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Abstract—In this paper, we evaluate a number of reduced 

search detection methods for iterative detection and 

decoding (IDD) system. We evaluate the basic issues which 

can restrict the performance of the reduced search detectors 

in IDD systems. One of the main issues in reduced search 

detectors is related to missing hypothesis sometimes known 

as log likelihood ratio (LLR) clipping problem. If a suitable 

method is not used for missing hypothesis, it can degrade 

the performance of the reduced search based IDD systems. 

The solution is provided which can overcome the problem of 

missing hypothesis. The simulation results show that the 

proposed method provides substantial performance gain in 

each MIMO detector iterations. 

 

Index Terms—iterative detection and decoding, sphere 

decoding, log likelihood ratio 

 

I. INTRODUCTION 

Iterative decoding is known to achieve near capacity 

performance in turbo codes [1]. The principle of iterative 

decoding can be extended to MIMO detection which is 

connected to the decoder and the MIMO detector. In this 

case, the iterative loop inside the channel decoder, and 

the iterative loop between the MIMO detector and 

channel decoder are utilized by iteratively exchanging the 

extrinsic log-likelihood ratios (LLRs) [2]. 

Maximum likelihood (ML) soft MIMO detection is the 

optimal choice because it can produce the best 

performance. A main problem with the ML detector is its 

exponentially increasing complexity. The complexity of 

ML detection can be reduced by limiting the candidates 

to be searched. For example, in list-sphere detector (LSD), 

only the P –symbol vectors that lie closest to the received 

signal vector, referred collectively as the candidate list, 

are used to produce the detector output [2]. Another 

technique is known as the iterative tree search (ITS) 

detection method which reduces the search space to be 

selected by means of the M-algorithm [3]. The Chase 

decoding can be used as well to build a list, which utilizes 

both linear filtering and ML method in order to build a 

list [4]. A soft-input soft-output single tree search sphere 
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decoder (SISO-STS-SD) algorithm is capable to 

incorporate a priori information and generate soft 

estimate with reduced complexity [5]. However, most of 

the algorithm rebuilds a list in each iteration which adds 

to computational complexity. One of the issue with LSD 

is that sphere of sufficiently large radius and list size 

makes the LSD scheme as identical to the ML detector. 

There have been attempts to solve the radius setting and 

update of radius update also increases the complexity.  

There have been attempts to apply a linear MIMO 

detector by using a minimum mean square error (MMSE) 

scheme for JIDD [8]-[9], referred as soft interference 

cancellation (SIC)-MMSE scheme. In these schemes, soft 

interference cancellation scheme was combined with 

MMSE detection for symbol-level detection, followed by 

per bit LLR estimation. The SIC-MMSE has much lower 

complexity than the optimal detector and list based 

detectors. Its complexity is dominated by the matrix 

inverse operation in order to solve a number of linear 

equations. The weak point of SIC-MMSE is that its 

performance gap to optimal detector increases 

significantly with increasing signal-to-noise ratio (SNR). 

In [9], both a priori information provided by channel 

decoder and a posteriori information detected for 

previously detected layers is utilized to improve the 

reliability of the current processing layer. 

One of the main issues with list detectors such as LSD 

is the log likelihood (LLR) clipping. LLR clipping 

problem is related to finding a suitable value for missing 

hypothesis in order to calculate the soft information using 

ML based detectors. The LLR clipping problem can 

occur with a small list size and probability of missing 

hypothesis increases as the list size is reduced. In this 

paper, we propose a suitable method to overcome the 

problem of LLR clipping by generating an opposite 

hypothesis for each missing hypothesis case [10], [11]. 

II. TERATIVE DETECTION AND DECODING 

Fig. 1 shows a block diagram of the transmitter and 

receiver structure of an iterative-MIMO system with M 

transmit and N receive antennas. The transmitter is based 

on a bit-interleaved coded modulation (BICM) 
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radius updates strategies [6], [7]. However, frequent 



transmission strategy. At the transmitter, the information 

bit vector, u is firstly encoded to produce the codeword, c. 

The length of each codeword is denoted as n. For bit-

interleaving, M K code words are accumulated, where K 

denotes the number of bits per transmit symbol, and then 

they are bit-interleaved to form x. After bit-interleaving, 

the sequence is divided into M independent streams, and 

each stream consists of K bits, resulting in a total of M·K 

number of bits transmitted in a MIMO frame. The bit 

vector mapped onto a MIMO frame can be represented 

as: 

],,,,,,[ .1,2,11,1 KMK xxxx x       (1) 

where kmx ,  represents the k th bit mapped onto the m th 

symbol. 

Consider a transmitted signal vector, 

,],,,[ 21

T

Msss s  where s is independently chosen 

from a complex constellation, C, whose cardinality is 
KX 2||  . The received signal vector is denoted as 

T

Nyyy ],,,[ 21 y , can be represented with an N × M 

complex channel matrix, H as follows: 

nHsy           (2) 

where n is an N x 1 complex Gaussian noise vector. 

At the receiver, the MIMO detector first calculates the 

soft bit information (SBI) for M·K bits from y. For de-

interleaving, n M K SBI values are accumulated and 

passed through the de-inter leaver. After de-interleaving, 

the SBI values are passed to a channel decoder. The 

decoder produces soft output bits and then feeds them 

back into the MIMO detector. The soft output values 

generated by the decoder are bit-interleaved before 

passing to the MIMO detector. With each iteration, the 

accuracy of the SBI values improves. The information 

exchange between the decoder and MIMO detector 

iteratively continues until the desired performance is 

achieved. The intrinsic SBI (also called a posteriori 

information) of the kth bit of the mth symbol kmx , , is 

given as follows using the log likelihood value of the 

probabilities: 




















)|1(

)|1(
ln)|(

,

,

,
y

y
y

km

km

km
xP

xP
xL ,         (3) 

Using the Bayes’ theorem and assuming that the bits in 

s are statistically independent of each other due to 

interleaving after channel coding, the above intrinsic LLR 

value can be expressed with sum of the interleaved a 

priori information from the channel decoder, d

aL  and the 

extrinsic information going to the channel decoder, c

eL  as 

follows: 
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The second term, c

eL , which is the extrinsic LLR value 

of coded bits can be calculated using the max-log MAP 

approximation as follows [2]: 
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where 1
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kmX  is the set of 
12 KM
symbols Xs for which 

kmx , = 1 , and ds can be found as follows: 
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The SBI passed to the decoder, is the extrinsic 

information, d

a

c

e LLL  . The extrinsic information is 

passed through the inter leaver, and the channel decoder 

uses the interleaved a priori information c

aL to estimate the 

information sequence, and generate its soft output, c

oL . 

Subsequently, the extrinsic information for the MIMO 

detector, c

a

c

o

d

e LLL   is estimated to generate d

aL . 

 

Figure 1. Block diagram of a MIMO system with IDD. 

III. REDUCED SEARCH IDD METHODS 

The optimal choice for the MIMO detection is the ML 

detection with maximum a posterior (MAP) estimation, 

which is also sometimes referred to as the a posterior 

probability (APP) detection. The MAP decoder calculates 

the log likelihood value (L-value) for each bit of a 

received symbol. A main problem with the MAP detector 

is that it is computationally complex. Since the brute 

force APP detection is known to grow the complexity 

exponentially with the number of transmit antennas and 

with constellation points. 

A. Concept of SD and Its List Version 

The sphere decoding (SD), sometimes also referred as 

the sphere detection method intends to find the 

transmitted signal vector with minimum ML metric, that 

is, to find the ML solution vector [12]-[14]. Originally, 

SD was designed to handle real constellations, and it may 

be modified to process complex constellations as well. 

SD is a suboptimal detection scheme that considers only a 

small set of vectors within a given sphere rather than all 

possible transmitted signal vectors. 

For an SD-based detection process, the complex 

representation of (2) can be transformed into an 

equivalent real representation of the system as follows: 
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where )(  and )(  denote real and imaginary parts of 

a complex value or vector. The dimensions of (2) are 

extended to Mt=2M and Nr=2N, as shown in (7). 

The SD method exploits the following relation [12]-

[14]: 

)()(minargminarg
2

HsyHsyHsy
ss

 T  (8) 

The above ML estimate can be written as: 

)()(minargminarg
2



 ssHΗssHsy
ss

T    (9) 

where yHHHs
TT 1)( 



  is the unconstrained ML 

estimation for s. 

Consider a sphere with radius r, 

2)()( rTT 


ssHHss            (10) 

The SD search considers only the vectors inside this 

sphere. The metric in (9) can also be expressed as: 

2

))()()( )sU(ssU(sUssssHHss


 TTTT      (11) 

where U is an upper triangular matrix of Mt × Mt, 

obtained using the Cholesky factorization, such that 

HHUU
TT  . The factorization can be done using QR 

decomposition as well, and then becomes, where R is an 

upper triangular matrix of Mt × Mt. At the start, the last 

signal value, 
tMs in s is estimated in its own single 

dimension. The value is chosen from the point in the 

sphere 2

2

)( rssu
tttt MMMM 



, where 
ttMMu  is the 

element at the Mt th row and Mt th column of matrix U. In 

other words, this value must be chosen in the following 

range: 

tt
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        (12) 

After choosing the point 
tMs , the sphere detector 

chooses a candidate value for 
1tMs and continues until s1 . 

During the procedure of finding a candidate for each 

point, if no candidate value exists for 
ttm Mms

t
1, , 

the detector goes back to choose other candidate for 

1tms . In case no candidate value exits for 
tms , after 

trying all possible candidate values for 
1tms , the sphere 

detector goes back to choose other value for 
2tms , and 

so on. Once we make candidate choices for 

11 ,,, sss
tt MM  , the corresponding radius is then 

calculated. Using this new radius, the detector proceeds 

to find better candidates. 

In LSD, instead of searching for one best candidate as 

in the above SD algorithm, the Nc best candidates whose 

radius fall inside the initial radius r are searched to 

construct a subset list   ⊂ X of size Nc [2], where 
MKX  2 is set complex constellation points from 

which transmitted symbol vector is selected. Once the list 

is full, the search continues for better candidates. If the 

radius of new candidate is smaller than that of the 

candidate with the largest radius in the list, then the list is 

updated by replacing the candidate that has the largest 

radius with the newly found candidate. The performance 

of LSD depends on the size of Nc. However, a large size 

of Nc means higher search complexity. As Nc is increased, 

the initial radius needs to be increased so that the sphere 

can contain the Nc candidates. If the radius is small, the 

decoder may fail to find any point inside the sphere. 

Using LSD, SBI estimation can be represented as: 

sskm

c

e ddxL
kmkm
)1(

,
)1(

,

maxmax)|( ,  


 ss
y              (13) 

where 
1

,

1

,

  kmkm  . 

In LSD, radius initialization plays an important role in 

the efficiency and complexity of searching the candidates. 

The initial radius r may be found by trial and error. For 

example, the following method was used to initialize the 

radius in a previous study [2]: 

)yHHH(Hy
** 1*22 )(2  INr       (14) 

where 2  is the variance of complex Gaussian noise, and 

  is a positive integer, chosen by trial and error 

according to the value of Nc. 

B. Iterative Tree Search 

The ITS detection scheme may have a lower 

complexity and better performance compared to LSD [3]. 

It produces an improved candidate list at each MIMO 

detector iteration by taking into account the a priori 

information fed back from the turbo decoder. This 

improved candidate list is generated by using a breadth-

first tree search algorithm which is also known as the M-

algorithm. Using a ITS scheme, near optimum 

performance is often achieved when the list size is only a 

small fraction of the full search space. As the candidate 

list is updated in each iteration which makes ITS 

detection method to be computationally complex. 

C. The Chase Decoding 

Originally the Chase decoding is suitable for hard 

decision ML detection for non-iterative MIMO systems 

[4]. It can be used in iterative MIMO systems by applying 

a suitable SBI estimation method. The Chase decoding 

algorithm involves five steps to detect information, as 

follows: 

 Identify the index i of the signal to be detected. 

 Detect a identified signal by applying linear filter. 

Apply a ML method to build a list L for identified 

symbol si. 

 Generate L residual vectors by cancel out the 

contribution from received signal. 

Lecture Notes on Information Theory Vol. 2, No. 2, June 2014

131©2014 Engineering and Technology Publishing



 Apply each of residual vectors to its independent j 

th sub detectors, which make decision about 

remaining transmitted symbols. together with si, 

the j th sub detector defines a single candidate. 

 Apply a hard decision in order to choose the best 

candidate in the list that best represents the 

observation for the received signal. 

IV. LLR ESTIMATION FOR REDUCED SEARCH IDD 

A. LLR Clipping Methods 

The basic concept of the reduced search based 

detection is to exclude some of the candidates with lower 

probability. As the list size is reduced there is more 

probability of one of the hypothesis 
)1(

,



km or 
)1(

,



km  is 

empty. In this case, we cannot estimate SBI because 

estimation of (9) is impossible. A simple way to solve 

this problem is to set the maximum SBI value for the 

corresponding bits to a predefined value. In [2], [3], 

constant values of ±8 and ±3 were used, respectively. 

This is commonly referred as an LLR clipping method. 

This method performs comparatively well for non-

iterative MIMO detection, but it may lead to serious 

performance degradation for iterative MIMO detection. 

This is because allocating a constant SBI value to the list 

without a counter-hypothesis prevents the incorporation 

of soft outputs provided by the channel decoder. 

Therefore, its behavior reduces to a hard output detector 

[15], [16]. Other techniques have been proposed to solve 

this problem, including path augmentation and bit 

flipping methods [17]-[19], yet most of these approaches 

require high computational complexity. 

B. Inserting Hypothesis Method 

One of the solution to missing hypothesis is that setting 

suitable predefined value for each MIMO detector 

iteration. However, using different LLR clipping values 

for each iteration needs another process to find the 

optimal values. In addition, this method of finding the 

optimum LLR clipping value needs careful consideration 

of system parameters instead of a universal solution. 

Instead, we propose a more compact solution to obtain a 

more accurate SBI which is suitable for IDD.  

For all the reduced search detection methods, the SBI 

for any given bit is computed by using the subset list 
1

,



km . However, if the list does not contain a hypothesis 

and its counter-hypothesis for some bits: 1

,km  ∅, the 

SBI for those bits cannot be calculated using the MAP 

detection method. To overcome this problem, we propose 

a method based on generating temporary candidates with 

a counter hypothesis for the corresponding bit position. 

The initial list will be extended to a new list, 

},{
cNf V  , where denotes the set of virtual candidates 

generated for SBI estimation, 

},,,,,,,{ 21

1

2

1

1

1

l

NNN

l

N cccc
vvvvvvV         (15) 

here l = MK, and 
km

Nv .
 is one of the virtual candidate for 

the Nth candidate, representing the counter hypothesis for 

the kth bit of the mth symbol. 

V. SIMULATION RESULTS 

The bit error rate (BER) performance of the proposed 

method was evaluated using a MIMO system over a 

Rayleigh fading channel. The 3GPP defined turbo code 

with an in-formation block size of 378 bits and code rate 

of 1/3 was used, and the constraint length of each 

recursive systematic convolutional (RSC) component 

code was 4.  

Fig. 2  represents  the  BER  performance comparison 

of the proposed scheme with the conventional LSD 

schemes and full search MAP for an iterative 2 × 2 

MIMO system with a 16-QAM scheme. The total number 

of outer iterations for the turbo decoder are represented 

by Oit, while total number of inner iterations (MIMO 

detector iterations) are represented as Iit . Even though 

full search MAP detector is the optimal detection method 

but its complexity makes it impractical. We can see that, 

using a fixed value of Lclip, the iterative system has 

serious performance degradation as inner iteration 

increases. Even if the Lclip value was optimized in the 

non-iterative system, the performance becomes worse as 

Iit increases.  

 

Figure 2. BER performance of 2 x 2 MIMO system with 16-QAM 

modulation scheme. 

On the other hand, our proposed method of adding 

candidates for each missing hypothesis clearly improves 

the system performance as Iit increases.  

VI. CONCLUSION 

In this paper, we first investigated a number of reduced 

search based iterative MIMO detection schemes and 

discussed the most common problem of the reduced 

search methods due to the missing candidates. The 

conventional simple solution to this problem, known as 

LLR clipping method generally invokes serious 

performance degradation as iteration increases. We 

proposed a method to solve the problem of this 

conventional scheme. The proposed method is based on 

generating a counter hypothesis for each the candidate. 
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The proposed method is compared with the conventional 

LSD and full search MAP by using the simulation results. 

The simulation results show that the proposed method 

improves the BER performance with each iteration. Even 

if the simulation results were compared by applying the 

proposed method to the LSD scheme, the proposed 

method can be applied any kind of reduced search based 

scheme, including the ITS and Chase decoding schemes. 
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