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An Adaptive Multiantenna Transceiver
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Abstract—This paper proposes an adaptive multiantenna way that the channel effect is averaged out. However, the use
transceiver for narrowband reception. Blind channel tracking  of interleaving becomes impossible in a slowly fading channel,
algorithms are developed to track the eigen directions of the o1y a5 in an indoor environment. In this case, data have to be
channel directly instead of the channel itself. Two algorithms are . . ’ L
proposed to track the column space of the channel at the receiver, transmitted at a conservative rate to_keep the_ ou_tage probability
based on the received data. One of the algorithms is free of any Small. If, on the other hand, channel information is known at the
division operation, which is more favorable in practice. For the transmitter, performance can be improved by adapting the trans-
row space of the channel, two approaches are proposed as well. mission rate according to the quality of the channel. Through
The first approach requires periodic feedback of the demodulated adaptation, a higher average throughput is attained. Further-

signal from the receiver back to the transmitter where it can make it | bust and reliabl d with sch
use of its knowledge on the prior transmitted symbols to estimate more, 1L1S more robust and reliable as compared with schemes

the row space. In the second approach, the estimation is done relying on channel statistics alone [7].
at the receiver based on the detected symbols, and the estimated In this paper, we focus on the slow, flat fading scenario and

row space is sending back to the transmitter. Adaptive resource propose an adaptive multiantenna transceiver system. The trans-
allocation is also incorporated into the design. ceiver architecture is inspired by the result from information
Index Terms—Adaptive array processing, blind channel track- theory on the capacity of the multiantenna Gaussian channel [8].

ing, multielement arrays, transceiver architecture. Under flat fading, this capacity is achieved by decomposing the
system into parallel subchannels through singular value decom-
I. INTRODUCTION position (SVD), with the transmitter sending independent data

) _ ) ~ streams across these subchannels. This idea of decomposition
T HE demand for high-quality wireless communicationarries over naturally to our suggested transceiver architecture,
services is increasing at an explosive rate. However, thgq the problem of tracking the temporal variation of the prop-
inherent limited supply of bandwidth and the unpredictabilitygation channel is reduced to tracking the singular values and
of the propagation channel lead to the investigation of MOEfgenvectors at the receiver and the transmétdiaboratively
spectrally efficient and reliable designs. The use of antennaye develop new efficient blind algorithms to perform such
arrays is expected to play an important role in fulfilling thesgnannel tracking. At the receiver, since the transmitted signal is
requirements. In the past, antenna arrays were used to increggesformed by the channel, the received signal contains infor-
receive or transmit diversity against multipath fading [1]-[3] 0mation about the channel effect. Two algorithms are proposed
spatially separate mobile devices [4]. Recently, it was show@exiract this partial channel information at the receiver without
that in a richly scattering channel, signals even from closelife knowledge of the transmitted signal. One is division-free
spaced transmit antennas can be separated using adapfiyg complexity of O(r2d), while the other needs division in
array combining techniques at the receiver. The number @f-h iteration but of complexit§(rd), wherer is the number
transmit signals that can be separated grows with the numBeteceive antennas antiis the number of trackable subchan-
of receive antennas [5], [6]. Consequently, the use of multipl|s (which will be defined later.) The proposition toward a di-
antennas at both transmitter and receiver could increase {figon-free algorithm is due to the fact that in practice, dividers
degrees of freedom (DOFs) in information transmission, Wifye more unstable and suffer longer delay than multipliers [9].
capacity scaling linearly with the number of transmit or receivene residual channel information is then estimated at the trans-
antennas, whichever is smaller. mitter, based on the periodic feedback of the demodulated signal
In many systems such as V-BLAST [7], no knowledge ofom the receiver and knowledge of its prior transmitted signals.
the current channel state is assumed at the transmitter. In a j@$kast-mean square (LMS) type of algorithm is proposed to
fading channel, this lack of channel information at the trangyiiil this with complexity of O(td) wheret is the number of
mitter can be coped with by interleaving the data in suchigynsmit antennas. However, continually communicating back
the demodulated signal to the transmitter is inefficient. This
Paper approved by M. Fitz, the Editor for Modulation and Diversity of theould be remedied by switching the receiver to a decision-di-
IEEE Communications Society. Manuscript received June 17, 2000; revisgstted mode of operation. The ratio of feedback rate to data rate
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estimation and tracking are achieved by sending traininghereK, is the autocorrelation matrix of. Since the mutual
sequences to the receiver, decomposing the tracked systeformation is maximized when the transmitted signals are un-
transfer function into its singular components at the receiveorrelated, so we will assume that the signals sent to the trans-
in batch, and communicating back the necessary singutaitting array are uncorrelated, and Bt denote the power al-
components to the transmitter. This approach is similar located to theth transmit antenna. Then (4) can be rewritten as

the bulk of research in multiantenna channel estimation and min(t,r) P
tracking algorithms, which fgvors using traml_ng sequences. In I(x;y) = Z log, [ 14 a_ZL (5)
contrast, our work emphasizes blind adaptive SVD tracking Py =
algorithms which can be implemented efficiently. ) :
The rest of the paper is organized as follows. In Section II, W¥€reX = diag(o1, .., omin(r,r))-

introduce the system model and review results from information YVhen both transmitter and receiver know the fading matrix
theory. In Section Ill, we propose the transceiver architecturd the transmitter can adapt the rate of information transmission
while in Section IV, we present the signal subspace interpr%od power allocated across the subchannels according to the

tation and the blind tracking algorithms. Then, we include tH#H2lity of the channel. The optimal power allocation strategy
simulation results in Section V. is the well-known waterfilling solution and is given by

In this paper, the following notations will be used. We will o? +
use boldfaced capital letters to indicate matrices and boldfaced Py = (U - ﬁ) (6)
small letters for vectord. is the identity matrix(-)T, (-)*, and - ‘
: . . wherev satisfies
E(-) denote complex conjugate transpose, taking the positive o +
part and taking the expectation, respectivélydenotes the set Z (U 03 > _p @
of n-dimensional complex numbers, wher€a&™ denotes the

o2
set ofn. x m complex matrices.

A suboptimal solution could be allocating equal power across
the subchannels, that is

Il. SYSTEM MODEL AND CAPACITIES p
Consider a system withtransmit and- receive antennas in b= d (8)

a frequency nonselective, slowly fading channel. The sampl@ghereq denotes the number of nonzero channel eigenmodes.
baseband-equivalent channel model is given by At high signal-to-noise ratios (SNRs), that is, the DOF-limited

v = Hx +7 1) regime, the mu_tual informa_ltion is insensitive to the power al-

location strategies used. It is the number of usable subchannels

whereH e C"*' is the complex channel matrix with theand the identification of them that matter. For simplicity, we will
(i,7)th element being the random fading between itte adopt equal power allocation scheme, and focus exclusively on
receive andith transmit antennag. € C” is the additive noise the tracking and identification of the usable subchannels.
source and is modeled as a zero-mean, circularly symmetric,
complex Gaussian random vector with statistically independent lll. TRANSCEIVERARCHITECTURE

elements, that ig; ~ CA/(0, 021,). Theith element ofk € C* Motivated by the improved performance through adaptive re-
is the symbol transmitted at théh transmit antenna, and thatgoyrce allocation in a multiantenna channel, we design an adap-
of y € C" is the symbol received at thiéh received antenna. e multiantenna transceiver with periodic feedback from the
In the following exposition, we will constrain the total averagggceiver to the transmitter. Since the performance enhancement

transmit power to a constat. of a multiantenna system depends heavily on the accuracy of the
Substituting the SVD of the matrid, (1) becomes channel measurements, we would like to emphasize the acqui-
y=USVix 42 @) sition of the current channel conditions in our design.

The SVD in (2) suggests that the transmitter should prefilter
whereU is anr x r unitary matrix,V is ant x ¢ unitary matrix, the modulated symbols by the right singular ma¥ixo match
andX is ar x t matrix with only nonzero main diagonal entrieghe channel, and at the same time, the receiver should filter
being the nonnegative square root of the eigenvalu@dldf. the received signals by the left singular matfikx before de-

Multiplying UT on both sides, (1) can be rewritten as modulation and decoding. Through these filtering operations,
, L the channel is naturally decomposed into(r, t) uncorrelated
y =%x +2z (3) subchannels. To see this, refer to the diagram in Fig. 1. The

channel acquisition problem is reduced to the estimatiow of

o . h ) . atthe transmitter, and the estimatiobandU at the receiver.

the distribution ofz’ is invariant under unitary transformation, . " . . .
Under a noiseless condition, the received signals are in the

the multiantenna channel is equivalentiin(r, t) independent ce spanned by the columns of the left sinaular mETIAS
parallel Gaussian subchannels. Each subchannel has gain bFJPn P abyt sing I
ongd as there is a sizable number of received symbols within a

the singular value of the fading matrH. . . . T .
For each realization df, the mutual information is given by fraction qf t_he coherencg time (pe_:r!od of tJm_e n Wh'Ch the tem-
poral variation of the fading coefficieni3;;’s is insignificant),

the receiver is able to estimak& andX from the received data
alone. This reduces the frequency in sending pilot symbols, and

wherex’ = V'x, y/ = Uy, andz’ = U'z. Noticing that

1
I(x;y) = log, det <IT + —2HKxHT) (4)
UZ
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i z' E and the received signals after projection to tr&k Then it
E S1 % : will send the estimate® back to the transmitter periodically.
j ] E Fig. 2 shows the receiver and the transmitter architectures.
x v v Zwnen |y Yt y
| Tminie ' IV. SIGNAL SUBSPACESPARTITION AND
i 1 . BLIND TRACKING ALGORITHMS
L Chameel . ;X A. Signal Subspaces Interpretation

Recall that the system model is
Fig. 1. Diagram illustrating the decoupling of the channel.

y=USVix+z=[U, U,] ﬁ) g} [:,’” x+7 (9)

is more spectrally efficient. In an indoor environment with pedes- "

trian speed of 2 m/s and transmitting at 5.8 GHz, the maximwvhere the columns diJ, € C™*¢ andV, € C**¢ correspond

Doppler frequency is around 40 Hz, and the coherence time is gpthe direction of the useful eigen modes of the channel. The

proximately equal to 0.01 s [11]. Furthermore, the delay spreadtocorrelation matrix of the received sigiyais given by

is usually on the order of 10-100 ns, and the coherence band-

width [12] is roughly on the order of 2-20 MHz. In order to ex- K, =E[yy'] = HK,H' + oL (10)

perience flat fading, the transmitted signals should have Sym@lla/enVTKIVs — P/dI, (10) can be rewritten as

rate per transmit antenna of no greater than the coherence band- s

width. Therefore, for a symbol rate of 1 MSymbol/s, the number P21 521 0 Ut
e | RS

of symbols in a period of coherence time is approximatél

which is sufficient to get a good estimate BhandX. h dbvth | . dasth
With the presence of additive noise, the space spanned bygﬁeencf’shbzzgizezﬁgr:ﬁ;t U)Z tis?hcgﬁg?sﬂegffb;e;z; asthe

received signals can be decomposed into the signal subspace ‘Jﬁ]@e question now is how to estimaté,, X, and V., effi

the noise subspace. The signal subspace contains information o . . .
i iently. Before going into the details of the tracking algorithms

about the channel effect on the transmitted symbol that could bé ' :
used, we first present our mathematical setup and several useful

tracked at the receiver. The noise subspace is the space Orﬂgggﬁlts

onal to the signal_ subspac_e an_d is not very u_s_eful in_the trackingAt time nT (whereT is the sample period), the received

process, except in the estimation of the additive noise POWergi o1 vector is
The receiver first exploits the structure of the received signal

and partitions the received signal space into the signal and y(n) = Hx(n) + z(n).

noise subspaces. This partitioning reduces the dimension of the ] ) ) .

tracking space and saves computational resources. Afterwafd@lect the firstn snapshots of (i)'s, x(i)s, andz(i)'s, and

it will track the temporal variation 087 andX. corresponding to [0 the data matrix as follows:

K, = [Us U,]

the signal space by the blind algorithms detailed in Section IV. 1

Y=—][y(l) --- 12a
Simultaneously, it will project the received signal on the \/E[Y( ) y(n)] (122)
estimatedU and demodulate the projected symbols. Based 1
on the estimated, it will decide the rate of information X= NG [x(1) - x(m)] (12b)
transmission on each of the useful subchannels and inform the 7 — 1 | 12
transmitter from time to time. In order to assist the transmitter ~/n [2(1) - a(n)]. (12c)

to track the temporal variation of the right singular mafkix
the receiver will send back some of the demodulated symb&
to the transmitter periodically, as well. Y -—HX+Z

The transmitter, based on knowledge of the prior transmitted
symbols and the feedback information from the receiver, trackéereY is the data matrix an¥ Y is the sample autocorrela-
the temporal variation oV by an adaptive minimnum mean-tion matrix, denoted b¥<, . Thus, the SVD ofY is
square error (MMSE) algorithm that will be elaborated in Sec- o R R $ 0 el
tion IV. Then it will allocate the transmitted data across the sub- Y = UXVT = [U, U,] [ OS 5 } [‘ﬁ] (13)
channels, according to the rate allocation strategy decided by " "
the receiver. Afterwards, it will project the transmitted data OWhereas the eigenva|ue decompositio[fql’f is
the estimated and send it to the radio frequency (RF) section. » )

In addition, we address the problem of initialization by & 3, 02 ] [U;r } (14)

o £ | LU

L]ey are related by

2 A ~ A
sending training sequences at the very beginning and use theK'U =UZU = [0, U,]
proposed tracking algorithms for channel estimation as well with

no extra cost. Furthermore, we would reduce the frequencyBY the theory on the perturbation of eigenvalues [1]
feedback by switching the receiver to a decision-directed mode .9 ) P,

of operation, that is, the receiver will use the detected symbols X, -ol— Ezs a.8.
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Fig. 2. Block diagram of the multiantenna transceiver.

and by the perturbation theory for invariant subspaces [14], [16]H is stationary, the moving average estimate is the maximum-
. likelihood estimate oK,, and if we replaceéV by N — 1, then it
R(Us) — R(Us)  as. is the unbiased estimate. To reduce the memory requirement for
whereR(-) is the range space. the old received signals, weighted average estimate is another

ConsequentlylJ, andX, can be estimated either by direct0ssibility, which yields
eigenvalue decomposition of the sample autocorrelation matrix,
or by direct singular value decomposition of the data matrix. - _ - f
But zotice that f?om sample to sarr?ple, the autocorrelation and Ky(n) = (1= Ay (n—1) + fy(n)y(n) (16)
data matrices vary only by a rank-one modification. Instead of
applying batch decomposition in every shot, the computatiovhereg is the forgetting factor and its choice depends on the
can be considerably reduced by iteratively updalingandX;. degree of stationarity of the channel. Similarly, the data matrix
The sample autocorrelation matrix derived from (12) aveshown in (12) may not be practical as well, since its dimen-
ages over all available samples. However, in practice, the fadisign grows with the data length. Same as before, we can fix the
matrix H as well asU andX are slowly time varying. Thus, a number of samples taken into account by deleting a column and
moving average estimate from themost recent received signalappending a new one in every update.

vectors is a better alternative Unlike its counterparts, there is no intimate connection be-
R 1 n . tweenV, andV,. As seen from (9) and (11), it is impossible
K,(n) = N Z y(D)y(i)" to estimatéV ; based on the first- and second-order statistics of
i=n—N+1 the received signals alone. As a result, in tracking the variation
- Ky (n—1) of V,, we rely on the knowledge of prior transmitted symbols at
1 the transmitter and propose an LMS type of algorithm, detailed
++ [Y)y() = y(n = N)y(n = N)']. (15) in the following.
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B. Tracking Algorithms folU and X TABLE |
DIVISION-FREE TRACKING ALGORITHM FORU AND &

In this paper, we develop two algorithms to track the tem-

poral variation ofU, andX,. The first one is free of division Receive y(n + 1)
and require®)(r2d) operations every update, while the second Update covariance matrix
one require®)(rd) operations, whereis the number of receive K,(n+1) = (1 - AK,(n) + By(n+1)y(n+ 1)t

antennas and is the number of useful subchannels. Basically,
we introduce an unconstrained optimization problem with the '
eigencomponents being the stable stationary points. Then we fori=1:4d,

R=K,(n+1)

apply gradient-descent methods and deflation techniques (se- Update the i-th eigen-pairs
guential estimation of the eigencomponents) to arrive at the de- wi(n + 1) = wi(n) + p: (R — Mi(n) I) wy(n)
sired solution. The following theorem shows the objective func- X(n+1) =wi(n+ Dt wi(n+ 1)

tion that we are using in the algorithms.
Theorem 1: Let A € C™"*" be a semipositive definite matrix.
Define

Apply deflation
R=R-w;(n+1)wi(n+1)!

end

J(w) = 2wl Aw — (wiw)2. (17)

All the stationary points off (w) are eigenvectors oA with V\ihgl;:hv:lsenhea?vegwe definite. Substituting the other eigen pairs into
magnitude being the square root of the corresponding eigén- '
value ofA. Further, if the dominant eigen pair is of muItipIicityvg J(\/ru')
one, then the Hessian of(w) at the dominant eigenvector is ~ % B
negative definite, while that at the remaining eigenvectors are
neither positive definite nor negative definite, that is, the domi- : " : : :
nant eigen pair is the global maximum point.&fw). = —4U 0 D VI P T 0 ut

Proof: First, take the gradient afi(w). . . . .

Ni— A - 0 0

0 0 U Ve
V(W) = 4Aw — 4(wiw)w. (18)
which is neither positive definite nor negative defirité # 1.

Putting to zero, gives u

Most of the objective functions in the literature require either
normalization or division. One such objective function is the
Rayleigh-Ritz ratig16, p. 176]. From the perspective of imple-
_ _ _ mentation, both normalization and division are costly and slow.
Therefore, the stationary points df{w) are eigenvectors of On the other hand, the objective function introduced in (17) is
A with magnitude being the square root of the correspondifige of any division and normalization.
eigenvalue ofA. _ _ _ To find the optimal solution tanax,, .J(w), it is straight-

Next, we prove that the dominant eigenvector is the onfgrward to apply gradient descent techniques. The gradient of

stable stationary point. Les = UAUT' be the eigenvalue de- j(w) is given in (18), which results in the update formula as
composition ofA. Then the Hessian of(w) atw is

Aw = (wiw)w.

w(n+1) = w(n)+ p[A — w(n) * W(n)T]W(n) (20)
V2 J(w) = 4A — 4(ww)I — sww'. (19)
wherey is the step size.
If w* is the optimal solution tenax,, .J(w), then the corre-

Substitute the dominant eigen pair into (19), and we get . ) e :
genp (19) g sponding eigenvalue is given lsy*w*. Now consider

V2 J(v/Auy) =4UAUT — 4, UUT — 8\ upuf A. = A — wiw
A1 8 o 8 Jo(w) =2wTA,w — (wiw)?2.
=4U [A—\I-2 .o .
- : It follows that the second dominant eigen pairfofs the global
0 0 -~ 0 maximum of.J,,(w). As the cancellation process proceeds, all
x Ut the eigen pairs corresponding to nonzero eigenvalues can be ob-
20 0 0 tained. This sequential cancellation technique is callefia-
0 M —Ay - 0 tion.
= —-4U0 | . . . : Recasting to our problem, we are looking for the eigen pairs
(‘) 0 ' ) : N of the autocorrelation matri¥,, which is estimated by, .
S VR W

: Sincef(y is semipositive definite, we can simply replace matrix
x U A in the update formula shown in (20) by matik,. Table |
<0 details the tracking algorithm fdJg, andX;.
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TABLE I
TRACKING ALGORITHM FOR'V

Receive y(n + 1)
r=y(n+1)
fori=1:4d,

Receive y(n + 1)
fori=1:d,
Update the i-th eigenvector

Update the i-th eigen-pairs

wi(n + 1) = wi(n) + p; (rrf wi(n) — \i(n) wi(n))
Ai(n+1) =wi(n+ 1)t wi(n+1)

Apply deflation

r=r— (wi(n+1)'r) wi(n+1)/A(n+1)

vi(n+1) = vi(n) + p; (yi(n + 1) — vi(n)x(n + 1))fx(n +1)

end

C. Tracking Algorithm foiV
First, we rewrite (2) as

end
¥ 'Uly = vix+ 27'Ulz. (22)
The update formula can be further simplified by approxi- _ _
mating the sample autocorrelation matrix using the instanfoW the receiver can send the signal
neous received signals only, that is, setting the forgetting factor .
(3 to one. This is the LMS algorithm in adaptive filtering. In yr =%, Uly (23)

tracking the dominant eigen pair at time we apply the same

algorithm as above on the received sigpah) only. Then re- pack to the transmitter where it can make use of its knowledge
moving the projection of/(n) on the direction of the tracked on the prior transmitted symbols. Assuming error free in the

dominant eigenvector, we apply the algorithm on the residégedback channel, we choose to minimize the MSE of
again and track the second dominant eigen pair. The cancella-

tion and tracking processes proceed and all the signal eigen pairs
can then be tracked sequentially. Table Il details the simplified
tracking algorithm folU, andX;. In this algorithm, simplicity

is achieved at the expense of introducing division operation Qmmarized in Table 111, in which the application of LMS algo-

each |terat'|on. L . . rithm in the MMSE criterion is straightforward. Furthermore,
The choice of the step size in (20) directly impacts the convef;, algorithm has complexity @(td).

ge_nce_speed, s_tabi_lity, and accuracy of the algorithms. Si_nce thqan practice, we can reduce the frequency of feedback by ap-

objective function introduced (w) is a fourth-order function plying the tracking algorithm on the detected symbols at the re-

in w, analysis on the choice of step size is difficult. In particzgjyer instead of on the prior transmitted symbols at the trans-
ular, the use of deflation techniques complicates the analysig,fer.

lot. Instead, we will give loose bounds on the step size by ap-

proximating.J(w) by a quadratic function around the optimap. Unequal Power Allocation

point. We believe that these bounds give useful guidelines in th

tracking period, where the estimates are close to the optimal
Applying a Taylor series expansion f§w), we get

yr—Vix

t|(r)1 track the temporal variation &f ;. The tracking algorithm is

eUp to this point, the transceiver allocates equal power to the
Usable subchannels but varies the information rate across them.
However, the tracking algorithms introduced can be adapted to
unequal power allocation. Suppose the power allocated to the
ith subchannel i®;, fori = 1,..., d. Then the autocorrelation
matrix of the received signal in (11) becomes

Il

J(w) = J(/Aw)

+%(w — V) TV2 I (A u)(w — VAag) -
P

Ut
K'y: E :[Us Un]

s

U}

0
o |

292 2
25210+ o1 } (24)

Forw around the optimal poiny/A;u;, J(w) can be approxi-

mated by whereX? = diag(Py,...,P,). The algorithms presented in
Tables | and Il will track the variation of the signal spade
J(w) ~ J(\/)\Tul) as before. For the singular values, in contrast, they will track

252 instead ofP/dX>. As a result, one more step is required
to get the channel gair8> from £2X2. But this computation
can be carried out with ease.

o (w = V) V3T (w — /A

Therefore, the step size is loosely bounded by V. SIMULATION RESULTS

Since a half-wavelength separation is sufficient for decorrela-
tion among antenna elements in anindoor channel [17], a carrier
frequency of 5.8 GHz (the ISM band) requires only a minimum

2
%/\max (_V%VJ(\//\_lul))

1
20

O<pu< (21)
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Fig. 3. (Upper) Tracked and actual eigenvalues under SNR of 10 dB (the fi _
curve from the top shows the variation of the dominant eigenvalue, the secc 2
one shows that of the second dominant eigenvalue, and so on). (Lower) Rela ® 15L |
error in the tracked. 8

(o]

separation of 2.6 cm. Hence, for a mobile device operating
the ISM band, four antennas may be a reasonable choice.
the other hand, with the advent of more sophisticated comp
mentary metal-oxide—semiconductor (CMOS) technology, it

Probability of bi

possible to integrate 10—15 analog front ends on a single chip 085 XF] 047 046 048 03 0.22
gether with the digital back ends, though the antenna eleme ' Feedback rate to Data rate
may be correlated. In the following simulations, we will ust

a four transmit, four receive antennas system under indep . Decision-directed Approach
dent Rayleigh fading. The symbol rate is 1 Msymbols/s and tl 8} 10 . T T -

Doppler frequency is 10 Hz. The constellation scheme used | _
M -ary phase-shift keying (M-PSK), ranging from binary phase ,_ |
shift keying (BPSK) to 16-PSK. To increase the resolution in tr % 6t
bit allocation, repetition codes are employed with coding gaiig
ranging from 1/3 to 1/11. The channel model used is the popus 4|
Clarke and Jakes’ model [17], [18]. First, we will report on thZ
tracking performance of the division-free algorithm detailed i§
the Section IV. Then, we will show the probability of bit errorg 2r
versus the ratio of feedback rate to data rate in both nonde I 1
sion-directed and decision-directed modes of operation. For ' . , ) ) ;
division-adhered algorithm, similar results were obtained sov ~ 9.63 0035 004 0045 005 0055 006 0065
will not repeat it. Feedback rate to Data rate

Fig. 3 shows the tracking of the eigenvalues (square of the . ) )
. . . Fig. 5. Probability of bit error versus ratio of feedback rate to data rate.
singular values) and the relative error (in the sense of Frobenitg
norm) in the tracked fading matrix. As seen from the graphs,
both approaches can track the variation of the eigenvalubsn any particular basis. Similar performance was found in the
closely. Moreover, the relative error in the tracked fading ma&ondecision-directed approach.
trix has a smaller range of fluctuation in the decision-directed In order to study the spectral efficiency and the extent of feed-
approach than in the nondecision-directed approach. back information of the system, we performed Monte—Carlo
Fig. 4 shows the angle between the tracked and actg@hulations over 500000 transmitted symbols. Following the
dominant left and right singular vectors in the decision-directatkfinition in [11], the coherence time is approximately 0.0423 s.
approach. There are relatively large angles of discrepancikésnce, the simulations ran over more than 10 cycles of coher-
at around 1.5 10 ys, but the relative error in the trackedence time. The feedback information was quantized to give fair
H matrix is not very significant. This is because at arouncbmparisons. Fig. 5 shows the probability of bit error versus
1.5x 10* s, the two most dominant eigenvalues are very closifferent ratio of feedback rate to data rate at 10 dB SNR. At
to each other, and hence, the main interest is the tracking of theit-error rate ofl0~*, the spectral efficiency in the forward
subspaces spanned by the corresponding singular vectors rathkris around 3.32 b/s/Hz for both approaches, compared with
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3.34 b/s/Hz obtained with perfect channel knowledge. Hov
ever, in contrast to the channel capacity of 11.51 b/s/Hz, t
discrepancy is due to the use of simple modulation and codi
schemes in the simulated system. With the use of more sopt
ticated schemes, it could approach the channel capacity. Mc
over, from the graphs, we see that the feedback ratio for the (
cision-directed approach is an order of magnitude less than
counterpart.

VI. CONCLUSIONS

Division-free and division-adhered algorithms are propos¢
to track theU matrix. Both of them have similar performance
However, the former is more practical to implement, while t
latter requires fewer operations. Consequently, this would b
tradeoff between the complexity of hardware implementatic
and the complexity of the algorithm&(r2d) versusO(rd)).
For the tracking of th& matrix, the decision-directed approack;
is spectrally more efficient and shows a smaller range of fluct®
ation. Furthermore, extension of the algorithms to include UQgversity of california
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