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ABSTRACT

Errors in channel state information have a significant im-
pact on the performance of linear precoding (transmit fil-
ters) in frequency selective MISO communication links. We
present a new robust optimization scheme for the design
of the robust transmit Wiener filter, which is based on a
stochastic ervor model. This general paradigm achieves an
average robustness as it is relevant for physical layer signal
processing,

1. INTRODUCTION

Space-time equalization improves the quality of a wireless
communication link at the expense of an increased compu-
tational complexity. With linear precoding the complexity
of channel equalization is shifted from the receiver to the
transmitter, e.g. the base station in the downlink, where
power and cost constraints are less stringent. We consider
a link with multiple antennas at the transmitter and a single
antenna at the receiver. The design of the linear transmit fil-
ter considered here relies on full channel state information
(CSI), i.e. knowledge of all current channel coefficients. 3
main types of linear precoders exist: the transmir marched
filter (TXMF), transmit zero forcing (TxZF), and the trans-
mit Wiener filter (TxWF) [1], where the first two are special
cases of the TxWE. In time-division duplex (TDD) links
the channel estimates from the uplink can be used for lin-
ear precoding of the downlink symbols due to reciprocity
of the up- and downlink channels. But channel estimates
are only available from a previous uplink slot and there-
fore out-dated, which results in a significant degradation in
performance and requires linear prediction to improve the
transmitter’s channel knowledge [2]. The nominal design
methods for standard linear transmit filters do not model
the errors in the transmitter’s channel knowledge. To our
knowledge robust design of linear precoders for frequency
setective channels has not been considered in the literature.
We present a new robust design of the TXWF based on the
paradigm of static stochastic programming [3] for a stochas-
tic model of the parameter errors, which decreases the sen-
sitivity of the TxWF to parameter errors.

Afier defining the system model and the slot structure,
which yields out-dated CSI, the standard TxWF (nominal
design) is revisited. In Section 4 we discuss our notion of
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robust signal processing in the physical layer. For the ro-
bust design of the TxWF in Section 5 we define the robust
optimization criterion and derive its solution. Interpreting
the new cost function and the robust TXWF (RTxWF) we
give an explanation for the performance difference of the
robust version and its relation to the field of regularization.
Finally, it is shown by simulation that the RTxWF decreases
the error floor of the uncoded bit error ratio (BER).
Throughout the paper, £ denotes an estimate of z, ‘®’
the Kronecker product, Gas v the M x N zero matrix, and
1, the A x A identity matrix. Deterministic variables as
well as realizations of a random variable x are written as z.

2. SYSTEM MODEL

A single user MISO system is considered. A QPSK symbol
sequence s € CY with correlation matrix R; = E [ss!] €
CW*W s precoded with P € CMW*W and transmitted
over M antenna elements and the received signal in the
downlink is given by (Fig. 1)

§=H,Ps+necCW+e-1 eh)

The model can be generalized to include multiple users and
processing at the receiver independent of P [1]. The dis-
crete time frequency selective channel of length @ is con-
stant during slot 72 and given by the block Toeplitz matrix

Q-1
H, = Z SP(I;,WQ—I) ®h3,q e (C(W#»Qfl)xM'W (2)
g=0

with selection matrix

S MmNy = [OquylMaoMx(qu)] € {0, 1}M*(M+N)

and the vector channel coefficient A, , € C* of tap q.
Here, 7 ~ AN.(0, Ry;) with Ry, = E [gn"] is additive
complex Gaussian noise. Signal and noise are uncorrelated,
ie E [S’I)H} = 0W><(W+Q—1)~

The received pilot sequence in the uplink is (Fig. 1)

Yo = Sphy_¢ + 1, € CMNe-Q+1) 3)

with the spatio-temporal channel vector

T
hy_¢= [hz-z.m e rhE—E,Q—l] ecMe


mailto:Dietrich@nws.ei.tum.de

F’" r nu
Channel F :YE%: sze Csp

Prediction{~
Fig, 1. Downlink transmit processing based on channel es-
timation and prediction from the uplink,

and matrix S, = 8§, ® 1ar, where S7, is Toeplitz and con-
tains MV, pilot symbols.

The maximum likelihood (ML) channel estimator (R, =
021 as(n, @+ 1)) for uplink slot n — £ is

h¥L, = Fy,, F=(sHs,)~1sH )

The positions £ of available uplink slots depend on the
stot assignment: In the TDD mode of UMTS, for example,
the signal is divided into frames, which consist of 15 slots
f41. Each slot contains a midamble and a data signal. From
various ways of assigning slots to the up- (“1”) or downlink
(1™, we pick the following 2 proposed frame structures for
medium and high data rates [4]:

HENnRnnnnnananmn

Symmetric multiple switching point downlink frame.

ANnannnannnannn

Asymmetric multiple switching point downlink frame.

Using the ML channel estimates the linear minimum
mean square error (MSE) or Wiener prediction for tap ¢
with w,, the solution of the Wiener-Hopf equation, reads

e RML

YT = [ﬁML . n_lyq] Tyw,. (5)

n—15p,q°

The diagonal matrix T, € %0, 1}119p%15P selects the uplink
slots from past 15p slots (p frames). A detailed description

of the parameters and solution can be found in [2].
In the sequel we assume that st and 2nd-order statistics
of all random sequences are known perfectly.

3. STANDARD TRANSMIT WIENER FILTER

The nominal design of the TXWF Pwp assuming perfect
knowledge of H , minimizes the modified mean square er-
roro?(P.8, H,,Ps) =E[|le(H,)|3] of e(H,) = ¥s—
B8, where Pg = {H, Ry} and ¥ = [1y, O 17,
using the whole available transmit power Ej:

[Pwr, Bwr] = arg lgig E[||ws — 571§/3] (6

s.t.. E [||Ps|3] < Ey,
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It can be written as [1]
-1
Pyr = Pwr (HEHn-l-fle) HY%® N

with £ = tr( Ry }/ Eyr. Bwr is used to set the transmit power
to Eg. To reduce the necessary complexity we decided to
employ block filters which do not process the whole slot at
once, but split the slot into smaller windows with W sym-
bols. Therefore, we have to suppress the interference gen-
erated for the following window described by ¥.

4. ROBUST SIGNAL PROCESSING FOR
COMMUNICATIONS

Dealing with errors in the channel parameters, the true chan-
nel matrix is modeled by the transmitter as

Q-1
Hy=H, +E,withE, =Y S0 wo n®er, (8
q=0

Robust optimization methods can be classified based on
the underlying assumptions on the model errors:

1) A dererministic error model such as a norm bound
|Enilz < o (unstructured error) or [le, 4|2 < oy (struc-
tured error) is used for min-max optimization, minimizing
the error o2 in the worst case [3, 6]. It guarantees a cost not
exceeding the worst case, but requires knowledge about the
compact set of errors, ¢.g. the norm bound & or «vg.

2) If the error is modeled as a (stationary) stochastic
process, €.3. €n4 ~ -M:(Iieq: R.,) with He, = Elen 4]
and Re, = E[en,qeﬂ,q], the cost function is also a stochas-
tic process and the paradigms known from sraric stochastic
programming [3] can be applied. The sclution depends on
the error distribution or, ¢.g., its first/second order moments.
Prékopa in [3] proposes to minimize the expected value of
the cost function w.rt. e, 4

ope(P.B. Ho, Ps) = Eg [02(P, 8, H,, + E,,, Ps)]. (9)

Thus, it provides a robustness on average.

Application of the min-max approach based on the de-
terministic error model to physical layer design in commu-
nications would have 2 major disadvantages:

1} In communications errors in channel parameters are
caused by noise, modeled by a (complex) Gaussian distribu-
tion, or a delay. The stochastic noise model above implies
an unlimited set size & {not compact), which we would need
to choose heuristically or based on an additional criterion.

2) Physical layer processing is part of a large system:
As higher layers handle worst case of the physical layer,
a useful definition the of worst case at this layer becomes
unclear. Moreover, the design goal of physical layer signal
processing is to provide good performance on average (Av-
erage BER, MSE). Thus, average robustness appears as a
consistent notion of robustness for the physical layer.



5. ROBUST TRANSMIT WIENER FILTER
5.1. Stochastic Error Model

As discussed above, the transmitter views the real channel
coefficients h,, ; as a stochastic process centered at the esti-
mated coefficients hy, ¢ corrected by the average error e, :

hrg = P +en g With hy g ~ NVe(Bn g + fte,, Re,)-

For delayed CSI from ML channel estimation improved by

linear prediction [2] we set hn, = hWE. For Rayleigh

fading and spatially correlated coefficients the 1st and 2nd

order moments can be derived (in several steps) from (5) as
e, = 0 and

Re, = Ru, — 2Re(Re,o{1n ® Thw,)) +

(Lo @ wy Ti) R o1 @ Tray,). (10)

H
i,

The spatial correlation matrix of tap ¢ is Rn, = Elhn oh
spatial-temporal correlations are summarized in

RT’Q = th R Rayq
+ Siant M @-1a F Ry, FHSE;M,M,(Q-])M):

where R, , is Toeplitz with 1st row [rg[0],--- ,7r4[15p —
1]] and autocorrelation sequence r,[f] = E[h; h*_, /M

(temporal correlations are spatially invariant for small an-
tenna spacing), and the cross-correlation matrix H., =

ab

Ry, @r] with corretation vector rg = [rg[1],- -+, r¢[15p]]T.

The situation that only delayed and estimated CSI is avail-
able are special cases of (10).

5.2, Robust Optimization

Applying the method of static stochastic programming we
include knowledge about parameters error in the design. To
obtain a more transparent notation we assume gt = 0. The

error w.r.l. § (Eqn. 1) considering errors in H, (Eqn. 8) is
e(H, +E,)=¥s— 37! ((Hu + En) Ps + n)
=e(H,) — 8 'E.Ps. an

According to (9) we take the expected value of e(F, + Ey,)
w.rt. 1, s, and E,. As Ej, is statistically independent from
the former two random variables we get

Oh.e(P, B, Hy, Pr) = 02(P, 3, Hp, Ps) +
B2 (RSP“REH P) .1
with Pr = Ps U { Rgn } and error covariance mairix

Reu = B, [E,E‘En]

Q-1
= Z(S(q,WF,Qvl)S’(I:;,WF,Q—I)) @R; . (13)
q=0
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The new robust optimization goal is minimizing the modi-
fied MSE with average robustness constrained by the avail-
able transmit power Ei,:

[Prwr, Brwr] = arg %ig aﬁig(l.’, 8, H,, Pr)

st.:E[|Ps|3] < Bie. (14

The problem remains convex [7]. Its solution is

- H - -1.H
Prowr = Brwr (B Ho + €y + Ren ) H, . (15)

and Srwr is chosen to satisfy the constraint with equality.
Comparing (15) with {7) we observe that the regulariza-
tion term in the robust cost function (12) results in a “load-
ing” of the matrix inverse according to the size and struc-
ture of the channel parameter errors described by Rgu. The
loading keeps TxWF closer to the (inherently robust} TxMF
and thus achieves an on average optimum trade-off between
interference cancellation as performed by the TxZF and serv-
ing the user with maximum power as done by the TxMF {2].
The only additional complexity for the design of the
RTxWF compared to the TXWF are some matrix multipli-
cations and additions to determine Rgu (Egn. 10 and 13).
In case the auto-correlation properties of the channel coef-
ficients are not already needed to design the linear predictor
(Section 2}, they have to be estimated to compute Rgn.

5.3. Interpretation of Regularization and Robustness

The robust criterion in (9) and (12) regularizes the solu-
tion by O(P) = ftr (&PHREHP). IfR, = 1w
and Rgu = 0'3 17w, additionally to a small £, regular-
ization tries to keep the Frobenius norm of P small, since
O(P) = B2 62 | P||}. This is known as Tychonov regu-
larization with weight given by the variance o2 of the (un-
correlated) error {7]. More generally, for R = 1y and the
eigenvalue decomposition of Rgn = UgAglU g we ob-

H MW
tain ©(P) = 52 tr (P* Rea P) = 672 2 A P43

where p| are the rows of U P and Ag; form the diag-
onal of Ag. Thus, Ren determines in which direction the
columns of P should be regularized (small norm), i.e. where
the error in channel knowledge is large. I determines
which subspaces of the row space of P should be of smail
norm, i.e. those used by data symbols for transmission.

‘We observed that the optimization in (12} prefers solu-
tions P with small || P]|% or norm of transformed columns
lp:[|3. Tt remains to illustrate the impact of regularization
on the sensitivity of ¢2{P, 3, H,,Ps) in (6} to errors in
H ,,: In contrast to the transmitter’s channel error model (8),
we now assume H, = H,, + E,, to evaluate the sensitivity.
From Jensen’s tnequality [7] follows

Ba, [03(P,6, W0, Ps)| 2 o2(P, 5,Ep [Fa), Ps),
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Fig. 2. Symmetric frame: RTXxWF (solid} vs.
TxWF (dashed)

standard

i.e. variations in H P increase the MSE o2 and the error
E,, is amplified by P: The sensitivity of the cost function
a2(P,3, H,,Ps) to E, increases with | P||2 or ||p}||Z.

6. BER PERFORMANCE

With a window size W = 8, 128 symbols per slot are
transmitted over A/ = 2 antenna elements in the down-
link. An uplink slot contains N," = 256 pilot symbols at
an SNR of 3dB. The channel coefficients are i.i.d. com-
plex Gaussian distributed (7 = 4 paths) assuming a Jakes
power spectrum describing temporal correlations with max-
imum Doppler frequency famax = 100.-Hz (approx. 54 km/h
at a carmrier frequency of 2GHz). Moreover, we assume
R, = 621w ,0-1 and R; = 1y . The SNR is the ratio
of transmit power E; and noise variance at the receiver of.

In Figs. 2 and 3, we compare the uncoded BER of the
robust and nominal TXWF for symmetric and asymmetric
frame siructure, respectively (out-dated exact or estimated
channel: A, q = hn_gqo0r A = hﬁ Le ; Wiener pre-
diction with order p € {1,2}). For increasing SNR, the
BERs of the nominal TxWFs (dashed lines) with outdated
CSI have a minimum at a finite SNR between 10 and 15dB.
This behavior follows from the convergence of the TxWF to
the TxZF for high SNR, since the.non-robust TxZF tries (o
remove nterference based on outdated CSI1 and thus, intro-
duces additional interference. On the other hand, the robust
TxWF (solid lines) only shows a lower saturation for high
SNR due to the loading term which makes the TxWF more
similar to the inherently robust TxMF [2]. Therefore, not
only CSI prediction is necessary for uncoded BER below
107! (see Fig. 2), but also a robust design of the transmit
filter (cf. Fig. 3). '
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7. CONCLUSIONS

A robust version of the transmit wiener filter was derived
from an optimization problem tailored to achieve average
robustness as it is relevant for physical iayer design. The
solution finds the best trade-off between transmit matched
filter and zero-forcing based on 1st and 2nd order moments
of the errors in channel state information, i.e. it adapts to
the error statistic with little additional complexity. From the
interpretation of the new cost function and numerical results
we conclude that linear precoding for time-variant channels
requires linear prediction and a robust design.
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