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Abstract—Consider a multiple-input multiple-output (MIMO)
fading channel in which the fading process varies slowly over
time. Assuming that neither the transmitter nor the receiver have
knowledge of the fading process, do multiple transmit and re-
ceive antennas provide significant capacity improvements at high
signal-to-noise ratio (SNR)? For regular fading processes, recent
results show that capacity ultimately grows doubly logarithmically
with the SNR independently of the number of transmit and receive
antennas used. We show that for the Gauss—Markov fading process
in all regimes of practical interest the use of multiple antennas
provides large capacity improvements. Nonregular fading pro-
cesses show completely different high-SNR behaviors due to the
perfect predictability of the process from noiseless observations.
We analyze the capacity of MIMO channels with nonregular
fading by presenting a lower bound, which we specialize to the
case of band-limited slowly varying fading processes to show that
the use of multiple antennas is still highly beneficial. In both cases,
regular and nonregular fading, this capacity improvement can be
seen as the benefit of having multiple spatial degrees of freedom.
For the Gauss—-Markov fading model and all regimes of practical
interest, we present a communication scheme that achieves the
full number of degrees of freedom of the channel with tractable
complexity. Our results for underspread Gauss—-Markov and
band-limited nonregular fading channels suggest that multiple
antennas are useful at high SNR.

Index Terms—Channel capacity, decision-oriented training,
fading number, high signal-to-noise ratio (SNR), multiple an-
tennas, noncoherent communication.

I. INTRODUCTION

ECENT information-theoretic results suggest that in
Rrichly scattered wireless environments, systems with
multiple transmit and multiple receive antennas (multiple-input
multiple-output (MIMO) systems) can have very large ca-
pacities. In particular, Foschini and Gans [1] and Telatar [2]
considered a channel with n; transmit and n,. receive antennas,
with Rayleigh flat-faded channel gains independent and identi-
cally distributed (i.i.d.) across antenna pairs, and showed that
at high signal-to-noise ratio (SNR), the capacity of this channel
grows like min{n;,n,}log SNR for large SNR. This yields
a min{n¢,n, }-fold increase in capacity over a channel with
a single transmit and a single receive antenna. The parameter
min{n,n,.} can be interpreted as the number of degrees of
freedom (d.o.f.) of the channel: the dimension of the space over
which communication can take place.
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The preceding result assumes that the receiver can perfectly
track the fading gains of the channel (so-called perfect channel
state information (CSI) at the receiver). In high-mobility appli-
cations, this may not be a reasonable assumption. Moreover, in
the high-SNR regime, where the amount of noise is small, it is
conceivable that the impact of channel uncertainty on perfor-
mance is more pronounced. This leads to the question: what is
the high-SNR capacity of time-varying fading channels without
the prior assumption of CSI? In particular, does the number of
transmit and receive antennas have a significant impact in the
high-SNR capacity? Is the notion of degrees of freedom still
relevant ?

As a first step to answer these questions, Marzetta and
Hochwald analyzed in [3] the block-fading model, where the
fading matrix H = [h; ;] is assumed to remain constant over
the duration of a block of length 7', and varies independently
between blocks. The high SNR capacity of this model in the
MIMO case was characterized by Zheng and Tse in [4] where
it is shown that

C~ M*(1—M*/T)logSNR

where M* = min{n,., n, |T/2]}. One has to be careful in in-
terpreting this result in the regime of validity of the block-fading
model. Athigh SNR, small variations in the channel coefficients
can introduce enough uncertainty to affect capacity, and this is
not taken into account when one assumes a constant channel in
the coherence block.

To overcome this difficulty, Liang and Veeravalli [5] intro-
duced the time-selective block-fading model, where the fading
matrix is allowed to vary within each block, and is assumed to
vary independently across blocks. For the MIMO case, they ob-
tained a capacity lower bound

Clower =T*(1 —T*Q/T)log SNR + ¢; + o(1)

where T* = min{n,,ns, |T/(2Q)]}, Q is the rank of the co-
variance matrix of {h; ;(¢)}{_,, and ¢; is a constant indepen-
dent of SNR. In all cases, the block-fading model assumes inde-
pendent channel realizations in different blocks. This assump-
tion may be justified in time-interleaved or frequency-hopped
systems, but may be artificial for systems that operate by trans-
mitting a continuous symbol stream over time.

In this work, we will analyze a model in which the fading
process is stationary and is allowed to vary from symbol to
symbol. To answer the above questions in this context, Lapi-
doth and Moser [6], building on earlier work by Taricco and
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Elia for memoryless fading [7], recently showed a contrasting
result: that at high SNR, for regular! Gaussian fading processes,
the first-order term of the capacity is log log SNR, regardless of
what the number of transmit and receive antennas is. Thus, not
only does capacity grow much slower than in the case with per-
fect CSI, but this result also suggests that without CSI, the per-
formance gain from having multiple antennas, if any, will only
appear as a second-order effect. The increase in the number of
the degrees of freedom has minimal impact.

Does this then suggest that the perfect CSI results are very
fragile? Even though [6] explicitly incorporates the channel
variation (and the associated uncertainty) in its model, the
loglog SNR result is still asymptotic in the SNR and thus
one has to be careful in interpreting its regime of validity. In
particular, since the channel variation process is fixed while the
SNR is taken to infinity, it is conceivable that the loglog SNR
growth only occurs when the noise level is much smaller than
the amount of channel variation from one sample to the next.
However, typical wireless channels are underspread, which
means that this variation is small. Thus, one has to look at
the effect of the SNR and the amount of channel variation
simultaneously to get a more complete picture.

The loglog SNR result is obtained in the context of regular
fading processes. When the fading process is nonregular, it can
be perfectly predicted from noiseless observations of its infinite
past, and one should expect different high SNR capacity asymp-
totics. In fact, Lapidoth shows in [8], [9] that in the case of non-
regular fading the capacity can grow as loglog SNR, log SNR,
or (logSNR)?, 0 < B < 1, in a single-input single-output
(SISO) channel. Therefore, regular and nonregular fading pro-
cesses can result in completely different high SNR capacities
and need to be analyzed separately.

Typical wireless channels are underspread, that is, they sat-
isfy T.W,. > 1, where T, is the coherence time and W, the
coherence bandwidth of the channel.? In the context of reg-
ular fading, the underspread condition implies that the one-step
minimum mean-square error (MMSE) in the prediction of the
fading process is small. In the nonregular fading case, when
the process is band-limited to a bandwidth of 2f,, where f,,
is the maximum Doppler shift, the underspread condition im-
plies 2f,,/W. < 1.

A. Main Results

In this work, we would like to answer the questions raised
in the beginning of this section for some channels with regular
and nonregular fading processes. Since we are mainly inter-
ested in the influence of the number of transmit and receive
antennas on the capacity, we give particular emphasis to the
MIMO case.

We analyze the regular fading case in the context of a
Gauss—Markov fading model. Suppose the fading process for
each channel gain is first-order Gauss—Markov with a one-step
MMSE prediction error in the prediction of ¢ from sample to
sample. For underspread channels, € is small. We propose that

A process is called regular when the mean-square estimation error in the
estimate of the present value from the (noiseless) infinite past is positive.

2See Section II for a definition of these parameters.
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the capacity C'(SNR, ¢€) of a first-order Gauss-Markov under-
spread MIMO fading channel (without CSI) for SNR > 1 and
€ < 1 can be described in three regimes:

Regime 1: SNR < 1/e
C(SNR, €) ~ min{n;, n,}log SNR.
Regime 2: 1/e < SNR < exp (¢~ min{ron.})
C(SNR, €) ~ min{ns,n, } log1/e.
Regime 3: SNR > exp (e_ mi“{"“"*})
C(SNR,€) ~ loglog SNR.

In the first regime, the channel prediction error is smaller than
the inverse of the SNR. The system is noise-limited and its ca-
pacity behaves as though there is perfect CSI at the receiver. In
the second regime, the SNR is now larger than the inverse of the
channel prediction error and the system is limited by channel un-
certainty. However, when the SNR gets much larger, the doubly
logarithmic regime kicks in and the system is again noise-lim-
ited, albeit with a much smaller growth rate. The important point
is that in both regime 1 and 2, the capacity is proportional to the
degrees of freedom in the channel. This observation does not
apply to the third regime, where the degrees of freedom in the
channel have no effect in the first-order term of capacity.

To get a feeling of the values of SNR that separate the three
regimes consider an n,, = n; = 4 system. For urban environ-
ments with mobile speeds in the order of 5-50 km/h, with car-
rier frequencies ranging from 800 MHz to 5 GHz, the threshold
between regimes 1 and 2 can range from 17.4 to 40 dB, while
the threshold that separates regimes 2 and 3 can range from
4.1x107 to 4.3x 106 dB. For indoor environments these thresh-
olds are even larger.

In the rest of this paper, we present quantitative results to
support this picture as well as quantify when regime 3 kicks
in. We argue that typical wireless scenarios fall in regimes 1
and 2 but rarely in 3. To address the case of nonregular fading
processes, we present a capacity lower bound

C(SNR) > min{n,,n:} (1 — min{n¢, n,. }|D|) log SNR
+K(n.,ny)

for large SNR and some constant K (n,.,n;) independent of
SNR, where |D| is the Lebesgue measure of the set of fre-
quencies where the power spectral density (PSD) of the fading
process is nonzero. For band-limited underspread channels
|D| is typically small. This result is of particular practical
importance since channel models based on the physics of the
channel such as Jakes’ model [10] have band-limited fading
PSDs and hence are nonregular.? In this case, the parameter
|D| can be associated with the Doppler spread of the channel:
|D| = 2fm/W., where f,, is the maximum Doppler shift and
W is the coherence bandwidth of the channel. This lower bound

3Refer to Section VI and Appendix I for details regarding the assumptions
required to reach this result, and to see a complete derivation.
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extends to the MIMO setting the results of [8], [9], where lower
and upper bounds on the capacity of a SISO channel with a
peak power constraint in the input and nonregular fading are
presented.

It is interesting to compare this lower bound with the results
for the block-fading model of [4] and the time-selective block-
fading model of [5]. Intuitively, in the block-fading case, the
channel is perfectly predictable within each block, and a fraction
M* /T of the available degrees of freedom needs to be spent
in channel estimation and cannot be used for communication.
A similar intuition can be applied to the time-selective block-
fading model, where the channel predictability in each block
is controlled by the parameter (). Channels with smaller () are
easier to predict and result in more degrees of freedom available
for communication. In our case, the predictability of the channel
is governed by |D| and the fraction of degrees of freedom lost
due to channel uncertainty is given by min{n,.,n;}|D|.

These results suggest that in underspread fading channels,
multiple antennas provide significant gains and the concept of
degrees of freedom is a useful measure of that performance gain,
even without the assumption of perfect CSIL.

B. Related Works

The first-order Gauss—Markov fading model was analyzed
in the context of a SISO system in [11], where it is shown
that as the SNR increases to infinity, Gaussian inputs result in
bounded mutual information. It is also shown that for this kind
of inputs, the mutual information only increases substantially
with SNR when the channel estimation error variance € is neg-
ligible as compared to 1/SNR. This result is a generalization
of the work in [12] where i.i.d. Rayleigh-fading was assumed.
[12] also shows for the SISO case that unless the channel es-
timation error variance is negligible with respect to 1/SNR,
Gaussian inputs and scaled nearest neighbor decoding have
poor performance at high SNR. Lapidoth and Moser [6] show
in Theorem 4.2 that for MIMO channels with independent,
stationary, and ergodic fading and noise processes with finite
entropy rate, inputs with finite expected log-norm result in
bounded mutual information regardless of the SNR. The effect
of channel measurement errors in a SISO channel was studied
in [13], where bounds on mutual information were applied
to a Gauss—Markov fading model. Weingarten et al.[14] ana-
lyze the MIMO case with Gaussian inputs and scaled nearest
neighbor decoding with some side information at the receiver.
Our characterization of the first regime is consistent with these
results, and is obtained in more generality, in the context of
the Gauss—Markov fading model, for MIMO channels with ar-
bitrary inputs with no specific decoding structure assumptions.
Lapidoth and Moser [6] characterize the regime in which the
loglog SNR behavior kicks in through the notion of a fading
number (see Section VII-B for a discussion about the fading
number and its relation to the results that we present), but does
not provide a tight bound for the fading number of the MIMO
channel when the fading process is correlated over time. In
particular, the bound that can be derived from [6] does not
capture the influence of the degrees of freedom min{n,,n:}
on the channel capacity. The SISO nonregular fading channel
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with a peak power constraint in the input was considered in
[81, [9], where it is shown that

_Jlim C(SNR)/log(SNR) = 1 - |D].

C. Notation

We willuse lower case or upper case letters to represent scalars,
boldface lower case letters for vectors, upper case calligraphic
letters for sets, and boldface upper case letters for matrices. For
example, we write n for a scalar, v for a vector, A for a set, and
H for amatrix. We will denote by v the vector with components
v[n] forn € A, where v[n] is the nth component of v. We use
h(-) to represent differential entropy to the base e, 1(-) for the in-
dicator function, log(-) for natural logarithm, and 0;,; for the Kro-
neker’s delta function. We write H” for the transpose, H™ for the

conjugate, and H f for the Hermitian (conjugate transpose) of the
complex matrix H and we represent the kxk identity matrix by
I,. Finally, we write ||v|| for the Lo norm of the vector v, i.e.,

v = V viv, and ||H|| p for the Frobenius norm of the matrix
Hie.|H|r = \/tr(HH").

II. CHANNEL MODEL

Throughout this work, we will use a flat-fading Rayleigh, dis-
crete-time, baseband model. We will consider the general case
when n; transmit and n,. receive antennas are used. The channel
equation is

y[n] = H[n]z[n] + v/ (n:/SNR)z[n] (1)

where y[n] € C" is the channel output, [n] € C™ is the
channel input with average power constraint

B

> Elllz[n]|*] < Bns

n=1

z[n] ~ CN(0,1,,) is circularly symmetric white complex
Gaussian noise, SNR is the SNR, and H[n] € C"*"t is
the fading matrix with i.i.d. circularly symmetric complex
Gaussian components of zero mean and unit variance. In Sec-
tions III-V, the time variation of the channel is modeled by a
Gauss—Markov process*

Hin +1] = V1 - eH[n] + VeW]|n| 2)

where W[n] € C"*"t has circularly symmetric complex
Gaussian components of zero mean and unit variance, indepen-
dent across rows, columns, and time indices n, 0 < n < B.The
coherence time of the channel is controlled by the parameter
e € RLO< e <1. Ase — 0, we get the limiting case of
a constant channel. Also, H[0] has zero mean, unit variance
complex Gaussian independent components.

4In Section VI, we allow the fading process to be any nonregular process with
a power spectral density.
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We will use the channel by grouping input symbols in blocks
of size B, i.e.,

zV = (2[1],...,z[B]) € C"*B

where N' = {1,..., B}, and compute the channel capacity
using the following expression:

sup
5 p(=")
7 | Elle]|21<Bn,

1
EI(-TN;’!JN) .

3)

The above maximization is performed by selecting a channel
input distribution among all possible input distributions that sat-
isfy the power constraint. Note that the channel matrix H|[n] is
unknown at both the transmitter and the receiver. No closed-
form expression for (3) is known.

It is useful to compute the typical values of e for different
applications. Since we are dealing with a flat-fading channel,
the signals must be restricted to a bandwidth of the order of the
coherence bandwidth of the channel W_[15]

1
Wem — “

5o,

where o, is the root mean square (RMS) delay spread of the
channel. We note that it is possible to define W. in different
ways, and here we are only interested in doing an order of mag-
nitude calculation. Measured values of o, range from 1 to 2 us
in urban environments and from 10 to 100 ns in indoor environ-
ments (see [15] and references therein). The bandwidth of the
channel determines the sampling interval used in the discrete
time model. If the passband channel has a bandwidth W_., the
baseband representation has a bandwidth W,./2 and the sam-
pling theorem allows us to take samples at a rate W, without
loss of information. The coherence time of the channel 7 rep-
resents the time over which the fading coefficients are highly
correlated. If we define 7. as the time over which the autocor-
relation function is above 0.5 of its value at 0 then [16]

9
167 frn

&)

where f,, is the maximum Doppler shift given by f,, = v/},
where v is the mobile speed and A is the wavelength. We can

compute the autocorrelation of the process defined by (2), set it
equal to 1/2 and solve for the corresponding value of e

—2 2log 2
€e=1—-2TWe o~
T.W.

(6)

where the approximation is done for T.,W. > 1. When
T.W,. > 1, the channel is said to be underspread [17], in which
case we have ¢ < 1. For indoor environments e ranges from
3 x 10~7 to 10~* for mobile speeds of 1-5 km/h and carrier
frequencies ranging from 800 MHz to 5 GHz. For slow-fading
outdoor environments with mobile speeds of the order of 5
km/h, € varies from 104 to 1.8 x 10~3 for the same range
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of carrier frequencies. Even in a fast-fading scenario with a
mobile speed of 50 km/h and a carrier frequency of 5 GHz, € is
still only 1.8 x 1072, This suggests that the regime of ¢ — 0
is a natural one to look at.

We note that the above calculations correspond to fitting the
free parameter of the first-order Gauss—Markov fading process
(i.e., €) to some physical parameters obtained by measurement
of real systems. There are different ways of fitting the model to
the measurements, like adjusting e to obtain a given value of the
autocorrelation function of the fading process at time n = 1, or
adjusting € to obtain a given noisy prediction error for a given
value of SNR. Our approach is conservative in the sense that the
values of € obtained by the other suggested methods are smaller,
and hence the fading is easier to predict.

We point out that the Gauss—Markov assumption of the fading
process is made to make the capacity analysis tractable, while
capturing in the parameter € the noiseless prediction error ex-
istent in all regular processes. As is shown in [8], [9] for SISO
channels with nonregular fading processes, the high SNR ca-
pacity may have very different behaviors as compared to the
regular case. The Gauss—Markov model, being regular, cannot
be fitted to predict behaviors typical of nonregular processes. In
Section VI, we analyze (through a lower bound) the capacity of
the MIMO fading channel when the fading coefficients corre-
spond to band-limited nonregular processes.

The other parameter of our model that we want to consider
is the SNR. We will analyze different high-SNR regimes de-
pending on how the SNR compares to 1/e, so it is useful to have
an idea of the practical values that the SNR can take. There are
anumber of factors that limit how large the SNR can be. In mul-
tiuser systems that are interference limited, the SNR is limited
by the number of users that are sharing the channel.’ In multiuser
systems, where the users are kept orthogonal in time, frequency,
or code, the achievable values of SNR are generally much larger.
But even in point-to-point links there are a number of factors that
limit SNR such as antenna effective noise temperature, receiver
noise figure, quantization noise, etc. In practice, it is difficult to
achieve values of SNR much larger than 30 dB.

III. THE THREE REGIMES

The input symbols of the channel (1) are vectors in C™¢. The
rank of the matrix H[n] determines how many of these dimen-
sions are resolvable at the receiver. The assumption that H[n]
is formed by i.i.d. Gaussian components implies that H[n]| is
full rank with probability one. If n,. < n,, the received signal
is a vector in C™ so at most n, of the n; dimensions of the
input vector can effectively be resolved. If, on the other hand,
n, > n; the information-bearing component of the received
signal is contained in a subspace of dimension n; of C"~. There-
fore, in both cases rank(H|[n]) =, min{n:, n,} determines
how many d.o.f. the channel offers for conveying information.
This intuitive argument based on the physics of the channel
is backed up by the result [1], [2] that for large SNR, the ca-
pacity of the channel (1) grows as min{n;, n, } log SNR when
the channel realization is known at the receiver. Based on this,

SIn fact, when there is interference SNR is to be interpreted as signal to inter-
ference plus noise ratio.
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TABLE
Environment Ng = Ny ¢(max) ¢(min) 61 (min) 61 (max) 6> (min) 62 (max)
Indoors 1 104 3x 1077 40 dB 65 dB 4.3 x 10* dB 1.4 x 107 dB
Indoors 4 10~* 3x 1077 40 dB 65 dB 4.3 x 10*¢ dB 5.4 x 1026 dB
Urban 1 0.018 10~* 17.4 dB 40 dB 241 dB 4.3 x 10* dB
Urban 4 0.018 1074 17.4 dB 40 dB 41x107dB | 4.3x 10 dB

we define the number of degrees of freedom of the channel to
be min{ns, n,}.

Now the following question arises: do the degrees of freedom
still determine the capacity of a fading channel without the as-
sumption of CSI? To answer this question, we start by pre-
senting an asymptotic lower bound on the capacity C(SNR, €),
asymptotic for high SNR and small prediction error e.

Theorem 1:

SNR— oo

e—0

lim inf {C(SNR, €) — Nmin log [min(SNR, 1/¢)]

—Kl(nr,nt)} >0 )

where npin = min{n,,n:}, and Ki(n,,n;) is some constant
independent of ¢ and SNR.
Proof: See Appendix B. O

This bound and the nonasymptotic version that we present
later in this section can be derived by using Gaussian inputs
which are i.i.d. across time and space. We leave the proofs of
these theorems for the appendices, and focus on the implications
of these results.

If the receiver were to predict the channel from previous
values of the channel gains, the prediction error would be €. On
the other hand, 1/SNR is proportional to the noise power. By
comparing these two quantities we can differentiate two regimes
of operation. For large SNR and small ¢, with SNR < 1/e, the
lower bound behaves as 7y log SNR + K (n,,n). In this
case, the prediction error is negligible as compared to the noise
power and the performance is similar to that of the channel with
perfect CSI at the receiver. As SNR is increased beyond 1/¢, the
lower bound takes a constant value (as a function of SNR) given
by 7minlog(1/€) + Ki(n,,n:). In this case, the prediction
error becomes dominant and any additional reduction in noise
variance does not have a significant impact on the lower bound.

We see that §; = 1/¢ establishes a threshold on SNR that sep-
arates two regimes of operation: the regime where the capacity
is limited by the noise, and the regime where the capacity is
limited by the channel prediction error. In both cases, we see
that increasing n,,i, results in improved performance. Irrespec-
tive of the source of uncertainty (prediction error or noise), 7min
plays a significant role in the lower bound and, as will be shown
later in this section, on channel capacity.

In Section IV, we present a communication scheme that
achieves the lower bound (7) using i.i.d. Gaussian inputs, in-
terleaving, decision-oriented channel estimation, and weighted
minimum Euclidean distance decoding. The analysis of the per-
formance of this scheme shows that the achievable throughput

can be lower-bounded by the capacity of a Gaussian fading
channel with perfect CSI at the receiver and with a noise term
with variance that depends linearly on SNR™! and ¢. We see
that channel estimation error results in an increase in noise
variance that depends linearly on €. Both in regimes 1 and 2
the degrees of freedom of the channel have the same role in
capacity: that of defining the dimensionality of the space over
which communication takes place. The difference between
regimes 1 and 2 is the dominant noise term; additive Gaussian
noise and channel estimation error, respectively.

However, we note that the lower bound (7) is not tight for
very large SNR. As is shown in [6], channel capacity ultimately
grows as log log SNR. We must then define a third regime of op-
eration. This regime corresponds to the range of SNRs for which
the doubly logarithmic term has a significant influence on the
high SNR capacity expansion. For this to occur, the log log SNR
term must be comparable to the value of the capacity, which
must be at least as large as the lower bound (7). So we define
a second threshold, #5 = exp[(1/¢)"™=i»], which corresponds to
the value of SNR that makes log log SNR of the same order of
the lower bound. The range of SNRs corresponding to the third
regime must therefore lie to the right of 5. In this third regime,
increasing the number of transmit or receive antennas beyond
one does not produce a significant increase in C, so we cannot
fully exploit any of the available degrees of freedom. Basically,
communication over all of the degrees of freedom becomes lim-
ited by channel uncertainty and the additional SNR can only be
exploited by conveying information in the norm of the input and
output vectors. This method of conveying information does not
take advantage of the increase in dimensionality, and if this is
the main term of the capacity we do not observe significant gains
in the addition of degrees of freedom.

It is interesting to note that #5 grows doubly exponentially
with nmin, or equivalently, 65 grows exponentially in decibels
with n,,i,. Thus, the range of SNR values for which the third
regime is relevant increases very rapidly with the number of
antennas. To get an idea of the typical values that #; and 65
can take, we can compute them for the extreme values of e,
corresponding to the minimum and maximum mobile speeds
and carrier frequencies considered in Section II: see the Table I
at the top of the page.°

From Table I we see that, in practice, the third regime of oper-
ation requires extremely large values of SNR, values which in-
crease very rapidly with n,;,,. In practical systems these values
of SNR are never attained.

We point out that the values in Table I are obtained by fitting
the first-order Gauss—Markov model to the parameters of phys-

SHere 6, (1nin) corresponds to the maximum value of € and 6, (mnax) to the
minimum value of e for a particular scenario.



ETKIN AND TSE: DEGREES OF FREEDOM IN SOME UNDERSPREAD MIMO FADING CHANNELS

1581

C.
[nats]
40

30

20

10

n=ng=1
nE=n=2
n=nt=4
n=nt=8
log(1+log(p))

Fig. 1.

80
p[dB]

Capacity lower bound as a function of the SNR (p) for different values of n, = n.., and € = 10~*. The curve log(1 4 log SNR) is plotted for reference;

it would cross the curve corresponding to n,, = n; = 1 at SNR & 43000 dB. The crossing points for the other curves occur at much larger values of SNR.

ical channels. In general, these numbers are likely to change for
higher order Markov processes or other regular processes.

To see the effect of the increase in d.o.f. on the lower bound
for specific values of ¢ and SNR, we include a nonasymptotic
lower bound on channel capacity derived using information-the-
oretic principles.

Theorem 2: The capacity C(SNR;¢€) is lower-bounded by
the expression at the bottom of the page.
Proof: See Appendix A. O

Figs. 1 and 2 show the value of this lower bound for different
numbers of transmit and receive antennas as a function of the
SNR for ¢ = 107% and ¢ = 1072, respectively. We observe
that for all practical values of SNR, increasing the number of
degrees of freedom results in a considerable improvement.

The performance analysis of the communication scheme pre-
sented in Section I'V also provides a lower bound on channel ca-
pacity. Because of the bounding techniques used, the resulting
lower bound is not as tight as (8) for certain values of the pa-
rameters, so we include both bounds for completeness.

Motivated by the lower bound in Theorem 1, we argued that
increasing the number of degrees of freedom of the system can
be exploited in the first two regimes. However, the lower bound
gives only partial information about the capacity of the channel.
For the conclusions to be fundamental we need to complement
the argument with an upper bound that shows the same behavior
as the lower bound for large SNR and small e. Particular focus
is onregime 1 and regime 2 which cover most common wireless
scenarios.

We present the following asymptotic upper bound on the
channel capacity.

Theorem 3: Let ny > n,.. Then

limsup [C(SNR, €) — {nmin log [min(SNR, 1/¢)]
SNR— oo

e—0

—|—log(logSNR)—|—K2(nr,nt)}] <0 (10

where np;, = min{n,,n;} and Ks(n,,n:) is some constant
independent of SNR and e.
Proof: See Section V-A. O

o in{SNR, SNR*
C(SNR, ¢) > 3 E [log (1 4 min{SNR, SNR"} ngﬂ + nyny log(2)
k=nmax—(Pmin—1) Tt
€ € 2
_nrntlog{min(SNR,SNR*)n—+2—e+ (min(SNR,SNR*)n—+2—e> —4(1—6):| (8)
t t
where
n2. (2—e nt . (1—e)+e2n?. n2n? .
SNR* — { me | Mo (2 >+\/:%1;,:,1 R ©
0, if Npax =1

Nmin = Min{n,, 17}, Nmax = max{n,,n;}, and x3, is a x* random variable with 2k degrees of freedom.
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Fig. 2. Capacity lower bound as a function of the SNR (p) for different values of n; = n,., and € = 0.01. The curve log(1 4 log SNR) is plotted for reference;
it would cross the curve corresponding to n,. = n; = 1 at SNR = 400 dB. The crossing points for the other curves occur at much larger values of SNR.

Theorem 3 together with Theorem 1 allow us to tightly char-
acterize the behavior of channel capacity in the first two regimes
for the case ny > n,.. As before, we focus on the scenario when
€ ~ 0 and SNR > 1.

For the case when SNR < 1/¢, the above asymptotic upper
bound gives

Nmin 10g SNR + loglog SNR & 1,5, log SNR

which matches the lower bound in regime 1 (to within a constant
not depending on SNR and e.) For the case when SNR > 1/¢ but
SNR « exp(1/e), the above asymptotic upper bound becomes

Tomin 10g 1/€ + loglog SNR = 1, log 1 /€

which matches the lower bound in regime 2.
Finally, for the case SNR > exp(1/¢), we can approximate

Nomin l0g 1/€ 4 loglog SNR = log log SNR

in accordance with the loglog SNR result of [6] whenever
Ng > M.
For the case n; < n,, we present an alternative upper bound.

Theorem 4: Let n; < n,.. Then

lim sup {C’(SNR7 €) — {nmin log [min(SNR, 1/¢)]
SNR— oo

e—0

+n¢ log(log SNR) +K3(7’L7-77’Lt)}:| <0 (11

where Ny, = min{n,,n:} and K3(n,,n:) is some constant
independent of SNR and e.

Proof: See Section V-B. O

This bound differs from (10) in that the coefficient of the
loglog SNR term is n; instead of 1. Since the doubly loga-
rithmic term is negligible compared to the other terms in regimes
1 and 2, this bound also matches the lower bound in the first
two regimes. However, in the third regime this bound becomes
loose and fails to characterize the 1 - loglog SNR behavior. In
fact, by [6, Theorem 4.29 (eq. 136)] applied to the first-order
Gauss—Markov fading model one can obtain

limsup |C(SNR, €) — n,.n; log (1/€) + log(log SNR)
SNR— oo

+ Ka(ne,me) | <0 (12)

for some constant K4(n,.,n;) independent of SNR and e. This
bound is loose however in the second regime because the coef-
ficient of log (1/¢) is n,n; instead of ny;,. This bound has re-
cently been improved in [23], from which it is possible to show
that

limsup | C(SNR; €) — n,.log (1/€) + log(log SNR)
SNR— oo

+ K5(n,.,ne)| <0. (13)
Note, however, that for n; < n,., which is the case addressed in
Theorem 4, this bound is still loose in the log (1/¢) term. For
this reason, we need the bound of Theorem 4 to characterize
capacity in the first and second regimes for n; < n,..

In summary, regardless of the values 7, and n., the lower
and upper bounds match for regimes 1 and 2, which as we saw
in the examples (cf. Table I) are the regimes of most practical
importance. In these two regimes, the increase in the number
of degrees of freedom (7,,;,,) results in considerable capacity
improvements.
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% codeword # training
n, 123 M - S
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N )

B interleaved blocks

Fig. 3.

Schematic representation of the transmission scheme. Symbols of the same codeword have the same shading. B is the codeword length, M the interleaver

block length, and 7, the number of training symbols used in each interleaved block.

IV. COMMUNICATION SCHEME FOR REGIMES 1 AND 2

The derivation of the lower bound (7) suggests using i.i.d. cir-
cularly symmetric complex Gaussian inputs and maximum-like-
lihood decoding. If the channel fading process is known at the
receiver, the optimum decoding strategy reduces to minimum-
weighted Euclidean distance decoding (MWEDD). In practice,
the channel is unknown, and to use MWEDD we need to have
an estimate of the channel. Here, two problems arise as follows.

« Channel estimation: if we use pilot sequences to estimate
the channel, a fraction of the available degrees of freedom
is wasted in training. We need to find a scheme that can es-
timate the channel without spending a significant amount
of time in the training process.

» Estimation error: due to additive noise and channel vari-
ation, any estimation strategy will have a nonnegligible
channel estimation error. This error appears as an extra
noise term in the channel equation, and this term is not
independent of the input. Then, MWEDD is no longer the
optimal decoding scheme and we have to prove that i.i.d.
circularly symmetric complex Gaussian inputs and a mis-
matched decoder can still achieve the full number of de-
grees of freedom.

To tackle the channel estimation problem, we propose a de-
cision-oriented training scheme. We use i.i.d. circularly sym-
metric complex Gaussian codewords of length B and we in-
terleave M of them with a block interleaver. At the beginning
of each interleaved block of length M we append the training
sequence I,,, i.e., we send at time n = k(M + ny) + m,
k = 0,1,...,B — 1, a 1 in transmit antenna m leaving the
remaining antennas silent. Fig. 3 shows a schematic representa-
tion of the transmission scheme.

Broadly speaking, the scheme consists of using the
training sequences to obtain estimates of H|[n] at times n =
k(ng + M)+ ny+ 1fork =0,1,..., B — 1, and using these
estimates to decode the first codeword of length B. Assuming
that an appropriate coding rate is used, an arbitrarily small
probability of decoding error can be achieved by choosing B
large enough. Once the first block is successfully decoded, the
symbols [n],n = k(n;+M)+n,+1fork=0,1,...,B—1,
are known to the receiver and can be used as if they were
training symbols to estimate H[n], n = k(n; + M) + ny + 2
for k = 0,1,...,B — 1. These estimates are then used to
decode the second codeword. Continuing in this way, at each
step the scheme uses the previously decoded codeword to

update the estimates of the fading matrix, which are then used
in the decoding process of the next codeword. We can make
the fraction of time spent in the transmission of the training se-
quences arbitrarily small by taking M large enough. We finish
the description of the scheme by specifying the estimation
algorithm, the decoding rule, and the transmission rate used.

A. Channel Estimation

Consider the received vector when we send the first training
symbol

SRelY = Ml +

Ny

SNR

y[l] = H[1] |+ 2[1]

0

where h;[1] is the first column of H[1]. The optimal MMSE
estimate of hi[1] given y[l] is the conditional expectation
E {h,[1]|y[1]}. To simplify the analysis, we use the suboptimal
estimate h;[1] = y[1], which is a good estimate for large SNR.
In general, we will estimate the channel fading matrix at time
n=%k-L+n+1, (L =n+ M),ie., the time when we
transmit the first information symbol of the interleaved block
k, using

H[k~L—|—m+1]

=[ylk-L+1] ylk-L+2] ylk - L +n4]

with
Alk-L+n,+1=H[k-L+n,+1]—H[k-L+n,+1]
as the corresponding estimation error. In order to characterize
A, we will focus on the estimation error in h;[1] given by
/nt/SNRz[1] which has covariance ggly,. Our goal is
to compute the covariance of the estimation error at time
n = ny + 1, i.e., the time when the first information symbol
is transmitted. Due to channel variation, the estimation error at
time n; + 1 contains an additional independent CA/ (0, nsel,, )
term.” Therefore, the overall estimation error of the first column
of H at time n; + 1 is circularly symmetric complex Gaussian
with covariance n;(SNR™' + €)1, . Also, the estimates of
the other columns of H, ie., h;[n: + 1] = y[i], contain a
smaller prediction error due to channel variation, so we can
upper-bound the variance of the estimation error of all the
elements of H by n,(SNR™ + ¢). We also note that the

TWe have made the approximation /1 — € &~ 1 when computing the variation
of the channel matrix. This approximation is valid for € — 0 for any finite 7.
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estimation error A is circularly symmetric complex Gaussian
with independent components.

Consider the problem of estimating H|[n + 1] based on a pre-
vious estimate H|[n], the currently received vector y[n], and the
successfully decoded symbol [n]. This is a Gaussian estima-
tion problem, for which the optimal solution is given by the
Kalman filter. We can simplify the derivation of the Kalman
filter equations by noting that conditioned on z[n], the estima-
tion of the different rows of H[n] decouples into n, indepen-
dent estimation problems. This result requires the independence
of the rows of A[n; + 1] which was shown earlier. Therefore,
without loss of generality, we will consider the estimation of the
first row of H, which we will denote by nT. .

Assume that at time 7 we have an estimate h[n] of h[n], and
that the estimation error §[n] = h[n] — h[n] has zero mean and
covariance K[n]. We also assume that z[n] has been success-
fully decoded and is known to the receiver, together with the
received signal in the first antenna, y[n]. We want to obtain

hin+1]=E [h[n +1]| y[n], z[n], ﬁ[n]]

and the covariance matrix of the corresponding estimation error,
K[n + 1]. We use w[n]T to denote the first row of W[n], and
consider

h[n + 1] =1 — eh[n] + Vew[n]
— Ve (ﬂ[n] + 5[n]) + Vewn]

to get the updated estimate
hln + 1] = E [hln + lyln], zln], hin]|

— VI chjn] + VI— ¢E [S[nny[n],z[n], iz[n]}
(14)

where we used the fact that w[n] is zero mean and independent
of y[n], h[n], and 2[n]. We also need the conditional covariance

A~

of the estimation error 6[n + 1] = h[n + 1] — h[n + 1]

K[n + 1] = Cov(8[n + 1]|y[n], 2[n], h[n])

= (1 — €)Cov(8[n]ly[n]. =[n], hln]) + L, (15)

where we used the independence of w[n] with everything else.

To compute the expectation in (14) and covariance in (15),
we need the joint distribution of [y[n]é[n]"]" conditioned on
h[n] and z[n]. This distribution is complex Gaussian, so we only
need to compute the first and second moments.8 Letting z[n]
denote the first element of 2[n] we can write

yln] = h{n)zln] + 8l aln] + | | ot ln)

and noting that z[n] is independent of everything else, we have
that conditioned on h[n] and z[n], y[n] has mean h[n]Tz[n]
and covariance (z[n]” K[n]z[n]* 4+ n;/SNR). By the orthog-
onality principle, 6[n] is independent of h[n], and is also in-

8The centered version of this random vector is circularly symmetric, so we
only need to compute the mean vector and covariance matrix, knowing that the
pseudocovariance matrix is zero.
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dependent of z[n]. Therefore, conditioned on iz[n] and z[n],
8[n] ~ CN (0, K[n]). Finally, we have

B [y[nl6n)' Aln], 2]

—E [i&[n]Tx[n]ﬁ[n]T + 8[n) z[n)8[n)
-I-\/%z[n]&[nﬁ
— z[n]TK[n].
It follows that
o Lot
s [4] (ot st

z[n]" K[n]z[n]* + s
Knlz[n]*

h[n], x[n]}

f»[nl,zm} _ [i"[n]zw[n]}

and

ﬂ[nm[n]}

z[n]T K|[n] }

We can now get the distribution of §[n] conditioned on
(y[n], h[n], 2[n]) which is complex Gaussian, by obtaining the
corresponding moments

E | (]l yln hin]. 2[n]|
= K[n]z[n]* (z[n1TK[n]z[n1*+SﬁR)‘l(y[n]—ﬁ[m%[n])
Cov|8[n]|yln]. hln]. [n]

Tt
SNR
We finally replace in (14) and (15) obtaining

hln+1] =1 = chjn] + VI —¢
. [K[n]x[n]* (aln)" Klnlaol” + gt )~
(vt = =)

Kin+1]=(1—¢) [K[n] - (z[n]TK[n].'B[n]*

:K[n]—(x[n]TK[n]:L‘[n]*+ )_IK[n]z[n]*z[n]TK[n].

+5)
K[n]z[n]*z[n]TK[n]} +el,,. (16)

It is interesting to note that K [n + 1] does not depend on y[n]
and h[n] so the estimation errors corresponding to all the rows
of H[n] have the same covariance. However, the estimates for
the different rows of H will be different in general.

B. Decoding
Define

Nopp={n:n=(m+Mk+n+m,k=0,...,B—1}

form = 1,2,..., M, i.e., the set of times when the symbols
corresponding to the mth codeword are transmitted. The de-
coding of the mth codeword is based on the received vectors
{y[n] : n € N, } and the estimates of the channel fading matrix
{H[n] : n € N,,,}. Define Y, to be the matrix whose columns
are the received vectors corresponding to the mth codeword, and



ETKIN AND TSE: DEGREES OF FREEDOM IN SOME UNDERSPREAD MIMO FADING CHANNELS

Yk to be the matrix whose columns are the vectors of the form
Hin]z[r] forn € N,, andr € {1,2,..., B}, where k denotes
the codeword index in the codebook. Then the decoding rule for
the mth codeword is given by

b = argmin ¥, — Vi p.

This is a weighted minimum Euclidean distance decoding
rule. The vectors of the candidate codeword k are weighted by
the estimates of the channel-fading matrices, and then compared
to the received vectors to find the one which is closest in Eu-
clidean distance.

If the fading matrices were perfectly known at the receiver,
then this decoding rule would correspond to maximum-likeli-
hood decoding, which minimizes the probability of decoding
error. However, in practice, there will be some estimation error
in the fading matrices, and there is an additional noise term that
is not Gaussian and is not independent of the channel input. In
this case, MWEDD is no longer optimal, but as we show next,
it lets us achieve the full number of degrees of freedom of the
channel in the first two regimes.

C. Coding Rate

In this subsection, we obtain a lower bound on the maximum
rate achievable with our communication scheme. Once this
lower bound is found, we can build a family of codebooks,
each with an appropriate number of codewords so that the error
probability goes to zero as the block length goes to infinity.

We start by characterizing the channel that results from our
communication scheme. As M — oo, the estimation errors
{A[k(ne + M) + ny + m]}£=; and the channel estimates
{H[k(n: + M) + n; + m]} =, become independent over ,
so the mth transmitted codeword sees an equivalent channel

given by
yln] = H(nlz[n] + Alnjz[n] + ,/ ST,;—’RZ[H]

= H{n]z[n] + [n]

Aln]z[n] + \/<gz[n] and n € N, and
{z[n]}nen,, and {H[n|}necr, are iid. over n. We note that
the noise z[n] depends on the input z[n], but it is uncorrelated
with it

7)

where z[n] =

E [2[n]z[n]T] —E [A[n]z[n]z[nﬂ +E [ SKI—tRz[n]x[n]q

—E[AR] E [z[n]x[n]w

Nt

T/ SNR

Elz[n]] E [m[n]w
=0.

Using the independence of A[n], [n], and z[n] we can ex-
press the covariance matrix of the noise as

g

E [3lnlzln]] = B [Aln]AR]T] + el

By computing an upper bound on F [A[n]A[nJ{T] the fol-
lowing lemma gives an upper bound on E[z[n]z[n]!].
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Lemma I: E[z[n)z[n]T] = o2[n]I,, where, for n large
enough so that E[tr(K|[n])] reaches a steady state, o?[n] is
upper-bounded by

2
2 ny +ng
<
oI < ~oNR
Proof: See Appendix G. O

+ n22me,

Having characterized the noise term 2[n], we now turn our at-
tention to the estimate of the fading matrix H[n] which is known
at the receiver. As we argued before, conditioned on {z[n]}, the
rows of H[n] are independent, and by symmetry, identically dis-
tributed. They are also zero mean, so it follows that they are un-
correlated. The same holds true after removing the conditioning
on {z[n]}. It follows that in steady state we can write

B [lalhylol| = o2,

for some constant o, where izf is the ith row of H[n)].

By the orthogonality principle, the estimation error A[n] is
independent of the estimate H[n], and so is the Gaussian noise
z[n]. Therefore, H[n] is independent of 2[n].

As SNR — oo and € — 0, the estimate H[n] converges to
H{[n] with probability 1, so it follows that H[n] also converges
in distribution to H[n]. Therefore, in the limit as SNR — oo
and ¢ — 0, H[n] converges in distribution to a circularly sym-
metric complex Gaussian matrix, with independent components
of variance 1, in which case o converges to n;.

We now show that for a channel like (17) with MWEDD,
the worst case noise is circularly symmetric complex Gaussian,
independent of the input and the channel-fading matrix. Then,
we can lower-bound the maximum achievable rate by that of the
additive, independent Gaussian noise channel, with Rayleigh
fading known at the receiver. The following theorem extends a
result of [18] for noise not independent with the channel input.

Theorem 5: Let C denote the capacity of the channel
y[n] = Hnlz[n] + z[n]
where H [n] € C"*" is known at the receiver, is i.i.d. over
time, and E(h; [n]h;[n]) = a26; j.i,5 € {1,...,n,}, for some
constant &%, where h;, is the ith row of H[n]. Also, 2[n] € C"r
is CN'(0, 02I,,,) is independent over time and independent of
H{[n]; and the input £[n] € C™ is independent of everything

else and is subject to the power constraint E [[|z[n]||?] < n,.
Consider the channel

yln] = H(nja[n] + 2[n]

where H[n] € C" X" is the same as before, and is also known
at the receiver; 2[n] is independent over time, is uncorrelated
with the input z[n], is independent of H|[n], and has the same
covariance as 2[n]; and £[n] € C™ is independent of H[n| and
is subject to the power constraint E[||z[n]||?] < n. Let R be the
supremum of the achievable rates in this channel when the input
z[n] is constrained to be formed by i.i.d. CA/(0, 1) components,
independent over time, and weighted minimum Euclidean dis-
tance decoding is used.
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Assuming that all random vectors are jointly defined we have
C <R.

Proof: See Appendix H. O

Then we can choose any rate

HI-I]L

R < E |logdet

Ny

where the expectation is taken over the random matrix H. For
large SNR and small ¢, we can do the following approximations:

I-IHJr

FE |logdet

Np

> FE |logdet

(o8]

10g det (HHT)}

_mln{n,,nT}log( o
;)

~ min{n,n, } log <

~ min{n¢,n,}log [(SNR +e€) 1} (18)
where n,. < n; was assumed; the other case is similar. There-
fore, we have that the maximum achievable rate 12 of our scheme
grows at least as fast as min{n,, n;} log[(SNR™" + ¢)~1] for
SNR — o0 and € — 0. Thus, our scheme achieves the full de-
grees of freedom of the channel.

D. Practical Considerations

Many of the elements of the scheme analyzed in this section
are very useful in practice and have been considered in the lit-
erature. For example, Weingarten et al. analyze in [19] the per-
formance of Gaussian codes and a more general version of the
weighted minimum Euclidean distance decoding rule that we
considered here and apply the results to a block-fading channel
model. Baltersee et al. use in [20] a perfect interleaver to justify
the assumption of independent channel realizations in the dif-
ferent coding blocks, and compute the achievable rates for an
optimal decoder.

For practical systems, decoding delay is an important param-
eter that must be minimized. One way to reduce the interleaving
delay is to use per-survivor processing [21] (PSP) to obtain re-
liable decisions for channel estimation before the reception of
the complete codewords. A practical example of noncoherent
sequence detection using PSP can be found in [22].

V. PROOFS OF THE UPPER BOUNDS

In this section, we will present the proofs of Theorems 3 and
4. We first prove Theorem 3 in Section V-A introducing many
results that are also useful in the proof of Theorem 4. Later, in
Section V-B, we build on the previous subsection to obtain an
upper bound for the n; = 1 case, and extend the result for the
ny < m, case, proving Theorem 4.
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We will introduce many changes of variables. The following
table summarizes the definitions

Variable Definition
yln] Hin]z[n]
mn] |z[n]]

d[n] x[n]/|z[n]]
¢[n] Hin]d[n]
piln] log(g:[n]|)
¢i[n] Lyiln]

rin] gilnl/91[n]
will] (Iha[t]]/hi[1])wi[1]

A. Proof of Theorem 3

Consider first the case when SNR < 1/e, or equivalently
1/SNR > e. This corresponds to a noise variance larger than the
one-step MMSE prediction error of the channel. In this regime,
the capacity is mainly limited by the noise, so we can obtain
a tight upper bound for the capacity by simply assuming that
the channel realization H* is perfectly known at the receiver.
The capacity under this assumption was explicitly computed in
[2], from which it follows that Ckpown B & Tmin log SNR 4+ K
for some constant K independent of SNR, for large SNR. This
corresponds to the bounds in Theorems 3 and 4 in regime 1,
where the log log SNR term is negligible.

Next, consider the case when SNR > 1/e. Channel uncer-
tainty becomes the main capacity-limiting factor when the ad-
ditive noise becomes negligible as compared to the one-step
MMSE prediction error of the channel. However, this does not
mean that we can remove the noise from the channel equation
and expect to have a tight upper bound for capacity. In fact, re-
moving the noise corresponds to letting SNR — oo, in which
case C(SNR, €) — oo. It is shown in [6] that for a memoryless
channel it is possible to upper-bound the capacity of a noisy
channel by the capacity of a noiseless channel with the addition
of a lower bound constraint on the input. Intuitively, little infor-
mation can be transmitted when the input is much smaller than
the noise, so adding an appropriate lower bound on the input
does not reduce capacity significantly. On the other hand, once
the lower bound constraint on the input is added, the noise can
be removed while obtaining a finite capacity. The following the-
orem generalizes the same idea for channels with memory.

Theorem 6: Let D be the family of distributions

D:{p(m ZE ||lz[n]||*] < n¢ + 1/SNR and

nGN

l£[n]]| > SNR™Y2, n € N, with probability 1}.
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Then

1
C(SNR,€) < (2n, + 1) log(2) + hm sup  —=I(zV;yV).
B—oo p(eN)eD

Proof: See Appendix C. O

Having a lower bound on the input norm allows us to remove
the additive noise from the channel equation and still get a tight
upper bound for the capacity. This is done at the expense of
an additive constant (2n, + 1)log(2) that does not modify the
asymptotic behavior of the bound. From this point on, we will
assume that the input satisfies

[[2[n] >5NR*1/2

= Z Elllz[n]|I”] <ne + gp-

neV SNR

Removing the noise does not reduce mutual information. jl\%/y

using the chain rule we have that I(zV;yV) < I(zV;9%")
where

ln] = Hinlaln) = yln] - || <200,

After removing the noise we get the multiplicative chan-
nel (20).

To get some intuition about the techniques used later on we
will consider the scalar n; = n,, = 1 SISO case first. In the
scalar case, the resulting multiplicative channel is given by

yln] = h[nlzn]
where the input distribution is chosen from the set D. We ob—

serve that if we directly write the mutual information I (z ( Y )
in terms of differential entropies

1V ") = h(@") — h@V1zV)

both terms depend on the input distribution and cannot be max-
imized independently without obtaining an extremely loose
upper bound. However, we can introduce a change of variables
that converts the multiplicative channel into an additive channel.
For a complex number z, let log(z) = log|z| + j/z, where
/x € (—m,7], and for a complex vector £ = (z1,...,7,)"
let log(x) be the vector whose components are log(x;). After
taking log(-) the channel equation becomes

log(g[n]) = log(x[n]) + log(h[n])

and the log(h[n]) term plays the role of an additive noise term,
which is unknown to the receiver and is correlated over time.

With the above definition, log(-) is a one-to-one transforma-
tion that applied to the channel equation leaves the mutual in-
formation unaltered

nenN
(19)

VneN.

(20)

1@ 5) = 1(log(z™); log ("))
= h(log(#")) — h(log(§ )I log(z))
= h(log(i")) - h(log(h")).

Note that the second term of the right-hand side (RHS) is
independent of the input distribution, and, in principle, can be
computed. To bound the term h(log(g}N )) we can find an upper
bound on the variance of the components of log(@N ) and use
the Gaussian bound assuming that all the components are inde-
pendent. This is achieved in the actual proof by using triangle
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inequality and Jensen’s inequality. The log log SNR term of the
upper bound comes from this Gaussian bound.

The computation of h(log(hN)) is simplified by expressing
it in terms of h(hN), finding the Jacobian of the log(-) transfor-
mation and using a property that relates the differential entropies
of vectors related by a one-to-one transformation. The compu-
tation of h(hN) is complicated by the correlation of the fading
channel. Since we are interested in obtaining an upper bound for
the capacity of the channel, we just need to obtain a lower bound
on h(hN). This is done by using the chain rule for differential
entropies, and for each time n conditioning on h[n — 1]. This
extra conditioning does not increase the differential entropy, and
each of the corresponding terms can be computed explicitly as
a function of e. The log e term in the upper bound comes from
this lower bound on h(log(hN)).

We now consider the general vector case. In the scalar case,
we applied log(+) to convert the multiplicative channel into an
additive channel. However, in this case, the channel equation
is in vector form so we need to introduce a change of vari-
ables before we can take logarithms. Information gets trans-
mitted through this channel by means of m[n] = ||z[n]||, the
norm of the input, and d[n] = z[n]/||z[n]||, the direction of the
input. The SNR has influence only on the communication over
the norm component of the input, so this transformation allows
us to separate the component that depends on the SNR.

We also define ¢[n] = Hin|d[n] for n € N. Finally,
using ¢ to index the receive antenna number, we define
piln] = log(|3[n]]) and ¢;[n] = Zii[n]., where [n] is the ith
component of g[n], and 7 < ¢;[n] < 7 forn € N, and group
all this variables into the Bn,.-dimensional vectors pN and ¢ .
Note that this transformation includes the logarithm used in the
scalar case. The following fact relates the differential entropies
of random vectors defined in terms of a one to one mapping.

Fact 1: Let the vectors v and w be related by a one-to-one
transformation with Jacobian J where J(i,7) = 0Ow;/0v;.
Then

h(w) = h(v) + Ellog det J].

We show in a lemma how to compute the mutual information
in terms of these new variables.

Lemma 2:

IV 9Y) = h(pV, ¢V) —;H,NW

+ Z ZE log (|es[n][?)] 2D
neN i=1
where c¢;[n] is the ith component of ¢[n].
Proof: See Appendix D. O

Lemma 2 summarizes in one expression the result of taking
log(-) in the channel equation, computing the Jacobian of the
one-to-one transformation, and simplifying the computation of
the second differential entropy in the mutual information ex-
pression by inverting the log(-) transformation.

We conclude the computation of the upper bound by com-
puting or bounding each of the terms of (21). This is done in the
following three lemmas.
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Lemma 3:

Z ZE [log (|c;[n]?)] = —n, By
neN i=1
where v = 0.5772. .. is Euler’s constant.

Proof: To compute the double sum we need to determine
the distribution of |c;[n]|?, 4 = 1,...,n,, n € N. Recall that
ci[n] = h;[n]*d[n], where h;[n]? is the ith row of H[n]. Since
d[n] is a norm 1 vector and h;[n]” has i.i.d. CN/(0, 1) compo-
nents, conditioned on d[n], ¢;[n] has CA/(0, 1) distribution inde-
pendent of d[n]. It follows that without conditioning, ¢;[n] has
CN(0,1) distribution, and therefore |¢;[n]|?> ~ Exp (1). Then
we can compute E [log (|¢;[n]|?)] explicitly

E [log (|e;[n]|*)] = /Ooolog(a:)e_zd:v = —y

independent of n and . ]

Lemma 4:
hcV|dY) > n, Blog(mee).

Proof: We start by using the chain rule for differential en-
tropies and lower-bounding by adding extra conditioning

B
h(cV1dY) = h(el1]|d") + 3 hienleln — 1], e[1],dV)

> h(c[1]|H[0],d")
+ > h(e[n]|Hln = 1], ¢fn — 1], e[1],dV).

n=2
Conditioned on (H[n — 1],d[n])
¢[n] ~CN (V1 —eH[n — 1]d[n], el )
and it follows that?

h(e[1])|H[0],d") = h(c[n]|H[n — 1],¢[n — 1],.. .,

= n,. log(mee).

e[1], @)

To see this, we write ¢[n] as a function of (H[n — 1],d[n]) for

nenN
c[n] = H[nld[n]
= (VI=eHn - 1]+ /eW[n]) d[n]
= V1= eH[n — 1]d[n] + v/ew[n]

where w[n] = W{n]d[n] has CN/(0, I, ) distribution because
W{n| has i.i.d. CN(0,1) components and d[n] has norm 1. [

Lemma 5:
L N N
— <
e ¢7) <

+(n, — 1)[2 = 1log(2)] + (n, — 1)% log [2me(27)?]

1
log(2meo?) + 2 log(2men?)

N | =

where

o? =

2
/e + L/SNR + 1 + [log(v/SNR)]? + \/1/2} :
Proof: See Appendix E. O

“Note that conditioned on (H[n — 1],d[n]), ¢[n] is independent of ¢[n —
1],...,¢[1] and @V.
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We replace in (21) the results of the last three lemmas to ob-
tain the upper bound

1
lim  sup —I(.'I:N;yN) <
B—>oop(IN)€D B

where D is as in Theorem 6,

o? = {\/nt + 1/SNR + 1 + [log(VSNR)]? + +/ 1/2}
and
K(n,) =log(2wer) + (n, — 1)[log(1/2) + 2]
1
+ (n, — 1)5 log(27we(2m)?) — n,y — n, log(we).
Finally, we use Theorem 6 to obtain an upper bound for
C(SNR,¢)
1
C(SNR,¢e) < 2 log(c?)—n, log(€)+K(n,.) + (2n,+1) log(2).
As SNR — o0, (1/2)log(c?) — (loglog SNR — log 2) — 0,
so for n,. < ny, Theorem 3 follows by taking Ka(n,,ny) =
2n, log(2)+ K (n,.). However, for n,. > ny, this bound becomes

loose in regime 2 because the coefficient of the log(e) term is
n, instead of min{n,.,n:} = ns.

log(0?) —n, log(e) + K (n,.)

| =

2
)

B. Proof of Theorem 4

As mentioned in the introduction of this section, many of the
results of Section V-A apply to this proof as well. The main
problem of the previous proof resides in Lemma 5 which is
not tight for n,, > n;. In fact, we conjecture that the right
upper bound for % h(pV, ¢N) should contain a term of the form
(n, — min{n, n,})loge which is nonzero for n, > n;. We
could not obtain the right form for the general case, but we ob-
tained a tight bound for the special case of n; = 1. This is given
in the following lemma.

Lemma 6: Let ny; = 1. Then

Jim {%h(p/v V) — [1og(2mr) + log(0?)
SNR o
+(n, —1)log(e) + 3.97722} } <0
where )
o {\/1/SNR + 2 4 [log(VSNR)]2 + M} :
Proof: See Appendix F. O

Lemma 6 together with Theorem 6, and Lemmas 2—4 allow
us to obtain a tight upper bound for the capacity of the single
transmit antenna channel
lim sup {C(SN R,¢€)

SNR— o0

e—0

—{loglogSNR—I—log(l/e)—I—K(nr)}] <0 (22

where K (n,) = 2n, log(2) — n,y + log(2mer) + 3.97722.
An upper bound for the capacity of the MIMO channel can
be obtained by rewriting the channel (1) as the sum of the
outputs of n; independent single-input multiple-output (SIMO)
(n¢ = 1) channels as represented in Fig. 4. Let h;[n] € C"" be
the th column of H[n], z;[n] be the ith component of z[n], and
20[n] ~CN(0,1,,),i =1,2,...,ns,n € N, be independent
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» hnt["] >+ >

Fig. 4. Representation of the MIMO channel as the sum of the outputs of n; independent SIMO channels.

across ¢ and n, and independent of the channel input and fading
gains. Define n; independent SIMO channels by

y@wzmmmm+ﬁ%ﬁmm, wﬂjwuza
Letting yln] = Y0, 3 [n] and 2fn] = = Y0, 20)n),

we have the original channel equation expressed as a function
of the individual SIMO channels

=3l

= Zh [n]a;[n] + SN f Zz@[n]
= H [n)zln] + /<xg2ln], ne A/ (24)

where 2z[n] ~ CN(0, I,,) is independent across 7, and is inde-
pendent of the channel input and fading matrix.

Let
oV =[z[1]"22]" ... 2[B]T]" e CP™
= [z 2" ... [BF]Y € CB, i=1,2...,m
vV =1 y2" ... y[B]"]" eC™
W =[Oy yDB]T]" e CP,
i=1,2...,m

Then for any distribution of 2V, we can use the data pro-
cessing inequality, the chain rule for differential entropies, and
the fact that conditioning does not increase differential entropy,
to get the upper bound

I@VsyY) <@y gDV Ly
= h(y Ny BNy

— Ay OV yON Ly | 2N

= hON) = RO Y,y Y)
i=2
_Zh )N|z

< Z By
_ ZI

—mewmﬁ

sy (25)

This upper bound can be better understood by interpreting
y@[n] as the received signal corresponding to the transmission
in the transmit antenna ¢ as if it could be received without inter-
ference from the signals transmitted in the other antennas.

The power constraint on the input distribution

FYE

neN

[llz[n]||*] < ne

implies that the input to each of the n; SIMO channels must
satisfy

B Z E |$L[n]| ] < ng.

neN

Therefore, we can bound each of the n; terms of (25) by the
bound (22) replacing SNR — 7n,SNR. However, for large SNR,
loglog(n:SNR) = log log SNR in the sense that in the limit the
difference between the two sides converges to 0. As a result, we
obtain for the n,, > n; case the bound

SNR— oo

e—0

lim sup [C(SN R,¢€)

—{nt loglog SNR + n; log(1/€) + K(n,,,nt)H <0
where
K(ny,n) = ne[2n,log(2) — n.y + log(2men) 4+ 3.97722]

which corresponds to the bound of Theorem 4 for SNR > 1/e.

VI. CHANNELS WITH BAND-LIMITED NONREGULAR
FADING PROCESSES

A. Capacity Lower Bound

The results presented so far rely on the first-order Gauss—
Markov fading model defined in Section II. The first-order
Gauss—Markov fading process is regular: the mean-squared
estimation error (MSE) of the present of the process using
noiseless observations of the infinite past is positive.

The noiseless MSE is given by

1/2
«(0) = eXp{ /_ sl f)]df} 26)
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where S;,(f) is the power spectral density of the discrete-time
fading process {h[n]}. In the case of an n; x n,, MIMO system,
there are n,.n; independent such processes.

If the process is nonregular, the present value can be perfectly
estimated from noiseless observations of the infinite past. In this
case, €(0) = 0. However, if the observed samples are corrupted
by i.i.d. additive Gaussian noise of variance §2, the resulting
MSE is in general greater than zero, and is given by

1/2
6(52) = exp {/ log[Sn(f) + 52]df} — 62 27

—1/2

Lapidoth in [8], [9] analyzes the capacity of SISO channels
with nonregular fading processes where the input of the channel
is subject to a peak power constraint. He shows that depending
on how €(6?) goes to 0 when 62 — 0 the high SNR capacity
of the channel can be log SNR, log log SNR, or (log SNR)? for
0<pB <L

It follows that regular and nonregular fading processes lead to
totally different high SNR capacity asymptotics. This motivates
the question on how the degrees of freedom of a MIMO channel
influence the high SNR capacity when the fading is nonregular.

To this end, in the following theorem we present a capacity
lower bound that can be applied to any MIMO flat-fading
channel with spatially i.i.d. circularly symmetric complex
Gaussian entries in the fading matrix.

Theorem 7: The capacity C(SNR) of a MIMO fading
channel with an n, X n; circularly symmetric complex
Gaussian fading matrix with spatially i.i.d. components of
variance 1, when the fading realization is unknown to both
transmitter and receiver can be lower-bounded as

C(SNR) > min{n,,n;} (1 — min{n,, ns}|D|) log(SNR)

+Ke(nr,ne) (28)
for some constant Kg(n,, n:) independent of SNR, where D is
the set of frequencies where the power spectral density Sy, (f)
of each fading process of the fading matrix is greater than zero

p={rsun>0-5<r<3]
2 2
and |D| denotes the Lebesgue measure of this set.

Proof: The proof of the theorem is very similar to the
proof of Theorem 2 given in Appendix A. In fact, most of the
steps of the proof apply to any channel with spatially i.i.d. circu-
larly symmetric complex Gaussian fading processes, regardless
of the time correlation structure.

We first note that we can use 7,, < n, receive and 7; < ny
transmit antennas to achieve a lower bound on capacity. We use
as input to the channel V' ~ CN/(0, I 3) and apply Lemmas 7
and 8 to obtain

Mmax

>

k=nmax—(Nmin—

1
i [ o [SF'—Rsh(.f> ; 1} i 29)
0 Uz

C(SNR) > E

n

SNR
log <1 + x§k>
1) t

IEEE TRANSACTIONS ON INFORMATION THEORY, VOL. 52, NO. 4, APRIL 2006

where oy = max{fi,, i }, Npin = min{f,, 7}, and x3, is
a x? random variable with 2k degrees of freedom.

We now use (27) to express the last term of (29) in terms of
the noisy prediction error of the fading process

1
log [€(87) + 6%] = /0 log [Sk(f) + 6%] df (30)

Mmax

where we used the periodicity of Sy, (f). It follows that

SNR
E [log <1 + ~—X§k>:|
Uz
k=nmax—(Mmin—1)

L SNR o n n
— Ty g log< i ) — N,y log [e <ST\TR> n SEtR] . (3D

To obtain a lower bound that depends on |D| instead of
the noisy prediction error variance ¢(-) we use (30) and apply
Jensen’s inequality:

C(SNR) >

1
log [€(8%) + &%) = /0 log [Sk(f) + 6%] df

=l [ yloe [51(5)+ 5] df

+ (1~ D) los (57)

el [ L e

<ippioe{ [ o [suin) + 2 4

+ (1~ D) los (57)
0 U S
—(Dog (5 +8%) + (1~ [P og ()

(32)

where the last equality follows from the unit variance of the
fading coefficients.
Evaluating (32) in 62 = 7;/SNR and replacing in (31) we

obtain
= SNR
C(SNR) > > E [1og (1 + —ngﬂ
n¢
k=nmax—(Mmin—1)
o SNR o 1 i
—n.nt|D|log <7~l—t> — .| D|log (W + SNfR> . (33)

For high SNR, the first term of the lower bound (33) grows
as Mmin log SNR and the last term approaches a constant, so by
taking 7,, = n; = min{n,.,n;} the statement of the theorem
results. O

In Appendix I, we derive the power spectral density of a dis-
crete-time flat-fading channel using Jake’s model [10]. For this
derivation, we assume that the signal bandwidth W is much
smaller than the delay spread of the channel 7, (flat fading as-
sumption), and that both the input and output of the channel
are sampled at a rate W .10 Since the channel can be interpreted
as a time-varying system, the signal at the output may have a
bandwidth larger than the signal at the input, in which case sam-
pling at a rate W may incur in loss of information. However,
since we only obtain a lower bound in this section, the approach

10Note that the baseband equivalent input is band-limited to a bandwidth
wW/2.
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of sampling at rate W is valid. Under these assumptions, we
show that |D| = 2f,,/W where f,, is the maximum Doppler
shift. For underspread channels 2f,,, /W, < 1 and W, can be
chosen large enough to obtain |D| < 1 while satisfying the flat
fading condition. Therefore, the number of degrees of freedom
min{n,,n;}(1 — min{n,, n, }|D|) is slightly reduced from the
perfect CSI at the receiver case. Note that the CSI at the receiver
assumption gives an upper bound to the noncoherent channel
capacity. Recently, it has been shown in [23] that the pre-log,
that is, the asymptotic ratio of the capacity to log SNR, can be
upper-bounded by

. C(SNR)
lim ———~

SNR—oo log(SNR)

which for n,. < ny is at least as tight as the perfect CSI bound.
We see that for band-limited MIMO underspread channels
with nonregular fading statistics, the number of degrees of

freedom min{n,,n,;} plays an essential role in channel ca-
pacity and provides significant capacity improvements.

< nr(l - |D|)

B. Relation to the Capacity of the Liang—Veeravalli Model

Our results for the capacity of the MIMO underspread
flat-fading channel with band-limited nonregular fading via the
lower bound (28) can be compared to the results obtained in [5]
for the time-selective block-fading model.

Liang and Veeravalli [S] analyze a model where the discrete
time is divided into blocks of length 7. In the traditional block-
fading model [3], the fading matrix H = [h,;] is constant within
each block and varies to an independent realization in different
blocks. In contrast, in the time-selective block-fading model, the
fading matrix is allowed to vary within each block and varies to
independent or correlated realizations in different blocks. One
can define a vector h;; = [h;[1], ..., h; ;[T]]" that groups the
(7, 7)th entries of the fading matrix for the different times within
a block. The corresponding covariance matrix ¥, = E [hijh:rj]
has rank ). H is assumed to have spatially i.i.d. entries, and
hence the distribution of h;; is the same for all (%, j).

Itis argued that for flat, slow fading using Jakes’ model for the
fading correlation Q < T and that if () components of h;; are
available, near-perfect prediction of the remaining channel gains
is possible. This models the situation of a nonregular fading
process where noiseless observations of the infinite past are
enough to perfectly predict the future evolution of the process.

For the case of the MIMO channel they obtained the capacity
lower bound

Cvlower =T <1 -

T* = min {nT,nt, \‘%J }

and c; is a constant that does not depend on SNR. They conjec-
tured that this lower bound is tight in the leading term, and gave
an intuitive argument to justify the conjecture: if n; transmit and
n, receive antennas are used, one has to lose n;() symbol pe-
riods to estimate the n,.n; () fading gains in the first () channel
matrices in each block. Then the channel matrices in the entire

T;Q> log SNR + ¢1 + o(1) (34)

where
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block are known and the remaining symbol periods can be used
coherently to achieve a rate

min{n,., n;} <1 — nt%> log SNR.

There is an analogy between the lower bound (34) for the
time-selective block-fading model and our lower bound (28) ob-
tained for the discrete-time continuous fading model. In fact, | D|
plays the role of % and represents the “predictability” of the
channel. Channels with smaller values of |D| or % are easier to
predict, and using the above intuitive argument, require fewer
symbol times to obtain accurate predictions.

VII. DISCUSSION AND COMMENTS
A. The Gauss—Markov Model

We used a first-order Gauss—Markov fading model to analyze
the high SNR capacity of regular underspread MIMO fading
channels when the fading realization is unknown to both trans-
mitter and receiver. This model allowed us to obtain lower and
upper bounds on channel capacity, which we used to define three
regimes of operation.

Our intuition suggests, in a sense that needs to be made
precise, that these three regimes should appear in all Gaussian
MIMO channels with regular fading processes. The Gauss—
Markov model captures through its parameter € an essential
element of all regular fading processes: the nonzero noiseless
prediction error. The impossibility of perfectly predicting the
fading from noiseless observations of its past, becomes the
capacity limiter in the second regime, and produces the collapse
of the degrees of freedom of the channel in the third regime.

We used the Gauss—Markov model fitted to physical param-
eters of real communications systems to quantify the bound-
aries between the three regimes, and observed that the appear-
ance of the third regime required extremely large SNR values
in underspread channels. These boundaries are likely to change
for higher order Gauss—Markov fading models, or other regular
fading processes.

B. The Fading Number
Lapidoth and Moser define in [6] the fading number
x({H][n]}») = limsup {C(SNR) — loglog SNR} .
SNR— oo

Note that implicitin the definition of ) is the fact that the statis-
tics of the fading process { H[n]}, are kept fixed, while the SNR
goes toinfinity. In the context of the Gauss—Markov fading model,
this is equivalent to keeping e fixed when taking the limit.

The fading number corresponds to the second term of the high
SNR capacity expansion, in the regime where the loglog SNR
is the leading term. That is, for sufficiently high SNR, we can
write C' = x +log(1+log(1+SNR)). Since y is an asymptotic
parameter, it is unclear whether this approximation is reasonable
for moderate values of SNR. For example, at the SNR values of
the second regime where the log(1 + log(1 4+ SNR)) term is
still negligible the definition of x does not allow us to judge
whether C' =~ x is accurate. However, based on our results for
the first-order Gauss—Markov model for the case of n; > n,.,
the expansion C' =~ x + log(1 + log(1 4+ SNR)) holds for both
the second and third regimes.
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Lapidoth and Moser [6] use the fading number to characterize
the region where the log log SNR term dominates capacity: “at
rates that significantly exceed the fading number, one should
expect to square the SNR for every additional bit per channel
use.” This characterization of the third regime is given in terms
of rates rather than SNR values.

In our approach, we compute capacity lower and upper
bounds by taking joint limits when both SNR — oo and € — 0.
This allows us to characterize capacity not only in the third
regime, but also in the second and first regimes, where the
log log SNR term is still negligible. The thresholds between the
three regimes that we defined for the Gauss—Markov fading
model are based on these joint limits. Based on our results, it
turns out that both characterizations, in terms of rates or SNR
values, of the threshold that define the start of the third regime
for the Gauss—Markov model are essentially the same.

For the SISO case, [8] gives also a characterization of the
log log SNR regime in terms of the noisy prediction error, which
is a function of the SNR. In addition, it notes that for the SISO
Gauss—Markov model both characterizations, in terms of rates
(through the fading number) and SNR values (through the noisy
prediction error), are equivalent to our characterization of the
third regime.

Our bound of Theorem 3 can also be used to obtain an upper
bound on the fading number for Gauss—Markov MIMO chan-
nels when n; > n,.. That is, for small enough € and n; > n,.,
we can use Theorem 3 to write x < n,.log(1/€) + Ka(n,,ny).
To the best of our knowledge, [6] does not provide a tight char-
acterization of the fading number for this case of great prac-
tical interest. Specializing the results of [6] for the case of the
Gauss—Markov fading model, one can obtain (12), which as was
noted in Section I, is loose in the log(1/€) term. Note however
that a tighter bound, i.e., (13), can be obtained from the recent
results of [23]. Even though our results are obtained for the spe-
cial case of Gauss—Markov fading, we consider them an impor-
tant step toward the characterization of the high SNR capacity
of MIMO channels with correlated regular fading.

We note that other works that appeared after the original sub-
mission of this manuscript have characterized the fading number
in the cases of general SIMO fading [24] and MISO fading
[23]. In addition, [25] presents new upper and lower bounds on
the fading number of peak and average power constrained sta-
tionary MIMO regular fading channels. However, the problem
of obtaining a tight upper bound for the fading number for the
case where n,. > n; > 1 remains open.

C. Nonregular Fading Processes

The high SNR capacity of SISO channels with nonregular
fading processes was recently studied in [8], [9]. It is shown
that depending on how the noisy prediction error of the fading
process €(62) varies with §2 — 0,!! the capacity can show very
different high SNR behaviors. In particular, it is shown that if
|D| < 1,2 the high SNR capacity expression grows as (1 —
|D|) log SNR.

1152 is the noise variance of the additive noise that corrupts the observations
of the past of the process.

12A5 defined in Section VI, D is the set of frequencies where the power spec-
tral density of the fading process is strictly positive, and | - | denotes Lebesgue
measure.
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This result is consistent with our lower bound (28) derived for
MIMO channels under an average power constraint on the input,
and shows that in fact our bound is tight for n,, = n; = 1 for
this kind of fading processes. Characterizing the high SNR ca-
pacity of nonregular stationary Gaussian MIMO fading channels
requires matching upper and lower bounds on the capacity for
nr,n > 1. Unfortunately, the bounding techniques that we used
to upper-bound the capacity of the MIMO channel with Gauss—
Markov fading do not seem to easily extend to the case of nonreg-
ular fading. Also, the bounding techniques used in [8], [9] do not
seem to extend to the MIMO case. In addition, the upper bound
on the pre-log presented in [23] may be loose when n,, > n,
and does not match the pre-log predicted by our lower bound.
Therefore, more work needs to be done to fully characterize the
capacity of MIMO band-limited nonregular fading channels.

The lower bound (28) is loose for processes where |D| = 1.
In fact, the bound may become negative in cases where the
condition |D| < 1 is not met. Therefore, we cannot predict
log log SNR or (log SNR)?, 0 < 8 < 1, behaviors of channel
capacity using our bound.

However, physical fading models such as Jakes’ model result
in band-limited power spectral densities for the fading distribu-
tions. As we argued in Section II, the channels of typical com-
munication systems are underspread, in which case the condi-
tion |D| < 1 holds.

VIII. CONCLUSION

Motivated by the capacity results of the MIMO channel
with perfect CSI at the receiver we identified the parameter
min{n,,n;} with the number of degrees of freedom of the
channel. We then studied whether the concept of degrees of
freedom could also be used in a MIMO channel where the
fading matrix varies continuously and is unknown to both the
receiver and the transmitter.

For the case of regular fading processes, we used a first-order
Gauss—Markov fading model and obtained lower and upper
bounds for channel capacity, the upper bounds being asymp-
totic in SNR — oo and ¢ — 0. These bounds show different
behaviors depending on the relationship between SNR™* and
€. Depending on the relative values of SNR and ¢, we defined
three regimes of operation and argued, using numerical exam-
ples, that most channels are underspread and the majority of
practical systems operate in the first two regimes.

We found that in the first two regimes, the lower and upper
bounds match to within an additive constant, and the capacity
grows as min{n,.,n;} logmin{SNR, e~*} for large SNR and
small e. This implies that even in the case of a continuously
varying channel without the assumption of perfect CSI the con-
cept of degrees of freedom has a great practical importance. Sys-
tems operating in the first two regimes can obtain large capacity
improvements by the use of multiple antennas. This capacity
improvement can be readily achieved by using a concrete com-
munication scheme of tractable complexity.

Our upper bound for n; > n,. is consistent with the results of
[6] at high SNR, where capacity only grows doubly logarithmi-
cally on the SNR for large enough SNR. However, our numer-
ical examples show that this behavior requires extremely large
values of SNR to take place.
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We believe that channels modeled with higher order Gauss—
Markov fading processes or other regular fading laws should
show similar qualitative behaviors. An open question for fu-
ture research is how to capture the concept of channel varia-
tions going to zero in fading processes whose statistics depend
on more than one parameter. Another open problem is to deter-
mine, in this more general setting, whether capacity can still be
characterized by three operational regimes and to compute the
corresponding thresholds that separate them.

For the case of band-limited nonregular fading processes,
where the future evolution of the fading can be perfectly pre-
dicted from noiseless observations of the infinite past, we ob-
tained a capacity lower bound. This bound can be used to show
that at high SNR at least a rate

min{n,, n; }(1 — min{n,, n; }|D|) log SNR

can be achieved with i.i.d. Gaussian inputs. For underspread
channels, where the power spectral density of the fading
process is band-limited |D| < 1, i.e., the Lebesgue measure of
the set of frequencies where the the PSD is nonzero is small.
This shows that in MIMO underspread flat-fading channels
with band-limited nonregular fading statistics the number of
degrees of freedom min{n,,n;} provides significant capacity
improvements over the SISO case.

APPENDIX A

Proof of Theorem 2

LET zV ~ CN/(0,I3). With this choice of input distribution
we can write

R Y4
> - -
C_Bh_rgo BI(E ’yN)

. 1
lim E [h( V) - h 'yN|.'l:N)]

B—oo
> lim [ sy IEY) - b2 G9)
where HY = = [H[1]H[1] ... H[B]] and the last inequality fol-

lows from the fact that conditioning does not increase differen-
tial entropy.

We present bounds for the two terms of the RHS of (35) in
the following three lemmas.

~ CN(0,Ip). Then

L) = o (o)

Lemma 7: Let 2V

mTen:

SNR

Mmax
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Proof: Conditioned on H N , the components of ¢V are
independent across time, so we can write

B
h(’yN|HN) =FEg~ Z log det(weKy[n”H[n])

n=1

=B EH[I] [10g det(ﬂeKy[lﬂH[l])] 37

where

Ky = Elylnly(n] [ Hln]
= Hn)H[n)" + (n,/SNR)I,, .
Then we can rewrite (37) as (38) at the bottom of the page.

For the case n; > n,., Foschini and Gans obtained the fol-
lowing lower bound [1]:

Eapy [logdet (1 SNRH[l]H[l]Tﬂ

ne

>

—(n.—1)
where x3, is a chi-squared random variable with 2k degrees of
freedom.

On the other hand, if n; < n,., we can use the preceding lower
bound in the following way:

> B

k=n;

SNR
log <1 + —x§k> (39)
Ny

Enp) [log det (Inr + SNRH[l]H[l]T)}
e
= Enp [log det (Int + SNR [I]TH[I])}
n
>p| Y w(1455)| @
k=n,—(n;—1)
The result follows from (38)—(40). O

Lemma 8: Let N ~ CN(0,Ip). Then
Tent

o1
Jm Ehy ) <”’”1°g(SNR)

1
—n,,nt/ log {%Sh” () + 1} df. (41)
0 i

Proof: Conditioned on V' the n,. components of y[n] are

i.id. and therefore h (yV|zV) = n, - h (y)|z"), where g}’
is the vector of received signals in the first receive antenna for

neN.

Let h = [hi[1]"h.[2]7 ... by [B]T]" € C™® where hy[n]”
is the first row of H[n], n € N and define X € CP*™B in the
following way:

\ SNR , z[1)7  oT o’
+E Z log (1 + n_tX2k> (36) ) of  z[2]” i
k=nmax—(Nmin—1) X = .
where npax = max{ns,n,} and nyix = min{n;,n,}. 0T 0T x[B]T
Ten SNR

yN|HN =B - Egp {logdet [

=B {nTlog(

SNR
eny

SNR

(

) + EH[l] |:10g det <I + —

I, + —H[l]H[ ]

)i
weaan )|}

SNR 38)
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where 07 = [0,...,0] € CX". In the same way define
2 = [21[1]21]2] ... 21[B]]T € CP*!, where z[n] is the first

component of z[n], n € N.

Then we have
Y7 N
yV = Xh“/SNR

and using the Gaussianity of y{v |.'1:
b V) =h (9'1X) = Ex

where
K,x=E {y’l\/yf/nff}
{ xhil x4 V/(n:/SNR) X hz)Y
(n:/SNR) ) A
+(n¢/SNR) 2] 2 T‘X}
:XK,;XT + (ne/SNR)I 5

with K = E[izﬁT].
We can upper-bound h(y™ |zV) as follows:

h(y™|=")

Ny

= Blog(me) + E¢ [log det <

o)

NTN E+IniB>:|
+ log det {SNR

N

= Blog (%) +

o

SNR

:Blog(

Went)

\SNR
log det (SNR X
Uz

= Blog (T

[ SNR
log det (
Uz

< 51os ()

+Ex

+E}~(

NR
log det [S—K,; + IntB}
Tt

[log det (W@Ky{« IX) }

IEEE TRANSACTIONS ON INFORMATION THEORY, VOL. 52, NO. 4, APRIL 2006

where the inequality follows from Jensen’s inequality and the

last equality results from F 5 (X T)N( ) = I, . To upper-bound
the last expression, we start by computing K in terms of
Ry, [n], the autocorrelation function of the entry (1,1) of
Hin]. K; is given in the expression at the bottom of the page,
where we have used the fact that the entries of H[n] are i.i.d.

To compute the RHS of (42), we use the following known
results.

Fact 2: Let hln],n € Z, be a random process with autocor-
relation function
ifn==%k- n;

R:[n .
il otherwise.

] = {ORhu[n/ntL

Then the power spectral density of iL[n] is given by
Sﬁ(f) = Shu(ntf)'

Fact 3: The distribution of the eigenvalues of a Toeplitz ma-
trix converges to the Fourier transform of its rows, as the dimen-
sion of the matrix goes to infinity.

We can use these facts for the Toeplitz matrix Kj. Letting
{Ai : 1 <i < ny B} be the set of eigenvalues of K; we obtain
the following asymptotic bound:

M)

S
< log SNR + lim — logdet |:—Kh+1ntB:|
n; B
_ Ten, ) 1 S
) o (201
1
[SNR
+nt/ log —5 (f)"‘l] df
0

—Shn(ntf) + 1] df
+ /m log [%Shu(f’) + 1} df’
0 nt

/1 SNR
+ ny log | —
0 L 7t

Shu(f) + 1:| df (43)

K; = E[fzsz]

|hua[1] [

haw, [R5 1]
hi1[2]h7, (1]

han, [2h1:[1]

L han, [Bh1: (1]
Rh1 1 [O]Int
Rhu [I]Int

Rhu[B - 1]Ini

ha 1R, [1]

(i, (1]
h11[2]h7,,, (1]

hlnt [2] }LInt [1]

hl’ﬂf [B]thf [1]
Rhll [1]*Inf
Rhu [O]Int

Rhu [B - 2]Ini

ha1[1]h7, (2]

b, [117, 2]
h1[2]]

i, (2107, [2

hin, [B:]hh[Z]

Rhn [B - 1]*ITH
Rhu [B - 2]*Ini
Rhn [O]I'ﬂt

hi[1]h7,, (2]

han, 115, 12]
h11[2]h7,, (2]

|, (2]

o (Bl 2

hi1[1]h3,,, [B] |

han, (1105, [B]
h11[2]h3,,, [B]

hlni [2] tht [B]

|1, [B]]®
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where we exploited the periodicity of Sj,,(f) in the last
equality. By multiplying both sides of (43) by n,., we obtain the
statement of the lemma. O

We now specialize the result of the previous lemma to the
case of the first-order Gauss—Markov process.

Lemma 9: Let £ ~ CN(0,Ip). Then

Ten,

SNR ) —n,nglog(2)

2
SNR€+2—6+¢<SNRE+2—6) —4+4e].
Uz Uz

(44)

1 v
im0 1e¥) <o log

+n,nslog [

Proof: The power spectral density of hq1[n] is obtained
by taking the discrete-time Fourier transform of its autocorrela-
tion function, which for the first-order Gauss—Markov process
is given by

Rhu[n] = (1 - €)|n|/2
In this way, we obtain

Shu(f) :f{Rhn[n]}

€
14 (VT =62 =21 —ecos(2nf)’
Letting « = /1 — € and replacing in (43) we obtain
hiyV|=")
B

lim
B—oo s

< 1oz (Gyg)

+n /110 SNRe/nt
tJo Sl1raz_ 2accos(2m f)

+1| df
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o Ten
= log (SNR)
1
+ ny / log [SNRe/n; + 1+ o® — 2accos(2r f)] df
Jo
1
— Ny / log [1 + a? — 2a cos(2r f)] df
Jo
o Ten:
= log (SNR)

+ / log [SNRe/n; + 1+ o* — 2a cos(w)] dw
™ Jo

_ e / log [1 +a® - 2a cos(w)] dw. (45)
™, 0
The last two integrals can be computed in closed form using
the identity

™ JaZ — 12
/ log (a £ bcosx) dz = wlog (a-i—+)
0

valid for a > b. This is done in the first set of equations at the
bottom of the page. Replacing in (45) and multiplying both sides
by n,- we obtain the statement of the lemma. O

As a result, we can use (35), (36), and (44) to get a lower
bound for the capacity of the channel. See (46) at the bottom of
the page.

This lower bound decreases with SNR for sufficiently large
values of SNR. Since the capacity C(SNR, €) is an increasing
function of SNR, we can improve the lower bound by keeping
it constant for SNR > SNR™*, where SNR™* is the value that
maximizes the RHS of (46). The improved lower bound is given
by the last equation at the bottom of the page.

/ log [1 + a® = 2a cos(w)] dw =0
0

(SNRe/n; + 1+ a?) + \/(SNRe/n; + 1 + a?)* — 4a?

/ log [SNRe/n; + 1 + o — 2accos(w)] dw = log
0

2

Mmax

>

k=nNmax—(Nmin—

C(SNR,¢) > E

+ npyng log(2) — neny log[

SNRe

N

SNR
log (1 + —x§k>
1) Mt

(46)

2
+2—e+¢<SNR6+2—e> —4+4e]
N

Mmax

>

C(SNR,¢) > E

min{SNR, SNR*} ,
X

log (1 +
kE=nmax —(TLmin _1)

min{SNR, SNR* }¢ 42

Uz

N log[

Uz

. * 2
Ceq \/<mm{s'\‘R=SNR J€ g e) +4(1 - f)]'
Tt

3) | +nenelog(2
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To obtain a closed-form expression for SNR*, we note thatas ~ where in the limit the difference between the two sides con-
SNR — > verges to zero. Also, for small ¢, we can lower-bound the second

I SNR term of (47) by a constant that does not depend on SNR or ¢
E Z 10g< + —m) ~ TNmin log SNR
1)

k=nmax—(Nmin— — n,n¢log [min{SNR,SNR*}i +2}
=Nmax—(Nmin o
in the sense that the difference between the two sides converges

. €
to a constant. This approximation allows us to maximize the > —nynylog [SNR —+ 2]

RHS of (46) and obtain the first equation at the bottom of the
page valid for SNR > 1. If this condition is not met, the lower = —n,n log [ / 1 + 2} .
bound obtained using this expression for SNR* is still valid. min
However, we could obtain a tighter lower bound by computing As SNR — oo and ¢ — 0, min(SNR,SNR*) — oo so it
SNR* numerically. follows that
iy min{SNR, SNR*}
APPENDIX B > E [bg <1 + - %k>:|
k=nmax—("min—1) t
Proof of Theorem 1 ~ Tmin log [min{SNR, SNR*}]
We want to characterize the behavior of C'(SNR,¢) in the . 1
.. . . ~ Tpmin log |min < SNR, —
limit as SNR — oo and € — 0. Since we are only interested

in the asymptotics, we can relax the bound (8) as shown in (47)
at the bottom of the page.
When n,, = n; = 1, SNR* = 00, and (47) reduces to

where ~ indicates that in the limit the difference between the
two sides converges to a constant.
Therefore, the result also follows for min{n,.,n:} > 1.

C(SNR,€) > E [log (1 + SNRy3,,)] — log [SNRe + 2]
=E [log (1 + SNRxgk)]

—log(SNR) — log | e + i}

APPENDIX C

Proof of Theorem 6

SNR We start by defining a set G = {0, 1}? and a random vector
> E [log (1+ SNRX2k)] 4 € G, where v[n] = 1(||#[n]|| > SNR™/?), and use the chain
r 1 rule of mutual information in two different ways
—log(SNR) — log | max { R} (1+ 2)] N N N
. > 1@y ) =1 ) + 1@V iy )
= [log {1+ SNRxz1) 1@V iy ) =1V Y) + 16V i)

o L
— log(SNR) + log | min {SNR, EH —log(3).  From these, the nonnegativity of mutual information, and the

- fact that <y is a discrete random vector that takes 25 values, we
The result for n,. = n; = 1 follows by noting that for some obtain the following bound:

constant & 1(@y") = 1@ sy) + 1@V sy ) — 1@V syY)
SNII%TOOE [log (1 + SNRy3;)] — log(SNR) = K. SI( Ny + 1z 4V |y)
For max{n,,n:} > 1, as ¢ — 0, we can approximate SNR* <Blog2 +I(z":y"|). (48)
by Now the problem is that of finding an upper bound for
SNR* M. 4 I@V;yV ) =) I@VsyVly=v)P(y=v)  (49)
e nZni/n, —1 veg

2 ’
nZni—n2 .
t min

Niin(2—€)+/4nt | (1—€)+e2n2; n2n? .
SNR* ~ nt . \/ . min i if e > 1
0, if Npax = 1

C(SNR, ) > 3 E [log <1+ min{SNR, SNR'} 5 ﬂ + non, log(2)

Tt
k=nNmax —(Mmin—1)

2
— nonylog [min{SNRSNR*}ni Y2 et \/<min{SNR,SNR*}nit +2- e) —4(1 - e)]

Tot

> 3 E [1og <1 | min{SNR, SNR7} ;kﬂ — non,log [min{SNR,SNR*}ni n 2} . @)
1) t

k=nNmax —(Mmin—
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for every possible choice of the distribution of 4. We will find
an upper bound for I(2"; %V |y = v) for v € G for any input
distribution that satisfies the power constraint

1 B
=S B [lalllPly =] =&
n=1

where the constants {&, }»ecg must satisfy the total power con-

straint
> &P

veg

Define A, = {n : v[n] = 0} and B, = {n : v[n] = 1}. For
n € Ay, the norm of the input is of the same order as the norm
of the noise, so the information that gets through the channel
during those times must be bounded. This intuitive idea is made
precise in the following lemma.

(50)

N =) < n. 51)

Lemma 10:

1 1

EI(IN;WI'Y =v) < 2n, log(2) + EI(va;va ly = v).
(52)

Proof: We use the chain rule for mutual information to

obtain a decomposition of I(zV, yV'|y = v) into tree terms
@V, gV Iy = v) = 1@ 25yt YTy = v)
= Iz, 2%yl = v)
+ 1@y Yy =)
+ (& y et Yty = ). (53)
The first term can be simplified by rewriting the mutual infor-

mation in terms of differential entropies, and noting that condi-
tioned on x5v, B> is independent of -~

Iz, 2%y |y = v) =h(y® |y = v)
h(y® |zt 2%y = v)
=h(y" |y = v)
— h(y® |,y =)
=1(z" ;945 |y = v).
The second term of (53) can be upper-bounded by rewriting

the mutual information in terms of differential entropies and
bounding each of the individual terms

Iy ly™ .y = v) =h(y ™y, 7 = v)
— h(y*|z?v, Y5y = v)
<h(y*ly =v)
Wiyl HY y y =)
= }L(yA" |’Y = ’U)

— Wy |zt HA y = v) (54)
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where the inequality follows from conditioning and the last
equality is due to the fact that conditioned on (z4*, H*"), the
randomness of yA" comes only from the noise z*** which is
independent of g5+

To bound the ﬁrst term of (54) we define d[n] = z[n]/||z[n]||
and compute Ey [n]y[n] [y = w] for n € A, as shown
in the equation at the bottom of the page. In the third
equality of that equation we used the conditional indepen-
dence of H[n|d[n] and z[n] conditioned on d[n]. In the fourth
equality, we used the fact that d[n] is a unit norm vector
and the entries of H[n] are i.i.d. CA(0,1) and, therefore,
conditioned on d[n|, H[n|d[n] ~ CN(0,I,, ) to compute
E [Hinldnldin] H[n)t | din],y = o]

For n € Ay, E [||z[n]|||y = v] < SNR™! and hence,

det {E [y[n]y[n]”'y = 'U] } < [(nt + 1)SNR™H™

Then using the chain rule, removing conditioning and applying
the Gaussian bound we obtain

Wy ly=v) < Y h(ylnlly = v)

n€A,
< | Ay|n, log[me(n, + 1)SNR™Y]

where |A,| is the cardinality of the set A,,.
The second term of (54) can be computed explicitly

= | Ay |n, log(men, SN R_l).

As

}L(yA" |xA” ? HA‘U ? ’Y =

Therefore, we obtain

Iy sy 7 = ) < Aol log(1+ n; )

< Bn,.log(2).
The last term of (53) can be bounded in a similar way

I(zP; ye a4
= h(y™

© Yyt =)

vl Yt y=0) = by |zt 2B

Yy =)

<h(y™ |y =v)—h(y* |z, HA 28 B y=uv)
=h(y™ [y=v)—h(y? |z, H" y=v)

<|Ay|n, log(2)

< Bn, log(2).

Replacing these three bounds in (53) we get the desired result.
O

E[y[n]y[n]T"y:v :E H[n]xn]—i— SN []) (H[n]x[n]—l— Sﬁlt ]
=B { B [(Hlnld[n]) (H[n)d[n)" ||z[n]||\d[n17—vﬂv—v gD [2inlzln]
= £ { B[ Hndin)d] =] E |z |dn],'y:v‘ = v} + =T,
=1, E [a[nl|*|y = v] + ﬁfm
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At this point, our goal is to find an upper bound for (52) that
depends on v only through &,. The power constraint (50) im-
poses a power constraint on zB>

B

= 3 EllelllP|y=v] < 5 > 5

neEBy n=1

[llz[n][I*[ y=v] =¢.

Consider a random vector ¥ such that Z°* has the same
distribution as £5» conditioned on {7y = v} so that

1@ y%) = 125y |y = v).
We also require that ||Z[n]|| > SNR™2 for n € A,. Finally,

since ¥ must have the same total power as z5*, we require
that

] <& +SNR™.

BZE

Using the chain rule for mutual information we can write
@y ) = 1@y B )1 @y )+ 1@y |E5)

The nonnegatlv Ny of mutual information implies that
I(&5;y? :yV), so defining

f(SNR7€7€v>

= lim sup —I(zV;yV)

B=eo p(=V)

(1/B) Y. Elll[n]|?]<€s+1/SNR
lle[n][>SNR=/2,neN

we conclude that
. 1 B B . 1 ~N
- v . v — < . .
Jim = 1(@ gy ly = v) < lim 1@y
< F(SNR, €, &). (55)
In summary, putting (48), (49), (52), and (55) together, we

have

lim —I NyN

B—oo B

< (20, +1)log(2) + > f(SNR, €, &) P(y =v). (56)
veg

Finally, to upper-bound the RHS of (56), we prove that

f(SNR, €, &) is a concave function of ¢ and use Jensen’s in-

equality.

Lemma 11: f(SNR,€,¢) is a concave function of &, that is,
for any &;,& > 0and X € [0,1]

/\f(SNR7 6751) + (1 - )‘)f(SNRv 6752)
< F(SNR, €, Ay + (1 — \)éa).

Proof: Assume that we have two independent channels to
communicate information, indexed by ¢, ¢ = 1, 2. Let n; be the
block length used in channel 7, and assume that n1/B = A,
where B = nj + no. Also, let N; = {1,2,...,n;}. We require
that the input signals satisfy the power constraints

E E [H.’El[’l’b]”ﬂ S’I’Li&‘ +niSNR_1
n=1
and

||lz:[n]|] > SNR™Y, for n € N;.
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Then by the independence of the channels, we have

- (-"’17"72 yNyN)

B—%[h(yl ) = (it ") |
L) o)
A OB R C R B zg\f)}
= 5[ (") 0 (")
() - (] )]
- 5 1)+ 1 ()]
Ani (11?/1\/’1§3/j1\/1)+(1—)\)—1(z2 )
where we can achieve equality by choosing " and z3* inde-

pendent. It follows that

lim sup

B—»oop(z_,lvl)m(zgfz)B (21 27 ’yN yN)

= Af(SNR,€,&1) + (1 — A)f(SNR,¢,&2).  (57)

Now assume that instead of having two independent channels
we have only one channel, and we use it w1th block size B by
feeding it with the family of inputs (z;] 1, ) that achieves
(57) as B — oo. This can be seen as havmg two channels with
some correlation, which becomes negligible as B — oo as long
as € > 0. The corresponding mutual information is also given
by (57). This input satisfies the power constraints

2 n;
SO E[ll@nll?] <niéy + naés + BSNR™

i=1n=1
= B[\ + (1 — M\)é] + BSNR ™!
and
||lz:[n]|] > SNR™?, forneN;, i=1,2.
Since this is just a particular choice of input distribution that
satisfies the power constraints and f(SNR, e, A&; + (1 — M\)&2)
corresponds to the supremum over all such distributions, we
have the desired result. |

Using Jensen’s inequality in (56) we obtain

hm —l N yN

< (2n, + 1)log(2)

+ 1 |SNR.e, Y &Py
vEG

S (2nr + 1) 10g(2) + f(SNRv € nt)

:v)

where we used (51) and the fact that f(SNR, ¢, &) is a nonde-
creasing function of €.
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APPENDIX D

Proof of Lemma 2

We express the mutual information in terms of differential

entropies
h') = hy"1zY). (58)

To write each of the differential entropies in terms of the new
variables use the chain rule for differential entropies and apply
Fact 1 to the transformation (p;[n], #;[n]) — ¥; which has Ja-
cobian with determinant |7;|? to get (59) at the bottom of the
page,'3 where the last equality follows from ¢;[n] = ¢;[n]m[n].

We also rewrite the second term of (58) in terms of the new
variables to get (60) also at the bottom of this page, where we
used the conditional independence between m? and ¢V condi-
tioned on in the last equality.

The result follows by subtracting (60) from (59).

I(N N)

APPENDIX E

Proof of Lemma 5

pN can be thought of as having B vector components of di-
mension n,.. The n, elements of the component corresponding
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are highly correlated. Eventually, we w1ll use the independent
Gaussian bound to upper-bound h(p" ¢ ) so we will try to
remove as much correlation as possible to obtain a tight bound.
For this we introduce a change of variables that has Jacobian
with determinant equal to 1 and hence does not modify the dif-

ferential entropy
N
o)

h(pN,qSN):h
(o Yo =) (8- 8

(0 - oY) (4 —¢’1\/))-

This transformation eliminates the dependence on ||2[n]|| in all
but the components corresponding to the first receive antenna.
We then use the chain rule for differential entropies and remove
conditioning to get the upper bound

n(oV.8") <h (e 6))
+ih((p
1=2

N N
(p-j/l\/7¢1 7pj2\/7¢2 7~-~>Pﬁi:

f”—pf”),(qs?f—qsf”))

N N
to time n depend on the magnitude of the input ||z[n]||, so they <h(pr) +h (¢1 ) Z h - )
13We abused notation slightly in the use of the chain rule to make the expres- "
sions moreureadable.lTo belprecﬁsle the élrst term in ealch slilm is an uncondi)iional + Z h (((ﬁJL\/ - ¢j1\/)) . (61)
differential entropy. i—2
') =3 hl] | gl = 1], 901)
neN
= Z Z h(gL[n] | gi—l[”]? - '7:&1[71]7@[” - 1]7 s 7@[1])
nG/\/i 1
= ZE log(|i[n]*)] + Zh pilnl, ¢iln] | Gialnl,- ... Ga[n],gln = 1], y[1])
neN i=1 neN i=1
= > > B [log(llnl)] + h(o"4Y)
neN i=1
=33 Elog(le[n?)] + 1. - E [log(m[n]*)] + h(p" . ¢"V) (59)
neN i=1 neN
n1@) = (" m", d¥)
= Z Z h(gz[n] | gifl[n]v cee 7@1[”]7@[” - 1]7 cee 7@[1]mN,dA/)
neN i=1
= 3" S w((eilnlmln)) | Gizaln). ..., galnl, gln - 1), gl],mN, dY)
neN i=1
= > > W(eilnlmln]) | cialnl,...,calnl eln — 11, 1], m", &)
neN i=1
=n, 3 E [log(m +> Zh ciln] | cicalnl, ... ci[n].efn — 1],. .., e[1],m",d")
neN neN i=1
=n, 3 E [log(m[n]?)] + h(c"|d") (60)

neN
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Most of these terms can be easily bounded by noting that
—m < ¢1[n] < 7and —27 < ¢;[n] — ¢1|n] < 27 and hence
using the Gaussian bound

W) < 3 log(2me?)

n (¢ —9Y)) < 2 log(2re(2n)?)

Using the chain rule and removing conditioning again we can

write
Z h( ) < Z Z h((piln
neN i=2

Remlndlng the definition of p;[n], we can write

(piln] = pa[n]) = %log(ICi[n]|2/|01[n]l2)-

Conditioned on d[rn], the independence between the rows of
H{[n] implies the independence between c;[n] and c¢;[n] for
i = 2,...,n,. Also, since d[n] has norm 1, and the rows
of H[n] have i.i.d. CN(0,1) components, it follows that
¢i[n] ~ CN(0,1) for every possible value of d[n]. Then, condi-
tioned on d| ;[n]|?/|c1[n]|? is the ratio of two independent
Exp(1) random variables, and the corresponding conditional
density does not depend on d[n], so it follows that the uncondi-
tional distribution of |¢;[n]|?/|c1[n]|? is also that of the ratio of
two independent Exp(1) random variables. The corresponding
density is given by fr(t) = 1/(t + 1)? for t > 0. Introducing
the change of variables L = log(T'), where T has the density
found before, we obtain that the density of L is f1,(I) = @
for [ € R. Then we can compute the RHS of (62) explicitly as
shown in (63) at the bottom of the page.

It only remains to find an upper bound for the first term of
(61), h (p'). For this we use the chain rule for differential en-
tropies, remove conditioning, and use the Gaussian upper bound
for the differential entropy of a random variable with a given
second-order moment

> Wpin))

h(pY) <
neN

1
< Z 510g(2ﬂ'eai)

neN
<27T€— Z o )
neN

where we used Jensen’s inequality and o2 is some upper bound
for E[(p1[n])?]-

We use the triangle inequality to calculate some upper
bound o2

and

| =pnl)). (62)

—P1

(64)

p1[n] = log|ei[n]| + log(m[n])

= VE[(p1[n])?] < v/ E[(log [ex[n]])?] + v/ E[(log m[n])?].
(65)
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The second term of (65) can be bounded by conditioning on the
event U = {m[n] > 1} and noting that on ¥, (logm[n])? <
[m[n] — 1]?
E[(log m[n])?] = E[(log m[n])*|¥]P(¥)
+ E[(log m[n])*|¥°]P(¥°)
< E[(m[n] — 1)?|]P(P)
+ [log(1/V/SNR)]? - 1
< E[m[n]*|U]P(T) + 1 + [log(V'SNR)]?
07 < B[lafn]]’
= E[m[n]’]
> E[m[n]?|W]P(¥)
= El(logm[n])?] <62 + 1 + [log(VSNR)].
Noting that ¢i[n] ~ CN(0,1), the first term of (65) can be
computed by numerical integration
2 1 2\12
B{oslesfnl)?) = 2 {3 [og(lesfo] )]}

1

== / [log(x)]?e™"da
4 Jo

=0.494528. ..

<1/2.

As a result, we obtain

= (Vo s VIR VA =7 (2).

It is easy to check that f (0,21) is an increasing concave func-
tion of #2, so we can use Jensen’s inequality to upper-bound

%Zne/\/'02
cr
LY s 5z
neN neN

< f <7’Lt + SlilR)

2
1
= {\/nt + — SNR + 1+ [log(VSNR)]2 + \/1/2} .
Here we used the fact that

292— > Ell=blI’] < n+ oyg
B neN B neN NR
by the power constraint (19).

Therefore, we can upper-bound (64) by

h (pjl\/) < glog (27['60'2)

where

o’ = <\/nt + ﬁ + 1 + [log(VSNR)]2

+\/1/_2>2

N

2.2

n=eN =2

:(nr —

oo el el
(ol = pub) = e = 05 frog (3) + [ o [ U7
1)Bllog(1/2) + 2.

i

(63)
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Replacing all the bounds that we found in (61) we obtain the
statement of the lemma.

APPENDIX F

Proof of Lemma 6

As in the proof of Lemma 5, we introduce a change of vari-
ables whose Jacobian has determinant 1 and hence does not
modify the differential entropy, and apply the chain rule re-
moving conditioning

h (pN,tﬁN) =h (p?/,tﬁf/,u.,pﬁf,tﬁﬁi)
:=h<p¥1¢fl(m¥-—p¥),(ﬁf-¢f),u.
(o) — oY) (40 - ¢/1v)>
<h () +n(e))
(CETINCET S
(o). =) . (80 - ¢f”)). (66)
The first two terms of (66) can be bounded in the same way as

the corresponding terms that appeared in the proof of Lemma 5'
by simply taking n; = 1

h (pjl\[) +h (45]1\/) < glog (2mec?®) + glog(27re7r2) (67)

Yi [n]
1 [n]

where
2

Recalling previous definitions we can express p;[n] — p1[n]
1= 2,.
mM—mM=bMMW%%m&MDl%< )

1[n]

To compute the third term of (66), we invert the transforma-
|v|2, define 7;[n] = §;[n]/§1[n] = hi[n]/h1[n], where h;[n] is
the ith entry of H[n], and apply Fact 1

and ¢;[n] — ¢1[n] in terms of g;[n]/yi[n] for n € N and
bl = ] =l ~ Ll = ¢ (211

tion (log(|v|), Zv) — v which has Jacobian with determinant
h@my—aﬁy(¢¥—¢¥),nw(MX—pNL(¢X—¢¥))

= (o) = 30 3 o ()]
neN i=2
— (e, ) ©8)

where the last equality results from noting that
E [log (|r;[n]*)] = E [log (|hi[n]|*)] = E [log (|h1[n]?)] =
since h;[n] and hq[n] have the same distribution for n € A and

1 =2,...,n,, and each of the expectations in the subtraction is
finite.

14See Appendix E for the details.
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We can upper-bound (68) by using chain rule, removing con-
ditioning, and noting that {r;[n]}}", are identically distributed

R <) =

We provide an asymptotic upper bound for h (r3') in the limit
ase — 0.

h(r}, ~Dh(r). (69

Lemma 12:

lim
e—0
B—oo

{%h (r)) — log(e) — 3.97722} <0.

Proof: We will provide a heuristic proof that can be for-
malized by proving a technical issue of convergence of differ-
ential entropies.

We upper-bound h ('rév ) using the chain rule for differential
entropies and removing conditioning

B
h(ry) =h(ra(1]) + > h(ra[n]lrafn — 1], r2[1])
n;Z
1)+ Y h(rs[n]|ra[n — 1)
— h(ra[1]) + (B = 1)h(ra[2]|ra[1]). (70)

Recalling (2) for the Gauss—Markov process {H [n]},cn, and
letting w;[1] be the ith component of W[1] we can write

ra[2] = VI —cho[l] + Vews[1] _ ha[l] (1 o ‘EH]]')
Vi—emlll+ven[t] -~ mll] (14 2 sy
(71)
ve el () Ve il
~ral] <1+ \/:VLZ[I”) (1 mlhl[m)
Ve woll] 1]
~ral] {1 + N <|h2 1]| |h1[1]|>]
- \/E 1 w — |r w
=ral) |1+ o el )

where ~ means that difference between the two sides, condi-
tioned on r3[1], goes to zero with probability 1 as e — 0.1In (71),
we define w;[1] = (|h;[1]|/hi[1])w:[1], ¢ = 1,2, and note that
the circular symmetry of w;[1] and the independence of h4[1]
and ha[1] imply @w;[1] ~ CA(0, 1) independent across i.

We want to use the approximation (72) to approximate
h(ra[2]|r2[1]) for small e. Under some technical conditions
that we will not verify here, convergence in distribution of
random variables implies the convergence of the corresponding
differential entropies. Assuming that these conditions hold for
this particular case, we can write (73) at the top of the following
page as ¢ — 0, where we used Fact 1 in the second and third
lines, and as before, E [log(|r2[1]1*)] = 0.

To compute the second term of (73), we note that the real and
imaginary parts of m (wa[1] — |ro[1]|w1[1]) are i.i.d. (with
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an)

(ial1] - munwlm)}

— & flog((raP)] + (14 L alt] = et 1) ol
= tog (15 ) 0 gy (el = el ) ol 73
and without conditioning on r3[1]), and they depend on 73[1] APPENDIX G

only through its magnitude. Then we have

an)

[ro[1]|R{wa[1]})

1 -
h(v o (#2011 = I 1)
1

=2 (g (Rl -

)

To compute the last differential entropy let

1 7 ~
= Ty R} = 2[R 1)

and W = |ra[1]|. Then it can be shown by doing a change of
variables that
w(w? + 1)4
Fviw (v|w) = ( ) 572 (74)
4[(1 + w?)? 4+ v2w?]
2w
— 75
fw(w) = W + 1) (75)
for v € (—o0,0) and w € (0, 00). Then
bW == [ fwu

. /_ Jviw (v|w) log[ fvw (v|w)]dvdw

=1.98861... (76)
where the last integral was solved numerically.

As a result, we have that for small €

h(ra[2] | r2[1]) = log(e) + 3.97722.

As long as h(rz[1]) is finite, the first term of (70) becomes
negligible compared to the second term as B — oo. In fact, one
can check that h(r»[1]) < 2—log(2)+(1/2) log[2men?], so that
the first term of (70) vanishes when dividing by B and letting
B — 0. Therefore, dividing the RHS of (70) by B and letting
B — 00, we obtain the statement of the lemma.

Using this lemma in (69), and (67) in (66) we conclude the
proof. O

Proof of Lemma 1

To compute F [A[n]A[n]T] , we condition on the previously

transmitted symbols {z[i]} ;<) and recall a remark that we
made previously: the estimation of the different rows of H
decouples into n, independent and identical problems, and
hence, the estimation errors of the different rows, conditioned
on {z[i]}(i<n), are independent. We also noted that the esti-
mation error covariances corresponding to different rows are

identical. Then
E [A[n]A[n]T] —E {E [A[n]A[n]T’x[i] i< n} }
= E[tr(K[n])] I,,

where K[n] is the conditional covariance of the first row of
Aln], conditioned on {Z[i]} ;<)

Using (16), we could compute F [tr(K[n])] numerically and
recursively, starting with K [n, +1] = n,(SNR™' +¢)I,,, . How-
ever, we can obtain an explicit expression by noting that (16)
eventually reaches a steady state, and the transient behavior be-
comes irrelevant in the limit as M — oo. Taking traces and
expectations in (16) we get (77) at the bottom of the page.

We will upper-bound the RHS of equality (77) with an expres-
sion that depends on E[tr(K[n])], and then find the maximum
value of E[tr(K|[n])] that satisfies the bound in steady state. Let
A; be the ith eigenvalue of K[n], and \,,,.x = max;{\;}. Then

sir)

QAQ]L be the eigenvalue decomposition of

(el K lnlalal” + gpie) 2 (Amaslalall? +

and letting K[n] =
K|n] we have

tr (K[nla[n]*zn)T Kn]) = tr (QAQTz[n]*z[n]TQAQT)
=tr (AAZ[n]*Z[n]")
= > Al
> Aax | Ti[n]

forsomei € {1,...,n:} where Z[n] = QT:I:[n] and Z;[n] is the

ith component of Z[n].

B KD+ 1] =1 - 0 { B (KD - & | (alol” KEefo

SNRY1 tr (K [n]x[n]*x[n]TK[n])} } +nge. (T7)
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Noting that {Z;[n]};X; have the same distribution as z1[n]
and are independent of \,,., we can upper-bound the RHS of
(77) as follows:

Efte(Kln+1])] < (1 - e>{E (K [n])]

- [nz

Amax|z1[n]]?

7
lzn]l? + 5w

|22

)‘maX|x1[n]|2
[]]|* +

T

AmaxSNR

} + nge.  (78)

We bound £ [ } using the following lemma.

| |

Proof: The cases ny = 1, n; = 2, and ny > 3 re-
quire slightly different proofs, so we have to deal with each
case separately. In the three cases we will use the inequalities:
tr(K[n]) = > A < mpdmax and e™ > 1 — z.

Consider first the case n; 1. In this case, ||Z[n]
|z1[n]|> ~ Exp(1). Since K[n] is independent of z[n], con-
ditioned on K[n], |z1[n]|? is also Exp(1). Also K[n] = Amax
which is a scalar. Then we have

Amas |71 [n]|?

3 Lﬂ?l[n]l2 +

AmaxSNR
=F {E

Lemma 13:

Eltr(Kn])]

Nt

)\max|xl[n]|2

l2[n]lI” + X onw

ny

" SNR

_271

2 =

Amax |71 [n]|?

lz1[n]|? + ,\miSNR

)

e T
=F )\max/ 716_‘%3:
0 T+ X SR
oo
> E |\ z -z
= max 1 (& X
AmleNR T+ AmaxSNR
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) .
> F | Amax L Ee_zd:v]
:/\max ‘ 1
_E_ g P <_)\maXSNR>}
—/\lnax 1
> _
=Ty (1 AmaXSNRﬂ
1 1
- §E(Ama") ~ 2SNR
U Bl -
g [TVREITGNR |

We next consider the case n; = 2. In this case, ||z[n]||* =

|71 [n]|2 +|z2[n]|?, where |71 [n]|? and |x2[n]|? are independent
of K[n] and are i.i.d. Exp(1). Then we have the equation at the
bottom of the page

We finally consider the case n; > 3. In this case, ||z[n]||* =
lz1[n]|? + Y0k, |zi[n]|?, where Y"1, |2;[n]|? is independent
of |z1[n]|? and K[n] and has a Gamma(n; — 1, 1) distribution.
Then we have the equation at the bottom of the following page.

)
o

which can be solved in steady state to get an upper bound for
Eltr(K[n])]

Replacing in (78) we obtain

1

nf,Q”f

Etr(Kn+1])] < (1 - e){E [tr(K[n])] (1 -

Nt

2m:SNR

E[tr(K[n])] < [%

Sn?<

nt2”t

ng2"e+1—¢

).

+ nte]

1 "
SNR + 2"te

)\max 2 /\max 2
E <> | _plp e T ), faof)?
lz[n]lI” + x— i frlnll® + fealnll® + 3w
oo T
- E /\max @7Idx
o | <x FlaalP + A,,,jsm> ]
> B )\max/ f 5 e Tdr
I (|w2[”]|z+m) .’17+|.’172[’n/]| +m
oo 1
S E )\max/ —ezdm]
(lo2lnll*+ e 2

o |-

(-

(Ioaloll + 53

)]
) [

2 AmaxSNR
_)\max 2
> _
== <1 )\maXSNRﬂ
_ 1 [El(Kn])] 2
= 92 2 SNRJ "
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Finally, we have E [2[n]2[n]w
large!s n

o?[n]I,, where for

2
2 ng + ny
<
7"l < NR

+n22me,

APPENDIX H

Proof of Theorem 5

We start by specifying a randomly generated codebook
with block length B. The codebook ¢ = {X1,...,Xour},
X, € C*B 1 < 4 < 2" js randomly generated by
choosing the n; - B components of the 2"% codewords in-
dependently from a CN(0,1) distribution. We will transmit
X(k,n) from transmit antenna k at time n to send message 1.
Let v;[n] = H[n]z;[n], where z;[n] is the nth column of X;.
Let V; be the matrix whose nth column is »;[n]. In a similar
way, define Y as the matrix whose nth column is g[n], and Z
as the matrix whose nth column is Z[n]. Then we can rewrite
the channel equation as

Y=V.+2Z

where Z € C"*B is the channel noise received at the n, re-
ceive antennas in times from 1 through n, and is formed by un-
correlated across antennas and independent across time compo-
nents of equal variance o2, also uncorrelated with thq compo-
nents of X; and independent of the fading matrices { H|[n]}.

I5Here “large” refers to an n large enough so that E[tr(K [n])] reaches a
steady state.
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The decoding procedure is to assume that message ¢ was
transmitted whenever codeword 7 has the smallest weighted Eu-
clidean distance to the received matrix Y, i.e.,

m = arg min HY -V;
i

F

where m is the decoded message.

The average probability of decoding error, averaged over the
randomly generated codewords, is independent of the codeword
being sent, and as a result we can assume without loss of gen-
erality that codeword 1 was transmitted. Let p be the average
probability of decoding error, averaged over all codebooks and
codewords, and let 5(1) be the average probability of error when
codeword 1 is sent. Then letting N' = {1, ..., B} we have

p=p(1) = ECZJ:IN [Pr (Error C,Z,ﬁN,m = 1)}

S [Pr (Troq c.z.i1" m= 1)} (79)

where m is the transmitted codeword and the expectation is
taken over the ran@om codebook C, the noise matrix Z, and the
fading matrices {H[n]}.

There is no decoding error when codeword 1 is the closest
codeword in weighted Euclidean distance to the received matrix
Y and as a result

EE— = N
Pr(ErrorlC,Z,H ,m=1)

nR

S [nar-vl, <peov

)

E Amax| 1 [n]]” —EXE Amse|1[11]|” K([n],|z1[n]|?
el + 5w S il + ol + 5 |
i e’} 1 xni—2
=F [ Apax|z1[n 2/ e dx
i | 1[ ]| 0 (:I?-I— |x1[n]|2+ /\mltSNR) (nt _2)! ]
>F _Amax|x1[n]|2 /0<> x ™ 3Ty
N (ny —2)! (N R ——— lz1[n]” + 5w
[ Nimasc |21 [12]2 < ) ne  \™MTP [ 1 _
>E | ————— | |zi[n]]" + ——=—= / —e "dx
(nt - 2)' )\maXSNR (ITI["”Z"‘m) 2
Amas |21 1] ) ny s ) ny
— g | ZmaxTLIL A - S
STeey T Gl Nt w0 B Il 1 el w5 72
[ )\max Uz 2 ng—2 2
>p | Cmax SR -
o (— e (mbde)"esp (ko)
[ )\max N > -2 -2
) D i - v s T
| 2(n; — 2)! exP( )\maXSNR>/O pe e
/\max Uz 1 > -2 —
—F _ Nt Yy
2, — 2 P < AWSNR> 2ni /0 v dy]
[ max Uz /\max Uz
=F - > F 1—- —
BR exP( )\maXSNRﬂ = [ on: < )\maXSNRﬂ
1 [E[(K[n])]
— 2m o SNR |~
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~T:(2], <] )

Noting that the codewords X, ..., Xonr are chosen i.i.d.
and independently of Z, {H[n]}, and X1, we can rewrite (79)
as the equation at the bottom of the page, whereY =V, + Z

and
}:% (i}7 j27’£1j\f)

(o 1l <[ 2 )

We will upper-bound the average probability of decoding
error p by the one corresponding to a Gaussian channel, relying
on the fact that this probability only depends asymptotically on
the second-order statistics of the random variables involved.
We will use the following lemma.

Lemma 14: LetY,Y, Z, and Z be any matrices in C"*B
that satisfy the inequality

[¥ 7], <1z1-- 2],
Then
P, (Y7Z7131N> <P (f/ijN) :

_ Proof: FromFig. 5, we see that (Y —V3), (Y —V5),and
(Y —Y) form a triangle and as a result

=Vl 2w = vl [y -¥],

From (80) we have that if ||Y — V|| > ||Z||. it follows
that

(80)

e M P L

and from the hypothesis of the lemma
v, > 1212l + 2], = 2]
|-, > 121 - 121+ | 2], = | 2|,
As a result, under the hypothesis of the lemma

2], <l -ve|,] =021 <1y Vel

-~ AN ~ N
and we have that P:(Y,Z,H ) > P:(Y,Z,H ). O

Consider two different channels, one with additive white cir-
cularly symmetric complex Gaussian noise of variance o2 +
€, € > 0 for each component, independent of the input signal
denoted by Z € C"* B and another one with noise of variance

1605

Fig. 5. Two-dimensional representation of Y, 1;', and V5.

o? per component, denoted by Z € C"*B in which Z (4,) is
independent of Z(h, k) for j # k and uncorrelated with Z(h, j)
for ¢ # h. Since in both cases, the noise is independent across
columns the Strong Law of Large Numbers (SLLN) lets us write
1 1 ;-
—ZZJr —a'i>(o*2 +e)l, and —ZZ]L a2, 02Inr.
Also, because the codewords are generated with independent

Gaussian components of variance 1 and H [r] is independent

hifn]) =

over time and independent of the input, and E(hi [n]
a?8; j, by the SLLN we have that

—X X/ 2= 1. and —V Vi a2,

t

Finally, noting that the noise is uncorrelated with the input signal
and is independent of the fading matrices {H [n]}, the SLLN
implies that

%YYT 25, (o2 4 02 + o),
and
—YYT S (0% + o),
Let
1 0 00 ...0
I=fo . o0 : S| ecmE,
00 10 ... 0

We can express Y and Y by their singular value decomposi—

tions as follows: Y = \/_UA1/2IV]L andY = \/—UA T
where U, U, V, and V are unitary matrices, and A and A are
diagonal matrices with real, nonnegative diagonal entries. Then
%YY]L — UAUT and %??T = UAU'. From the previous
results we have that as B — oo, A — (a? + 0% + ¢)I,,, and
A — (a®+0))I,,.

nR

By Xpun X0 2.0 H 1 (HZH

I
[

|
=
@
z

X, z,8HY

) x,. 7. 1"

F>
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We want to verify the hypothesis of Lemma 14 in the limit as
B — oco. We first compute 5||Y — Y||% as B — oo

lim —HI?_YH
B—oo F
Cdm eV ov) (v ov)
= Jim g |(¥-¥) (¥-¥)
= lim ltlr [Y};T _YYT _YY]L +YYJ[]
B—oo B
= (0% +0%) — lim i {ml/?.w it AI/ZUT}

- Blim tr {UAI/ZIVT?ITI\I/ZINIT]
+n.(a® 4+ 02 +¢€)
=n.(a® +0%) — lim tr [Al/zAl/z}
B—oo

- Blim tr [A1/21~\1/2} +n,.(a® 4+ 0% +¢)

=n.(a® 4 0%) = 2n,/(a? + 02)(a® + 02 +¢)
+n,.(a® 4+ 02 +¢€)
2
=n, (\/a2—|—02+e— \/a2+02)

Also, from the SLLN we have that with probability 1
1 .

lim—(Z —HZH ): tr{(o2+¢€) I,

Jim (11211~ | 2], (2 + T,

NI |
= v (VoT e — V).

To check that for B — oo, |[Y = Y||p < Z] - — HZHF we
have to verify that
a?) = \/(T—I—e—\/;— \/a2+02+e+\/a2+02 >0
for all @ > 0. This follows from the fact that f(0) = 0 and
f(a?) is strictly increasing for o > 0.
1 1

"(a?) = — + >0
(o) 2Wa2+o2+¢  2Va2 + o2

for a? > 0.
Therefore, with probability one
lim

dim (121~ 2] - |7 - ¥]| ] >0

We can now upper-bound the average probability of error p
with the one corresponding to the Gaussian channel as follows:

()

=1 lim E{P. [f'(w)j(w),ﬁN @]}

(81)

lim p=1—- lim F
B—»oop n—oo XIZH

. N Y

Since P:[Y (w),Z(w),H (w)] is an average probability,
~ 2 Y

0 < Ps[Y(w),Z(w),H (w)] < 1 and we can use the Dom-

inated Convergence Theorem to exchange the limit with the

expectation

lim p=1-—F, {BIHHOO PE[}}(w)72(w),ffN(w)]}

B—oo

<1- B lim P (), 2(0). B ()]}

where the last inequality follows from (81) and Lemma 14.
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Finally
1-E, {Blglgo P [Y(w)»z(w)vﬁ/v(w)]}

is the limit for infinite block length of the average probability
of decoding error for a Gaussian channel with fading matrix
known to the receiver, in which random Gaussian codebooks
and weighted minimum Euclidean distance decoding are used.
We can use the Channel Coding Theorem to conclude that this
probability goes to 0 as B — oo for all rates [2]

aa' |

R' < E |logdet
< ogde o2 1 e

I, +——

Since ¢ is arbitrarily small we have that all rates below

HHT ]

C = FE |logdet

nr

are achievable. Therefore, the supremum of all achievable rates
R/, R, must be at least as large as C.

APPENDIX 1

Jake’s Model for a Discrete-Time Flat-Fading Channel

This is a popular statistical model for flat fading. The trans-
mitter is fixed, the mobile receiver is moving at speed v, and
the transmitted signal is scattered by stationary objects around
the mobile. There are K paths, the ¢th path arriving at an angle
0; =2mi/K,i=0,..., K — 1, with respect to the direction of
motion. K is assumed to be large. The scattered path arriving
at the mobile at the angle ¢ has a delay of 74(¢) and a time-in-
variant gain ag, and the input/output relationship is given by

t) = Z_ 0,97:17[15 — T, (t)]

The most general version of the model allows the received
power distribution p(#) and the antenna gain pattern «(6) to be
arbitrary functions of the angle , but the most common scenario
assumes uniform power distribution and isotropic antenna gain
pattern, i.e., the amplitudes ag = a/ \/E for all angles 6. This
models the situation when the scatterers are located in a ring
around the mobile (see Fig. 6). We scale the amplitude of each
path by v/K so that the total received energy along all paths is
a?. For large K, the received energy along each path is a small
fraction of the total energy.

This input/output relationship corresponds to that of a linear
time-varying system. Let 2;(¢) and y,(¢) be the baseband rep-
resentations of x(¢) and y(¢). Then we can rewrite (82) as

R {yb (t ejzﬁfct}
-1

S R {a(t = o, (1))e2 0T ]
1=0

{2

(82)

%

Z ap, Ty (t — 19, (1)) I2™eT0s (t)] ejzwf”t}
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Fig. 6. The one-ring model.

where f. is the carrier frequency.!¢ Similarly, one can write

S {w(t)e??™Ie'}
K—1
1=0

Hence, the baseband equivalent channel is

K-1

yo(t) = Z ag,e™ 12T gy (t — 79, (1)).
1=0

(83)

Assuming that the input signal () is band-limited to W, the
baseband equivalent input is then limited to a bandwidth W /2
and can be represented using the sampling theorem as

zp(t) = a[n]sinc(Wt — n)

n

where z[n] = x3(n/W) and sinc(t) = =271 Using (83), the
baseband output is given by

K-1
yp(t)= Z x[n] Z ag, e 21T Dgine(Wt—Wry, (t)—n).
n =0

The sampled outputs at multiples of 1/W, y[m]| = y,(m/W),
are then given by

K-1
y[m] = Z.T[TL] Z a,eie_jz‘“'fcﬂ)q. (m/W)
n i=0

sinc(m — n — Wy, (m/W))

and by letting | = m — n we obtain

K-1
ylm] = Zx[m =1 Z agie_ﬂ”fﬂfoi (m/W)
! i=0
sinc(l = Wra, (m/W)). (84)

By defining

K-1 '

hulm] = Z ag,e 92 Fem0. M/ Wgine (1 — Wy, (m/W))
i=0

16We denote by R{-} the real part operator, and by S{-} the imaginary part
operator.
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equation (84) can be written in the simple from

ylm] = Z hi[m]x[m —1]. (85)
1

We will argue that if the communication bandwidth W is
much smaller than the reciprocal of the delay spread Ty, the
baseband channel can be represented by a single tap at each
time. Ty < 1/W means that most of the paths arrive in an in-
terval much smaller than the sample time of the signal z;(t).
Since the signal remains approximately constant over the in-
terval Ty, we can extract z;(t — 7(¢)) out of the sum in (83)
obtaining

K-—1
yb(t) = :I?b(t — To, (t)) Z ay, e—i2mfeto () (86)
1=0

We see from (86) that the input baseband signal z;(¢) is delayed
by 74, (t) and multiplied by a factor Y7o ag, e=/27 /70, (1),
This means that in (85), only one tap h;[m] will be nonzero at
a given time. The value of [ corresponding to the nonzero tap
will vary with ¢ (and m) due to the varying delay 7y, (¢), but
this variation occurs in a time scale several orders of magnitude
larger than the symbol time scale. Without loss of generality we
will assume that in the time scale of interest the nonzero tap is
the first tap ho[m], whose value is

K-1
ho[m] = Z ag, e I3 fero, (m/W),
=0

Note that in the time scale of interest sinc(— Wy, (m/W)) = 1.

To derive an expression for 7¢(t) as a function of 74(0) we
note that the projection of the velocity vector v onto the direction
of the path at angle # has magnitude vy = v cos(#). The distance
traveled by the mobile in the direction 6 in time ¢ is vgt, which
is the reduction in the distance between transmitter and receiver
for the path at angle 6. It follows that

v cos(&)t

Tg(t)ZTe(O)— -

where c is the speed of light.

In order to characterize the process {hg[m]}, we will fur-
ther assume that {ag, }; is independent of {7y, (0) }; and that the
phase of the path at angle 6; at time 0

27 f.79,(0) mod 27

is uniformly distributed in [0, 2], and i.i.d. for all . With these
assumptions the mean of the process {hg[m]} is

K-1 _jonf [ (0)—2m cos(ﬂi)]
E(h[m]) —E Z ag,e J27 fe | 7o, —ew
=0
K-1 )
= 3" Blag | B [em2rfimn )] eiznf 25
1=0
=0 (87)
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and the autocorrelation function is

= i vm cos(0;)
R[m7 m + TL] = E{ Z Z a31a05 6.727"fc I:Toi (0)77]

i=0 s=0
. w(m+n)cos(0s)
.o a2 fe (70, (0) - lmtrgpee(@al | }

K-1K-1
=> > E{a;aeseﬁ“fc[”’f(o)‘”’s(o)]}
=0 s=0
. o2 fe [T cos(8:) = i cos(6:)]
K-1
Z E |:|a(91' |2] ej27'rfC % cos(9,)'
1=0

(88)

Assuming ag, = a/+/K for all 4, in the limit of K — oo the
sum in (88) becomes an integral and we can write

27
Rlm,m +n] = / a? el e cos®) gy,
0

We see that the process {h[m]},, is wide-sense stationary
with autocorrelation function Ry[n] given by

Ro[n] = 2a*7Jo (n27 fr, /W) (89)

where Jo(+) is the zeroth-order Bessel function of the first kind

| Y
Jo(x) = — / ¢ o3 dp
0

L

and f,, = f.v/c is the maximum Doppler shift. The power
spectral density S(f), defined on [—1/2,1/2], is given by

20> W
F A/ 1=(FW/ fm)?’
0,

’

_fm/WSfom/W

else.

S(f) =
(90)

This can be verified by computing the inverse discrete-time
Fourier transform of (90) which is given by (89). Note that
S(f) is zero for |f| > fm/W.

In addition, {hg[m]} is the sum of many small independent
contributions, one for each angle. By the Central Limit The-
orem, it is reasonable to model the process as Gaussian, so in
fact the process is stationary, zero mean, with autocorrelation
and power spectral density functions as given in (89) and (90).
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