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The UMTS Turbo Code and an Efficient Decoder
Implementation Suitable for Software-Defined Radios

M. C. Valenti! and J. Sun

This paper provides a description of the turbo code used by the UMTS third-generation cellular
standard, as standardized by the Third-Generation Partnership Project (3GPP), and proposes an
efficient decoder suitable for insertion into software-defined radio architectures or for use in com-
puter simulations. Because the decoder is implemented in software, rather than hardware, single-
precision floating-point arithmetic is assumed and a variable number of decoder iterations is not
only possible but desirable. Three twists on the well-known log-MAP decoding algorithm are pro-
posed: (1) a linear approximation of the correction function used by the max* operator, which
reduces complexity with only a negligible loss in BER performance; (2) a method for normalizing
the backward recursion that yields a 12.5% savings in memory usage; and (3) a simple method for
halting the decoder iterations based only on the log-likelihood ratios.
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1. INTRODUCTION [9-11] are now available to provide the interested reader
with an understanding of the theoretical underpinnings of
Due to their near Shannon-capacity performance, turbo codes.
turbo codes have received a considerable amount of at-  The purpose of this paper is neither to explain the
tention since their introduction [1]. They are particularly phenomenal performance of turbo codes nor to rigor-
attractive for cellular communication systems and have ously derive the decoding algorithm. Rather, the purpose
been included in the specifications for both the WCDMA is to clearly explain an efficient decoding algorithm suit-
(UMTS) and cdma2000 third-generation cellular stan- able for immediate implementation in a software radio
dards. At this time, the reasons for the superior perform-receiver. In order to provide a concrete example, the dis-
ance of turbo codes [2,3] and the associated decoding aleussion is limited to the turbo code used by the Univer-
gorithm [4,5] are, for the most part, understood. In sal Mobile Telecommunications System (UMTS) speci-
addition, several textbooks [6-8] and tutorial papers fication, as standardized by the Third-Generation
Partnership Project (3GPP) [12]. The decoding algorithm
Note: Portions of this paper were presented alER& International is based on the log-MAP algorithm [13], although many
Symposium on Personal, Indoor, and Mobile Radio Communications parts of the algorithm have been simplified without any
(PIMRC), San Diego, California, Oct. 2001. This work was supported |gss in performance. In particular, the branch metrics
by the Office of Naval Research under grant NO0014-00-0655. used in the proposed algorithm are much simpler to com-
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computation of the max* operator and the dynamic halt- Xy
ing of the decoder iterations. Simple, but effective, solu-
tions to both of these problems are proposed and illus- >
trated through simulation. Xy
In the description of the algorithm, we have assumed S
that the reader has a working knowledge of the Viterbi 4
algorithm [14]. Information on the Viterbi algorithm can '
be found in a tutorial paper by Forney [15] or in most
books on coding theory (e.g., [16]) and communications X
theory (e.g., [17)). & LoD pl DD}
3 N 7] el
We recommend that the decoder described in this 4
paper be implemented using single-precision floating-
point arithmetic on an architecture with approximately
200 kilobytes of memory available for use by the turbo
codec. Because mobile handsets tend to be memory lim-
ited and cannot tolerate the power inefficiencies of float-
ing-point arithmetic, this may limit the direct application size of the input word. Data is read into the interleaver in
of the proposed algorithm to only base stations. Readersa rowwise fashion (with the first data bit placed in the
interested in fixed-point implementation issues are re- upper-left position of the matrix). Intrarow permutations
ferred to [18], while those interested in minimizing are performed on each row of the matrix in accordance
memory usage should consider #hieling-windowalgo- with a rather complicated algorithm, which is fully de-
rithm described in [19] and [20]. scribed in the specification [12]. Next, interrow permuta-
The remainder of this paper is organized as follows: tions are performed to change the ordering of rows (with-
Section 2 provides an overview of the UMTS turbo code, out changing the ordering of elements within, . . ., each
and Section 3 discusses the channel model and how taow). When there are 5 or 10 rows, the interrow permu-
normalize the inputs to the decoder. The next three sec+ation is simply a reflection about the center row (e.g., for
tions describe the decoder, with Section 4 describing thethe 5-row case, the rows {1, 2, 3, 4, 5} become rows {5,
algorithm at the highest hierarchical level, Section 5 dis- 4, 3, 2, 1}, respectively). When there are 20 rows, rows
cussing the so-called max* operator, and Section 6 de-{1, . . ., 20} become rows {20, 10, 15, 5, 1, 3, 6, 8, 13,
scribing the proposed log-domain implementation of the 19, 17, 14, 18, 16, 4, 2, 7, 12, 9, 11}, respectively, when
MAP algorithm. Simulation results are given in Section the number of input bits satisfies either 228K = 2480
7 for two representative frame sizes (640 and 5114 bits)or 3161=< K = 3210. Otherwise, they become rows {20,
in both additive white Gaussian noise (AWGN) and fully 10, 15,5, 1, 3, 6, 8, 13, 19, 11, 9, 14, 18, 4, 2, 17, 7, 16,
interleaved Rayleigh flat-fading. Section 8 describes a 12}, respectively. After the intrarow and interrow permu-
simple, but effective, method for halting the decoder tations, data is read from the interleaver in a columnwise
iterations early, and Section 9 concludes the paper. fashion (with the first output bit being the one in the
upper-left position of the transformed matrix).
The data bits are transmitted together with the parity
2. THE UMTS TURBO CODE bits generated by the two encoders (the systematic output
of the lower encoder is not used and thus not shown in
As shown in Fig. 1, the UMTS turbo encoder is the diagram). Thus, the overall code rate of the encoder
composed of two constraint length 4 recursive system-is r = 1/3, not including the tail bits (discussed below).
atic convolutional (RSC) encoders concatenated in par-The first 3K output bits of the encoder are in the form:
allel [12]. The feedforward generator is 15 and the feed- Xy, Zy, Z1, X5, Z5, Z5, . . ., X«» Zx» Zk, WhereX, is the
back generator is 13, both in octal. The number of datakth systematic (i.e., data) bH, is the parity output from
bits at the input of the turbo encoderKiswhere 40= the upper (uninterleaved) encoder, &jdis the parity
K = 5114. Data is encoded by the first (i.e., upper) en- output from the lower (interleaved) encoder.
coder in its natural order and by the second (i.e., lower) After the K data bits have been encoded, the trel-
encoder after being interleaved. At first, the two lises of both encoders are forced back to the all-zeros
switches are in the up position. state by the proper selection of tail bits. Unlike conven-
The interleaver is a matrix with 5, 10, or 20 rows and tional convolutional codes, which can always be termi-
between 8 and 256 columns (inclusive), depending on thenated with a tail of zeros, the tail bits of an RSC will de-
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Fig. 1. UMTS turbo encoder.
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pend on the state of the encoder. Because the states of thEhus, the matched filter coefficients must be scaled by a
two RSC encoders will usually be different after the data factor 2, /o2 before being sent to the decoder. For the re-
has been encoded, the tails for each encoder must be sepaainder of the discussion, the notatiR(X,) denotes the
arately calculated and transmitted. The tail bits are gen-received LLR corresponding to systematic Xit R(Z,)
erated for each encoder by throwing the two switches denotes the received LLR for the upper parityZbjtand

into the down position, thus causing the inputs to the two R(Z;) denotes the received LLR corresponding to the
encoders to be indicated by the dotted lines. The tail bitslower parity bitz.

are then transmitted at the end of the encoded frame ac-

cording to X1, Zi+1, X+2r Zivze Xirzr Ze+z, K+1s

Z¢ 11, X120 Z+20 XL 30 ZK +3, WhereX represents the
tail bits of the upper encodet represents the parity bits
corresponding to the upper encoder’s téilrepresents

the tail bits of the lower encoder, a@fl represents the

4. DECODER ARCHITECTURE

The architecture of the decoder is as shown in
Fig. 2. As indicated by the presence of a feedback path,

parity bits corresponding to the lower encoder’s tail. the decoder operates in an iterative manner. Each full it-
Thus, when tail bits are taken into account, the numbereration consists of two half-iterations, one for each con-
of coded bits is R + 12, and the code rate k(3K + stituent RSC code. The timing of the decoder is such that
12). RSC decoder #1 operates during the first half-iteration,
and RSC decoder #2 operates during the second half-
iteration. The operation of the RSC decoders is described
in Section 6.

The valuew(Xy), 1 = k = K, is theextrinsic infor-
mation produced by decoder #2 and introduced to the
input of decoder #1. Prior to the first iteratiov(X,) is
initialized to all zeros (since decoder #2 has not yet acted
on the data). After each complete iteration, the values of
w(X,) will be updated to refledteliefsregarding the data
propagated from decoder #2 back to decoder #1. Note
that because the two encoders have independent tails,
only information regarding the actual data bits is passed
between decoders. Thus(X,) is not defined foK + 1
= k=K + 3 (if it were defined it would simply be equal
) ) ) to zero after every iteration).

The input to the decoder is assumed to be in 10g- The exprinsic information must be taken into ac-

likelihood ratio (LLR) form, which assures that the chan- ., nt by decoder #1. However, because of the way that
nel gain and noise variance have been properly taken iniqne pranch metrics are derived, it is sufficient to simply

account. Thus, the input to the decoder is in the form addw(X,) to the received systematic LLR(X,), which

(S =+1Y] forms a new variable, denot®d(X,). For 1= k = K, the
R=|n%§ input to RSC decoder #1 is both the combined system-

[S=—1¥]
By applying Bayes rule and assuming tRfg = +1] =

atic data and extrinsic informatiol(X,), and the re-
P[S= —1]
fy (% S=+1)
=Ing Yk Q
RN s = D

ceived parity bits in LLR formR(Z,). ForK + 1 =k =

K + 3 no extrinsic information is available, and thus the
where fy(YS) is the conditional probability density
function (pdf) ofY, given S, which is Gaussian with

meana,S, and variances®. Substituting the expression
for the Gaussian pdf and simplifying yields

3. CHANNEL MODEL

BPSK modulation is assumed, along with either
an AWGN or flat-fading channel. The output of the
receiver's matched filter g, = a S, + n,, whereS, = 2X,

— 1 for the systematic bit§, = 27, — 1 for the upper en-
coder’s parity bitsg, = 2 Z; — 1 for the lower encoder’s
parity bits,a is the channel gaira{ = 1 for AWGN and

is a Rayleigh random variable for Rayleigh flat-fadimg),
is Gaussian noise with varianee= 1/(2E/N,) = (3K +
12)/(ZK(Ep/Ny)), Esis the energy per code U, is the en-
ergy per data bit, anbl, is the one-sided noise spectral
density.
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Fig. 2. Proposed turbo decoder architecture.
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input to RSC decoder #1 is the received and scaled uppeb.1. Log-MAP Algorithm
encoder’s tail bitsV,(X) = R(X,), and the correspon-
ding received and scaled parity biR¢Z,). The output of
RSC decoder #1 is the LLR;(X,), where 1= k = K
since the LLR of the tail bits is not shared with the other

With the log-MAP algorithm, the Jacobi logarithm
is computed exactly using

max* (X,y) = In(ex +ev)

decoder. _ Nt e-ly-
By subtractingw(X,) from A,(X,), a new variable, : max(x, y)+ fn( _e )
denotedV,(X), is formed. Similar toVy(X), Va(X) = max(x,y)+ fe(ly = X) @

contains the sum of the systematic channel LLR and the ] o
extrinsic information produced by decoder #1 (note, which is the maximum of the function’s two arguments

however, that the extrinsic information for RSC de- Plus @ nonlinear correction function that is only a func-
coder #1 never has to be explicitly computed). Fer 1 tion of the absolute difference between the two argu-
k = K, the input to decoder #2 M,(X,), which is the ments. Thg correction functidg(ly — x|).can pe imple-
interleaved version o¥,(X), andR(Z/), which is the ~ mented using the log and exp functions in C (or the
channel LLR corresponding to the second encoder’s @guivalent in other languages) or by using a large look-
parity bits. Fork + 1 = k = K + 3, the input to RSC ~ UP table. The log-MAP algorithm is the most complex of
decoder #2 is the received and scaled lower encoderdh€ four algorithms when implemented in software, but
tail bits, Vo(X!) = R(X/), and the corresponding re- &S will be shown later, generally offers the best bit error
ceived and scaled parity bi(z,). The output of RSC rate (BER) performance. The correction function used by
decoder #2 is the LLR\,(X{), 1 = k = K, which is the log-MAP algorithm is illustrated in Fig. 3, along with
deinterleaved to form,(X,). The extrinsic information  the correction functions used by the constant-log-MAP
W(X,) is then formed by subtracting(X,) from A,(X)  @nd linear-log-MAP algorithms.

and is fed back to use during the next iteration by

decoder #1. ]

Once the iterations have been completed, a hard bit>-2- Max-log-MAP Algorithm
decision is taken using,(Xy), 1 = k = K, whereX, =1 With the max-log-MAP algorithm, the Jacobi loga-
whenA,(X) > 0 andX, = 0 whenA,(X,) = 0. rithm is loosely approximated using

. max* (X, y) = max(x, y) (5)
5. THE MAX "™ OPERATOR
i.e., the correction function in (4) is not used at all. The
The RSC decoders in Fig. 2 are each executed usingnax-log-MAP algorithm is the least complex of the four
a version of the classic MAP algorithm [21] implemented gigorithms (it has twice the complexity of the Viterbi al-
in the log-domain [13]. As will be discussed in Section 6, gorithm for each half-iteration) but offers the worst BER

the algorithm is based on the Viterbi algorithm [14] with performance_ The max_log_MAP a|gorithm has the addi-
two key modifications: First, the trellis must be swept

through not only in the forward direction but also in the
reverse direction, and second, the add-compare-selec
(ACS) operation of the Viterbi algorithm is replaced with 06§
the Jacobi logarithm, also known as the max* operator |~ constantlogMAP
[19]. Because the max* operator must be executed twice
for each node in the trellis during each half-iteration &

047

(once for the forward sweep, and a second time for the re-§, 0.3} linear-log-MAP

verse sweep),_lt constitutes a significant, and sqmeﬂmes 02! &

dominant, portion of the overall decoder complexity. The | \\

manner that max* is implemented is critical to the per- %’ XJQ%_

formance and complexity of the decoder, and several 0f
methods have been proposed for its computation. Below, g, . , ; ‘ : .
we consider four versions of the algorithm: log-MAP, 0 o5 1 15 lvil 25 3 35 4
max-log-MAP, constant-log-MAP, and linear-log-MAP.

The only difference among these algorithms is the man- fig. 3. correction functions used by log-MAP, linear-log-MAP, and
ner in which the max* operation is performed. constant-log-MAP algorithms.




The UMTS Turbo Code and an Efficient Decoder Implementation 207

tional benefit of being tolerant of imperfect noise vari- During the second sweep, an LLR value is computed for
ance estimates when operating on an AWGN channel. each stage of the trellis and its corresponding data bit.
Two key observations should be pointed out before
going into the details of the algorithm: (1) It does not
5.3. Constant-log-MAP Algorithm matter whether the forward sweep or the reverse sweep
is performed first; and (2) while the partial path metrics
for the entire first sweep (forward or backward) must be
stored in memory, they do not need to be stored for the
if [y-x|>T entire second sweep. This is because the LLR values can
max* (X,y) = max(x,y) + g ifly-x|=T (6) be computed during the second sweep, and thus partial
path metrics for only two stages of the trellis (the current
where it is shown in [23] that the best values for the and previous stages) must be maintained during the sec-

UMTS turbo code ar€ = 0.5 andT = 1.5. This algo- ond steep. ¢ th b ) d
rithm is equivalent to the log-MAP algorithm with the ecause o these 0 gervatlons, we recommen
correction function implemented by a 2-element look-up sweeping through the trellis in the reverse direction first.

table. The performance and complexity is between that Wil performing this sweep, the partial path metric at
of the log-MAP and max-log-MAP algorithms. each node in the trellis must be saved in memory (with

an exception noted below). After completing the reverse
sweep, the forward sweep can proceed. As the forward
5.4. Linear-log-MAP Algorithm sweep is performed, LLR estim_ates of the data can be
produced. Because the LLR estimates are produced dur-
The linear-log-MAP algorithm, first introduced in  jng the forward sweep, they are output in the correct
[24], uses the following linear approximation to the Ja- ordering (if the forward sweep was completed first, then
cobi logarithm: the LLRs would be produced during the reverse sweep
and would therefore be in reversed order).

The constant-log-MAP algorithm, first introduced
in [22], approximates the Jacobi logarithm using

max* (X, y) = max(x,y)

4 0 ifly=-x>T
Eﬁqy— X=T) ifly-x=T (7) 6.1. Trellis Structure and Branch Metrics

) The trellis of the RSC encoder used by the UMTS
In [24], the values of the parameterand T were picked i code is shown in Fig. 4. Solid lines indicate data

for convenient fixed-point implementation. We are as- X, = 1 and dotted lines indicate data= 0. The branch
suming a floating-point processor is available, so a bettermetric associated with the branch connecting stdtes
solution would be to find these parameters by minimizing (on the left) and§ (on the right) isy; = V(X)X j) +
the total §qu§1red error be'Fwee.n the exact <.:orrec.t|on fu_nc-R(Z )Z(, ), whereX(i, j) is the data bit associated with
tion and its linear approximation. Performing this mini- tne pranch and(i, j) is the parity bit associated with the

mization, which is detailed in the Appendix, yielals= branch. Because the RSC encoder is rate 1/2, there are
—0.24904 andl = 2.5068. The linear-log-MAP algo- only four distinct branch metrics:

rithm offers performance and complexity between that of
the log-MAP and constant-log-MAP algorithms. As will

=0
be shown in the simulation results, a key advantage of the 102 V(X,)
linear-log-MAP algorithm is that it converges faster than Yi: R(Zt)
constant-log-MAP. va= V(X)) + R(Z) (8)
6. MAP ALGORITHM IN THE LOG DOMAIN where for decoder #¥(X,) = V,(X,) and for decoder #2

V(X = Va(X) andR(Z) = R(Z).
Each of the two RSC decoders in Fig. 2 operates by
sweeping through the code_ trel_lls twice, once in each Of6.2. Backward Recursion
the forward and reverse directions. Each sweep uses a
modified version of the Viterbi algorithm to compute The proposed decoder begins with the backward
partial path metrics, where the modifications is that the recursion, saving normalized partial path metrics at all
ACS operations are replaced with the max* operator. the nodes in the trellis (with an exception noted below),
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the Viterbi algorithm. Unlike the backward recursion,
only the partial path metrics for two stages of the trellis
must be maintained: the current st&gend the previous
stagek — 1. The forward partial path metric for st&8e
at trellis stagek is denotedy,(S), with0=k=K -1
and 0= i = 7. The forward recursion is initialized by
settingay(S) = 0 andag(S) = —o= Vi > 0.

Beginning with stag& = 1 and proceeding through
the trellis in the forward direction until stage= K, the
unnormalized partial path metrics are found according to

&k(S) = max* { (ak—1(51) + Vi ),
(k(S,) + Vizj )} (11)

whereS; andS, are the two states at stadge- 1 that are
connected to stat§ at stagek. After the calculation of

a(Sy), the partial path metrics are normalized using
Fig. 4. Trellis section for the RSC code used by the UMTS turbo code.
Sphd Ilnt_as |_nd|cate data 1 and dotted lines indicate data 0. Branch met- Olk(S) = &k(S) — &k(so) (]_2)
rics are indicated.

_ _ _ As theas are computed for stadee the algorithm
which will Iater_be used to calculate th_e LLRs dunn_g the can simultaneously obtain an LLR estimate for data bit
forward recursion. The backward partial path metric for X,. This LLR is found by first noting that the likelihood

state§ at trellis stagek is denoted3(S), with 2= k = of the branch connecting steeat timek — 1 to state§
K + 3 and 0= i = 7. The backward recursion is initial- gt timek is

ized with k. 3(S) = 0 andBx.3(§) = — Vi > 0.
Beginning with stagk = K + 2 and proceeding (i ) = a-a(8) + iy +Bu(S) (13)
through the trellis in the backward direction until stage

k = 2, the partial path metrics are found according to The likelihood of data 1 (or 0) is then the Jacobi loga-

rithm of the likelihood of all branches corresponding to
Bu(S) = max* {(3k+1(31) + i), (B (S,) + 7”2)} 9) data 1 (or 0), and thus:

where the tilde abovg(S) indicates that the metric has  A(X¢) = _max* {\(i,J)} — .max*_ {N\(i,])} (14)
i (§-§)x=1 (§-§)%=0

not yet been normalized ag] andS, are the two states
at stagek + 1 in the trellis that are connected to stte  where the max* operator is computed recursively over the
at stagek. After the calculation 0B(S,), the partial path  likelihoods of all data 1 branchesS(- S):X; = 1} or
metrics are normalized according to data 0 branches § - S):X = 0}. OnceA(X)) is calcu-

- - lated, oy 1(S) is no longer needed and may be discarded.

Bk(8) = Bu(]) — Bu(S) (10)

Because after normalizatiof(S) = 0 VK, only the 7. SIMULATION RESULTS

other seven normalized partial path metfgs), 1 =i ] ] ]

< 7, need to be stored. This constitutes a 12.5% savings ~ Simulations were run to illustrate the performance
in memory relative to either no normalization or other ©Of all four variants of the decoding algorithm. Two rep-
common normalization techniques (such as subtractingresentative frame/interleaver sizes were used; 840

by the largest metric). and K = 5114 bits. For the smaller interleaver, up to
10 decoder iterations were performed, while for the
6.3. Forward Recursion and LLR Calculation larger interleaver, up to 14 decoder iterations were per-

) _ o formed. To speed up the simulations, the decoder was
During the forward recursion, the trellis is swept hajted once all of the errors were corrected (the next sec-
through in the forward direction in a manner similar to tjon discusses practical ways to halt the decoder). Results

2 The backward metric§(S) at stagek = 1 are never used and there-  Note thaty, does not need to be computedKer K (it is never used),
fore do not need to be computed. although the LLRA(X,) must still be found.
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for both AWGN and fully interleaved Rayleigh flat- 10
fading channels were produced. All four algorithms were ‘

implemented in C, with the log-MAP algorithm imple- 1o'1j; R e

menting (3) using log and exp function calls. In order to e NN “\.}\ .

present a fair comparison, all four algorithms decoded 10, N V\fx N\, Fading

the same received code words, and thus the data, noise ‘ LV baven | R

and fading were the same for each family of four curves. . 10° x . L\

Enough trials were run to generate 100 frame errors for 4 o . % X

the best algorithm (usually log-MAP) at each value of 0 . X

En/N, (more errors were logged for the other algorithms | 3

because the same received frames were processed by ¢ maxlogMAP | \, !

four algorithms). This translates to a 95% confidence in- . peraiocoe \ -

terval of (1.2, 0.8)) for the worst-case estimate of the 07~ logmaP ] ® %

frame error rate (FER) (the confidence interval will be o ‘

slightly tighter for the BER) [25]. Because the same re- 0 0.5 1 . /N1'ii - 2 25 3
b""Yo

ceived code word was decoded by all four algorithms,
and because such a large number of independent error
events were logged, any difference in performance
among algorithms is due primarily to the different cor-

rection functions that were used, rather than to the va- ) .
garies of the Monte Carlo simulation. coded by all four algorithms. Thus, there must be a dif-

ferent reason for this phenomenon. We believe the rea-

son for this discrepancy is as follows: although each of

the two MAP decoders shown in Fig. 2 is optimal in
7.1. BER and FER Performance terms of minimizing the “local’ BER, the overall turbo

The bit error rate (BER) is shown for the=K 640 decoder is not guaranteed to minimize the “global”
bit UMTS turbo code in Fig. 5 and for the 5114 bit ~ BER. Thus, a slight random perturbation in the com-
code in Fig. 6. Likewise, the frame error rate (FER) is Puted partial path metrics and corresponding LLR val-
shown in Figs. 7 and 8 for the 640 and 5114 bit codes, €S could result in a perturbation in the BER. The error
respectively. TheE,/N, required to achieve a BER of caused by the linear-log-MAP approximation to the Ja-
1075 is tabulated in Table I. In each case, the perform- C(..)bl. algorithm |r_1duces suph a random perturbation both
ance of max-log-MAP is significantly worse than the W|.th|n the algprlthm and mFo the BER curve. Note that
other algorithms, requiring between 0.3 to 0.54 dB this perturbation is very minor and the performance of
higher E,/N, than the log-MAP algorithm. The gap be-
tween max-log-MAP and log-MAP is about 0.13 dB 4. ~ max-log-MAP
wider for fading than it is for AWGN, and about 0.1 dB | Sl
wider for the K= 5114 bit code than it is for the K 10 T © L& logmap
640 bit code. The performance of both constant-log- Ny
MAP and linear-log-MAP are close to that of the exact 10" "\ Ry Fedine
computation of the log-MAP algorithm. The constant- \ \
log-MAP algorithm is between 0.02 and 0.03 dB worse _ "* '
than log-MAP, regardless of channel or frame size. The &
linear-log-MAP shows performance that is almost indis-
tinguishable from log-MAP, with performance ranging 5 \
from 0.01 dB worse to 0.01 dB better than log-MAP. '

The fact that linear-log-MAP can sometimes be ;s
slightly better than log-MAP is an interesting and unex- \W b4
pected result. At first, one might infer that because this 17" ;
discrepancy is within the confidence intervals, then it is ' E/N, in dB
simply due to the random fluctuations of the Monte
Carlo simulation. However, the simulation was carefully Fig. 6. BER of K = 5114 UMTS turbo code after 14 decoder
constructed such that the same received frames were de- iterations.

Fig. 5. BER of K= 640 UMTS turbo code after 10 decoder
iterations.
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Fig. 7. FER of K= 640 UMTS turbo code after 10 decoder
iterations.

linear-log-MAP is always within 0.1 dB of the log-MAP
algorithm.

If the simulations were run to a much lower BER,
an error floor would begin to appear [3]. The beginning
of a floor can be seen in the simulation of the=k640
bit code in AWGN. In the floor region, all four algo-
rithms will perform roughly the same. It can be seen in

Figs. 5 and 7 that the algorithms are beginning to con-

Valenti and Sun

Table I. E,/N, Required for the UMTS Turbo Code to Achieve

a BER of 10°
AWGN Fading
Algorithm K=640 K=5114 K=640 K=5114
max-log-MAP 1.532dB 0.819dB 2.916dB 2.073dB
constant-log-MAP  1.269 dB  0.440dB 2.505dB 1.557 dB
linear-log-MAP 1.220dB 0.414dB 2500dB 1.547 dB
log-MAP 1.235dB 0.417dB 2.4883dB 1.533 dB

This suggests that in a software implementation, per-
haps the algorithm choice should be made adaptive
(e.g., choose linear-log-MAP at low SNR and max-log-

MAP at high SNR).

7.2. Average Number of Iterations

The average number of iterations required for each
algorithm to converge (i.e., correct all the errors in a
frame) is shown in Fig. 9 for the 640-bit code and Fig.
10 for the 5114-bit code. A value of 11 iterations for the
smaller code and 15 iterations for the larger code indi-
cates that the algorithm does not converge. In all cases,
the max-log-MAP algorithm requires more decoder iter-
ations than the other algorithms at any particular value
of E,/N,. The other three algorithms require roughly the
same number of iterations, with the constant-log-MAP

verge as the BER and FER curves begin to flare into aalgorithm requiring slightly more iterations than the

floor. Thus, while the choice of algorithm has a critical
influence on performance at low signal-to-noise ratio
(SNR), the choice becomes irrelevant at high SNR.

100}:« S . max-log-MAP
& * S constant-log-MAP
A\ \ 7 linear-log-MAP
ad \ . log-MAP
ol o Ty N T '
\ AWGN i Fading
2 £\
107 \ \
o ) \
w
e \
10° I\
10* .
10°
0 0.5 1 1.5 2 25
Ey/N, in dB

Fig. 8. FER of K= 5114 UMTS turbo code after 14 decoder
iterations.

linear-log-MAP or log-MAP algorithms. As with the
BER and FER curves, the distinction among algorithms
becomes less pronounced at higher SNR as the error

max-log-MAP
10 . constant-log-MAP
& A <+ linear-log-MAP

94 \ ~~ log-MAP
2 8 \;,” \:Fading
o N
3 ' AWGN
8 7
) .
2 6
-g K \
25 P
2 N \
© 4 \ EN

S \""V
3 ¥ %
. < L

2 e . J

1,

0 0.5 1 1.5 2 25 3

Ey/N, in dB

Fig. 9. Average number of decoder iterations required for the
K = 640 UMTS turbo code to converge.
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16 “ max-log-MAP Table Il. Processing Rate of the Algorithms Running
BB constant-log-MAP on a 933-MHz P3
X TR ; . linear-log-MAP

14 ) % ~ logMAP Algorithm Throughput
otz A max-log-MAP 366 kbps/iteration
s : - \ constant-log-MAP 296 kbpsliteration
© L | . . . .
g 10 AWGN ! Fading linear-log-MAP 262 kbps{neragon
‘5 log-MAP 51 kbpsliteration
>
§ 8
® channel requires an average of 10.8 iterations of the

Ry ‘ N . max-log-MAP algorithm, 5.2 iterations of the constant-
S ’ log-MAP algorithm, and 4.85 iterations of each of the
log-MAP and linear-log-MAP algorithm. This implies
that the overall throughput of the max-log-MAP algo-
0 05 1 1.5 2 25 rithm will only be about 34 kbps, while the constant-log-
Eo/Noin B MAP and linear-log-MAP algorithms will offer an over-
Fig. 10. Average number of decoder iterations required for the  all throughput of 57 and 54 kbps, respectively. Thus, it
K = 5114 UMTS turbo code to converge. appears that the constant-log-MAP and linear-log-MAP
algorithms offer the best tradeoff in terms of complexity
and performance, with the linear-log-MAP algorithm of-
fering slightly better error rate performance at the cost of
slightly lower overall throughput.

curves begin to reach the error-floor region. However,
for sufficiently low SNR, we found that in AWGN the
max-log-MAP takes about two more iterations to con-
verge for the smaller code and about six more iterations
for the larger code (with even more iterations required
in Rayleigh fading). The constant-log-MAP algorithm With the exception of the max-log-MAP algorithm,
typically requires about more iterations than log-MAP, the log-MAP algorithm and its approximations require
while linear-log-MAP requires the same number of iter- knowledge of the noise variane# In [23], it is shown
ations as log-MAP. that one of the disadvantages of the constant-log-MAP

algorithm is that it is rather sensitive to errors in the

noise variance estimate. We tested the sensitivity of the
7.3. Processing Rate proposed algorithm to noise variance estimate errors by
by, 9iving the decoder an estimate odf = eo? of the true

. 5 . . -~y
Pentium 1l and the Windows 2000 operating system. variances“. We variede from 0.1 to 2.0 (with 1.0 indi

The average throuahout measured in bits per seconofating a perfect estimate of the noise variance), and plot-
1ge throughput, 1 P ed the results for the K 5114 bit turbo code operating
(bps) per iteration is listed in Table II. Clearly, the log-

MAP algorithm is the least-efficient algorithm, requiring " ~WGN in Fig. 11 for two values d&,/N, and all four

X . algorithms. This figure indicates that, at least for the
more than seven times the processing power of the max-

) L . 5114-bit UMTS turbo code, all three algorithms behave
log-MAP algorithm, which is the fastest algorithm per ~. . : . .
. . ) similarly in the presence of noise variance estimate er-
iteration. As the only difference between log-MAP and . .

. : . rors, with the constant-log-MAP consistently worse than
max-log-MAP is the calculation of the correction func- . . .
. . . . the log-MAP and linear-log-MAP algorithms (which had
tion, it stands to reason that calculating the correction

: . ! similar performance to one another).
function using the log and exp function calls accounts for
over 7/8= 85% of the complexity of the log-MAP de-
coder. The other three algorithms required roughly the
same complexity, with max-log-MAP offering the high- 8. DYNAMIC HALTING CONDITION
est throughput per iteration.

7.4. Sensitivity to Noise Variance Estimation Errors

The simulations were run on a PC with a 933-M

Note that the algorithm with the highest throughput The simulation results from the previous section as-
per iteration will not necessarily be the algorithm with sumed that the decoder halted as soon as it converged,
the highest overall throughput. For instancegdN, = i.e., when all the errors in the frame were corrected. This

0.5 dB, the K= 5114 code received over an AWGN requires knowledge of the data, which is available when
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10 107
g T T — A =1
¢ E,/N,=0.3dB S T
A A YG(‘;;"JQY 8 Pl A It R { , \\A\y AT=5
MR \\ W E/N,<05dB o s 10 < Ar=10
g y A R i
‘102 Y o Perfect Halting
10° 3
E/N,=0.3dB & “'\
pi 1
x 4 [~ x , 4 )
10 10
@ N EyN,=0.5dB @ N\
% 8
10°
10° \ "~ |+ max-log-MAP
A 2 constant-log-MAP ©
# linear-log-MAP 10
+ log-MAP <.
10°- 10"
0 02 04 06 08 1 12 14 16 18 2 0 02 04 06 08 1 12 14 16 18 2
Estimation Error () E,/N, in dB
Fig. 11. Sensitivity of the K= 5114 UMTS turbo code to noise Fig. 12. BER of K = 640 UMTS turbo code with constant-log-MAP
variance estimation errors in AWGN. decoding in AWGN with various halting thresholds.

running a computer simulation. However, in practice, the Fig. 14. As can be seefi; = 1 andA; = 5 are too small
decoder will not have kn0W|8dge of the data, and thus aand raise the BER floors, Whufe]_ = 10 raises the FER
blind method for halting the iterations must be em- fioor only slightly and has only a negligible effect on the
ployed. Because the decoder rarely requires the maXi-BER floor. Using the threshowT =10 requireS, on av-
mum number of iterations to converge, using an early erage, less than one extra iteration compared to ideal
stopping criterion will allow a much greater throughput halting.
in a software radio implementation. It is interesting to note that the BER is sometimes
Several early stopping criteria have been proposedjower with A = 10 than with ideal halting. The reason
based on the cross entropy between iterations or on thgor this is as follows: The number of errors at the output
sign-difference ratio [26]. The decoder considered hereof a turbo decoder will sometimes oscillate from one it-
uses a simpler, but still effective, stopping criteria based eration to the next [6]. If the received code word is too

only on the log-likelihood ratio. The decoder stops once corrupted to successfully decode, “ideal halting” will al-
the absolute value of all of the LLRs are above a thresh-

old, Ag; i.e., the decoder halts once o
B " " AT =1
. . Ap =5
min{|A2(X)} > A (15) . . Al =10
A * . . Perfect Halting

The performance of the stopping condition is — 1
highly dependent on the choice &f. If it is too small, 102 h
then the decoder will tend to not perform enough itera- .
tions and BER performance will suffer. If, however, it &
is too large, then the decoder will tend to overiterate, 10° \
and the throughput will suffer.

The K= 640-bit UMTS turbo code was simulated
in AWGN using both ideal halting (i.e., halt once the de-
coder converges) and halting using various values for
A+. The decoder used a maximum of 10 iterations of the 5.
constant-log-MAP algorithm, and each curve was gener- 0 02 04 06 08 N Ll Mote e 2
ated using the same received code words. BER results o
are shown in Fig. 12, FER results are shown in Fig. 13, fig. 13. FER of K = 640 UMTS turbo code with constant-log-MAP
and the average number of decoder iterations is shown in decoding in AWGN with various halting thresholds.

10
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o ' ' A -1 T crease in complexity. Second, a method for normalizing
9;;,‘ ; Az -5 the partial path metrics was proposed that eliminates the
N < Ar=10 need to store the metrics for st&g Finally, a method
8 § Perfect Halting for halting the decoder iterations based only on the cur-
g, rent value of the LLRs was proposed and shown through
'g . simulation to require only one more decoding iteration
% 6 . compared to ideal halting.
£s \
o 4 O \ APPENDIX
° i e ) The parameters used by the linear approximation to the
2 S Jacobi logarithm are chosen to minimize the total
squared error between the true function (3) and its
"o 02 04 06 08 1 12 14 16 18 2 approximation (7):
E,/N, in dB

T 2
d(a, T)=( [a(x—T)—In(l+ex)|"dx
Fig. 14. Average number of decoder iterations required for the K ( ) .[0 [ ( ) ( )]
640 UMTS turbo code to converge in AWGN using constant-log-MAP +J'°°[|n(1+ e-X)]de (16)
decoding and various halting thresholds. T

ways run the full number of iterations; thus, the number 1 NiS function is minimized by setting the partial deriva-
of bit errors will be dictated by the performance at tives with respect ta andT equal to zero. First, take the

the last iteration, which due to the oscillatory nature of Partial with respect ta
the decoder, could be quite high. On the other hand, the

early-halting decoder will stop the iterations when the 0%(a, T)
LLRs are high, even if the BER is not identically zero.

- . —X)](x —
Thus, although early halting cannot lower the FER, it can JoZa(x=T)=In(+ e7X))(x~T)dx

lower the BER by having fewer bit errors when there is = 2fja(x—T)? dx—2[,(x—T)In(1+ e*)dx
a frame error. _ %a(x—T)B» \T—ZJOT(X—T) i(_ln)m e dy
0 n=
_ 2 ) (_1)n+1 o
9. CONCLUSIONS =3aTe—25 o (x=T)e™ dx

_ 2473 “ﬂ’ (1) o ]
T+ 25 — —|T+{ )e l1)
= Zamo ok T-2K, 125 EN e (17)

1

This paper has discussed a complete turbo decoding
algorithm that can be implemented directly in software.
To provide a concrete example, the discussion focused
on the turbo code in the UMTS specification. However,
the same algorithm can be used for any BPSK- or QPSK-whereK, andK, are constants:
modulated turbo code, including that used by cdma2000

and by the CCSDS deep-space telemetry standard. Note, K =% (=Dt _ w2
however, that if the modulation does not have a constant VT4 m 12
phase (e.g., QAM modulation), the input LLR normal- K, = < (=pn+2
ization process and branch metrics discussed in this T A

paper must be modified.
In addition to providing an overview of the UMTS  Next, take the partial derivative of (16) with respecE o
turbo code and a generic decoder implementation, three
aspects regarding turbo codec implementation have been ID(a,T) _ 7
studied in this paper. First, a simple, but effective, linear ~— 57 = [{ 2[a(x - T) —In(L+ex)](-a) dx
approximation to the Jacobi logarithm was proposed. +[a(x~T) = In(L+ex)]? _.
Simulation results that this approximation offers better —[In(L+ex)]2._ -
performance and faster convergence than the constant- T =T
log-MAP algorithm at the expense of only a modest in- = [, 2ax=T)~Int+e)] (-a)dx (18)
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Because the above expression is being set to zero, it can

be divided by—2a:

IOT[a(x—T) —In(1+ e *)]dx

= IOT a(x—T)dx— IOT In(1+ex) dx
_a ) T_ T @ (_1)n+1
—E(X_T) ‘0 _[0 ;7n

_§T2 — i(_]zrwl J‘(;r e—™ dx

e ™ dx

2
—_§ 2 < (_1)n+1 —nT —
2T > [e 1

—_Qr,_ < (=t —nT
2T Kﬁ-; 2 e (19)

Multiply (17) by 3/2 and add toT2times (19) to obtain

. 0 (_1)n+1 .
g(T) - KlT - 3K2 + Slee nt

+2T i (__’]_)n+1 et

=1 n?

(20)

By setting the above monotonically increasing function of
T to zero, we arrive at the optimal value forHowever,
becausd is embedded in a sum of exponentials, an iter-
ative approach to solving fdrmust be taken. The itera-
tive solution is found by first choosing two valigsand
T, that satisfyg(T,) < 0 andg(T,) > 0. LetT, be the mid-
point betweenT; andT,. If g(Ty) < 0, then sefl; = Tj;
otherwise seT, = Ty and repeat the iteration unti] and
T, are very close. Although the upper limit of the sum-
mations is infinity, an error of less than t®results if the
upper limit is truncated to 30. By iteratively solving (20)
with the upper limit of the summations set to 30, we find
T = 2.50681640022001 (21)
Once the optimal value d&f has been foundj can eas-
ily be found by setting either (17) or (19) equal to zero
and solving fora, which results in

a = —0.24904181891710 (22)
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