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Abstract—We propose a new blind, adaptive channel shortening signal-to-noise ratio (MSSNR) method, which attempts to mini-
algorithm for updating the coefficients of a time-domain equal- mize the energy outside the window of interest while holding the
izer in a system employing multicarrier modulation. The technique energy inside fixed. However, in a point-to-point system such

attempts to minimize the sum-squared auto-correlation terms of DSL. the t f tric t timize is th
the effective channel impulse response outside a window of desiredf'jIS » (€ true periormance metric 1o optmize 1S thé max-

|ength_ The proposed a|gorithm' known as “Sum_squared auto-cor- Imum b|t a”ocation tha.t doeS not cause the error probablllty to
relation minimization” (SAM), requires the source sequence to be exceed a threshold, and in broadcast systems, the true perfor-
zero-mean, white, and wide-sense stationary, and itis implemented mance metric is the bit error rate (BER) for a fixed bit allocation.

as a stochastic gradient descent algorithm. Simulation results have Optimizing the MSE or SSNR does not necessarily optimize the
been provided, demonstrating the success of the SAM algorithm in

an AUTHOR: What does ADSL stand for? (ADSL) system. bit rate [4] or error probability [5]. Recent work [4], [6], [7] has
addressed the problem of maximizing the bit rate in xDSL sys-

tems.

Besides the TEQ structure, there are several alternative struc-
tures that can be used for equalization in multicarrier systems.
I. INTRODUCTION Per tone equalization moves the TEQ to the far side of the fast

ULTICARRIER modulation (MCM) techniques like or- Fourier transform (FFT) in the receiver, allowing separate equal-
thogonal frequency division multiplexing (OFDM) andization for each tone [8], [9]. Alternatively, a decision feed-

discrete multitone (DMT) have been gaining in popularity "k?ack muIt|-|npyt multi-output (MIMO) 'equallzer can 'be used
"%?cancel the interference by estimating the transmitted sym-

recent years. One reason for this surge in popularity is the e o ) .
y g pop y s, filtering them, and subtracting the result from the received

with which MCM can combat channel dispersion, provided t 0 | 1101, Yet h h devised by Traut
channel delay spread is not greater than the length ofthecy(ﬁ‘gna[ ]. Yet another approach was devised by Trautmann

prefix (CP). However, if the CP is not long enough, the orthogS‘—nd Fliege .[1.1]’ i_n WhiCh a postFFT block—equalizer structure

nality of the sub-carriers is lost, and this causes both inter-carrﬁ%rused' This is similar to the per tone structgre, butit is shown
interference (ICI) and inter-symbol interference (ISI). The ina(i:I [11] that the “F‘“?ed tones .can'be exploited to remove the
equacy of the CP in digital subscriber loop (xDSL) systems ¢ gl from the remaining tones with high performance. However,

be seen by considering the standard carrier serving area (C§3\X/h of .these approache; requir.es matrix processing of the re-
celved signal rather than simple filtering. This paper focuses on

test loops [1]. the TEO structure f lization since ith | lexit
A well-known technique to combat the ICI/ISI caused b e TEQ structure for equalization since it has a low-complexity

the inadequate CP length is the use of a time-domain eq gﬁplementation, and via the proposed approach, it can easily be

- : ; . de to adapt blindly.
izer (TEQ) at the receiver front-end. The TEQ is a filter thd"@ . . .
shortens the channel so that the delay spread of the effectiv@‘II of the TEQ design techniques described ahove are

channel impulse response is no larger than the length of the 89,[?adapti\r/]e (ixceptl [ZIIZ’h ar:\;leagEreqlfirg trai2ning (“tf”"?‘”y Ito
The TEQ design problem has been extensively studied in the fiptimate the c anne): eM S0 gt]on_[ ] can be imple-
nted adaptively (using training), but it is cited as converging

erature. In [2], Falconer and Magee proposed a minimum meay lowly 1121 Chow's algorithm [13
squared error (MMSE) channel shortening method, which wygly slowly [12]. ow's algorithm [13] converges more

designed for maximum likelihood sequence estimation. MoPé“Ckly’ but it usually converges to a distinctly suboptimal set-

recently, Melsaet al. [3] proposed the maximum shorteningt'ng [12]. Lashkarian and Kiaei [14] have developed an iterative

implementation of Al-Dhahir’s approximate maximum bit rate
method [6], but as cited in [4], the method in [6] makes several
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of the exact values of the transmitted signal, although other def- noise v(n)

initions could be chosen. An algorithm that exploits the trans- /

mission of known signals (including zeros) would not be consid- *®_,.| channel A.é)ﬂ). shortening equalizer v
ered blind by this definition, but an algorithm that exploits struc- h w

tural properties of the signal (such as a constant modulus signal \\ / (

on each tone, or the cyclo-stationarity introduced by the cyclic adaptive

prefix) would be considered blind by this definition. The goal of c=h*w algorithm |

this paper is to develop a blind, adaptive channel shortening al-

gorithm. The problem of adapting the 1-tap frequency-domain Fig. 1. System model for an adaptive TEQ.

equalizer (FEQ) [13] per tone is not considered, but this is usu-

ally done through the use of frequency-domain training ordeci-d . d ii hich " h
sion-directed least mean squares. and eigen decompositions, which are very costly, whereas

De Couville et al. have proposed a blind, adaptive equal@\daptlve algorithms (such as SAM) are usually vector update

izer for a multicarrier receiver [16], but it performs equaliza[UIes and can be thought of as just iterative approximation

! X ) . a,gorithms.
tion to a single spike rather than channel shortening. The al* . : : . .

. . L ... Theremainder of this paper is organized as follows. Section I
gorithm assumes that there is oversampling in the transmitter : . .

: . . résents the system model and notation. Sections lll and IV dis-
which has the effect of zero-padding the IFFT input. The equﬁ- : . :
o : uss the SAM cost function and gradient descent algorithm. Sec-
izer is adapted in order to restore the zeros on the correspondin . . . .

. : . IR V studies the properties of the cost function. Section VI pro-

FFT outputs. The transmission of zeros on certain carriers cou . . . -

- : o . vides simulations of SAM in an ADSL environment, and Sec-
be thought of as training signals consisting of zeros; therefog%n VIl concludes
the use of the term “blind” for this algorithm is debatable. How- ’
ever, [16] is the first algorithm in the literature that performs
adaptive equalization (to a single spike) for a multicarrier re-
ceiver. The system model is shown in Fig. 1. Let:) be the source

Martin et al. [17] have proposed a low-complexity, blind,sequence to be transmitted through a linear finite-impulse-re-
adaptive TEQ algorithm known as MERRY, but it only updatesponse (FIR) channél of length(Z;, + 1) taps. Letr(n) be the
once per symbol. The MERRY algorithm is based on restorimgceived signal, which will be filtered through &h,, + 1)-tap
the redundancy introduced by the CP, and the cost functiv&Q with an impulse response vecterto obtain the output se-
is the mean squared error between the data in the CP anddbencey(n). Letc = hxw denote the effective channel-equal-
corresponding data in the signal. In contrast, the sum-squaiger impulse response vector of length. + 1) taps, where
auto-correlation minimization (SAM) algorithm proposed in.. = Lj, + L,,. The TEQ will be adapted with the goal of short-
this paper adapts in order to suppress the received signalgng the effective channelsuch that it possesses significant
autocorrelation outside of a CP-length window. SAM convergesefficients only within a contiguous window of size + 1)
much faster than the MERRY algorithm but at the expense tips. In multicarrier systems, is the CP length. That is, we
significantly higher complexity. SAM has the added advantaggsh to minimize the energy of the coefficients in the effective
of not requiring an estimate of the symbol synchronization (i.ehannel outside the window of interest. The received sequence
the location of the start of each data block). MERRY requiregn) is

that the channel not vary significantly over each symbol (since

Il. SYSTEM MODEL

it only updates once per symbol), but the SAM algorithm can Ln
track time variations within a symbol (since it can update once r(n) =Y h(k)a(n — k) + v(n) 1)
per sample). k=0

The adjectives “blind” am_j “adaptive” need some motivatio nd the output of the TEQ is
In the DSL case, the TEQ is expected to converge completely

by the end of the initialization period, which consists entirely L.,
of training symbols. Thus, one can argue that in that situation, y(n) = Zw(k)r(n —k)y=w'r, %)
a blind algorithm is unnecessary. However, if there are any fur- k=0

ther variations in the channel, for example, due to temperature
variations, then a blind algorithm can track those variations. In¢herer,, = [r(n) r(n—1) --- r(n— Ly,)]". Throughout, we
wireless environment, one wishes to adapt continually, even ts@ake the following assumptions.
tween training frames, since the channel is constantly changing.1) The source sequeneén) is white, zero-mean, and wide-
Finally, even when training is available, a blind algorithm does  sense stationary (W.S.S.).
not require knowledge of where the training symbol lies in the 2) The relatior2L. < Ng; holds for multicarrier (or block-
data. In particular, SAM does not even need to know where the  based) systems, i.e., the combined channel has length
symbol boundaries are. less than half the FFT (or block) size.

Beyond being necessary in a time-varying environment, 3) The source sequengén) is real and has a unit variance.

adaptive realizations can also lead to reduced complexit
P X ylVaidyanathan and Vrcelj [18] have proposed the use of a block structure and

algor_lthms. Nonadaptlve algorlthrr_ls such a_S the m_'m_mum Msa'-:cyclic prefix for single-carrier systems, in which case channel shortening may
solution and maximum SNR solution require matrix inversions: needed.
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4) The noise sequeneén) is zero-mean, i.i.d., uncorrelatedwherex,, = [z(n) z(n — 1) --- x(n — Lj — L,,)]*, and
to the source sequence and has a variarice V= [v(n) v(n —1) --+ v(n — Ly)]T. To simplify
The first assumption is critical for the proposed channel short-

ening algorithm. Assumption two is important for analytical rea- - R (1) o Ruo(l4 L)
sons, but if it is modestly violated, the performance degradation £ [ann—l] = : : ®)
should be minor. This assumption is irrelevant for the applica- Ry,(l—Ly) - R, (1)

tion of SAM to equalization of (non-CP-based) single carrier

systems. The last two assumptions are for notational simplicity€re2u, (1) = E[v(n)v(n — 1)]. Sincev(n) is i.i.d., this ma-
trix will be Toeplitz, with only one diagonal of nonzero entries.

It becomes a shifting matrix, i.e., its affect on a vector is to shift
the elements of the vector up or down (depending)oSince
the signal and noise are uncorrelatég{x,,v. ,] = 0, and
This section motivates the use of the SAM cost function anfd[v.x._,] = 0. Finally, E[x,x}_,] becomes another shifting
shows how to blindly measure it from the data. Consider ttieatrix, provided that the assumptidl.;, + L.,) < Ng: holds.
auto-correlation sequence of the combined channel-equalifféhis is violated, then the matrix is still Toeplitz, but for some

I1l. SUM-SQUARED AUTO-CORRELATION MINIMIZATION

impulse response, i.e., values ofl, there will be another diagonal of nonzero entries,
corresponding to the correlation between samples in the trans-
L. mitted symbol end and samples in the transmitted cyclic prefix.
Re.(l) = c(k)e(k —1). (3) Fortunately, assumption 2 is a reasonable one, as can be seen by
=0 considering the CSA test loop channels [1] for the case of DSL:

Ly =200, L, = 32, andNg = 512, s02(200 + 32) < 512.
For the effective responseto have zero taps outside a window Now, (7) can be simplified to
of size(v + 1), it is necessary for the auto-correlation values

R..(1) to be zero outside a window of lengtlw + 1), i.e Le et
Ryy(l) = ) c(k)e(k 1)+ 0, ) w(k)w(k—1)
k=0 k=0
Reell) =0, li] > . @ = Ree(l) + 02 R (1), ©)

Hence, one possible way of performing channel shorteningiisder the noiseless scenari,, (1) = R..(I), and hence, (5)
by ensuring that (4) is satisfied by the auto-correlation functiathn be rewritten as

of the combined response. However, this has a trivial solution .

whenc = 0 or, equivalentlyw = 0. This trivial solution can < 9

be avoided by imposing a norm constraint on the effective re- Joir = Z | Ree(D) = Z [y ) (10)

sponse, for instandéc||2 = 1 or, equivalently,R..(0) = 1.
It should be noted that perfect nulling of the auto-correldn the presence of noise, (10) is only approximately true. This

tion values outside the window of interest is not possible sineaggests approximating the cost function of (5) by

perfect channel shortening is not possible when a finite length

l=v+1 I=v+1

baud-spaced TEQ is used. This is because if the channélhas A Le
zeros, then the effective response will always haye+ L, vl = Z |y
zeros. If we had decreased the length of the channel to, say, f=vtt
L, < Ly taps, then the combined response would only have _ 2 2
L, zeros, which contradicts our previous statement. o 1_12/;1 |[Ree(DI” + 20, 1—21/;1 Ree(D) B (1)
Hence, we define a cost functiai, ;1 in an attempt to B B
minimize (instead of nulling) the sum-squared auto-correlation e Zu | R (1)]2. (11)
terms, i.e., Y Nt
In many cases, the equalizer lendth + 1 is comparable to
o1 = Z |Ree (D) () or shorter than the cyclic prefix length (This is true, for ex-
I=r+1 ample, in [3] and [4].) In such situations, both noise terms in

(11) vanish entirely, due to the empty summations. Evdn,jif

is significantly longer tham, for typical SNR valuesg: will

be very small (compared with the unit variance source signal);

= arg,, min Ju+1 (6) therefore, we can neglect the last term in (11). Furthermore, the
lellz= summands in the second term will be both positive and negative

so they will often add to a small value. Combining this with the

fact that the second summation is multiplied by the (small) noise

variance, we are justified in ignoring the second termin (11) as

Ry, (1) = E[y(n)y(n —1)] well. This leaves us with, 11 = J,4; (@andJ,;1 = J, 41 ex-
=E[(c"xp + w'vy) (xf_jc+vi_w)] (7) actlyif L, < v+ 1). Accordingly, we will henceforth drop the

The TEQ optimization problem can then be stated as
opt __

w

Consider the auto-correlation function of the sequey{ed
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hat on.J,+1 and ignore the noise terms. The effect of noise on An alternate method of implementing the algorithm comes

the performance of SAM is investigated in Section VI. from using auto-regressive (AR) estimates instead of moving
Note that the cost functiod, ., depends only on the outputaverage (MA) estimates. Let

of the TEQ, namelyy(n), and the choice of. Hence, a gra-

dient-descent algorithm over this cost function, with an addi-

tional norm constraint o or w, requires no knowledge of

the source sequence. Such an algorithm will be derived in Sec- A" = (1 — a)A™™' + ay(n) :

tion IV. In addition, note that the channel length + 1 must be r(n — Le — Ly)

known in order to determing... In ADSL systems, the channel B" — WA"

is typically modeled as a lengtN FIR filter, whereN = 512 C" = (1 - a)Cm!

is the FFT size. The CSA test loops [1] typically have almost all -

of their energy in 200 consecutive taps; therefore, the FFT size r(n) yln—v—1)

is a very conservative choice fdé, + 1 in this application. For +a :

other applications, the user must choose a reasonable estimate

(or overestimate) fof;, based on typical delay spread measure-

ments for that application.

r(n—v—1)

T

rin—Lo) | | yn—Lo)

where0 < a < 1 is a design parameter, aiW is the(L. —

v) x (L. + L., — v) convolution matrix of the equalizer
IV. ADAPTIVE ALGORITHM

The steepest gradient-descent algorithm over the cost surface

i wog wWp Wy - 0 0
Jyy1is W 0 wy wy --- 0 0 (15)
L. S O T
Wi = wold — iV, ( Y Ely(n)y(n - l)]Z) (12) 0 0 0 - wp,1 wg,
I=v+1

Using these AR estimates, the update rule can be written as
wherey denotes the step size, avd, denotes the gradient with
respect tow. To implement this algorithm, an instantaneous cost

. . X . . . L
function is defined, where the expectation operation is replaced nil _ oom -
by a moving average over a user-defined window of lerigth w =w'=2p l_z;rl{E[ym)y(n -0l

L. (k+1)N—1 (n)u( i 2 '{E[y(”)rngz +y(n —Dry]}
Ji“St(k): Z Z yn)yn — . (13) c
v+1 o
I=v+1 | n=kN N =w'—2u Z {Bi—v}
l=v+1

The value ofN is a design parameter. It should be large enough Ay Criv
to give a reliable estimate of the expectation, but no larger, as . : + : . (16)
the algorithm complexity is proportional f§. The “stochastic” NI CL, 4110

gradient-descent algorithm is then given by
With both implementationsy must be periodically renormal-

Le (k+DN-1 _ ized (or else the constraint may be implemented in some other
k+1 _ Kk y(n)y(n —1) . .
Wi =wE =2 Z Z N fashion, such as by adding a penalty term onto the cost func-
l=v+1 n=kN tion). The advantage of this implementation is that it allows us
(k+1)N—1 / to form an update at each time instant, rather than eddty
X { Vi Z y(n)y(n —1) time instant, wheré/ is the number of samples used in the block
nekN N averaging of the expectation estimates. The disadvantage is that
the estimates now depend more on previous settingsrather
which simplifies to than the current setting, but if the time variations are reason-
ably slow, this should not matter. In terms of complexity, the
L. (k+1)N-1 _ auto-regressive implementation of (16) requires approximately
with = wh — 2y Z Z %Z\;Ll) 4L, (L. — v) multiplications and additions (each) per update,
I=v+1 n=kN plus a division for renormalization, whereas the moving average
(k+1)N—1 implementation of (14) requires approximat8ly L., (L. — v)
" Z (y(n)rnl +y(n — l)rn> . (14) multiplications and additions (each) per update, plus a divi-
nekN N sion for renormalization. Hence, the complexity per unit time

is approximately the same for the two if (14) is implemented
The TEQ update algorithm described in (14) will be referrednly once everyV samples. However, the moving average im-
to as the SAM algorithm, as it attempts to minimize the coglementation is intuitively appealing and is useful for analytic
function described in (5). purposes.
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The choice ofy in the AR implementation is analogous to the saddle points

choice of N in the MA implementation of (13). Both the MA
and the AR estimates are unbiased:

B[R] =+ 3 Bly(n)y(n — 1)

n

N Ryy(l) = Ryy(l)

1

N
B[R 1) =Y a(t = )" Ely(n - k)y(n — k - 1)

o~

1
=a-— R, (I) = R,,(I). (17
]._(1_Oé) JJ() JJ() ( )
A “fair” comparison of the two approaches should #étand
a such that the variances of the two estimates are equal, !
closed-form expressions for the variances of the two estimat 05 05 1 V 15 2
are difficult to obtain. An examination of (17) suggests that 8/n  saddle points
1/N is a reasonable choice.
i ; ; ig. 2. Contours of the SAM cost function. The two circles are the global
As stated earlier, to prevent the alg_orlthm from collapsing tHr;é?nima of thel /SSNR cost function. The cost function is symmetric about the
TEQ to an all-zero solution, the equalizer parameters can be NYsned line.
malized after each update to ensure that the norm of the effective

response is unity, i.ejjc||3 = 1. As the source sequence is as-

sumed to be white, from (9) The upshot of Theorem 1 is that whenever there is a good
minimum of the SAM cost surface, saywt, there will also be
Ely?(n)] = ||c||3 + o2||w||3 = ||c||2 (18) another minimum atv,. There is no reason to expect that the

_ ) flipped w, is as good an equalizer &s, (in terms of achiev-
and the norm ot can be approximately determined by mongp|e pit rate, for example); therefore, each good minimum may
itoring the energy of the output sequeng). The approxi- give rise to a bad minimum. Here, “good” and “bad” mean that
mation does not matter much as it is only used to kKé&  even though the SAM cost is the same, the ultimate performance
nonzero, and the actual valuelfef||3 does not matter. Similarly, metric (achievable bit rate, for ADSL) will not be the same for
if the source is nonwhite, (18) does not hold exactly, but maighe two settings. Another consequence is that the SAM cost sur-
taining E[y*(n)] = 1 will still keep ||c[|3 # 0. A more easily face is symmetric with respect to < w: therefore, there
implementable constraint is the unit norm constraintan.e., il be minima, maxima, or saddle points along the subspace
|lw||3 = 1. This is easier to implement because we have reagy — «

access tav but not toc; therefore, this is the constraint used in - 1q yisualize Theorem 1, consider the following example. The

the simulations in Section VI. channel ish = [1,0.3,0.2], the cyclic prefix length is 1 (so we
want a 2-tap channel), there is no noise, the equalizdras
V. PROPERTIES OF THECOST FUNCTION three taps, and we use the unit norm constrgnlf = 1. With

As s typical of blind equalization algorithms, for instance th&1iS constraint, the equalizer must lie on a unit sphere; there-
constant modulus algorithm (CMA) [19], SAM’s cost Surfacéore,Awe can represent the quuallzer in spherlcaIAcoordmates:
can be expected to be multimodal. If it has bad local minimay = w, = cos(f)sin(¢), w1 = w, = cos(¢), we = w, =
then initialization to ensure convergence to the global minimusin(¢) sin(¢). In this casew — W is equivalent to switching
becomes important. In general, the SAM cost surface will hawe. andw, (the first and third taps), which is equivalent to re-
local minima. This is a direct result of the following theorem. flecting # over = /4 or (57/4), andw — —w is equivalent

Theorem 1: The SAM cost function is invariant to the operato the combination of reflecting over /2 and addingr to
tionw — w, wherew denotesw with the order of its elements #(mod 2).

reversed. A contour plot of the SAM cost function is shown in Fig. 2.
Proof: Consider the autocorrelation sequences of tléhe axes represent normalized values of the spherical coordi-
combined channels; = h xw andcy = hx w. nates) and¢. The contours are logarithmically spaced to show
_ detail in the valleys. There are four minima, but they all have
Rejep =c1x€ = (hxw)x (hxw) equivalent values of the SAM cost, due to the equivalence rela-
=hxwxh+w tionsw & —w andw < w.
= (h*w)*(hxw) We compare the locations of these minima to those of a tra-

ditional channel shortening cost function: the shortening SNR
(SSNR) [3]. The SSNR is defined as

Since the autocorrelation sequence is invariant to reversing the
order of the elements ok, the SAM cost is also invariant to
such a switch. [ |

= C9 xCy = RCQCQ . (19)

cvlgincWin
SSNR= —yin % (20)

CiyallCwall
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__SAM minima Results of SAM on CSA loop 1
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Fig. 3. Contours of thé/SSNR cost function. The four circles are the globafid- 4. Channel (dashed) and shortened channel (solid) impulse responses.
minima of the SAM cost function. The shortened channel should have 33 taps.

SAM cost vs. iteration number

T T T TIT

_4

wherecy;, is the effective channel impulse response inside tt 10
window of interest (of widthv + 1), andc.y is the effective :
channel impulse response outside this window. Thus, fora 10® |.....
5-tap effective channel, we pick a 2-tap window and compu S
the energy of these taps and then divide by the energy of the 197 |.... :
maining three taps. For each equalizer setting, we will compt S
the combined channel, pick the 2-tap window with the highe 4o |...
SSNR, and then plot the inverse of that value (so that we ¢ 2
looking for minima rather than maxima). Contours of this cos™ 458
function are shown in Fig. 3. Comparison of the two contot :
plots show that the pair of global minima DfSSNR matchup ;5o [
nicely with two of the global minima of the SAM cost. Thus, B
if we find a pair of global minima of the SAM cost and they -1l
have a high value of /SSNR, we can fix this by switching to

the other global minima of SAM simply by reversing the orde 107" : ::j ‘ ,: : :
of taps inw. 0 0.5 1 1.5 2 25 3 35 4

sample number, n x 10*
VI. SIMULATIONS Fig. 5. SAM cost versus iteration (not symbol) number for 40 dB SNR.

This section provides a numerical performance assessment
of SAM in an ADSL environment. All of the Matlab code iS|Hyext(f)|? = HoHmask(f)f/? with white noise [14]. The
available in [20]. Parameters were chosen to match the standawdstantt,, was chosen so that the variance of the NEXT was
for ADSL downstream transmission: The cyclic prefiwas 32 o2, with o2 chosen to achieve the desired SNR. The filgy, i
samples, the FFT size was 512, the equalizer (TEQ) had 16 tapgn ADSL upstream spectral mask that passes frequencies be-
and the channel was CSA test loop 1 [1], which is available taveen 28 and 138 kHz since the upstream signal is the source of
[21]. The noise power was set such thdf|h||?/o? = 40 dB. the NEXT for the downstream signal. The code to generate the
We used 75 symbols (of 544 samples each), and SAM used MiEXT was obtained from [21].
auto-regressive implementation of (16) with= 1/100 and Fig. 4 shows the channel and the combined channel-equal-
with the unit norm equalizer constraint. The initialization was &er after running SAM. Figs. 5 and 6 show the SAM cost and
single spike, and the step size was 5 (such a large step size @emevable bit rate versus the iteration number. The fact that the
be used because the SAM cost is very small, so the update $2eéM cost is not monotonically decreasing in the first few hun-
is still small). SAM is compared with the maximum shorteninglred samples is because of the renormalization. After each iter-
SNR solution [3], which was obtained using the code at [213tion, the equalizer is divided by its norm, and this projection
and the matched filter bound (MFB) on capacity, which assumesuses the algorithm to no longer be a gradient descent algo-
no ICI. rithm (though it is approximately so). The bit rate is not mono-

Two types of noise are considered: white Gaussian noise andically increasing because the SAM cost bears no direct rela-
near-end cross-talk (NEXT) [13], which is highly colored. Théion to the bit rate. At 340 iterations, SAM achieves 96% of the
NEXT was generated by exciting a coupling filter with spectruiviFB but then drops and eventually rises again to 74% of the
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bols. Observe that for low SNR, the performance of SAM and
the MSSNR method are comparable, and the performance of
SAM degrades (relatively) for high SNR. This is because when
the noise is high, SAM only needs to reduce the ICI below the
noise floor, but when the SNR is 60 dB, the excess ICl becomes
more noticeable. For very low SNR (less than 15 dB for white
noise, less than 25 dB for NEXT), the performance of SAM
degrades, presumably due to the noiseless assumption in the
derivations. However, typical SNR values for ADSL are 40 to
60 dB, and an SNR less than 25 dB is very unusual. BER curves
are not included because for ADSL, the bit allocation on each
tone is increased until the BER becomés”; therefore, a BER
curve would be flat as a function of SNR.

VII. CONCLUSIONS AND FUTURE WORK

A new blind, adaptive channel shortening algorithm based
on a windowed sum-squared auto-correlation minimization has
Peen proposed. The effectiveness of the algorithm to blindly
Sﬁprten the channel has been demonstrated numerically. How-
ever, SAM may perform poorly in situations such as when the
source sequence is not white or when there is extremely strong
cross-talk (or other forms of colored noise).

Proper initialization of the TEQ is necessary to ensure the
convergence of the SAM algorithm to a good minima. Further
studies are needed to characterize the cost function and formu-
late suitable design rules to ensure good performance. Robust-
ness of the algorithm to receiver noise and violation of the as-
sumption of source whiteness need to be investigated further as
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