Interference Avoidance for Wireless Systems

Christopher Rose

WINLAB, Rutgers University crose@winlab.rutgers.edu

Sennur Ulukus

AT&T LabsśResearch ulukus@research.att.com

Roy D. Yates

WINLAB, Rutgers University ryates@winlab.rutgers.edu

Abstract Motivated by the emergence of programmable radios, we seek to understand a new class of communication system where pairs of transmitters and receivers can adapt their modulation/demodulation method in the presence of interference to achieve better performance. Using signal to interference ratio as a metric and a general signal space approach, we present a class of iterative distributed algorithms for synchronous systems which results in an ensemble of optimal waveforms for multiple users connected to a common receiver (or co-located independent receivers). That is, the waveform ensemble meets the Welch Bound with equality and therefore achieves minimum average interference over the ensemble of signature waveforms. We describe őxed points for a number of scenarios.

1 Introduction

Wireless system designers have always had to contend with interference from both natural sources and other users of the medium. Thus, the classical wireless communications design cycle has consisted of measuring or predicting channel impairments, choosing a modulation method, signal pre-conditioning at the transmitter and processing at the receiver to reliably reconstruct the transmitted information. These methods have evolved from simple (like FM and pre-emphasis) to relatively complex (like CDMA and adaptive equalization). However, all share a common attribute ś once the modulation method is chosen, it is difőcult to change. For example, an ASK system cannot be simply modiőed to obtain a PSK system owing to the complexities of the transmission and reception hardware.

Software radios [1ś5] change this paradigm by providing the communications engineer with a radio which can be programmed to produce almost arbitrary output waveforms and act as an almost arbitrary receiver type. Thus, it is no longer unthinkable to instruct the transmitting and receiving radios to use a more effective modulation in a given situation.

It is therefore probable that wireless systems of the near future will have elements which adapt dynamically to changing patterns of interference by adjusting modulation and processing methods in much the same way that power control [6ś9], is used today, albeit on a possibly slower time-scale. Furthermore, if the release of 300MHz of unlicensed spectrum in the 5GHz range [10] is any indication, one might expect there to be an abundance of mutually interfering independent systems and no central control for efőcient coordination. This provides added impetus to understand mutual interference of systems at some general level and implicit coordination in a multi-system environment.

In this paper we assume radios which can vary their output waveforms as well as their demodulation method. Our development starts with signal space to drive home the point that these techniques are applicable to a broad variety of communications scenarios and not only the usual łchipbasedž CDMA system with a non-dispersive channel and a single antenna. That is, if the problem has a signal space description, then interference avoidance can be brought to bear.

In this context we consider optimal waveform selection to maximize the signal to interference ratio (SIR) for a power-constrained user in the presence of interference. Starting from the essentially classical approach of whitening [11] and showing the relation to modern methods (typiőed by [12]), we then consider ensembles of users and describe a class of distributed greedy algorithms which can optimize their shared use of the medium. That is, through local self-interested action, a social optimum can usually be reached. Moreover, the algorithms we will describe are simple and amenable to adaptive implementation.

2 Background

Consider the classical continuous time digital communications model, in which during an interval [0,T], a signal bS(t) is transmitted where b = ±1 equiprobably, p is the received power, and S(t) is the a signal waveform with some energy. A receiver recovers r(t) = bS(t)+Z(t), where Z(t) is an independent interference stochastic waveform that may be composed of both thermal noise and interfering signals of other transmitters. For a single bit, the fundamental problem is to build a receiver which guesses b with minimum probability of error. Alternatively, when b is one bit in a stream of coded bits, we would like to produce a soft estimate of b with high signal to interference ratio (SIR). When Z(t) is composed of known waveforms in addition to independent Gaussian noise, that is Z(t) = ∑_i b_iS_i(t) + N(t), multiuser receivers have been designed for a variety of objectives, e.g. minimum probability of error, maximum SIR, or zero interference from other users [12]. These multiuser systems share the property that the receiver does as best it can given the set of transmitter signals S_i(t).

We deőne the covariance of the noise process Z(t) as R_Z(t,τ) = E[Z(t)Z(τ)] and then seek a set of orthonormal functions Φ_i(t) for which E[< Φ_i(t),Z(t) >< Φ_i(τ),Z(τ) >] yields uncorrelated projections. Precisely, we require

Z_T 0 Φ_j(t)

�Z_T 0 R_Z(t,τ)Φ_i(τ)dτ � dt = λ_jδ_{i j} (1)

The solution to this integral equation requires

λ_iΦ_i(t) =

Z_T 0 R_Z(t,τ)Φ_i(τ)dτ (2)

The properties of (2) are discussed in detail in [11].

Since integral equations are in general difőcult to solve, it is useful to derive an equivalent discrete representation of (2). This will allow us to use simple methods from linear algebra. So let us assume that Z(t), and therefore the function set {Φ_i(t)}, can be well-approximated by a őnite set of orthonormal basis functions {Ψ_n(t)} on the interval [0,T]. That is, we assume that the process Z(t) has no signiőcant energy outside some őnite signal space. As an example, a process łalmostž limited to bandwidth ±W has a basis function set with about 2WT orthonormal functions [11, 13]. Likewise, for a synchronous CDMA system with N chips per bit, the appropriate orthonormal set consists of the N time-shifted chip pulses. One could also use a spacetime orthogonalization for reception/transmission antenna diversity and/or a frequency-time orthogonalization for a frequency-hopped system.

Regardless of the speciőcs, once we assume a convenient őnite basis function set, or signal space for the interval, the Φ_i(t) can then be represented by the őnite sum

Φ_i(t) = N ∑_{n=1}^ϕin^Ψn^{(t) (3)}

and likewise

Z(t) = N ∑_{n=1}^Zn^Ψn^{(t) (4)}

with ϕ_{in} =< Φ_i(t),Ψ_n(t) > and Z_n =< Z(t),Ψ_n(t) >. This allows the reduction of equation (2) to a standard matrix eigenvalue/eigenvector equation of the form E � ZZ^⊤ � ϕ_i = Rϕ_i = λ_iϕ_i (5)

where ϕ_i = [ϕ_{i1} ···ϕ_{iN}]^⊤ and Z = [Z_1 ···Z_N]^⊤. Each eigenvector corresponds to an eigenfunction of (2) and it is easily veriőed that each eigenvalue is the amount of interference signal energy carried by that eigenfunction. It is also easy to verify that since R_Z(t,τ) is an autocorrelation function, R is symmetric and positive semi-deőnite. This implies that R has non-negative eigenvalues and an associated full set of orthonormal eigenvectors which span ℜ^N [14].

The receiver observes the signal r(t) as input on the interval [0,T]. Projecting the received signal onto the interference eigenfunctions Φ_1(t),...,Φ_n(t), we obtain the vector output År = bÅs + Åz (6) where Ås and Åz have nth components Ås_n = ⟨S(t),Φ_n(t)⟩, Åz_n = ⟨Z(t),Φ_n(t)⟩ and the Åz_n are mutually uncorrelated.

At this point it is instructive to consider the detection of b when Z(t) is a Gaussian interference process. Because we chose the interference eigenfunctions {Φ_1(t),...,Φ_N(t)} to yield uncorrelated (and therefore independent) interference components Åz_n, optimal decision rule becomes [11,15] N ∑_{n=1}^{Åsn Årn}_{λn}^{= N}∑_{n=1}^{Årn√}_{λn}^{Åsn√}_{λn}

say 1 > < say 0

0 (7)

The implied receiver is called a whitening őlter since it can be viewed as an initial rescaling of the input to make interference components ({Åz_n}), already uncorrelated, have equal energy ({Åz_n/ √ λ_n}) ś just as would be the case for a white noise process without rescaling. A matched őlter on the rescaled signal vector components Ås_n/ √ λ_n is then performed to complete the detection process and the signal to interference/noise ratio is

SIR_W = N ∑_{n=1}^{Ås2n}_{λn}^{(8)}

We now note that in a CDMA system where Z(t) consists of the other users’ known signature waveforms and additive white Gaussian noise, the vector Åc with components Åc_n = Ås_n/λ_n is a scaled version of the well known minimum mean squared error (MMSE) linear őlter [16] and the decision rule (7) is the MMSE multiuser detector. We see that the őlter output (and decision statistic) is

X = Åc^⊤ År = ∑_n Åc_n År_n =

�_N

∑_{n=1}^{Ås2n}_{λn} � b + N ∑_{n=1}^{Åsn Åzn}_{λn}^{(9)}

and that the output SIR is

SIR_X = N ∑_{n=1}^{Ås2n}_{λn}^{(10)}

and identical to equation (8). The MMSE őlter maximizes the output SIR [16] over all linear őlters. Thus, the classical whitening approach and the newer MMSE approach lead to the same result.

However, equation (8) and equation (10) also demonstrate that it is possible to obtain a higher output SIR by altering the components Ås_n of the desired signal S(t). That is, when S(t) is subject to an energy constraint ∑_n Ås^2_n = P, we can maximize SIR_X by choosing Ås_n = P for any λ_n = λ^∗ = min_k λ_k. In this case, we have S(t) = √ PΦ_n(t). Equivalently, we could distribute the signal energy in some arbitrary way over all such Φ_n(t). Regardless, this result has a simple intuitively pleasing physical interpretation:

To obtain maximum SIR, place all the signal energy where there is least interference

We call the process of altering the signal waveform of a user interference avoidance and for a single user with a given interference process, the method is straightforward. We now examine the implications of this simple Karhunen-Loeve inspired rule for an ensemble of users.

3 Interference Avoidance for Multiple Users

We now consider a multiuser system in which the received signal r(t) explicitly includes M users and white Gaussian noise. Given the existence of a őnite set of N orthonormal basis functions Ψ_i(t) for the signal space, we can express the received signal as the vector r = M ∑_{i=1}^bi^si^{+ n (11)}

where n is the projection of the additive white Gaussian noise onto the basis. The classical communications scenario presumes that each user signature S_i(t) is őxed. Assuming software radio transceivers we now allow the use of tailored signature waveforms S_i(t). Without loss of generality, we assume each S_i(t) has unit energy. The relationship between signature selection and multiuser system capacity has been studied in several papers [17ś20]. In [17], it is shown that for a set of users’ rates R_1,...,R_M belonging to the information theoretic achievable rate region C, the sum capacity is

C_s = max

(R_1,···,R_M)∈C M ∑_{i=1}^Ri^{= 1}_2^{log�det�σ2I}N^{+ SS⊤� (12)}

In (12), I_N is the N × N identity matrix, S = [s_1,···,s_M] is the N × M matrix with columns s_i, and σ^2 is the Gaussian white noise variance.

3.1 Sum Capacity and Total Square Correlation 3.1.1 Sum Capacity

It was shown in [18] that the sum capacity for equal received powers is maximized if the signature sequences are chosen such that if M ≤ N,

S^⊤S = I_M (13)

and if M ≥ N, SS^⊤ = (M/N)I_N (14)

In [19], the user capacity of a CDMA system is deőned in terms of the maximum number of admissible users. Given the signal space dimensionality N and a common SIR target β, M users are said to be admissible if there exist signature sequences s_i with powers p_i = |s_i|^2 such that each user has an SIR at least as large as β. The user capacity was found for two kinds of linear receiver structures in [19]: matched őlters and MMSE őlters [16, 21]. It was shown in [19] that the user capacity with MMSE receivers is maximized if the signature sequence set is chosen to satisfy (13) or (14) and that the MMSE őlter is the matched őlter in these cases. Thus, the user capacity of a system with matched őlter receivers is the same as that using MMSE őlters [19].

3.1.2 Total Square Correlation

We deőne total square correlation (TSC) as

TSC = Trace[(SS^⊤)^2] = M ∑_{i=1}^M∑_{j=1}^{(s⊤}i^s j^{)2 (15)}

and it is related to sum capacity. First we deőne the eigenvalues of σ^2I_N +SS^⊤ as λ_i, i = 1,···N and rewrite sum capacity as

C_s = −N logσ + 1 2 N ∑_{i=1}^{logλ}i^{(16)}

essentially as was done in both [18] and [20]. Now note that if {λ_i} are the eigenvalues of σ^2I_N + SS^⊤ then

Trace[(σ^2I_N + SS^⊤)^2] = N ∑_{i=1}^{λ2}i^{(17)}

since the eigenvalues of (σ^2I_N + SS^⊤)^2 are {λ^2_i } [14].

For brevity’s sake, we follow [19, 20] and note that the function described in equation (16) is Schur concave while that of equation (17) is Schur convex. Since any constraints on the eigenvalues must be identical, and in fact form a convex set [20], we can conclude that any set {λ_i} which maximizes equation (16) must also minimize equation (17) and vice versa. Therefore, minimization of TSC is completely equivalent to maximization of C_s assuming a convex constraint on the {λ_i}. For those unfamiliar with majorization and Schur convexity, an alternate development based on Lagrange methods is provided in [22]. 3.2 Iterative Methods of TSC Reduction There are a number of methods which might be used to determine codeword sets which minimize TSC [18ś20]. Here we explore simple iterative methods which can be applied by each transmitter/receiver pair asynchronously and independently.

For a single user k, we observe that SS^⊤ = R_k + s_ks^⊤_k where R_k = ∑_{i≠k} s_is^⊤_i , the correlation matrix of the interference faced by user k, is analogous to the matrix R introduced in Section 2. When user k replaces its signature vector s_k with a vector x, the resulting difference in TSC is

Δ = Trace[(R_k + s_ks^⊤_k )^2] − Trace[(R_k + xx^⊤)^2] (18)

After some linear algebraic manipulations we őnd that Δ ≥ 0 iff 2s^⊤_k R_ks_k + |s_k|^2 ≥ 2x^⊤R_kx + |x|^2 (19)

which reduces to

s^⊤_k R_ks_k ≥ x^⊤R_kx (20)

if |x| = |s_k| as we will hereafter assume. When the interference faced by user k includes additive white Gaussian noise with power spectral density σ^2, we may replace R_k by Z_k = R_k + σ^2I if desired, as the terms depending on σ^2 cancel each other in (20) since |x| = |s_k|.

Note that equation (20) deőnes a class of replacement algorithms whereby a given user can reduce (or at least not increase) the total squared correlation assuming other users’ codewords remain őxed during the replacement. Such an algorithm may be used by each user sequentially until all users have updated their codewords. At that point the cycle may begin anew. Cycles (iterations) would then be repeated until there were no further change in the TSC by individual codeword updates. Consideration of this process begs at least two questions. First, what is an example of such an algorithm? Second, do such algorithms eventually minimize TSC?

In answer to the őrst question we present two algorithms. We call the őrst algorithm the MMSE algorithm since we replace s_k by the normalized MMSE receiver ől-

ter c_k = � s^⊤_k Z^{−2}_k s_k

�_{−1/2} Z^{−1}_k s_k. The MMSE algorithm was introduced previously in [9, 23]. For the details of the algorithm and its convergence properties see [9, 23, 24]. We call the second algorithm which we introduce here the eigen-algorithm since we replace s_k with x = ϕ^∗_k where ϕ^∗_k is a minimum eigenvalue eigenvector of R_k. Using equation (20) we see that both algorithms guarantee Δ ≥ 0; for the MMSE algorithm for a proof that Δ ≥ 0 see [9,24], and for the eigen-algorithm Δ ≥ 0 follows from the Rayleigh quotient [14] since both the right and left hand sides of the condition are under-bounded by (ϕ^∗_k )^⊤R_kϕ^∗_k . Note also from (10) that one step of the eigen-algorithm maximizes the SIR of user k by allowing nonzero signal energy only along those basis functions with absolute minimum λ_n.

Since both algorithms decrease the TSC monotonically and since TSC is bounded below by the Welch bound [25] both must converge. At őxed points of both algorithms, each s_k is an eigenvector of Z_k. For neither algorithm is the resulting codeword set unique. For example, any rotation of the codeword set will have the same cross-correlation properties. When M ≤ N, the signatures converge to an orthonormal set. When M ≥ N, the algorithms may converge to a Welch Bound Equality (WBE) signature set S satisfying equation (14).

Alternatively, the algorithms may converge to a local minimum for TSC. In [9, 23, 24] mild conditions are derived under which the MMSE algorithm converges. For the eigen-algorithm a modiőcation of the procedure guarantees convergence to a global optimum [22]. In numerical experiments, both algorithms have always converged to the optimal signature set when starting from randomly chosen initial waveforms.

The intuition behind all interference avoidance algorithms which obey equation (20) is embodied by the simple requirement x^⊤R_kx ≤ s^⊤_k R_ks_k, i.e., the replacement vector x attempts to reduce the interference from the ensemble of other user vectors and noise. From the standpoint of implementation, in the MMSE algorithm, user k must identify Z^{−1}_k s_k. In the eigen-algorithm, user k seeks a minimum eigenvalue eigenvector ϕ^∗_k of Z_k. These points, taken together suggest that the class of algorithms governed by equation (20) could be implemented by blind techniques at the receiver along with a feedback channel to the transmitter. Speciőcally, in the MMSE algorithm, the receiver for user k could be a blind adaptive MMSE őlter [26] based on the observable Z_k. Likewise, for the eigen-algorithm, x can be found by minimizing x^⊤Z_kx, which can also be implemented using blind techniques. Thus, interference avoidance algorithms are based on a measurable quantity ś the interference/noise signal correlation Z_k.

In the MMSE algorithm, a codeword replacement by user k requires őrst that the receiver őlter for user k converges. Further, the MMSE őlter coefőcients c_k must be communicated to the transmitter via a feedback channel. Consequently, at each iterative step, the speed of the algorithm is limited since (1) the convergence to the MMSE őlter may require several hundred bits and (2) several hundred bits may be needed for the feedback transmission of the new signature. These same conclusions will also hold for the eigen-algorithm. Therefore, these signature adaptation algorithms operate on a slower time scale than the algorithms for multiuser interference suppression. Thus, if the channel is not stable for a sufőcient number of bit intervals, it is not clear whether interference avoidance will confer an advantage. However, for channels which are stable over a sufőcient number of bit intervals, signature adaptation may offer potentially large capacity increases.

4 Fixed Point Properties of the Eigen- Algorithm

For the procedures given here convergence to the optimal is not assured. For example, Δ from equation (20) can be zero over a full cycle of an interference avoidance algorithm even though the minimum eigenvalues λ^∗_k might not all be equal as required for SS^⊤ = (M/N)I. We now examine the nature of such suboptimal őxed points in more detail. Convergence properties are described in [9,23,24] for the MMSE algorithm and in [22] for the eigen-algorithm. In this paper, our focus will be on the eigen-algorithm.

Equal energy codewords in white noise: There are the optimal őxed points with λ^∗_k = M/N − 1 for k = 1,...,M, and the suboptimal őxed points with vectors {s_k} in mutually orthogonal subspaces corresponding to each different λ^∗_k ś which cannot differ from each other by more than 1. If all the λ^∗_k are identical, then the ensemble correlation SS^⊤ is an identity matrix. That is, the ensemble is essentially whitened.

Furthermore, we have identiőed a procedure for use with the eigen-algorithm which is able to escape suboptimal őxed points through greedy and aggressive user action [22].

Mixtures of őxed and agile users: It is likely that users with both őxed and agile waveform radios may need to occupy the same signal space. For this case we őnd the intuitively pleasing result that the agile users perform a sort of aggregate waterőlling over the portion of the signal space with least őxed user energy to achieve an optimum SIR. Put another way, the őxed users appear as colored noise to the agile users which causes an appropriate Shannon-esquedis-tribution of agile user signal energy over the signal space. It is readily understood that this feature is of beneőt, on average, to the őxed users as well since it implies that the agile users avoid the őxed users where possible.

The following two theorems summarize our results:

Theorem 1 If there are L < N agile users, then the optimal codeword set will occupy at most the L least noisy signal dimensions.

Theorem 2 Suppose SS^⊤ = AA^⊤ + FF^⊤ with F őxed, A agile, and FF^⊤ having eigenvalues σ^2_i , σ^2_i ≥ σ^2_{i+1}. We have

Trace[(SS^⊤)^2] ≥ (N − h^∗) � M − ∑^{h∗}_{i=1} σ^2_i N − h^∗

�_2 + h^∗

∑_{i=1}^{σ4}i

(21) where h^∗ = argmin_h(M − ∑^h_{i=1} σ^2_i )/(N − h). This bound is met with equality when the eigenvalues of SS^⊤ are {σ^2_1,...,σ^2_h∗ ,c^∗,...,c^∗} where c^∗ = (M − ∑^{h∗}_{i=1} σ^2_i )/(N − h^∗) has multiplicity N − h^∗

Theorem 2 is a classical waterőlling result. Thus, greedy interference avoidance algorithms seek a minimum mutual interference set of agile vectors by łwater őllingž the energy levels provided by the őxed users, and avoiding completely energetic interference above a certain threshold.

Also note that as a byproduct, we have also shown that the algorithm seeks a minimum mutual interference set of vectors in a background of colored noise.

Unequal power users in white noise: When each user has arbitrary but őxed received power |s_k|^2 = p_k we obtain a similar waterőlling result and one identical to that derived in [20] for sum capacity. Note that we explicitly add white Gaussian background noise so that capacity is welldeőned although this is not a necessary feature for interference avoidance to be effective. We assume at least as many users M as signal dimensions N since if M < N, the users will conőne themselves to the M dimensions with lowest noise power.

We deőne the quantity β^∗_k = (λ^∗_k +σ^2)/p_k as the inverse of the SINR achieved by the kth user. We őnd, similar to őxed and agile users, that there exists a łwater levelž c^∗

c^∗ =

E − ∑^{h∗}_{i=1} p_i N − h^∗

(22)

where

h^∗ = argmin_h =

E − ∑^h_{i=1} p_i N − h

(23)

so that

β^∗_k = � σ^2/p_k k ≤ h^∗ (σ^2 + c^∗ − p_k)/p_k h^∗ < k ≤ M

(24)

Overall, these results have a facetious but memorable interpretation

Might makes right

That is, those users with greater received power p_k obtain better performance. In fact, the excessively energetic h^∗ users command private channels. Such users are called oversized in [20], a term coined by S. VerdÂu. When no p_k > E/N, we have h^∗ = 0 and

β^∗_k = β^∗ = σ^2 p_k + E p_kN

− 1 (25)

for all k. This implies an absolute minimum TSC which in turn implies an absolute maximum sum capacity. This result is in agreement with that provided in [20].

5 Summary and Conclusion

Starting from a general signal space foundation, we have derived a class of interference avoidance algorithms whereby individual users asynchronously adjust their transmitted waveforms and corresponding matched őlter receivers to minimize interference from other sources, including other users. This method presupposes that transmitters and receivers are waveform agile as would be the case assuming software radios [1ś5] are inexpensive and ubiquitous.

The interference avoidance procedure, based on SIR as opposed to individual capacity maximization, minimizes total square correlation (TSC). Minimization of TSC is equivalent to maximization of sum capacity and this minimization/maximization is achieved through a satisfyingly information theoretic łwaterőllingž of the signal space by the ensemble of users. Note that this waterőlling is essentially an łemergentž property of the ensemble since individual users seek not to maximize their capacity (via waterőlling), but rather, only seek to maximize their own SIR. Results for combinations of őxed and agile users (or agile users in colored background noise) as well as users with unequal received powers in a white background were provided.

We note that despite the assumption of perfect channels used in this paper, wireless channels are notoriously dispersive, and when signal energy for each bit is not contained within a single received bit interval, the problem formulation changes. Nonetheless, recent extensions show that the basic interference avoidance methods proposed herein may be directly applicable in a suitable multicarrier modulation context [27].

Similar considerations may apply for the asynchronous case where users may have non-coincident bit intervals and differing bit rates, but the problem as yet is unsolved. We are hopeful that the methodology developed for asynchronous multi-user detection [12] which is similar in spirit to the łinterval-lengtheningž approach taken for dispersive channels [27] will provide a useful starting point.

As noted, we have found the speed and stability with which codeword ensembles converge surprising. Especially intriguing is the seemingly certain convergence to an optimal set when starting from a randomly chosen starting set and the ease with which suboptimal őxed points are escaped through perturbation. In fact, a modiőcation of greedy interference avoidance called łclass warfarež can be used to escape the őnite number of local minima and results in provable convergence to minimum TSC [22]. But frustratingly, a general proof which reŕects the uncannily uniform convergence seen in practice without escape methods remains elusive.

The issue of codeword representation and ődelity in a real software/universal radio has not yet been considered. Speciőcally, instead of uniform-amplitude codeword łchipsž, interference avoidance presumes real-valued łchipsž or more generally, real-valued coefőcients for a set of orthonormal signal basis functions used by the transmitter and receiver. To be effective, these values must be communicated to the transmitter, and the amount of information which may be fed back to the transmitter will determine quantization methods for codewords. It is not currently known how quantization affects the performance of interference avoidance, although empirical investigation seems to indicate that in the vicinity of 4 bits per chip using Gaussian quantization is sufőcient [28].

Finally, it must be emphasized that only a single receiver (or co-located multiple receivers) were assumed for this study. An understandingof the multiple receiver problem is paramount in determining the utility of interference avoidance in real systems.

Nevertheless, owing to the simplicity of the concept and the ever increasing sophistication of radio hardware, we expect interference avoidance to be an interesting new addition to the study of wireless systems. Furthermore, with any luck, it may also evolve into a practical method for wireless system design. If so, we expect it to be especially useful in unlicensed bands such as the U-NII, where users can mutually interfere with ofőcially sanctioned impunity [10].

References

[1] Special issue on software radio. IEEE Personal Communications Magazine, 6(4), August 1999. Editors: K-C. Chen and R. Prasad and H.V. Poor.

[2] I. Seskar and N. Mandayam. Software Deőned Radio Architectures for Interference Cancellation in DS-CDMA Systems. IEEE Pers. Comm. Mag., 6(4):26ś34, August 1999.

[3] Ivan Seskar and Narayan B. Mandayam. A Software Radio Architecture for Linear Multiuser Detection. IEEE JSAC, 17(5):814ś823, May 1999.

[4] J. Mitola. The software radio architecture. IEEE Communications Magazine, May 1995.

[5] S. Sheng, R. Allmon, L. Lynn, I. O’Donnell, K. Stone, and R. Brodersen. A Monolithic CMOS Radio System for Wideband CDMA Communications. Infopad FTP Archive, 1998. bob.eecs.berkeley.edu/infopad-

ftp/papers/1994/cmos cdma radio.wireless94/.

[6] S. V. Hanly. An algorithm for combined cell-site selection and power control to maximize cellular spread spectrum capacity. IEEE JSAC, 13(7):1332ś1340, September 1995.

[7] R. Yates. A framework for uplink power control in cellular radio systems. IEEE J. Sel. Areas Commun., 13(7):1341ś 1348, September 1995.

[8] S. Ulukus and R. Yates. Stochastic power control for cellular radio systems. IEEE Trans. Comm., 46(6):784ś798, 1998.

[9] S. Ulukus. Power Control, Multiuser Detection and Interference Avoidance in CDMA Systems. PhD thesis, Rutgers University, Dept. of Electrical and Computer Eng’g., 1998.

[10] Federal Communications Commission. FCC Report and Order 97-5: Amendment of the commission’s rules to provide for operation of unlicensed NII devices in the 5 GHz frequency range. ET Docket No. 96-102, 1997.

[11] H.L. Van Trees. Detection, Estimation, and Modulation Theory, Part I. Wiley, New York, 1968.

[12] Sergio Verdu. Multiuser Detection. Cambridge University Press, 1998.

[13] J.M. Wozencraft and I.M Jacobs. Principles of Communication Engineering. Wiley, 1965.

[14] Gilbert Strang. Linear Algebra and Its Applications. Academic Press, second edition, 1992.

[15] A. Papoulis. Probability, Random Variables, and Stochastic Processes. McGraw-Hill, New York, third edition, 1991.

[16] U. Madhow and M. L. Honig. MMSE interference suppression for direct-sequence spread-spectrum CDMA. IEEE Trans. Comm., 42(12):3178ś3188, December 1994.

[17] S. VerdÂu. Capacity region of Gaussian CDMA channels:

The symbol-synchronous case. In Allerton Conf. on Comm., Control and Computing, pages 1025ś1034, October 1986.

[18] M. Rupf and J. L . Massey. Optimum sequence multisets for synchronous code-division multiple-access channels. IEEE Trans. on Info. Theory, IT-40(4):1261ś1266, July 1994.

[19] P. Viswanath, V. Anantharam, and D. Tse. Optimal sequences, power control and capacity of spread-spectrum systems with multiuser receivers. IEEE Transactions on Information Theory, 45(6):1968ś1983, 1999.

[20] P. Viswanath and V. Anantharam. Optimal sequences and sum capacity of synchronous cdma systems. IEEE Transactions on Information Theory, 45(6):1984ś1991, 1999.

[21] Z. Xie, R. T. Short, and C. K. Rushforth. A family of suboptimum detectors for coherent multiuser communications. IEEE JSAC, 8(4):683ś690, May 1990.

[22] C. Rose. Interference avoidance, sum capacity and class warfare. CISS’00, March 2000 (to appear). Princeton.

[23] S. Ulukus and R. D. Yates. Iterative signature adaptation for capacity maximization of CDMA systems. In Allerton Conf. on Comm., Control and Computing, September 1998.

[24] S. Ulukus and R. D. Yates. Iterative construction of optimum sequence sets to maximize the capacity of CDMA systems. IEEE Trans. Info. Theory. Submitted, September 1999. Available at http://www.winlab.rutgers.edu/∼ryates.

[25] L. R. Welch. Lower bounds on the maximum cross correlation of signals. IEEE Trans. on Info. Theory, IT-20(3):397ś 399, May 1974.

[26] M. Honig, U. Madhow, and S. VerdÂu. Blind adaptive multiuser detection. IEEE Trans. on Info. Theory, 41(4):944ś 960, July 1995.

[27] D.C. Popescu and C. Rose. Interference avoidance and dispersive channels: a new look at multicarrier modulation. In Allerton Conf. on Comm., Control and Computing, September 1999.

[28] D.C. Popescu and C. Rose. Codeword quantization for interference avoidance. ICASSP 2000, November 1999. (submitted).