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Communi
ation Group S ChenMotivations

ISI 
orrupted multi-level M -PAM symbols:� Bayesian or MAP symbol-de
ision DFE is optimal, but high 
omplexity? Hypersurfa
e separating two neighbouring signal 
lasses� Conventional linear-
ombiner DFE is very simple? Hyperplane separating two neighbouring signal 
lasses� Can we have multiple linear dis
riminant dete
tor, whi
h a
hievesBayesian DFE performan
e at least for large 
hannel SNR?) high performan
e with simpli
ity? Several hyperplanes separating two neighbouring signal 
lasses?
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Communi
ation Group S ChenPrevious WorksFor the binary 2-PAM 
ase:� Signal spa
e partitioning using multiple hyperplanes (Kim & Moon,ICC'98; Trans COM 2000)� Multiple hyperplane dete
tor design realizing asymptoti
 Bayesian DFE(Chen et al, Trans SP 2000)

This work extends it to the general M -PAM 
ase:

y(k) = na�1Xi=0 ais(k � i) + e(k)

s(k) 2 fsi = 2i�M � 1; 1 � i �Mg 3



Communi
ation Group S Cheny(k) = [y(k) � � � y(k�m+1)℄T & ^sb(k) = [^s(k� d� 1) � � � ^s(k� d� n)℄T) ^s(k � d) of s(k � d)Choose d = na � 1, m = na and n = na � 1y(k) = F1 sf(k) + F2 sb(k) + e(k)Assume sb(k) = ^sb(k), \spa
e translation":r(k) 4= y(k)� F2 ^sb(k)As sf(k) 2 fsfj; 1 � j � Nf = Md+1g, 
hannel state set:R 4= frj = F1 sfj; 1 � j � NfgM 
onditional subsets:R(i) 4= frj 2 R : s(k � d) = sig; 1 � i �M 4



Communi
ation Group S ChenOptimal Bayesian Dete
torM de
ision variables
�i(r(k)) = Xrj2R(i) e�kr(k)�rjk22�2e ; 1 � i �M

Minimum-error-rate de
ision^s(k � d) = si� with i� = arg max1�i�Mf�i(r(k))g

Lemma 1. For 1 � i �M � 1,R(i+1) = R(i) + 2arevR(i) and R(i+1) are linearly separable, where arev = [ana�1 � � � a1 a0℄T . 5



Communi
ation Group S ChenLemma 2. Asymptoti
ally (�2e ! 0), optimal de
ision boundaryseparating two neighbouring signal 
lasses is pie
ewise linear and madeup of a set of L hyperplanes. Ea
h of these hyperplanes is de�ned by apair of dominant states.? Only need to 
onsider one boundary or two neighbouring 
lasses. ?
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Communi
ation Group S ChenMultiple-Hyperplane Dete
torDe�nition 1. A pair (r(+) 2 R(i+1); r(�) 2 R(i)) is said to be dominantif 8rj 2 R(i)SR(i+1), rj 6= r(+) and rj 6= r(�):

krj � r0k2 > kr(+) � r0k2 where r0 = r(+) + r(�)2� Set of dominant state pairs fr(+)l ; r(�)l gLl=1 easily found. Ea
h pair de�nesa 
anoni
al hyperplane that is a part of the asymptoti
 optimal boundaryHl(r) = wTl r+ bl = 0

wl = 2�r(+)l � r(�)l �
kr(+)l � r(�)l k2 bl = �(r(+)l � r(�)l )T (r(+)l + r(�)l )kr(+)l � r(�)l k2
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Communi
ation Group S ChenDe�nition 2. rj 2 R(i)SR(i+1) is said to be suÆ
iently separable by Hlif Hl 
an separate rj 
orre
tly with jwTl rj + blj � 1.� Test separability for all rj 2 R(i)SR(i+1) to generate separability table� Constru
t 
onvex regionR(+;i)q 
overing ea
h r(+)q 2 R(i+1) by interse
tingseparable hyperplanes ! logi
 AND� Constru
t de
ision region R(+;i) by the union of all R(+;i)q ! logi
 OR? Dete
tor: where r(k) is in relation to R(+;i), 1 � i �M � 1 ?Full Bayesian Multiple-hyperplaneAdditions 2naMna �M (na +M � 2)LMultipli
ations (na + 1)Mna naLex Mna |
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Communi
ation Group S ChenChannel 0:4 + 1:0z�1 + 0:6z�2, 4-PAM5 pairs dominant states found for R(2) and R(3) ! 5 separating hyperplanesSeparability TableR(2)H1 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0 0H2 0 0 0 1 0 0 1 1 1 1 1 1 1 1 1 1H3 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0H4 0 0 0 0 0 0 0 1 0 0 1 1 1 1 1 1H5 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1R(3)H1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1H2 1 1 1 1 1 1 0 0 1 0 0 0 0 0 0 0H3 0 0 0 0 1 1 1 1 1 1 1 1 1 1 1 1H4 1 1 1 1 1 1 1 1 1 1 0 0 1 0 0 0H5 0 0 0 0 0 0 0 0 1 1 1 1 1 1 1 1

R(+;2) = �H1\H2�[�H3\H4�[H5where Hl = fr : Hl(r) � 0g. R(+;1), R(+;3) by shifting R(+;2) a

ordingly
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Communi
ation Group S ChenChannel 0:4 + 1:0z�1 + 0:6z�2, 4-PAM

Dete
ted symbol feedba
kFull Baye Multi hypadds 380 25muls 256 15exp 64 {MMSE: linear MMSE DFEAB: 5-hyperplane dete
torFB: Full Bayesian
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Communi
ation Group S ChenChannel 0:3 + 1:0z�1 � 0:3z�2, 8-PAM

19 hyperplanesR(+;4) = (H1TH5)S(H2TH3TH5)S (H4TH5)S (H6TH7)S (H8TH9)S(H10TH11)S (H12TH13)S(H14TH15)S (H16TH17)S(H18TH19)Dete
ted symbol feedba
kFull Baye Multi hypadds 3064 171muls 2048 57exp 512 { -5
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Communi
ation Group S ChenCon
lusions

� Multiple-hpyerplane dete
tor design for M -PAM 
ase? Design pro
ess simple and straightforward? Asymptoti
ally, realizes optimal Bayesian performan
e�nite SNR, 
losely approximates Bayesian performan
e? Complexity redu
tion parti
ularly signi�
ant for high-order M� For non-adaptive implementation, no need to use full Bayesian DFE
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