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Abstract—In this paper, we present a low-complexity symbol
detector for communication channels which have long span-
ning durations but a sparse multipath structure. Traditional
maximum-likelihood sequence estimation using the Viterbi algo-
rithm can provide optimal error performance for eliminating
the multipath effect, but the hardware complexity grows expo-
nentially with channel length and it is not practical for long
sparse channels. We implement a near-optimal algorithm and
its architecture by cascading an adaptive partial response equal-
izer (PRE) with an iterative belief propagation (BP) detector.
A sparse channel is f rst equalized by a PRE to a target impulse
response (TIR) with only a few nonzero coeff cients remaining.
The residual intersymbol interference is then canceled by a BP
detector whose complexity is solely dependent on the number of
nonzero coeff cients in the TIR. Moreover, we present a pipeline
high-throughput implementation of the detector for channel
length 30 with quadrature phase-shift keying modulation. The
detector can achieve a maximum throughput of 206 Mb/s with
an estimated core area of 3.162 mm2 using 90-nm technology
node. At a target frequency of 515 MHz, the dynamic power is
about 1.096 W.

Index Terms—Belief propagation (BP), low complexity, partial
response equalizer, sparse channel, symbol detection.

I. INTRODUCTION

SPARSE channels are characterized as having long multi-
path delay spreads but with few nonzero coefficients. Such

channels arise in a number of modern wireless communication
applications. For instance, in underwater acoustic communi-
cations, the intersymbol interference (ISI) can span several
hundreds of symbols but the multipath structure is usually very
sparse [1]. In hilly terrain broadband wireless communications
[2] and high-definition television (HDTV) [3], the delay profile
also exhibits a sparse channel impulse response (CIR).

In these applications, ISI is one of the major impairments to
reliable symbol detection. The optimal maximum-likelihood
(ML) detector based on the Viterbi algorithm (VA) may be
used to estimate the transmitted sequence in the presence of
the ISI [4]. However, the computational complexity of the
ML detector increases exponentially with the delay spread
of the channel. Thus, the optimal ML detector is impracti-
cal for sparse channels whose delay spread is usually very
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long. Near-optimal detectors for sparse channels have been
investigated by several researchers. The parallel trellis VA
(PTVA) [5] reformulated the original single trellis into a set
of independent trellises which could operate in parallel and
have much less complexity. The PTVA requires that the sparse
channel have equispaced coefficients, which, however, often
cannot be satisfied in practice. Although a generalized PTVA
is proposed in [5] to address general sparse channels, optimal
performance can be guaranteed only if the CIR is well matched
to an equispaced structure. A near-optimal detector based on
a multitrellis VA (MVA) [6] was proposed that decomposes
the trellis into multiple irregular sub-trellises by investigating
the dependencies between the received symbols. It was shown
that the complexity does not depend on the channel length
but only on the number of nonzero coefficients. However, the
trellis decomposition is not straightforward for a general sparse
channel. Decision feedback sequence estimation (DFSE) [7],
[8], which is a popular scheme for long ISI channels, can also
be an alternative for sparse channels. However, it yields high
performance only if the CIR is minimum-phase. The whole
system could be unstable if a prefilter is used in front of the
DFSE to transform the CIR to its minimum-phase equivalent.
In a recent work, iterative belief propagation (BP) detectors
have been proposed for ISI channels [9]–[11]. It has been
shown in [9] that, for an uncoded system, the BP detector
achieves near-optimal performance over frequency-selective
ISI channels. Furthermore, the BP detector has a complex-
ity which depends only on the number of nonzero channel
coefficients, and thus is well suited for sparse channels.

The BP algorithm, also known as the message passing
algorithm or sum-product algorithm, has been widely used
for iterative decoding of low-density parity-check (LDPC)
codes [12], and its implementation has been well studied
in [13]–[17]. However, the implementation of a BP detector for
ISI channels is remarkably different from the LDPC decoder
in the following aspects. First, LDPC codes are usually
designed to have a structure that facilitates node processing in
parallel and reduces the complexity of message passing during
the iterative decoding process; an example of such structured
codes is quasicyclic (QC) LDPC codes. In the case of LDPC
decoding, the structured parity check matrix consists of purely
binary values and it is effectively a constant matrix. For
BP-based symbol detection in ISI channels, the analogous
Tœplitz channel matrix is not constrained to the binary
numbers, is not a fixed constant, and can even be time-varying.
Consequently, it is difficult to exploit parallelism in the BP
detector, and one must resort to serial processing. Second, the
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calculation of messages passing between nodes is significantly
more complex for symbol detection than for LDPC decoding.
In fact, the complexity of the BP detector increases
exponentially with the number of nonzero channel coefficients,
which makes it impractical to implement BP detectors even
for sparse channels where the number of nonzero coefficients
is on the order of 10. One solution to permit the use of near-
optimal BP detectors is to first pass the received signal through
a partial response equalizer (PRE) [11] which equalizes the
original sparse channel to an even more sparse channel with
fewer nonzero coefficients. This permits the design effort of
the BP detector to be greatly mitigated while maintaining
near-optimal performance [11]. Third, the channel matrix for
the BP detector is Tœplitz and therefore has a banded structure
which simplifies the wire routing for the message passing.

By investigating the aforementioned differences, we present
an implementation of an efficient symbol detector for sparse
channels as in Fig. 1. The symbol detector consists of two
blocks: the adaptive PRE and the BP detector. In the PRE, the
channel is first partially equalized to a target impulse response
(TIR) which is designed to have only a small fixed number
of nonzero coefficients. The coefficients of PRE and TIR are
obtained based on the minimum mean squared error (MMSE)
criterion, which is designed adaptively using the least mean
square (LMS) algorithm. Once the coefficients of the PRE and
TIR are computed, the partial equalization is carried out by
a finite impulse response (FIR) filter, and the residual ISI is
eliminated by the BP detector.

The architecture of the BP detector is based on a pipelined
layer processing scheme, which allows high throughput with
low complexity. The BP detector is also designed to be recon-
figurable so that it can adapt to time-varying ISI channels.
Since the complexity of the BP detector merely scales with the
number of nonzero channel coefficients, we limit the nonzero
coefficients of the TIR to keep a reasonable complexity of
the BP block. Note that a system designer can specify the
TIR to be sparse even when the original CIR is not sparse;
as pointed out in [11], this implies that the symbol detector
is general enough to work even for nonsparse channels. We
implement the proposed symbol detector for quadrature phase-
shift keying (QPSK) modulation. We consider a sparse channel
with 30 coefficients, a PRE with 100 coefficients, and a TIR
designed to have 3 nonzero coefficients. The BP detector
operates on 1024 signal samples for five iterations per frame.
The target frequency for synthesis is set as 515 MHz, for
an equivalent throughput of 206 Mb/s. The synthesized result
shows an estimated area of 3.162 mm2 in TSMC 90-nm
technology, and a total dynamic power of 1.096 W. To the
best of our knowledge, this is the first implementation of a
PRE/BP detector.

The rest of this paper is organized as follows. In Section II,
we gives the communication system model. The PRE is
described in Section III-A. The factor graph representation
and BP algorithm are described in Section III-B and the
implementation of the symbol detector is given in Section IV.
We show the simulation performance and implementation
results in Sections V and VI, followed by conclusions in
Section VII.

Fig. 1. System model of the sparse channel symbol detector.

II. SYSTEM MODEL

We first introduce some notations for the description of
the communication system. Assume that a length N sequence
of M-ary symbols x[k] ∈ {a0, a1, . . . , aM−1} is transmitted
through a complex ISI channel whose discrete-time CIR is
described as h = [h[0], h[1], . . . , h[Lh − 1]]T, where Lh is
the length of the CIR. Letting Dh be the number of nonzero
coefficients of h, then Dh � Lh for sparse channels. The
received signal sample at time instant k can be expressed as

y[k] =
Lh−1∑

i=0

h[i ]x[k − i ] + w[k] (1)

wherew[k] is complex additive white Gaussian noise (AWGN)
with noise power σ 2.

At the receiver, the symbol detector consists of two cascaded
components: an adaptive PRE denoted by f , and a BP detector.
The system model is shown in Fig. 1. The goal of the adaptive
PRE is to equalize the original CIR h to a TIR g which has
fewer nonzero coefficients, thus making second stage detection
via BP computationally efficient. The adaptive PRE and BP
detector are discussed in detail in the next section.

III. DESIGN OF THE SYMBOL DETECTOR

A. Partial Response Equalizer
The PRE equalizes the channel to a sparse TIR, and is

designed by jointly finding the set of PRE and TIR coef-
ficients that minimize the mean squared error (MSE). The
PRE is implemented as an FIR filter whose coefficients are
f = [ f [0], f [1], . . . , f [L f − 1]]T , where L f is the chosen
length of the PRE. Conventional wisdom for classical equalizer
design [4] dictates that the equalizer length be approximately
five times the channel length Lh . Here, however, the PRE has
more degrees of freedom since it does not need to equalize
the channel to a single spike. As we will show empirically in
Section V, an equalizer length of about three times the channel
length (i.e., choosing L f ≈ 3Lh) seems sufficient in practice.

We denote the TIR by g = [g[0], g[1], . . . , g[Lg − 1]]T ,
where Lg is the length of the TIR, and denote the nonzero
version of the TIR by g′ = [g[l1], g[l2], . . . , g[lDg ]]T , where
Dg is the number of nonzero coefficients. Choosing Dg in the
sparse TIR g is a tradeoff between error-rate performance and
detector complexity. When Dg is small, the complexity of the
BP detector is reduced but the overall error-rate performance
is degraded. A larger value of Dg adds complexity to the
BP detector but also leads to better error-rate performance.
In general, the nonzero coefficients of g are chosen so that
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Algorithm 1 Summary of PRE LMS Algorithm
Parameters:
TIR at time n: gn = [gn[0], gn[1], . . . , gn[Lg − 1]]T
Indices of nonzero coefficients of the TIR: l1, l2, . . . , lDg
Nonzero version of the TIR at time n:
g′
n = [gn[l1], gn[l2], . . . , gn[lDg ]]T

PRE at time n: fn = [ fn[0], fn[1], . . . , fn[L f − 1]]T
Step size for TIR updating: μg
Step size for PRE updating: μ f
Received symbols vector at time n:
y(n) = [y[n], y[n − 1], . . . , y[n − L f + 1]]T
Transmitted symbols vector at time n:
x(n) = [x[n − l1], x[n − l2], . . . , x[n − lDg ]]T
Initialization:
Set the middle element of f0 to 1, and set the first element of
g′

0 to 1.

Computation:
For n = 0, 1, . . ., compute:

1) en = fnT y(n)− g′
n
T x(n);

2) fn+1 = fn − μ f y(n)Hen ;
3) g′

n+1 = g′
n + μgx(n)Hen;

4) normalize g′
n+1.

Dg ≤ Dh � Lh . We note that the case of Dg = 1 corresponds
to classical equalization (in which case the BP detector can be
reduced to a memoryless slicer), while the choice of Dg = Dh
corresponds to a full-blown BP detector. The locations of these
nonzero coefficients in the TIR must be also placed properly.
There are Lg-choose-Dg possible sets of locations, and several
approaches have been proposed [18], [19] for choosing the
locations to optimize various criteria. For simplicity, we adopt
the approach in [11] which chooses the locations of the
nonzero coefficients of the TIR to coincide with the dominant
arrivals in the CIR. We note that this approach assumes that
the receiver has some knowledge of the channel h, though it
need not know the CIR precisely.

The nonzero coefficients in the TIR as well as the PRE
coefficients are then calculated jointly using the MMSE crite-
rion [20], which causes the combined response of the CIR
and PRE to approximate the TIR. Direct computation of
the MMSE solution of the PRE and TIR involves solving a
generalized eigen decomposition and requires full knowledge
of the channel h. In order to make the implementation feasible,
the PRE can be designed adaptively. In [11], the recursive least
squares (RLS) algorithm was employed. Here, we follow the
approach of [20] by employing two LMS algorithms in tandem
to jointly calculate the PRE and TIR. While this algorithm
does not require knowledge of h, it does require the availability
of known training data. The dual LMS algorithm is summa-
rized in Algorithm 1. Since only the nonzero coefficients are
updated in each iteration, the TIR can be represented by the
nonzero values in g′ and their locations l1, l2, . . . , lDg . After
the convergence of the LMS algorithm, the PRE output signal
at time n is z[n] = fT y(n), which in the absence of noise is
ideally equal to g′T x(n).

…

…

Fig. 2. Factor graph of an example channel [h[0], 0, h[2]]T .

B. BP Detection Algorithm

Rm→n(i)

= log

∑
∀x(m):x[n]=ai

exp

{
−|z[m]−g′T x(m)|2

2σ2 + ∑

j∈N (m)\n
Q j→m(ψ−1(x[ j ]))

}

∑
∀x(m):x[n]=a0

exp

{
−|z[m]−g′T x(m)|2

2σ2 + ∑

j∈N (m)\n
Q j→m(ψ−1(x[ j ]))

}

(2)

≈ max∀x(m):x[n]=ai
{

−∣∣z[m]−g′T x(m)
∣∣2

2σ 2

+ ∑
j∈N (m)\n

Q j→m(ψ
−1(x[ j ]))

}

− max∀x(m):x[n]=a0

{
−∣∣z[m]−g′T x(m)

∣∣2

2σ 2

+ ∑
j∈N (m)\n

Q j→m(ψ
−1(x[ j ]))

}
,

i = 0, 1, . . . ,M − 1. (3)

The residual ISI of PRE output is further mitigated by a
near-optimal BP detector, based on the factor graph [12] which
represents the input–output relationship of an ISI channel.
Fig. 2 shows the factor graph of a simple example with
CIR of [h[0], 0, h[2]]T. In the factor graph, channel input
symbols x[0], x[1], . . . , are represented by the circles on the
top (known as variable nodes or bit nodes), and the channel
output signals y[0], y[1], . . . , are denoted by the squares
at the bottom (known as check nodes or function nodes).
The connections (edges) between variable nodes and check
nodes represent dependencies between input and output. For
example, y[3] is connected to x[1] and x[3], since y[3] =
h[0]x[3] + h[2]x[1] + w[3] in the example.

The BP algorithm is also referred to as a two-phase mes-
sage passing or sum-product algorithm, in which check-to-
variable (CTV) and variable-to-check (VTC) messages are
transmitted along the edges to update each other iteratively.
During the first phase, the CTV message is computed at the
check nodes based on the known channel coefficients and the
a priori probability information from the variable nodes. The
updated message is then passed from each check node to
its connected variable nodes. During the second phase, the
variable nodes update their a priori information and send it
back to their connected check nodes. The same procedure
is repeated iteratively. After several iterations, the variable
nodes are accumulated with sufficient likelihood information
and a hard decision can be made for each input symbol.
The operations of the BP algorithm in log-likelihood ratio
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(LLR) domain are summarized as follows. Note that, since
the PRE has been applied, we assume that the sparse
channel is the TIR g (whose nonzero version is g′), and
channel input and output at time n are x[n] and z[n],
respectively.
1) Calculating CTV Messages: The extrinsic message from

check node m to variable node n is computed as (2) if the
two nodes are connected, where x(m) = [x[m − l1], x[m −
l2], . . . , x[m − lDg ]]T is the data vector and Q j→m is the a
priori information from variable node j for check node m, and
N (m) is the set of variable nodes connected with check node
m. We use the mapping function ψ: {0, 1, . . . ,M − 1} →
{a0, a1, . . . , aM−1} to denote the modulation on the M-ary
constellation, and the demapping function is expressed as ψ−1:
{a0, a1, . . . , aM−1} → {0, 1, . . . ,M − 1}. The nonlinear log-
sum-exponential function in (2) could be implemented with
lookup tables (LUTs), but it is not desirable because the
LUTs would require a large memory. As a good approxi-
mation, the calculation in (2) can be simplified as (3) by
Jacobian logarithm with negligible performance loss [21].
Note that for M-ary modulation, there are M − 1 LLRs
Rm→n(1), Rm→n(2), . . . , Rm→n(M−1) need to be calculated
from check node m to variable node n, and Rm→n(0) = 0
by (3).
2) Calculating VTC Messages: After receiving the updated

extrinsic message from the check nodes, the variable nodes
update the a priori information for the next iteration. The a
priori information at variable node n for check node m is
calculated as

Qn→m(i) =
∑

j∈M(n)\m
R j→n(i), i = 0, 1, . . . ,M − 1 (4)

where M(n) is the set of check nodes connected with variable
node n. Note that for M-ary modulation, there are M−1 LLRs
Qn→m (1), Qn→m(2), . . . , Qn→m (M − 1) need to be obtained
from variable node n to check node m, and Qn→m (0) = 0
by (2) and (4). Then we go back to the first step for the next
iteration.
3) Summing Up and Decision: After iterating the above two

steps several times, the accumulated LLRs for variable node
n are

�n(i) =
∑

j∈M(n)

R j→n(i), i = 0, 1, . . . ,M − 1. (5)

By comparing these LLR sums, an estimate of the transmitted
symbol sequence x[n] can be made by

x̂[n] = ψ(arg
i

max�n[i ]), i = 0, 1, . . . ,M − 1.

IV. ARCHITECTURE OF THE SYMBOL DETECTOR

A. Overall Architecture of the Proposed Symbol Detector
In this section, we present a low-complexity high-

throughput architecture of the proposed symbol detector. The
overall system architecture of the proposed sparse channel
detector is shown in Fig. 3. The LMS block runs the adap-
tive algorithm to obtain the PRE coefficients f and TIR
coefficients g. Since the BP algorithm processes symbol

Fig. 3. Architecture of the proposed symbol detector.

detection frame by frame, a serial-to-parallel (S/P) converter
is placed before the BP block to buffer N symbols where N
is the frame length.

We further assume that the coherence time of the channel
is sufficiently large so that the channel can be considered
static during each frame of N symbol periods. Consequently,
the LMS algorithm needs to be applied only once per frame.
We use a digital signal processor (DSP) to process the LMS
update calculation for several reasons. Since the PRE length
L f can be very long, an application-specific integrated circuit
(ASIC) implementation would consume excessive circuit area.
A DSP is also more accurate for recursive algorithms if
floating-point is used. In addition, the LMS adaptation is
performed only once per block of training sequence and a
regular DSP or embedded processor is sufficient to handle the
computation. Thus, a DSP provides an efficient solution for
LMS block as in Fig. 3.

For high data rate application, we suggest the imple-
mentation of both PRE and BP algorithms in a field-
programmable gate array (FPGA) or a customized ASIC.
Since the length of the PRE is usually large, a circuit
implementation can exploit pipelining and parallelism for
the large filter. As the BP detection algorithm is very
complex, a customized circuit implementation is the best
solution to achieve high throughput. The architectures of
the PRE and BP blocks are discussed in the following
subsections.

B. PRE as a Folded FIR Filter
The folded FIR filter architecture is selected as an efficient

implementation of the PRE block. Since the BP block is
the most complex and limits the overall detector throughput,
the PRE is designed such that the filter output matches the
input rate requirement of the BP block. For each frame, the
BP detector takes N samples and processes for nit itera-
tions, before outputting the detected symbols. Considering
the pipelined layer processing architecture, which will be
discussed in Section IV-C, applied to the BP detector, it takes
N × nit cycles to process one frame of received symbols. The
function of the S/P block is to buffer the next frame while
the current frame is being processed, thus the PRE block
needs to output only one sample per nit clock cycles. For
area efficiency, we implement a partly serial FIR filter using
the folding technique [22]. The folding factor of the FIR filter
is nit , that is, one multiplier-accumulator (MAC) is allocated
for nit filter coefficients. Hence, the number of MACs used in
the PRE is

⌈
L f /nit

⌉
. The block diagram of the folded filter

design is given in Fig. 4.
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Fig. 4. Block diagram of the PRE folded filter design.

Given the symbol detector running at frequency f and the
number of BP iterations nit , we can estimate a throughput of
f/nit symbol per second. For M-ary modulation, the bit rate is

Throughput (bps) =
(
f
nit

)
log2 M. (6)

C. Pipelined Architecture for Layer Processing
Prior to the discussion of the hardware architecture for

the BP detector, we first give the Tœplitz channel matrix
which shows dependency between the input and output. As an
example, Fig. 5 shows the matrix for a channel with only three
nonzero coefficients. The channel matrix is similar to parity-
check matrix in quasicyclic LDPC codes. Each check node
corresponds to a column index, and its related variable nodes
correspond to the row indices. The architecture design for a

(a) (b)

Fig. 5. (a) Tœplitz channel matrix versus (b) parity-check matrix.

(a) (b)

Fig. 6. Illustration of sequential BP processing. (a) Current layer. (b) Next
layer.

BP detector can be referenced to the existing LDPC decoder
design [13]–[17]. Here we adopt a sequential BP algorithm,
which is performed in a way that each check node and its
connected variable nodes are treated as a layer. Within each
layer processing, we update the LLRs from the check node
(e.g., check node m) to its neighboring variable nodes N (m),
and then update the accumulated LLRs associated to these
variable nodes. These updated messages are then used in the
next layer processing. As an illustration, the sequential BP
processing is shown in Fig. 6. Previous studies [23] also have
shown that layered BP algorithm improves the convergence
speed by reducing the number of iterations.

However, there are major differences between the BP detec-
tion algorithm and LDPC decoding algorithm. The structure of
detector channel matrix is time-varying, while LDPC parity-
check matrix is usually fixed. In LDPC decoders, the struc-
tured property of the parity-check matrix can be decomposed
into cyclic permutation submatrices, which allows for tradeoff
between hardware complexity and decoding throughput using
the partially parallel architecture [15], [17]. In contrast, the
parallelism is difficult to exploit for the BP detector since the
channel matrices are different from frame to frame. If multiple
layers are processed simultaneously, it is possible that one
variable node will receive the updated messages from different
check nodes, and memory writing conflict will occur.

Another major difference between the BP detection algo-
rithm and LDPC decoding algorithm is in the calculation of
CTV messages. The calculation for the BP detector operates
in the Euclidean space, while for LDPC decoding it oper-
ates in GF(2). Therefore, CTV calculations are much more
complicated in a BP detector. Recalling that the number of
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nonzero coefficients is Dg and the modulation order is M ,
there are Dg elements in x(m) and hence MDg instances of

⎧
⎨

⎩
− ∣∣z[m] − g′T x(m)

∣∣2

2σ 2 +
∑

j∈N (m)\n
Q j→m(ψ

−1(x[ j ]))
⎫
⎬

⎭

need to be calculated in order to obtain the LLRs passing from
a check node to its connected variable nodes. If each instance
requires three multiplications, there are 3MDg multiplications
required for one CTV LLR calculation. Given that each layer
updates the messages sequentially, computing resource can be
reused such that the total number of multipliers is

nmult = 3MDg . (7)

In a typical case, e.g., Dg = 3, and M = 4 (QPSK),
we need to allocate 3 × 43 = 192 multipliers to calculate
the CTV LLRs. For the practical implementation of a BP
detector, the parameters M and Dg should be reasonably small.
Since the number of multipliers is exponential with respect to
the constellation size M, the BP detector approach is typi-
cally suited for lower order quadrature amplitude modulation
(QAM) systems, such as binary phase-shift keying (BPSK)
and QPSK modulations.

The problem in the sequential BP algorithm is that each
layer processing takes a long time to execute due to the com-
putational complexity according to (3). The long processing
latency for each layer results in a very low throughput rate. The
bottleneck can be overcome by pipelining the layer processing
unit. For layered processing scheme, the messages on the mth
layer are updated first, and messages on the (m + 1)th layer
are processed next. The two successive layer processings can
be pipelined without problem as there is no dependency. Note
that the independence between layers can be easily satisfied
for sparse channels since the nonzero coefficients are often
widely separated. It is also observed from the channel matrix
that the maximum depth of the pipeline is equal to the shortest
distance between the locations of any two adjacent nonzero
coefficients.

D. Cache-Memory Architecture for the BP Detector
The overall architecture of the BP detector is shown in

Fig. 7. The BP detector mainly consists of a layer processing
unit (LPU) responsible for layer message update, the LLR sum
memory and CTV message memory which are used to store
the BP messages, a cache which is a temporary storage for the
LLRs of the nodes currently being processed, and a decision
unit for estimating the input symbols. Note that control signals
on each blocks are omitted for clarity.

The LPU is the core computing unit executing message
updating expressed in (3)–(5). We note that the VTC messages
Q used in (3) can be obtained by LLR sum � and CTV
messages R

Qn→m (i) = �n(i)− Rm→n(i), i = 0, 1, . . . ,M − 1

according to (4) and (5). In order to minimize the hardware
cost, we only store and update � instead of Q since the
memory for Q is about Dg times as large as the memory

Fig. 7. Overall architecture of the BP detector.

for �. In each layer processing, the LPU first calculates the
VTC messages Q needed in (3), and then updates the CTV
messages R and LLR sums �. The architecture of LPU is
given in Fig. 8. The calculation of

max

⎧
⎨

⎩
− ∣∣z[m] − g′T x(m)

∣∣2

2σ 2 +
∑

j∈N (m)\n
Q j→m(ψ

−1(x[ j ]))
⎫
⎬

⎭

∀x(m): x[n] = ai is carried out in M square blocks for i =
0, 1, . . . ,M−1, respectively. The architecture for each square
block is shown in the dashed box. Since there are MDg−1

different cases of x(m), MDg−1 branches are implemented for
each case. A pipeline architecture is implemented in the LPU
design such that it can take a new signal input every clock
cycle.

The updated R from LPU are stored back in the CTV
message memory, and they will be fetched from the memory in
the next iteration. There are (M−1) LLRs for each connection,
and thus (M − 1)NDg LLRs for the entire factor graph. The
size of CTV message memory is (M − 1)NDg × qR , where
qR is the word length of the CTV LLR.

The cache is a register bank containing only the accumu-
lated LLRs of Lh variable nodes being processed. This is
similar to a “sliding window” that only needs to fetch one
new LLR from the � memory when the LPU moves to process
the next layer. The updated � from the LPU consists of Dg
sets of LLRs corresponding to Dg connected variable nodes,
which is illustrated in Fig. 6. The updated � may be used for
the following layer processing in a short time. For efficient
memory operations, they are written back to the cache to
replace the old values. Only the � related to the leftmost
variable node will be used in the next iteration, and they are
stored back in the � memory.

The LLR sum memory is used to store the content of �.
There are (M − 1) LLRs for each variable nodes. Thus the
size of the LLR sum memory is (M − 1)N × q� where q� is
the word length of the LLR sum.

Particularly, if the number of iterations is reached, the
updated � from the LPU do not need to be stored back to
the cache or memory. They will be delivered directly to the
decision block for symbol decision and output.
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Fig. 8. Detailed architecture of the layer processing unit.

E. Interconnect Network

The interconnect network between the memory units and
the LPU is determined by the channel matrix. Since the
structure of channel matrix becomes trivial after the PRE,
memory access control and interconnection network in the
BP detector are much simpler than the LDPC decoder. Given
the TIR g′ = [g[l1], g[l2], . . . , g[lDg ]]T, the mth layer is
associated with the (m−l1)th, (m−l2)th, . . . , and (m−lDg )th
variable nodes, i.e., N (m) = {m − l1,m − l2, . . . ,m −
lDg }. When the sample z[m] is in process in the LPU,
Rm→(m−l1), Rm→(m−l2), . . . , Rm→(m−lDg ) are loaded from the
CTV memory, and �m−l1 ,�m−l2 , . . . ,�m−lDg are loaded
from the LLR sum cache. For the next layer process, the
read/write addresses for the memories are updated automat-
ically by an increment of 1.

In practice, the sparse channel h may vary from time to
time, and so do its corresponding TIR g in both values
and locations of coefficients. The BP detector can easily
adapt to time-varying channels just by changing the coef-
ficients in LPUs and write/read addresses of the memories
accordingly.
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Fig. 9. Sparse channel coefficients for the experimental setup.
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Fig. 10. SER performance for different lengths of PRE L f .

V. SIMULATION RESULTS AND ERROR PERFORMANCE

The performance of the proposed symbol detector is evalu-
ated by simulations in terms of symbol error rate (SER) versus
signal-to-noise ratio per bit Eb/N0. In particular, we consider
a sparse channel with Lh = 30 taps, which is shown in Fig. 9.
The effect of the transmitter pulse shaping and the receiver
matched filter has been included in the channel model. QPSK
modulation is selected, so that M = 4, and the transmitted
symbol has unit power. Each time the BP detector processes
one frame with 1024 symbols.

Fig. 10 shows the performance for different lengths of PRE
L f , where nit = 5 iterations of the message passing are
applied and the number of nonzero coefficients in the TIR
is Dg = 3. As expected, the performance improves with
longer L f , though the improvement is minimal once the length
reaches L f = 3Lh . Recall that the complexity of LMS and
PRE will also increase with L f . In our implementation, the
length of the PRE is chosen as L f = 100 ≈ 3Lh , and the
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Fig. 11. SER performance for different number of nonzero coefficients
in TIR.

number of MACs consumed by the PRE is
⌈
L f /nit

⌉ = 20.
Considering the complex filter for QPSK modulation, the
number of multipliers is 20 × 4 = 80.

Fig. 11 shows the performance for different numbers of
nonzero coefficients in TIR, where nit = 5 iterations of the
message passing are applied. To evaluate the effectiveness of
the symbol detector, we provide the performance of full BP
detector with Dg = 8 and the linear equalizer with memoryless
slicer for comparison. At an SER of 10−5, the detector exhibits
performance 5.5 dB better than the linear equalizer when
Dg = 8, 4 dB better when Dg = 4, around 3.5 dB better
when Dg = 3, and 1 dB better when Dg = 2. As discussed
in Section IV-C, the complexity of BP detector increases
exponentially with Dg . By (7), the multiplier utilization is 48,
192, 768, and 196 608 for Dg = 2, Dg = 3, Dg = 4, and
Dg = 8, respectively. Thus in our implementation example,
we use Dg = 3 to ensure a good complexity/performance
tradeoff.

Fig. 12 shows the effect of different numbers of BP itera-
tions, where the TIR has Dg = 3 nonzero coefficients. We can
see that the performance improvement is marginal when nit is
larger than 5. Since more iterations means more computing
time and thus lower throughput, we suggest using nit = 5 in
practice.

VI. DETECTOR IMPLEMENTATION RESULTS

The detector implementation in ASIC includes two main
modules—the PRE block and BP block. The same set of
parameters as in Section V is applied for hardware imple-
mentation: the channel length is 30; the number of nonzero
taps in TIR is 3; the number of iterations in BP detection
is 5. The pipelined layered processing architecture as described
in Section IV-C is adopted. The cache-memory architecture
presented in Section IV-D is also implemented to store and
transfer messages efficiently in the BP detector.

Fixed-point quantization is evaluated for the received signals
and the BP messages. Fig. 13 shows the SERs for different
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Fig. 12. SER performance for different numbers of BP iterations.
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Fig. 13. SER performance for different fixed-point word lengths.

fixed-point quantizations. For 8-bit word length, the fixed-
point performance is 0.2 dB away from the floating point
result at an SER of 10−4. The SER performance for 7-bit
word length is about 1 dB worse than the floating point
result. Here, we apply 8-bit word length quantization in this
implementation.

The LMS block is implemented on a TI TMS320C6748
DSP, which operates at 456 MHz. The result shows that
10 779 clock cycles are needed for each calculation in
Algorithm 1. Assuming that 300 received samples are required
for PRE calculation, the PRE and TIR information can be
obtained within 7.09 ms.

The proposed symbol detector is implemented with TSMC
90-nm technology and synthesized by a Synopsys Design
Compiler. The synthesis result shows that the maximum clock
frequency is up to 515 MHz, the core area is 3.162 mm2,
and the estimated dynamic power is 1.096 W. The overall
throughput is about 206 Mb/s calculated by (6).
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TABLE I

COMPARISON OF HARDWARE RESOURCE UTILIZATION BY DIFFERENT DETECTORS

Detector scheme PRE/BP detector ML detector MMSE equalizer

Multiplier 4
⌈
L f /nit

⌉
+3MDg 2 MLh 4 L f

Adder 4
⌈
L f /nit

⌉ + (3 + Dg)MDg + 3(M − 1)Dg 4 MLh 4 L f

Comparator (MDg−1 − 1)MDg (M − 1)MLh−1 —

Memory (bits) (M − 1)NDg · qR + (M − 1)N · q� 20Lh log2 M · MLh−1 —

Throughput (bit/s) f log2 M/nit f log2 M f log2 M

Latency (cycles) ((L f + Lh)/2 + N)nit 10 Lh (L f + Lh )/2

TABLE II

COMPARISON OF HARDWARE COMPLEXITY OF DIFFERENT

DETECTOR IMPLEMENTATIONS

Detector scheme PRE/BP detector MMSE equalizer

Multiplier 272 400

Adder 491 400

Comparator 180 —

Memory (kBytes) 10 —

Throughput (bit/s) 0.4 f 2 f

Latency (cycles) 5445 65

With respect to the implementation complexity, we compare
the hardware resource utilization for three schemes in Table I:
the proposed detector, the ML detector, and the MMSE
equalizer. Complex received signals and complex channel
coefficients are considered. For comparison purposes, the ML
detector is implemented based on the classic VA. As the
implementation of Viterbi-based decoder has been well studied
[24]–[27], we simply extend the classic architecture to the
Viterbi-based detector by calculating the Euclidean distance
instead of the Hamming distance for branch metric calculation.
Four banks of memory are used for pipelined output, and the
depth for each bank is equal to the traceback length, which
is chosen as 5Lh in this table. For the MMSE equalizer,
we consider a fully parallel FIR filter implementation using
multipliers and adders. The latencies for different schemes are
compared. The decision delay is estimated as (L f + Lh)/2
for the MMSE equalizer and the PRE. The latency of the
ML detector depends on the traceback scheme. We estimate
the latency as twice the traceback length, i.e., 10Lh . Table II
shows the actual number of multipliers, adders, comparators,
and memory use in our implementation of the proposed
detector. Since direct implementation of a Viterbi-based ML
detector for channel length of 30 is extremely expensive in
computations and not practical, we omit the listing of resource
usage of the ML detector in Table II.

Owing to the iterative nature of the BP algorithm, the
PRE/BP detector has the drawbacks of longer processing
latency and reduced throughput. However, it demonstrates
much improved error performance with affordable complexity.
For the parallel implementation, the complexity of an MMSE

TABLE III

COMPARISON OF THE ASIC AND DSP IMPLEMENTATIONS

ASIC DSP

Technology 90 nm 65 nm

Core voltage 1 V 1.3 V

Power 1.096 W 0.66 W

Throughput 206 Mb/s 632.5 kb/s

equalizer is about the same as that of the BP detector, but its
performance is about 3.5 dB worse at an SER of 10−5 than
that of the BP detector (Dg = 3, nit = 5 ), which is significant
in practical communication systems.

For comparison, the PRE/BP detector is also implemented
on the C6748 DSP processor. For one symbol output, it
costs an average of 1442 cycles, which leads to a throughput
of 632.5 kb/s only. The comparison of the ASIC and DSP
implementations are given in Table III. The technology, core
voltage, and power consumption of the DSP are provided in
[28] and [29]. It is shown that the ASIC implementation of
the PRE/BP detector has significantly higher throughput than
for the DSP implementation.

VII. CONCLUSION

For symbol detection under sparse channels, the optimal ML
sequence estimator is impractical due to its prohibitively high
complexity, while the MMSE linear equalizer is incapable of
providing a superior performance. To trade off between the
performance and complexity, we investigated the design of
a near-optimal detector for sparse channels. This two-stage
detector consists of the PRE and BP detector. The PRE first
equalizes the sparse channel to a TIR which has a limited
number of nonzero channel coefficients. Next the residual ISI
is eliminated by the BP detector whose complexity depends
merely on the number of nonzero channel coefficients. By
exploiting the characteristic of sparse channels, a pipelined
layer processing scheme was adopted in the BP detector to
achieve high throughput. The PRE/BP detector was imple-
mented with TSMC 90-nm technology for the first time.
The implementation result showed a maximum throughput of
206 Mb/s, with an area of 3.162 mm2, and a total dynamic
power of 1.096 W.
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