparison of the achievable rates of OFDM and single-carrier modulations was performed, under
the assumption of a fixed i.i.d. input distribution. In lieu of a tractable expression for the achievable rate of single-
carrier modulation, the Shamai-Laroia approximation was used, since it is well known to essentially reflect tight
lower bounds on the achievable rate. We revealed an intimate relation between the Shamai-Laroia approximation
and the OFDM achievable rate, that stems from the concavity properties of the input-output mutual information in a
scalar Gaussian channel with respect to a modified SNR variable — namely, that the Shamai-Laroia approximation

is essentially an upper bound on the OFDM achievable rate.
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In particular, the upper bound always holds for conventional low order input distributions including BPSK, QAM
and 16-QAM. It also holds for all PAM and square QAM inputs, when the SNR exceeds a certain relatively modest
threshold. Moreover, we quantified the amount by which the OFDM achievable rate might exceed the Shamai-Laroia
approximation, and found it to be very small for any input distribution of interest. In contrast, we demonstrated
that the Shamai-Laroia approximation may be arbitrarily larger than the OFDM rate for some ISI channels and any
finite-alphabet input distribution and may provide significant improvement in practical scenarios. By similar analysis
of a continuous uniform input distribution, it is shown that the difference between achievable rates can be made
small by selecting a sufficiently dense input distribution. However, such choice of input might not be practical. Our
conclusions extend to the case when linear precoding is allowed, giving additional validity to our assumption of
i.i.d. input.

Estimation-theoretic bounds along with Information-Estimation identities were the primary tools used in our
analysis. In order to establish our results regarding PAM and square QAM inputs, novel bounds on nonlinear
MMSE estimation of PAM inputs in an additive Gaussian channel were developed. They include a “pointwise”
bound on the conditional variance of the channel input given the channel output, as well as a tight high-SNR
characterization of the MMSE. These bounds might be more widely useful.

We conclude that single-carrier modulation offers a fundamental, possibly large, improvement in spectral efficiency
over OFDM when the input alphabet is constrained. However, virtually all state-of-the-art high-performance com-
munication systems over ISI use OFDM. This is mainly due to the fact that implementing optimal joint equalization
and decoding is straightforward in OFDM, but difficult in single-carrier modulation. However, practical iterative
schemes that approach the SC achievable may be within reach. We believe that this work provides motivation for

research and development of such schemes.
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APPENDIX A
HIGH-SNR UPPER BOUND ON MMSE DERIVATIVE
Lemma 2. For any finite-alphabet unit-power input distribution x, there exists C' > 0 such that
mmse’y (7) < —CM (88)
- V7

for sufficiently large v, where dp,iyn is the minimum distance between any two input values.
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Proof: Let X be the input alphabet and let K = |X|. The derivative of the MMSE function in the complex

scalar channels can be read from the results of [21],

mmse’y (7) = —Ey,, [ox (Ya;7) + [¥x (Y5 7) 7] (89)

where YV, = X + %N with IV standard complex Gaussian and independent of X, and

ox(y:7) = Bx [[X —BIXY, =y |Y, =y ©0)
Ux(y7) = Bx |(X-BXJY, =y’ |V, =y o1

¢x(y;y) can be thought of as a point-wise MMSE function, given channel outcome y, but 1 x (y;) is complex
and does not posses much intuitive meaning. Let x; and x_ be two input values such that |z, — z_| = dpin. We
may assume without loss of generality that

T4 = tdmin/2 (92)

because the input alphabet can always be shifted and rotated so that the above relation holds. Let p;, and p_
denote the probabilities of x and x_ respectively and assume without loss of generality that p, < p_. Let U be
random variable independent of X and distributed on {0, 1} with Pr (U = 1) = p /p_. Define the random variable
I'=1{x—p,} + l{x=a2_avu=1}, 50 that given I = 1, X is distributed equiprobably on {z,z_}. We have,

ox(y;y) = Pr(I=1]Y, =y)Ex [|X —BX|Y, =y |V, =y, I= 1} 93)
+Pr(I = 0¥, = y)Bx ||X ~BIX|Y, =y)* |V, =y, 1=0] ©4)

Notice that
Ex [|[X —BIXY, =yl* |V, =y, [=1] 2Bx [X-BIX|Y, =y, [=1)P |V =y, I=1] (95

since we add the information I = 1 to the MMSE estimator. Since the input is binary and symmetric given I = 1,
the RHS of the above inequality is the pointwise MMSE for symmetric binary input with variance (dmin/ 2)2 at
SNR p 2 (dwin/2)* -

dmin 2 dmin !

with
1

cosh? (29Re {z})

dppsk(z;7) = 1 — tanh®*(2yRe {z}) = ©7)

therefore

d . 2 d . —1
éx(y;v) > Pr(I = 1|Y, = y) ( r;m> $BPSK << I;m) y;P) (98)
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and so,

>
Ey, [¢%(Y;;7)] = (d‘”‘;“>4 /C fr, (v) [Pr(f = 1|, = y)dppsx ((d‘;in>1y;pﬂ dy (99)
We have
Pr(I = 11, = ) fv, () = Pr(L = D) fy  (yll = 1) = p, ) (| s ) (100)
and also
Pr(I = 1Yy =y) = Pr(X =z, |Yy =y) + (p+/p-) Pr(X = z_|Y; =) (101)
with

Pr(X =x) e~ ly—al’

Pr(X =z[Y, =y) = e Pr(X =2a') e—ly—a'l?

(102)

Let D C C denote the set of points for which arg min,cx |y — 2| is either = or z_. Clearly, for every y € D,
either Pr(X =a2_|Y, =y) > p_ or Pr(X = 2|Y, =y) > py and so

Pr(I=1Y,=y)>py YyeD (103)

The set D depends on other points in X, but can be lower bounded by D’ C D which is formed by adding to
X all the points with distance greater than d,,;,, from both z and z_. Figure illustrates the construction of D',
which is given by

D=AUB,UB_ (104)
where
duin | ([ dmin \
Bi:{ye(m ‘yIF ‘;‘“ << f;“) } (105)
and [Re {y}] + dunin/2 d
€Y min min
A=4JyeC| |[Im < A |Re < — 106
{vectmu — Refy)] < 222} (106)
Finally, the set D’ contains the rectangular subset R C D’ given byﬂ
R = { e C| Im{y}| < Gumin IRe {y}| < dmi“} (107)
=1\ Y Niv Y 9

Limiting the integration in (@9) to R and substituting (T00) and (T03) we obtain,
dmin * Y — — digin |? 2 )
i (2) /72; (e W‘y : >¢213PSK (dmin/Q;p> dy  (108)
dmin !
p2 (1-20 (V23)) ( : ) 2M (p) (109)

The real axis border of R can be extended to dpin+/11/12, but this doesn’t change the leading exponent in the bound nor does it change
its coefficient. It only changes the faster decreasing exponents.

dmin

+ e*v|y+ 5

Ey, ¢%(Y4;7)

v




32

with

1 VP 1 . 2 1 _ 5 2
Mie) = ﬁ/_ﬁdz (26( e (W)V%PSK (ﬁ”) (o
A Ay h(24/p2)] (111)
= E— ze COS 124
v )-ve
e—P [VP N e P
e’ —2(4ep) _ €7 (1
> _\/ﬁdze 0 = 1+6p(1 2Q( 2p(1+6p))) (112)

where we have used the expression ti for ¢ppsk along with coshx < /2

V2r2Q(z) < e=*"/2, we find that Q (\/Qp 1+ 6p)> = o(e~57") and so,

to establish the above bound. Using

=P
M(p) > C'— (113)
W=
for some C” > 0 and for sufficiently large p. Similarly, noticing that Q ( 2p/ 3) = o(e~"/3) we have also
By. 62 (Y, ) o& I (114)
Y, 7)) 2 C——Frx—
X\t ﬁ

for some C' > 0 and for sufficiently large v, where we have substituted back p = (dmin/ 2)2 ~. Finally,

/ ( ) 2 ( ) Ce (dmin/2)2 4 (11 )
mmse,. (7Y > _“Y 10) Y Y > —(C— 5
~ P X\ ﬁ

under the same conditions. [ |

APPENDIX B
PROOF OF THEOREM [3]

We begin by establishing some notation. The input alphabet will be denoted by X = {x1, ..., z)s } and we assume
that z,,4+1 — x,, = d for every 1 < m < M. Let

e~V (y—zm)?
Prmly =Pr(X =2,|Y, =y) = S pT— (116)
denote the probability of symbol z,, given observation y, and let
M
s =E[X|Y;=yl= > PumjyTm (117)
m=1

be the expectation of X conditioned on the observation Y, = g, so that

M
Ox (1) = > Punly (T — 5 (1)) (118)
m=1
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Figure 10. Illustration of the sets D’ (blue) and R (red). The black dots indicate the location of the points x+ = +dyin/2. The region D’
is formed by assuming the existence of other input points on the curve formed by points that have distance dp,in from either 4 or x_ and
distance greater than dy,;, from the other point (the edge of the green region in the figure).

Notice that s(y) = argmin, 2%21 Py (Tm — 5)> — i.e. the conditional expectation is the point-wise optimal
estimator of X given Y, = y. Finally, recall that z 7,z ;4; denote the two nearest neighbors to y in X

The upper bound in Theorem [3] is derived by considering the sub-optimal estimator that assumes the input has
the same distribution as B (uniform on {z, 2 s+1}). This estimator is given by

5(y) = (pryrs +prs1yie1) / (Pagy + Prtiyy) (119)

and the resulting bound reads:

M
Ox (7)< Y Ppy (@m — 35 (1))

IN

Djly (z; —5 (y))2 + Z Pmly (xm —5 (y))2 (120)

=741 PIly T PI+ly m#J,J+1
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The following bound is seen to hold,

J—1 J—1
_§(y))2 677(9*9«’7”)2 < d2e—(y—zJ) )2 Z J—m+ 1 . (g —am)?
m=1 me1
e S e < e e
k=1 k=1

where the first transition follows from (y — xm)2 > (y— mJ)2 +(xy— xm)2 which holds since z,, < z; <y, and
from (2, —5(y))> > (¢m — 25)% = d* (J — m + 1), which holds since z,, < 2 < 3 (y). Similarly, we have

M oo
S (@n =3 (y)Pe W)t < e e TN (g 1) 2 e (122)
m=J+2 k=1

Using the above bounds and observing (TT6), we find that

e~ V(y— zz)? 4 e (Y= zy11)?

~ 2 > 2 —~d?k2
Z Py (Tm —5(y))” < ST E:: (k+1)"e ™

m#£J,J+1 m'=1¢
> 9 212 > 2 2 4d2€77d
<Ay (k+1)%e M <d?> (k4 1) evdkgﬁ (123)
k=1 k=1 (1—e¥)

where the last inequality is due to,

o0 1 " 41.
;kﬂ <2xz (k+2)(k+1)z —2$<Zx> —2x<1_m> “U_aP (124)

—o 11—z

Identifying > ._ ——Bilv___ (.5 (y))? with ¢, (y;), the upper bound follows from || and 1}

J=J,J+1 priy+pisayy
To prove the lower bound in Theorem [5] we first prove the following,

Lemma 3. Let X be uniformly distributed on X = {x1, 22, ...,xpr} such that T, 11— = d forall 1 <m < M.
For any y € R, let T, be the point in X with maximum distance from y. Let X be uniformly distributed on
X =X\ {&,}. For every v > 0,

ox (yi7) = dx (¥37) (125)

Proof: Without loss of generality, assume y < (z1 + zr) /2 so that £, = x) and X = {z1, 22, ....;cr1-1}

Let M1
o - 51 Pm
$(y) =B[X|Y, =y, X #7,] =E [Xm - y] -3 %xm (126)
m=1 Y

denote the expectation of X given Y =y and X # &, or equivalently the expectation of X given Y, = X + 7]\7
y, with N ~ A (0,1/2) and independent of X. Notice that

s(y) =3 (y) = pumpy (enr — 5 (y)) (127)
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Using the orthogonality principle, we may therefore write,

M M
OxWY) = D Py @m =S @) =Y Prapy (@m —5())* — (s () —§ ()

M-—1
= (L-pamy) D ﬁTlM‘ (2 =5 ) + (pary — Pry, ) (s =5 (1))’
= ¢5 (1Y) +Pumpy [(1 —pary) (v =5 ()" — b5 (y;v)] (128)

By our assumption that y < (z1 +xa7) /2 we have py,y, > Par—me1jy for every 1 < m < M/2 and therefore
§(y) <s(y) < (w1 +zm) /2. Thus,

(war —§(y)* > (”“”;“)2 = (g)z (M —1)? (129)

We obtain the following crude upper bound for ¢ ¢ (y;y) by considering the suboptimal estimator (1 + zy/—1) /2,

M-1 P | 1+ 2
m 1 M-1
ety < 5 e, nre)

m=1 l_pM‘y

< IM-1— o5 2_ d 2(M—2)2 (130)
- 2 2

The second inequality follows from the fact that z; is the farthest point from (z1 4+ 23-1) /2 in X and therefore

IN

moving all probability mass to m = 1 increases the sum. Since xz; is farthest from y in X, we have pasi, < Ponle
gallp y ly ly

for any 1 < m < M, and consequently

1
Py < 57 (131)
Combining (129), (I30) and (I31) we find that
a\° 1
(1= pary) (@ar =3 () — 05 (137) > (2) (M -1- M) >0 (132)
for every M > 2. We therefore conclude by (128) that ¢x (y;v) > ¢ ¢ (y;7) for every y and every . [ |

The lower bound in Theorem [5] follows immediately from Lemma [3] by applying it M — 2 times and obtaining

a chain of inequalities, starting from ¢x (y;7) and ending in ¢, (y;7).

APPENDIX C
PROOF OF THEOREMS [6] AND[7]

A. Lower bound on mmseq pr-pay (77)

Using the notation of Section we have

M
1 o0

mmseq, vr-pam (V) = By, dx (Ya;7) = E M/ \/Zfiwﬂd?x (Tm +v57y)dv (133)
m=1 —o0
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Using Theorem [3} we find that for m < M and v > 0
(§>2¢BPSK ((;l)_l [wm —meﬂ + u] ; (3)27>
(§)2¢BPSK (—1 ¥ (;l)_l v (;l)Qv) (134)
for every v € R. Writing p = (d/2)? v, and integrating the above inequality, we have
/ \/>e 'Wd)X xm—|—ufyd1/>< > /0 \/>e pY ¢BPSK —1+v;p)dv
= <2> mmsegpsk ( < > / \/76 P ¢BPSK —1+v;p)dv (135)

where the first transition follows from applying 1} scaling the integration variable by d/2 and using p = (d/ 2)2 vy
Since pppsk (y; p) = [cosh (2yp)] 2 < 4e~41¥7, we have the following upper bound

0 0
/ \/76" pa— 1+1/pd1/<4/ \[W 2>dy—4Q(\F) B(p) (136)

where @ (-) is the standard error function (7). Therefore,

S d\? d\? d\’
/_OO \/;e—w ox (Tm +v;y)dv > (2) MMSEeRpPSK ((2> 7) - B ((2> 7) (137)

for every m < M. Similarly, for every m > 1 and every v < 0,

d\? d\ ! Lo, — Tom—1
Ox (xm +v37) > <2> @BPSK <2> [ + V} ; ( > (138)
0 ) d\ 2
/ \/Zew ox (T +v;vy)dy > <2) MIMSERPSK < — 7) ( 7) (139)

Consequently, we find that

/ wewwx(xmwn)dvz?(;l) mmK(( ) w
— 00 7r

while for m =1 and m = M it is easily seen that

/OO \/Ze””zdb( (Zm +v57)dv > (d mmseppsk ( 7) (141)

Y

ox (Tm +1v57)

and so

7> Vi<m<M (140)



37

Substituting back to (I33), we find that,

mmseq, pr-pam () > 2M]\; ! (Z)Z [mmseBPSK ((;)2’7> -B ((;l>2’7>1 (142)

as required.

B. Upper bound on mmse}; s pap (7)

Similarly to (I33), we have

M
I 2
By, 0% (V3i7) = D M/ \/Ze G (wm + Vi) dv (143)

m=1
Thus, the upper bound on mmse;; 1/ pay (7) = —2Ey, ®% (Y-;7) is obtained by applying the procedure of on
®%- In particular, similarly to (140), for 1 < m < M we have

2/ \ e G (o + vi) v
oV T
4 2 4 0
= (Z> MImseEpsK <<g> 7) _2@) / \ Lot g (~1+wip)dy  (144)
o VT

with p = (d/2)*~. Using P3psk (Y p) = [cosh (2yp)]~* < 16e~81¥1P we find that

0 0
2 / \ﬁe—w%’épw (=1 +wv;p)dv < 32 / \/;e_p(”_‘l)zdu = 32¢%°Q (\/32p) =C(p) (145
—0 ™ —o0 Q0

where @ (-) is the standard error function (7). Moreover, similarly to (T41)), for m = 1 and m = M, we have

o] 4 2
2/ \/76—71/2&( (xm +viy)dv > — (;i) mmsexpsk ((;l) 'y> (146)
o VT

We thus conclude that,

) M—1[/d\* , d\? A
mmsey p7pam (V) < 2 i (2> lmmseBPSK <(2> 7) +C<<2) 7)] (147)

C. Lower bound on mmsey s pay (V)

3

We apply the pointwise upper bound of theorem [3] to obtain (similarly to (I34)),

Y 2
oxlom V7)< py (d>2v + dopsc (<14 5 (9)") 0<v<d (148)
(/2) 2 ) Vs

with D (y) = 4372, (k+1)% e *** and we have used the fact that ¢ppsk (y;p) < 1. Squaring this inequality,
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we have

O m £ v17) ) < <<d>27> | ] 9es (_1 +an (%)27> O=v=d (149)
(4/2) 2 | v>d
where ¢ (p) = 2D (p) + D2 (p). Letting p = (d/2)* v, we have for m < M,
<(2i> / \[ % (T + 1) dv <
2 2 o0 2
/ \/Fepu Pipsk (—1+ v;p) dv JF/ \/Zepu dv+c(p) <
2
/ \/7_’)” Phipsic (v )dV+Q(f)+C(P):
2HlHlS@BPSK ( ) =+ C( ) (150)

with C (p) = 2[c(p) +Q (v/3p)] and Q(-) the standard error function (47). The first transition in the above
equation follows from integrating and scaling the integration variable by d/2 as in . The second transition
is obtained by extending the integration limits of the first term, and evaluating the integral in the second term.
Similarly, for m > 1 we have

A A TN 1 , 1
3 / s X (xm +v;y) dv < — 5 MIMSCRpsK (p) + §Q (p) (151)

and for m = 1, M it is simple to show that

d —4 oo Y P2 1 ,
5 —€ ox (xm +v5y)dr < —5MISeRpsK (p) +
— 00

mmse:i,M-PAM =_9 Z M/ \/7 —y? ¢X Ty + Vi) dv

gy ot (2)7) (@) o

D. Upper bound on mmseq, yr-pam ()

Clp) . m=1,M (152)

N —

Therefore

The upper bound on mmseq, rs-pam (7) may be derived in the same way as the lower bound on mmse]; 5 pap (7)-
However, we will take a slightly different approach in order to obtain a better expression for the slackness term

B (7). Let 5 (y) be the sub-optimal estimator for X that assumes X is uniformly distributed on the two nearest
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neighbors to y in X. We have

mmseq, p/-PAM (’Y) =E (X -E [X‘Y ])2

M
<E(X -35(Y,))” M / 1/ e~ 5 (@m + ) dv (154)
For convenience denote x ;41 = oo and xg = —oo. We observe that for any m’ > m and any ., <v < 241,
(T — 5 (@m + 1)) < d® (m' —m+1)° (155)

Therefore, for any m < M,

/ \/>6 v (xm — 5 (xm +v)) d1/</ \/>e w? sxm—i-u))QdV

m/+1~Tm
+ Z d? (m' —m+1) / \/Z—W dv (156)

m/=m+1 T/ —Tm

The first term is clearly upper bounded by (g)2 MMSeRpsK ((%)2 7):
d\""  [(d\®
[ it (O] [ 0 () o)

2 0o 2 2
(21> /_ \/ W#e—(d/Q)ZWVZ(bBPSK <—1 + v; (;i) ’y> dv
d\? d\?
- <2> mmsenpsk ((2) 7> (157)

The second term can be upper bounded as follows

M Tyt 11— Tm,
Z d(m' —m+1)° / \/ e gy
T —Tm m

m’=m+1

_M—m (6 41) (k+1)d \/Q_WQd 2 (M 2 oo \/7—7v2d

= kZ::l + /k e v+d*( —m+)/(M_m)d —e »

M—-—m-—1

- , )

kz::l @ (k+1)* [Q (kdy/27) = Q (b + 1) dy/27) | + @ (M = m + 1)* Q (M = m) d/27)

M—m

—1Q (VaB) + & Y (2k+1)Q (ky/2)
k=2

<4d?Q (\/%)er?i 2%+ 1)Q (k\/ﬁ) ( )2 ((d)%) (158)

k=2



40

where @ () is the standard error function @) This upper bound can be slightly relaxed to obtain a more manageable

expression, using the inequality v/27xQ (z) < e~ /2

_ 16 2k + 1 2
B < 74p 4k=p
) = g 't \/167r Z k
< —4p + —16p Z e—4k(k’+4)p
VT < k=0
<4 et Z 20’“@) ! 5 159
< e + - - = e P +5 ( )
2/7p ( 1- 6209)

where we used (2k + 1) /k < 5/2 for every k > 2 and 4k (k 4+ 4) > 20k for every k > 0. We conclude that, with
p=(d/2)"y

) ) d\? _
/ \/Zewz (Zm — 5 (zm + 1)) dr < <2> [mmseppsk (p) + B (p)] , Vm < M (160)
0
and it may similarly be shown that,
/ d\? _
/ e~ — 5 (xm + 1/)) dv < (2) [mmseBpSK (p)+ B (p)} , Vm > 1 (161)

It is also simple to show that for m =1, M,

/ \/>e " (z, 5 (2 +v)) dv < (Z)z [mmseppsk (p) + B (p)] , Ym =1,M (162)

and so

M
1
mmseg, pr-pam (Y Z / 1/ e - (@m — 5 (z + 1/))2 dv

8 0 () 0] o

-1
M
APPENDIX D
PROOF OF THEOREM [§]

N |

Using ¢ppsk (y;7) = 1/ cosh? (2vy), we find that

e 1W=17 4 o—v(y+1)?
\/7/ PBPsK (Y;7) ( 5 dy
Lo eV g
\/>e / cosh 27y Y

= —— 164
oo Cosh (22)6 dz (164)

mMmseppsK (7)
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and is readily found by substituting 1 — % < e~ 7 <1 and integrating. Note that by substituting e/ =
Sreo (-7 /v)k, the high-SNR asymptotic expansion of mmsegpsk (7) is obtained. A different change of
variables yields the equality,

1 > 1 2
— - e % d 165
mmseppsk (7) 7= /_ o 2ye)¢ P (165)

and substituting 1 < cosh (2,/7z) < ¢27%" yields the bounds in 1} Since mmseppsk (7) = —2Ey, ¢Epsk (Y437),
we find the bounds for mmsejpgy (7) by replacing cosh (-) with cosh® (+) in the derivations above.

APPENDIX E
PROOF OF PROPOSITION [4]

Let X be a real-valued RV uniformly distributed in [—A/2, A/2], and using the notation of Section let
Y, =X+ %N with N ~ N(0, %) and independent of X. Using the orthogonality principle and considering the

measurement Y., as a suboptimal estimator, we may express the MMSE as
1

mmsex (7) = i E (Y, - E[X|Y,))? (166)

Straightforward calculation of E (Y, — E [X |Y7])2 shows that we may write

1 o0
mmsex (7) = % (1 —/ g(y;v)dy) (167)
with )
) (ewyfA/z)? _ 6*7(y+A/2)2)
g(yiv) £ (168)
21AQ (V27 [y — A/2]) - Q (V2y [y + A/2))
and with the error function Q (-) defined in (7).
Differentiating (I67), we have
1 1 °
mmse’y (7) = o msex (v) + 5/ [h1 (y57) — b2 (y;7)] dy (169)
where
E <(y_A/2)2€_ry(y—A/2)2 _ (y+A/2)2€—7(y+A/2)2> (e—v(y—A/2)2 _ e—v(y+A/2)2)
hi (y;7) = — (170)
TA Q(V2yly—A/2]) = Q (V27 [y + A/2])
and
2 2 2 2 2
1 ((yfA/2) e (y—A/2)> _ (y+ A/2) e (y+A/2) ) (G*W(yfA/Q) — e (ytA/2) )
ha (y;7) £ (171)

N (Q(VETly— 4/2) - Q (VET Iy + 4/2)))°



For |y| < A/2 we have hy (y;7) < 0. For y > A/2 we find that

1 (y — A)2) e 31(w=4/2)

ha (y;7)
dATTY Q (v ly — A/2))°
where we have used
e~ (y=A/2)% _ o—v(y+A/2)* e~ (y—A/2)?

<
Q(V2rly—4/2) - Q (vV2vly + A4/2]) ~ Q (vV2yly — A/2))

for every v, A and y. Integrating, we have

h y;vdy=2/ h y;vdz§2/ ho (y;7)dz = 57—=—F%=
/—oo 2(4:7) o (®:7) A2 2(4:7) 2Am/TY /A

where ,

oS} —3x
co = / dex ~ 10.6
0 Qv

Turning to hq, we find that for y > 0,

(y — A)2)? e~ w=4/2)* _ {(y —A)2)% + (y+ A/Q)z} e~ (W—=4/2)% o=y (y+A/2)*

1
) 2 o QB s~ A/2) —Q (VT [y + A7)

L L aly—At ety (4%/2 + 2¢?) 200" A% )2

“rAy Q(V2v[y— A/2)) TAQ(V2y[ly—A/2) —Q (V2y Iy + A/2])
Therefore,

/_OO hy (y;7) dy = 2/000 hy (y;7y) dz > stl\ﬁ - [WfﬁKo (A) + mj\ﬁK"’ (A)} e~ AM/2
with o 9 g
c = ; mdz ~ 2.26

and

[e%s) J;ie_2z2d$
K = f Q(V2(e—4/2) - Q (V2 +4/2)

Putting the bounds together, and simplifying the exponential term by assuming v > 1,

Co

0 (A e A2
+7TA’VQW k(A)e

1
mmse’y () > —gmmsex ()

where

1
Cho=C — ——=C =~ 0.77

4ym

4

172)

(173)

(174)

(175)

(176)

(177

(178)

(179)

(180)

(181)
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and

A 4
k(A) = —Ko(A)+ —K2(A) (182)
™ TA
Consequently,
mmsey (v) + (1 + ) mmse’y (y) > © _ 1 _ k(A) e~ AM/2 (183)
YT rAvy 22

for v > 1, where we have used along with mmsex () < 1/2v which is true for any input.
Let X be the in-phase or quadrature component of a unit power co-QAM input, so that A = /6 (X has variance
1/2), and
mmseso-gam () = 2mmsex (7y) (184)

Therefore, using and 1) we find that a sufficient condition for Igfo M O be convex is

mfg(;ﬁ—z;—k(\/é) e >0 (185)
As a result, there must exist a value of « above which convexity holds. Using & (\/6) ~ (.580, it is seen that
the above inequality becomes positive for v > 25, or 14 dB, and therefore convexity holds above this value.
Numerically examining I “oam and its derivatives for SNR’s below 14 dB, it is seen that the function is concave
below Yo = 8.76 dB and then becomes convex. The above analysis guarantees that I'os ~-QAM Dever becomes concave
again at higher SNR’s.

We remark that bounds and could have been made tighter by extending the lower integration limit in
(T73) and (I78) to —oo, at the cost of adding additional exponential factors.

APPENDIX F
PROOF OF PROPOSITION[3]

First, we show that the concave envelope of IOO “QAM 18 I})Z QAM (¢) = ¢. Assume by contradiction that there
exists another concave function I (¢) that upper bounds I “oam and satisfies 1(¢a) < Ca for some ¢. > 0. Since
1(0) > I};gQAM (0) = 0, we must have I'(¢;) < 1 for some ¢, € [0,¢,) for I(¢,) < Ca to be possible. By the
concavity of I, I’ is non-increasing, and hence I () < I(¢y) + (¢ — ¢)I'(() for ¢ > ¢. However, by we
clearly have that for any C € R and a < 1, IclggQ am (€) > C + af for sufficiently high ¢. There must therefore
exist (. > 0 such that

1% oam (C2) > T(G) + (G = G)T'(G) = T () (186)

forming a contradiction. We conclude that the concave envelope satisfies I “QAM (¢) > (. Clearly, ¢ is concave and
upper bounds 1'% oam and therefore ;?Q am (C) =¢.

For any input distribution, 7!°8’ ({) = (1 + ) mmse,(y) < 1 . Therefore, ¢ — IéZgQAM (¢) is an increasing
function. Thus, given and the expression for I OogQ M » We may easily find the maximum difference between it
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log
and 0-QAM?

Acoqam = Slclp (fnl)c:fQAM Q) — Iico)gQAM (O) = lim (C IéngAM (C)) = log (%e) (187)

(—o0

We now consider the interval [O f] for some ( > C Since the constant function IlZgQAM(E) is concave and
upper bounds IOO oam On the interval, we must have I g’(’)[iljl] ) <I iZgQ Am(€)- By definition, I (’Q[A;VC,} also upper

0,
bounds 1'% *oam- @nd so we must have ] OgQ[Al\i] €)= Ig;;gQ am(€). However, since ¢ > ¢, by Proposition IOO‘C_;Q AM

0’

is convex around ¢, and therefore I oo Q[Alfl] (¢) cannot be identical to I8 ~-0am(¢) in a neighborhood of C. Hence, there
exists ¢, such that I Q[ENC[] is linear on the interval [(,, ¢] and that [ Ozgé[zl\i] (€)= I(l;gQ am(¢,)- By Proposition

1 iZgQ am has only a single minimum, located at ¢ _, below which I8 ~-QAM 18 concave. As is easily confirmed from

inspection of Flgure this implies that C < C and that IOO Q[Ai\i] is given by (73)) , since I Q[Ahf[] may be identical
to I Og Ay 10 the interval [0, ¢ ], where the latter is concave. Moreover, { L s umquely determined by (73) and the

condition I Q[El\i] <) = Ié‘:)gQ v (€)-
Since
d ~log;[0,¢ o o / 0, !
ac (I’\IXEQ[/SNC[} () - IcleQAM(C)) = I<1>ogQAM (¢) - Iql)o%:QAM (©) (188)

for ¢ € [¢ Sy C] the maximum difference between IOo QAM and its concave envelope on [O, f] is obtained for (,,

which satisfies IOo “oam’ (Cm) = ILZgQ am (¢;) and may therefore be easily found numerically.

i[o,
The construction of the convex envelope of 1'% ~-QAM follows exactly the same lines as the construction of I gQ[AI\f[]

above. Since the convex function 0 lower bounds I QAM, we must have I “oam (0) > 0. By definition, Ioo “0AM
also lower bounds IDO_Q Am> and so we must have I 50-QAM (0) = 0. However, by Proposition E| I8 ~-QAM 18 concave
around ¢ = 0, and therefore f(l)(fQ am(¢) cannot be identical to ILZ‘?Q am(€) in a neighborhood of 0. Hence, there
exists Cy such that [ lefQ .\ is linear on the interval [0, (] and that T Cl;gQAM(fg) =1 éz%QAM(fg). By Proposition
I})ZgQ Ay has only a single minimum, loi:ated at g above which I gQ M 1S convex. As is easily confirmed from
inspection of Figure 7} this implies that (> > ¢ and that IO‘;gQ AM 1S given by , since 1% oam May be identical
to I}:fQ M 10 the interval [52, ooz, where the lat~ter is convex. Moreover, 52 ~ 5.52 [bits] is uniquely determined by
and the condition f!g?QAM(Cg) = ILZ%QAM(CQ).

Since

d y
i (Ifami(€) = Iom(©) = Ioan (€) — Ifom (&) (189)

for ¢ € [0, 52] the maximum difference between I})‘EQ M and its convex envelope is obtained for fm < 52 which

satisfies I};fo A (Cm) = I})Z%Q ' (C2). Simple numerical computation shows that ¢, &~ 1.70 [bits] and that
Asoant = 1'% uu (ém) — 1% i(Gn) ~ 0.0608 [bit] (190)
REFERENCES

[1] J.G. Proakis. Digital communications, volume 1221. McGraw-hill, 1987.



(2]
(3]
(4]
(3]
(6]
(71
(8]
(9]

[10]
(1]

[12]

[13]

[14]

[15]
[16]

[17]

[18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

[27]

45

G. Forney Jr. Maximum-likelihood sequence estimation of digital sequences in the presence of intersymbol interference. Information
Theory, IEEE Transactions on, 18(3):363-378, 1972.

J.M. Cioffi, G.P. Dudevoir, M. Vedat Eyuboglu, and G.D. Forney Jr. MMSE decision-feedback equalizers and coding I: Equalization results.
Communications, IEEE Transactions on, 43(10):2582-2594, 1995.

Michael Tuchler, Ralf Koetter, and Andrew C Singer. Turbo equalization: principles and new results. Communications, IEEE Transactions
on, 50(5):754-767, 2002.

Taewon Hwang, Chenyang Yang, Gang Wu, Shaogian Li, and G Ye Li. OFDM and its wireless applications: a survey. Vehicular Technology,
IEEE Transactions on, 58(4):1673-1694, 2009.

Junyi Li, Xinzhou Wu, and Rajiv Laroia. OFDMA Mobile Broadband Communications. Cambdige University Press, 2013.

John AC Bingham. ADSL, VDSL, and multicarrier modulation. Wiley New York, 2000.

Richard Van Nee, VK Jones, Geert Awater, Allert Van Zelst, James Gardner, and Greg Steele. The 802.11n MIMO-OFDM standard for
wireless LAN and beyond. Wireless Personal Communications, 37(3-4):445-453, 2006.

Arunabha Ghosh, David R Wolter, Jeffrey G Andrews, and Runhua Chen. Broadband wireless access with WiMax/802.16: current
performance benchmarks and future potential. Communications Magazine, IEEE, 43(2):129-136, 2005.

Ulrich Reimers. DVB-T: the COFDM-based system for terrestrial television. 1996.

Amitava Ghosh, Rapeepat Ratasuk, Bishwarup Mondal, Nitin Mangalvedhe, and Tim Thomas. LTE-advanced: next-generation wireless
broadband technology. Wireless Communications, IEEE, 17(3):10-22, 2010.

Nevio Benvenuto, Rui Dinis, David Falconer, and Stefano Tomasin. Single carrier modulation with nonlinear frequency domain equalization:
an idea whose time has come — again. Proceedings of the IEEFE, 98(1):69-96, 2010.

Hyung G Myung and David Goodman. Single carrier FDMA: a new air interface for long term evolution, volume 8. John Wiley & Sons,
2008.

Eldad Perahia and Michelle X Gong. Gigabit wireless LANs: an overview of IEEE 802.11 ac and 802.11 ad. ACM SIGMOBILE Mobile
Computing and Communications Review, 15(3):23-33, 2011.

William Ryan and Shu Lin. Channel codes: classical and modern. Cambridge University Press, 2009.

Phong S Nguyen, Arvind Yedla, Henry D Pfister, and Krishna R Narayanan. Spatially-coupled codes and threshold saturation on intersymbol-
interference channels. arXiv preprint arXiv:1107.3253, 2011.

W. Hirt and J.L. Massey. Capacity of the discrete-time gaussian channel with intersymbol interference. Information Theory, IEEE
Transactions on, 34(3):38-38, 1988.

S. Shamai and R. Laroia. The intersymbol interference channel: Lower bounds on capacity and channel precoding loss. Information Theory,
IEEE Transactions on, 42(5):1388-1404, 1996.

D. Guo, S. Shamai, and S. Verdd. Mutual information and minimum mean-square error in Gaussian channels. Information Theory, IEEE
Transactions on, 51(4):1261-1282, 2005.

Dongning Guo, Yihong Wu, Shlomo Shamai, and Sergio Verdd. Estimation in gaussian noise: Properties of the minimum mean-square
error. Information Theory, IEEE Transactions on, 57(4):2371-2385, 2011.

Miquel Payaré and Daniel P Palomar. Hessian and concavity of mutual information, differential entropy, and entropy power in linear vector
gaussian channels. Information Theory, IEEE Transactions on, 55(8):3613-3628, 2009.

Sarah Kate Wilson and John M Cioffi. A comparison of a single-carrier system using a DFE and a coded OFDM system in a broadcast
Rayleigh-fading channel. In Information Theory, 1995. Proceedings., 1995 IEEE International Symposium on, page 335. IEEE, 1995.
Andreas Czylwik. Comparison between adaptive OFDM and single carrier modulation with frequency domain equalization. In Vehicular
Technology Conference, 1997, IEEE 47th, volume 2, pages 865-869. IEEE, 1997.

Jan Tubbax, Boris Come, Liesbet Van der Perre, Luc Deneire, Stephane Donnay, and Marc Engels. OFDM versus single carrier with
cyclic prefix: a system-based comparison. In Vehicular Technology Conference, 2001. VTC 2001 Fall. IEEE VTS 54th, volume 2, pages
1115-1119. IEEE, 2001.

Zhengdao Wang, Xiaoli Ma, and Georgios B Giannakis. OFDM or single-carrier block transmissions? Communications, IEEE Transactions
on, 52(3):380-394, 2004.

Yuan-Pei Lin and See-May Phoong. BER minimized OFDM systems with channel independent precoders. Signal Processing, IEEE
Transactions on, 51(9):2369-2380, 2003.

Amanda de Paula and Cristiano Panazio. An uncoded BER comparison between DFE-SCCP and OFDM using a convex analysis framework.
In Circuits and Systems (ISCAS), 2011 IEEE International Symposium on, pages 2397-2400. IEEE, 2011.



[28]

[29]

[30]

[31]

[32]

[33]

[34]
[35]
[36]
[37]
[38]
[39]
[40]
[41]

[42]

[43]
[44]

[45]

[46]
[47]

(48]

[49]

46

Robert FH Fischer and Johannes B Huber. On the equivalence of single-and multicarrier modulation: A new view. In Information Theory.
1997. Proceedings., 1997 IEEE International Symposium on, page 197. IEEE, 1997.

N Zervos and Irving Kalet. Optimized decision feedback equalization versus optimized orthogonal frequency division multiplexing, for
high-speed data transmission over the local cable network. In Communications, 1989. ICC’89, BOSTONICC/89. Conference record.’World
Prosperity Through Communications’, IEEE International Conference on, pages 1080-1085. IEEE, 1989.

Nevio Benvenuto and Stefano Tomasin. On the comparison between OFDM and single carrier modulation with a DFE using a frequency-
domain feedforward filter. Communications, IEEE Transactions on, 50(6):947-955, 2002.

Jiaqi Zhang, Yukui Pei, and Ning Ge. Comparison of achievable rates of OFDM and single carrier communication systems. Tsinghua
Science and Technology, 17(1):73-77, 2012.

M Franceschini, R Pighi, G Ferrari, and R Raheli. On information theoretic aspects of single-and multi-carrier communications. In
Information Theory and Applications Workshop, 2008, pages 94-99. IEEE, 2008.

Volker Aue, Gerhard P Fettweis, and Reinaldo Valenzuela. A comparison of the performance of linearly equalized single carrier and
coded OFDM over frequency selective fading channels using the random coding technique. In Communications, 1998. ICC 98. Conference
Record. 1998 IEEE International Conference on, volume 2, pages 753-757. IEEE, 1998.

Amanda de Paula and Cristiano Panazio. A comparison between OFDM and single-carrier with cyclic prefix using channel coding and
frequency-selective block fading channels. Journal of Communication and Information Systems., 26(1):19-29, 2011.

Amanda de Paula and Cristiano Panazio. Comparison of OFDM and SC-DFE capacities without channel knowledge at the transmitter.
arXiv preprint arXiv:1306.3440, 2013.

R.M. Gray. Entropy and information theory. Springer Verlag, 2010.

Thomas M Cover and Joy A Thomas. Elements of Information Theory. John Wiley & Sons, 2012.

S. Jeong and J. Moon. Easily computed lower bounds on the information rate of intersymbol interference channels. Information Theory,
IEEE Transactions on, 58(2):864-877, 2012.

Y. Carmon and S. Shamai. Lower bounds and approximations for the information rate of the ISI channel. arXiv preprint arXiv:1401.1480,
2014.

Dieter M Arnold, H-A Loeliger, Pascal O Vontobel, Aleksandar Kavcic, and Wei Zeng. Simulation-based computation of information rates
for channels with memory. Information Theory, IEEE Transactions on, 52(8):3498-3508, 2006.

H.D. Pfister, J.B. Soriaga, and P.H. Siegel. On the achievable information rates of finite state ISI channels. In Global Telecommunications
Conference, 2001. GLOBECOM’01. IEEE, volume 5, pages 2992-2996. IEEE, 2001.

A. Radosevic, D. Fertonani, T.M. Duman, J.G. Proakis, and M. Stojanovic. Bounds on the information rate for sparse channels with long
memory and iud inputs. Communications, IEEE Transactions on, 59(12):3343-3352, 2011.

Robert M Gray. Toeplitz and circulant matrices: A review. Now Pub, 2006.

A. Lozano, A.M. Tulino, and S. Verdid. Optimum power allocation for parallel gaussian channels with arbitrary input distributions.
Information Theory, IEEE Transactions on, 52(7):3033-3051, 2006.

C. Xiao, Y.R. Zheng, and Z. Ding. Globally optimal linear precoders for finite alphabet signals over complex vector gaussian channels.
Signal Processing, IEEE Transactions on, 59(7):3301-3314, 2011.

Stephen Boyd and Lieven Vandenberghe. Convex optimization. Cambridge university press, 2009.

Alex Alvarado, Fredrik Brannstrom, Erik Agrell, and Tobias Koch. High-SNR asymptotics of mutual information for discrete constellations
with applications to BICM. 2013.

Joel G Smith. The information capacity of amplitude-and variance-constrained sclar Gaussian channels. Information and Control, 18(3):203—
219, 1971.

V Erceg, L Schumacher, et al. TGn channel models. IEEE 802.11-03/940r4, 2004.



	I Introduction
	II Preliminaries and main results
	II-A Single carrier modulation model
	II-B OFDM modulation model
	II-C MMSE estimation in a scalar Gaussian channel
	II-D Statement of results
	II-E A note on linear precoding

	III Concavity of mutual information with respect to log-SNR
	III-A Log-SNR scale
	III-B Asymptotic concavity results
	III-C Concave envelope
	III-D Proof of Theorem 1

	IV Interlude — MMSE bounds for PAM signaling
	IV-A A pointwise MMSE inequality
	IV-B High-SNR characterization of the MMSE
	IV-C Bounds for BPSK inputs

	V Results for PAM and square QAM inputs
	V-A Proof of Theorem 2
	V-B Proof of Theorem 3
	V-C Proof of Corollary 1
	V-D Analysis of uniform input

	VI Discussion
	VI-A Maximum and minimum difference IOFDM and ISL
	VI-B Difference between IOFDM and ISLin practical settings
	VI-C The implications of increasing the constellation order

	VII Conclustion
	Appendix A: High-SNR upper bound on MMSE derivative
	Appendix B: Proof of Theorem 5
	Appendix C: Proof of Theorems 6 and 7
	C-A Lower bound on mmsed,M-PAM()
	C-B Upper bound on mmsed,M-PAM'()
	C-C Lower bound on mmsed,M-PAM'()
	C-D Upper bound on mmsed,M-PAM()

	Appendix D: Proof of Theorem 8
	Appendix E: Proof of Proposition 4
	Appendix F: Proof of Proposition 5
	References

