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Communi
ation Group S ChenSystem Model

Downlink syn
hronous, N -user and M -
hip per bit
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r(k) = P2664 b(k)b(k � 1)...b(k � L+ 1)
3775+ n(k) = �r(k) + n(k)
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Communi
ation Group S Chenwhere the user bit ve
tor b(k) = [b1(k) � � � bN(k)℄T , L is the ISI span, the Gaussiannoise ve
tor n(k) = [n1(k) � � �nM(k)℄T with zero mean ve
tor andE[n(k)nT (k)℄ = �2nI ;the M � LN system matrix
P = H2664 �SA 0 � � � 00 �SA . . . ...... . . . . . . 00 � � � 0 �SA

3775 ;

the user unit-length signature sequen
e matrix �S = [�s1 � � � �sN ℄, the diagonal usersignal amplitude matrix A = diagfA1 � � � ANg, and the M � LM CIR matrix H

H = 2664 h0 h1 � � � hnh�1h0 h1 � � � hnh�1. . . . . . � � � . . .h0 h1 � � � hnh�1
3775
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Communi
ation Group S ChenLinear Dete
tor

Linear dete
tor for user i^bi(k) = sgn(y(k)) with y(k) = wTr(k)where w = [w1 � � � wM ℄T is the dete
tor weight ve
tor.

� MMSE solution most widely used, with LMS adaptive implementation.� There are Nb = 2LN 
ombinations of [bT (k) bT (k � 1) � � � bT (k � L+ 1)℄T :

b(j) = 2664 b(j)(k)b(j)(k � 1)...b(j)(k � L+ 1)
3775 ; 1 � j � Nb
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Communi
ation Group S Chenwith b(j)i the ith element of b(j)(k).� �r(k) only takes value from the noise-free signal state set:rj = Pb(j); 1 � j � Nb

� The dete
tor y(k) = y0(k) + n0(k), with = y0(k) only takes value from the set:yj = wTrj; 1 � j � Nbn0(k) is Gaussian with zero mean and varian
e �2nwTw.
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Communi
ation Group S ChenMotivations for Adaptive MBER

� MMSE 
an be inferior to MBER
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Two equal power users with 
hip
odes (+1;+1) and (+1;�1)Transfer fun
tion of CIRH(z) = 1 + 0:8z�1 + 0:6z�2SNR1 = 25 dBBER surfa
e for user 1MMSE solution: log10(BER) = �3:88MBER solutions: log10(BER) = �5:56
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Communi
ation Group S Chen

� LMS-style sto
hasti
 gradient adaptation? Two existing sto
hasti
 gradient adaptive MBER algorithms1. Di�eren
e approximation MBER, DMBER, (Trans COM 47 (7), pp.1092{1102,1999)Di�eren
e approximation for gradient of one-bit error measure, no need for noisepdf assumption, 
omplexity O(M2), very low 
onvergen
e rate for small BER2. Approximate or Adaptive MBER, AMBER, (Globe
om'98, pp.3590{3595)Like signed-error LMS but modi�ed to 
ontinue updating weights in vi
inity ofde
ision boundary, very simple with a 
omplexity O(M)? Our approa
h, LBER, based on kernel density estimation of BER from training dataAlso a 
omplexity O(M), simpler than DMBER but more 
omplex than AMBER
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Communi
ation Group S ChenTheoreti
al MBER SolutionDe�ne the signed de
ision variable
ys(k) = sgn(bi(k))y(k) = sgn(bi(k))�y0(k) + n0(k)�

with p.d.f.:
py(ys) = 1Nbp2��npwTw NbXj=1 exp �(ys � sgn(b(j)i )yj)22�2nwTw !

Thus error probability of linear dete
tor:

PE(w) = Probfsgn(bi(k))y(k) < 0g = Z 0�1 py(ys) dys = 1Nb NbXj=1Q (
j(w))
8



Communi
ation Group S Chenwhere
Q(y) = 1p2� Z 1y exp��x22 � dx and 
j(w) = sgn(b(j)i )yj�npwTw = sgn(b(j)i )wTrj�npwTwGradient

rPE(w) = 1Nbp2��n  wwT �wTwI(wTw)32 ! NbXj=1 exp � y2j2�2nwTw! sgn(b(j)i )rj

By normalizing w to unit length,

rPE(w) = 1Nbp2��n NbXj=1 exp � y2j2�2n! sgn(b(j)i )(wyj � rj)

� Steepest-des
ent or 
onjugate gradient algorithm ) MBER solution �
9



Communi
ation Group S ChenBlo
k-data Based Adaptation

Estimate ps(ys) based on training data fr(k); bi(k)gKk=1 (kernel density estimation):

^py(ys) = 1Kp2��npwTw KXk=1 exp��(ys � sgn(bi(k))y(k))22�2nwTw �

where the radius parameter �n is related to the noise standard deviation �n� ^py(ys) ) ^PE(w) ) r ^PE(w) �? Gradient algorithm ) estimated MBER solution ?

Remark: This is analogous to estimated MMSE solution { sample estimates ofauto
orrelation matrix and 
ross-
orrelation ve
tor repla
ing 
orresponding ensembleaverages
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Communi
ation Group S ChenSto
hasti
 Gradient AdaptationOne-sample estimate of p.d.f. and instantaneous sto
hasti
 gradient ) LBER� Re-s
aling weight ve
tor (to unit length)w(k) := w(k)pwT (k)w(k)� Dete
tor output y(k) = wT (k)r(k)� Weight updatew(k + 1) = w(k) + �p2��n exp��y2(k)2�2n � sgn(bi(k))(r(k)�w(k)y(k))

Step size � and width �n are two algorithm parameters
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Communi
ation Group S ChenSimulationExample 1 Two equal-power users with (+1;+1;�1;�1) and (+1;�1;�1;+1),respe
tively, and the CIR transfer fun
tion H(z) = 1:0 + 0:25z�1 + 0:5z�3Data blo
k: 100 samples, SNR1 =SNR2 = 16:5 dB, blo
k adaptation for user 1:
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Communi
ation Group S ChenSNR1 =SNR2 = 19 dBSto
hasti
 gradientadaptation for user 1:Average over 100 runs
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Communi
ation Group S ChenExample 2 Four equal-power users with (+1;+1;+1;+1;�1;�1;�1;�1),(+1;�1;+1;�1;�1;+1;�1;+1), (+1;+1;�1;�1;�1;�1;+1;+1) and (+1;�1;�1;+1;�1;+1;+1;�1); the CIR transfer fun
tion H(z) = 0:4 + 0:7z�1 + 0:4z�2Data blo
k: 1500 samples, SNRi = 16 dB for all i, blo
k adaptation for user 1:
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Communi
ation Group S ChenSNRi = 15 dB for all iSto
hasti
 gradientadaptation for user 1:Average over 50 runs
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Communi
ation Group S ChenCon
lusions

� MBER solution for linear multiuser dete
tor 
an be superior over MMSE one� LMS-style sto
hasti
 gradient adaptive MBER algorithms are available� Our approa
h: Least Bit Error Rate, LBER? Kernel density estimate for p.d.f. of dete
tor de
ision variable is natural andgeneri
1? Complexity is linear with dete
tor length? Appear to have better performan
e in terms of 
onvergen
e speed and steady-state BER misadjustment

1We have extended the LBER to training nonlinear neural network multiuser dete
tors 16


