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ABSTRACT: In this paper, we investigate the influence of utilizing the distribution of multi-antenna interference (MAI) on
the graph-based soft iterative receiver (GSIR) instead of applying the Gaussian approximation. It is shown Gaussian
approximation is not only inaccurate at high signal-to-noise (SNR) ratio but also at low SNR with the availability of a priori
information (during iterations). Consequently, it severely limits performance. It is demonstrated that implementing the
distribution of interference at the data detection is able to double the bandwidth efficiency and improve the power efficiency
dramatically. Evenif the computational power islimited and a specific bandwidth efficiency isaimed, employing thedistribution
of interference can still achieve few dB gain with saving around 75 percentage of the available computational power
compared to Gaussian approximation. Besides, a hybrid receiver that combines between employing the distribution of
interference and applying the Gaussian approximation on interference is proposed. This combination is adjustable in the
way that offers a real flexibility between performance and complexity. The performance characteristics of these kind of
receivers are investigated via an Exit chart analysis. Additionally, Monte-Carlo simulation results showed that at BER =
10 ~3the hybrid receiver needs only 1.9 dB to reach the performance of employing the distribution of interference with saving
about 99.2 percentage of its computational power. The proposed method is applicable with any kind of GSR with arbitrary
modulation and channel coding schemes.
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1. Introduction

Thevery high demand on the fast communication systemsis explosively growing to satisfy the required advanced applications
such asvideo calls. To improve the bandwidth efficiency, using higher-order modulation schemesis an indispensable solution.
Where more than one information bits are mapped onto asingle data symbol. In addition, implementing multiinput multi-output
(MIMO) systems is another method to enhance the bandwidth efficiency and/or system performance. Therefore, utilizing

higher-order modulationsin MIMO systems has been proposed for emerging wireless radio systems such as 3GPP long term
evolution (LTE).
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To obtain agood system performance, accurate channel state information (CSl) isrequired. The receiver can estimate the CSI
when known training symbols are embedded into the transmitted signal stream [1], [2]. In MIM O systems, the number of the
reguired training symbolsincreases proportionally with the number of transmit antennas| 3], which degradesthe power and the
bandwidth efficiency. Iterative receivers employing turbo principlethat jointly implement data detection and channel estimation
are apromising method to reduce the training symbols. Accordingly, they can efficiently refine the channel estimation by using
the detected data symbols[4] —[6].

Graph-based soft iterative receivers (GSIR) have recently been proposed as a soft joint channel estimation and data detection
[7] —[10]. The soft channel information is produced and refined during iterationsfor aMIM O system with BPSK over ablock-
fading channel in [7]. Utilizing a higher-order modulation for a SISO system over atime-varying channel has been presented in
[9]. Furthermore, a2-dimensional GSIR that worksfor MIMO-OFDM with BPSK over atime-varying frequency-sel ective channel
has been proposed in [8]. Last but not |east, a GSIR worksfor aMIMO-OFDM with arbitrarily modulation and channel coding
schemes in multi-dimensional (e.g. time, frequency, and spatial domain) over atime-varying frequency-selective channel has
been suggested in [10].

In al the proposed GSIRs, the MAI and the noise are approximated by a Gaussian variable. In other words, the residual
interference’s pdf, which represents convolving the pdfs of the interfering symbols with the noise pdf, is approximated by a
Gaussian pdf. Thisassumption isaccurate according to the central limit theorem aslong asthe number of theresidual interferers
ishigh[11]. However, the accuracy of thisapproximation reduces as much asthe algorithm converges, sincethereliability of the
residual interferersincreasesthat represents decreasing the variance of theinterferers' pdf. Thisimpact becomes more serious
at high signal-to-noiseratio (SNR) than low SNR, astheinterfering pdfs start with a smaller variances.

InaMIMO system, to obtain a good system performance, an efficient MAI cancellation is necessary. In the other hand, the
efficiency of thiscancellation strongly depends on the accuracy of the Gaussian approximation. With increasing SNR and when
the algorithm convergesthe accuracy of the approximation reduces, which causes moreresidual error. The sensitivity to residual
error increaseswith the modulation order, since the higher the modulation order isthe smaller Euclidean distance has. Therefore,
we proposeto utilizethe exact pdf of theresidual interferers. The proposed GSIR can work with arbitrary modulation and channel
coding schemes with any GSIR dimensions.

In this paper, the GSIR performance degradation caused by taking the Gaussian approximation on the MAI and the AWGN
signal isinvestigated. In addition, considering the exact pdf of theresidual interferersat the data detection stage isinvestigated
for the case of perfect CSI and imperfect CSl. Since thereliability of the data detection and the channel estimation is mutual in
the GSIR, implementing the exact pdf for the residual interferers at the data detection stage enhances the channel estimation
reliability as well. Monte- Carlo simulations are provided to illustrate the performance gain for the proposed GSIR receiver.
Besides, to have acompromise between performance and complexity, ahybrid GSIR is proposed.

Theremainder of this paper isorganized asfollows: Section |1 definesthe system and channel model, SM schemes, and the used
GSIR. In Section |11 Gaussian approximation isexplained, and the distribution of interferersisinvestigated aswell ascompared
with the Gaussian approximation. Secection 1V gives complexity comparison between the two methods. Then, the hybrid
receiver isproposed in Section V. Numerical results are presented in Section VI and Section V11 draws the conclusions.
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2. Fundamentals

2.1 System and Channel M odéel
The considered system in thiswork is, abit-interleaved coded transmission system [12] over aflat fading time-varying MIMO
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Figure 2. Superposition mapping (SM)

channel as shownin Figure 1. At the transmitter side, first the data symbols are encoded, then interleaved. Hence, the adjacent
data symbolswill beindependent in time domain. Thereafter, theinterleaved code bits are mapped and finally the pilot symbols
are inserted among the data symbols along the burst. The received signal at the n receive antenna can be written as

NT
y, [Kl= Z hn,m[k] X (K +w [K] )
m=1
where N, represents the number of the receive antennas, k € {0, 1,....... , K-1} isthe discretetimeindex with K representing the

burst length. y [K] € Cisthereceived signal (channel output) at then-th (1< n <N_) Rxantennaat timeindex k, and x [K] isthe
channel input at the m-th Tx antenna at timeindex k. h__[K] € Cisthe coefficient of the sub-channel connecting the n-th Rx
antennaand the m-th Tx antennaat timeindex k. w_ [k] denotesan AWGN sample with zero mean and variance csnz. The channel

isconsidered to be awide-sense stationary uncorrel ated scattering (WSSUS) channel model. Channel coefficients of each sub-
channel can be emulated by a superposition of P paths as

P
im _1
h, mlKl = Plinm ﬁz:‘,lexp@; 2nfp TK) @

wherethe p" path hasarandomly generated initial phase q)p and aDoppler frequency of f . The symbol duration is represented
p
by T, [13].

2.2 Superposition Mapping

SM isarecently proposed mapping scheme that linearly superimposes a certain number of binary antipodal bits to produce a
Gaussian like constellation signal [14]. Before summing up the binary antipodal bits, a specific magnitude and phase are
allocated to each one as shown in Figure (2). Based on this assignment, more than one kind of SM is obtained. In order to
describethe SM scheme mathematically, thefollowing formulacan be used [14].

N N .
X:_ZC-:Zdj' jel‘p, de{£1}, 3
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where o is the allocated magnitude of the " bit, D isthe assigned phase of the ™" bit.

SM has attracted alot of attention, sinceits distribution satisfies the requirement to achieve the channel capacity of the AWGN
channel according to Shannon information theory [17]. In this paper, phase-shifted superposition mapping (PSM) is selected for
its nearly Gaussian distributed constellation diagram as shown in Figure 3 and Figure 4, which supports the applied Gaussian
approximation onthe MAl and AWGN. More detailsabout PSM isavailablein [14] —[16].

2.3Factor Graph Modd
Factor graphs are an efficient tool for designing iterative estimation / detection algorithms[18] —[19].

Without loss of the generality, the factor graph for coded transmission over atime-varying MIMO flat fading channel with N
=N,=2and N =2isillustrated in Figure 5. The channel nodes h that carry the information of the channel coefficients and the
bit nodes dm’ . that carry the information of the code bits are plotted in circles. While, the observation nodes y carry the
information of the received symbols are plotted in rectangles. Two types of observations nodes are available. The first isthe

training observation nodes which are associated with the training symbols, while the others represent the data observation
nodes. Meanwhile, the boxed plus represents a code node. For time-varying channel transition nodes are introduced that are
denoted by aboxed A, which stand for the relationship between a channel node hn, LK+ 1] and its neighboring channel nodes
hn, . [Kl. Moreover, information exchange between neighboring channel nodes is done throughout transition nodes. The
channel nodes h carry the estimated soft CSl. The observation nodes y carry the received information as well as they are
responsiblefor computing thelog-likelihood ratio (LL R) valuesfor each code bit and refining the estimated soft CSI at the data
observation nodes. The dm’j containsthe LLR for the j code bit.

To simplify how the GSIR works, astep by step explanation is given below:
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Figure 3. Constellation diagram for PSM with N =4, 6 and 8 respectively

As soon as the whole burst is received, the algorithm starts working as follows:

1) At first, soft channel estimate is performed at the training observation nodes, where the estimate valueis|[7]
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Figure5. GSIR for atime-varying MIMO channel withN, =N_=2andN=2

y
M= 0 )
and the uncertainty of this estimateis
o2
W
O'h2 = | X |2 (5)
Thus, soft CSl is represented by
h~CN (u,, 07) ©)

This soft CSl is passed to the associated channel nodes.

2) The soft CSl is spread over the whole burst by means of forward and backward propagation. y, is passed without changeto
the neighboring channel nodes. While, o, ?isincreased by the variance of the transition node in each passing. The variance of
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the transition nodes is obtained [8] as follows:
GAZ =2-2J (2% fD,masz) @)

After distributing the soft CSI information along the burst, each channel node obtainsits soft CSI by implementing the sum-
product algorithm and forwards it to the associated data observation nodes.

3) The LLR for each code bit is calculated at the data observation nodes as follows:
p(yld ;=+1)
p(yld, =-1

Before, thelikelihood function for each hypothesisis cal culated after eliminating theinfluence of the MAI and AWGN signals
fromthereceived signal asfollows[9]:

LLR(d, ) =log ®)

|(y—) - x|?

niZe oy T g2
n(o,’|x|"+0,) o/ |x|*+ o,

plylx)= ©

where i and o, ? represent the mean and variance of theinterfering Gaussian variable (MAI + AWGN) respectively, which will
beexplainedin detailsin Section 111-A. Then, LL Rsare passed to their associated bit nodes. Since more than one receive antenna
is employed, each bit node receives LLRs by the number of N,. The received LLRs at each bit node are summed up to get the
spatial diversity gain before been sent to its related code node.

4) Code nodes generate extrinsic information and passthem to their connected bit nodes, which calculate the apriori information

for each code bit P, , | before passing them to their associated data observation nodes. This step declares the beginning of
iterations. -

5) Dataobservation nodes cal cul ate the apriori information for each symbol hypothesis P, to be used for cal culating the channel
coefficientsasfollows[9]:

 =1(y=1) Y PO (xIx|%)

XE X
2= (02 + 1Y) PO/ x|~ |, |2 (10
XE X
where
1
- (11)
G
XE X

and passthem to their connected channel nodes. Besides, training observation nodes perform soft channel estimate as described
in step 1.

6) Each channel node exchangesits messages with its neighboring channel nodes. Then, they refine their messages by mean of
sum-product algorithm before passing them to their associated data observation nodes.

7) With the presence of therefined soft CSl and the apriori information, each data observation node performs soft data detection
as aready described in step 3.

Iterations go on until a specific condition is met. During iterations, it is expected the reliability of the a priori information is
enhanced, which improves the performance of the data detection and the channel estimation. More details about GSIR is
availablein[7] —[10].

3.MAI Cancdlation
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3.1Gaussan Approximation
Gaussian approximation is known from the multiuser systems. It has been used in multiple-access/multiplexing systems [20].
Theidea of thisapproximation in short words isto approximate the interfering code bits and the AWGN sample by a Gaussian

variablev, -~ CN (T oﬁ). Its mean and variance are cal culated to be utilized for MAI cancellation at the soft datadetection

and soft channel estimation. In [7], the Gaussian approximation that considersthereliability of channel estimate for BPSK has
been derived. Inthefollowing, it will be derived for arbitrary higher-order mapping schemes.
For simplicity thetimeindex kisomitted. After re-writing Equation (1), we get

NT
Y, = Xs‘hn,s+ 2 hn,m'xm+Wn (12)

— —
m=1m#s AWGN

MAI

The MAI and AWGN are approximated by aGaussian variablev ~ C\ (i, , 6,).

When bijective mapping schemes are utilized, cal culating the mean and variance of v_is performed symbol-wisely. Hence, the
complexity grows exponentially with N. To get the statistics of the effective interfering sample, we define
I =x_.h_ 13
therefore
:U/rm = ;U/Xm . th
ol =E{IU P} -1, P

The mean and the variance of the Gaussian variable v are calculated asfollows:

o7 = of + 0, (14)

After some mathematical derivations, ;1. ando,? can be calculated according to

R
Hrn =ty 3% P (X))
r=1
ol =| I2R ’.P —RX P(x) (15
[‘m ‘Llh 'lerl . (Xr) |E T T
r=1

r=1
where R= 2", which shows how the computational complexity grows exponentially with N and linearly N,-
MIMO system performance is sensitive to the accuracy of MAI cancellation. Consequently, it is directly affected by the

accuracy of Gaussian approximation particularly when higher-order mapping schemesare utilized. Therefore, it isworthwhile
investigating it.

The accuracy of Gaussian approximation depends on two parts. First, number of interferers. To increase number of interferers,
higher-order mapping schemes are sel ected and/or more transmit antennas are empl oyed. In the one hand, that also supportsthe
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bandwidth efficiency, which is absolutely demanded, but on the other hand increasing the modulation order increases the
sensitivity to residua errors, which unfortunately degrades the system performance. Adding more transmit antennas requires
more signal overhead that again degrades the bandwidth and power efficiency. Second, uncertainty of interferers, which is
inversely proportional to SNRs. Besides, it also decreases with the system convergence (during iterations).

2.2 Exact pdf of MAI and AWGN

To the best knowledge of the author, in all the published works [7] — [10] when GSIR is implemented in MIMO, Gaussian
approximation has been applied for MAI and AWGN sample. In this Sec. the exact pdf of interfererswill be investigated and
compared with the Gaussian approximation.

For the sake of simplicity y, isdenoted asyin thefollowing. Asit is clearly seenin Equation (12), the received signal consists
of the interesting term x_. h,, MAI, and noise. The last two terms are considered the interfering part that are described as:
NT
FEREDY Ry Xt W (16)
m=1m#s AWGN

%,—J

MAI

The pdf of I,_isthe convolution of the (N —1) pdfs of the MAI and the normal pdf asfollows:
|z|?
1 T 202
B = (fy ) (g Y wx (F iy ) e~y e % (17)

x=
erw

The pdf of each transmitted symbol f_ is obtained according to the following formula:

R
=3 P(x)8(z-x) (18)
i=1

where § isthe Dirac pulsein the complex plane and P (x) isthe probability of symbol, whichis already calculated at the data

Figure 6. Exact pdf of MAI, and noisefor MIMO 2+ 2, N=6, perfect CSI, h=
1, no apriori information, and Eb/N_ = 15dB

observation nodes during iterations.

Asi it is obvious in Equation (18), f_consists of pulses that are located at the symbol values on the complex plane. After
multiplying the pdf of each interfering symbol by its channel coefficient asgivenin Equation (17), their locationsare shifted to
x . h.

[
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Figure 7. Pdf of MAI, and noise with Gaussian assumption for MIMO 2 * 2,
N =6, perfect CSl, h=1, noapriori information, and Eb/N_= 15dB
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Figure 8. Exact pdf of MAI, and noisefor MIMO 2 2, N = 6, perfect CSl,
h=1, noapriori information, and Eb/N_=5dB

Convolving two discrete pdfs in the complex plane can be calculated as

R R
fa* o= i;j;lp (4) P (%) 8(z— (%, + X)) (19

2.3Comparison of the Exact pdf with Gaussan Approximated pdf
Toimaginethe difference between the exact pdf and the Gaussian approximated pdf, some graphswill be givenin thefollowing.

Weassume MIMOwith N, =N_=2,N=6, noapriori informationisavailable, and perfect CSl withh=1.
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Figure 6 shows the exact pdf of the interference. Meanwhile, Figure 7 gives the pdf of the interference using the Gaussian
approximation. For both pdfs 10log E—b =15 dB. Eb isthe average bit energy and N denotes the single-sided power spectral

density of the Gaussian noise. Clearly, the Gaussian approximated pdf is much different from the exact pdf, although they have
the same mean and variance. However, as already mentioned, at low SNRsthe Gaussian approximated pdf gets closer to the exact
pdf as shownin Figure 8 and Figure 9 for SNR =5 dB.

Unfortunately, even this rough similarity at low SNRs is broken as the reliability of the interfering symbols increases during
iterations as shown in Fig. 10.

4. Complexity Comparison

To perform soft data detection as described in step 3 of Section 11-C, which approximates the (MAI + AWGN) by a Gaussian
variable, itisrequired to go through 2N 2N constellation points. However, it needsto visit 2 NNy pointsfor the case of calcula
ting the exact pdf of interferers.

5.Hybrid Receiver

So far, it is concluded that Gaussian approximation has simple complexity that is practically needed. But, this interesting
property is priced with performance degradation either at high SNRs or at low SNRs with availability of reliable a priori
information. In the other hand, employing the exact pdf significantly improves the performance. Regretfully, such gain is not
earned for free, it requires complicated computations. Hence, it is worthwhile investigating a receiver that compromises in
between.

Themain complexity difference between the two methods grows exponentially with N.. for the case of the exact pdf and linearly

for the other case. This difference becomes prohibitive with high N particularly when high N is selected, because all the pdfs
of theinterfering symbols are considered in the convolution.

To have acompromise between performance and complexity, we propose ahybrid receiver that cal cul atesthe exact pdf for apart
of theinterfering symbols and considers the Gaussian approximation for the remaining part. In thisway, its complexity growth
and performance improvement in contrast to implementing the Gaussi an approximation depend on how many interfering symbols
are considered for the exact pdf.

0.25
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Figure 9. Pdf of MAI, and noise with Gaussian assumption for MIMO
2%2,N=6, perfect CSl, h=1, noapriori information, and Eb/ N_=5dB
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Figure 10. Exact pdf of MAI, and noisefor MIMO 2 * 2, N=6, perfect CSl, h=1,
with apriori information availability, and Eb/N_=5dB

In the proposed receiver, the mean 4, and variance 0'u2 of the interfering symbols, which are approximated by a Gaussian
variable, and the AWGN are cal culated at first according to Equation (14), before convolving them with the pdfs of theremaining
interfering symbolsthat are considered for the exact pdf calculation asfollows:
lz-u,1?
1 - o2
fo=(foy ) (f_ e (f_ . h)s e 7

no,

where qisthe number of pdfsthat are selected to consider their exact pdf. Thetrade off between performance and complexity can
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be executed by adapting . If g = N, — 1 is chosen, the performance of the receiver employing the exact pdf can be obtained.
Meanwhile, reducing g relaxesthe complexity and degrades the performance compared to the case of the exact pdf till g=0the
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performance of implementing the Gaussian approximation isreached. Besides, g can even be adjusted during iterationsto allow
moreflexibility.

6. Simulation Results

In this section, acomparison of the bit error rate (BER) performancefor the GSIR when the exact pdf of interferersisconsidered
(EXT pdf), the Gaussian approximated pdf of interferersisapplied (GA pdf), and for the hybrid pdf of interferersistakeninto
account (HY BD pdf). PSM scheme and repetition code are chosen. Number of iterationsis selected to be 10. The datasymbols
are transmitted through a Rayleigh fading channel with a normalized maximum Doppler frequency f T_=.005. The training

symbol spacing D = 8isused.
At first, the BER performance of the GSIR employing the exact pdf and the GA pdf depending on N iscompared in Figure 11.
N; = N; = 2 with a code rate % are selected. For N = 4 with perfect CSl, the GA pdf suffers from severe error floor at

BER = 5. 10*. However, at the same BER, the exact pdf offers 14.5 dB gain and it even reaches BER=105 at SNR=14.3 dB.
Althoughincreasing N is supposed to enhance the GA pdf, it adversely affects on its performance as shown in Figure 11. This
isinterpreted as enlarging N reduces the Euclidean distances, which makes it more sensitive to residual error created by the
inaccuracy of Gaussian approximation. Nevertheless, the exact pdf can properly work with high N such as 6, and 8 for both
perfect and imperfect CSl.

Regarding the bandwidth efficiency, The GA pdf can achieve 4 bit/sec/Hz, but with severe error floor. Meanwhile, the exact pdf
can properly support till 8 bit/sec/Hz with much better power efficiency. But on the other hand, the required compl exity for the
exact pdf is higher than the needed complexity for the GA pdf. To make afair comparison, the bandwidth efficiency for both
methodswill be compared in the same environment and | et them consume roughly the same computational complexity. For the

GA pdf, the coderate % and N = 8 are compared with exact pdf for the N = 4 and coderate % in Figure 11. Clearly seen that

the exact pdf achieves around 1.5 dB gain at BER=104, even though it needsto go through only 28 constellation points and the

GA pdf visits 219 points. Concerning making another fair comparison to achieve ahigher bandwidth efficiency than 4 bit/sec/Hz,
the GA pdf can not succeed even with avery low code rate.

In the second scenario, the hybrid pdf (with g = 1) is considered for comparison aswell, where N =4, N, =2, and N =4 are
selected. To have an insight about the performance of the three methods, they are first examined by the extrinsic information
transfer (EXIT) chart analysis[21], [22], which represents an efficient tool to study the convergence performance of iterative
receivers.
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Figure 12 illustrates the transfer function of the three methods for an SNR of 12dB assuming perfect CSl. It is shown that they
start at the same point. Meanwhile, with increasing thereliability of the apriori information, the performance differencereveals.

However, in conjunction with repetition code of rate 1 , the GA pdf intersects with it early at | A 0.44, which indicates a
EC

3
severe error floor regardless number of interations. On the contrary, the hybrid pdf can delay the intersection with the channel
codetoachievel , =0.65, which offersaconsiderablegain. In the other hand, the exact pdf dramatically outperformsthe others.

Because of itsveryE\7vi detunnel, it can achieve avery low BER with alow number of iterationsthat is highly demanded to reduce
computational complexity.

To confirm the results of the EXIT chart analysis, the BER performance of the three methods in the same scenario isgiven in
Figure13.At BER = 2. 1073, the exact pdf outperformsthe hybrid pdf about 3.8 dB for the perfect CSI and about 1.8 dB for the
imperfect CSI. While, the hybrid pdf achieves around 12.4 dB gain for the perfect CSl at BER = 2.1073. In the hybrid pdf even
though g is chosen to be 1, which considerably reduces the computational complexity compared to the exact pdf, it achieves
much better performance than the GA'’ s performance and alittle worse performance than the exact pdf’s performance. Toimagine
the complexity difference of this scenario, the exact pdf goesthrough 21° constellation points, whilethe hybrid pdf visits around

2° points, Meanwhile, the GA pdf considers 2’ constellation points.

7.Conclusion

The effect of employing the distribution of interference on the GSIR performance has been spotlighted in this paper. It was
shown that Gaussian approximation is not accurate at high SNRsand even at low SNRswith the presence of apriori information.
Simulation results clearly demonstrated how utilizing the distribution of interference at the data detector can dramatically
improve the bandwidth and power efficiency. M oreover, with aspecific bandwidth efficiency, it can offer better performance and
save considerable complexity compared to the Gaussian approximation. Additionally, ahybrid receiver that compounds between
the two methods was proposed. This receiver flexibly compromises between performance and complexity. Simulation results
showed not only doesit offer animpressive gain, but also doesit reduce complexity dramatically. Theseresultsare also verified
by the EXIT chart analysis.

Finaly, itisworth pointing out when N and N are not large (ex: N,=2, N =4, 6), employing the distribution of interferenceis
recommended. Meanwhile, for higher values the hybrid receiver is advised.

Asamatter of fact, thiswork can straightforwardly be applied with any GSIR dimensions regardless of the modulation and
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channel coding schemes. For extra performance improvement, it isworthwhileinvestigating how to consider the distribution of
interferencein the channel estimation aswell.
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