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Abstract— Channel-shortening is a generalization of transmission channel equalization; its purpose
is to reduce the length of the impulse response of a channel. One application is to Multi-Carrier
Modulation (MCM) transmission systems, where a Cyclic Prefix inserted between transmitted symbols
prevents Inter-Symbol Interference, provided that the channel impulse response is sufficiently short.
Communication channels that have non-stationary characteristics, such as those in mobile
communication, are unsuited to equalization methods that utilise training sequences and significant
initial computation. Instead, methods that are blind, continuously adaptive and not computationally
intensive are to be preferred. Sum-squared Autocorrelation Minimization (SAM) is a blind channelshortening algorithm suited to MCM, but one that has a high computational load. In this paper we
describe a new stochastic modification of the SAM algorithm, which delivers a significantly reduced
computational load whilst retaining the level of achievable bit-rate obtained by SAM, at a cost of
reduced convergence speed.
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I

INTRODUCTION

Multi-carrier Modulation (MCM) is a transmission
modulation scheme that utilizes simultaneously a
number of “sub-carriers” of distinct frequencies
within the transmitted signal. In the form of
Orthogonal Frequency Division Multiplexing
(OFDM) or Discrete Multi-Tone (DMT), it is in wide
operational use, being the modulation scheme used
by, for example, Digital Subscriber Line (DSL),
Digital Audio Broadcasting (DAB) and IEEE802.11
wireless Local Area Network.
The use by MCM of a long multi-carrier symbol
diminishes its sensitivity to
Inter-Symbol
Interference (ISI). In addition, MCM adds a Cyclic
Prefix (CP), containing redundant data, to the
multicarrier symbol at transmission. The CP, by
introducing a “guard interval” between consecutive
symbols, further reduces the sensitivity of MCM to
ISI. Nonetheless, ISI remains a problem for MCM
systems where the transmission channel has a delay
spread greater than the signal’s CP length. For
example, this is the case for standard carrier-serving
area test channels widely used for ADSL
transmission systems, described later. Typically
these test channels have delay-spreads with
significant energy of greater than 50µs in duration,
whilst the signal CP length is only 14µs.

To ameliorate the problem of ISI for MCM
transmission by channel equalization, it is necessary
only to reduce the length of the equalized channel to
v + 1, where v is the length of the CP. This is
referred to as “channel-shortening”, rather than full
equalization where the equalized channel impulse
response is an impulse of length 1.
A substantial amount of research has been
published proposing methods for channel-shortening.
For example, in 1996 Melsa et al [1] proposed a
method called Maximum Shortening Signal to Noise
Ratio (MSSNR). The effective channel impulse
response is identified using a training signal, and
divided into a window (where it is desirable to
maximize energy) and a wall (where minimum
energy is desired). The equalizer is adjusted so as to
maximize the ratio of the energy in the window to
the wall. In the frequency domain, Van Acker et al
[2] proposed a “per-tone” channel-shortening
method. The shortening filter w is implemented after
transforming the signal into the frequency domain,
with one complex tap per sub-carrier.
The above methods require knowledge of a
training sequence in the transmitted signal, with its
attendant overhead. Such an overhead increases
where the channel is dynamic, and the channelshortener must be periodically or continually
updated. These methods are more suited to relatively

static communications channels, such as those of a
telephone network used for Digital Subscriber Line
signals. For such channels an initial equalization
algorithm, perhaps of high computational load, with
a training period is acceptable. If, in contrast, a
channel characteristic can periodically and rapidly
change (such as those of mobile networks), the
equalization method must be adaptive, and the
additional overheads of signal training sequences and
heavy computational loads are highly undesirable.
A number of “blind” methods for channelshortening—that is methods that operate using
general characteristics of the signal rather than
specific content—have been proposed. In [3] a
Multicarrier Equalization by Restoration of
Redundancy (MERRY) scheme is described that
uses the redundancy of the CP values to infer the
channel-shortener values. Another scheme, Sumsquared Autocorrelation Minimization (SAM), uses
the expected low autocorrelation of a MCM signal
[4].
The SAM scheme has an advantage over
MERRY in that it can update the channel-shortener
at a per-sample rate, whereas the nature of the
MERRY algorithm allows it to update at the persymbol rate only. However, the SAM algorithm
brings a very high computational load to a receiver.
This high computational load has received attention,
with proposed methods to reduce it in [5], by partialupdating of the shortening filter, and in [6], by subsampling the autocorrelation lags.
Here, we also address the high computational
load of SAM. We modify SAM to produce a new
algorithm, such that the shortening filter w is updated
stochastically using instantaneous autocorrelation
values, substantially reducing the amount of
computation in doing so, and examine how the
algorithm behaves. In the following sections we
describe the system model, the basic SAM algorithm,
the stochastic modification of SAM and results
obtained from simulations.
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The effective channel c is obtained by the
discrete convolution of h and w, i.e. c = h * w; of
length Lc + 1, where Lc = Lw + Lh.

III

THE SAM ALGORITHM

The SAM algorithm operates according to the
observation that a channel impulse response (IR)
with zero autocorrelation for lags of greater than the
signal CP length v will not introduce ISI. So for an
effective channel to be shortened to a length of v+1,
its IR autocorrelation should be low for
autocorrelation lags greater than v. This leads to a
cost-function for SAM: the total squared
autocorrelations of the effective channel IR for lags
greater than v:
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where Rcc(l) is the IR autocorrelation of c at a lag l.
This has no immediate utility, since c is
unknown. However, in [4] the authors show that
provided the transmitted signal is white, zero-mean
and wide-sense stationary, autocorrelation of y(n)
may reasonably be used instead of Rcc. To limit the
impact of noise the signal energy must be
significantly higher than noise energy or the signal
CP must be longer than the shortening filter. They
also show that it is preferable to meet the constraint
2.Lc < NFFT, where NFFT is the size of the MCM
signal FFT size. The practical cost-function then
becomes:

Noise v(n)
x(n)

Lh +1, and the channel-shortener w is an FIR filter of
length Lw + 1. The input signal x(n) represents the
MCM-modulated signal; added noise v(n) is
uncorrelated with x(n), is zero-mean and independent
and identically distributed (i.i.d). All signals are
modelled here as real.
The input data to the receiver, r(n), and y(n), the
output of the channel-shortener w, are given by:

r(n)

y(n)
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Fig. 1 Transmission System Model
The system model shown in Fig. 1 is the same model
as used in previous related work, such as in [4] and
[5]. The transmission channel h is represented as a
linear finite impulse-response (FIR) filter of length
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that may be directly evaluated from values of y(n).
The shortening filter w is updated using the
“steepest-descent” method, and is then normalized to
prevent adaptation to w = 0, so that:
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The gradient term ,- . / when evaluated
using an average of Nav samples to obtain expected
figures, is, assuming y(n) is real:
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It is this gradient term that causes the high
computational cost of the SAM algorithm. For an
Auto-Regressive (AR) implementation of the above
average, updating w once per sample, the total cost is
estimated in [4] to be 4.Lw(Lc–v) multiplyaccumulate
(MAC)
operations,
plus
the
normalization operations. If Lc = 100, Lw = 16 and
v = 32, this requires approximately 4400 MAC
operations per sample. At sample rates of
2Msample/s or greater, this represents a severe
demand on real hardware available at the time of
writing.
IV

STOCHASTIC SAM

The intent of the Stochastic SAM algorithm is to
reduce the computational load by removing
averaging from (1), so that the gradient of JSAM used
to update w is evaluated from instantaneous
autocorrelation values;
errors due to use of the
instantaneous values would then be averaged to zero
over a large number of updates, given the limited
size of individual adjustments to w.
A number of considerations apply to
implementations of the stochastic method. Firstly,
there is a computation problem in that an offset term
occurs in the stochastic calculation. Inspection of (1)
shows a sum of products of two averaged terms.
Close examination of the two averaged terms will
show that certain elements within them are
correlated; however, the expected values of these
elements are not correlated. A problem thus emerges
when one attempts to use the instantaneous values of
the elements, as in this stochastic algorithm, instead
of the averaged values. The correlations then appear,
manifested as incorrect offsets in the calculation.
A way of removing this offset effect is to prevent
the correlation by retaining the averaging of one of
the correlated elements, while the second remains
instantaneous. Examination of (1) shows that of the
two averaged terms that make up the product, the
second has a much greater computation, and has thus
more savings to offer when used in the instantaneous
form. Accordingly the stochastic algorithm used here
retains the averaged first term, as in (2). It might be
described therefore as “partial-stochastic”.
The second consideration is that application of
the stochastic method can plausibly be applied to the
AR implementation of SAM, to a true moving-

average version (both of which will update w once
per sample), or to the average shown in (1) that
updates w at the block average rate. On examination
it turns out that the stochastic method does not
provide a large computational saving to the AR or
true moving-average methods. It is therefore here
applied to the block average method of (1).
The stochastic version of the cost-function
gradient then becomes (again assuming y(n) to be
real):
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A new value will be calculated every Nav
samples. The total number of MAC operations for an
update is (Nav + 4.Lw)(Lc–v), approximately.
For the same example system as for SAM above
the computational load is approximately 200 MAC
operations, per sample, for Nav = 32. This may be
compared to the SAM figure of 4400 MAC
operations. (Note that these figures assume y(n) to
be real—the figures for complex y(n) are higher, but
the ratio of the counts for SAM and Stochastic SAM
remains the same.)
V

SIMULATION RESULTS

The Stochastic SAM algorithm was simulated to
evaluate its performance, using the model code
available at [7] as a basis. As with previous work, the
symbol FFT size is 512 samples and the CP-length
32. The 8 ADSL test channels CSA 1-8 defined in
[8], and available from [9], were used. Near-end
Crosstalk (NEXT) noise was selected to be the
additive noise source, the results shown here all
being for an SNR level of 45dB. The shortening
filter has 16 taps, and is initialized as a single
impulse at tap 8.
The basic SAM algorithm, using AR averaging,
was simulated as a benchmark against which the
performance of the stochastic algorithm could be
compared. The filter update step-size µ was selected
for both algorithms to obtain rapid convergence
while remaining stable. For basic SAM, µ=40, and
for the stochastic algorithm, µ=5; with these values
the algorithms produced stable solutions over the
SNR range tested, 30dB to 50dB. The averaging
block size Nav was set to 32.
The main measure of performance is Achievable
Bit-Rate (ABR) rather than Bit-Error Rate, since
MCM signals typically adapt the transmitted bit-rate
to that which is achievable given the SNR of the
current channel. ABR is evaluated as in [4]. The
speeds of convergence of the two algorithms were
compared for the test channels, CSA Loops 1-8.
Results shown here are for one channel only, CSA
Loop 3, which is representative of the others.

Fig. 2
Impulse Responses of CSA Loop 3, the
Effective Channel after shortening, and the
Shortening Filter

Fig. 4
Stochastic SAM algorithm: Simulated
runs of 120 symbols of CSA Loop 3 –Achievable
Bit-Rate

Figure 2 shows the channel IR for CSA Loop 3,
where energy in the response of over 100 samples in
duration may be observed. A typical IR of the
channel after it has been shortened and a typical IR
of the shortening filter (i.e. Time-domain Equalizer,
TEQ) are also shown.

Figure 3 and Figure 4 show the convergence of the
SAM and Stochastic SAM algorithms for simulation
runs each of 120 symbols’ duration. For each
algorithm, the mean of 32 individual sample runs is
shown, and the Matched-Filter Bound (MFB) for this
SNR is included as a reference. Note that for Stoc
SAM the x-axis indicates the averaging block count
k, where 32 samples are in 1 block, and 1 symbol is
544 samples.
General observations from the results show (i) a
significantly lower convergence speed of the
stochastic algorithm, (ii) that both algorithms exhibit
a performance spread between the sample runs, and
(iii) no settled level bit-rate is apparent after 120
symbols (though the latter two are not visible from
the graphs).
An interesting characteristic of the SAM
algorithm is its long-term behaviour. Figure 5 shows
the achievable bit-rate of a significantly longer
simulated run of 12,000 symbols of the basic SAM
algorithm, and Figure 6 the cost-function JSAM, this
time using a log time axis. Two behaviours are
apparent. First, the cost-function is continuously
reducing without converging to a settled level.
Second, there is no bit-rate at which the system
settles; instead the bit-rate appears to wander within
limits of a converged zone. Since for SAM the
achievable bit-rate is a non-linear function of the
cost-function, it is not known how the bit-rate
behaviour will continue beyond the end of this
simulation, as the cost-function continues to change.

Fig. 3 Basic SAM algorithm: Simulated runs of
120 symbols, CSA Loop 3 –Achievable Bit-Rate

Fig. 5 Basic SAM algorithm: Simulated run of
12,000 symbols of CSA Loop 3 - Achievable BitRate

Fig. 7 Stochastic SAM algorithm: Simulated run
of 120,000 symbols of CSA Loop 3 - Achievable
Bit-Rate

Fig. 6 Basic SAM algorithm: Simulated run of
12,000 symbols of CSA Loop 3 – Cost-Function
JSAM

Fig. 8 Stochastic SAM algorithm: Simulated run
of 120,000 symbols of CSA Loop 3 – CostFunction JSAM

Figures 7 and 8 show results of a similar run of the
Stochastic SAM algorithm, this time with a duration
of 120,000 symbols. The same features of
continuously reducing cost-function and wandering
of the bit-rate after initial convergence may be
observed, just as with the basic SAM algorithm.
Differences between the two algorithms are also
apparent. The achievable bit-rate of the stochastic
algorithm exhibits a noisier or jittery characteristic
after initial convergence, although its average
behaviour is also that of wandering. It is slower to
converge—the cost-function value for the stochastic
algorithm at the simulation end is similar to that of
the basic algorithm (approx 10-10), even though its
simulated duration was 10 times longer.

Larger numbers of simulated sample runs over all
channels were completed. The wandering behaviour
of the achievable bit-rate after initial convergence
occurred in all runs, both of the basic algorithm and
the stochastic algorithm, and no difference was
observed between the algorithms in the limits within
which the wandering occurs. The results therefore
show that achievable bit-rate of the stochastic
algorithm may be considered to be the same as that
of the basic algorithm.
The comparison of the convergence speed of the
two algorithms showed the stochastic algorithm to be
slower than the basic algorithm by a factor that lies
between 30 and 40, depending on the comparison
criterion used.
VI

CONCLUSION

The research described here is motivated by the need
to develop blind, adaptive and low-computation
channel-shortening algorithms for non-stationary
communication channels carrying MCM signals.
The results show the new Stochastic SAM
algorithm has substantially reduced computational

cost relative to that of the basic SAM algorithm,
while retaining the achievable bit-rate, at a penalty of
slower convergence. In the example used
computational cost is reduced by a factor of
approximately 20, and the convergence speed is
reduced by a factor in the range of 30 to 40.
The
computational
cost
remains
high
notwithstanding the gains made here; in this example
approximately 200 MAC operations are required per
sample by the stochastic algorithm. A potentially
fruitful direction to consider is the combination of
Stochastic SAM with other computational-cost
reduction methods, such as partial-update [5] and
lag-hopping [6], to further reduce the cost.
The SAM algorithm cost-function surface has
non-global minima, and is acknowledged to deliver
lower performance than other algorithms [10]. The
observation here that long-term bit-rate behaviour is
uncertain is a further concern for practical
implementations. Nevertheless, its fast performance
remains attractive. Use of the higher convergence
speed of SAM in a hybrid system with other blind
algorithms may be an appropriate practical
exploitation of its strength, particularly if the speed
can be retained while the computational cost is
reduced. Such a system will then be a step towards
the blind, adaptive and low-computation equalization
algorithm required for mobile systems.
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