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ABSTRACT

Recently lattice-reduction (LR) has been used in signal detection for multiple-input multiple-output (MIMO)
systems. The conventional LR aided detection schemes are combinations of LR and signal detection methods
such as zero-forcing (ZF) and minimum mean square error (MMSE) detection. In this paper, we propose the
Lattice-Reduction-aided scheme based on extended noise variance matrix to search good candidate symbol set
in quantization step. Then this scheme estimates transmitted symbol with Semidefinite Relaxation by candidate
symbol set. Simulation results in a random MIMO system show that the proposed scheme exhibits improved

performance and a slight increase in complexity.
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3.2 Lattice Reduction Aided Detector'""
Reduced basis H=HT 7} FX2z= T'x 2}
3 7PAE, (32 o 2
y=Hx+n
=HTT'x+n=Hz+n )

T unimodular &™elw, z& A+ Hejolck
=3 A PP Hreduced basisE A= HE
4} 23 o]t uwlebA Lattice reduction ZF
2A%7] (LR-ZHE R 2.

g = H'y (10)

~+ ~ ~ =] A -
oj7]4 H =(HTH) H' = fo pseudo- inverse
#gedolct. 12} 7 rounding operation IAE A x
unimodular 38 T & F3514, LR-ZF9 HE 4l
Az FALE & 4 9lck
Xipzr = TQ{iLR—ZF} (11)

3714 2{+} +rounding operation® 2 W& o
Abztelet =3}, ol& g A¥-S w#d MMSE
A&7 AL3 oS A&+ Uk

. . .
Z, e s ::(HTH+O':TT l) HTy (12)

°]5 LR-MMSEZ} HErk 22l3i  rounding
operation AL 7*| unimodular #H T E F3}
W, LR-MMSE®] 2% $4Als 48 & < glrk

X rommse = TQ {iLR—MMSE} (13)

A5 variance® 2% LR-MMSEE Yubd e
2 LR-MMSE Xt} Also] i) olzigl
LR-ZF9} LR-MMSE+x lattice reduced Holl 23}
Al =gk

$2lE MMSE %79t #4402 718 ol
F+= MMSE(H) Z2jsld g3 2] Jehd &=
ek

%yuse = (HTH +021,) HTy
=(H™H) ' H'y=H'y (4

s Ad $Y Hap 299 40 g Y2 3
2% MMSE(H) %1371 olch o714 e apd
Ho} shgsl 540 W) Y& ohew o] A "ok



=5 /MIMO A~ "oll4] Semidefinite Relaxations o] 83+ -3 ¥4}

8 7]uke) Lattice-Reduction-Aided 7 %&7]

n{n] e
= ol |, y= 0,, (15)

714 L= (mxm) g9igiddels, Ous =7
7} 091 (mx1) odmle] oc},

MMSE(H)¢llx] HZ Lattice-Reduction Aided
H&7)ol 2434, Lattice-Reduction  Algorithme]
o Azg Wy 1A P Hﬁ} Te 33 4
gjt} o] LR-MMSEM)Z 34, ol 7|&<
LR-ZF3} LR-MMSEY] A%5-& tlS- 7iAlAzIch

wzh4] LR-MMSEH)= o83 2] & 5= glth

z(LR) MMSE =H' y (16)

28] rounding operation A& A3
unimodular #& T& Fslwd, LR-MMSE(H)®| 3
Z s A & 5 gl

iLR-—MMSE(H) =TQ {iue MMSE(H)} an

Az o Hg olag LRE ol4d #H37)e
A A%S 7Ix]E MLDS] Asl Fo] A%
t}. 2\t rounding operation oAl HAYE =
o213l o2 ols) MLDS} A5 AelE Halth

3.3 Lattice Reduction Aided Detector based
on extended noise variance matrix!'2

(14y& £pA) A 29 hest Rk

Zar=Hy=HHx)+Hn
=H'(Hx)+w (18)

LR A27]|% Z & quantization ¥t} 2}
Rounding operation stepollAl w=H"n¥ A} 25
5 WAL wekd 3Rg Bk e, o
3} 7o) P& i)

a®=H'g, 19)
714 o’ & AL ¥4t PLolok
o, =0,[1,,] (20)

(19)ellA] 32 o™ Z rounding operation step

olsl T8l F7t wizeh

* 5 (H)
Zipzr(s) = Lig-zr TO [¥3))

~ = (H)
Zipzr() = Zip zr— O 22)
W] Zigz(g 9} Lz 9] 8 Lol 2 o] A
3 $AARES 7IXA =k z2]3 rounding

operation 342 71X unimodular ¥ TE F

X

P>

s, e el Xirzr() o)
92 24 A2 WEE 9 5 Uk

X

LR-ZF(-) 24

o

LR ZF(+) = ( LR-ZF(+) ) 23)
iLR—ZF(—) =TQ (iLR—ZF(—)) . 24)

LR-ZF(+ 9} Xir-zr(-) 2] BE Alole] = o] A
g AE AEE Zerh
o1& 7+ whd o2 LR-MMSE(H) A4 33k
i & 9o

o =H'g] 25)
714 S HgE FS ¥4 PPolch
ol - [H
i (26)
o % TR, $2UE he s 9T + A
i(L%)-MMSE(»,) = i(LlT{z)-MMss +ol® @n
i(L%)—MMSE(A) = i(l_%lMMSE —a® 28)

ope Budl ) sk s 27T 7
271V 2358 Z A2k v (1) (0=
P LHE e B2 RN B
Az AmbEA A R e 2D 28)F
22} quantization 3k T & Fgich.

’A‘(L%j-mwsﬁ(ﬂ = IQ(i(L%)‘MWE(*)) 29)

ZH) — 5(H}
Xip- MMSE(-} — IQ(Z(LR—MMSE(—)) 30)

+(H)
L2l A= [ X LR MMSE(+) xLR—MMSE(—)] 2 de 5 9

)} (mx2) matrix A9 37 FFSE candidate
symbol set& =t

— J— — 17
x=[x1, Xys ees xm]

, €Ay, forlsi<m (31)

935



T 241813 =84 *08-11 Vol. 33 No. 11

39 sizew ZHW  mx2"matrixe|ch 7 8] F
B kg Asld mx2"* matrix7} €k

AsiA g B9, A2 KRl =label

ez <[00 fT F\gie) 2ea
a e

—| g ~(H) —
A—[XLR—MMSE(+) XLR—MMSE(—)]_ b b

c f (32)

fef (33)

oA & FR AE P 7 o HelE

(34)5} 7*] minimum Euclidean distance®l] s}t3-3}

v 4 HEE AXlsle AF 2 $AlEER AE

skar, wheF 3 AlE 3 xo] 23] she] e

ak 714 73~ Euclidean distanceZ AARE B8 ¢
o] x=x2% 3}

= arggﬁn ”y - HI,”2 (34)

IV. SemidefiniteS 0|23 T2 2AH 81
7|89 LRA &7|

e B AEE o83 A&V 12144 Al
e} o33 2 SNReX = A3 7E719
AT Eo ok el B =Fdde
Semidefinite RelaxationS ©]-83}e] 3y Al s
gtollA maximum likelihoodS ZH= wiHo g zhg
A BEE o83 AEV1Y] %S IR £
§ BAlnE Fo) izl ot

4.1 Semidefinite Relaxation
2] (5) ML detector®] 212 vl 7ol o}/
% 4 Sk
Syp = arg max s"H Hs -2y Hs 35)
71914 AHeld x'Lx=TrLxx") s} x=[s" 1J
o oA A|(35)2 ohE-& Ul €t

min tr(L.X)
X, x
s.t. diag(X)=e
X = Z‘.!T (36)

936

714 ex= ZE 47} 14 o]y, LI} X
< R} o] Ao

H'H -Hy m
L= and x=
-y'H 0 1] @7

A(36)°l14] constraint X=Xx" = symmetric 3}
31 positive semidefinite (PSD)E 2jvldl= X0
2 st oA 289 o2d 2E convex
optimization problem¢] Ft}.

min tr(LX)
X, 1
s.t. diag(X)=e
X >0 (38)

X=xx"7} Xx0 o ou|g @Fslmz, 4(3s)
+ AB6) Aol £ 4 itk =&, 2(38)9
optimal objective value= 2}(36)2] 3 A &
Fot

sofl A-$3h= rank one solutiond Zh= A|(38)
€ 9194 @oiAlet (919 FHEAR A O
Theorem 12 F¢{zlc},

Theorem 1. Let s be any vector in A”. Also
let V2y—Hs and define a set

% £{¥|HH + Diag(s)" Diag(H'¥) > 0}

Then, V€V, if and only if
X=xx", x=[s" 1]

is a solution to (38)

the- corollary 2l(36)2] rank one solution®]
3l 21(38)9] solutiono]”] wlfof o]ejzhe Azmz
el 4= glch

Corollary 2. Let S€A” be any estimate of S.

Let V and¥: be given as in Theorem 1.

Then

VeV, = §=§,

Corollary= &9 Aspare] Vel ojvele
Sw=Sd  sFedel stk elZle SDR
(Semidefinite Relaxation)©] ¥4} rank one solution
< AFAE e AL 2ARE gerlh sixE,



= /MIMO A28l 4] Semidefinite Relaxationd o]-8-¢ 3-8 ¥4k & 7]uke] Lattice-Reduction-Aided 7 Z7]

weF Velolm 4 Su =52 A= g 7

Az

4.2 Semidefinite Relaxation2 0|83l &t
A 8l Jjdie] LRA HEY

(29)9—}— (30)'3]]/(‘] Jeizl i%:)-MMSE(H-Q—]' ig_%)‘MMSE(—)

2 A s Bmo e 92 & g
matrix A2 3Pt ZFOSF candidate symbol set
X=[%.%, %] Fe,, forl<i<mg mer
candidate symbol set®] Z+ & e Ad HL
He 38 F& sjo] 54l dgel] wiFe] 73

noise WElE 73}
v, =y-Hx (39)

oJ7|4 X €Xolct z|1 t}g-& FAN)
Q, £ H'H+ Diag(%)'Diag(H'¥,) =0 (40)
gl o] 27E wEspd X=X 24 HEHow
$Al A5 E A Aok g o] o] U 3
7 o= 7% P8 X o IHEl S candidate AlE
24 vlx]2e 2 minimum Euclidean distanceE 7}
Aksle] A B-& PERic]
% = arg miny - H% ||
g pinly -1t (4D
=3t x7F 22 shiel dEw s S
Euclidean distance® 74 "R ¢lo] i=%x°F
gltl. =& SNRYMe x7F 7KX&  candidate
symbol 52 ¥ H]8Z Semidefinite Relaxation
4 IrE Sl

V. ZojdlE 2 o 2

B g3 7]1& Lattice-Reduction-Aided
Detection® A|3tsl #AFE 3hg ¥4 PPg o)L
3 /A" ZHE7)e) U3 Ad el vl A
galsich

5.1 ZolMg &4
Matlab& o]-83e] N, =N, =4 MIMO Alz=r”lllq
Z4zke) spdvele} S84l Rayleigh Fading &< 2+
=% s mA¥e siglch m’ Wz we

Table 1. Simulation parameter

PARAMETERS VALUES
Frame length 512 symbols
The number of Transmi 4
t Antennnas
The number of Receive 4
Antennnas
M-QAM 4-QAM
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