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Abstract
Multiple–input multiple-output (MIMO) technology has attracted considerable attention in wireless communications, because it offers significant increases in data throughput and link range without additional bandwidth requirements or increased
transmit power. The price that has to be paid is the need for the increased computation power. Manycore architectures offer great opportunities for researchers, because the computational performance offered by these devices are in some cases
far beyond the general purpose processors. Recent researches have proved that General Purpose Graphics Processing Units
(GP-GPUs) are able to solve computationally intensive tasks in a very efficient manner. MIMO detection techniques can vary
significantly in complexity and detection performance. Finding the optimal Maximum Likelihood (ML) solution with high
throughput was limited by the computational performance. In order to achieve high throughput non-ML algorithms were introduced, having degraded detection performance and lower complexity. In this paper we present a new parallel algorithm,
inspired by the Sphere Detector (SD) algorithm, which can efficiently solve the ML detection of the MIMO systems with high
throughput on parallel architectures. We also give an overview on how it is possible to map the algorithm onto GP-GPUs,
however different parallel architectures are also suitable for adapting the presented algorithm.
Keywords: GPU, MIMO, ML detection, Sphere Detector

1. Introduction
The most important factors implicated in the development of wireless communications are the need for higher
link throughput, network capacity and improved reliability. The limiting factors of such systems are usually equipment cost, radio propagation and frequency spectrum. Research in Information Theory has revealed that important
improvements can be achieved in data rate when multiple antennas are applied at both the receiver and transmitter
side. The key feature of multiple-transmit multiple-receive antenna, i.e. Multiple-Input Multiple-Output (MIMO),
systems is the ability to turn multipath propagation, traditionally a pitfall of wireless transmissions, into a benefit
for the user. The success of MIMO lies in the fact that the performance of wireless systems is improved by orders
of magnitude at no cost of extra spectrum. The MIMO techniques can increase the robustness of wireless communication systems by transmitting different representations of the same data stream (by means of coding) on the
different transmit branches, or they can achieve a higher throughput by transmitting independent data streams on
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different transmit branches simultaneously and at the same carrier frequency. The price that has to be paid is the
increased complexity of the different hardware components and algorithms. The complexity of the detector algorithms used in different receiver structures depend on many factors, such as antenna mapping, channel, coding,
etc.
The manycore parallel architectures, such as GP-GPUs or field programmable gate arrays (FPGAs) are getting
a prominent role in computational sciences because of their general purpose, high computational performance
and cheap price. The trend is that market leading smart phones are using sophisticated GP-GPUs, moreover the
importance and usage of high-performance GP-GPU clusters is highly increasing. In several scientific fields,
research shows that using these powerful devices, significantly better results can be achieved. In this paper we
are presenting an efficient mapping of the SD algorithm onto GP-GPUs, with the purpose of finding the optimal,
maximum likelihood (ML) solution of the detection process. Many papers [1], [2], [3] are available in the literature
focusing on finding a solution close to ML with a significant decrease in the computational complexity, however
our goal is to find the optimal ML solution. The drawback of the imposed condition is that we have to deal with a
significantly higher complexity compared to algorithms that are searching for non-optimal solution.
In Section 2 we present the MIMO system model, after that in Section 3 we describe the well known SD
algorithm by showing how it is possible to reduce its complexity without degrading the quality of detection. In
Section 4 a brief overview is given of the CUDA programming model. Section 5 gives a description about the
proposed Parallel Sphere Detector (PSD) algorithm and in Section 6 we present the results achieved by the PSD.
2. System Model
A MIMO system consists of n transmit and m receive antennas. The transmit antennas are sending a complex
signal vector s̃ of size n during one symbol period. Assuming rich-scattering and flat-fading channel over one
symbol period, the system model is given by the following equation:
ỹ = H̃s̃ + ṽ

(1)

where s̃ = [ s̃1 , s̃2 , .., s̃n ]T is the transmitted symbol vector, where each component is drawn from a complex
symbol set Ω̃, ỹ = [ỹ1 , ỹ2 , ..., ỹm ] is the received complex symbol vector and ṽ = [ṽ1 , ṽ2 , ..., ṽm ] is an independent
and identically distributed (i.i.d) CN(0, K) circular symmetric complex multivariate random variable where the
covariance matrix K = σ2n Im , and the entries h̃i j of the channel matrix H̃ are assumed to be i.i.d zero-mean
complex Gaussian variables with unit variance.
The optimal solution for the system model (1) is:
s̃ ML = arg minkỹ − H̃ s̃k2 .

(2)

s̃ Ω̃Nt

In order to simplify the problem description, we transform the original complex representation of the system
model (1) into a real valued system model, at the cost of increasing dimension:
y = Hs + v
"
#
"
#
"
#
"
#
<(ỹ)
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<(H̃) −=(H̃)
where y2×m,1 = =(ỹ) , s2×n,1 = =( s̃) , v2×m,1 = =(ṽ) , and H2×m,2×n =
.
=(H̃) <(H̃)
For the real valued system the ML metric is:
s ML = arg minky − Hsk2

(3)

(4)

sΩ2×Nt

where y, H, s, s ML are real valued and Ω is real valued signal set of size Q. From equation (4) it can be seen
that the maximum likelihood estimate of the symbol vector is found by solving an integer least-squares (ILS)
problem, which is analogous to finding the closest lattice point of lattice Λ = {Hs : sZNt } to a given point
y [4], [5]. In lattice theory this problem is often called the closest lattice point search (CLPS) [6], [7]. The
exhaustive search implementation of ML decoding, or the enumeration of all lattice points has a complexity that
grows exponentially with the number of elements in the signal set Ω or with the number of the antennas, thus
the required computational performance would be unattainable. For general lattices the problem was shown to be
NP-hard [8]. However, significant complexity reduction can be achieved by exploiting the structure of the lattice
(e.g., [9], [10]).
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3. The Sphere Detector Algorithm
The fundamental aim of the Sphere Detector algorithm is to restrict the search to lattice points sΩ2n that lie
in a certain sphere of radius d around a given vector. Reducing the search space will not affect the performance
of the detection, because the closest lattice point inside the sphere will also be the closest lattice point for the
whole lattice. The reduction of the search space is necessary in order to reduce the high computational complexity
required by the ML detection.
The complexity analysis of the SD algorithm has been thoroughly investigated by the researchers, for a few
good examples refer to [11], [12], [13], [14], etc. The result of investigation is that the exact solution of the
decoding process outperforms even the best heuristics. It has been shown that the complexity of the sphere
detector algorithm is directly proportional to the number of explored lattice points. The search space is highly
influenced by the chosen sphere radius. Choosing a small radius may result in an empty sphere, but the choice of
a too large radius may lead to an increased complexity. It is known from lattice theory that the covering radius
of the lattice is the smallest radius of spheres placed on the lattice points that will cover the entire space. For an
arbitrary lattice Λ the search of the covering radius require a number of steps that grows exponentially [15] with
the dimension of the lattice, i.e. the number of transmit and receive antennas.
The definition of the center point ŝ of the sphere S ( ŝ, d) is usually defined as the unconstrained least-squares
solution ŝ = Wy, where W = (H T H)−1 H T is the pseudo-inverse of the channel matrix. In order to take advantage
of the search space reduction, a good enumeration strategy is needed. However, the individual checking of each
lattice point, if it is included in the given sphere, is not efficient solution because it is equal with the exhaustive
search of the lattice. The benefit of the SD algorithm lies in the enumeration of the lattice points.
Without any loss of generality we assume that n = m and the channel matrix has full rank. Furthermore
we assume perfect channel state information (CSI) at the receiver side. Taking the unconstrained least-squares
solution ŝ of the real system shown in (3) the ML solution (4) can be determined by a different metric as follows:
ky − Hsk2 = (s − ŝ)T H T H(s − ŝ)

(5)

Applying the QR factorization to the real channel matrix H = QR, the ML solution can be formulated as follows:
s ML = arg minky − Hsk2 = arg min(s − ŝ)T H T H(s − ŝ)
s

s

= arg min(s − ŝ)T (QR)T (QR)(s − ŝ) = arg minkR(s − ŝ)k2
s

(6)

s

where matrix Q is orthogonal and matrix R is upper triangular. Then the condition s ∈ S ( ŝ, d) can be formulated
as:
kR(s − ŝ)k2 6 d2
Exploiting the upper triangular property of matrix R instead of enumerating all the possible symbol combinations a recursion can be defined based on the dependency hierarchy of the terms. In order to give a deeper
T
m
insight, let sm
i , (si , si+1 , · · · , sm ) denote the last m − i + 1 components of the vector s and let M(si ) =
Pm Pm
2
m
j=i
k= j r jk (sk − ŝk ) define the metric of the partial symbol vector si . Having a bottom up selection of the
possible symbols for the symbol vector, in every iteration one symbol si ∈ Ω is being selected and added to the
m
partial symbol vector si+1 , · · · , sm . As a result sm
i is defined and the metric M(si ) can be applied. If the conditions
m
2
are met, namely M(si ) < d , a new symbol si−1 has to be selected for the next dimension, contrary the previously
chosen symbol si is discarded and a new symbol has to be chosen from the signal set. A solution is found if a
2
m
complete symbol vector sm
1 is satisfying the condition M(s1 ) < d . The solution with the smallest metric is the
ML solution. Choosing a small radius may not include the solution, so the process has to be restarted with a higher
radius. A detailed description of the SD algorithm can be found in [16].
It is important to point out that the Sphere Detector algorithm is equivalent to a bounded tree search. The
m
continuous change of vector sm
i is analogous of a depth-first tree traversal process. The partial symbol vectors si
m
can be regarded as tree nodes at level i, the full symbol vectors s1 are the leaves of the tree and the weight of each
node is defined by the symbol vector metric M(sm
i ). Figure 1 shows a possible traversal of the tree, where the size
of the symbol set |Ω| = 4 and the depth of the tree is 4. This configuration belongs to a system where four receive
antennas were used.
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Fig. 1: Sphere decoding - tree pruning
4. The CUDA programming model
The programming of the GP-GPU devices became popular when Nvidia launched the Compute Unified Device
Architecture (CUDA) parallel programming model. Traditional CPUs are able to execute a few threads very
quickly, however GP-GPUs, due to their parallel architecture, are able to support the execution of thousands of
threads with a slower speed. At the time of writing the most advanced GP-GPU is the GeForce GTX 690 built on
the new Kepler GK104 [17] architecture. Thus the device parameters given in the following are referring to the
previously mentioned GP-GPU.
An extensive description of CUDA programming and optimization techniques can be found in [18]. The main
entry points of a GP-GPU programs are called kernels. These kernels are executed N times in parallel by N
different CUDA threads. CUDA threads are grouped in thread blocks. In the Kepler architecture the number of
threads in a thread block are limited to 1024, however multiple equally-shaped thread blocks can be executed by a
kernel. A grid is a collection of thread blocks. Either the threads in the thread block, either the thread blocks in the
grid can have a one-dimensional, two-dimensional, or three-dimensional ordering. The maximum x dimension of
the grid is 232 − 1. The ordering is motivated by the problem to be solved, thus when launching a kernel the grid
size, the number threads in a thread block and the ordering dimensions have to be defined by the programmer.
The cooperation between the threads is realized with the help of multiple memory spaces. In CUDA the
following hierarchy of memory levels is defined:
1. Private memory - each thread has its own private memory and this memory is only visible to the respective
thread. The private memory usually maps to the registers thus this is the fastest memory. However, there
are situations when large data structures are mapped to local memory. The maximum number of registers
per thread for the GK104 architecture is 63.
2. Shared memory - each thread block has its own shared memory and this memory is only visible to all threads
in the block. The shared memory is an on-chip memory with low latency and high bandwidth. Equallysized memory modules, called banks, serves the different memory requests. By avoiding bank conflicts high
throughput can be achieved.
3. Global memory - the communication between thread blocks is possible by using the global memory. The
global memory is an off-chip memory, has high latency, thus whenever is possible its use should be avoided
or specific patterns (coalescing) should be used. Global memory can be accessed by the host and it is
persistent across kernel launches that were initiated by the same application.
4. Constant and texture memory - these are read-only off-chip cached memories. They are visible for all of the
thread blocks.
There are situations when there is a need to wait for the results of other threads. Therefore, threads within a
block may be synchronized. In order to continue the execution each thread has to reach the barrier. There is no
similar possibility to synchronize thread blocks in a grid, however, when a kernel finishes its execution it can be
regarded as a global synchronization of the thread blocks.
The Nvidia GP-GPU architecture is built around a scalable array of multithreaded Streaming Multiprocessors
(SMs). The blocks of the grid are distributed to the SMs with available execution capacity by the grid management
unit. An important metric of the SMs usage is occupancy. The occupancy metric of each multiprocessor is defined
as the number of active threads divided by the maximum number of threads. The maximum number of blocks
running simultaneously on a multiprocessor is 16, however this can be limited by the maximum number of warps,
the registers or the amount of shared memory used per SM. In order to concurrently execute hundreds of threads,
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the SMs employ the Single-Instruction, Multiple-Thread (SIMT) architecture. Groups of 32 threads, called warps,
are executed together. A warp executes one common instruction at a time. In the case of data-dependent branching,
the warp will serially execute each branch path taken. In order to achieve full efficiency divergence should be
avoided.
5. The Parallel Sphere Detector algorithm
Many signal processing algorithms used in complex communications systems have a parallel structure that can
be implemented on GP-GPU platform in a very efficient manner. It was shown in Section 4 that computations can
be divided in several thread blocks and each thread block has multiple threads running in parallel. The analysis and
identification of different levels of parallelism is crucial, the better the mapping the better the system performance.
In case of PSD algorithm two levels of parallelism can be defined, (i) a higher level, system level parallelism, (ii)
a lower level, algorithm level parallelism.
Next generation wireless communication standards will take the advantage of MIMO-OFDM [19] technology,
because of its the high spectral efficiency that can be achieved. The parallel nature of the wireless system makes
possible the processing of multiple symbols at once. In order to keep the processing units busy and to exploit fully
the advantage of GP-GPU resources, a mapping between the received signal symbol vectors and the thread blocks
is defined, that belongs to the system level parallelism. Consequently, the number of thread blocks launched for a
kernel is equal to the number of simultaneously processed symbol vectors and each thread block detects only one
symbol vector. The system level parallelism was defined as a bounding between a received symbol vector and a
thread block, however the algorithm level parallelism is the effective distribution of the work for the threads in a
thread block in order to complete the detection process.
Section 3 concluded that the SD algorithm can be regarded as a branch and bound tree search problem. Khairy
et al. showed in [3] that significant speed-ups can be achieved by executing multiple sphere decoders simultaneously with the conventional sequential algorithm. However, to achieve peak performance on the GP-GPU it is
mandatory to redesign the sequential algorithm using several effective design patterns and taking the limitations
imposed by the architecture into considerations. The mapping in this case becomes more complex. During the
design process of the PSD algorithm the key motivating factors are as follows:
1. Ensure that we do not have to restart the algorithm with a higher radius. In order to achieve this, we will
define the initial radius d2 = ∞. This initial condition assures that there is no need for time consuming
algorithms. (An alternative solution for the initial radius could be the Zero Forcing (ZF) radius. The ZF
radius is equal to the distance between the Babai estimate, which is obtained by slicing each element of ŝ to
the closest integer, and the received vector y.)
2. Having a radius of infinity means that the SD algorithm will be equal with an exhaustive search. Finding a
leaf node in the tree it is possible to adjust the radius to the metric of the found leaf node d2 = M(sm
1 ). Thus
the search space can be significantly reduced. The problem that has to be solved, is to find a small metric
leaf node as fast as possible.
Recall, the two fundamental tree search algorithms are the breadth-first (BF) search and the depth-first (DF)
search techniques [20]. The SD algorithm is based on a DF strategy. Finding the least cost leaf in the case of
a large tree could take excessively long time. Considering that the initial radius d = ∞, one of the benefits of
the DF search is that it will find a leaf really fast, moreover the amount of memory used will be proportional
to the number of levels of the tree. The drawback is the high possibility of finding a leaf node with a big
metric, thus the search space will not decrease efficiently. In the case of the BF search the result will be the
least cost node, but the memory requirements may be to excessive and the criteria of finding a leaf node as
fast as possible are not met.
Lai et al. in [21] have examined different hybrid tree search algorithms and they could achieve significantly
lower complexity with a moderate increase in the memory need. The speed-up was achieved because the
decoding process started with a BF search and it was continued as a DF search based on the extracted nodes
branch metric. Thus a leaf node could be found in a more efficient manner. A hybrid searching scheme
seems that will efficiently solve the imposed conditions.
3. Using the radius update strategy, the expected value of the symbol vectors analyzed is decreased significantly. The task is to make the radius update available for every thread in a thread block.
4. In order to get fast detection, the access of the global memory has to be minimized. Hence all the data
needed for the detection should be placed in a shared memory and registers. Unfortunately, the size of the
shared memory and number of registers are limited. The goal is to take into consideration the memory
limitation in such a way that the occupancy of the GP-GPU will not be affected by the amount of the shared
memory or registers.
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Fig. 2: PSD algorithm structure for a 4x4 MIMO system with 16-QAM modulation
5.1. Implementing PSD algorithm on CUDA
The system level parallelism is exposed by mapping each received symbol vector y to a thread block in the
grid. Having a high number of thread blocks is important, because it keeps the GPU utilized. The algorithm level
parallelism is more difficult, but significant speed-up can be achieved by redesigning the sequential algorithm. In
order to define the parallel implementation of the sphere decoding algorithm, the following parameters are defined:
1. tt - total number of threads, used in a thread block to decode one received symbol vector;
2. tkid - thread with identifier k in a given thread block;
3. lvlnr - PSD algorithm parameter specifying the number of levels used for BF search strategy (i.e. 1,2,3,...);
4. lvlx - levels assigned for BF search;
5. pathslvlx - the number of symbol vectors selected on level lvlx for simultaneous process with DF search
strategy;
6. explvlx - the number of simultaneously expanded nodes on level lvlx ;
7. sN<j>
lvlx - symbol vector on level lvlx , where < j > is an optional parameter showing that the symbol vector is
placed in the buffer buflvlx at index j;
<j>
N<j>
8. M(sN<j>
lvlx ) ≡ Mlvlx - the path metric of symbol vector slvlx , where < j > is an optional parameter showing
that the symbol vector’s path metric is placed in the buffer bufPMlvlx at index j;
9. buflvlx - shared memory buffer containing the symbol vectors sN<j>
lvlx for level lvlx , where 0 ≤ j < explvlx ;
10. bufPMlvlx - shared memory buffer containing the path metric of the symbol vectors M(sN<j>
lvlx ) for level lvlx ,
where 0 ≤ j < explvlx .
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The parameters that define the mapping of the algorithm are lvlnr , lvlx and pathslvlx . These parameters influence the memory usage of a thread block, the speed of reaching a leaf node, the metric of the first leaf node,
the iterations needed for finding the optimal solution, namely the performance of the algorithm. It is important
to notice that different antenna configurations and modulation order needs different parameters, because the tree
depth and branching factor are changing. The basic definitions and relations are as follows:
1. The root level is equal to: lvl0 = 2 · m + 1. The number of receive antennas is multiplied by 2, because of
the complex to real transformation given by Equation 3.
2. The branching factor is equal to the square root of the modulation order.
3. lvlx > lvlx+1 and the last level is always lvllvlnr = 1
4. The root node is always expanded, thus pathslvl0 = 1
5. explvlx = pathslvlx−1 ∗ |Ω|(lvlx−1 −lvlx )
Table 1a enumerates a few valid parameter sets of different configurations for demonstrative purposes.
Table 1: Various PSD algorithm configurations
(a) Valid system configurations for the PSD algorithm.
Configuration
Antennas
Symbol set size
lvlnr
lvl0
lvl1
lvl2
lvl3
lvl4
pathslvl0
pathslvl1
pathslvl2
pathslvl3
explvl1
explvl2
explvl3
exp
Plvlnr lvl4
explvlx
x=1

1
2x2
2
2
5
2
1
0
0
1
4
0
0
8
8
0
0
16

2
2x2
4
2
5
2
1
0
0
1
4
0
0
64
16
0
0
80

3
2x2
8
2
5
2
1
0
0
1
4
0
0
256
32
0
0
288

4
4x4
4
3
9
6
4
1
0
1
4
2
0
64
64
128
0
256

5
4x4
8
4
9
7
6
3
1
1
2
3
4
64
16
768
256
1104

6
4x4
8
4
9
7
6
2
1
1
2
3
4
64
16
12288
32
12400

(b) Analyzed systems for the PSD algorithm.
Antennas
Symbol set size
tt
lvlnr
lvl0
lvl1
lvl2
lvl3
lvl4
pathslvl0
pathslvl1
pathslvl2
pathslvl3

2x2
2
8
2
5
2
1
0
0
1
4
0
0

2x2
4
16
2
5
3
1
0
0
1
1
0
0

2x2
8
64
2
5
3
1
0
0
1
1
0
0

4x4
2
32
2
9
4
1
0
0
1
4
0
0

4x4
4
64
3
9
6
4
1
0
1
4
1
0

4x4
8
64
4
9
7
5
3
1
1
1
1
1

P nr
The amount of shared memory used by a thread block is proportional to the sum lvl
explvlx of the expanded
x=1
nodes at different level. Configurations 1, 2 and 3 are having the same parameters lvlx , pathslvlx , but because
the modulation order is different a significant change in memory requirements can be observed. Comparing
configurations 3 and 4 it can be seen that the different antenna configurations and modulation order have almost
the same memory requirements. Configurations 5 and 6 prove that a slight change in the parameters may change
significantly the required memory size. The excessive use of shared memory can degrade occupancy, thus the
number of thread blocks running on one SM will decrease and the achieved throughput will be reduced. The
amount of shared memory that can be assigned to one thread block keeping the occupancy high is different.
Thus finding the optimal parameters depends not only on the MIMO system configuration but also on the type of
GP-GPU chosen. This contribution does not consider the methods used to find the optimal parameters.
Parameters of different system configurations studied here are given in Table 1a. Figure 2 shows the PSD
schematic for Configuration 4. The levels referred below are identified on the left side of the figure.
The detection starts at lvl0 = 9, which is the root node of the tree.
Level 7 and 8 are not analyzed. These levels can be skipped because the GP-GPU offers a high parallel
computing capability and a high number of threads can be launched simultaneously. If at a given level the number
of threads launched in one thread block is equal to that of the expanded nodes then these nodes can be processed
simultaneously.
The first node expansion happens at lvl1 = 6. At this level explvl1 = 64 nodes have to be expanded. During
the node expansion both the partial symbol vector and the metric associated to the node in the tree have to be
determined.
Next stage applies the Bitonic Sort method [22]. The sorting key is the metric M(s8<j>
) of the partial symbol
6
vectors. This stage is mainly motivated by the condition of finding a leaf node with small metric. When moving
towards to the next level lvl2 = 4 the pathslvl1 = 4 best metric nodes are selected from the previous level lvl1 = 6.
Recall, the smaller the metric, the faster the convergence. The ”greedy behavior” of Bitonic Sort method ensures
that a leaf with small metric is found.
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The selection, expansion and sorting discussed above are repeated until the the last level lvl3 = 1 is reached.
Upon reaching the last level, the symbol vector characterized by the best metric has to be found. At level lvl1 = 1,
instead of the parallel sorting design pattern approach, a maximum search based on the parallel reduce pattern
[23] is applied because of its much lower computing cost.
Then the best metric symbol vector s81 is compared to the one found in the previous iteration, if there is any.
After the comparison the sphere radius is adjusted and the search for the best ML candidate is continued in a
similar manner.
Algorithm 1 shows the new PSD proposed here. The pseudo-code gives an insight how it the parallelism of the
GP-GPU architecture is exploited during the detection process. To make the pseudo-code more understandable
the details of optimization of CUDA kernel are not shown.
The skeleton of the algorithm is formed by three procedures. The procedure called VARIABLES DEFINITION
AND INITIALIZATION is the main entry point of the algorithm. The macro definition of the algorithm parameters
lvlnr , lvlx , pathslvlx is symbolical in the sense that these parameters are defined outside the kernel.
After the parameter setup, the PROCESS is started on lvl1 = 9. In the algorithm, PROCESS adjusts the offset
and level parameters. Note, this procedure controls the flow of the tree in the vertical direction. The tasks of
procedure EXPAND AND EVALUATE are to (i) prepare the partial symbol vectors for each level, (ii) calculate the
metric of each symbol vector, (iii) perform sorting based on the calculated path metrics and (iv) find the candidate
for the best solution.
6. Performance results
In order to measure the performance of the PSD algorithm several systems have been analyzed. The parameter settings for the different system configurations are given in Table 1b. As stated before, finding the optimal
parameter configurations is not subject of this paper. The parameter selection was motivated by:
1. The number of expanded nodes at each level is equal to the number of threads working on one thread block.
2. Minimizing the expanded paths at a specific level by choosing small values for pathslvlx .
The measurements were done in a GeForce GTX 690 GP-GPU based on the Kepler GK104 architecture. A
major issue of ML detection is its varying complexity and this is mostly caused by channel matrices with high
condition numbers. As a result the running time of different kernels can be significantly different. When measuring
the average throughput of the PSD algorithm in order to get realistic results we tested each system configuration
by simulating 20000 channels and 1200 symbol vectors in each channel. The detection throughput results are
presented in Figure 3.
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Fig. 3: PSD algorithm average throughput (a) 2x2 MIMO; (b) 4x4 MIMO.
The throughput of the new parallel algorithm mapped onto GP-GPU proposed in this contribution is compared
with that of known from the literature in Table 2. We took into consideration only those results which were focusing on finding the optimal solution. It can be seen that the proposed PSD algorithm proposed here outperforms
each of them.
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Algorithm 1 The PSD algorithm GP-GPU kernel pseudo-code
Require: ŝ, R
procedure variables definition and initialization
define lvln r, lvl x , paths x as macros for x ∈ {0...lvlnr }
statically allocating shared memory for bu flvl x , bu f PMlvl x for x ∈ {0...lvlnr }
shared M(s ML ) ← ∞, shared s ML ← {}, shared d2 ← ∞
process(lvl1 ,o f flvl0 ← 0)
end procedure
procedure process(lvl x ,o f flvl x−1 )
if o f flvl x−1 < explvl x−1 then
expand and evaluate
o f flvl x−1 ← o f flvl x−1 + pathslvl x−1
return process(lvl x+1 , o f flvl x ← 0)
else
if x > 1 then
o f flvl x−1 ← 0
return process(lvl x−1 , o f flvl x−2 )
else
Transfer s ML to global memory
return
end if
end if
end procedure
procedure expand and evaluate
N<l> from buffer bu f
Select corresponding path slvl
lvl x−1 with the help of o f flvl x−1
x−1

N<l> ) < d 2 then
if M(slvl
x−1

lvl

Determine partial symbol vector slvl x−1
x
Merge selected path
Store

N< j>
slvl x

N<l>
slvl
x−1

−1< j>

for the previously selected path
lvl

with partial symbol vector slvl xx−1

−1< j>

N< j>

resulting in slvl x

in bu flvl x at index j
N< j>

Compute path metric for the merged symbol vector M(slvl x )
N< j>

Store M(slvl x ) in bu f PMlvl x at index j
else
Store ∞ in bu f PMlvl x at index j
end if
syncthreads
if lvl x , 1 then
Bitonic sort bu flvl x based on the corresponding path metric buffer bu f PMlvl x
else
Find the best path metric M 0 in bu f PMlvl x and the associated symbol vector s1N0 with a parallel max reduction
if M 0 < M(s ML ) then
s ML = s1N0
Update radius d2 ← M(s ML )
end if
end if
syncthreads
end procedure

Table 2: Throughput comparison of the SD algorithm
Reference
Antennas
Modulation
BER performance
Technology
Throughput

[24]

[25]

[26]

16-QAM

QPSK

16-QAM

ASIC
38 Mbps

ASIC
50 Mbps

ASIC
73 Mbps
@SNR = 20 dB

[27]
4x4
16-QAM
Full-ML
FPGA
81.5 Mbps
@SNR = 20 dB

PSD

PSD

16-QAM

QPSK

GPU
105 Mbps
@SNR = 20 dB

GPU
146 Mbps
@SNR = 20 dB
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The results of our investigations shows that ML detection can achieve high throughput when is being mapped
on a GP-GPU. In order to achieve this high throughput we proposed a new algorithm, which can be easily adapted
for parallel architectures, because the parameters can adjust the memory requirements and the extent of the parallelism, furthermore we presented an effective mapping of the proposed PSD algorithm onto a GeForce GTX
690 GP-GPU. As stated in Section 1 with careful design and implementation and due to the high computational
performance of the GP-GPUs, heavy signal detection algorithms can be solved with high speed.
Acknowledgments
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