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Abstract— We consider multiple—symbol differential detection suboptimum detectors based on decision—feedback differential
(MSDD) for multiple-input multiple—output (MIMO) Rayleigh—  detection (DFDD) (e.g. [5], [6]) and noncoherent sequence

fading channels. MSDD, which jointly processes blocks ofVv ;
received symbols to detectNV — 1 data symbols, allows for detection (NSD) (e.g. [7]) have been proposed for DSTM.

power—efficient transmission over rapid—fading channels. How- Recently, Fhe autho_rs have dewsed_ a new optimum ML
ever, the complexity of the straightforward approach to find MSDD algorithm for single—antenna differential phase—shift
the maximum-likelihood (ML) MSDD solution is exponential in  keying (DPSK) in [8]. This algorithm, which is based on

N, the number of transmit antennas Nt and the rate R. In  gphere decoding (cf. e.g. [9]) and hence referred to as

this paper, we introduce an MSDD algorithm based on sphere o ; ; ; _
decoding whose average complexity is not exponential itV for multiple—symbol differential sphere decoding (MSDSPac

interesting ranges of signal-to—noise ratio (SNR) and aribtrary complishes true ML_ MSDD while its cqmplexity is compa_lra-

unitary signal constellations. For the interesting special cases ble to that of DFDD in most cases. In this paper, we exploit the
of diagonal and orthogonal constellations we achieve a similar close relationship between DPSK modulation and DSTM with
complexity reduction in Ny and R. Based on an error—rate njtary constellations and extend MSDSD to unitary DSTM.

analysis for MSDD we also propose a variant of MSDD that |, {his context, we develop different variants of MSDSD
considerably improves power efficiency in relatively fast fading ' '

at a very moderate increase in complexity. which are tailored to specific DSTM constellations in order to
avoid detection complexity being exponential in the number
l. INTRODUCTION of transmit antennas and data rate. Based on an error—rate

Transmission over multiple—input multiple—output (MIMO)analysis for MSDD we also propose “subset MSDSD”, which
fading channels allows for much higher data rates and/@urther improves the performance of MSDSD while incurring
power efficiency than traditional single—input single—outpuinly a marginal increase in complexity. Simulation results for
(SISO) communication. Most often, coherent detection bas@BTM transmission show that (subset) MSDSD significantly
on the assumption of perfect channel state information (CSl) atitperforms DFDD in power efficiency for comparable decod-
the receiver is considered for both SISO and MIMO channelgig complexity.

However, the acquisition of CSI for time—varying MIMO chan- The remainder of this paper is organized as follows. Sec-
nels is difficult and usually requires a considerable overhe@dn Il briefly introduces the system model. In Section lil,
of pilot symbols to be transmitted. Thus, the approach ®SDSD is derived and optimized for different DSTM constel-
differential space—time modulation (DSTM) in conjunctiorations. The error—rate analysis of MSDSD and the formulation
with noncoherent detection, which does not require CSbf subset MSDSD are given in Section IV. Performance and
appears attractive, cf. e.g. [1], [2], [3]. complexity results are presented and discussed in Section V.

Detection of DSTM is usually based on two consecuSection VI concludes this paper.
tively received symbols, which is referred to as conventional Notation: Vectors and matrices are printed in bold lower—
differential detection (CDD) in the following. DSTM with and uppercase letters, respectivély!, (-)T, tr{-}, ||-|| and
CDD achieves a power efficiency withiadB of coherent det{-} denote Hermitian transpose, transpose, trace, Frobenius
detection in relatively slow—fading environments, cf. e.g. [1Jnorm and determinant of a matrix (or vector, where applica-
[2], [3]. However, CDD causes an error floor in fast-fadingle), respectivelyx denotes the Kronecker product of two
channels, where more sophisticated detection techniques argtrices or vectors,2+/—1 and £{-} denote the imaginary
required for reliable communication. Such detectors perforomit and the expectation operator.
multiple—symbol differential detection (MSDD) dfv — 1)
data symbols based oV consecutively received symboals, Il. SYSTEM MODEL

cf. e.g. [4], [5]. Optimum maximum-likelihood MSDD (ML We consider a transmission scheme usig transmit and

MSDD_) apprqaches the performance Of coh(_arent de_tech%lR receive antennas. At the transmitfér R bits are mapped
when increasing the so-called observation window size

b_Ut its compIeX|ty gI’OWS eXponen.Ua"y withv. . TO_ bene- 1In the context of this paper, the terms “decoding” and “detection” refer to
fit from larger N without exponential complexity increase,the same procedure and are used interchangeably.



to Nt x Nt dimensional unitary matrice¥ [k] which are of length N moves forward by (at most)V — 1 symbols
taken from a seW 2{v " |1 € {1,...,L},L22N"R} In at a time. With anNNy x NN block-diagonal matrix
order to facilitate noncoherent detection the data symWold ~ Sp[k] £ diag{S[k — N + 1],...,S[k]} and NNt x Ng ma-
are differentially encoded yielding transmit symbols trices H[k] and N[k] defined in the same way aB[k] we
can write

S[k] = V]k]S[k — 1], S[0] = Iny. 1) R[] = So[KHK + N[k, @)
At time k = kNt + i the transmitter radiates from antenpa
the elements; ;[k] in the ith row andjth column of S[k].
The transmit power is independent &fr at all times, i.e.,
ST [sij[k)IP=1,1 < i < Ny holds.

We assume a frequency—nonselective MIMO Rayleigh fa
ing channel. Consequently, in the equivalent complex baseba&
domain the signat; ;[k] received by antenng at time k =
kNt + i is given by

For sake of readability we will in the sequel omit the reference
[k] to time and address submatrices of the above blockmatrices
via subscripts withX ; being theith submatrix of X and
&_gig(N or N —1).

ANith H and N being matrices of zero-mean complex
aussian random variables afg being an unitary matrix the

ML MSDD decision rule can be derived in complete analogy
to the case of single—antenna DPSK transmission (e.g. [10]).

Nt After straightforward manipulations we obtain [11]
riglk] =Y siwlklhu,;l6] + njls]. ,
v=1 . N N .
h,j[x] and n;[x] denote the complex fading gain between S =argmin{ > ||> S;R;; ; (5)
transmit antenna and receive antennaand the zero—mean o i=1 ||j=i

complex additive spatially and temporally white Gaussian (Vi) ' .
noise (AWGN) with variancer? effective at thejth receive where R, ;255 R, pg_’) and (050)2 denote thejth co-
antenna at timer, respectively. The fading channels are assfficient of theith order linear backward minimum mean—
sumed spatially uncorrelated with identical temporal statisticahyared error (MMSE) predictor for the discrete time random
properties, according to the widely—used model by Cmrk%rocesshu,,,[kNT] + n,[kN1] and the corresponding error
.e., nnls] 2 E{hi [k + £]h; ;[k]} = Jo(2rBeTk), where yariance, respectively. Solving (5) and reversing (1) we obtain
Jo() and B;T denote the zeroth—order Bessel function 0f, egtimateV for the vectorV. The brute—force approach
the first kind and the maximum normalized fading bandwidth, 14 be to evaluate (5) for @(N-DNTE g corresponding to
respectively. _ all possibleV'. However, this approach would quickly become
When deriving the MSDSD receiver structure, we make t mputationally infeasible.
additional assumption that the fading is quasistatic (QS) over
Nt consecutive modulation intervals. Under this assumptidBl Sohere Decoding Algorithm
the received signal corresponding to the transmission of 3}t can be observed that the ML metric in (5) is a sumnof
symbol S[k] can be expressed as @i x Ny dimensional nonnegative scalar terms

matrix
R[K] = S[k|H[K] + NTk], 3) 52 |8k, X, S 1<n<n, ©)
where R[k], H[k] and N[k] each containr; ;[k], h; ;j[kNt] _ Y h
andn;[kNr + 4] in theith row andjth column. which throughX,, £ 5>, |, S;R, ; depend on symbols
S, n < j < N. Thus, the ML detection problem (5) lends
IIl. MULTIPLE-SYMBOL DIFFERENTIAL SPHERE itself to a SD approach. In particular, a SD algorithm very
DECODING similar to SD for single—antenna MSDSD devised in [8] can

To derive the MSDSD algorithm, we first provide a suitabl®e employed for unitary DSTM considered here.
representation of the ML MSDD decision rule in Section llI-A. To formulate the SD algorithm, let us define
The general MSDSD algorithm is presented in Section 111-B

N .
and optimized for different DSTM constellations in Section &2 A Z HSlR:lz X, 2
i=n

=d’ ,+6,, 1<n<N, (7)

-c.
A. ML Multiple-Symbol Differential Detection wheredy, ., = 0 andd; equals the ML metric in (5). Starting
ML MSDD processes block®[k] 2 [R"[k — N +1],..., atn= N—1,2 the SD algorithm selects candidates for symbols

RT[E]]T of N consecutively received matrix symbols to findS» based on (tentative) decisions 6y, n +1 < j < N and
ML estimatesg[k] for corresponding blocks[k] 2 [ST [k — continues to decrementas long as the current metd¢ does

N +1],...,ST[k]]" of N transmit symbols or equivalently N0t exceed a given maximum metpc, i.e.,
estimatesV'[k] for the N — 1 data symbolsV[k] 2 [V T [k — &< 2 ®)
N +2],.. .,VT[k]]T. In analogy to the single—antenna case n=p

(Cf- €.g. [4]) ConsePUtive b|OCK§2[k] have to OV_erlap_by 2Wwithout loss of generality and due to the differential encodfig = Iy,
(at least) one matrix symbol, i.e., the observation windowan be chosen.



If the decoder reaches = 1, the metric of the currently best b) MSDSD and Lattice Decoding: For arbitrary coef-
candidateS is used to further reduce the size of the seardicients [ci,...,cn,], @ simple sorting is not feasible, but
space by updating = d,. If d,, exceedy for any value ofn, we have to computé2 for all elements ofVp and sort

n is incremented and a new candidate £y is examined. If them according to increasingf. in order to accomplish ML
the decoder returns to = N it means that there are no furtherdecoding. In this case, MSDSD benefits from the efficiency
candidates inside the current sphere and that the ML solutiohthe SE-SD approach, but its complexity is still exponential
S has been found. For the ordering of candidates f8r,awe in R and Nr.

employ the Schnorr—Euchner (SE) enumeration strategy [12],A Closer examination of expression (6) far; reveals
i.e., we check candidates in order of increasiifg as this that minimizingd7 is equivalent to the problem of finding

allows for an initialization withp — oo and an (usually) fast the ML solution for CDD with N = 2. It is shown in
convergence to the ML solution. [14] that using the cosine approximation for small arguments

this problem can be turned into aFr—dimensional lattice—
decoding problem and can thus be solved by means of e.g. SD.
Applying this approximation to the MSDD problem at hand,
While the above is valid for arbitrary unitary DSTM,we build a MSDSD decoder consisting of two hierarchical

MSDSD can be tailored to specific constellations in order 8Ps. where the inner SD (for finding the minimizer &)
simplify the enumeration of candidates for symbdls,. In is initiated by the outer SD (for solving (5)) with matrices

the following, we consider two important classes of unitarft»,» and X ,, whenever a new candidate f6¥,, is required.
ST constellations. In addition the outer SD provides the inner SD with a start

1) Orthogonal Designs: First, we consider DSTM based radius computed fronp andd,,;; and a list of candidates
on Alamouti's code [13], where data symbafgk] are taken that have been examined previously given the same tentative

from the set decisionsSj, n+1 < j < N and thus are to be excluded
from the search. We note that due to the cosine—approximation
Al 1 {a —b*
Vo = {ﬁ [b a* } MSDSD, is suboptimum in principle. In Section V, however,
we will see that the corresponding performance degradation is

this decoder, which we will refer to as lattice—decoding (LD)
For this particular constellatiofi? can be expressed as very small.

C. Application to Different Sgnal Constellations

a,be \/f—PSK}. (9)

IV. SYMBOL—ERRORRATE ANALYSIS AND SUBSET
5, =7+ Re{anan} + Re{byfr}, 1<n <N, (10) MSDSD

with variablesa,, 8. and~, being functions ofR,, ,, and We next derive an approximation for the symbol—-error rate

X .. This has two immediate consequences: (i) TNe— 1)— (SER) for ML MSDD and thus for MSDSD in Section IV-A.
dimensional ML decoding problem with respectiteary ST Thereby, we consider the individual SERs associated with the
symbols is transformed into @N — 2)-dimensional one with (/¥ — 1) data symbols contained in one observation window.
respect toyI-PSK symbols and (i) the SE strategy can bahe results_ of th|s_anaIyS|s suggest a subset MSDSD algorithm
implemented without explicit sorting of candidate symbols iR"€sented in Section IV-B.

the same efficient way as for single—antenna MSDSD (cf. sU: SER Analysis

functions “findBest)” and “findNext()” in the pseudo-code Due to different correlations between the received samples
description in [8]). _ _ _ in R, symbol decisions on theN — 1) data symbols inV
2) Diagonal Constellations: Second, we consider diagonalare not equally reliable. Especially in relatively fast fading
constellations, where data symbols are taken from the set [@lvironments it can be expected that symbols located in
. the center of the observation window can be detected more
vDé {diag{ei%"c,l' . ,ei%”CNT} ‘l €{0,...,L— 1}} . reliably than those at the edges. In order to substantiate this
intuitive reasoning, we will derive analytical expressions for

. ) (11) the individual symbol—error rateésER,,, for V,, at positionn
@) Special Case [cy, ..., eng] = [1,...,1]: In this par- jy the opservation windowt < n < N — 1.
ticular case, which is optimal foN7 = 2 and R = 1 [3], 67, To this end, let us briefly introduce a different description
can be written in the form of of our system. We define vectors i and n each filled in
) ) the same way with elements from the respective variables
Oy = Vo + Re{anan}, (12) of @) as7; = ruulk — k], 1 < i < NNpNg, with

_ _ . p=mod (i, Nt) + 1, v = | 5ix] + 1, K = mod(| 5=, N).
where again,, andy, are functions o2, , and X, anda,  This way the transmission oN symbols is described by
denotes theL—PSK sym_bol inS,, = apIn,. This r_neang that P o= (INR ® SD) h + @ and the corresponding ML metric
the decoding problem is reduced to @\ — 1)—dimensional ~;n pe written as
one with respect td~PSK symbols and that the SE strategy . . . _ ) i\
can again be implemented as in the single antenna—case. (7, S) =T (INR ® (SD (C ®In,) SD)) T, (13)
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where C is defined as theNV x N correlation matrix of

huv[kNT] + n,[ENt]. If we further define —o~ individudl (theor.)

—=—average (theor.)
——individual (meas.)|-

average (mesas.)
- ¢ -coherent (meas.)

w
(=]
T

AL @, S) - d(r,S), (14)

N
@
T

the pairwise error prqbabilit?EP(S — §) that a ML MSDD
detectsS while S # S was transmitted is given by [15]

N
(2]
T

PEP(5 — §) = Pr(A <0)=—>_ Res < ) (15)

R H poles

3
:
14
=

where

N
N
T

required 10 log,,(En/No) in dB

®a(s) 2E{e™*2) = det{In,n + sF} N (16)

N
(=]
T
L

with

— — g2 _ 2 H e e e q

F28p(Colv)S58n (C @ Iw) So~Ivwe (07) %54 ¢ 5 1 1 1 % 3 @
position n

denotes the characteristic function of the random varidble

and the summation is taken over all residues correspondingdg. 1. Required SNR to achieve SER = 103 for position n in observation

poles located in the right—hand (RH) side of the complex Wwindow of MSDSD. Parameters: Diagonal DSTM, Np = 4, Ng = 1, R =

plane. From (13) we see that is a Hermitian quadratic form 1 BT = 0.03.

of complex Gaussian distributed random variables and hence,

we have a closed—form solution féra (s) and can solve (15)

as discussed in e.g. [16], [15]. SNR 101log;o(Ey /No)® required for MSDSD with different
Having found an expression for the PEP, the SER camlues of N to achieve individua SER, = 10~° (blue)

be upper bounded using the union bound over all possibéed average SER = 10° (red) as function of the position

error events. However, since there aké'—! — 1 relevant n, 1 < n < N — 1. Also included are simulated SERs for

error events, we need to restrict ourselves to the dominating= 10, and the SER for coherent detection assuming perfect

error events to render an SER analysis for large values G8l.

N feasible. Following a similar argumentation as in [16] for First, we note a good agreement between the SER from

single—antenna DPSK and utilizing the results of [17] for th€0) and simulated SER, which verifies the precision of our

design of unitary space-time constellations, these dominéBiR approximation. Second, it can be seen, that the individual

error events are found to correspond to matrix paifs S) SER, are amost identical for positions2 <n < N — 2, but

with highest correlation deteriorate significantly for positionsn =1 andn = N — 1.

N In fact, there are gaps of 6 — 8 dB in power efficiency when

(= HS SH . (18)  comparing non—edge and edge positions. These observations

A brief examination of (18) reveals that error events with Onlﬁrongly suggest a variant of MSDSD, which is introduced in
e next section.

a single non—identical transmit matr&n # S, such that

cnéRe{tr{S:sn}}, 1<n<N (19) B- Subset MSDSD
As an immediate consequence of the results from the SER
is maximized also maximize correlatioh We collect all analysis presented in the previous section, we propose subset
symbols S,, that maximize(,_ in sets S, and denote the \sDSD. In subset MSDSD, only N’ —1 < N — 1 decisions
corresponding set of matriceS maximizing ¢ by Sn, 1 < per decoder use corresponding to V;, with (N — N')/2 <
n < N. n < (N + N")/2, N £ N’ even, located in the middle of
If we further assume that the error probability is indepenthe observation window are passed to the sink, whereas the
dent of the transmitted matrix, which is the case for DSTMemaining NV —N' are discarded. Consequently, the observation
group constellations including diagonal constellations [3] an@indow must slide forward by N’ — 1 received samples at a
also for orthogonal designs, we can approxinfsiftR , with  time and the decoding complexity is increased by a factor of

respect to data symbols via (N —1)/(N"=1).
2 For the example considered above, the results from the SER
= < . . . . . .
SER., 7ZPEP (5 - S +ZPEP = §), 1<n<N analysis depicted in Fig. 1 suggest that only the decisions
SESH §€8ni1 (20) corresponding to the edge symbols at positionsn = 1 andn =
B ) . P
We have evaluated (20) and results for the example (])\% 1 snould be discarded, i.e., N = N — 2 should be used.
diagonal DSTM with parameter§r = 4, R = 1, BT = 3E}, and Ny denote the average received energy per information bit and

0.03 and Ng = 1 are presented in Fig. 1. It shows thehe two-sided equivalent baseband noise power density, respectively.
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Fig. 2. SER of MSDSD (w/o LD), subset MSDSD (N’ = N — 2), DFDD
(w/o LD), DLD and coherent detection. Parameters: Diagonal DSTM, Nt =
3, Np =1, R=1, BfT = 0.03.

When comparing the resulting average SER of subset MSDSD
with that of MSDSD, we observe gains in power efficiency of
7.5dB, 4dB, and 1.5dB for N =4, N = 10, and N = 20,
while complexity is increased by a factor of 3, 1.29, and
1.12, respectively. For a reasonable value of N = 10, subset
MSDSD with N’ = 8 approaches coherent detection with
perfect CSI within 2 dB, which is quite remarkabl e considering
the large normalized fading bandwidth B¢T' = 0.03.

V. PERFORMANCE EVALUATION

In this section, we present further SER results for and
discuss the complexity of the proposed MSDSD and subset
MSDSD. In particular, we compare MSDSD with DFDD
as proposed in [5] and CDD with N = 2 as benchmark
algorithms. For results on diagonal constellations we also
implemented computationally efficient algorithms for both
DFDD and CDD based on lattice decoding (cf. [14], [18]),
which we refer to as LD DFDD and DLD, respectively.

A. SER Results

Fig. 2 comparesthe power efficiency of the various detectors
with that of coherent detection with perfect CSl. We assumed
diagonal DSTM with Ny = 3 and R = 1, Ny = 1 and
BT = 0.03. We observe a high error floor for DLD in
this rapid—fading regime, and also a large gap of 9.5dB
and 8.5dB in power efficiency at SER = 10 ° between
DFDD with N = 6 and N = 10 and coherent detection,
respectively. Using MSDSD power efficiency is improved by
approximately 3 dB for N = 6 and 4 dB for N = 10 compared
to DFDD. Further improvements are accomplished with subset
MSDSD and N' = N — 2, whose performance is within
1.6dB (N = 10) to 2.6dB (N = 6) of that for coherent
detection with perfect CSl, which means a total improvement
of about 7dB over DFDD. It can aso be seen from Fig. 2

— cont, fading
QS fading
- © - gpproximation

S L L L L L L L L L
10 12 14 16 18 20 22 24 26 28 30
10 logm(Eb/NO) in dB

Fig. 3. SER of MSDSD, DFDD and CDD for continuous and QS fading.
Parameters: Orthogonal DSTM, N = 2, Ny = 1, R = 1, N =
10, B¢T = 0.01.

that the cosine—approximation required for LD—based symbol
search incurrs only a very small degradation compared to the
optimum, more complex search.

In Fig. 3we consider orthogonal DSTM with No =2, R =
1, BT = 0.01. Again, we compare MSDSD (N = 10)
with DFDD (N = 10) and CDD, this time for the two cases
where the fading of the channel is either continuous (solid) or
quasistatic (dash—dotted). Whereas channel variations during
the transmission of one transmit symbol S[k] areirrelevant for
diagonal constellations, they do affect performance for nondi-
agonal constellations. In particular, we observe a performance
degradation for al detectors in continuous fading for error
rates below SER ~ 1073, as al are based on the assumption
of QS fading. Nevertheless, MSDSD consistently outperforms
DFDD, e.g. by approximately 2dB in power efficiency for
SER < 107

B. Computational Complexity

Next, we compare the computational complexity of the pro-
posed MSDSD with those of the DFDD and CDD benchmark
decoders. In order to present meaningful results, we consider
the average number of real—valued flops per decoded symbol.

Fig. 4 compares the average complexity of MSDSD and
DFDD, both w/o lattice-decoder—based symbol search, and
DLD for diagonal DSTM assuming the same system and chan-
nel parameters as for Fig. 2. As can be seen, the complexity of
(LD) MSDSD decreases rapidly with increasing SNR, since
the search quickly terminates for small enough noise. For
101og,o(En/No) 2 16dB (N = 6) and 10log,o(En/No) =
20dB (N = 10) the complexity is well in the order of that
of (LD) DFDD, which is (almost) independent of the SNR.
When considering Fig. 2 we note that MSDSD with larger N
is particularly advantageous for moderate to high SNR, where
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Fig. 4. Complexity of MSDSD (w/o LD), DFDD (w/o LD) and DLD.

Parameters: Diagonal DSTM, Ny =3, Ng =1, R=1, BfT = 0.03.

the average complexity per symbol is in the same order of
magnitude as that of DLD, which assumes N = 2.

It is also worth pointing out that the complexity of MSDSD
strongly depends on the fading rate B¢T (not shown in the
figure) with lower complexities for slower fading.

V1. CONCLUSIONS

In this paper, we have extended the concept of MSDSD re-
cently developed for single—antenna DPSK to unitary DSTM.
For the interesting special cases of orthogonal and diagonal
signal constellations, we have devised optimum and L D—based
suboptimum MSDSD agorithms, whose average complexity
is not exponential in the number of antennas and the data
rate for relevant target error rates. Especially for moderate to
high SNRs these decoders achieve significant improvements
in power efficiency over DFDD while having comparable
complexity. Through an error—rate analysis and simulations
we have shown that the performance can be further improved
by the proposed subset MSDSD with only a marginal increase
in decoder complexity.

(4
(2

(3l

(4

(9]

(6l

(7

(8l

(9

[10]

(11

[12]

(13]

(14]

[19]

[16]

[17]

(18]

REFERENCES

B.L. Hughes. Differential Space-Time Modulation. |EEE Transactions
on Information Theory, 46(7):2567-2578, November 2000.

V. Tarokh and H. Jafarkhani. A Differential Detection Scheme for
Transmit Diversity. |IEEE Journal on Selected Areasin Communications,
18(7):1168-1174, July 2000.

B.M. Hochwald and W. Sweldens. Differential Unitary Space-Time
Modulation. |EEE Transactions on Communications, 48(12):2041-2052,
December 2000.

D. Divsalar and M.K. Simon. Multiple-Symbol Differential Detection of
MPSK. |EEE Transactions on Communications, 38(3):300-308, March
1990.

R. Schober and L. Lampe.
Space-Time Modulation.
50(5):768-777, May 2002.
C. Ling, K.H. Li, and A.C. Kot. On Decision—+eedback Detection
of Differential Space-Time Modulation in Continuous Fading. IEEE
Transactions on Information Theory, 52(10):1613-1617, October 2004.
E. Chiavaccini and G.M. Vitetta. Further Results on Tarokh's Space—
Time Differential Technique. In Proc. of |EEE International Conference
on Communications (ICC), New York, April-May 2002.

L. Lampe, R. Schober, V. Pauli, and C. Windpassinger. Multiple-
Symbol Differential Sphere Decoding. Accepted for publication in IEEE
Transactions on Communications, 2005.

O. Damen, H. El Gamal, and G. Caire. On Maximum Likelihood De-
tection and the Search for the Closest Lattice Point. |EEE Transactions
on Information Theory, 49(10):2389-2402, October 2003.

G.M. Vitetta and D.P. Taylor. Maximum Likelihood Decoding
of Uncoded and Coded PSK Signal Sequences Transmitted over
Rayleigh Flat—Fading Channels. |EEE Transactions on Communications,
43(11):2750-2758, November 1995.

L. Lampe and R. Schober. Low—Complexity Iterative Decoding for
Coded Differential Transmission. In Proc. of IEEE Wireless Communi-
cations and Networking Conference, New Orleans, March 2003.

C.P. Schnorr and M. Euchner. Lattice Basis Reduction: Improved
Practical Algorithms and Solving Subset Sum Problems. Mathematical
Programming, 66:181-191, 1994.

S.M. Alamouti. A Simple Transmitter Diversity Scheme for Wireless
Communications. |EEE Journal on Selected Areas in Communications,
16(7):1451-1458, October 1998.

K.L. Clarkson, W. Sweldens, and A. Zheng. Fast Multiple Antenna Dif-
ferential Decoding. |EEE Transactions on Communications, 49(2):253—
261, February 2001.

E. Biglieri, G. Caire, G. Taricco, and J. Ventura—Traveset. Computing
Error Probabilities over Fading Channels: A Unified Approach. Euro-
pean Transactions on Telecommunications, 9:15-25, January/February
1998.

P. Ho and D. Fung. Error Performance of Multiple-Symbol Differential
Detection of PSK Signals Transmitted over Correlated Rayleigh Fading
Channels. IEEE Transactions on Communications, 40:25-29, October
1992.

B.M. Hochwald, T.L. Marzetta, T.J. Richardson, W. Sweldens, and
R. Urbanke. Systematic Design of Unitary Space-Time Constellations.
IEEE Transactions on Information Theory, 46:1962-1973, September
2000.

C. Ling, WH. Mow, K.H. Li, and A.C. Kot. Multiple-Antenna
Differential Lattice Decoding. Accepted for publication in IEEE J.
Select. Areas Commun., 2005.

Noncoherent Receivers for Differentia
IEEE Transactions on Communications,



