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 Historically, software implementations were used for…
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Fig. 1: Bipartite graph representation

In this paper, unlike [8] and [9], we propose to study a
nonsymmetric NISC architecture in which P and M are not
necessarily equal. The numbers M and P can be selected
in order to provide the most efficient resource usage under
throughput or hardware resource constraint. This provides a
higher degree of freedom during the computation/data as-
signement phase of the design flow which keeps the PUs
utilization rate high. We also propose to overcome the limited
programmability issue by using an automated design flow
that schedules the computations on the different PUs and
map the data on the different MUs. Finally, the designed
NISC-based LDPC decoder implements layered decoding [10]
which provides the same decoding performance as TPMP
scheduling for half the number of iterations. This whole design
framework can be used to automatically generate an LDPC
decoder able to support a predetermined set of codes under
throughput/resource constraints. The hardware efficiency of
the generated decoders is higher than state-of-the-art flexible
LDPC decoders even for the challenging-to-implement un-
structured LDPC codes.

The remainder of the paper is organized as follows. In sec-
tion II, the characteristics of structured and unstructured LDPC
codes are detailed. Section III reminds the LDPC decoding
algorithm and its simplified versions. The proposed NISC-
based architectural model is described in section IV. Section
V details the associated automated design flow. Hardware
implementation results and Bit Error Rate (BER) performance
are presented in section VI. Finally, conclusions are drawn in
section VII.

II. STRUCTURED AND UNSTRUCTURED LDPC CODES

A (n, k) LDPC code is a linear block code defined by a
parity check matrix H of size m = n�k rows and n columns.
The ratio R = k/n denotes the code rate. As shown in Figure
1, an LDPC code may be represented by a bipartite graph, also
called Tanner graph [11], in which the two types of nodes are
the variable nodes {V (i)}n

i=1 and the check nodes {C(j)}m
j=1.

In this graph representation, the degree of a node is equal to
the number of nodes connected to it. The degrees of a variable
node V (i) and a parity check node C(j) are denoted as d

v(i)

and d
c(j), respectively. A code is considered regular if d

v(i)

and d
c(j) are constant for all i, j indices in the H matrix.

(a) WiMAX (576, 288) (b) Gallager (4000, 2000) [13]

Fig. 2: An illustration of structured and unstructured LDPC H
matricies

Alternatively, an irregular LDPC code does not have constant
node degrees over all rows/columns.

When designing LDPC codes for digital communication
standards, the main issue is to obtain a wide range of codes in
terms of code length and code rate that have good decoding
performance. Moreover, the structure of an LDPC code should
be as regular as possible to ease the encoding and decoding
processes and thus the design of the encoder and the decoder
architectures. Most of the standards contain structured codes
based on quasi-cyclic QC submatrices. In Figure 2a, the H
matrix can be partitioned in blocks of 96 ⇥ 96 that can be
processed over 24 processing elements [12]. Despite their
hardware-friendly properties, structured codes are prone to
produce Tanner graph with short cycles. Moreover, the use
of a structure limits the flexibility in terms of code length and
code rate.

On the other hand, unstructured/random codes enables a
flexible choice in parameters (n, R) and performance that
achieves the channel capacity [2]. However, the lack of struc-
ture in the resulting H matrix increases the complexity of en-
coding and decoding interleavers. For these reasons, only few
works [9] [8] address the design of decoders that can process
unstructured LDPC codes. The LDPC decoder proposed in this
work supports both structured and unstructured codes.

III. LDPC DECODING ALGORITHM

LDPC codes can be efficiently decoded using the Belief
Propagation (BP) algorithm. This algorithm operates on the
bipartite graph representation of the code by iteratively ex-
changing messages between the variable and parity check
nodes along the edges of the graph [14]. The Min-Sum
(MS) algorithm is an approximation of the BP algorithm.
It provides a significant computational complexity reduction
for a reasonable error correction performance loss. This per-
formance degradation can be partially compensated by using
some correction factors in the MS algorithm. The two well-
known approximate MS versions are denoted as normalized
MS and offset MS [15]. Based on these different improvements,
many LDPC decoders were described in previous papers. A
review can be found in [16].
In previous works on flexible LDPC decoder design, the TPMP
scheduling is usually selected to exchange messages on the
graph. It makes PU and MU mapping easier especially for
structured codes. Counter to previous work, we have selected
the horizontal layered scheduling. It reduces the number of
iterations by two for the same decoding performance. More-
over, the horizontal layered approach is less complex than a
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Fig. 1. N = 8 polar code systematic encoder graph.

low bit error rate values. With the increasing power efficiency of actual processor, a software channel decoder could

also be considered as a viable solution in SDR systems.

Classically, in modern digital communication system, channel decoding functions are usually implemented in

dedicated hardware in order to respect the silicon cost and the energy constraints fixed by mobile systems. However,

recent mobile systems also require:

• flexibility to be adapted to the system context;

• low development time to meet time to market pressure;

• genericity and scalability to enable multi-standard support.

A way to achieve these objectives is to implement mobile application algorithms onto programmable architectures

such as multi-core or many-core devices. Many recent studies [13]–[20] have focused on efficient implementations

of complete or partial receivers. Indeed, today’s processors offer an important amount of parallelism [21] that enables

the implementation of complex algorithms such as the ones used in SDR systems under real-time constraints.

In this paper, we take advantage of the parallelism available in x86 processors (SIMD, multi-core) in order to

efficiently map the successive cancellation (SC) decoding of polar codes. The proposed approach is generic enough

to be easily applied on other kinds of targets such as embedded processors. However, unlike [12], we propose

to apply the SIMD facility to process F frames in parallel. This provides a more regular program structure and

guarantees a very high utilization rate of the SIMD processing units. In addition, the memory mapping is optimized

in order to reduce the probability of cache misses during the execution. Other software optimizations such as

function duplication and data packing allow the SC decoder to reach up to 3.2 Gbps on a single processor core.

The remainder of the paper is organized as follows. Section II presents polar codes and the successive cancellation

decoding algorithm. In section III, all the optimization techniques that contribute in the speedup of the decoder are

detailed. Then, the experimental setup is introduced in section IV. An analysis of the latency and throughput is
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Algorithm 1 horizontal layered offset Min-Sum algorithm
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The decoded bits are estimated by sign(T
(t)
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vertical layered approach for the check node processing of
the MS algorithm as explained in [17]. The difficult PU and
MU mapping is handled by an automated tool that assigns
computations to PUs and maps data on MUs. In a horizontal
layered schedule, the check nodes are processed sequentially
and the variable nodes are directly updated by the corre-
sponding check-to-variable messages. The chosen horizontal
layered offset Min-Sum decoding algorithm is described in
Algorithm 1. It is composed of two main steps: �1 and �2.

y
i

is the channel observation related to the received bit i in
log-likelihood ratio (LLR) format. T (t)

i

denotes the a posteriori
LLR of the variable node i during the iteration t in the case
of a BPSK modulation over an AWGN channel of variance
�2. E(t)

j

corresponds to the LLR of the parity check node j

during the iteration t. T (t)
ij

and E
(t)
ji

denote the messages that
are sent from variable node i to parity check node j and from
parity check node j to variable node i, respectively. M(i) is
the set of all the parity check nodes that are connected to the
variable node i. N(j) is the set of all the variable nodes that
are connected to the parity check node j. N(j)\i is the set
of variable nodes that are connected to the parity check node
j except the variable node i. ⌘ is the correction factor that is
used in the offset Min-Sum version in order to improve the
accuracy of the extrinsic messages.
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Fig. 3: NISC-based LDPC decoder architecture

IV. NISC-BASED LDPC DECODER ARCHITECTURE

An alternative to ASIP architecture is NISC architecture
[18]. Similar to ISP-based architectures, a NISC generates
signals to control a datapath during each clock cycle. However,
instead of using any abstraction such as instruction set, the
NISC controler stores control values in a ROM and directly
send them to each resource (PUs, MUs, interconnection net-
work, etc). The absence of instruction set makes the control of
the datapath more flexible. Indeed, in a NISC, at each clock cy-
cle, any hardware resource in the architecture can be activated
independantly. NISC-based architectures can thus achieve bet-
ter resource utilization than conventional instruction-set based
processors. This high hardware efficiency comes at the cost of
reduced programmability. An automated tool is then required
to generate the content of the control ROM (Cf section V).
In this section, we describe the architecture of a NISC-based
LDPC decoder. This architecture is automatically generated
by the design flow described in section V.

A. Top level architecture
The architectural model is composed of a NISC controller

associated with a homogeneous SIMD matrix as detailed in
Figure 3. The SIMD matrix is a specialized form of parallel
machine, where P Processing Units (PUs) and M Memory
Units (MUs) process and store independent data (LLRs T

i

),
respectively. As opposed to previous works, the proposed
SIMD matrix has a nonsymmetric structure in which the
number of PUs and the number of MUs may differ (P  M ).
Each PU includes dedicated processing logic and a register
file to store local data (E

ji

messages). An interconnection
network is implemented to manage the exchange of LLRs T

i

.
This interconnection network performs the interleave ⇧ and
deinterleave ⇧�1 functions. These functions enable to route
messages between the variable nodes and the check nodes.
Finally, a system interface monitors the data exchanges with
the outside world.

B. Processing Unit architecture
The PU architecture is detailed in Figure 4. It is composed

of two cascaded blocks devised to operate in pipeline mode.
These blocks correspond to the two steps �1 and �2 of

Validate and compare error correction 
code families

Benchmarking of decoding algorithms 
or code construction techniques

Parameter optimization Estimation of hardware design performances 
before development
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 Currently they can fulfill others requirements

3

Provide design and 
runtime flexibilities

Energy consumption is 
challenge for industrials

Current software decoders are at 
least as fast as many Hw circuits

Currently, compatible with some industrial 
use cases.

Software implementation is 
an active research topic

802.11e (2304,1152), Layered, OMS, (6, 8, 6) 
SNR = 2.30 | BER = 1.61e-07 | FER = 1.21e-06 | RUNTIME = 30’
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More than 70 research publications in the field in 8 years

๏ Many ECC families were implemented on programmable targets during last 
decade with various performance levels.
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 Evolution of integer performance of processor cores

5

4 GHz 
frequency limit

Most of improvement 
comes from frequency 

increase

Improvement comes 
from architectural 

optimizations



GdR ISIS - Energy-efficiency in Error-Correction CodingB. Le Gal June 8, 2016

 Evolution of processor target features
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 Evolution of the programmable architectures (CPUs)

๏Evolution of INTEL CPUs
- 1993: pipeline scalar processors,

- 1995 :  pipeline vector processor (SIMD=64b),

- 2000-2006 pipeline superscalar vector processor 
(SIMD=128b),

- 2006 : pipeline superscalar vector multi-
processors

- 2016 : pipeline superscalar vector multi-
processors (SIMD=256b or 512b).

๏Modern embedded processors 
(ARM, MIPS) offer same features,

๏Power consumption,
- Frequency and voltage scaling,

- Switching is possible at runtime.

7

32 bits

Scalar ALU

ALU

64 bits

Vectorized ALU

ALU

128 bits

Vectorized ALU

ALU

During 1 clock cycle, a Pentium [8 W => 15 W]
One integer or float computation or load/store

During 1 clock cycle, a Pentium-MMX [20 W]
2x32b or 8x8b int or 2 float computations => 8 8b-instr.

During 1 clock cycle, a Pentium-II,III,IV [200 W]: 
up to 3 instr. on 128b [16x8b] => 96 8b-instr.

During 1 clock cycle, a Core 2/i3 … [< 70 W]
2 cores x up to 6 instr. on 128b [16x8b] => 192 8b-instr.

During 1 clock cycle a Core i7 (Haswell) …:
6 cores x up to 8 instr. on 256b [32x8b] => 1536 8b-instr.
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During 1 clock cycle, a Pentium [8 W => 15 W]
One integer or float computation or load/store

During 1 clock cycle, a Pentium-MMX [20 W]
2x32b or 8x8b int or 2 float computations => 8 8b-instr.

During 1 clock cycle, a Pentium-II,III,IV [200 W]: 
up to 3 instr. on 128b [16x8b] => 96 8b-instr.

During 1 clock cycle, a Core 2/i3 … [< 70 W]
2 cores x up to 6 instr. on 128b [16x8b] => 192 8b-instr.

During 1 clock cycle a Core i7 (Haswell) …:
6 cores x up to 8 instr. on 256b [32x8b] => 1536 8b-instr.

Core 2: power consumption < 70 Watts
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During 1 clock cycle, a Pentium [8 W => 15 W]
One integer or float computation or load/store

During 1 clock cycle, a Pentium-MMX [20 W]
2x32b or 8x8b int or 2 float computations => 8 8b-instr.
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During 1 clock cycle a Core i7 (Haswell) …:
6 cores x up to 8 instr. on 256b [32x8b] => 1536 8b-instr.

Core-i7 M: power consumption < 50 Watts
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ARM A57 processor 
- RISC 64 bits, up to 3 instr/cycle 
- 4 Cores @ 2,3 GHz  
- SIMD 128b NEON (32 registres) 
- Power consumption < 4 Watts
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Pentium 4,  >  200 W for 1 core
Core-i7 M, <  50 W   for 4 cores
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 Evolution of the programmable architectures (GPUs)

๏GPU devices were initially 
developed for video applications,

๏Hierarchical architecture,
- GPU => Stream Processor => Cores

๏Very large set of processing units,
- One core = {ALU + FPU} unit

- As or more more efficient for floating point 
computations than integer ones,

- Efficient transcendental units,

๏ « Low » working frequency,

๏Adapted to massively // applications 
without low latency constraints.
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processors named stream-processors 
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K40 : 245W - SM@875 MHz - 12GB GDDR5
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A stream processor 
contains 192 cores 

K40: 2880 cores 

[192 cores / SMX]

K40 : 245W - SM@875 MHz - 12GB GDDR5
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Data and control 
transfer

K40 : 245W - SM@875 MHz - 12GB GDDR5
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 The mapping challenges to reach high performances

๏Efficiently implementing ECC on 
software programmable target is 
a challenging task,

๏ Less complexity than designing 
hardware circuit.
-  CPU and GPU have fixed architecture,

-  So, they add contraints to any implementation.

๏Different programming models,
- Difficult to transpose techniques GPU<=>CPU,

๏Different languages and tools,
- C/C++ for CPUs,

- CUDA or Open-CL for GPUs.

17
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Moderate computation parallelism

Moderate memory cache sizes

Efficient SIMD instructions

Difficult to manage conditional structures

Deep architecture knowledge required
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Slow memory access (global memory)

Can process conditional structures

Need aligned memory access patterns

Quite slow transfer from/to host
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 Case of study - The software LDPC decoders

๏The most implemented ECC on 
multicore devices,
- Loops in decoding algorithm are good 

candidates for parallelization,

- The parallelism levels suitable for hardware 
design were explored,

- Many decoding heuristics and computation 
scheduling (flooding, layered) were implemented,

๏Computations are not the perf. 
bottleneck, msg interleaving is…

๏ Implementation characteristics
- On GPU devices float SPA, were preferred to 

32b/8b-NMS => equivalent throughput perf,

- On CPU target it is different (8b-NMS).
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
depicted and compared with the usual MP approaches.
In section 4, a time profiling of the di↵erent optimized
blocks is presented. In section 5 the parallelism levels of
the algorithm and their application on the target archi-
tectures to get software improvements are described. In
section 6, some performance results on multi-core and
many-core targets are provided.

2 The ADMM Algorithm

2.1 Introduction

An LDPC code is a linear block code defined by a bi-
nary sparse parity-check matrix called H. Throughout
this paper, binary LDPC codes are considered. The H
matrix is N ⇥M with N the code length, K the num-
ber of information bits in N and M = (N �K) is the
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The H matrix can be represented as a Tanner graph
as shown in Figure 1 where the variable nodes (VN) are
indexed by I = {1, ..., N} and the check nodes (CN) are
indexed by J = {1, ...,M}. It is also represented by a
parity check matrix H 2 FM⇥N

2 (M  N) having d
v
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ones at each column i and d
c

j

ones at each row j, as in
Equation 1. Each ‘1’ in the parity check matrix at the
position (n,m) corresponds to an edge in the Tanner
graph that connects V
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m

, as shown on Figure 1.
LetN
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(i) be the index of the set of neighbors of variable
node v
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and N
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. The d
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⇥N binary transfer matrix T
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selects from an N -vector the coordinates corresponding
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neighboring variables of check j.

2.2 ADMM formulation for LDPC decoding

2.3 Introduction

Feldman et al. in [21] proposed an original decoding
algorithm for LDPC codes based on linear program-
ming. They imported the LDPC decoding to the sphere
of convex optimization by relaxing the optimal decod-
ing problem into a linear optimization one. Barman et

al. [27] demonstrated that the ML decoding problem
can be solved using the ADMM method [26] which suits
the distributed convex optimization. To this purpose,
the LP decoding problem is reformulated as in Equa-
tion 2.3 to fit the ADMM template given in [26]. The
check polytope P

d

c

j

is the convex hull of all binary vec-
tors of length d
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with an even number of ones.
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- Parallelization is limited due to VN and CN degrees, 
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- Necessitate unaligned memory accesses to messages.
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
depicted and compared with the usual MP approaches.
In section 4, a time profiling of the di↵erent optimized
blocks is presented. In section 5 the parallelism levels of
the algorithm and their application on the target archi-
tectures to get software improvements are described. In
section 6, some performance results on multi-core and
many-core targets are provided.
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
depicted and compared with the usual MP approaches.
In section 4, a time profiling of the di↵erent optimized
blocks is presented. In section 5 the parallelism levels of
the algorithm and their application on the target archi-
tectures to get software improvements are described. In
section 6, some performance results on multi-core and
many-core targets are provided.
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ber of information bits in N and M = (N �K) is the
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
depicted and compared with the usual MP approaches.
In section 4, a time profiling of the di↵erent optimized
blocks is presented. In section 5 the parallelism levels of
the algorithm and their application on the target archi-
tectures to get software improvements are described. In
section 6, some performance results on multi-core and
many-core targets are provided.
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ber of information bits in N and M = (N �K) is the
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
depicted and compared with the usual MP approaches.
In section 4, a time profiling of the di↵erent optimized
blocks is presented. In section 5 the parallelism levels of
the algorithm and their application on the target archi-
tectures to get software improvements are described. In
section 6, some performance results on multi-core and
many-core targets are provided.

2 The ADMM Algorithm

2.1 Introduction

An LDPC code is a linear block code defined by a bi-
nary sparse parity-check matrix called H. Throughout
this paper, binary LDPC codes are considered. The H
matrix is N ⇥M with N the code length, K the num-
ber of information bits in N and M = (N �K) is the
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
depicted and compared with the usual MP approaches.
In section 4, a time profiling of the di↵erent optimized
blocks is presented. In section 5 the parallelism levels of
the algorithm and their application on the target archi-
tectures to get software improvements are described. In
section 6, some performance results on multi-core and
many-core targets are provided.
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nary sparse parity-check matrix called H. Throughout
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ber of information bits in N and M = (N �K) is the
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al. [27] demonstrated that the ML decoding problem
can be solved using the ADMM method [26] which suits
the distributed convex optimization. To this purpose,
the LP decoding problem is reformulated as in Equa-
tion 2.3 to fit the ADMM template given in [26]. The
check polytope P

d

c

j

is the convex hull of all binary vec-
tors of length d

c

j

with an even number of ones.

minimize �Tx (2)

subject to T
j

x = z
j

; z
j

2 P
d

c

j

8j 2 J .

Parallelization across VN and CN kernels 

- Like in hardware architectures (16 VN/CN of same deg.), 

- Irregular memory accesses to C2V and V2C messages, 

- Need matrix reordering (not always possible). 

msg 1 msg 2 msg 3 ----

sum

+

-
uVN

ext.

uVN uVN uVN

msg 1 msg 2 msg 3 ----

+VN

uVN

unaligned reads

aligned writes

1 1
22

Parallel VN 
processing



GdR ISIS - Energy-efficiency in Error-Correction CodingB. Le Gal June 8, 2016

 Parallelization in flooding-based decoder implementation

23

2 Imen DEBBABI et al.

based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
depicted and compared with the usual MP approaches.
In section 4, a time profiling of the di↵erent optimized
blocks is presented. In section 5 the parallelism levels of
the algorithm and their application on the target archi-
tectures to get software improvements are described. In
section 6, some performance results on multi-core and
many-core targets are provided.

2 The ADMM Algorithm

2.1 Introduction

An LDPC code is a linear block code defined by a bi-
nary sparse parity-check matrix called H. Throughout
this paper, binary LDPC codes are considered. The H
matrix is N ⇥M with N the code length, K the num-
ber of information bits in N and M = (N �K) is the
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of convex optimization by relaxing the optimal decod-
ing problem into a linear optimization one. Barman et

al. [27] demonstrated that the ML decoding problem
can be solved using the ADMM method [26] which suits
the distributed convex optimization. To this purpose,
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tion 2.3 to fit the ADMM template given in [26]. The
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
depicted and compared with the usual MP approaches.
In section 4, a time profiling of the di↵erent optimized
blocks is presented. In section 5 the parallelism levels of
the algorithm and their application on the target archi-
tectures to get software improvements are described. In
section 6, some performance results on multi-core and
many-core targets are provided.

2 The ADMM Algorithm

2.1 Introduction

An LDPC code is a linear block code defined by a bi-
nary sparse parity-check matrix called H. Throughout
this paper, binary LDPC codes are considered. The H
matrix is N ⇥M with N the code length, K the num-
ber of information bits in N and M = (N �K) is the
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ming. They imported the LDPC decoding to the sphere
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al. [27] demonstrated that the ML decoding problem
can be solved using the ADMM method [26] which suits
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
depicted and compared with the usual MP approaches.
In section 4, a time profiling of the di↵erent optimized
blocks is presented. In section 5 the parallelism levels of
the algorithm and their application on the target archi-
tectures to get software improvements are described. In
section 6, some performance results on multi-core and
many-core targets are provided.

2 The ADMM Algorithm

2.1 Introduction

An LDPC code is a linear block code defined by a bi-
nary sparse parity-check matrix called H. Throughout
this paper, binary LDPC codes are considered. The H
matrix is N ⇥M with N the code length, K the num-
ber of information bits in N and M = (N �K) is the
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
depicted and compared with the usual MP approaches.
In section 4, a time profiling of the di↵erent optimized
blocks is presented. In section 5 the parallelism levels of
the algorithm and their application on the target archi-
tectures to get software improvements are described. In
section 6, some performance results on multi-core and
many-core targets are provided.

2 The ADMM Algorithm

2.1 Introduction

An LDPC code is a linear block code defined by a bi-
nary sparse parity-check matrix called H. Throughout
this paper, binary LDPC codes are considered. The H
matrix is N ⇥M with N the code length, K the num-
ber of information bits in N and M = (N �K) is the
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
depicted and compared with the usual MP approaches.
In section 4, a time profiling of the di↵erent optimized
blocks is presented. In section 5 the parallelism levels of
the algorithm and their application on the target archi-
tectures to get software improvements are described. In
section 6, some performance results on multi-core and
many-core targets are provided.

2 The ADMM Algorithm

2.1 Introduction

An LDPC code is a linear block code defined by a bi-
nary sparse parity-check matrix called H. Throughout
this paper, binary LDPC codes are considered. The H
matrix is N ⇥M with N the code length, K the num-
ber of information bits in N and M = (N �K) is the
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
depicted and compared with the usual MP approaches.
In section 4, a time profiling of the di↵erent optimized
blocks is presented. In section 5 the parallelism levels of
the algorithm and their application on the target archi-
tectures to get software improvements are described. In
section 6, some performance results on multi-core and
many-core targets are provided.
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
depicted and compared with the usual MP approaches.
In section 4, a time profiling of the di↵erent optimized
blocks is presented. In section 5 the parallelism levels of
the algorithm and their application on the target archi-
tectures to get software improvements are described. In
section 6, some performance results on multi-core and
many-core targets are provided.
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
depicted and compared with the usual MP approaches.
In section 4, a time profiling of the di↵erent optimized
blocks is presented. In section 5 the parallelism levels of
the algorithm and their application on the target archi-
tectures to get software improvements are described. In
section 6, some performance results on multi-core and
many-core targets are provided.
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ber of information bits in N and M = (N �K) is the

V0

C0 C1 C3C2

V1 V2 V3 V4 V5 V6 V7

Fig. 1 Tanner graph representation.

number of redundant bits in the codeword. The H ma-
trix represents the existing links between the received
information V

i

and the parity equations C
j

.

H =

0

BB@

V0 V1 V2 V3 V4 V5 V6 V7

C0 1 1 1 0 0 0 0 0
C1 0 0 0 1 1 1 0 0
C2 1 0 0 1 0 0 1 0
C3 0 1 0 0 1 0 0 1

1

CCA (1)

The H matrix can be represented as a Tanner graph
as shown in Figure 1 where the variable nodes (VN) are
indexed by I = {1, ..., N} and the check nodes (CN) are
indexed by J = {1, ...,M}. It is also represented by a
parity check matrix H 2 FM⇥N

2 (M  N) having d
v

i

ones at each column i and d
c

j

ones at each row j, as in
Equation 1. Each ‘1’ in the parity check matrix at the
position (n,m) corresponds to an edge in the Tanner
graph that connects V

n

to C
m

, as shown on Figure 1.
LetN

v

(i) be the index of the set of neighbors of variable
node v

i

and N
c

(j) be the index of the set of neighbors
of check node c

j

. The d
c

j

⇥N binary transfer matrix T
j

selects from an N -vector the coordinates corresponding
to the d

c

j

neighboring variables of check j.

2.2 ADMM formulation for LDPC decoding

2.3 Introduction

Feldman et al. in [21] proposed an original decoding
algorithm for LDPC codes based on linear program-
ming. They imported the LDPC decoding to the sphere
of convex optimization by relaxing the optimal decod-
ing problem into a linear optimization one. Barman et

al. [27] demonstrated that the ML decoding problem
can be solved using the ADMM method [26] which suits
the distributed convex optimization. To this purpose,
the LP decoding problem is reformulated as in Equa-
tion 2.3 to fit the ADMM template given in [26]. The
check polytope P

d

c

j

is the convex hull of all binary vec-
tors of length d

c

j

with an even number of ones.

minimize �Tx (2)

subject to T
j

x = z
j

; z
j

2 P
d

c

j

8j 2 J .

2 Imen DEBBABI et al.

based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
depicted and compared with the usual MP approaches.
In section 4, a time profiling of the di↵erent optimized
blocks is presented. In section 5 the parallelism levels of
the algorithm and their application on the target archi-
tectures to get software improvements are described. In
section 6, some performance results on multi-core and
many-core targets are provided.
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
depicted and compared with the usual MP approaches.
In section 4, a time profiling of the di↵erent optimized
blocks is presented. In section 5 the parallelism levels of
the algorithm and their application on the target archi-
tectures to get software improvements are described. In
section 6, some performance results on multi-core and
many-core targets are provided.

2 The ADMM Algorithm

2.1 Introduction

An LDPC code is a linear block code defined by a bi-
nary sparse parity-check matrix called H. Throughout
this paper, binary LDPC codes are considered. The H
matrix is N ⇥M with N the code length, K the num-
ber of information bits in N and M = (N �K) is the
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
depicted and compared with the usual MP approaches.
In section 4, a time profiling of the di↵erent optimized
blocks is presented. In section 5 the parallelism levels of
the algorithm and their application on the target archi-
tectures to get software improvements are described. In
section 6, some performance results on multi-core and
many-core targets are provided.
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An LDPC code is a linear block code defined by a bi-
nary sparse parity-check matrix called H. Throughout
this paper, binary LDPC codes are considered. The H
matrix is N ⇥M with N the code length, K the num-
ber of information bits in N and M = (N �K) is the
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
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based decoding was shown to be comparable to or bet-
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Alternate Direction Method of Multipliers (ADMM)
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ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
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for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
depicted and compared with the usual MP approaches.
In section 4, a time profiling of the di↵erent optimized
blocks is presented. In section 5 the parallelism levels of
the algorithm and their application on the target archi-
tectures to get software improvements are described. In
section 6, some performance results on multi-core and
many-core targets are provided.
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
depicted and compared with the usual MP approaches.
In section 4, a time profiling of the di↵erent optimized
blocks is presented. In section 5 the parallelism levels of
the algorithm and their application on the target archi-
tectures to get software improvements are described. In
section 6, some performance results on multi-core and
many-core targets are provided.
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
depicted and compared with the usual MP approaches.
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
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from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
depicted and compared with the usual MP approaches.
In section 4, a time profiling of the di↵erent optimized
blocks is presented. In section 5 the parallelism levels of
the algorithm and their application on the target archi-
tectures to get software improvements are described. In
section 6, some performance results on multi-core and
many-core targets are provided.

2 The ADMM Algorithm

2.1 Introduction

An LDPC code is a linear block code defined by a bi-
nary sparse parity-check matrix called H. Throughout
this paper, binary LDPC codes are considered. The H
matrix is N ⇥M with N the code length, K the num-
ber of information bits in N and M = (N �K) is the
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al. [27] demonstrated that the ML decoding problem
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
depicted and compared with the usual MP approaches.
In section 4, a time profiling of the di↵erent optimized
blocks is presented. In section 5 the parallelism levels of
the algorithm and their application on the target archi-
tectures to get software improvements are described. In
section 6, some performance results on multi-core and
many-core targets are provided.

2 The ADMM Algorithm
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An LDPC code is a linear block code defined by a bi-
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ber of information bits in N and M = (N �K) is the
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
depicted and compared with the usual MP approaches.
In section 4, a time profiling of the di↵erent optimized
blocks is presented. In section 5 the parallelism levels of
the algorithm and their application on the target archi-
tectures to get software improvements are described. In
section 6, some performance results on multi-core and
many-core targets are provided.

2 The ADMM Algorithm
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An LDPC code is a linear block code defined by a bi-
nary sparse parity-check matrix called H. Throughout
this paper, binary LDPC codes are considered. The H
matrix is N ⇥M with N the code length, K the num-
ber of information bits in N and M = (N �K) is the
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
depicted and compared with the usual MP approaches.
In section 4, a time profiling of the di↵erent optimized
blocks is presented. In section 5 the parallelism levels of
the algorithm and their application on the target archi-
tectures to get software improvements are described. In
section 6, some performance results on multi-core and
many-core targets are provided.
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
depicted and compared with the usual MP approaches.
In section 4, a time profiling of the di↵erent optimized
blocks is presented. In section 5 the parallelism levels of
the algorithm and their application on the target archi-
tectures to get software improvements are described. In
section 6, some performance results on multi-core and
many-core targets are provided.
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
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section 6, some performance results on multi-core and
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
depicted and compared with the usual MP approaches.
In section 4, a time profiling of the di↵erent optimized
blocks is presented. In section 5 the parallelism levels of
the algorithm and their application on the target archi-
tectures to get software improvements are described. In
section 6, some performance results on multi-core and
many-core targets are provided.

2 The ADMM Algorithm

2.1 Introduction

An LDPC code is a linear block code defined by a bi-
nary sparse parity-check matrix called H. Throughout
this paper, binary LDPC codes are considered. The H
matrix is N ⇥M with N the code length, K the num-
ber of information bits in N and M = (N �K) is the
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
depicted and compared with the usual MP approaches.
In section 4, a time profiling of the di↵erent optimized
blocks is presented. In section 5 the parallelism levels of
the algorithm and their application on the target archi-
tectures to get software improvements are described. In
section 6, some performance results on multi-core and
many-core targets are provided.
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
depicted and compared with the usual MP approaches.
In section 4, a time profiling of the di↵erent optimized
blocks is presented. In section 5 the parallelism levels of
the algorithm and their application on the target archi-
tectures to get software improvements are described. In
section 6, some performance results on multi-core and
many-core targets are provided.
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
depicted and compared with the usual MP approaches.
In section 4, a time profiling of the di↵erent optimized
blocks is presented. In section 5 the parallelism levels of
the algorithm and their application on the target archi-
tectures to get software improvements are described. In
section 6, some performance results on multi-core and
many-core targets are provided.
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
for LDPC decoding and it includes a new research result
from [31] which enables to avoid the Euclidean projec-
tion in the decoding process. Besides, a detailed analy-
sis of the computation parallelism levels and the poten-
tial performance bottlenecks is presented. Further soft-
ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
way for a real-time software implementation.

The remainder of the paper is organized as follows:
in section 2, the formulation of LP decoding and its
ADMM representation and error correction performances
are reviewed. In section 3, the ADMM’s complexity is
depicted and compared with the usual MP approaches.
In section 4, a time profiling of the di↵erent optimized
blocks is presented. In section 5 the parallelism levels of
the algorithm and their application on the target archi-
tectures to get software improvements are described. In
section 6, some performance results on multi-core and
many-core targets are provided.
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based decoding was shown to be comparable to or bet-
ter than the common iterative message passing (MP)
decoding [22]. However, LP techniques are too com-
plex in terms of computations and memory require-
ments [22–25] to be applicable. With the advance of the
Alternate Direction Method of Multipliers (ADMM)
technique [26], a significant improvement towards LP
LDPC decoding scalability and optimization is possi-
ble. Barman et al. in [27] presented a two-slice charac-
terization for the parity polytope and developed an e�-
cient Euclidean projection algorithm which is required
for ADMM-based LP decoding. Despite the fact that
ADMM is distributed and has strong convergence guar-
antees, current implementations do not meet through-
put standard requirements [28, 29].

This paper draws upon the work published in [30]. It
provides additional details about the ADMM approach
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from [31] which enables to avoid the Euclidean projec-
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sis of the computation parallelism levels and the poten-
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ware optimizations of the decoder for multi and many
core platforms are described. Experiments on LDPC
codes from standards show that the optimized ADMM
decoder can achieve up to 30 Mbps. Its performance
features excel those of the first traditional LDPC de-
coders software implementations [6,7,12,32,33], though
they are still below the recent ones on multi-core plat-
forms [3, 18, 20]. This novel implementation paves the
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ming. They imported the LDPC decoding to the sphere
of convex optimization by relaxing the optimal decod-
ing problem into a linear optimization one. Barman et

al. [27] demonstrated that the ML decoding problem
can be solved using the ADMM method [26] which suits
the distributed convex optimization. To this purpose,
the LP decoding problem is reformulated as in Equa-
tion 2.3 to fit the ADMM template given in [26]. The
check polytope P

d

c

j

is the convex hull of all binary vec-
tors of length d

c

j

with an even number of ones.

minimize �Tx (2)

subject to T
j

x = z
j

; z
j

2 P
d

c

j

8j 2 J .
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TABLE 3
Characteristics of NMS-based CN kernels

Cn # of Kernel throughput
degree instr. (all) (latest)

6 169 47 cc. 66 cc.
7 194 52 cc. 73 cc.
8 218 58 cc. 79 cc.
9 242 64 cc. 84 cc.

10 269 71 cc. 89 cc.
12 320 84 cc. 103 cc.
19 517 131 cc. 150 cc.
20 548 139 cc. 156 cc.
32 858 217 cc. 242 cc.

iteration (Line 7:22, Algo 1) and �

hard

the duration for
the hard decision kernel (Line 25:27, Algo 1).

�dec = �init + i⇥ �iter + �hard (15)

The execution duration �

iter

can be then described as
the sum of the execution duration of the CN kernels
�

C

as shown in Equation 16. In Equation 16, �
Cm is the

execution duration of CN kernel for a CN of degree m.

�iter =
X

m2C

�Cm (16)

Compared to �

dec

that include i iterations of (n � k)

CN computations, execution times �

init

and �

hard

are
negligible. Thus, �

dec

can be approximated as follow:

 ⇡ �⇧ + i⇥
 
X

m2C

�Cm

!
+ �⇧�1 (17)

Execution duration required to execute �⇧ and �⇧�1

depends on n, q and can be expressed as follow:

�⇧ =

⇠
n

q

⇡
⇥ �⇧q �⇧�1

=

⇠
n

q

⇡
⇥ �⇧�1

q
(18)

Consequently, the execution duration of the LDPC
decoder that process SIMD codewords is given by:

 ⇡
⇠
n
q

⇡
⇥ (�⇧q + �⇧�1

q
) + i⇥

X

m2C

�Cm (19)

For regular LDPC codes, the Equation 19 can be
simplified as follow :

 ⇡
⇠
n
q

⇡
⇥ (�⇧q + �⇧�1

q
) + i⇥ (n� k)⇥ �C (20)

In order to obtain these different parameters required
to validate the performance model, an analysis of the
LDPC decoder binaries was performed using the Intel
Architecture Code Analyzer tool. For a given decoder, this
tool performs analysis of kernels under ideal conditions.
The number of instructions and clock cycles per CN
kernel iteration [38] are provided in Tables 3 and 4 for
NMS CN kernels (lines 8 to 22 in Algo 1) that is the
slowest one and ⇧/⇧

�1 kernels, respectively. Note that
the values are similar in SSE and AVX configurations.

In Tables 3 and 4, three values are given: (i) the number
(#) of assembler instructions required to perform the CN
kernel computation; (ii) the kernel throughput (all) that

is the number of clock cycles required to execute the
CN kernel as a body of an infinite loop; and (iii) Kernel
throughput (latest) that is to the number of clock cycles
required to execute the latest kernel iteration.

Kernel characteristics provided in Table 3 show that
the observed parameters increase linearly according to
the CN degree. They show that: (a) about 28 instructions
are necessary to process an SIMD set of messages; (b)
about 7 clock cycles are required to process an SIMD
set of messages. For a SSE configuration (SIMD=16),
1.75 instructions and 0.43 clock cycle are required to
process in average a message during a decoding iteration
(discarding interleaving and deinterleaving tasks). For
the AVX mode, both values are twice lower. These char-
acteristics for both SSE and AVX kernels demonstrate the
effectiveness of the CN processing implementations.

To evaluate the reliability of the Equations 18 and
19, estimations were compared to measurements. Mea-
surements were obtained using the Intel Performance
Counter Monitor. It enables to access some processor
internal registers that provide statistics about e.g. num-
ber of retired instructions, cache hit rates, etc. LDPC de-
coders previously evaluated in terms of throughput were
instrumented and then characterised. Characterisation
results are provided in Table 5. For instance, for a 4000⇥
2000 LDPC code (code id = 7), 6.93E+6 instructions were
necessary to perform 20 decoding iterations according
to the performance model and ⇥1.01 instructions more
were measured for a SSE-based decoder. The number
of instruction required to decode one codeword of 4000
symbols is thus 16 times lower (4.33E+05).

Results provided in Table 5 give the measurement and
the estimation of the number of instructions and clock
cycles required to decode SIMD codewords. The differ-
ence between the estimation and the measurement of the
number of retired instruction is low (range between 0%

and 10%). For the number of clock cycles, the difference
is between 20% and 120%. These differences come from
the fact that predicted values ignore memory access
times and cache misses. These runtime measurements
demonstrate that cache hits are high. This is due to
matrix reordering and preventive memory prefetches in-
serted in processing kernels. This cache efficiency mainly
explains the very high throughputs reported.

5.1.2 Multi-core target

A second experiment set is carried out on the impact
of the number of cores on the throughputs. The main
objective was to demonstrate the scalability of the de-
coders and also to estimate the performance penalties
introduced by core interactions (e.g. L3 cache sharing).

TABLE 4
Characteristics of ⇧/⇧�1 kernels

SSE AVX
# of Kernel throughput # of Kernel throughput
instr. all latest instr. all latest

Trans. 133 64 cc. 76 cc. 212 53 cc. 77 cc.
Inv. T. 241 61 cc. 81 cc. 270 68 cc. 89 cc.

Characteristics of CN computation of 
« best » x86 h-layered implementation: 

- 169 instructions for one CN computation, 

- 47 processor clock cycles (IPC = 4).

Rate M WMc→v ncycles RRAM

1/4 48600 14 2 97200
1/3 43200 16 2 86400
2/5 38880 17 2 77760
1/2 32400 18 2 64800
3/5 25920 21 3 77760
2/3 21600 22 3 64800
3/4 16200 26 3 48600
4/5 12960 31 4 51840
5/6 10800 35 4 43220
8/9 7200 40 5 36000

9/10 6480 43 5 32400

Table II. Memory capacity of the extrinsic message with
WRAM = 9

IV-B. Optimization principle

The idea is to add flexibility to both the address range
and the word size. For this, we benefit from the fact that
the RAM that stores the compressed Mold

c→v value is needed
only once per layer. As the delay to compute the next layer
is of dc cycles, we can use up to dc cycles to fetch the data
in the memory. A word can be split into two if we take two
cycles to fetch the data, and split in three if we take three
cycles. If we consider a single port RAM to implement the
memory, up to ⌊dc/2⌋ cycles can be used to read data, and
⌊dc/2⌋ cycles to write new data.

Let us consider the example of a memory bank of size
48600(RRAM)×22(WRAM ). In a first configuration, where
one cycle is used, we have a memory size of 48600 × 22
which fits to rates 1/4, 1/3, 1/2, 3/5, and 2/3. In a second
configuration, where two cycles are used, and two words of
size 22 are fetched at consecutive addresses, we have the
equivalent of a memory of size 24300 × 44 which fits to
rates 3/4, 4/5, 5/6, 8/9 and 9/10. The total memory size
for the two-cycle option is equal to 48600 × 22 = 106920
bits. This constitutes a memory savings of 50% compared
to the straightforward implementation.

IV-C. Results

The previously described process can be used for different
word sizes. Table II gives an example with WRAM = 9.
For each rate, the number of cycles is given by ncycles =
⌈WMc→v/WRAM⌉, and RRAM is deduced from RRAM =
ncycles×M . The global RAM range (Rglobal

RAM ) is given by the
maximum RRAM in Table II and the total memory capacity
is Rglobal

RAM × WRAM = 97200× 9 = 874800 bits.

Fig. 3 shows the total memory capacity as a function of
the word length WRAM . There are local minima for word
sizes 1, 9, 14, 18 and 21 bits. As the number of clock cycle
to fetch Mold

c→v is bounded by ⌊dc/2⌋, the possible solutions
are limited to WRAM greater than 7. A word size of 9 bits
gives the best memory optimization of 874800 bits. This is
only 26 % more than the theoretical minimum.
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Fig. 4. Finite precision of the NP architecture

V. FINITE PRECISION ARCHITECTURE OF THE

LAYERED DECODER

Fig. 4 presents the finite precision architecture of the NP
(Fig. 2). Word size, type (signed or absolute) and direction
are detailed for every signal connection. The architecture
implements the normalized Min-Sum algorithm. The sorting
block generates the Min, Submin and Ind values. These
values are stored in a RAM to generate Mold

c→v during the
next iteration. A single port RAM is used to store the Mc→v

values.

Fig. 5 is an overview of the proposed layered decoder
architecture (see [11] and [12] for a detailed description). In

Characteristics of CN computation of 
Marchand and al. hardware architecture: 

- 6 + 6 = 12 cycles per CN computation, 

- 45 CN processor in the design,

SIMD = 32 => 47 clock cycles = 32 CNs

C. Marchand, L. Conde-Canencia, E. Boutillon. Architecture and finite precision optimization for layered LDPC decoders. SIPS, 2010

B. Le Gal and C. Jego, High-throughput multi-core LDPC decoders based on x86 processor, IEEE TPDS, 2016
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TABLE 3
Characteristics of NMS-based CN kernels

Cn # of Kernel throughput
degree instr. (all) (latest)

6 169 47 cc. 66 cc.
7 194 52 cc. 73 cc.
8 218 58 cc. 79 cc.
9 242 64 cc. 84 cc.

10 269 71 cc. 89 cc.
12 320 84 cc. 103 cc.
19 517 131 cc. 150 cc.
20 548 139 cc. 156 cc.
32 858 217 cc. 242 cc.

iteration (Line 7:22, Algo 1) and �

hard

the duration for
the hard decision kernel (Line 25:27, Algo 1).

�dec = �init + i⇥ �iter + �hard (15)

The execution duration �

iter

can be then described as
the sum of the execution duration of the CN kernels
�

C

as shown in Equation 16. In Equation 16, �
Cm is the

execution duration of CN kernel for a CN of degree m.

�iter =
X

m2C

�Cm (16)

Compared to �

dec

that include i iterations of (n � k)

CN computations, execution times �

init

and �

hard

are
negligible. Thus, �

dec

can be approximated as follow:

 ⇡ �⇧ + i⇥
 
X

m2C

�Cm

!
+ �⇧�1 (17)

Execution duration required to execute �⇧ and �⇧�1

depends on n, q and can be expressed as follow:

�⇧ =

⇠
n

q

⇡
⇥ �⇧q �⇧�1

=

⇠
n

q

⇡
⇥ �⇧�1

q
(18)

Consequently, the execution duration of the LDPC
decoder that process SIMD codewords is given by:

 ⇡
⇠
n
q

⇡
⇥ (�⇧q + �⇧�1

q
) + i⇥

X

m2C

�Cm (19)

For regular LDPC codes, the Equation 19 can be
simplified as follow :

 ⇡
⇠
n
q

⇡
⇥ (�⇧q + �⇧�1

q
) + i⇥ (n� k)⇥ �C (20)

In order to obtain these different parameters required
to validate the performance model, an analysis of the
LDPC decoder binaries was performed using the Intel
Architecture Code Analyzer tool. For a given decoder, this
tool performs analysis of kernels under ideal conditions.
The number of instructions and clock cycles per CN
kernel iteration [38] are provided in Tables 3 and 4 for
NMS CN kernels (lines 8 to 22 in Algo 1) that is the
slowest one and ⇧/⇧

�1 kernels, respectively. Note that
the values are similar in SSE and AVX configurations.

In Tables 3 and 4, three values are given: (i) the number
(#) of assembler instructions required to perform the CN
kernel computation; (ii) the kernel throughput (all) that

is the number of clock cycles required to execute the
CN kernel as a body of an infinite loop; and (iii) Kernel
throughput (latest) that is to the number of clock cycles
required to execute the latest kernel iteration.

Kernel characteristics provided in Table 3 show that
the observed parameters increase linearly according to
the CN degree. They show that: (a) about 28 instructions
are necessary to process an SIMD set of messages; (b)
about 7 clock cycles are required to process an SIMD
set of messages. For a SSE configuration (SIMD=16),
1.75 instructions and 0.43 clock cycle are required to
process in average a message during a decoding iteration
(discarding interleaving and deinterleaving tasks). For
the AVX mode, both values are twice lower. These char-
acteristics for both SSE and AVX kernels demonstrate the
effectiveness of the CN processing implementations.

To evaluate the reliability of the Equations 18 and
19, estimations were compared to measurements. Mea-
surements were obtained using the Intel Performance
Counter Monitor. It enables to access some processor
internal registers that provide statistics about e.g. num-
ber of retired instructions, cache hit rates, etc. LDPC de-
coders previously evaluated in terms of throughput were
instrumented and then characterised. Characterisation
results are provided in Table 5. For instance, for a 4000⇥
2000 LDPC code (code id = 7), 6.93E+6 instructions were
necessary to perform 20 decoding iterations according
to the performance model and ⇥1.01 instructions more
were measured for a SSE-based decoder. The number
of instruction required to decode one codeword of 4000
symbols is thus 16 times lower (4.33E+05).

Results provided in Table 5 give the measurement and
the estimation of the number of instructions and clock
cycles required to decode SIMD codewords. The differ-
ence between the estimation and the measurement of the
number of retired instruction is low (range between 0%

and 10%). For the number of clock cycles, the difference
is between 20% and 120%. These differences come from
the fact that predicted values ignore memory access
times and cache misses. These runtime measurements
demonstrate that cache hits are high. This is due to
matrix reordering and preventive memory prefetches in-
serted in processing kernels. This cache efficiency mainly
explains the very high throughputs reported.

5.1.2 Multi-core target

A second experiment set is carried out on the impact
of the number of cores on the throughputs. The main
objective was to demonstrate the scalability of the de-
coders and also to estimate the performance penalties
introduced by core interactions (e.g. L3 cache sharing).

TABLE 4
Characteristics of ⇧/⇧�1 kernels

SSE AVX
# of Kernel throughput # of Kernel throughput
instr. all latest instr. all latest

Trans. 133 64 cc. 76 cc. 212 53 cc. 77 cc.
Inv. T. 241 61 cc. 81 cc. 270 68 cc. 89 cc.

Characteristics of CN computation of 
« best » x86 LDPC decoder implementation: 

- 169 instructions for one CN computation, 

- 47 processor clock cycles (IPC = 4).

Rate M WMc→v ncycles RRAM

1/4 48600 14 2 97200
1/3 43200 16 2 86400
2/5 38880 17 2 77760
1/2 32400 18 2 64800
3/5 25920 21 3 77760
2/3 21600 22 3 64800
3/4 16200 26 3 48600
4/5 12960 31 4 51840
5/6 10800 35 4 43220
8/9 7200 40 5 36000

9/10 6480 43 5 32400

Table II. Memory capacity of the extrinsic message with
WRAM = 9

IV-B. Optimization principle

The idea is to add flexibility to both the address range
and the word size. For this, we benefit from the fact that
the RAM that stores the compressed Mold

c→v value is needed
only once per layer. As the delay to compute the next layer
is of dc cycles, we can use up to dc cycles to fetch the data
in the memory. A word can be split into two if we take two
cycles to fetch the data, and split in three if we take three
cycles. If we consider a single port RAM to implement the
memory, up to ⌊dc/2⌋ cycles can be used to read data, and
⌊dc/2⌋ cycles to write new data.

Let us consider the example of a memory bank of size
48600(RRAM)×22(WRAM ). In a first configuration, where
one cycle is used, we have a memory size of 48600 × 22
which fits to rates 1/4, 1/3, 1/2, 3/5, and 2/3. In a second
configuration, where two cycles are used, and two words of
size 22 are fetched at consecutive addresses, we have the
equivalent of a memory of size 24300 × 44 which fits to
rates 3/4, 4/5, 5/6, 8/9 and 9/10. The total memory size
for the two-cycle option is equal to 48600 × 22 = 106920
bits. This constitutes a memory savings of 50% compared
to the straightforward implementation.

IV-C. Results

The previously described process can be used for different
word sizes. Table II gives an example with WRAM = 9.
For each rate, the number of cycles is given by ncycles =
⌈WMc→v/WRAM⌉, and RRAM is deduced from RRAM =
ncycles×M . The global RAM range (Rglobal

RAM ) is given by the
maximum RRAM in Table II and the total memory capacity
is Rglobal

RAM × WRAM = 97200× 9 = 874800 bits.

Fig. 3 shows the total memory capacity as a function of
the word length WRAM . There are local minima for word
sizes 1, 9, 14, 18 and 21 bits. As the number of clock cycle
to fetch Mold

c→v is bounded by ⌊dc/2⌋, the possible solutions
are limited to WRAM greater than 7. A word size of 9 bits
gives the best memory optimization of 874800 bits. This is
only 26 % more than the theoretical minimum.
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Fig. 4. Finite precision of the NP architecture

V. FINITE PRECISION ARCHITECTURE OF THE

LAYERED DECODER

Fig. 4 presents the finite precision architecture of the NP
(Fig. 2). Word size, type (signed or absolute) and direction
are detailed for every signal connection. The architecture
implements the normalized Min-Sum algorithm. The sorting
block generates the Min, Submin and Ind values. These
values are stored in a RAM to generate Mold

c→v during the
next iteration. A single port RAM is used to store the Mc→v

values.

Fig. 5 is an overview of the proposed layered decoder
architecture (see [11] and [12] for a detailed description). In

Characteristics of CN unit of Marchand et al. 
hardware architecture: 

- 6 + 6 = 12 cycles per CN computation, 

- 45 CN processor in the design,

SIMD = 32 => 47 clock cycles = 32 CNs

4x slow than hardware @ Freq. 20 faster

C. Marchand, L. Conde-Canencia, E. Boutillon. Architecture and finite precision optimization for layered LDPC decoders. SIPS, 2010

B. Le Gal and C. Jego, High-throughput multi-core LDPC decoders based on x86 processor, IEEE TPDS, 2016
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TABLE 3
Characteristics of NMS-based CN kernels

Cn # of Kernel throughput
degree instr. (all) (latest)

6 169 47 cc. 66 cc.
7 194 52 cc. 73 cc.
8 218 58 cc. 79 cc.
9 242 64 cc. 84 cc.

10 269 71 cc. 89 cc.
12 320 84 cc. 103 cc.
19 517 131 cc. 150 cc.
20 548 139 cc. 156 cc.
32 858 217 cc. 242 cc.

iteration (Line 7:22, Algo 1) and �

hard

the duration for
the hard decision kernel (Line 25:27, Algo 1).

�dec = �init + i⇥ �iter + �hard (15)

The execution duration �

iter

can be then described as
the sum of the execution duration of the CN kernels
�

C

as shown in Equation 16. In Equation 16, �
Cm is the

execution duration of CN kernel for a CN of degree m.

�iter =
X

m2C

�Cm (16)

Compared to �

dec

that include i iterations of (n � k)

CN computations, execution times �

init

and �

hard

are
negligible. Thus, �

dec

can be approximated as follow:

 ⇡ �⇧ + i⇥
 
X

m2C

�Cm

!
+ �⇧�1 (17)

Execution duration required to execute �⇧ and �⇧�1

depends on n, q and can be expressed as follow:

�⇧ =

⇠
n

q

⇡
⇥ �⇧q �⇧�1

=

⇠
n

q

⇡
⇥ �⇧�1

q
(18)

Consequently, the execution duration of the LDPC
decoder that process SIMD codewords is given by:

 ⇡
⇠
n
q

⇡
⇥ (�⇧q + �⇧�1

q
) + i⇥

X

m2C

�Cm (19)

For regular LDPC codes, the Equation 19 can be
simplified as follow :

 ⇡
⇠
n
q

⇡
⇥ (�⇧q + �⇧�1

q
) + i⇥ (n� k)⇥ �C (20)

In order to obtain these different parameters required
to validate the performance model, an analysis of the
LDPC decoder binaries was performed using the Intel
Architecture Code Analyzer tool. For a given decoder, this
tool performs analysis of kernels under ideal conditions.
The number of instructions and clock cycles per CN
kernel iteration [38] are provided in Tables 3 and 4 for
NMS CN kernels (lines 8 to 22 in Algo 1) that is the
slowest one and ⇧/⇧

�1 kernels, respectively. Note that
the values are similar in SSE and AVX configurations.

In Tables 3 and 4, three values are given: (i) the number
(#) of assembler instructions required to perform the CN
kernel computation; (ii) the kernel throughput (all) that

is the number of clock cycles required to execute the
CN kernel as a body of an infinite loop; and (iii) Kernel
throughput (latest) that is to the number of clock cycles
required to execute the latest kernel iteration.

Kernel characteristics provided in Table 3 show that
the observed parameters increase linearly according to
the CN degree. They show that: (a) about 28 instructions
are necessary to process an SIMD set of messages; (b)
about 7 clock cycles are required to process an SIMD
set of messages. For a SSE configuration (SIMD=16),
1.75 instructions and 0.43 clock cycle are required to
process in average a message during a decoding iteration
(discarding interleaving and deinterleaving tasks). For
the AVX mode, both values are twice lower. These char-
acteristics for both SSE and AVX kernels demonstrate the
effectiveness of the CN processing implementations.

To evaluate the reliability of the Equations 18 and
19, estimations were compared to measurements. Mea-
surements were obtained using the Intel Performance
Counter Monitor. It enables to access some processor
internal registers that provide statistics about e.g. num-
ber of retired instructions, cache hit rates, etc. LDPC de-
coders previously evaluated in terms of throughput were
instrumented and then characterised. Characterisation
results are provided in Table 5. For instance, for a 4000⇥
2000 LDPC code (code id = 7), 6.93E+6 instructions were
necessary to perform 20 decoding iterations according
to the performance model and ⇥1.01 instructions more
were measured for a SSE-based decoder. The number
of instruction required to decode one codeword of 4000
symbols is thus 16 times lower (4.33E+05).

Results provided in Table 5 give the measurement and
the estimation of the number of instructions and clock
cycles required to decode SIMD codewords. The differ-
ence between the estimation and the measurement of the
number of retired instruction is low (range between 0%

and 10%). For the number of clock cycles, the difference
is between 20% and 120%. These differences come from
the fact that predicted values ignore memory access
times and cache misses. These runtime measurements
demonstrate that cache hits are high. This is due to
matrix reordering and preventive memory prefetches in-
serted in processing kernels. This cache efficiency mainly
explains the very high throughputs reported.

5.1.2 Multi-core target

A second experiment set is carried out on the impact
of the number of cores on the throughputs. The main
objective was to demonstrate the scalability of the de-
coders and also to estimate the performance penalties
introduced by core interactions (e.g. L3 cache sharing).

TABLE 4
Characteristics of ⇧/⇧�1 kernels

SSE AVX
# of Kernel throughput # of Kernel throughput
instr. all latest instr. all latest

Trans. 133 64 cc. 76 cc. 212 53 cc. 77 cc.
Inv. T. 241 61 cc. 81 cc. 270 68 cc. 89 cc.

Characteristics of CN computation of the 
« best » x86 LDPC decoder implementation: 

- 169 instructions for one CN computation, 

- 47 processor clock cycles (IPC = 4).

Rate M WMc→v ncycles RRAM

1/4 48600 14 2 97200
1/3 43200 16 2 86400
2/5 38880 17 2 77760
1/2 32400 18 2 64800
3/5 25920 21 3 77760
2/3 21600 22 3 64800
3/4 16200 26 3 48600
4/5 12960 31 4 51840
5/6 10800 35 4 43220
8/9 7200 40 5 36000

9/10 6480 43 5 32400

Table II. Memory capacity of the extrinsic message with
WRAM = 9

IV-B. Optimization principle

The idea is to add flexibility to both the address range
and the word size. For this, we benefit from the fact that
the RAM that stores the compressed Mold

c→v value is needed
only once per layer. As the delay to compute the next layer
is of dc cycles, we can use up to dc cycles to fetch the data
in the memory. A word can be split into two if we take two
cycles to fetch the data, and split in three if we take three
cycles. If we consider a single port RAM to implement the
memory, up to ⌊dc/2⌋ cycles can be used to read data, and
⌊dc/2⌋ cycles to write new data.

Let us consider the example of a memory bank of size
48600(RRAM)×22(WRAM ). In a first configuration, where
one cycle is used, we have a memory size of 48600 × 22
which fits to rates 1/4, 1/3, 1/2, 3/5, and 2/3. In a second
configuration, where two cycles are used, and two words of
size 22 are fetched at consecutive addresses, we have the
equivalent of a memory of size 24300 × 44 which fits to
rates 3/4, 4/5, 5/6, 8/9 and 9/10. The total memory size
for the two-cycle option is equal to 48600 × 22 = 106920
bits. This constitutes a memory savings of 50% compared
to the straightforward implementation.

IV-C. Results

The previously described process can be used for different
word sizes. Table II gives an example with WRAM = 9.
For each rate, the number of cycles is given by ncycles =
⌈WMc→v/WRAM⌉, and RRAM is deduced from RRAM =
ncycles×M . The global RAM range (Rglobal

RAM ) is given by the
maximum RRAM in Table II and the total memory capacity
is Rglobal

RAM × WRAM = 97200× 9 = 874800 bits.

Fig. 3 shows the total memory capacity as a function of
the word length WRAM . There are local minima for word
sizes 1, 9, 14, 18 and 21 bits. As the number of clock cycle
to fetch Mold

c→v is bounded by ⌊dc/2⌋, the possible solutions
are limited to WRAM greater than 7. A word size of 9 bits
gives the best memory optimization of 874800 bits. This is
only 26 % more than the theoretical minimum.
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V. FINITE PRECISION ARCHITECTURE OF THE

LAYERED DECODER

Fig. 4 presents the finite precision architecture of the NP
(Fig. 2). Word size, type (signed or absolute) and direction
are detailed for every signal connection. The architecture
implements the normalized Min-Sum algorithm. The sorting
block generates the Min, Submin and Ind values. These
values are stored in a RAM to generate Mold

c→v during the
next iteration. A single port RAM is used to store the Mc→v

values.

Fig. 5 is an overview of the proposed layered decoder
architecture (see [11] and [12] for a detailed description). In

Characteristics of CN computation of 
Marchand and al. hardware architecture: 

- 6 + 6 = 12 cycles per CN computation, 

- 45 CN processor in the design,

SIMD = 32 => 47 clock cycles = 32 CNs

4x slower than hardware @ Freq. 20 faster

C. Marchand, L. Conde-Canencia, E. Boutillon. Architecture and finite precision optimization for layered LDPC decoders. SIPS, 2010

B. Le Gal and C. Jego, High-throughput multi-core LDPC decoders based on x86 processor, IEEE TPDS, 2016
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TABLE 5
Characteristics of LDPC decoders (NMS) when executing 20 layered decoding iterations

Measured Modelized Difference
Code SIMD MF Intr. cycles avg #L2 #L3 L2 hit L3 hit MCr MCw I/R. CC/R. I/R. CC/R.id conf. (kB) /run /run IPC /run /run rate rate (GBps) (GBps)

1 SSE 41 1.10E+06 3.58E+05 3.07 262 12 95% 75% 0.007 0.000 1.03E+06 3.00E+05 107% 119%
2 SSE 89 2.37E+06 7.82E+05 3.03 519 28 95% 75% 0.007 0.000 2.24E+06 6.51E+05 106% 120%
3 SSE 153 3.80E+06 1.29E+06 2.95 7312 53 99% 79% 0.007 0.000 3.54E+06 9.18E+05 107% 140%
4 SSE 153 4.32E+06 1.39E+06 3.10 1213 79 93% 72% 0.008 0.000 3.89E+06 1.13E+06 111% 123%
5 SSE 248 6.66E+06 2.38E+06 2.79 43938 2312 95% 99% 0.014 0.001 6.63E+06 1.69E+06 100% 141%
6 SSE 164 4.38E+06 1.42E+06 3.08 1192 98 92% 90% 0.008 0.000 4.13E+06 1.20E+06 106% 118%
7 SSE 273 6.93E+06 2.40E+06 2.89 26056 654 97% 97% 0.000 0.000 6.84E+06 1.99E+06 101% 120%
8 SSE 547 1.39E+07 4.88E+06 2.84 22688 705 97% 94% 0.000 0.000 1.37E+07 3.98E+06 101% 122%
9 SSE 630 1.60E+07 5.37E+06 2.98 106228 3568 97% 98% 0.000 0.000 1.49E+07 4.41E+06 107% 122%

10 SSE 630 1.60E+07 5.58E+06 2.86 24380 783 97% 92% 0.000 0.000 1.58E+07 4.59E+06 101% 122%
11 SSE 1576 4.19E+07 1.48E+07 2.83 85505 2541 97% 91% 0.000 0.000 4.08E+07 1.20E+07 103% 123%
12 SSE 1367 3.48E+07 1.42E+07 2.45 21387 12617 41% 99% 0.000 0.000 3.42E+07 9.96E+06 102% 143%
13 SSE 4999 1.28E+08 5.73E+07 2.23 326680 230840 29% 18% 0.110 0.018 1.27E+08 3.68E+07 101% 156%
1 AVX 79 1.06E+06 3.87E+05 2.75 5168 12 100% 75% 0.009 0.000 1.04E+06 3.01E+05 102% 128%
2 AVX 170 2.30E+06 8.66E+05 2.66 11270 88 99% 90% 0.009 0.000 2.25E+06 6.53E+05 102% 133%
3 AVX 292 3.79E+06 1.58E+06 2.41 25414 2671 89% 100% 0.011 0.000 3.56E+06 9.22E+05 107% 171%
4 AVX 292 4.15E+06 1.59E+06 2.61 19422 805 96% 98% 0.011 0.000 3.91E+06 1.14E+06 106% 140%
5 AVX 472 6.68E+06 3.52E+06 1.90 85589 23113 73% 100% 0.000 0.000 6.65E+06 1.69E+06 100% 208%
6 AVX 314 4.24E+06 1.62E+06 2.62 24130 781 97% 98% 0.010 0.000 4.15E+06 1.21E+06 102% 134%
7 AVX 523 7.20E+06 2.95E+06 2.44 8196 789 90% 97% 0.011 0.000 6.88E+06 2.00E+06 105% 148%
8 AVX 1047 1.44E+07 6.84E+06 2.11 17215 10411 40% 99% 0.013 0.001 1.38E+07 4.00E+06 105% 171%
9 AVX 1206 1.55E+07 6.98E+06 2.21 70159 5518 92% 98% 0.011 0.000 1.50E+07 4.42E+06 103% 158%

10 AVX 1206 1.66E+07 6.65E+06 2.49 38425 1628 96% 96% 0.011 0.000 1.58E+07 4.61E+06 105% 144%
11 AVX 3004 4.35E+07 2.00E+07 2.17 141206 67586 52% 97% 0.036 0.013 4.09E+07 1.21E+07 106% 166%
12 AVX 2617 3.60E+07 1.88E+07 1.92 83511 59748 28% 98% 0.015 0.001 3.44E+07 1.00E+07 105% 188%
13 AVX 9555 1.31E+08 7.19E+07 1.82 1186047 1017927 14% 7% 0.017 0.105 1.28E+08 3.69E+07 103% 195%

with: MF: the memory footprint of the decoder in kBytes; I/R: of processor instructions per decoder execution (result of the PCM getInstructionsRetired
function); CC/R: number of clock cycles required to fully execute the decoder (result of the PCM getCycles function); IPC: average number of instructions retired
per clock cycle; #L2/R and #L3/R: the number of L2/L3 cache requests during a decoder execution, respectively; #MCr and #MCw: memory bandwidth in
read/write access from memory controller (getBytesReadFromMC/getBytesWrittenToMC).

Table 6 gives the throughputs of the decoders when one,
two and four cores are considered in both SSE and AVX
configurations. The multi-core decoders were performed
using OpenMP directives. decoding threads can thus be
launched in a synchronized way or in a stream based
approach such as in [21]. We considered latest solution.

As expected, throughputs in multi-core mode are
higher. Speed-up factor achieved for the SSE-based de-
coder increases from 3.0 up to 3.8. The largest gains are
obtained for the shorter codes. It is mainly due to L3
cache misses that are generated by the longer frames.
Indeed, the memory footprints of the multi-core LDPC
decoders are multiplied by the number of processor
core used. Consequently, the number of L3 cache misses
significantly increases. Observations are similar for AVX-
based decoders. The throughputs increase from 2.8 up to
3.5 (average = 3.3). These lower improvements mainly
come from the fact that AVX-based decoders have a
memory footprint twice bigger than SSE ones. So the L2
and L3 processor caches are faster saturated. Concerning
the processing latency, its values increase by {⇥1.1,⇥1.5}
depending on the LDPC frame length. As expected,
longer frames suffer from higher penalties.

These results demonstrate the approach scalability.
However, it is important to notice that very optimized
CN kernels made LDPC decoder limited by memory. In
consequence high multi-core performance may only be
reach if the amount of memory cache by core is enough
important by comparison to LDPC decoder footprint.
For instance, processor such as Core-i7 with four cores
and 3 MB of cache memory may provide much lower
throughput performance.

5.1.3 Conclusion

This set of experiments has shown that the proposed
LDPC decoders are efficient in terms of (a) throughput
and (b) decoding latency. Selected LDPC decoding algo-
rithms and its implementations offer throughputs onto a
single processor core that are higher than ones required
in current digital wireless and broadcasting standards.
Moreover, processing latency introduced by the execu-
tion is low. Consequently, the proposed decoders onto
an x86 processor can be used in practical SDR (software-
defined radio) systems. Finally, early termination criteria
was also experimented to increase the throughput of
the LDPC decoders. It enables to reduce the number of
decoding iterations when a set of codeword is discov-
ered. This improvement whose impact grows up with
the SNR value can be used to save energy or process
more informations in average.

5.2 Comparisons with the state of the art

5.2.1 x86 processor

In order to demonstrate the efficiency of the LDPC de-
coders onto a x86 processor, we have compared their per-
formance in terms of throughput with previous works.
In [12], [20], [26], [27], authors have optimized their
LDPC decoder for x86 CPUs using SIMD and multi-core
properties. Similar experiments were performed for the
proposed LDPC decoders. The number of decoding iter-
ations executed by proposed LDPC decoders are twice
lower than related ones when a flooding scheduling was
applied. Moreover, in related works, experiments were
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TABLE 5
Characteristics of LDPC decoders (NMS) when executing 20 layered decoding iterations

Measured Modelized Difference
Code SIMD MF Intr. cycles avg #L2 #L3 L2 hit L3 hit MCr MCw I/R. CC/R. I/R. CC/R.id conf. (kB) /run /run IPC /run /run rate rate (GBps) (GBps)

1 SSE 41 1.10E+06 3.58E+05 3.07 262 12 95% 75% 0.007 0.000 1.03E+06 3.00E+05 107% 119%
2 SSE 89 2.37E+06 7.82E+05 3.03 519 28 95% 75% 0.007 0.000 2.24E+06 6.51E+05 106% 120%
3 SSE 153 3.80E+06 1.29E+06 2.95 7312 53 99% 79% 0.007 0.000 3.54E+06 9.18E+05 107% 140%
4 SSE 153 4.32E+06 1.39E+06 3.10 1213 79 93% 72% 0.008 0.000 3.89E+06 1.13E+06 111% 123%
5 SSE 248 6.66E+06 2.38E+06 2.79 43938 2312 95% 99% 0.014 0.001 6.63E+06 1.69E+06 100% 141%
6 SSE 164 4.38E+06 1.42E+06 3.08 1192 98 92% 90% 0.008 0.000 4.13E+06 1.20E+06 106% 118%
7 SSE 273 6.93E+06 2.40E+06 2.89 26056 654 97% 97% 0.000 0.000 6.84E+06 1.99E+06 101% 120%
8 SSE 547 1.39E+07 4.88E+06 2.84 22688 705 97% 94% 0.000 0.000 1.37E+07 3.98E+06 101% 122%
9 SSE 630 1.60E+07 5.37E+06 2.98 106228 3568 97% 98% 0.000 0.000 1.49E+07 4.41E+06 107% 122%

10 SSE 630 1.60E+07 5.58E+06 2.86 24380 783 97% 92% 0.000 0.000 1.58E+07 4.59E+06 101% 122%
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4 AVX 292 4.15E+06 1.59E+06 2.61 19422 805 96% 98% 0.011 0.000 3.91E+06 1.14E+06 106% 140%
5 AVX 472 6.68E+06 3.52E+06 1.90 85589 23113 73% 100% 0.000 0.000 6.65E+06 1.69E+06 100% 208%
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10 AVX 1206 1.66E+07 6.65E+06 2.49 38425 1628 96% 96% 0.011 0.000 1.58E+07 4.61E+06 105% 144%
11 AVX 3004 4.35E+07 2.00E+07 2.17 141206 67586 52% 97% 0.036 0.013 4.09E+07 1.21E+07 106% 166%
12 AVX 2617 3.60E+07 1.88E+07 1.92 83511 59748 28% 98% 0.015 0.001 3.44E+07 1.00E+07 105% 188%
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with: MF: the memory footprint of the decoder in kBytes; I/R: of processor instructions per decoder execution (result of the PCM getInstructionsRetired
function); CC/R: number of clock cycles required to fully execute the decoder (result of the PCM getCycles function); IPC: average number of instructions retired
per clock cycle; #L2/R and #L3/R: the number of L2/L3 cache requests during a decoder execution, respectively; #MCr and #MCw: memory bandwidth in
read/write access from memory controller (getBytesReadFromMC/getBytesWrittenToMC).

Table 6 gives the throughputs of the decoders when one,
two and four cores are considered in both SSE and AVX
configurations. The multi-core decoders were performed
using OpenMP directives. decoding threads can thus be
launched in a synchronized way or in a stream based
approach such as in [21]. We considered latest solution.

As expected, throughputs in multi-core mode are
higher. Speed-up factor achieved for the SSE-based de-
coder increases from 3.0 up to 3.8. The largest gains are
obtained for the shorter codes. It is mainly due to L3
cache misses that are generated by the longer frames.
Indeed, the memory footprints of the multi-core LDPC
decoders are multiplied by the number of processor
core used. Consequently, the number of L3 cache misses
significantly increases. Observations are similar for AVX-
based decoders. The throughputs increase from 2.8 up to
3.5 (average = 3.3). These lower improvements mainly
come from the fact that AVX-based decoders have a
memory footprint twice bigger than SSE ones. So the L2
and L3 processor caches are faster saturated. Concerning
the processing latency, its values increase by {⇥1.1,⇥1.5}
depending on the LDPC frame length. As expected,
longer frames suffer from higher penalties.

These results demonstrate the approach scalability.
However, it is important to notice that very optimized
CN kernels made LDPC decoder limited by memory. In
consequence high multi-core performance may only be
reach if the amount of memory cache by core is enough
important by comparison to LDPC decoder footprint.
For instance, processor such as Core-i7 with four cores
and 3 MB of cache memory may provide much lower
throughput performance.

5.1.3 Conclusion

This set of experiments has shown that the proposed
LDPC decoders are efficient in terms of (a) throughput
and (b) decoding latency. Selected LDPC decoding algo-
rithms and its implementations offer throughputs onto a
single processor core that are higher than ones required
in current digital wireless and broadcasting standards.
Moreover, processing latency introduced by the execu-
tion is low. Consequently, the proposed decoders onto
an x86 processor can be used in practical SDR (software-
defined radio) systems. Finally, early termination criteria
was also experimented to increase the throughput of
the LDPC decoders. It enables to reduce the number of
decoding iterations when a set of codeword is discov-
ered. This improvement whose impact grows up with
the SNR value can be used to save energy or process
more informations in average.

5.2 Comparisons with the state of the art

5.2.1 x86 processor

In order to demonstrate the efficiency of the LDPC de-
coders onto a x86 processor, we have compared their per-
formance in terms of throughput with previous works.
In [12], [20], [26], [27], authors have optimized their
LDPC decoder for x86 CPUs using SIMD and multi-core
properties. Similar experiments were performed for the
proposed LDPC decoders. The number of decoding iter-
ations executed by proposed LDPC decoders are twice
lower than related ones when a flooding scheduling was
applied. Moreover, in related works, experiments were

The instruction level parallelism is 
still high during the overall decoding

The LLR and the message values fill 
in cache memory => avoid slow 

global memory accesses

B. Le Gal and C. Jego, High-throughput multi-core LDPC decoders based on x86 processor, IEEE TPDS, 2016
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Parallelism Target Power (TDP) Throughputs Ej/bit/iter

[1] Intra & Inter Core i7-3960 
(x6)

130 W 100 Mbps @10F 130 nJ

[2] Inter GTX 660 140 W 927 Mbps @5L 15 nJ

[3] Intra & Inter GTX TITAN 250 W 237 Mbps @10F 105 nJ

[4] Inter Core-i7 (x4) 47 W 1522 Mbps @5L 4 nJ

[5] Inter ARM A15 (x4) 4 W 146 Mbps @5L 3 nJ

[1] X. Pan and al., “A high throughput LDPC decoder in CMMB based on virtual radio”, in WCNC Workshop, 2013.  
[2]  B. Le Gal, and al., “A high throughput efficient approach for decoding LDPC codes onto GPU devices”, IEEE ESL, 2014  
[3]  G. Wang and al., “High throughput low latency LDPC decoding on GPU for SDR systems”, GlobalSIP, 2013. 
[4] B. Le Gal and C. Jego, “High-throughput multi-core LDPC decoders based on x86 processor”, IEEE TPDS, 2016.  
[5] B. Le Gal and C. Jego, “High-throughput LDPC decoder on low-power embedded processors”, IEEE Comm. Letter, 2015.

C. Marchand et al. (DVB-S2 LDPC code) 

- Air throughput 120 Mbps @ 20L on Virtex-5 FPGA (some Watts ?) 

- In [4], air throughput 232 Mbps @ 20L on INTEL Core-i7 (47 Watts).
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LDPC code = (1944, 972)
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Parallelism Target Power (TDP) Throughputs Ej/bit

[1] Inter Intel i7-2600 
CPU

95 W 335 Mbps 283 nJ

[2] Intra Cortex-A9 ARM < 1 W 52 Mbps 19 nJ

[3] Intra Corei7-4960HQ 47 W 2172 Mbps 21 nJ

[4] Inter Tesla K20c 225 W 964 Mbps 233 nJ

[5] Inter Intel i7-2600 95 W 33 Mbps (L=8) 2878 nJ

[1] G. Sarkis, P. Giard, C. Thibeault, and W. Gross, “Autogenerating software polar decoders,” GlobalSIP 2014.
[2] B. Le Gal, C. Leroux and C. Jégo, “Software Polar Decoder on an Embedded Processor”, SIPS, 2014.
[3] B. Le Gal, C. Leroux and C. Jego, “Multi-Gb/s software decoding of Polar Codes”, IEEE TSP, 2015.
[4] P. Giard, G. Sarkis, C. Leroux, C. Thibeault, W. J. Gross, “Low-Latency Software Polar Decoders, JSPS, 2016.
[5] G. Sarkis, P. Giard, A. Vardy, C. Thibeault, and W. J. Gross, “Fast List Decoders for Polar Codes”, IEEE JSAC 2016.

Polar code = (2048, 1707)
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SC decoding of polar codes is not an iterative technique !
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Parallelism Target Power (TDP) Throughputs Ej/bit/iter

[1] Inter GTX 480 250 W 122 Mbps @6 339 nJ

[2] Intra & Inter GTX 580 244 W 192 Mbps @5 382 nJ

[3] Intra & Inter Xeon 5670 95 W 222 Mbps @3 142 nJ

[4] Intra Core-i7 4960 47 W 138 Mbps @6 57 nJ

[4] Intra 2×E5-2680v3 240 W 716 Mbps @6 56 nJ

[1] J. Xianjun et al., “A 122mb/s turbo decoder using a mid-range GPU”, IWCMC, 2013.  
[2]  R. Li et al., “An efficient parallel SOVA- based turbo decoder for software defined radio on GPU,” IEICE, 2014.  
[3]  S. Zhang, R. Qian, T. Peng, R. Duan, and K. Chen, “High throughput turbo decoder design for GPP platform”, ICST, 2012.  
[4] Adrien Cassagne et al., Beyond Gbps Turbo Decoder on Multi-Core CPUs, Submitted in ISTC, 2016.
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Turbo code = (6144, 1/3)
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Parallelism Target Power (TDP) Throughputs Ej/bit/iter

[1] Inter GTX 480 250 W 122 Mbps @6 339 nJ

[2] Intra & Inter GTX 580 244 W 192 Mbps @5 382 nJ

[3] Intra & Inter Xeon 5670 95 W 222 Mbps @3 142 nJ

[4] Intra Core-i7 4960 47 W 138 Mbps @6 57 nJ

[4] Intra 2×E5-2680v3 240 W 716 Mbps @6 56 nJ

[1] J. Xianjun et al., “A 122mb/s turbo decoder using a mid-range GPU”, IWCMC, 2013.  
[2]  R. Li et al., “An efficient parallel SOVA- based turbo decoder for software defined radio on GPU,” IEICE, 2014.  
[3]  S. Zhang, R. Qian, T. Peng, R. Duan, and K. Chen, “High throughput turbo decoder design for GPP platform”, ICST, 2012.  
[4] Adrien Cassagne et al., Beyond Gbps Turbo Decoder on Multi-Core CPUs, Submitted in ISTC, 2016.
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Turbo code = (6144, 1/3)

Power consumption of software decoders are 
mainly in range [10,500] nj/bit

Finer comparison of code families is difficult without 
FER, throughputs and latency constraints. 
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 Conclusion on power efficiency of software ECC decoders

๏ Software implementation 
advantages:
- « High precision » decoders (8b fixed-point),

- Flexibility in algorithm modification (design time),

- Easy runtime modification,

- Reach hundreds of Mbps to Gbps throughputs,

๏ Sw implementations are less effective 
than Hw designs for handheld systems,

- But are interesting for Software Defined 
Radio (SDR) or Cloud Ran (CR) systems,

๏ More interesting than FPGA prototypes 
for benchmarking:

- ECC decoder (BER and FER perf.) => 10-6

- Digital communication systems.
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Next processor feature improvements: 
- Lower power consumption (INTEL), 

- Higher processing power (ARM), 

- Higher computation parallelism 
(INTEL in 2017, SIMD = 512b, 12 cores).
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The design of custom processor cores 
- ISA and memory architecture dedicated to 

ECC processing, 

- Not complete GPP but software 
programmable (C/C++).

Improvement of processor architectures 
- lower power consumption for INTEL proc. 

- Higher computation parallelism for INTEL 
processors (SIMD = 512b, 12 cores) 

- Higher computation efficiency for ARM 
processors.
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Broadwell Xeon with a built-in FPGA 

New kind of programmable architectures 
- CPUs coupled with FPGA accelerators, 

- Applications can be described in C/C++ or 
Open-CL and automatically partitioned;

The design of custom processor cores 
- ISA and memory architecture dedicated to 

ECC processing, 

- Not fully general purpose processors but 
programmable in software (C/C++), 

- Need long hardware development cycles, 

- Necessitate efficient software toolchains.
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Working on Error Correction Codes 
- Making decoding algorithm software 

friendly, 

- Designing new software friendly code 
families ?

Broadwell Xeon with a built-in FPGA 

New kind of programmable architectures 
- CPUs coupled with FPGA accelerators, 

- Applications can be described in C/C++ or 
Open-CL and automatically partitioned; 

- The best of both world ?



GdR ISIS - Energy-efficiency in Error-Correction CodingB. Le Gal June 8, 2016

 The trends in software implementation of ECC decoders

42

Working on Error Correction Codes 

- Making algorithm software friendly, 

- Designing new software friendly code 
families,


