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Abstract

We describe a flexible hardware encoder for regular and
irregular low-density parity-check (LDPC) codes. Although
LDPC codes achieve achieve better performance and lower
decoding complexity than Turbo codes, a major drawback
of LDPC codes is their apparently high encoding com-
plexity. Using an efficient encoding method proposed by
Richardson and Urbanke, we present a hardware LDPC
encoder with linear encoding complexity. The encoder is
flexible, supporting arbitrary H matrices, rates and block
lengths. An implementation for a rate 1/2 irregular length
2000 LDPC code encoder on a Xilinx Virtex-11 XC2V4000-
6 FPGA takes up 4% of the device. It runs at 143MHz
and has a throughput of 45 million codeword bits per sec-
ond (or 22 million information bits per second) with a la-
tency of 0.18ms. The performance can be improved by ex-
ploiting parallelism: several instances of the encoder can
be mapped onto the same chip to encode multiple message
blocks concurrently. An implementation of 16 instances of
the encoder on the same device at 2MHZ is capable of 410
million codeword bits per second, 80 times faster than an
Intel Pentium-1V 2.4GHz PC.

1 Introduction

Forward error correction (FEC) [9] is a critical part of
modern communications systems, where it is used to detect
and correct errors introduced during a transmission over a
channel. It relies on transmitting the data in an encoded
form, such that the redundancy introduced by the coding
allows a decoding device at the receiver to detect and cor-
rect errors. Using FEC, no request for retransmission is re-
quired, unlike systems which only detect errors usually by
means of a checksum transmitted with the data. In many ap-
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plications, a substantial portion of the baseband signal pro-
cessing is dedicated to FEC.

In the past few years, LDPC codes [2, 3] have re-
ceived much attention because of their excellent perfor-
mance and the large degree of parallelism that can be ex-
ploited in the decoder. LDPC codes are being widely con-
sidered as the most promising candidate FEC scheme for
many applications in telecommunications and storage de-
vices. Recently, LDPC codes have been selected over
Turbo codes [1] by Europe’s DVB standards group for next-
generation digital satellite broadcasting due to their superior
performance. Provided that the information block lengths
are long enough, performance close to the Shannon limit
can be achieved with LDPC codes. Luby et al. [7] for-
mally showed that properly constructed irregular codes can
approach the channel capacity more closely than regular
codes. LDPC codes exhibit an asymptotically better perfor-
mance than Turbo codes and admit a wide range of tradeoffs
between performance and complexity.

Although LDPC codes achieve better performance and
have low decoding complexity compared to Turbo codes,
one of the major drawbacks of LDPC codes lies in their ap-
parently high encoding complexity. Whereas Turbo codes
can be encoded in linear time, a straightforward implemen-
tation for an LDPC code has complexity quadratic in the
block length. Note that the complexity referred to here
is measured in the number of mathematical operations re-
quired per bit. In [10], Richardson and Urbanke (RU) show
that linear time encoding is achievable through careful lin-
ear manipulation of ‘good’ LDPC codes. In their paper,
they present methods to preprocess the parity check matrix
H and a set of matrix operations to perform the actual en-
coding. We have implemented the preprocessing in soft-
ware since it needs to be performed only once for a given
H matrix. For the actual hardware encoder, we have identi-
fied the operations that can be run in parallel and scheduled
the tasks to maximize throughput. In addition we have de-
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signed an efficient memory architecture for storing sparse
matrices.

The principal contribution of this paper is a fast and effi-
cient hardware encoder for both irregular and regular LDPC
codes based on the RU method. The novelties of our work
include:

e software preprocessor to bring the parity check matrix
H into a approximate lower triangular form;

e hardware architecture with an efficient memory orga-
nization for storing and performing computations on
sparse matrices;

e implementation and evaluation of the encoder that is
capable of 80 times speedup over a 2.4GHz PC; we
also explore run-time reconfiguration opportunities.

The rest of this paper is organized as follows: Section 2
covers background material and previous work. Section 3
presents an overview of our approach. Section 4 describes
how we preprocess the H matrix. Section 5 presents our
hardware encoder architecture. Section 6 describes the
main components used in our encoder. Section 7 discusses
our implementation results. Section § offers conclusions
and future work.

2 Background

A typical digital communication system is shown in Fig-
ure 1. The information bits are fed to the source encoder,
which compresses the data. The channel encoder (LDPC)
is where the work presented in this paper applies. It creates
parity bits for a block of message generating codewords.
These parity bits are used to detect and correct errors at the
receiver. The codewords are sent through a digital chan-
nel, which is often modelled with AWGN. At the receiver
end, soft decisions are fed to the channel decoder (LDPC),
which iteratively decodes the received codeword and pro-
vides the decoded bits to the source decoder. The source
decoder decompresses the decoded bits and outputs the re-
covered information bits. Details of our hardware LDPC
decoder and Gaussian noise generator (which is needed to
evaluate the performance of a particular code) can be found
in [5] and [6].

LDPC codes are linear block codes. Encoding of such
codes uses the following property:

HzT = 0. (D

where x represents the codeword and H represents the par-
ity check matrix. A straightforward encoding scheme re-
quires three steps: a) Gaussian elimination to transform the
H matrix into a lower triangular form (Figure 2), b) split
x into information bits and parity bits, i.e., z = (s, p1,p2)
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Figure 2. An equivalent parity-check matrix
in lower triangular form. Note that n =
block length and m = block length x (1 —
code rate).

where s is vector of information bits, p1, py are vectors of
parity bits, ¢) solve the equation Hz” = 0 using forward-
substitution. It takes about O(N?) to perform Gaussian
elimination. Since afterwards the A matrix will no longer
be sparse, it takes O(IN2), or more precisely, n? (@)
XOR operations for the actual encoding, where r is the code
rate. The code rate is the ratio of information bits to code-
word bits and has a value between 0 and 1. In order to
reduce the quadratic complexity, Urbanke and Richardson
took advantage of the sparsity of the H matrix. They found
that in most cases, the encoding complexity is either lin-
ear or quadratic but quite manageable. For example, for a
(3,6) regular code of length n, even though the complexity
is still quadratic, the actual number of operations required is
O(N) in addition to 0.017%n2. Since 0.017? is a very small
number, the complexity of the encoder is still manageable
for large n.

To the best of our knowledge, existing hardware LDPC
encoders in the literature [4, 8, 13] employ the straightfor-
ward encoding method where a vector of information bits
is multiplied by a dense generator matrix, which has com-
plexity quadratic to the block length.

3 Overview

The RU algorithm consists of two steps: a preprocess-
ing step and the actual encoding step. In the preprocessing
step, row and column permutations are performed to bring
the parity-check matrix H into an approximate lower trian-
gular form (ALT) as shown in Figure 3. Since the transfor-
mation is accomplished by permutations only, the sparse-
ness of the matrix is preserved. The actual encoding is car-
ried out by matrix-multiplication, forward-substitution and
vector addition operations. Since the preprocessing needs
to be performed only once on a given H matrix, we exe-
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Figure 1. A typical digital communication system.

coder/decoder in this paper.
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Figure 3. The parity-check matrix H in ALT
form. A, B, C, and E are sparse matrices,
D is a dense matrix, and T is a sparse lower
triangular matrix.

cute this operation in software. The actual encoding step is
done in hardware. The RU encoding algorithm is presented
in [10] as a set of matrix operations. We have examined
the algorithm and identified the operations that can be exe-
cuted in parallel. The operations implemented in our hard-
ware encoder are scheduled to maximize concurrency and
throughput. Moreover, we are employing an efficient mem-
ory architecture for storing sparse matrices, which mini-
mizes memory usage.

The basic framework of our encoder is shown in Fig-
ure 4. Our approach for LDPC encoding consists of two
steps: preprocessing and hardware encoding. First, the orig-
inal parity check matrix H is preprocessed with the RU
algorithm to generate the appropriate look-up tables con-
sisting of the six matrices needed by the hardware encoder.
These matrices are generated from the RU algorithm and
contain information on how the input message blocks are
encoded to generate codewords. This preprocessing step is
implemented in software and needs to be performed once
for a given H matrix. The hardware encoder itself is imple-
mented on an FPGA and uses the look-up tables (ALT H
matrix) generated from the preprocessing step to encode the
message blocks. Note that the preprocessing step does not
involve any data. Hence, during a normal encoding opera-
tion only the hardware encoder is needed. Although our im-
plementation is based on H matrices that are binary, GF(2),
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LDPC is considered for the channel en-

Preprocessor

(sW)

ALT
H Matrix

Encoder

Message Blocks ——=
9 (HW)

——=> Codewords

Figure 4. LDPC encoding framework.

it can be extended to matrices that belong to higher order
fields.

The RU algorithm and the hardware architecture pro-
posed in this paper make no restrictions on the actual H
matrix. This flexibility allows our hardware architecture to
be used in any application involving LDPC codes. Different
applications require different H matrices. Applications re-
quiring low latency typically use shorter block lengths (less
than 1000), while applications requiring operation very near
the channel capacity require longer block lengths (more
than 10000). Code rate r also influences the dimensions
of the H matrix. Low code rates offer more error protection
at the expense of information throughput and are often used
when the signal-to-noise ratio (SNR) is very low (e.g. deep
space communications). The dimensions of the H matrix
are (block length x (1 — code rate)) by (block length) as
illustrated in Figure 2. Our hardware architecture is com-
pletely flexible in regards to block length and code rate.

Another issue related to encoder flexibility is the specific
location of ones in the A matrix. Properly designed regular
LDPC codes have performance that continues to improve
as the SNR is increased. Irregular LDPC codes do not have
this property, they have a so-called ‘error-floor’, meaning
that after a certain level of performance is reached, the per-
formance stops improving. For example, say a code oper-
ates at a bit-error rate (BER) of 10~° at 2dB SNR. If an
error floor exists, the BER will be the same when the SNR
is increased to 5dB. If an error floor was not present, then
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the BER would improve to say 10~%. While regular LDPC
codes have no error-floor, they do not perform as close ca-
pacity as irregular codes. This means that as the SNR is
increased, the BER will decrease faster with irregular codes
than with regular codes. An ideal code performs close to ca-
pacity and contains no error-floor. We have designed high-
performance LDPC codes in [11] using special code con-
struction techniques, which perform close to capacity and
have reduced error-floors. Our hardware is completely flex-
ible in regards to the location of ones in the H matrix, in
other words, this hardware can encode any LDPC code that
is created.

4 Preprocessing

In preprocessing, row and column permutations are per-
formed to bring the H matrix into an ALT form. Richardson
and Urbanke [10] introduced three algorithms to perform
this task. There are three types of greedy algorithms: a, b
and c. We choose greedy algorithm a for our software pre-
processor.

Preprocessing consists of two steps: triangulation and
rank checking. Triangulation is the process of row and col-
umn permutations that produces an H matrix similar to the
one shown in Figure 3, with the smallest gap g possible.

Multiplying
I 0
[t
A B T
T _ _
from the left of Hx* = 0, where H = { C D E } we
get
A B T o
~ET'A+C —ET"'B+D 0 22 “lo

This gives two equations and two unknowns p1, pa. De-
fine F = —ET~'B + D and assume for the moment that
F is nonsingular, solving for p;, p» yields
—F Y =ET'A+0)sT.

P = “)

and

p; = —T"'(As" + Bp}). (5)
From Table 1 and Table 2 we can see that the complex-
ity of the actual operations required to obtain p; and ps
are mostly linear, except for the dense matrix multiplication
—F~Y—ET~'A 4 C)s”, which has complexity O(N?).
Thus, we have achieved near linear encoding complexity.

|
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Since the equation for p; depends on the inverse of F,
the method will only work when F' is nonsingular (invert-
ible). This requires additional rank checking before the ac-
tual encoding. To obtain F', we perform Gaussian elimina-
tion on the original  to bring it into the form

A
—ET'A+C

B T

_ET-'B4+D 0 ©)

If F is singular, we swap columns of F' with columns to the
left of F' and keep doing this until ' becomes nonsingular.

So far, we have shown the encoding complexity to be lin-
ear, except for the dense g X g matrix multiplication, where
g is the gap of the preprocessed H matrix (Figure 3). Thus
for efficiency, we should make g as small as possible.

The greedy algorithm a is used to find the best possible
lower triangularization of the parity matrix H. The algo-
rithm begins by assigning Q = H7T. Then the following
steps are applied:

1. Find a vector of indices to degree one rows in ) and
call this vector . If «v is empty, remove the left most
column of ) and repeat step 1 with the modified @
matrix. Let / equal to the length of the vector «.

2. Modify @ so that the degree one rows indicated by the
elements of v are moved to the top of () (row numbers
1tol).

3. Reorder the columns of the modified () so that the rows
that were moved to the top of the matrix form a diago-
nal. This step is known as diagonal extension.

4. Modify () again by removing the first / rows and
columns of modified Q.

5. Find a vector of indices to degree one rows in modified
@ and call this vector a.. If o is empty, the algorithm
(3)  terminates. Otherwise, go to step 2.
To summarize the above algorithm, through row and col-
umn operations a small identity matrix is created at the
top left corner of the main matrix, and then the rows and
columns participating in the identity matrix are deleted.
This is repeated until there are no more degree one rows
in the remaining matrix. Thus, through row and column
swapping, we have produced the H matrix in Figure 3.

The gap size is the equal to the number of columns re-
moved in step 1. Note that the gap size is further reduced by
applying the greedy algorithm a to H” rather than H itself.
This is due to the different starting columns when applying
step 1. Since H matrix is not a square matrix, we can only
triangularize at most the number of columns as there are
rows. As a result, if we were to try to carry out step 1 with
a ‘fat” H matrix, we can only look at part of the columns.
For example, for a rate 1/2 H matrix, in order to achieve
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Table 1. Computation of p] = —F~1(—ET~'A + C)sT. Note that T—1[AsT] = yT = TyT = [AsT].

index  operation comment complexity
1 AsT multiplication by sparse matrix O(N)
2 T [AsT] forward-substitution by sparse matrix O(N)
3 —E[T ' AsT) multiplication by sparse matrix O(N)
4 CsT multiplication by sparse matrix O(N)
5 [—ET'As™] 4 [CsT] vector addition O(N)
6 —F7Y—ET7'As” + Cs”] multiplication by dense g X g matrix O(N?)
Table 2. Computation of pi = —T~'(As” + Bpl).
index  operation comment complexity

7 AsT multiplication by sparse matrix O(N)

8 Bpf multiplication by sparse matrix O(N)

9 [AsT] + [BpT] vector addition O(N)

10 —T~'[AsT + Bp] forward-substitution by sparse matrix O(N)

starting column

starting column

HT

Figure 5. Different starting columns for H and
HT.

the result in Figure 3, we can only start with the middle col-
umn and work with the right half of the matrix to search for
degree one rows. On the other hand, if we apply step 1 to
a ‘skinny’ HT matrix, we can start with the very first col-
umn since the number of columns now is much less than the
number of rows. This enables us to look at the entire ma-
trix when searching for degree one rows. This extra degree
of freedom results in better triangulation. The two different
approaches are illustrated and compared in Figure 5.

In addition to the greedy algorithm a, Urbanke and
Richardson also introduced greedy algorithm b and greedy
algorithm c. In algorithm b, rather than choosing the start-
ing columns (starting point of triangulation) independent of
one another, they are chosen based on the weights of the
rows with which they are connected. This may reduce gaps
but also requires more complicated processing. Greedy al-
gorithm c is built upon algorithm b with a looser constraint
on the weight distributions of rows and hence the defini-
tion of the starting columns with which they are connected.
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Both b and c offer slightly smaller gaps in some cases; how-
ever, we have chosen a since it offers satisfactory results
in all cases we have examined. Triangulation can be time-
consuming with large block sizes. Since this step only needs
to be performed once for a given H matrix, such overhead
is tolerable.

5 Encoder Architecture

The hardware encoder computes the two parity parts p;
and p, according to the operations described in Table 1
and Table 2. Operations that can be executed in parallel
are identified and are scheduled to maximize parallelism.
An overview of our hardware encoder architecture is shown
in Figure 6. The operations are grouped into four stages
that run in parallel and double buffering is used between
the stages so that they can be executed in parallel. Each
stage generates a ‘finish’ signal once its computation is
completed. Once all stages are completed (which is when a
codeword is generated), a ‘start’ signal is sent from the stage
controller to each stage for the next execution. The stages
have been carefully partitioned to balance the workloads be-
tween the stages, while minimizing the overall latency, idle
times and buffering requirements. This flexible architecture
supports any rate and block length, but has been specifically
optimized for rate 1/2 codes.

The aim of dividing the encoding process into different
stages is to balance the execution times among the stages, so
that the idle time of any of the stages is minimized. Given
that the rate is 1/2, the gap is small and the edges (ones)
of the H matrix are distributed in a random manner, the
matrix A will contain nearly half of the edges of the entire
preprocessed H matrix. Also, since the matrix 7" is lower-
triangular, the number of its edges will be around half of
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Figure 6. Overview of our hardware encoder architecture. Double buffering is used between the
stages for concurrent execution. Grey and white box indicate RAMs and operations respectively.

A. Therefore, the computation As” (operation 1) will take
the longest. This is because the number of operations are
proportional to the number of edges, which will be clarified
later. Since the gap is small, operations involving B, C, E
and F' will be very fast.

In stage 1, we simply write the message block to buffers.
Since the message block length is n — m, this stage will
take n — m clock cycles. In stage 2, we perform operations
1 and 4 in parallel (the operations are listed in Table 1 and
Table 2). We do not do any other operations in this stage,
since subsequent operations are dependent on the result of
operation 1 and operation 1 takes the most time. In stage 3,
we perform all the remaining operations needed to compute
p1 as well as operations 8 and 9. In stage 4, we perform
operation 10 and codeword generation. This segmentation
into four stages balances the workload across stages well
for rate 1/2. In principle, we could parallelize some of the
matrix-vector multiplications and forward-substitutions to
get higher throughput. However, parallelizing those oper-
ations would involve duplicating the look-up tables (since
dual-port RAM is the best we can get from current FPGAs),
which would require significantly more area. Moreover,
we can simply replicate many instances of the encoder on
the same chip to process several message blocks in paral-
lel without increasing RAM area needed for the look-up ta-
bles of the six matrices. These look-up tables can be shared
among the encoder instances.
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Depending on the channel conditions, codes with differ-
ent rates perform better than others. For instance, when
the SNR is low, higher rate codes are more appropriate.
Therefore one could implement an adaptive LDPC encoder,
which changes rate or block length depending on the chan-
nel conditions. Of course the LDPC encoder would have
to be synchronized with an adaptive LDPC decoder. Al-
though the architecture shown in Figure 6 could be used
for different rates, it is optimized for rate 1/2 codes. Codes
with different rates differ in the dimensions of the H matrix,
leading to different edges ratios for the six matrices. There-
fore, different scheduling of the operations are needed for
different rates to maximize concurrency. Bit files of dif-
ferent designs optimized for different rates can be stored
in memory, and run-time reconfiguration of FPGAs can be
exploited to reconfigure the adaptive LDPC encoder at run-
time for different channel conditions. Since reconfiguration
can be performed in a matter of milliseconds on modern
FPGAs, such adaptive LDPC encoders/decoders are viable
options.

The main operations performed in the encoder are
matrix-vector multiplication (MVM), forward-substitution
(FS), vector addition (VA) and codeword generation
(CWG). Codeword generation involves first constructing an
intermediate codeword by writing (s, p1, p2) into a memory.
Then according to the permutation table, which contains
the information on the row permutations performed during
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index index
calculator

Figure 7. Circuit for vector addition.

the preprocessing step, the intermediate codeword is rear-
ranged to generate the final codeword which is then valid
with regards to the original H matrix. The hardware ar-
chitectures for vector addition, matrix-vector multiplication
and forward-substitution are described in the next section.
Since we are dealing with a binary system, multiplications
can be performed with an AND gate and additions with an
XOR gate.

6 Components for the Encoder
6.1 Vector Addition

This involves the computation of X + Y = Z, where
X, Y and Z are vectors, and Z is what we are trying to
compute. Since we are dealing with a binary system, vector
addition can be simply achieved by performing XOR opera-
tions on the corresponding elements of the two vectors. The
circuit for vector addition is shown in Figure 7. The index
calculator increments the index every clock cycle.

6.2 Matrix-Vector Multiplication

This involves the computation of XY = Z, where X
is a matrix, Y and Z are vectors, and Z is what were are
trying to compute. We shall illustrate our approach with an
example. Consider the multiplication of a 5 x 6 matrix X by
a vector Y to obtain a resulting vector Z. In this case, X is
known from the preprocessing step and is sparse. It would
be inefficient to store this matrix directly in a memory, since
most of the locations will be zeroes. Instead, the location of
the edges (ones) of each row is stored, with an extra bit
indicating the end of a row. For example, if

)

b
Il
oo o ~=O
oo~ OO
_ o O O
o = OO
o O O o
[oNelT e N
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Table 3. Matrix X stored in memory. The lo-
cation of the edges of each row and an extra
bit indicating the end of a row are stored.

address | O [ 1 |2 |3 (4 |5|6|7
data 315112416
endrow | O | 1|1 [0[O0|1]|1]O0

data end row

index

index data

Zindex index
calculator

Figure 8. Circuit for matrix-vector multiplica-
tion.

it would be stored in memory as shown in Table 3. Memory
#6 is a special case, indicating that the fourth row of matrix
X has no edges.

The location of the edges of a row in X are used as bit
selectors for the vector Y. This bit selecting process has the
same effect as performing AND operations with the bits of
arow in X and the bits in vector Y. XOR is performed on
the selected bits to calculate the resulting bits for Z. This
operation is performed for each row of X starting from the
first one. Figure 8 shows our matrix-vector multiplication
circuit. The Z index calculator calculates the location of
the Z matrix to be written. The index is simply incremented
every time there is an end of a row. It can be seen that the
number of clock cycles required to compute Z is directly
proportional to the number of edges in X.

6.3 Forward-Substitution

Consider the equation XZ = Y, where X is a lower-
triangular matrix, Y and Z are vectors and Z is the vector
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we want to compute. X is given by

T(21) 1 0 0
Z(3,1) T(3,2) 1 0 . 0
T(4,1) T(4,2) T(4,3) 1 0 0
T(n,1) T(n,2) T(n,n-1) 1

One way to approach this problem is to take the inverse
of X and compute Z = X ~'Y". However, matrix inversion
is a complex procedure and requires a significant amount of
processing time. Moreover, after inversion, X will be no
longer sparse. A better way is to use forward-substitution
exploiting the fact that X is lower triangular. The elements
of the vector Z can be computed with the following set of
equations.

21 =MW
zg = Y2 Dx(21)%1
z3 = Y3 D x(3,1)21 D Z(3,2)22

Zn = Yn D Z(n,1)*1 ® Z(n,2)%2 ... P T(n,n—1)%n—1
This can be generalized as:

i—1
=y ©@urayz, 1<i<n ®)
j=1

Just like the matrix-vector multiplication, to compute an el-
ement in Z, we need elements from X and Y. However,
we also require the previous elements of Z that have been
computed previously. Therefore, the circuit for forward-
substitution is very similar to the one in Figure 8 with slight
modifications as shown in Figure 9. The index calculator
computes the memory location of Y to be read and Z to
be written. From (8), these two addresses are identical. As
in the matrix-vector multiplication case, the index calcula-
tor is incremented every time there is an end of a row and
the clock cycles for the computation is proportional to the
number of edges in X.

7 Implementation and Results

The preprocessor has been implemented using MAT-
LAB. Preprocessing times for H matrices with rate 1/2
for various block lengths on Pentium-IV PC are shown in
Table 4. A MATLAB tool we have developed, that con-
structs high-performance irregular LDPC codes with low
error floors is used to generate the H matrices [11].

We can see that the preprocessing times for large block
lengths can be very long. However, we are not too con-
cerned about this since preprocessing needs to be performed
only once for any given H matrix. We also observe that the
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data end row

index

read index

write index
—_——

n

index
data

index index
calculator

Figure 9. Circuit for forward-substitution.

Table 4. Preprocessing times and gaps for
H matrices with rate 1/2 for various block
lengths performed on a Pentium-IV 2.4GHz PC
equipped with 512MB DDR RAM.

block | preprocessing gap
length time (secs)

500 3 2
1000 14 2
2000 83 2
4000 587 2
8000 3124 2

gap remains small even for large block lengths. The primary
reason for these small gaps is the large number of rows in
HT whose degrees are less than three in their degree distri-
butions. Low degree rows in H” lead to high probabilities
of finding degree one rows in the diagonal extension step of
the greedy algorithm.

A scatter plot of a preprocessed irregular 500 x 1000 H
matrix (i.e. block length of 1000 bits and rate 1/2) is shown
in Figure 10. The diagonal ones of the matrix 7' can be
clearly seen. Also, as expected since the gap is small (g=2
in this case), the preprocessed H matrix consists of mainly
A and T'. The blocky artifacts next to the diagonal of 7" are
created by the diagonal extension step of the greedy algo-
rithm, during which an identity matrix is formed in every
iteration. In Table 5, we show the number of edges for the
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Figure 10. Scatter plot of a preprocessed ir-
regular 500 x 1000 H matrix in ALT form with
a gap of two. Ones appear as dots.

Table 5. Dimensions and number of edges for
the matrices A, B, T, C, F and F generated
from a 1000 x 2000 irregular H matrix.

matrix dimension  edges
A 998 x 1000 6273
B 998 x 2 998
T 998 x 998 2398
C 2 x 1000 10
F 2 %2
E 2 x 998

six matrices for a preprocessed 1000 x 2000 irregular H
matrix. We observe that, the matrices A, B and 7" contain
most of the edges, indicating that operations involving them
will dominate the encoding times.

The actual hardware encoder has been implemented us-
ing Xilinx System Generator. The codewords generated
from our hardware encoder have been verified against our
MATLAB model for correctness. Let e(A) denote the num-
ber of edges for the matrix A, and ¢(S1) denote the number
of clock cycles taken by stage 1 (see Figure 6). The number
of clock cycles taken by each stage is given by

c(S1) n—m

c¢(S2) = mazx(e(A),e(C))

c(S3) = e(T)+e(E)+ (n—m)+e(P)+e(B)+ (m—g)
c(S4) = e(M+2((n—m)+g+ (m—g)).

The number of clock cycles per codeword (CPC) is deter-
mined by the stage that takes the longest, i.e.

CPC = max[c(S1), ¢(52), c(53), c(S4)].

For a given clock speed, the number of codewords per sec-
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ond (CPS) is given by
CPS = clock speed / CPC.

Therefore the codeword throughput (bits per second) of the
encoder is

codeword bits throughput = CPS X block size
and the information throughput is given by
information bits throughput = codeword throughput x rate.

The latency of the encoder is the time taken for the four
stages to fill up. This is given by

latency = (4 x CPC) / clock speed.

An encoder for block length of 2000 bits and rate 1/2 has
been synthesized on a Xilinx Virtex-II XC2V4000-6 device.
The design takes up 870 slices and 19 block RAMs, which
uses approximately 4% of the device. The clock cycles
taken by each of the four stages of this design are

¢(S1) = 1000
«(S2) = 6273
c(83) 5402
o(S4) = 6398.

We observe that the workloads across the stages are well
balanced, which is the case with our architecture for all rate
1/2 codes. The design is capable of running at 143MHz
and with a CPC of 6398 cycles, the resulting in a codeword
throughput and latency is 45Mbps (million bits per second)
and 0.179ms respectively. Implementation results for vari-
ous encoders with block lengths ranging from 500 to 8000
bits for rate 1/2 codes are shown in Table 6. We see an in-
crease in resources and latency with block length due to the
increase in size of the /I matrix. This increase in resources
leads to reductions in clock speed and throughput due to
routing delays. The usage of distributed RAMs and block
RAMs have been carefully performed to minimize the waste
of the 18Kb Virtex-II block RAMs. In Table 7, we show
how the performance varies with different rates with a fixed
block length of 2000 bits. The encoder is optimized for rate
1/2 codes (by dividing the operations shown in Figure 6),
therefore we see the some performance loss for other rates.

Multiple instances of the encoder can be implemented
on the same device to encode multiple message blocks in
parallel. Note that RAMs for the six matrices describing
the preprocessed H matrix can be shared among the en-
coders. This is because the six matrices are indexing the
operands, and are used one by one in a linear manner. Syn-
thesis results are shown in Table 8 for multiple instances
of an encoder with block length of 2000 bits and rate 1/2.
The design with 16 instances consumes 73% of the de-
vice and is capable of a codeword throughput of 410Mbps.
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Table 6. Hardware synthesis results on a Xil-
inx Virtex-ll XC2V4000-6 FPGA for rate 1/2 for
various block length.

block edges slices block speed throughput  latency

length RAMs (MHz) (Mbps) (ms)
500 2418 562 12 161 50 0.040
1000 4859 682 13 152 48 0.084

2000 9687 870 19 143 45 0.179
4000 19452 1340 27 127 40 0.405

8000 38905 2148 49 110 34 0.937

Table 7. Hardware synthesis results on a
Xilinx Virtex-ll XC2V4000-6 FPGA for block
length of 2000 bits for various rates.

rate | edges  slices block speed throughput  latency
RAMs (MHz) (Mbps) (ms)
173 8896 1109 19 127 34 0.232
172 9687 870 19 143 44 0.179
2/3 9513 1065 18 125 33 0.235

Figure 11 shows how the number of encoder instances af-
fects the codeword throughput. While ideally the through-
put would scale linearly with the number of encoder in-
stances, in practice the output rate grows slower than ex-
pected, because the clock speed of the design deteriorates
as the number of noise generators increases. This deteriora-
tion is probably due to the increase in routing delays. Note
that multiple FPGAs could be used to speed up the encod-
ing even further. For instance, an implementation of three
Xilinx Virtex-II XC2V4000-6 devices would be capable of
a codeword throughput of 1.2Gbps for block length of 2000
bits and rate 1/2 codes.

Table 8. Hardware synthesis results on a
Xilinx Virtex-ll XC2V4000-6 FPGA for block
length of 2000 bits and rate 1/2 for different
numbers of encoder instances.

instances slices block speed throughput  latency
RAMs (MHz) (Mbps) (ms)
1 870 19 143 44 0.179
4 3547 36 90 112 0.284
8 6978 60 89 222 0.288
12 12702 83 86 322 0.298
16 16906 107 82 410 0.312
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Figure 11. Variation of throughput the num-
ber of encoder instances. The dotted line
shows the linear relationship between the
output rate and the number of instances, if
the clock speed does not deteriorate with the
increasing number of instances.

Our hardware implementations of the encoder for block
length of 2000 bits and rate 1/2 has been compared to soft-
ware implementations written in C. The results are shown in
Table 9. It can be seen that our hardware designs are faster
than software implementations by 10-300 times, depending
on the device used and the resource utilization.

Regarding the feasibility of an adaptive LDPC en-
coder, the XC2V4000-6 FPGA has 15 million configuration
bits [12]. The configuration bits can be fed to the device
with eight bits in parallel at 5S0MHz, which is 400Mbps. So
the entire device can be configured in around 35ms (smaller
devices would take less time). If an adaptive LDPC encoder
reconfigures itself every few seconds or tens of seconds, the
overhead of the reconfiguration time would still be accept-
able if the adapted encoder improves throughput and mini-
mizes retransmission time.

8 Conclusion

We have described a hardware design of an efficient
LDPC encoder based on the RU method. Whereas a
straightforward implementation of an encoder has complex-
ity quadratic in the block length, the RU method admits lin-
ear time encoding through careful linear manipulation of the
parity matrix for both regular and irregular LDPC codes.

A preprocessor is written to optimize the parity check
matrix through the row and column permutations, generat-
ing the look-up tables and parameters needed by the hard-
ware encoder. An efficient architecture for storing and
performing computations on sparse matrices has been dis-
cussed. The encoding steps have been scheduled into dif-
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Table 9. Performance comparison of block
length of 2000 bits and rate 1/2 encoders:
time for producing 410 million codeword bits.
The software implementations are written in
C and are compiled with Microsoft Visual C++
6.0.

platform speed  time
(MHz) (sec)
XC2V4000-6 FPGA, 16 encoder instances 82 1
XC2V4000-6 FPGA, 1 encoder instance 143 9
Intel Pentium-IV PC, 512MB DDR RAM 2400 80
Intel Pentium-III PC, 256MB SDR RAM 700 312

ferent stages optimizing concurrency while reducing idle
times. Run-time reconfiguration of FPGAs can be used to
load different designs optimized for various rates at run-
time for an adaptive LDPC encoder.

Implementation results for encoders of various block
lengths and rates have been presented. An encoder for block
length of 2000 bits and rate 1/2 takes up 4% of resources
on a Xilinx Virtex-II XC2V4000-6 device. It is capable of
running at 143MHz resulting in a codeword throughput of
45Mbps and latency of 0.179ms. The performance can be
improved by mapping several instances of the encoder onto
the same chip to encode multiple message blocks concur-
rently. An implementation of 16 instances of the encoder on
the same device at 82MHz is capable of 410 million code-
word bits per second, 80 times faster than an Intel Pentium-
IV 2.4GHz PC.

Ongoing and future work includes the implementation
of an adaptive LDPC codec. This would involve supporting
different H matrices at run-time and adaptively choosing
the appropriate H matrix depending on the channel condi-
tions, such as the signal-to-noise ratio.
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