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New adaptive blind PIC receivers for multiuser detection
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Abstract

Parallel interference cancellation (PIC)
is considered a simple yet effective multiuser
detector for direct-sequence code-division
multiple-access  (DS-CDMA)  systems.
However, its performance may deteriorate
due to unreliable interference cancellation in
the early stages. Thus, a partial PIC detector
in which partial cancellation factors (PCFs)
are introduced to control the interference

cancellation level has been developed as a
remedy. In addition, the partial PIC can be
implemented adaptively using the adaptive
blind partial PIC where the optimal PCFs are
trained using the least mean square (LMS)
algorithm. In this project we propose an
improved adaptive blind partial PIC and
analyze its performance. The main idea is to
reduce the number of active weights in the
LMS algorithm and to perform weight post
filtering such that the resultant excess mean
square error (MSE) can be reduced. We also
derive the output bit error rate for the
proposed algorithm. Simulation results verify
that the proposed algorithm outperforms the
conventional partial PIC approach and
analytical results are accurate.

Keyword: multiuser detection, parallel
interference cancellation, LMS algorithm,
performance analysis.
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Multiuser detection (MUD) is a
technique for improving the performance of
code-division  multiple-access (CDMA)
systems. The development of MUD
algorithms can be dated back to the seminal
work of S. Verdu. He proposed a multiuser
receiver utilizing the maximum-likelihood
criterion [1] and showed a great performance
enhancement. However, He also showed that
the  computational complexity  grows
exponentially with the user number. The high
computational complexity adversely affects
its real-world applications. Thus, a variety of



low-complexity suboptimum receivers were
then proposed [2].

Among the suboptimal receivers, one
promising technique is parallel interference
cancellation (PIC) [3]. For a particular
desired user, the PIC estimates interference
from other users, regenerates it, and cancels
it from the received signal all at one time.
This canceller is usually implemented with a
multistage structure. The temporary data
decision for a stage is obtained from its
previous stage. One problem in the PIC
approach is that the interference estimates
may not be reliable in early stages. In other
words, interference cancellation does not
necessarily reduce interference. To alleviate
this problem, partial PIC was then developed.
Partial cancellation factors (PCFs) ranging
from 0 to 1, were introduced to control the
signal cancellation level [4]. The optimal
PCFs can be obtained in adaptive or
non-adaptive ways. The non-adaptive
optimal PCFs for specific scenarios can be
found in [5-6]. Besides the theoretical
solution, the LMS adaptive algorithm was
also used to search optimal PCFs for partial
PIC [7]. Due to its special architecture, this
approach does not need training sequence.
We call it adaptive blind partial PIC. It was
found that this partial PIC outperforms
non-adaptive ones. In this project we propose
an improved adaptive blind partial PIC and
analyze its performance. The main idea here
is to reduce the number of active weights in
the LMS algorithm and reduce the adapted
weight variance such that the resultant excess
mean square error (MSE) can be reduced.
We also perform the bit error rate (BER)
analysis in the second stage.
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Consider a synchronous  system
operated in an AWGN channel. The received
signal in a certain bit interval can be
expressed  as  r(n)=3" a (n)b,(n)x,(n) +v(n)
where a,(n) and b, (n) are the th user’s

amplitude and data bit, x,(n) denotes its

is AWGN with
variances”, and N is the processing gain.
The matched filter output, which is the first
stage output, can be represented as
y® =a,b, +Zjﬂ<’;1jbj,ojk +7, Where p,
denotes the user correlation and y, is the

signature sequence, v(n)

noise term after despreading. From above it
can be seen that the output signal is noisy
due to the MAI. Thus the adaptive blind
partial PIC is introduced to enhance the
performance. We first define the error signal
as e (n)=r(n)—FfY(n) where F(n) is
the regenerated received signal and it is

K ~ .
expressed as O (n)=> w" (nb"x,(n) .
k=1

Here, w(’(n) is the adapted weight for the
kth user in the ith stage and serves as the PCF.
Consequently, we define the MSE as
J“Mn)::Ekem(n»Z} The
interference-subtracted signal for the kth user
is then
RO () =r(m) =Y bfx; (mw’ (N)

where the optimal PCFs are obtained using
adapted weights at the end of adaptation. We
then have the detected bit as b =sgn[y®]
where y@ is the matched filter output in
the ith stage and it is given by matching
£ (n) with x, (n). Note that the adaptive
blind partial PIC may give different optimal
PCFs from that of non-adaptive ones. This is
due to different optimization objectives used
for the two algorithms. In the non-adaptive
type partial PIC, optimal PCFs are
determined based on the minimization of the
ensemble error average for all transmission
bits. In other words, optimal PCFs apply to
all received bit signals. On the contrary, the
PCF for the adaptive blind partial PIC is



obtained by minimizing the ensemble error
average within a certain bit interval (given
the bit decision in first stage). It can be seen

that in the perfect condition,
| a, p®=p
ng ) (N) — k Alzi) k.
—a bk * bk

Thus, the convergent weights depend on
whether the bit decision results in the
previous stage are correct or erroneous. The
adaptive algorithm allows the weight of each
user can attain the desired value symbol by
symbol. This is the reason why the adaptive
approach performs better than non-adaptive
methods. Note that the adaptation period is
constrained in one symbol period. This is
because the optimal weight for User k may
be ay or -axdepending on the bit decision for
each symbol. Although the LMS algorithm is
simple, its convergence may slow and the
weight may not converge to the desired value
in such a short period. In addition, the
resultant weight heavily depends on the
parameters used in the LMS algorithm so is
the cancellation performance. As a matter of
fact, it can be seen that the performance of
the adapted weights are determined by
several factors such as the number of weights,
the step size, the number of training data,
noise variance, and the weight initials. Note
that these factors may interact one another. In
this project we will manipulate the first two
factors, i.e., the weight numbers and the step
size to obtain improved performance. We
propose an algorithm that can reduce the
number of adapted weight as well as its
variance. At the same time, the step size can
be increased to accelerate convergence.

It can be easily observed that the MSE
of the adaptive blind partial PIC is
proportional to the number of weights
adapted in the LMS algorithm. One way to
improve the system performance is to reduce
the weight number trained in the LMS
algorithm. This is possible if we know the
channel gains. We then propose a procedure
to do that. If a user’s matched output
magnitude exceeds a threshold in the ith
stage, the corresponding decided bit is

deemed reliable and the weight corresponds
to this bit is deactivated. In other words, this
weight will not be included in the training
process. It is shown in Fig. 2(a). Note that
there must be some users whose weights are
erroneously decided. If this happens, it will
increase the noise variance in the LMS
algorithm. Thus a proper threshold has to be
determined. We call this procedure as the
weight selection procedure.

It is well known that the convergent
weights in the LMS algorithm are random.
Thus, if we know the weight distribution, we
can perform  weight post filtering
(estimation). This will enhance the PIC
performance furthermore. In this project a
piecewise linear decision function is used for
weight post filtering. It is shown in Fig. 2(b).

We call this the weight post filtering
procedure.
Note that the weight means for

erroneous decision bits will approach the
corresponding optimal weights if the
processing gain N is large. However, in a
practical system, N is usually not large
enough. Thus, we prefer to use a large step
size to speed up the weight adaptation for
users with erroneous decisions. However, a
larger step size will enlarge the weight
variance which adversely affects the final
performance. The two procedures proposed
above can reduce the number of active
weights and further filter the convergent
weights. As a result, it is possible to use a
larger step size without significantly
increasing the weight variance. By careful
examination, we can find a good compromise
among the parameters such that the weights
are determined in an optimal way.

The LMS algorithm has been analyzed
and developed for over four decades.
However, most results cannot be used here.
This is because the step size used in this
application is large and this will violate many
assumptions for conventional analysis. The
other reason is that we most concern the
transient behavior (due to small sample size)
while most works only concern steady-state
behavior. In the analysis the derivation for
K-user cases are approximated using



single-user or two-user cases. The optimal
weights are functions of noise. Also the noise
is a function of the input code correlation.
The derivation is performed by successive
conditional expectation such that the
conditioned random variables are averaged
out in each expectation procedure. Interested
users can refer to [8] for details.

In the simulation results partial PIC
receivers up to five stages are considered.
Various multiuser receivers that include the
conventional matched filter, the non-adaptive
partial PIC (referred to as PPIC), and the
adaptive blind partial PIC (referred to as the
APPIC) are compared to the proposed
algorithm. The optimized parameters used in
each algorithm (such as the optimal PCFs for
PPIC, optimal step sizes for APPIC, as well
as the step sizes and thresholds in the

proposed algorithm) are obtained empirically.

In these figures the superior performance
enhancement can be observed.

V. %%

The adaptive blind partial PIC receiver
is a simple yet effective approach for
enhancing the link performance of CDMA
systems. In this project we propose an
improved adaptive blind partial PIC receiver.
We propose a weight selection procedure to
reduce the number of adapted weights and a
weight post filtering scheme to reduce weight
variance introduced by the LMS algorithm.
Simulation results show that the proposed
algorithm outperforms the conventional
adaptive approach in all scenarios. We also
derive analytical results for the proposed
algorithm which include output BER. It has
been shown that the analysis results are
reasonably accurate.
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Figure 1. Structure of adaptive blind partial PIC receivers.
AION
,u(')
_ (i)
*akés(l) akfs(l) Y X -7 —+— Conven. receiver
woE-- —— PPIC
—e— APPIC
—=— Proposed (Simulated)
—a— Proposed (Theoretical)
. ‘ 7‘ - Single-use‘r bound
(a) o 5 10 15 User number 25 30

Figure 2. Function used in the
proposed algorithm. (a) Weight
selection function. (b) Weight
post filtering function.
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performance comparison.

Figure 3. Second stage BER
performance comparison.
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Figure 5. Fifth stage BER
performance comparison for the
weakest user with
power-imbalanced scenario.



