IEEE TRANSACTIONS ON SIGNAL PROCESSING, VOL. 43, NO. 1, JANUARY 1995

neither " nor o™ would be computed more than once. In addition,
the complexity of O(L28+1+2) MAD for the overall backward
recursion algorithm can be obtained. Please note that in the course of
performing the time backward update recursions from 80 to 79 for
all possible subset autoregressions, only the parameter matrices and
the necessary W and o™ at 80 are required to acquire all parameter
matrices and both W™ and a* at 79. No parameters at 80+i.i > 1
are required, and neither 1™ nor o™ at 80 +i is needed.

In addition, note that the initialization of both forward and back-
ward time update recursions can be carried out by the direct method
for a middle block of the sample set; then, one processor may perform
forward time update recursions, and the other processor may perform
backward time update recursions concurrently. This method has been
used in estimating a gradually changing spectrum for the Canadian
lIynx {13] and is useful in signal smoothing. In addition, this structure
provides great benefit in working with recursive algorithms suitable
for carrying out within a multi-c.p.u. computing environment.

Further, an order selection criterion, such as the BIC, can be used
at each time instant with the proposed method to select the optimum
subset AR. For further details, the interested reader is referred to
[13], which is available upon request. In addition, it is unnecessary to
neglect possible zero constraints in the nonzero coefficient matrices of
the optimum subset AR model selected. Our previous experience [8]
shows that the proposed search algorithm in conjunction with model
selection criteria can, with slight modification, select the optimum
subset AR with zero constraints using the prewindowed case.

IV. CONCLUSION

To this point, we have developed forward and backward time
update recursions for the prewindowed case that recursively estimate
the parameter matrices for a multichannel subset autoregression. The
algorithm is computationally efficient, avoids cumbersome matrix
inversion, and provides the obvious relations to link multichannel
subset autoregressions at consecutive time instants.
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A Fast Newton Multichannel Algorithm
for Decision Feedback Equalization

Sergios Theodoridis, George V. Moustakides, and Kostas Berberidis

Abstract—Fast Newton transversal filters (FNTF) are a new class of
adaptive algorithms unifying NLMS and fast RLS. This is achieved by
allowing the algorithm to exploit a priori information about the associated
predictors order. This note extends FNTF to the multichannel case and
demonstrates the applicability of the resulting algorithm to decision
feedback equalization.

I. INTRODUCTION

The major computational contribution in fast transversal adaptive
algorithms comes from updating the associated forward and backward
predictors of the input time series, which are implicitely assumed to
be of the same order as that of the unknown system [1], [2]. However,
it is quite common in practice to extract all the predictable information
of the input time series with predictors of much lower order. This
idea was successfully exploited in the recently suggested class of fast
Newton transversal filters (FNTF) [7] where the prediction part was
assumed to be of lower order than that of the filtering part.

In this note FNTF is extended to the multichannel case so as to
be directly applicable to decision feedback equalization. The more
general case of different number of taps per channel is treated.
Simulation results verify that performance is traded off against
complexity, by varying the predictor’s order.

II. PROBLEM FORMULATION AND
CORRELATION MATRIX EXTRAPOLATION

Let us assume two input signals .' (n), #?(n) which are combined
by the linear system

m

!
dn) = —~ denatn—it1) - doeltm—j+1. (D)
J=1

=1
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A recursive solution to the problem of estimating the unknown
system’s parameters, based on input-desired output samples is given
by the well-known stochastic Newton method [1]

Cout(n) = Cot(n = 1) 4+ Wi ()[d(0) + clu(n = Dxaa(n)] (2)

where ¢,.i = [C11. C124 oo Clurs €210 C224 © ..co1]' is the parameter
vector and

Zn=1) L=+ ) 3)

The gain vector is given by w,(n) = ~y(n)R; }(0)Xu(n)
where R,.,((n) is an estimate at time » of the input data correlation
matrix and ~(n) is a properly chosen positive gain sequence. In this
correspondence, extending the idea introduced in {7] for the single
channel case, this estimate of R,.(n) is produced by extrapolating
the sample correlation matrix of a lower order R, (n), where r, s
denote the prediction orders of the two input sequences, respectively
(with » < e and s < I). Note that the multichannel order evolution
required by the algorithm is achieved in steps involving each channel
separately and leads to an algorithm involving scalar operations only.
Let us assume that the matrix R, () is known and we seek to make
an estimate of R,1.4(n). If the latter matrix is partitioned as

L L
B,.WH(n)E(L‘, M) )

then the unknown elements in the above matrix are, the upper right
element of I (denoted as pl'(2)), the upper right element of M
(denoted as p2*(n)), the upper right element of L (denoted as (1)),
and the lower left element of L (denoted as g_,.(n}).

The above elements are computed from respective prediction
problems following a saddle point approach. The involved prediction
problems are defined as follows,

a) Given the input samples ' (n — 1), ...e'(n —r), *(n =1),
...&%(n — 5 + 1) predict +?(n). The corresponding predictor,
prediction error, and error power are denoted as A2, (),
ﬁ'ff_l {n), and u;’_‘fﬁ 1{n). respectively.

b) Given «'(n — 1) ...l (n — 1) 22 (n). .. 2% (n — s +1),
predict ' (). The respective prediction quantities are denoted
as Al.ﬁ(n). fln) and afl(n).

¢) Givenax'(n)..... eln—r41) % (). r*(n—s+ 1), predict
+#'(n — r). The respective prediction quantities are denoted as
B! (). L) and oL (n).

d) Given ). .. ”1,1(“ — ). 23 (n). L n—s+ 1), predict
+%(n — »). The respective prediction quantities are denoted as
B p.(n). )%, (n) and a3, (n).

The minmax part of the saddle point approach is equivalent with
making the minimum error power to be maximum with respect to
the corresponding unknown element of the matrix R, 4 .41(n). For
example, consider the unknown element p_,.(n) and the respective
optimum predictor A‘,",,v, 1 (1). Then both the predictor and the result-
ing minimum error power are functions of p—,.(n). Our goal will be
to select the unknown element so as to maximize this minimum error
power. Using the partitionings of Table I (where the definitions of
the involved permutations and partitionings are given) and the well
known matrix inversion lemma for partitioned matrices [1], it can
be shown that

4‘1.;2.‘_1 (n)=5,.-1 (:17.,1;),1(")>

B! _ — 2 .
+S,~—1< rle i(n 1)>k:-;—l (5)

TABLE I
THE INVOLVED PARTITIONINGS AND PERMUTATIONS

3{1(”) = ( 5:?_‘1(:87,) )

2 n
&5(m) =T ( 33djjl((n )— 1) )

) = 2i;—1(n)
zij(n) = ( 2‘2(n]_1]- +1) )

zij(n) = Si; ( xn(w,:__”,gi)l) )

with
I\';'.'f_l = —n:_”h_l (n — 1)[3‘”_”,1(11 -1)
x B{x, _1ci(n = Dr® ()} + pr(n)]

where E{-} is an estimate of the expectation E{-}. Substituting the
above two equations into the definition of the error power a2_| (n)
results in
P 2 —b % 2

ol =alli =l (= DEZDN ©)
From (6) it is apparent that a,f__'T’ (n) achieves its maximum value
if the reflection coefficient k2_, = 0, which is equivalent to the
following order update:

2
A.,z,-fl(n}:57_,—1<A'_“_1(")>. @)

Note that each unknown element can be estimated by more
than one minmax problem. However, the resulting element is
always the same [8]. It can be easily shown that the rest of
the predictors are order-updated in a similar way as above, that
s, Al = (Alon 0) Blalmy = (0 Bim),
Bl.(n) = (0 B!..(m)), where 33_15(11) and B;Z.H(n)
are intermediate auxiliary vectors computed via the relations
Bi_i, ) = T(0 By (n=1)) and Bi_,.(n) =
T.(0 B (n—-1)"

Continuing the above procedure, the matrix R,,.;(n) is recursively
estimated from R,.(n). Note that, with our method, this is possible
only if m —r = [ —s, imposing a restriction on the order of the matrix
R, .(n). It can also be shown that the matrix extrapolated in the above
way remains positive definite [8]. Furthermore, its inverse, if viewed
as a 2 x 2 block matrix, results in banded blocks. Specifically, in
the places of the unknown elements of the extrapolated matrix, we
have zeros in its inverse.

III. DERIVATION OF THE ALGORITHM
Our starting point is the recursion (2) written in the least squares
posterior error formulation using the dual Kalman gain [6] that is
Cot() = Cot(n — 1) + Woni(n)zpe(n) (8

where

swt() = d(n) + € ()X a(n) O]
W,(n) = —/\_IR,_"}(N — 1)x,,.(n). (10)

It is already well established that the essence in deriving a fast
algorithm is the fast computation of the Kalman gain vector. In
this section we assume that R,,;(n — 1) is a scaled estimate of the
correlation matrix extrapolated from a lower order covariance matrix
£, 41441 (n — 1), which is computed as a least squares estimate. That
is

Ritis41(0) = AR i (0 — 1)+ Xpg o ()X 4y (). (11)
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TABLE I
THE MULTICHANNEL FAST NEWTON TRANSVERSAL FILTERING (MFNTF) ALGORITHM
Define:
P1-1+-1(") (n) 11 ' Pzil(") 12 21 '
r _ hnln a -1 r — 1_elin -
(L] = safiseg | e | [0 ] - iy | o
dy(n—1) a?*(n—-1)
b2 (n—-1) bii(n —1)
21 r+1 11 T
qZii(n) ] () H(n) 1 n
= —ﬂ'd’—"nT b2 -1 , = 3 — bi2(n -1
[ a2h(n) Pl | D) (o) en | B
k=n-m+r, [p|x denotes the k-th element of the vector p
- Available from the previous recursion of the MFNTF: wm(n — 1), ami(n — 1)
- Available from any LS multichannel algorithm' E’"{}“(n), el?(n), efl(k), e3,,(k)
Pr+1(") Ps+1(") Pr+1(")v ("): k), ‘Is+|( )s ¢Ir+1(k) q,+1(k‘)
Prediction Part
Pﬂ,l(n)
W =Ton [ oy | =T | 02
W ny=Tn —4im
141 | (0 — 1) ; 1+1 p7(n)
0,
[ P;il(") ]
w={a w1
W n)={ . -
141 Dmipa(n) P2 (n)
\; 0, |
0, 1
W p11(n) ] W () + gt (k)
0 m+ 141 0,
L qg}rl(k) J
om—r
11
wW(n q;:'(k)
[ 0( )] = Shpwmen(m) + | g
qs+1(k)
ami(n) = em(n = 1) + [Pr+1]15u+1(n + [Pr+1]1€ [qs+1]s+15r+1a k)~ [qlin]mfﬁi(k)
Filtering Part
emi(n) = d(n) + ¢! y(n = DEm(n)
emi(n) = emi(n)/amin)
emi(n) = emi(n = 1) + wmni(n)em(n)
A constant weighting sequence A has been adopted to allow B?,,Hl(n)
for slow tirpe variatlzon tracking. A§ has e'llready been p(.>ir.1ted Qut =(0,_, bMim—m+r) O_, bm—1I+s 1 ).
in the previous section, these matrices will not be explicitely in- )
volved. It is their related prediction (state space) parameters and (15)

their interrelation which will be accounted for, as is always the case
with fast algorithms. Let us now define the partitioning _-l?J(n)
(a2'(n) a?'(n))" for the predictor A7;(n) and similarly for
the remaining predictors :if/(n), Bli(n) and B} (n). Applying
successively the updating procedure as in (7) and using the definitions
of Table I, we finally obtain

T (L A2500)
=(an 0,_, 1 a®' () oi_). (12)
In a similar way it can be shown that
(1 Al
=0 a'(m) o), aZiom o) (13)
Spru(BL () 1)
=(0,_, bM—m+r) 1 0, b¥(n-l+4s))
(14)

Using the above and the respective definitions, the following rela-
tionships can be obtained for the involved errors and error power

variables:
el2my = €f2(n) al2n=1)=allm-1)
i)y =eéll ) -1

~f1
, a',r.dH(n -1)
2
app(n—1)
= r\',‘ih(n —m+r—1)
b
ani(n = 1)
Pl —m+r—=1).

= 0y

b2 b2
Cotr(n) = (n—m+r)

"l(n —m+r)

enlin) =

(16)
Introducing (12)—(16) in the two-channel staircase algorithm of [6],
the corresponding two-channel FNTF algorithm of Table II results. It
is readily observed that the computations associated with the filtering
part contribute to the complexity in proportion to the systems order

m.l. The contribution to the complexity of the prediction part is
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Fig. 1. Amplitude response in dB versus normalized frequency of the
channel used in the adaptive equalization experiment.
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Fig. 2. Block diagram of the basic decision feedback equalizer structure.

linearly dependent on the predictors orders r.s. Specifically, the
overall complexity of the algorithm of Table Il is 10 (r + s)+ 2
(1n + 1) MADS per time recursion, while the respective complexity
of the algorithm of [6] is 12(m + 1) MADS.

IV. APPLICATION TO DECISION FEEDBACK EQUALIZATION

To verify the above theoretical developments, a channel equaliza-
tion experiment was carried out. A binary pseudorandom sequence
was used as the bit information sequence sent to a channel which
introduces intersymbol interference. An FIR linear phase channel
was used with an impulse response spreading over 15 successive
bits. A 20 dB (SNR) white Gaussian noise was added at the output
of the channel. Fig. 1 shows the frequency response of the channel.
The distortion which is introduced is rather severe, due to the large
dynamic range and the deep nulls which are present in the frequency
response. Equalization of channels with deep nulls suggest the use of
decision feedback equalizers (DFE). Fig. 2 shows the typical structure
of a DFE. It consists of the feedforward anticausal part and the
feedback causal part, and it is described as

Ny Ny
My =S clgt 4+ N =+ Y it —j+ 1)
=1

J=1

a7

where {y(t)} is the received sequence. In the training mode #(t) are
the correct symbols and in the decision-directed mode the detected
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Fig. 3. MSE versus time for the DFE experiment: (a) Bottom solid

line—two-channel RLS with predictor orders 20, 20; (b) dashed line—MFNTF
with predictor orders 15, 15; (c) Dotted line—MFNTF with predictor orders
10, 10; (d) Dash-dotted line—MFNTF with predictor orders S, 5; (e) top solid
line—normalized LMS with ;# = 0.25.

symbols. A symbol rate decision feedback equalizer is a typical two-
channel system identification task. The inputs in the two channels
are the sequences {y(¢)} and {r(t)}, respectively. The equalizer
parameters ¢} and 7 are estimated so that the error &(t) — ()
is minimized. The equalizer used by this experiment consisted of
20 feedforward and 20 feedback taps. Five curves are shown in
Fig. 3. Curve | (the lower one) corresponds to the two-channel
RLS algorithm. Curve 2 (dashed line) corresponds to the MFNTF
algorithm with two-channel predictors of orders 15, 15. As we can
see, an almost negligible degradation in performance results at a
computational saving of the order of 25%. Curve 3 (dotted line)
corresponds to the MFNTF algorithm with predictors of orders 10,
10. Curve 4 (dashdotted line) corresponds to the MFNTF algorithm
with predictors of orders 5, 5. The latter has converged at about 2000
samples. In all the above cases the forgetting factor A was taken equal
to 0.99. The top curve corresponds to the normalized LMS which
at about 4000 samples (not shown in the figure) converges to the
same misadjustment level as that of Curves 3 and 4. Thus, we have
demonstrated that the use of the multichannel fast Newton algorithm
provides the means of trading off performance with computational
complexity having RLS at one end and NLMS at the other.

V. CONCLUSION

This correspondence has proposed a new structure for adaptive
multichannel filtering. The resulting algorithm trades off complexity
with performance covering the whole range between multichannel
RLS and multichannel LMS. The applicability of the algorithm to
decision feedback equalization has successfully been demonstrated
by simulations.
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An Efficient CORDIC Array Structure for the
Implementation of Discrete Cosine Transform

Yu Hen Hu and Zhenyang Wu

Abstract—We propose a novel implementation of the discrete cosine
transform (DCT) and the inverse DCT (IDCT) algorithms using a
CORDIC (COordinate Rotation DIgital Computer)-based systolic proces-
sor array structure. First, we reformulate an N-point DCT or IDCT al-
gorithm into a rotation formulation which makes it suitable for CORDIC
processor implementation. We then propose to use a pipelined CORDIC
processor as the basic building block to construct 1-D and 2-D systolic-
type processor arrays to speed up the DCT and IDCT computation. Due
to the proposed novel rotation formulation, we achieve 100% processor
utilization in both 1-D and 2-D configurations. Furthermore, we show
that for the 2-D configurations, the same data processing throughput
rate can be maintained as long as the processor array dimensions are
increased linearly with .N. Neither the algorithm formulation or the
array configuration need to be modified. Hence, the proposed parallel
architecture is scalable to the problem size. These desirable features make
this novel implementation compare favorably to previously propoesed DCT
implementations.

I. INTRODUCTION

In this correspondence, we present an efficient implementation of
the discrete cosine transform (DCT) algorithm [1] and its inverse
(IDCT) using a CORDIC processor array structure. DCT has been
incorporated into image compression standards such as JPEG, MPEG,
and CCITT H261. It has also found many applications in speech
coding and realization of filter banks for frequency-division and
time-division multiplexer (FDM-TDM) systems. Due to its increasing
importance, numerous attempts have been made to accelerate the
DCT computation in order to facilitate real time, high-throughput
implementation [2]. One family of approaches is to derive fast DCT
algorithms {7]-{12] by reducing the number of multiplications needed
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in the formulation. Yet another family of approaches [3]-[6] has
focused on using hardware implementation of DCT with parallel or
pipelined VLSI array structures [13]. While most of these proposed
implementations are based on the multiply-and-add-type arithmetic
units, some [5] have reported implementations using a special arith-
metic unit called CORDIC.

CORDIC (COordinate Rotation DIgital Computer) is a rotation-
based arithmetic algorithm which is particularly efficient for the
evaluation of fast transformation algorithms such as DFT (discrete
Fourier transform), FFT (fast Fourier transform) [15], and DHT
(discrete Hartly transform) [16]. In this correspondence, we will
propose new formulations of both the DCT and the IDCT algorithms
to facilitate very efficient implementation using CORDIC processor
array structures. Compared to the previous result [5], our implemen-
tations require only local data communication, have simple, regular
array structures, and are linearly scalable.

II.  VECTOR ROTATION FORMULATION OF DCT AND IDCT ALGORITHM

Given a real-valued sequence {x(n): 0 < n < N — 1}, the DCT
of {x(n)} is defined by

N1
. 73 ! ) x(2n + L)k
Xk = N('(l\) ”E:O r(n)cos [-_ZV ]

0<k<N -1 )

and the IDCT of an N -point real-valued sequence {X(4);0 < k <
N — 1} is defined by

ply (2n + 1)k
r(n) = ; c(R)X (k) cos l::r—gx—} 0<n<N-1 (2

where ¢(0) = % and ¢(k) = 1for 1 < k < N — 1. Since % is
a scaling factor which can easily be computed if N is a power of 2,
we need only to compute X (k) = NX(k)/2. Let us define

N-1
Vik)= Z r(n)exp [Jw

]. 0<k<N-1. (¥
n=0
Clearly, X(k) = Re{V(k)} for & > 1, and X(0) = %V(O).
Assuming that N is an even number, our strategy is to decompose
V' (k) such that

Vi(k) = Vo(k)+ Vo(k) 4)
where
Nj2—1 4 Dk
Vi(k)= ”z:; x(2n)exp {j———n( 7;;: ) ] 5)
and
N/2—1

To(k) = Z r(2m+ 1)exp |j 5N

m=0

,m(4 3)k
[ x(4m + 3) :| )

The following relations can be verified easily: Re{1.(N — k)} =
Im{V. (%)} and Re{1o(N — k)} = —Im{V;,(k)}. Substitute m =
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