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Abstract. Energy efficient processing is mandatory in to- tection and decoding/{kalo et al.(2004). A fixed target er-
days’ mobile devices. For the upcoming multiple-antennaror rate can be achieved with different detection algorithms
systems, algorithmic flexibility enables the dynamic reac-which cover a signal-to-noise ratio (SNR) range of more than
tion to changing channel conditions. We show that most10 dB.
of the tree search based MIMO detection algorithms are In current standards, like LTE, the quality of service (Qo0S)
based on the same algorithmic kernels and present a weaklys dynamically adjusted at runtime, e.g. higher data through-
programmable architecture based on these observations. fput rates are specified for higher SNR. This is due to the
this way, the detection algorithm can be chosen and paramdact that for higher SNR, the required communications per-
terized during runtime according to the current channel conformance can be achieved by lower complexity algorithms,
ditions and QoS requirements leading to a highly energywhich enables higher throughput. Energy consumption is one
efficient implementation. The architecture has been imple-of the most critical implementation metrics for mobile re-
mented and synthesized on a 65nm technology, resultingeivers. Thus, complexity adaptive processing is key for en-
in an area of 0.26 mfand a power consumption of only abling energy efficient architectureé(et al.(2012). There-
15 mwW. fore, flexible energy efficient MIMO detection architectures
are mandatory to fulfill the requirements of modern commu-
nication standards like LTE.

Visionary implementation styles are based on libraries of
flexible algorithmic kernels, e.g. the Nucleus concept pro-
posed byRamakrishnan et a[2009. These kernels offer

1 Introduction

Multlplet-han':jellna otr MLMQ slystems have _thet_potentltal ©01N- ~4re functionalities which can be reused in different algo-

cr:easeh eh a aga €o (;Mre ZS; communication Systems angiy, 1,5 or scenarios. However, defining the best set of kernels
thus, ¢ €y have been a opted by recent commumcgﬂop Stans one of the major challenges of this approach. Extracting
dards like WiMax, WiFi, or LTE. The best communications

performance is achieved for an iterative processing betweethe common parts of different algorithms allows a high de-
ree of shared and highly optimized components and, thus,
MIMO detector and channel decoder. As for channel codesla ghly op P

h di h ) ide is simple but the d a flexible implementation with a low overhead. Weakly pro-
the .ncoding on the transmitter slde IS simple Ut.t € e'grammable architectures based on such kernels can lead to
tection complexity of the MIMO signals at the receiver in- highly energy efficient hardware implementations.

creases exponentially with the number of antennas.

Th st id f sub-optimal algorith hich However, in the literature, mainly highly optimized archi-
ere exist awide range of sub-optimal algonthms WhICh o o re5 are presented which perform exactly one algorithm,

allow trade-offs of communications performance versus IM-¢ 4. Borlenghi et al.(20110): Studer et al(2013). There ex-

plementation complexity and energy consumption. L'ne"’.‘rist only a few processor architectures which are able to per-

: U ¥rm different algorithms. InJafri et al.(2009, the proces-
(SIC) introduced byFoschini et al(1999, have the low- sor architecture is based on very small-grained operations,

est complexity but also the lowest communications perfor-; complex number operations. @hen et al.(2012, a
mance. Optimal soft-input soft-output sphere detection is theprocessor architecture based on matrix operations is pre-

most der_“ar?d'”g detection algorithm bu_t.'t oﬁgrs th_e bestsented which performs maximum ratio combining, linear
communications performance and the ability for iterative de-
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MMSE detection, and MMSE-SIC detection. However, none u o) & X T
of the processor architectures supports tree search algorithn{s Source H Encoder | | 11 > M“”'““F’_ﬁ
which offer the best communications performance. Thus, Y'\H

they only cover a limited range of the possible channel sce-
mmo | J7| channel
Detector R | Preproc.

A

narios. i e ]‘l[ Channel

Almost all detection algorithms can be mapped to a searc Decoder
in a tree structure. We will show that all these algorithms can
be constructed by only five coarse-grained algorithmic ker-
nels: an enumeration unit which decides which child node is
visited next, a computation unit for the interference reduc-
f{lon, _a computation unit for .th_e Eu_clldean distance, adm.m-Fig. 1. MIMO-BICM system with feedback loop between MIMO
istration of nodes, and administration of computed metrlcs.Detector and Channel Decoder
We present an architecture based on these kernels which is
able to perform most of the existing algorithms. The com-
plexity of these algorithms covers all classes from linear upby
to almost exponential complexity, e.g. linear SIC, fixed ef-
fort detection \Wong et al.(2002); Barbero and Thompson Y; = H;-s: +n; 2
(2008), or sphere detection. As all algorithms are performed , . .
with the same algorithmic kernels, the overhead for flexibil- with H, the channel matrix ,Of dimensiak 7 x Mg andn,
ity is negligible. the noise veqtor qf dlmen5|oM_R Who_se entries are zero-

In contrast to the existing approaches, we present the firgnean and unit variance Gaussian variables. The elements of
weakly programmable MIMO detector architecture which 2+ € modeled as independent, complex, zero-mean, Gaus-
offers just the necessary flexibility. In this way, the detection Sian random variables. Real and imaginary part are indepen-
algorithm can be chosen and parameterized during runtim&@€nt variables each with varianeé o No/2. All received
according to the current channel conditions and QoS requireYeCtorsy; are gathered in the matri
ments leading to a highly energy efficient implementation. Y7 = ) 3)

The architecture has been implemented and synthesized on'a Y1 Y2 eeeoVireen T

65 nm technology, resulting in an area of 0.26 fnmpower Before the decoding starts, the channel preprocessing ap-
up to 720 Mbit/s.

In the following sections, we will introduce the employed
system model and the basics of tree search based MIM

detect|oln. In Sectd, we will derive the algquthmlc k_er- information about the codeword. The soft-in-soft-out MIMO
nels which are shared by most MIMO detection algorithms. . S .
detector determines the likelihood of the bits for each re-

Implementation results of the flexibl ion archi re_ . . .
plementation results of the flexible detection architectu €ceived vectory, using the a-priori informatio.? from the

and the trade-off bgtween thr(')ughp'ut. gnd communlcathnschannel decoder. Only the extrinsic informatidh= A — L¢
performance resulting from this flexibility are presented in .

Sect 5. Sect 6 concludes the paper is passed on to the channel decoder.
- ’ Paper. The channel decoder processes the whole codeword at a

time. It uses the interleaved a-priori informatibf from the
MIMO detector for the calculation of the estimated informa-
tion bit sequence: and the a-posteriori logarithmic likeli-

In this paper, we focus on a bit interleaved coded modula-hOOd ratios (LLRs)A of the codeword. The extrinsic infor-

) e P
tion (BICM) scheme like shown in Figl. The source gen- matl_onL = A —_x is returned to the MIMO detector thus
erates a random information wordof length K. which is closing the iterative loop.

encoded by the channel encoder. The interleaved codeword

X" is mapped directly to complex symbolschosen from 3 MIMO Detection

a 22-ary QAM modulation schemeV/; symbols are com-

bined in one transmission vecter. The whole modulated A received symbol vectop, can be seen as a weighted su-

. AT
transformed received vecto#s and updated channel ma-
ricesR;. The decoding process iterates over the MIMO de-
ector and the channel decoder, which exchange probability

2 System Model

sequence is represented by perposition of the entries af, disturbed by Gaussian noise.
The task of the MIMO detector is the equalization and sepa-
ST = (s1,52,....81,...,8T) (2) ration of the originally sent sequence of symhgldt works

on one received vector, at a time. For all detection related
T time slots are needed to transmit all symbols of one codeexplanations, the time indexes pf H, etc. are dropped for
word. The transmission of vecter in time stepy is modeled  ease of notation. Even if not mentioned specifically for each
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equation, the vectorsandx are always the complex repre-
sentation and the bit representation, respectively, of the sam
symbol vectorx, ,, denotes thgth bit of themth symbol in
S.

There exist a wide range of suboptimal algorithms for
MIMO detection, which allow trade-offs of communications : :
performance versus implementation complexity and energy )
consumption. In this paper, we restrict ourselves to the mos d,
common detection algorithms which are based on a tree. — 4/ + 7)/1
search. It can be shown that the likeliness of having sent ¢ d,
certain vectors is related to the metrid(s) (Vikalo et al.

(2004). Fig. 2. Detection problem represented by a tree for the modulation
alphabef—1, +1} (BPSK) andM 7 antennas
d(s)=ly—Hs|>—No Y _ InP(xym) 4)

Vgq,m

Smaller values of (s) relate to a higher probability afhav-

ing been sent. The metrie&s) are used to compute LLR 0
values for the channel decoder. Y (8™ =15 — Ropmsm|* — NOZ InP(xgm) (11)
-1
Mxgm)~  Min d(s)— min d(s) (5) !
Vslxgm=+1 Vslxgm==1 The recursive calculation of Eg8)can be represented by a

For the optimum calculation of Eq5), several minimum  tree withM + 1 levels, as shown for the modulation alphabet
searches or(s) over all vectorss have to be performed. {—1,+1}in Fig. 2. The root node correspondsdgy+1 and
However, calculating all possiblé(s) quickly becomes in-  €ach leaf node corresponds to the mefiic) of one possible
feasible for a larger number of receive- and transmit antenVectors. Each level corresponds to the detection of one sym-
nas and/or higher order modulations as the complexity growd0! s . Branches are labeled with an element of the modula-
with 22 In order to simplify the metric calculations as well tion alphabet. When advancing from a parent node to a child
as the minimum search, the calculation of E4).i§ mapped node, the child node’s metrit;, is calculated from the metric

on a tree structure. Therefore, the channel makfixs de-  Of its parenid,, 1 and the branch metrig,. _
composed into a unitary matri@ and an upper-triangular Based on this tree search, many different MIMO detection

matrix R. The Euclidean distance is rewritten as algorithms exist which approximate E&)(The main differ-
; . 5 ences between the algorithms can be described by how they
ly—Hs||*=|5—Rs| (6)  traverse the tree, e.g,. breadth-first, depth-first, or metric-first,

and how branches of the tree are pruned. In general, these
algorithms exhibit different communications performances
and implementation complexities. All tree search based al-
d(s)=|5—Rs ||2 — No Z In P (xg,m) (7)  gorithms require the same channel preprocessing which per-
Yq.m forms the QR decomposition of the channel matfix This
preprocessing only has to be done when the channel is chang-
ing and not for every transmission vector. For these reasons,

with § = @ y. Equation Eq.4) is replaced by the equiva-
lent metric

The triangular structure @& allows the recursive calculation

of d(s) we concentrate only on the MIMO detection itself. QR de-

d = dy41+ Y (s"™) (8)  composition implementations can be foundNazar et al.
(2010 for example.

with the starting pointly;+1 = 0 andd(s) = d1. The metric

updatey,, (s"™) depends on the partial symbol vectét) =

(Sms Smts -2 SM)- 4 Algorithmic kernels

Complexity adaptive processing enables energy efficient im-

Yn(s™) = 15m — Z R jsj1? = NOZ'” P(xg.m) ©) plemzntati{)ns. lgor di?'ferent chgnnel conditionng a variety of
J=m =1 MIMO detection algorithms exist which trade-off commu-

This equation can be further simplified by introducing the nications performance and energy consumption. An energy

interference-reduced symb@},, which is the same for all  efficient architecture, thus, needs the flexibility to support

children of a node. several detection algorithms. A weakly programmable archi-
tecture which is based on algorithmic kernels needed by all

5= P — Z R jsj (10)  algorithms may offer this flexibility with a negligible over-
ol head. In this section, we will derive the algorithmic kernels
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Im in the successive interference cancellation (SIC) algorithm
A which solves the MIMO detection problem by splitting it into
3. . several SISO detection problems and by adding an interfer-

ence cancellation step.
The SIC algorithm traverses the tree only once from top to
Ie 2 bottom, thus, it has a low complexity. However, for a better
P Re communications performance, it is necessary to approximate
Eqg. 6) over many MIMO vectors and not as a SISO detec-
tion problem. Real tree search algorithms like the depth-first
sphere search or the K-best algorithm traverse the tree and
compute the distances of several complete vectors. In addi-
tion to the detection steps introduced before, a node admin-
istration unit is required which stores the nodes which have
been reached by the search but are not completed yet.
The main tree search based detection algorithms can thus
be constructed by only fiveoarse-grained algorithmic ker-

Fig. 3. SISO detection problem

of tree search based MIMO detection which are common td"€lS

most detection algorithms. — Theenumeration unit ENletermines the visiting order
We will start with some observations on the detection in for the children of one particular node.

single-input single-output (SISO) systems. The SISO trans-

mission can be modeled by EQ) @nd the detection isthen ~ — The interference reduction unit IRcomputes the

performed according to Eq5) for My = Mz = 1. We will interference-reduced symbols according to E@).(

now depict the different steps involved in the SISO detec-

tion. Thereby, we will differentiate between maximum likeli-

hood (ML) or hard-output and maximum a-posteriori (MAP)

or soft-output detection. Figui@illustrates the SISO detec- — Thenode administration unit NAtores all intermediate

tion problem. A complex value (represented by a red star) nodes with their results and chooses the node which is

has been received. The ML solution is simply the modulation visited next in the tree.

symbol which is closest tg (indicated by the number 1). The

algorithm consists therefore of a single step: determining the

closest modulation symbol. For the MAP solution, the closest

symbols for each bit being 0 or 1 have to be found according Eq. ©).

to Eq. ©). This requires the enumeration of the best symbolsTaple 1 is summarizing again which kernels are used by
starting with the closest one (indicated by the numbers 1, 2yhjch algorithm. We chose soft-input soft-output sphere de-
3), followed by the calculation of the Euclidean distance be-tection as tree search algorithrildchwald and ten Brink
tweeny and those symbols. Each distance is used to updat@zooa), In the computation of Eq5j it considers all sym-
the minima for the calculation of Egb) bol vectorss, which lie inside a sphere of radiusaround

The detection of MIMO signals cannot be mapped on athe received vectoy, i.e., for whichd(s) < r. Whenever a
diagram as shown in Fig8 as the signal space is multi- partial metricd; exceeds the sphere radius, the correspond-
dimensional and not rectangular. Therefore, we used the Qffhg part of the tree is excluded from the search. The number
decomposition of the channel matril to map the detec-  of processed nodes in the tree is dynamic and depends on the
tion problem on a tree search. The Euclidean distance is theByrrent channel realization. When a large radius is chosen,

— The metric computation unit MGomputes the recur-
sive metric according to Eql().

— Theminima administration unit MAtores the results of
leaf nodes and updates the minima for the calculation of

computed as follows sphere detection offers near-optimal communications perfor-
P mance at the cost of a low throughput. The throughput can be
1 ririz- nu 51 increased by reducing the radius, which, however, will lead
32 0 rop " §2 12) to a degradation of the communications performance.
ym 0 - 0 ryy/) \SM 5 Results

The last row of Eqg.12) equals the SISO detection problem. Based on these observations, we designed a MIMO detector
After finding the most likely symbol for the last row, the re- architecture consisting of five algorithmic kernels. The con-
sult can be used to remove the interferencepffrom all figuration of these kernels allows the processing of different
other layers. The row — 1 is then interference free and can algorithms with negligible overhead. The design was imple-
be treated accordingly. The repetition of these steps resultmented on a 65 nm low power bulk CMOS library from ST
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Table 1. Algorithmic kernels which allow the construction of most tree search based detection algorithms.

Algorithm / Kernels EN IR MC NA MA Throughput
SISO hard-output X 1200 Mbitg
SISO soft-output X X X 400 Mbits?
MIMO SIC hard-output X X 480 Mbits?t
MIMO SIC soft-output X X X X 390 Mbits1
MIMO sphere soft-output X X X X X  40-120 Mbits!

Table 2.Implementation Results: Area of the kernels after synthesis [MMSE-SIC detection]
and the area of the whole detector after Place & Route. Y
Interferepce o Enumeration
Reduction -
Kernel Area
-
EN 0.012 mn#
MC 0.038 mn? v
IR 0.022 mn? 4, .
MA 0.042 mm’z MetricCalc p; MinAdmin _7\»
NA 0.050 mn?
Sum of the kernels 0.164 nfm ' [Depth-first detection]
After P&R, incl. I/0 and control  0.254 mén ororoe y
Reduction ] Enumeration

A a y"
Microelectronics. We considered the following PVT param- "P
eters: Worst Case (WC, 1.1V, 1%5), Nominal Case (NOM, A
1.2V, 25°C) and Best Case (BC, 1.3V, -40). Synthe- NodeAdmin |«——41 MetricCalc d“p= MinAdmin |
sis was performed with Synopsis Design Compiler in topo- —>
graphical mode, Placement & Routing (P&R) with Synopsys
IC Compiler. Synthesis as well as P&R were performed with
the Worst Case PVT settings of the 65nm library. The final
design runs with a clock frequency of 300 MHz after P&R.
The implementation results for the different parts of the de-
tector are summarized in Tak?e Throughput results for the
different algorithms are shown in Table The power con- mediate nodes which fulfill the radius constraint are stored
sumption after P&R is 14.4 mW. together with their metrics in theode administratioruntil

Two examples for the configuration are illustrated in their processing is continued. Leaf nodes are stored in the
Fig. 4. MMSE-SIC detection and soft-input soft-output minima administrationWhenever possible, thHaterference
sphere detection. The scheduling of the operations for theeductionunit processes a node from thede administration
SIC algorithm is always fixed. Therefore, we discuss only and passes the result to teeumeratiorunit. This recursive
the configuration of the sphere search in FigEspecially  loop continues until all nodes within the sphere have been
for iterative receivers, the soft-input soft-output sphere deteccomputed. In contrast to other depth-first sphere decoders
tor offers the best communications performance. During run{e.g. Burg et al.(2005, Witte et al.(2010) which employ
time, throughput can be traded off against communicationsa one-node-per-cycle architecture, the presented architecture
performance by adjusting the sphere radius. However, dueomputes two nodes per cycle. This is a novel approach,
to the nature of the depth-first search, the throughput is dywhich doubles the throughput compared to state-of-the-art
namic and varies with channel conditions and over the outeimplementations.
iterations. The configuration in Fid. utilizes all five algo- In order to show the throughput flexibility (and thus the en-
rithmic kernels. All operations can be performed in parallel ergy efficiency) of the implemented design, we determined
if data is available. Thenumerationunit determines a se- the maximum achievable throughput for different channel
guence of the best children of a node. Thetric calculation  conditions. Therefore, we simulated a MIMO-BICM system
computes the recursive metric for each node. The enumerancluding a 64-state convolutional code as channel code, us-
tion is stopped when a maximum number is reached or whering 4 x 4 antennas with 16-QAM modulation and a code-
one of the child nodes violates the radius constraint. Interword length of 2304 bits. We tried to reach a frame error rate

stop

Fig. 4. The presented MIMO detector architecture consists of five
algorithmic kernels, which can be configured for different detection
algorithms.
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