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Abstract:

All the digital devices in a digital home need to be connected together. The most
convenient form of connectivity is through wireless connections. Compared to a wired
link, awireless link suffers from unpredictability of propagation channel and interference
characteristic. For consumer devices suitable for digital home applications, a typical
practice is to set the transmission rate low enough that it is practically not possible for
transmission to fail. In this manner, there is no need for complicated medium access
control (MAC) protocol and network layer protocol to cope with failed transmission.
However, this practice is definitely not satisfactory given arelentless thirst for bandwidth
to support rich multimedia application in the home.

In this year, we focus on a specific physica layer (PHY) problem in the typical
implementation of error control code decoders. For high speed digital wireless data
communication within a home, capacity-achieving codes such as the Turbo code and the
low density parity check (LDPC) code are popular choices. The decoders for these codes
are based on the bit-by-bit maximal a posteriori principle. While these decoders work
very well in high SNR regime, their performance greatly suffer in low SNR conditions.
From the well-known theory of the sphere packing bound (SPB), we speculate that the
performance gap from the ideal maximal-likelihood (ML) decoder in the 10™ to 107
regime can be more than 3 dB.

In light of this, we focus on establishing the ML performance of Turbo codes. Even
though the Turbo code was proposed more than a decade ago, the theoretical ML
performance — as well as the method to compute it through simulation — has never been
established before. It was generally considered impossible. In this project, we propose the
Genetic Decoding Algorithm (GDA) for turbo codes. GDA combines the principles of
perturbed decoding and genetic algorithm for excellent decoder performance. In GDA,
chromosomes are random additive perturbation noises. A conventional turbo decoder is
used to assign fitness values to the chromosomes in the population. After generations of
evolution, good chromosomes that correspond to decoded codewords of very good
likelihood emerge. GDA can be used as a practical decoder for turbo codes in certain
contexts. It is also a natural multiple-output decoder. The most important aspect of GDA,
in our opinion, is that one can utilize GDA to empirically determine alower bound on the
error probability with ML decoding. Our results show that, at a word error probability of
10“, GDA achieves the performance of ML decoding. Using GDA, we establish that an
ML decoder only dlightly outperforms a MAP-based iterative decoder at this word error
probability for the block size we used. However, as the error probability increases, the
penalty due to MAP-based decoding starts to appear, especially for code block size lower
than 1000.
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. Introduction

Since its invention [1], turbo codes have received a lot of interest. Turbo codes are
known to achieve a performance very close to the channel capacity. Due to this strong
performance and manageable decoder complexity, turbo codes have been adopted as
options for forward error correction in many recent communications standards such as
3GPP, 3GPP2 and Wi-MAX. Over the years, researchers have answered questions such
as error floor and interleaver optimization.

Practical decoders for turbo codes are iterative decoders based on message-passing
principles [2]. These decoders are suboptimal from a word error probability perspective.
Although yielding the lowest word error probability, ML decoding of turbo codes has
been considered unredlistic so far because efficient ML decoders have not been
discovered. In the past severa years, performance of ML decoding of turbo codes has
drawn more attention. In [3] and [4], the union bound on the average error probability
over the ensemble of all interleavers was investigated. They are subsequently improved
upon [5] [6]. However, these results are valid for the average performance of a set of
turbo codes; they cannot be used to establish the performance of a given specific turbo
code. In [7], a decoding algorithm based on two component list Viterbi decoders was
introduced. It could only yield ML decoding of turbo codes for an infinitelist size.

In [8], the “perturbed decoding algorithm” (PA) was proposed for a concatenated
coded system consisting of an inner error correcting code and an outer error detecting
code. In PA, multiple highly likely candidate codewords are obtained by feeding the
inner decoder with dlightly perturbed versions of the actual received signal. The
candidate codewords are subsequently validated by an outer decoder. Among the
validated codewords, the one with the highest likelihood is declared the final decoder
result. As we will demonstrate in this paper, one can adapt the perturbed decoding
concept for use with turbo codes. Unfortunately, due to the large code block size used by
turbo codes, the direct application of PA to turbo codes so can require an enormous
complexity.

Genetic agorithms (GA) constitute a class of optimization techniques that are based
on the general laws of natural selection and genetics [9], [10]. It has been applied to
numerous intractable optimization problems. In this paper, we present the novel Genetic
Decoding Algorithm (GDA) which combines the principles of GA and PA. In GDA, one
maintains a pool of additive perturbation noises as the chromosomes. A conventiona
decoder is used to give scores to these chromosomes. Specifically, one first adds a
chromosome to the recelved signal. The perturbed signal is passed through a
conventional decoder to generate a corresponding decoded codeword. The likelihood of
the codeword is assigned as the score of the corresponding chromosome. Chromosomes
of low scores are eliminated from the population. After severa generations of evolution,
good chromosomes that correspond to codewords of very good likelihoods emerge.

Although GDA s trivially guaranteed to produce decoded sequences of higher
likelihood than a conventional turbo decoder, at its current form the amount of



computation required for GDA is still too large for most practical applications. The
critical importance of GDA, in our opinion, lies in the fact that it can be used to
empirically (i.e., via smulation) establish the fundamental ML performance of a given
turbo code. As will be shown later in this paper, for the turbo codes we simulated, GDA
can produce ML decoding performance at a word error probability of 10 and lower. In
those applications where the computation load of GDA is acceptable, our results indicate
that GDA can outperform conventional MAP decoder by a gain of 0.05 to 0.3 dB.

The rest of this paper is organized as follows. In Section 1l, we briefly review the
conventional iterative decoding agorithms for turbo codes and the fundamental concepts
of GA and PA. In Section |11, we present in detail the concept and procedure of GDA for
turbo codes. In Section 1V, our simulation results of ML decoding bounds for turbo codes
produced by GDA are presented. The parameters and procedures for GDA are also
discussed. Concluding remarks are given in Section V.
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Fig. 1. Conventional iterative decoding algorithm for turbo codes.
A. Maximal-a priori (MAP) Iterative Decoding Algorithm

In this paper, by “turbo codes” we specifically mean parallel concatenated convol utional
codes (PCCC). A PCCC is consisted of a parallel concatenation of two constituent
recursive convolutional codes and a specific interleaver. For example, a rate 1/3 PCCC
employed by WCDMA [11] is consisted of two identical constituent encoders and an
interleaver. The two encoders share the same generator polynomial, which is given by

1+D+D3] 0
1+ D%+ D3 7%
These two constituent encoders are separated by a prunable prime interleaver [12].

g(D)=1[1

Asillustrated in Figure 1, a conventional MAP iterative decoder is comprised of two
constituent decoders linked by the interleaver. These two constituent decoders pass
extrinsic information back and forth. Decoder output is obtained after several iterations.
Although many other forms of decoders exist, in this paper we only consider the MAP
decoder due to its excellent performance.

B. Genetic Algorithm
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Fig. 2. Flowchart of GA.

To apply GA to an optimization problem, the first and sometimes the most critical step is
to formulate a good genetic representation. Once a genetic representation is chosen, a
typical genetic algorithm (GA) consists of three fundamental operations. selection,
genetic operation, and replacement. The selection step is a process that selects members
from a population into the mating pool. The genetic operation includes both crossover
and mutation. Crossover combines the subparts of the chromosomes from two parents to
produce offsprings. Mutation, on the other hand, introduces novel variations into the
chromosomes. Replacement is the step that eliminates weak members in order to remain
apopulation of high fitness. Asmentioned in [9], [10], atypical GA procedure can be
described as follows:

1) Initialy, apopulation is generated randomly.

2) Evaluate the fitness values for each individuals of the population by calculating

some objective function.

3) Select from the population some parents to produce the next generation of



population (offsprings) by the genetic operations.

4) Evaluate the fitness values of offspringsin asimilar fashion to their parents.

5) According to a chosen replacement strategy, some parents and some offsprings

survive. The survivors form the population of the subsequent generation.

6) Check whether the desired termination criterion is reached or not. If not, return to

step 3 and repeat the process. Otherwise, stop and produce the final solution.
We can refer to the flowchart in Figure 2 for the detailed course of the execution of GDA.
Hereafter, we will tailor the objective function of the fitness value evaluation block and
the termination criterion for the specific goa of decoding aturbo code.

C. Perturbed Decoding Algorithm

Perturbed decoding algorithm (PA) is a decoding algorithm for concatenated error
correction and error detection codes. In PA, the original received signal ¢ isfirst decoded
by the inner decoder. The decoded result is subsequently validated by an outer decoder. If
the outer decoder regards the decoded result asinvalid, an additive perturbation noise will
be randomly generated. By adding the noise to gz, one creates a perturbed received signal.
This perturbed signal is decoded by the inner decoder. The decoder output, which may be
different from the initial decoder output, is again validated by the outer decoder. This
process is repeated until either avalid codeword is declared by the outer decoder or when
some termination criterion is met. It is a practical strategy to produce multiple decoder
outputs with a ssmple decoder.



I'11. Genetic Decoding Algorithm

A. Perturbed Decoding for Turbo Codes

The principle of PA can be extended to decoding turbo codes. Let us consider a
BPSK-modulated coded transmission system described as follows. The information bit
sequence isd = (dy, dy, ..., dk), Wwhere d € {0,1}. These bits are encoded to produce the
transmitted symbols X = (Xq, X2, ..., Xn), Wherex,, € {0,1}. The received signal y = (y1,
Yo, ..., Yn) isdisturbed by real-valued additive white Gaussian noise of variance No/2:

Yp =, +w,, n=12 ... N, (2)

where w, are i.i.d. N (0,N,). Given vy, the likelihood of a potential transmitted
information sequence d’, whose corresponding coded symbol sequenceisx(d’), is

) 1 ) {.”??, — Ly {df”z\
Ld)=1]] exp(— R E)

VTN Ny

n=1

Consider some decoder for turbo code. It maps the received signal y into some d. If
we perturb the input signal by an additive signal v, the decoder can produce a different
output d, whose corresponding likelihood is L(d,). Asin the case for PA, by feeding the
decoder with randomly perturbed copies of received signa y, one can produce a pool of
possible decoded sequences. The highest-likelihood decoded sequence eventually
converges to the ML decoder output dy, provided that:

1) A set of perturbation signals, V. exists such that for any perturbation signal

v € V. thisdecoder mapsy + vinto dy..

2) According to the procedure to generate the perturbation signa v, the probability

of selecting asignal v that belongsto V. is nonzero.
Whether the first condition is met depends on the particular decoder. For most reasonable
decoders though the condition is met trivially. Given that this condition is met, if the set
V.is not problematic, the second condition can be easily met by choosing i.i.d. white

Gaussian entries as perturbation noise VUn, Therefore, one expects that, when given a
decoder that satisfies the first condition, the performance of ML decoding can be
empirically determined by executing the perturbed decoding algorithm. Unfortunately,
due to the large block size used by turbo codes, doing so requires an impractically
enormous amount of computation!

B. Genetic Decoding for Turbo Codes

In order to avoid the complexity of PA for turbo codes, instead of randomly
generating perturbation signals, we wish to extract useful information from prior
perturbation-decoding attempts and subsequently apply such information to the
generation of new perturbation signal. To achieve this, we combine the genetic algorithm
with the PA.

10



In our proposed GDA for turbo codes, a chromosome is a perturbation signal 1.
The genes are the individual additive perturbation noise components. Our goal is to find
at least one chromosome which, when added to the receive signal y, induces the decoder
to produce the ML output dy.. To this end, the fitness of a chromosome ## is defined to

be the likelihood of the corresponding decoded sequence, d ( v )

FV(v)= L(d(v)), where y+ v ocogs d(v). (4)

The above definition of genetic information and fitness evaluation is the core concept of
GDA for turbo codes. With them, appropriate definitions can be found for other critical
functional blocks in GA: parent selection, cross over, and mutation. The overall
procedure of GDA then follows that of a typical GA. In Section 1V, we will present our
definitions of these functional blocks.

C. ML bound using GDA

GDA is an effective tool to establish a lower and an upper bound of ML decoding even
though it itself is not an ML decoder. By definition, the error performance of GDA itself
is an upper bound, because no decoder offers better word error probability than ML
decoding. When any decoder produces an output with a likelihood higher than that of the
actually transmitted encoded sequence, the ML decoder must either decode to this
erroneous output or some other sequence with even higher likelihood. Thus we can
conclude that ML decoder must also make a decoding error on the same received signal.
On the other hand, when a decoder produces an output with a likelihood less than or
equal to that of the actually transmitted encoded sequence, we can’t be certain whether
some other sequence with likelihood higher than that of the actually transmitted encoded
sequence exists. If we assume an ML decoder will decode correctly over al of these
signals, we would have over-estimated the performance of ML decoding. In light of this,
a lower bound of ML decoding can be empirically established using a practical decoder
to be the probability when the said decoder decodes into a sequence of higher likelihood
than that of the actually transmitted encoded sequence.

Note that unless the said decoder does behave very similarly to an ML decoder, this lower
bound tends to be very poor. For example, if an MAP decoder is used, the lower bound is
entirely useless. With GDA as the decoder, however, the two bounds are very close.

D. Complexity Aspects for GDA

GDA involves repeated uses of aturbo decoder to compute fitness values for individuals
in a population. The complexity of GDA can be several orders of magnitude higher that
of a conventional turbo decoder. Nevertheless, in certain context, GDA can be used as a
practical decoder. For instances, when a turbo code is concatenated by a CRC, one can
first pass received signal through a conventiona turbo decoder. GDA is activated only
when the conventional turbo decoder fails. The average decoding complexity of GDA is
weighted down by the first-pass error probability.

11



V. Simulation results
A. Smulation Setup

We use the turbo code defined in the WCDMA specification in our simulation [11].
The interleaver used in the specification is prunable prime interleaver [12]. For a block
size of K, the actua code rate is KA3K +12). Encoded bits are modulated using BPSK
modulation and transmitted over an AWGN channel. The “symbol-by-symbol” MAP rule
[13] is used for the turbo decoding algorithm that produces the fitness values. Eighteen
full iterations are used for the MAP decoder.

B. Parameters and Procedures for GDA

In this paper, our goa is to demonstrate the potentia performance of GDA with
manageable complexity. We do not claim that the choice of parameters below is optimal
in terms of minimizing complexity. Actualy, we surmise that our results can be
materially improved if we could execute more computation.

From Section I11-B, we redlize that the in order to ensure a honzero probability of
obtaining a perturbation signal that induces the ML-decoding output, it is prudent to
allow the perturbation signal to take any values. In light of this, we produce the first
generation of perturbation noises as i.i.d. zero mean Gaussian vectors. The
signal-to-perturbation noiseratio is defined as

SPNR =10 logm(f—;), (5)
P
It is suggested in [8] that as long as the power of the perturbation noise is chosen
reasonably, the expected number of attempts until an “ideal noise” occurs is a very weak
function of SPNR. Based on empirical observation, we chose 15 dB to be the SPNR used
in our simulation.

It is known that the quality of the initial population strongly affects the success of
the subsequent evolution. Therefore, we randomly generate 10000 original populations
and keep only the fittest 100 individuals to be the initial population. The crossover rate is
selected at 80 percent, i.e. a randomly selected 80 percent of the population in a
generation participates in the production of new offsprings. When two chromosomes
mate, we use uniform crossover to construct offsprings. A gene is copied from each
parent with equal probability. On average, each parent donates 50 percent of its genetic
material to its offspring. Two offsprings are generated for a pair of parents. Only the two
fittest among the four members of afamily survive to the next generation. Each gene of a
survivor is mutated independently with a small mutation probability of 0.5 percent.
Mutation replaces the gene by a randomly generated perturbation noise with the same
SPNR. The 20 percent of the population that does not participate in the mating process
survives to the next generation by default.

In our ssimulation, we terminate the GDA if (1) the predefined number of generation

12



is reached, or (2) a predefined percentage of population converges to one fitness value
which is the maximal value among all populations in any generation. We choose these
two thresholds at 300 and 20 percent, respectively.

In these results we also present the lower bound for ML decoding computed using
the concept of 111-C. Recall that the GDA output can be either the originally transmitted
codeword with likelihood L(d), a codeword with likelihood lower than L(d), or a
codeword with likelihood higher than L(d). In order to produce atight lower bound, when
the first two cases occur, we re-execute GDA for another two rounds.

C. Performance of GDA

The word error probability for turbo codes given information block sizes of 2560
and 5120 bits per block is shown in Figure 3 and Figure 4, respectively. The error
performance of conventional decoder, GDA, and the lower bound of ML performance
derived from the application of GDA are shown. As can be seen, at a word error
probability of 10, GDA achieves the error performance of ML decoding. With the help
of GDA, here we can determine a very important result empirically: the penalty of using
a MAP-based iterative decoder, from a minimization of word error probability
perspective, is less than 0.2 dB at a word error probability of 10 for the turbo codes we
consider.

In addition to word error probability, we also show the information bit error
probability for the two block sizes in Figure 5 and Figure 6, respectively. Again the error
performance of the conventionad MAP decoder, GDA, and the lower bound of ML
performance derived from the application of GDA are contrasted. One finds that the bit
error probability follows that of the word error probability closely. Hence we surmise that
the number of bit errors per word error for conventional decoders and for GDA are of
approximately the same order.

13
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V. Conclusion

In this report, we present a novel decoding agorithm, the Genetic Decoding
Algorithm (GDA), for use with turbo codes.

In GDA, we propose to use random perturbation noises as the genes. A conventional
decoder is used to assign fitness values to chromosomes. Specifically, one adds the noise
pattern (chromosome) to the received signal first. A well chosen decoder decodes the
perturbed signal and generates a corresponding decoded codeword. The likelihood of the
codeword is assigned to be the fitness value of the corresponding chromosome.
Chromosomes of low fitness values are eliminated from the population. After severa
generations of evolution, good chromosomes that correspond to codewords of very good
likelihoods emerge.

GDA can be used as an empirical tool to establish the ML decoding performance for
a given specific turbo code. The performance of GDA itself can serve as an upper bound.
The probability where GDA finds a codeword with higher likelihood than the transmitted
codeword can be used as a lower bound. These bounds are very tight at lower error
probability regime. Our simulation results indicate that these two bounds converge at a
word error probability of 10™*. From our results, we conclude that the difference between
an ML decoder and a MAP-based iterative decoder is less than 0.2 dB at this word error
probability and the block size we simulated. Because GDA produces the lower bound, it
achievesthe ML error performance in such regime.

16



V1. Sdf-estimation

We summarize our research achievement of this sub-project in this year here:

L.

A novel decoding agorithm, the Genetic Decoding Algorithm (GDA), for use
with turbo codes :

Turbo code is used in several standards, including Wi-MAX. In GDA, we
propose to use random perturbation noises as the genes. A conventional decoder
is used to assign fitness values to chromosomes. Specifically, one adds the
noise pattern (chromosome) to the received signal first. A well chosen decoder
decodes the perturbed signal and generates a corresponding decoded codeword.
The likelihood of the codeword is assigned to be the fithess vaue of the
corresponding chromosome. Chromosomes of low fitness values are eliminated
from the population. After several generations of evolution, good chromosomes
that correspond to codewords of very good likelihoods emerge.

GDA can be used as an empirical tool to establish the ML decoding
performance for a given specific turbo code:

The performance of GDA itself can serve as an upper bound. The probability
where GDA finds a codeword with higher likelihood than the transmitted
codeword can be used as a lower bound. These bounds are very tight at lower
error probability regime. Our ssimulation results indicate that these two bounds
converge a aword error probability of 10*. From our results, we conclude that
the difference between an ML decoder and a MAP-based iterative decoder is
less than 0.2 dB at this word error probability and the block size we simulated.
Because GDA produces the lower bound, it achieves the ML error performance
in such regime.
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Theory and Performance of ML Decoding for
Turbo Codes using Genetic Algorithm

Tsun-chih Hsueh and Da-shan Shiu
Graduate Institute of Communication Engineering
Department of Electrical Engineering
National Taiwan University
Taipei, Taiwan
Email: r94942036@ntu.edu.tw, dsshiu@cc.ee.ntu.edu.tw

Abstract— Although yielding the lowest error probability, ML [7], @ decoding algorithm based on two component list Viterbi
decoding of turbo codes has been considered unrealistic so far decoders was introduced. It could only yield ML decoding of
because efficient ML decoders have not been discovered. In thisturbo codes for an infinite list size.

paper, we propose the Genetic Decoding Algorithm (GDA) for ” - . "

turbo codes. GDA combines the principles of perturbed decoding In [8], the "perturbed decoding algorithm (_PA_‘) was prp-
and genetic algorithm. In GDA, chromosomes are random addi- Posed for a concatenated coded system consisting of an inner
tive perturbation noises. A conventional turbo decoder is used to error correcting code and an outer error detecting code. In
assign fitness values to the chromosomes in the population. After pA| multiple highly likely candidate codewords are obtained
generations of evolution, good chromosomes that correspond to by feeding the inner decoder with slightly perturbed versions

decoded codewords of very good likelihood emerge. GDA can be . - .
used as a practical decoder for turbo codes in certain contexts. of the actual received signal. The candidate codewords are sub-

It is also a natural multiple-output decoder. The most important ~ Sequentlyvalidatedby an outer decoder. Among the validated
aspect of GDA, in our opinion, is that one can utilize GDA to codewords, the one with the highest likelihood is declared the
eTﬁir,i\;f”)é detg_fmin% a |0W€r|tb0Urf]1d Of:htf:e etrror progability final decoder result. As we will demonstrate in this paper, one
with ML decoding. Qur results show that, at a word error — can adapt the perturbed decoding concept for use with turbo
S;%%%?ggy lj);inglgoGD’A?I\?vé :gggl\i/glf ttlraet gﬁrf&r[n Zgiidg]; c,;/rl1ll_y codes. Unfortunat_ely, due t(_) th_e large code block size used by
slightly outperforms a MAP-based iterative decoder at this word turbo codes, the direct application of PA to turbo codes so can
error probability for the block size we used and the turbo code require an enormous complexity.

defined for WCDMA. Genetic algorithms (GA) constitute a class of optimization
techniques that are based on the general laws of natural selec-
tion and genetics [9], [10]. It has been applied to numerous

. o . . intractable optimization problems. In this paper, we present the

. Since its invention [1], turbo codes have received a lot Qfyvel Genetic Decoding Algorithm (GDA) which combines
interest. Turbo codes are known to achieve a performance vgi principles of GA and PA. In GDA, one maintains a pool
close to the channel capacity. Due to this strong performange, ygitive perturbation noises as the chromosomes. A conven-

and manageable decoder complexity, turbo codes have bR, decoder is used to give scores to these chromosomes.
adopted as options for forward error correction in many receg ecifically, one first adds a chromosome to the received

communications standards such as 3GPP and 3GPP2. Overilifia| The perturbed signal is passed through a conventional

years, researchers have answered questions such as error fi@oger o generate a corresponding decoded codeword. The
and interleaver optimization. o likelihood of the codeword is assigned as the score of the
Practical decoders for turbo codes are iterative deCOd%@rresponding chromosome. Chromosomes of low scores are
based on message-passing principles [2]. These decoqgifinated from the population. After several generations of
are suboptimal from a word error probability perspectiveyqiytion, good chromosomes that correspond to codewords
Although yielding the lowest word error probability, ML o very good likelihoods emerge.
decoding of tur_b_o codes has been considered unr_ealistic SQlthough GDA is trivially guaranteed to produce decoded
far because efficient ML decoders have not been discovergdy ences of higher likelihood than a conventional turbo de-
In the past several years, performance of ML deCOd'ng_QBder, at its current form the amount of computation required
turbo codes has drawn more attention. In [3] and [4], the unigg, 5pa s still too large for most practical applications. The
bound on the average error probability over the ensemble of gllic5| importance of GDA, in our opinion, lies in the fact that
interleavers was investigated. They are subsequently improyed,, pe ysed tempirically (i.e., via simulation) establish the
upon [5] [6]. However, these results are valid for the averagg,jamental ML performance of a given turbo code. As will
performance of a set of turbo codes; they cannot be usedylo ghown Jater in this paper, for the turbo codes we simulated,
establish the performance ofgven specific turbo code. In 5pa can produce ML decoding performance at a word error

- ) S
 This work is supported by the National Science Council of Taiwan undebab'“tY of 10~ and Iowgr. In those applications Wh?re_the
Grant 95-2219-E-002-019. computation load of GDA is acceptable, our results indicate

I. INTRODUCTION
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Fig. 1. Conventional iterative decoding algorithm for turbo codes.

Gen = Gen + 1 End

that GDA can outperform conventional MAP decoder by a Perform selection

gain of 0.05 to 0.3 dB. and genetic operations
The rest of this paper is organized as follows. In Sec- 1
tion 1l, we briefly review the conventional iterative decoding .

i Evaluate fitness values
algorithms for turbo codes and the fundamental concepts of each next generation
of GA and PA. In Section lll, we present in detail the population (offspring)
concept and procedure of GDA for turbo codes. In Section ]

IV, our simulation results of ML decoding bounds for turbo
codes produced by GDA are presented. The parameters and
procedures for GDA are also discussed. Concluding remarks L]
are given in Section V.

Perform replacement

Fig. 2. Flowchart of GA.
Il. BACKGROUND

A. Maximal-a priori (MAP) Iterative Decoding Algorithm  selection step is a process that selects members from a pop-
In this paper, by “turbo codes” we Specifica"y mean para”é‘lation into the mating p00|. The genetic Operation includes
concatenated convolutional codes (PCCC). A PCCC is cdppth crossover and mutation. Crossover combines the subparts
sisted of a parallel concatenation of two constituent recursi9é the chromosomes from two parents to produce offsprings.
convolutional codes and a specific interleaver. For exampMutation, on the other hand, introduces novel variations into
a rate 1/3 PCCC employed by WCDMA [11] is consisted ghe chromosomes. Replacement is the step that eliminates
two identical constituent encoders and an interleaver. The t¥¢¢ak members in order to remain a population of high fitness.

encoders share the same generator polynomial, which is givés mentioned in [9], [10], a typical GA procedure can be

by described as follows:
D) — 1+D+ D3 1) 1) Initially, a population is generated randomly.
9(D) = 1+ D2+ D3 ) 2) Evaluate the fithess values for each individuals of the

These two constituent encoders are separated by a prunable population by calculatln_g some objective function.
prime interleaver [12]. 3) Select from the population some parents to produce the

As illustrated in Figure 1, a conventional MAP iterative next generation of population (offsprings) by the genetic

decoder is comprised of two constituent decoders linked by operations. . . -
the interleaver. These two constituent decoders pass extrinsié) Evalgate the .f|tness values of offsprings in a similar
information back and forth. Decoder output is obtained after fash|on. to their parents.

several iterations. Although many other forms of decoderss) According to a chosen replacement strategy, some par-

exist, in this paper we only consider the MAP decoder due ents and Some offsprings survive. The SUrvivors form
to its excellent performance. the population of the subsequent generation.

6) Check whether the desired termination criterion is

reached or not. If not, return to step 3 and repeat the

B. Genetic Algorithm process. Otherwise, stop and produce the final solution.
To apply GA to an optimization problem, the first andVe can refer to the flowchart in Figure 2 for the detailed

sometimes the most critical step is to formulate a good genetigurse of the execution of GDA. Hereafter, we will tailor the
representation. Once a genetic representation is chosembgective function of the fithess value evaluation block and the
typical genetic algorithm (GA) consists of three fundament&trmination criterion for the specific goal of decoding a turbo
operations: selection, genetic operation, and replacement. Toee.



C. Perturbed Decoding Algorithm can be empirically determined by executing the perturbed

Perturbed decoding algorithm (PA) is a decoding algorithfceding algorithm. Unfortunately, due to the large block
for concatenated error correction and error detection codesSig€é Used by turbo codes, doing so requires an impractically
PA, the original received signaf is first decoded by the inner €0rmous amount of computation!
decoder. The decoded result is subsequently validated by an
outer decoder. If the outer decoder regards the decoded reBultGenetic Decoding for Turbo Codes
as invalid, an additive perturbation noise will be randomly |n order to avoid the complexity of PA for turbo codes,
generated. By adding the noise g0 one creates a perturbedinstead of randomly generating perturbation signals, we wish
received signal. This perturbed signal is decoded by the inngrextract useful information from prior perturbation-decoding
decoder. The decoder output, which may be different frogitempts and subsequently apply such information to the
the initial decoder output, is again validated by the outgfeneration of new perturbation signal. To achieve this, we
decoder. This process is repeated until either a valid codewehbine the genetic algorithm with the PA.
is declared by the outer decoder or when some terminationn our proposed GDA for turbo codes, a chromosome is a
criterion is met. It is a practical strategy to produce multiplgerturbation signal. The genes are the individual additive

decoder outputs with a simple decoder. perturbation noise components. Our goal is to find at least
one chromosome which, when added to the receive signal
I1l. GENETIC DECODINGALGORITHM y, induces the decoder to produce the ML outgy};. To
A. Perturbed Decoding for Turbo Codes this end, the fithess of a chromosomeis defined to be the

likelihood of th ding decoded )
The principle of PA can be extended to decoding turbtl)el ood of the corresponding decoded sequeitte,)

codes. Let us consider a BPSK-modulated coded transmis-  FV (v) = L(d(v)), wherey+udﬂged(y), 4)

sion system described as follows. The information bit se—h b definii ¢ ic inf . d fi |
quence isd = (di,ds, ..., dx), whered, € {0,1}. These The above definition of genetic information and fitness eval-

bits are encoded to produce the transmitted symhols- uation is the core co.nc':(.apt of GDA for turbo codes. With
(21, 22,...,2y), wherez, € {1,—1}. The received signal them_, appropnate_defmlnons can be fo_und for other critical
y = (41,42, ..., yn) is disturbed by real-valued additive WhitefunCt'(_)nal blocks in GA: parent selection, cross over, and
Gaussian noise of variande, /2: mutat|o_n. The overall procedure qf GDA then folloyv\fs. that
of a typical GA. In Section IV, we will present our definitions
Yn =Ty +wy,, n=12... N, (2) of these functional blocks.

where w,, are i.i.d. N(0,Ny/2). Given y, the likelihood )
of a potential transmitted information sequendé whose C- ML bound using GDA
corresponding coded symbol sequence:(d’), is GDA is an effective tool to establish a lower and an upper
N - bound of ML decoding even though it itself is not an ML
L(d) = H 1 exp(— (Yn — n(d)) ). 3) decoder. By definition, the error performance of GDA itself is
ot TNy Ny an upper bound, because no decoder offers better word error
) . probability than ML decoding.
Consider some decoder for turbo code. It maps the receiveqyan any decoder produces an output with a likelihood
signal y into somed. If we perturb the input signal by anpigher than that of the actually transmitted encoded sequence,
additive signalv, the decoder can produce a different outpype i decoder must either decode to this erroneous output
d,, whose corresponding likelihood i5(d,,). As in the case o some other sequence with even higher likelihood. Thus we
for PA, by feeding the decoder with randomly perturbed copigs, conclude that ML decoder must also make a decoding
of received signaly, one can progluc_e a pool of pOSSIbleerror on the same received signal. On the other hand, when
decoded sequences. The highest-likelihood decoded sequeneRqder produces an output with a likelihood less than or
eventually converges to the ML decoder outduf., provided o 5 1o that of the actually transmitted encoded sequence, we
that: can't be certain whether some other sequence with likelihood
1) A set of perturbation signald/, exists such that for any higher than that of the actually transmitted encoded sequence
perturbation signal € V, this decoder mapg+v into  exists. If we assume an ML decoder will decode correctly
dyr. over all of these signals, we would have over-estimated the
2) According to the procedure to generate the perturbatigrformance of ML decoding. In light of this, a lower bound of
signal v, the probability of selecting a signat that ML decoding can be empirically established using a practical
belongs toV is nonzero. decoder to be the probability when the said decoder decodes
Whether the first condition is met depends on the particulato a sequence of higher likelihood than that of the actually
decoder. For most reasonable decoders though the conditi@msmitted encoded sequence.
is met trivially. Given that this condition is met, if the st Note that unless the said decoder does behave very similarly
is not problematic, the second condition can be easily met tiy an ML decoder, this lower bound tends to be very poor.
choosing i.i.d. white Gaussian entries as perturbation ngjse For example, if an MAP decoder is used, the lower bound is
Therefore, one expects that, when given a decoder thetirely useless. With GDA as the decoder, however, the two
satisfies the first condition, the performance of ML decodingounds are very close.



D. Complexity Aspects for GDA 107

: ; ; - . .
—+— Conventional iterative decoding algorith)
- * — Genetic decoding algorithm

GDA involves repeated uses of a turbo decoder to compute - Lower hound of W decoing
fitness values for individuals in a population. The complexity
of GDA can be several orders of magnitude higher that that of
a conventional turbo decoder. Nevertheless, in certain context,
GDA can be used as a practical decoder. For instances, when
a turbo code is concatenated by a CRC, one can first pass
received signal through a conventional turbo decoder. GDA is
activated only when the conventional turbo decoder fails. The
average decoding complexity of GDA is weighted down by 0

the first-pass error probability. E, /N, (@B)

10200

Word error probability

Fig. 3. Word error probability for turbo code. The block size is 2560.
IV. SIMULATION RESULTS

100

A. Simulation Setup
—+— Conventional iterative decoding algorithm

We use the turbo code defined in the WCDMA specification -4 - Genetc decodng algoriom
in our simulation [11]. The interleaver used in the specification
is prunable prime interleaver [12]. For a block sizefof the
actual code rate i&/(3K +12). Encoded bits are modulated
using BPSK modulation and transmitted over an AWGN
channel. The “symbol-by-symbol” MAP rule [13] is used for
the turbo decoding algorithm that produces the fithess values.
Eighteen full iterations are used for the MAP decoder.

= =
o, S,

Word error probability

H
°,

5 I I I I I I
0.2 0.3 0.4 05 0.7 0.8 0.9 1

0.6
E, /N, (dB)

B. Parameters and Procedures for GDA

In this paper, our goal is to demonstrate the potentigly. 4. word error probability for turbo code. The block size is 5120.
performance of GDA with manageable complexity. We do

not claim that the choice of parameters below are optimal

in terms of minimizing complexity. Actually, we surmise thakurvive to the next generation. Each gene of a survivor is

our results can be materially improved if we could execut@utated independently with a small mutation probability of 0.5

more computation. percent. Mutation replaces the gene by a randomly generated
From Section I1I-B, we realize that the in order to ensurgerturbation noise with the same SPNR. The 20 percent of

a nonzero probability of obtaining a perturbation signal thaéte population that does not participate in the mating process

induces the ML-decoding output, it is prudent to allow theurvives to the next generation by default.

perturbation signal to take any values. In light of this, we |n our simulation, we terminate the GDA if (1) the pre-

produce the first generation of perturbation noises as i.i.d. zgféfined number of generation is reached, or (2) a predefined

mean Gaussian vectors. The signal-to-perturbation noise ragjigicentage of population converges to one fitness value which

is defined as £ is the maximal value among all populations in any generation.
SPNR = 1Olog10(—§). (5) We choose these two thresholds at 300 and 20 percent,
7 respectively.

It is suggested in [8] that as long as the power of the In these results we also present the lower bound for ML
perturbation noise is chosen reasonably, the expected numiiegoding computed using the concept of IlI-C. Recall that the
of attempts until an “ideal noise” occurs is a very weaksDA output can be either the originally transmitted codeword
function of SPNR. Based on empirical observation, we chogéth likelihood L(d), a codeword with likelihood lower than
15 dB to be the SPNR used in our simulation. L(d), or a codeword with likelihood higher than(d). In

It is known that the quality of the initial population stronglyorder to produce a tight lower bound, when the first two cases
affects the success of the subsequent evolution. Therefore,ageur, we re-execute GDA for another two rounds.
randomly generate 10000 original populations and keep only
the fittest 100 individuals to be the initial population. The
crossover rate is selected at 80 percent, i.e. a randomly Sele&e(ferformance of GDA
80 percent of the population in a generation participates in theThe word error probability for turbo codes given informa-
production of new offsprings. When two chromosomes matiéon block sizes of 2560 and 5120 bits per block is shown
we use uniform crossover to construct offsprings. A gene iis Figure 3 and Figure 4, respectively. The error performance
copied from each parent with equal probability. On averagef conventional decoder, GDA, and the lower bound of ML
each parent donates 50 percent of its genetic material to performance derived from the application of GDA are shown.
offspring. Two offsprings are generated for a pair of parentds can be seen, at a word error probability i6f*, GDA
Only the two fittest among the four members of a familmchieves the error performance of ML decoding. With the help
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Bit error probability
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GDA can be used as an empirical tool to establish the ML
decoding performance for a given specific turbo code. The
performance of GDA itself can serve as an upper bound.
The probability where GDA finds a codeword with higher
likelihood than the transmitted codeword can be used as a
lower bound. These bounds are very tight at lower error
probability regime. Our simulation results indicate that these
two bounds converge at a word error probabilityl 6f . From
our results, we conclude that the difference between an ML
decoder and a MAP-based iterative decoder is less than 0.2 dB
at this word error probability and the block size we simulated.
Because GDA produces the lower bound, it achieves the ML

Fig. 5. Bit error probability for turbo code. The block size is 2560.
107 : : r r -
—+— Conventional iterative decoding algorithm
— * — Genetic decoding algorithm [1]
100 : —O— - Lower bound of ML decoding
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Fig. 6. Bit error probability for turbo code. The block size is 5120.

(6]

of GDA, here we can determine a very important result em-
pirically: the penalty of using a MAP-based iterative decoder’]
from a minimization of word error probability perspective, is
less than 0.2 dB at a word error probability td—* for the  [8]
turbo codes we consider.

In addition to word error probability, we also show the in-
formation bit error probability for the two block sizes in Figure [9]
5 and Figure 6, respectively. Again the error performance ﬁffo]
the conventional MAP decoder, GDA, and the lower bound
ML performance derived from the application of GDA argl1]
contrasted. One finds that the bit error probability follows
that of the word error probability closely. Hence we surmisgy;
that the number of bit errors per word error for conventional
decoders and for GDA are of approximately the same orde[&s]

V. CONCLUSION

In this paper, we present a novel decoding algorithm, the
Genetic Decoding Algorithm (GDA), for use with turbo codes.

In GDA, we propose to use random perturbation noises
as the genes. A conventional decoder is used to assign fit-
ness values to chromosomes. Specifically, one adds the noise
pattern (chromosome) to the received signal first. A well

error performance in such regime.
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