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Communi
ation Group S ChenMotivations

Equalization and multiuser dete
tion appli
ations ! 
lassi�
ation

� Real-time 
omputational 
onstraintSample-by-sample adaptation or sto
hasti
 algorithms� Minimize bit error rateTraditional mean square error based may not be right one� System BER is very low\Adjusting 
lassi�er only when error o

urs" strategy 
onverges too slowly
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Communi
ation Group S ChenPrevious Works for Linear Case

� Di�eren
e approximation by perturbation to estimate sto
hasti
 gradientof one-sample error rate (Pados & Papantoni-Kazakos, Trans NN 1995;Psaromiligkos et al, Trans COM 1999)Readily appli
able to nonlinear 
ase. E�e
tively only adjusting when erroro

urs, 
omplexity O(N2p ).� AMBER or \modifying" sgn LMS so that algorithm 
ontinuously updatesin a region around de
ision boundary even when error does not o

ur(Yeh & Barry, ICC'97; Yeh et al, Globe
om'98)Not readily for nonlinear 
ase. Very simple, 
omplexity O(Np).� LBER (Bulgrew and Chen, Symp. ASSPCC 2000; Chen et al, Trans SP2001).Complexity O(Np), better performan
e ! nonlinear 
ase
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Communi
ation Group S ChenProblem FormulationClassi�er ^
(k) = sgn(y(k)) with y(k) = f(r(k);w)r(k): M -dimensional pattern ve
tor, 
(k) 2 f�1g: 
lass labelw: parameters of 
lassi�er f , ^
(k): estimated 
lass label for r(k).r(k) = �r(k) + n(k)�r(k) 2 frj; 1 � j � Nbg, and n(k) Gaussian with E[n(k)nT (k)℄ = �2nI.Ea
h rj has asso
iated 
lass label 
(j) 2 f�1g.Let pdf of ys(k) = sgn(
(k))y(k) be py(ys)PE(w) = Probfsgn(
(k))y(k) < 0g = Z 0�1 py(ys) dys
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Communi
ation Group S ChenApproximate Error RateLinearization around �r(k),y(k) � f(�r(k);w) + e(k) = �y(k) + e(k)e(k): Gaussian with zero mean and varian
e �2 = �2(w)�y(k) 2 fyj = f(rj;w); 1 � j � Nbg

py(ys) � 1Nbp2�� NbXj=1 exp��(ys � sgn(
(j))yj)22�2 �

PE(w) � 1Nb NbXj=1Q(gj(w))

gj(w) = sgn(
(j))yj=� = sgn(
(j))f(rj;w)=� 5



Communi
ation Group S ChenApproximate Minimum Error Rate SolutionAssume �2 is �xed (to its optimal value �2(wopt))

rPE(w) � � 1Nbp2�� NbXj=1 exp � y2j2�2! sgn(
(j))�f(rj;w)�w

Given w(0), at lth iteration:yj(l) = f(rj;w(l � 1)); 1 � j � NbrPE(w(l)) = � 1Nbp2��PNbj=1 exp��y2j (l)2�2 � sgn(
(j))�f(rj;w(l�1))�ww(l) = w(l � 1)� �rPE(w(l))

9>>=>>;

� �2, like adaptive gain �, be
omes a tunable algorithm parameter
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Communi
ation Group S ChenBlo
k-data Gradient AlgorithmGiven training samples fr(k); 
(k)gKk=1, kernel density estimate of py(ys)

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

From estimated error probability^PE(w) = Z 0�1 ^py(ys) dys

r ^PE(w) = � 1Kp2�� KXk=1 exp��y2(k)2�2 � sgn(
(k))�f(r(k);w)�w) blo
k-data based gradient algorithm
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Communi
ation Group S ChenSto
hasti
 Gradient AlgorithmUsing single-sample estimate of py(ys)

^py(ys; k) = 1p2�� exp��(ys � sgn(
(k))y(k))22�2 �

and instantaneous gradient r ^PE(k;w) ) LER algorithmy(k) = f(r(k);w(k � 1))w(k) = w(k � 1) + �p2�� exp��y2(k)2�2 � sgn(
(k))�f(r(k);w(k�1))�w
9=;

Two algorithm parameters: � { adaptive gain, � { widthThey need to be 
hosen appropriately
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Communi
ation Group S ChenEqualization ExampleChannel A0(z) = 0:5 + 1:0z�1, 
o-
hannel A1(z) = �(1:0 + 0:5z�1) with �set to give SIR= 12 dB, equalizer order M = 2 and de
ision delay d = 1,number of states Nb = 64. With SNR= 20 dB (SINR= 11:36 dB):
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(a) (b)Convergen
e rates in terms of (a) estimated BER for various adaptive RBF equalizers, and(b) MSE for LMS adaptive RBF equalizers. Results averaged over 100 runs.
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Communi
ation Group S ChenEqualization Example (
ontinue)(a) Comparison of optimal de
ision boundary (thi
k solid) with that of 6-
enter LER RBFequalizer (thin solid). SNR = 20 dB and SIR = 12 dB. Dots: noise-free states and stars:�nal 
enters. (b) Performan
e 
omparison of three equalizers in terms of BER versus SNR.SIR = 12 dB and adaptive LER RBF equalizer has 4 
enters.(a) (b)
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Communi
ation Group S ChenEqualization Example (
ontinue)In
uen
e of �2 to the performan
e of the LER algorithm. SIR = 12 dB andSNR = 20 dB. The adaptive RBF equalizer has 4 
enters and the algorithmhas a �xed �0.
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Communi
ation Group S ChenCDMA Multiuser Dete
tion ExampleA three-equal-power-user system with eight 
hips per symbol. M = 8 andnumber of states Nb = 64. User 3 is 
onsidered. Given SNR3 = 15 dB(SINR3 = �3:08 dB):
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(a) (b)Convergen
e rates in terms of (a) estimated BER for various user-3 adaptive RBF dete
torsand (b) MSE for user-3 LMS RBF dete
tors. Results averaged over 100 runs.
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Communi
ation Group S ChenCDMA Multiuser Dete
tion (
ontinue)

Performan
e 
omparison ofthree dete
tors for user 3.SNRi, 1 � i � 3, identi
al.Adaptive RBF dete
tor has16 
enters and trained byLER algorithm.
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Communi
ation Group S ChenCon
lusions

� LER: an adaptive sto
hasti
 gradient near minimum error rate trainingfor nonlinear 
lassi�ers? MSE 
riterion may not be relevant to problem and may lead to poorperforman
e? Approa
h based on kernel density estimation and sto
hasti
approximation for sample-by-sample training? Work well for low error rate or high performan
e situations� Results veri�ed in 
hannel equalization and CDMA downlink multiuserdete
tion
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