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Traffic-Aided Multiuser Detection for
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Abstract—Traffic burstiness has been observed for mulimedia CDMA signal has the advantage of combating multipath fading
packet switching networks. This burstiness results in the pre- for wireless communications. Moreover, the fact that CDMA
dictability of user activity at the individual source level, and the systems allow simultaneous transmission of more than one

exploitation of such predictability in the receiver design for a . s . .
random-access CDMA packet switching network is investigated in users, which reduces the coordination at the base station, is

this paper. Decorrelating detector is considered for performance appealing in data communication systems in view of the bursty
and complexity tradeoff and it is shown that the conventional and highly variable traffic from a potentially large number of

approach of assuming all users are active results in substantial ysers [1]. For CDMA systems using direct sequence spread
performance loss. A two-stage multiuser detection is proposed spectrum techniques, multiple access interference (MAI) is

where the first stage tracks active users and feeds its tracking f th . f limiti fact d to th
output to the second stage multiuser detector for symbol detection. one=o € major performance limiung factors due to the

It is demonstrated that by using the traffic predictability, accurate nonorthogonality of spreading vectors among different users.
estimate of active set of users is possible with a simple matchedSimple matched filter treats MAI as Gaussian noise, hence, can

filterbank at the first stage. suffer significant performance loss, especially in the presence
of near—far effect. Multiuser detection (MUD), on the other
I. MOTIVATION AND INTRODUCTION hand, attempts to utilize the structure of interference to mitigate

N packet-switching networks, it has been observed that tmee qdverse eﬁegt of MAI [21]. Analysis shows that the use of
[tiuser detection for random-access CDMA networks has

conventional Poisson assumption is not adequate to captm)é

the traffic variability and dependence (see, e.g., [5]). In p llgnn‘lcan_t performance gain over the conventional matched
|ger receiver [17].

ticular, traffic burstiness—the fact that packets usually co . . .
b y I[n studying the implementation of MUD for random-access

in bursts—has been revealed and carefully studied in the ngDMA work h h effort i I trated
decades. From the macroscopic point of view, traffic burstine networks, much research efiortIs usually concentrate

results in unpredictability of the overall network traffic [11].On how to reduce the complexity of the optimal MUD given the

However, from a microscopic point of view, traffic burstinesQOtem'al large number of users [12]. One of the important issues

implies highly correlated individual user traffic, which resultd! the implementation of MUD for random-access networks is

in a more predictable individual user activity; transmission 5'f'at the active transmitting users at any particular time slot may

a packet at the current slot is usually followed by the transmiggt be known to the receiver. For conventional matched filter

sion of packets at the next slots due to the bursty nature. Thii&sed receivers, this lack of active user information does not

in a sharp contrast to the conventional assumption of Berno flve any effect on the receiver performance. For multiuser de-

traffic that is hard to predict due to the independence assumptigﬁt'on recel\_/ers:[hholvevelr, (;ngr;motn (f)f T““'“p'e acFE:ess mtet:I-
among different slots. This predictability of the bursty traffi Erence requires tne knowleage otInteriering users. Fresumavly,

has actually been utilized at the network level to assist in tra MUD may be constructed assuming that all users are active.

routing [15]. For broadband wireless networks, such as wirelq QCh v;\gvx;]pomt, fhowe\éer, ng L:wc:;_&gmflgast per{;rmgpce
LAN and wireless ATM, the predictability of individual user’s 0ss, which was first observed by Mitra and Poor [13]. Given

activity can also provide valuable information in physical Iayeq1e performance loss of assuming a *full model” involving all

designs because of the sharing of a common channel amor@gbential users, it is therefore desirable to first infer from the re-
number of users Ived signal the set of active users that contribute to the current

The system we consider is a random-access paCH&nsmission,foIIowed by an MUD that uses only the signature

switching/code division multiple access (CDMA) networkVaveforms corresponding to the set of active users.

Because of its inherent signal diversity, the direct—sequenceThe problem of detecting active users has been addressed by

several authors in a dynamic CDMA system [7], [13], [14], [23].

. . ) _The treatment in [7], [13], and [14] differentiates the problem
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with each hypothesis corresponding to each potential new userl’ packet size;

In [14], equi-correlation spreading vectors are assumed for allk user index;

different users, and a detection scheme is developed with the4*)  amplitude of usek;

assistance of an “idle” spreading vector, which has the same:(*) signature waveform okth user and is assumed to
cross-correlation with all other spreading vectors in use. In [7], have unit norm, i.ejc®|| = 1;

a difference signal, which has been constructed by subtracting;ﬁl’“)(t) tth symbol within thenth packet for usek;

the estimated symbols of those known users, is used to detectthg, (¢)  additive white Gaussian noise with zero mean and
appearance of a possible new user. Further, cyclostationarity of covariance matrix-2L.

the difference signal in the presence of a new user is utilized toZ, index set of the active users at siat

achieve low complexity new user detection. In [23], the detec- Thus,Z,, C {1,2,...,M}. The receiver’s task is to detect
tion (identification) of active set of users is dealt with where thge symbolsbﬁlk) for all k € Z,, without prior knowledge of,.
authors adopt the MUSIC algorithm for array processing, which

requires an accurate estimate of correlation matrix to carry out Ill. EFFECT OFOVERMODELING

the eigendecomposition. ) _ :
A common feature of above approaches is that the detection i\ linear decorrelating detector can be viewed as a least square

focused on a particular data window without accounting for tH&S) estimator followed by a sign detector. The MAL is totally
continuity of the channel traffic. In this paper, by taking advarfompensated via premultiplying the matched filter output by the
tage of the traffic burstiness for packet networks, we study tH¥/€rse of correlation matrix of the signature waveform at the
possibility of utilizing traffic predictability to improve the detec-COSt_(?f mcreas_ed noise variance. Thus, if a decorrelator intends
tion of active users. First, the problem is shown to be equivaldRmitigate the interference from those users that are not actually
to model selection in a linear regression problem. A set of if2nsmitting, its lone effect is to enhance noise, therefore de-
dicator functions is incorporated in the model to accommodd#&2ding the receiver performance. This effect was documented
all possible set of active user. This treatment also enables udtbt3] and later studied in detail in [23]. In particular, in [23], it
fully utilize the traffic predictability at source level. By charac\Vas shown that the covariance matrix of the LS estimator using
terizing the dependence of user activity using Markov chain, @1y the active users is always smaller than the covariance ma-
are able to convert the user identification problem to state edfiX Of LS estimator if inactive users are also included, which
mation of hidden Markov models (HMMs). is termed as the conventional decorrelating detector. This is ob-

The organization of the paper is as follows. The signal modi@ined using the result for the inverse of positive-definite block
considered in this paper is given in the next section. In S&R&rix (the correlation matrix of the spreading vectors). Along
tion 111, the effect of including a nonactive user is illustrated Similar line, we obtain a result in this section that quantita-
using the a decorrelating detector example. A two-stage MU[Y€ly characterizes the performance difference of the two dif-
is proposed in Section IV, whose first stage aims to detect the (RIENt approaches. The result also leads to an easy geometrical
of active users. In Section V, we give some simulation results fgerpretation that is consistent with the intuitive augment of the
show the potential improvement on the packet reception prot§iiect of the correlation on the receiver performance.
bility by using the traffic information. Conclusions are given in

Section VI. A. Increased Covariance for the Overmodeling LS Solution
Suppressing the packet and time indices for clarity, we rewrite
Il. SIGNAL MODEL (2) in a matrix form as
The system we study is in line of that considered by Ray- y = Z s®e® 47 CAb+z=Cs+tz )

chaudury [18]. We consider the uplink of a slotted packet
switching networks with direct sequence/spread spectrum
(DS/SS) signaling using transmitter codes, i.e., each user trawkeres = Ab, andZ = {k1,...,kx»} is the index set of ac-
mits using a unique spreading code. Newly arrived packets a&ike users. GiverT, this is a standard linear regression problem
encoded with the user’'s own code and transmitted immediat@fere the regressors are the signature waveforms, and the re-
on arrival. Retransmission is dealt with in a similar fashiorsponse variable is the observatigriThe optimal solution in the

For simplicity, the channels are assumed known to the receiveaximum likelihood sense is the least squares solution, which
(e.g., can be estimated via training sequence), and therefisen property dictated by the independent Gaussian assumption
the effective signature vectors of all the users are assumadhe noise.

known to the receiver. For simplicity, the slotted system with By using nonactive users’ channels, the decorrelating receiver
synchronous transmission is considered. Assuming BP3kns to fit the datay with the following model:

modulation, the received signal within a slot can be written as

kCT

. S
= [C:D 3
Yn(t) = Z A(k)bglk)(t)c(k)'i_zn(t)v t= 1727"'T (1) Y [ ] |:I‘:| e ( )
- with D representing the spreading vectors of those nonactive
where users, and- being the “pseudo” message of these users. We
n packet index; refer to this as the “full model” as opposed to the true model

t symbol index within a packet; of (2) when only the active users are involved. Comparing the
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LS estimate fors using models (2) and (3), we obtained the '
following Lemma. :
Lemma 1: Consider the least square estimate of the two 10°
models. The error covariance of the full model satisfies

10

£

cov(5) = [C'C = C'Cl™1o” > cov(s) @ 3%

3

R a

whereC is the projection ofC onto the space spanned B, g

ie., 2"

. 3

C=D(D'D)"'D'C. (5) %l

The equality holds iff the signal space spanned by active ust 4
is orthogonal to the signal space spanned by inactive users, i
CD=0 10°
A proof is sketched in Appendix A. Note that the covarianc ~ ** 10 ‘T°“ 10? 107" 10°
) . raffic load ——- q
matrix of (4) can be rewritten as

Fig. 1. Packet error probability as a function of traffic load paramgtérhile
. _ _ the performance of the decorrelating assuming all users are active is essentially
_ / / 1 1.2
cov(s) = [C'(I-D(D'D)" " D)C] "o a constant (dash-dotted line), the decorrelator using the true model (solid line)
performs differently according to different traffic load. The performance of

i.e. itis the inverse of the projection error matrix frathonto conventional matched filter-based receiver is also plotted against the traffic
Y load parameter. The total number of potential users is 30, and the correlation

the space span_ned by the ‘_:Olumnsmf This aIIO\_NS a Very coefficient is assumed to e= 0.2 for each pair of signature vectors. Packet
simple geometrical explanation of the overmodeling effect; thength is 8 bits with error correction capability of uptte= 8 bit errors.

increase of the error covariance using a full model is propotional

to the correlation between the signature vectors of active USEES, 7 bit errors out of a total of” bits (packet length): then,

and inactive users. For example, in the extreme case of orthQg- packet success probability giverusers are active, and the
onal spreading vectors among all users, there is no performaa%%orrelator WithV(> L) users is ’

loss by using a full model.

b

B. Effects on Packet Success Probability Py(succes) = Z <T> P.(NY(1— P.(N)T.

The packet success probability, which is defined as the §=0
average portion of successfully received packets among all ) ]
packets transmitted, is an alternative figure of merit to tH&SSUMing a homogeneous channel traffic where each user at
network throughput. To compute packet success probabilifly Slot transmitting a packet with probabiligy we can ob-
we first need to compute the bit error rate (BER) for th&amth_ethg ov.eralllpacket success probqb|llty by av_eragmg over
decorrelating detector. Note that the BER not only is a functidwy Which is Binomial (N, g). The result is plotted in Fig. 1,
of channel noise variance but also depends on the numbel'6fere the packet error rate is plotted against the channel traffic
users assumed in the decorrelating detector, which is dend@@f¢- Clearly, the gain in terms of packet error rate using true
by N. To allow exact expression of BER in terms &f, we US€r information is of several orders of magnitude over the full
adopt the model proposed in [14], where different pairs fpodel, whose performance is independent of the traffic load.

users’ spreading vectors are assumed to have equal correlafiff Packet error rate using a matched filter bank for all users is
coeficient p. Given this assumption and that the number &lsoplotted as a dashed line. Clearly, as channel load approaches
users involved in a decorrelating detectorNs the diagonal Z&ro; the matched filter receiver should be arbitrarily close to the

element of the inverse of the correlation matrix of spreadirﬂfcorrelating detector using the true model, as the probability of
codes is, as in [14] having more than two active users vanishes.

a(N) = 1+ (N —-2)p ©) IV. TRAFFIC-AIDED MUD
1+ (N =2)p—(N—-1)p* A. Traffic Modeling for Packet Switching Networks

The resulting BER is therefore _ Given the_ performance degradation of an MUD when i.nac-
tive users’ signature waveforms are erroneously included in the

MUD, it is therefore desirable to first estimate the set of ac-

P.(N) = A tive users and then form an MUD using only those signature

(V) =@ . , \ ,

ova(N) waveforms corresponding to the active users. This results in a

two-stage receiver as in Fig. 2. In the first stage, the set of active
whereA is the received signal’s amplitude, astlis the channel users is detected, while in the second stage, an MUD is imple-
noise variance. Assume that the rror correction code can corneented by adapting to the change of user profile.
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. - r, Tny:
Detection of Iy State sequence 0
In Active Users
MUD — b,
Observations o & g
Fig. 2. Two-stage multiuser detection. Yn-1 Yn Yn+1

. . . Fig. 3. Hidden markov modeling of traffic.
The implementation of an MUD at the second stage is 9 9

stra|ghtfo_rward, given f[he_ set of active users signature WaVEiso a Markov sequence with state dimensionafity whereM
forms. It is worth mentioning that fast algorithms for adaptin

. . . Esthe total number of potential users. Its transition maftiis
the decorrelating detector to the change of active users EXISEhply the Kronecker product of each individual transition ma-
the literature [8], [9]. Our focus will be on the first stage, i.e Py P

e (k) . .
the detection of the active set of users. To this end, we filrél[x for eachy™. In turn, our observation is now an HMM.

introduce the following model as an alternative to (2): yn(1) c<k>sg;v>(1) z,(1)
M w2 o = > : + | ®
Yu(t) = > MWD +2.(1) (7 yo(T) | €@ | @™y | | za(1)
k=1

] where T is the packet size. Specifically, this relationship
where, in thenth packet slot;y,(f‘) is the indicator function that js shown in Fig. 3, where the underlying stdfg evolves
takes value 1 if théth user is active and 0 otherwise. Incorpogccording to a Markov transition matrix, whereas the actual
rating the indicator functions in the signal model converts ”Ebservatioryn depends (probabilistically) only on the current
user identification problem into an estimation problem for th&atel",, . With this formulation, the user identification problem
binary random sequeneé’’. More important, it also provides is now converted to a state estimation problem for an HMM.
a natural framework to include the traffic information that is inOne of the attractive features of HMMs is the existence of
terpreted as the probability law that dictates the binary procesfficient and often recursive estimation algorithms. An ex-
of %(Lk). cellent tutorial about HMMs can be found in [16]. Notice,

As mentioned before, traffic burstiness implies that for eagtbwever, that the optimal HMM formulation is based on the
individual user, its transmission occurs in clusters. Reflecteddpate combining, which results in a state dimensionality®6f
the indicator function, sequences of zeros (idle) and ones (@e-, it is exponential in the number of potential users. As seen
tive) occur alternately. A first-order approximation of the burstin (8), each different state corresponds to a different regression
traffic for an individual source is a two-state Markov chainmodel, and hence, the overall computational complexity of the
which was originally proposed by Viterbi for the performanceptimal HMM tracking is usually formidable.
analysis of packet switching networks [22]. Specificaﬂw
is assumed to be a two-state Markov chain with state transitien Suboptimal Traffic Tracking

matrix Because of the prohibitive complexity of the optimal HMM
w _ [1- p*) p*) traffic tracking, a suboptimal approach whose complexity grows
e = q®) 1—q® linearly in the number of users is therefore highly desirable. We

note that the complexity of the optimal HMM tracking is due to
where p®) = P (%f‘) — 1/72’21 — 0), and ¢ = the state combining, which leads to the exponential explosion
*) Ol ) ; ) of the state dimensionality. The key to complexity reduction is
Pl =0/m=y = 1)' As a digression, this two-stateyqrefore the “decoupling” of individual user's state tracking.
Markov chain is equivalent to stating that the lengths of consequtice that such decoupling inevitably leads to suboptimality
utive zeros and ones of the binary sequence are independegliyhe “interaction” between different user’s signature vectors in
and geometrically distributed, which is an assumption us@gk regression model is not fully accounted. However, it should
in [6] to obtain explicit expression of protocol information inpe realized that suboptimality does not necessarily imply poor
packet networks. We will hereafter adopt this Markov modelerformance. This is because the SNR requirement for the de-
in the user tracking problem both because of its analyticglction of thepresenceof one particular user is much less de-
tractability and the existence of rich inference tools associatﬁqmding than the required SNR for the correct symbol detec-
with the problem. tion. To furtp}gr elaborate this, consider the model described by
. ' . (7). While s;,”(¢) is different from bit to bit (i.e., for different
B. Optimal HMM Traffic Tracking t), the indicato(r )functiom(’“) remains the same throughout the
Combining all the indicator functions”’, we can define whole packet. User identification amounts to the estimation of
r, = (’y,(,,l), . fy,(,,M)) as the state variable of active user pro+{*) and the fact that,\" remaining constant for all symbols
file, i.e., those coordinates that equal to “1"Tiy indicate that provides an important diversity for its inference. Given this di-
the corresponding users are transmitting at:sldlote the state versity and the fact that traffic predictability also helps to im-
space has a cardinality that grows exponentially with the tofalove the estimate 0177(3“), it is therefore possible to achieve
number of users. Given that each individual indicator function ieasonably good performance, even with a simple front end user
atwo-state Markov chain, the combined state varifihlés now detector.
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1 ; it ; ;
—70() ] State Estimator that the user |dent|f|cat|0n_|s relatively easier to carry out com-
- pared with symbol detection due to the diversity induced by
(¥) the fact that all symbols within a packet are modulated by the

(k.) X ‘. Tn . . )
120 | _State Estimator MUD  ——3%.  game set of spreading vectors. More importantly, the use of the
traffic predictability can compensate largely the insufficiency

_.l TR0y H State Estimator }ﬂ. of the matched filter front end. It is worth emphasizing that the

T receiver structure is now a matched filter-based user detector

In plus a second-stage multiuser detector, as opposed to a simple
Fig. 4. Suboptimal two-stage MUD implementation. matched filter receiver for symbol detection. We will show in

our simulation that this two-stage receiver significantly outper-
forms the simple matched filter receiver, whose performance is
1) Receiver Structurefig. 4 illustrates a suboptimal traffic severely limited by the MAI, especially in the high SNR region.
tracking algorithm. Instead of expanding all users’ states into aConsider a matched filter output for tf¢h user with input
single state space, we track individual user activity separatedjgnal described in (7)
The receiver consists of two stages: the state tracking and the
multiuser detection. The state tracking is achieved indepen- w®(t) =s® )y + S psP(t) + 2M(t)
dently for each user, hence avoiding the prohibitive complexity i€ T, itk
due to the state expansion. Specifically, the received signal is t=1,2,...,T
first mapped to a new statistic that serves as the “likelihdod”
of a particular user being active. Then, the status of the ugénere py; is the correlation coeficient between ugeandis
in the previous slot is used to jointly decide whether the usspreading vectors, and®)(¢) is zero mean Gaussian random
is transmitting at the current slot. In other words, instead ofvariable whose variance remain$ due to the unit norm as-
combined HMM where the underlying Markov state has thgumption of the spreading vector. Our purpose at this stage is,
dimensionality of2*, we have now ad/ individual two-state givenw®)(¢), t = 1,2,...,T, to infer about the value of the
HMM tracker, and hence, the complexity is now lineadih indicator functiony,(f“). Apparently, Gaussian approximation of
Depending on the summary statis#ié*)(-), various struc- the second term in the matched filter output is necessary to make
tures of user tracker can be formed. One of the desirable featutes approach tractable. We therefore define
of the statisticZ®)(-) is that it should reflect only the likeli-

hood of thekth user being transmitting; it should be interfer- 2M(t) = Z pris) + 29 (1)

ence free. One obvious choice is to use the projection method, iCTn ik

which follows the line of [13] in detecting the possible dropout — Z pkiAS)bS)(t) + z(k)(t).
of an old user. Specifically, the interference from other users can T itk

be eliminated by projecting the received signal onto the space

orthogonal to the space spanned by interfering users spreadimgking the Gaussian approximation, the varianceét(t)
vectors [3]. This, in fact, amounts to a decorrelating detectshould be

for the particular user of interest. However, since the detector o

has no explicit knowledge of the active users, the only reason- or=0"+ > puAY

able choice is to decorrelate all potential interfering users. This iCTn ik

puts an undesirable clamp on the number of users to be accom- . .
modated in the network; to guarantee such projection Opera%%cause of Fhe L_mknown active user Set the aboye vart-

to work appropriately, the number of potential users should Egce approximation cannot be qllrectly computed n practice.
smaller than the spreading gain. Note that in packet switchi wever, one can get around .th's pr_oblem by r_esortmg o the
network, the traffic burstiness and variability implies that at an rkov model of the user aptmty with the-e_135|stance of the
particular time, the actual number of active users may be dr ate estimate from the previous slot. Specifically, we propose
tically smaller than the total number of potential users in th e so-called predicted variance

system. Therefore, even though the correlation matrix of the . p N2
active users’ spreading vectors is often well conditioned, it is i =o'+ Z (1~ q(J))psz(J)
likely that the overall correlation matrix of all potential users’ ‘«55_31:‘
spreading vectors may be singular. 7t ' 2
2) Matched Filter Front End:We propose, in this paper, a + Z PP o3 AY 9)
simple matched filter front end for user detection. The draw- 2 =0
back, obviously, is that the matched filter user detector is still Tk

subject to multiple access interference. The advantage is th#ere
it does not impose any restriction on the rank of the corre- ;2 -hannel noise variance:

lation matrix of all spreading vectors. The rational, again, is ¢9)  state transition probability Oi(j) from state 1 to state

0.
1Likelihood is an abuse of the term since without jointly accounting for alll ; ! L. - .
possible set of signature vectors, the obtained “likelinood” is not strict in its P ?)  state transition probability of*) from state 0 to 1, as

original sense. defined in Section IV-A.
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This predicted variance is in essence similar to the state pMote that the generality of the test problem allows the relaxation

diction covariance in the Kalman filter update [2], except thatf the assumption that the received amplitude being constant

the probabilistic state transition is used in place of the dynantliroughout the packet. The test problem is easily seen to be in-

model assumed in the Kalman filter. variant under any orthogonal transformation of the observation
Under the above Gaussian approximation, one can combireetor, i.e., multiplying the observation with any orthonormal

the observations within a packet in a vector form, which leadsatrix will not alter the inference problem and its associated

to the following hypotheses test regard'rm(ﬁ): testing structure. The MI under such a transformation can be

obtained as [4]

H: wk* =z®

Yy .
K: w® = s® 1500 2 40pm 4 zm  (10) Sy =wt wl®.

Clearly, Syt remains constant when premultiplyirg*) with
any orthonormal matrix. It turns out that such Ml is either chi-
square or noncentral chi-square distributed, depending on which

whereb®) is the symbol vector of the packet for ude(if it

is actually transmitting), angl; is Gaussian random vector with
zero mean and covariance matéix/. Note that the model im- . - ro_ 2
plicitly assumes that the received amplitudié’ is constant for hypOtheASgls y true. Speuﬁcc? ”%EH NhakxfhunderH, dwhel;eas_ )
all the symbols within a packet, which is a reasonable assumg L™ ThXp A0)7T)202 un ,er » where the .secon subscrip
tion in a slow fading environment with short packet length. Fuff chi-square, if applicable, is the noncentrality parameter. Note

ther, under this assumptiad®) can be trivially estimated using the difference between the two hypotheses is the noncentrality
(1/T) ZT—l Iwék) . of the summary statistic. For the testing of noncentrality of a chi-

To deal with the unknown symbol Vectb‘ﬁk), several dif- squared distributed random variable, it is easy to show that it has

ferentapproaches can be adopted. A generalized likelihood r%ﬂg T . ) :
(GLR) approach simply estimates the symbol first and then ply nece, a U%)PI test staggs)tllc ('i)S'mply the maximum invariant
them into the likelihood ratio. The summary statistic, thereforl: elf, i.e., T'(yy) = wit wit), .

is in the form of GLR between the two hypotheses. The problem4) User Identification Algorithm:Once we obtain the UMPI

is that the symbol estimate at this stage is prone to error; hen,%t&t'snc’ we can now incorporate the traffic predictability to

the obtained GLR can be misleading. The second approach [flﬁfg)r abo“,t'V’(L . Given thaty,” is a two-state Markov chain,
optimal ML (or Bayesian) approach] marginalizes b{ft’, as- (yn) is now an HMM whose distribution ('$ central or
suming they are equally probable among all possible value. TRgncentral chi-square, depending on the value,@‘. We can
marginalization, however, is with respect to a discrete prob#erefore form an HMM state tracker to dynamically estimate
bility measure spread ovef grid points; hence, its complexity V= ) usingZT™(y,,) and the state estimate from the previous
is prohibitive. A third approach, whose resulting statistic is th@lot. In the absence of traffic information, a one-shot UMPI
simplest among the three methods, is to adopt the invariarigt can be used, which amounts to the simple thresholding
princip'e [10] to deve'op a uniform'y most powerfu' invarianpf the UMPI StatistiCS]\,H. It is therefore of particulal’ interest
(UMPI) test statistic. to study the performance improvement by incorporating the
3) UMPI Statistic: For composite hypotheses testing suchaffic predictability.
as the one we are dealing with, a uniformly most powerful test TO summarize, the activity detection algorithm for thtt
often does not exist. It is possible, however, to take advantage/ger is described in the following.
the particular structure of the hypotheses testing problem, e.g..1) Pass the observation vectors through matched fter
symmetries with respect to the parameters, to restrict the testto a

monotone likelihood ratio [10] in the observation itself, and

meaningful subset of all possible tests; hence, the most powerful w®(t) = c(k)/yn(t), t=1,...,T.
test among the subset may exist. When the invariance principle

is applied to reduce the test to the set of invariant test, the re-y compute the MI statistic

sulting optimal test is the UMPI test. The first step to apply the

invariance principle is to identify if the test problem is invariant T

under a group of transformations. Once the invariant transfor- Symp = w® w® — Z |w(k)(t)|2.

mation group is obtained, the next step is to find a maximal in- p—

variant (MI) statistic, which is so named because every other in-

variant statistic must be a function of the M statistic. The UMPI 3) Estimatey(® by

test should therefore based only on the Ml statistic as such tests

comprise the totality of invariant tests. For a detailed description P(%(Lk) = 1T® (y,) - T® (y,))

of invariance principles and UMPI test, see [4] and [10].
Specific to our problem, given that the symbol veatfl? is

unknown at this stage, the testing may be abstracted as testing

the mean of a Gaussian vectef®) ~ A (m, o71):

H
‘ s7 (12)
P — 070 (y,) - TH) (31)) &

whereK and H represent the hypotheses that ttté

user is active or not. The above posterior probability is
obtained via the forward variables of the two-state HMM
m=0 Swr. Details about the update the posterior probability is

H: 11
K: m#0° 1) briefly summarized in Appendix B.
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- wr e RO i State Betimator ,»  where without confusionC v _; represent the spreading vector

T f matrix of the N — 1 users correctly detected, agdis the re-
® o ceived signal that can be conveniently written as
Fig. 5. Suboptimal state tracker using MF front end. y=Cn_1Ab+ cyAby +n.

, L o . Plugging it into the decorrelating output, we have
In the event that no traffic modeling information is available, gging goulp

the last step is replaced with a simple thresholding of the MI r—= Abdt (ClN—lcN—l)_l Cly_ oAby

statistic to detect the active user, i.e., for ffik user, we have , -1y,
—|— (C]\T—IC]\Tfl) CN_ln. (15)

H
T(k)(Yn) Et- (13) The noise variance of the last term is easily seen to be
a%a(N — 1). To derive the equivalent variance of interference
The block diagram of a individual user tracker with matchetérm using Gaussian approximation, we invoke the equi-cor-
filter front end is illustrated in Fig. 5. For the one-shot approachelation assumption and the fact tha@@ (N ) C(N))~! is a
the HMM state estimator is replaced with a thresholding devicE:matrix¢ with an off-diagonal element being
We should mention that for the HMM state estimate, the min- 0
imum error probability state estimate corresponds to settiag b(N)=— T2 (N _2 N1
1. That is, the minimum error state estimator always uses the HN=2)p— (N =1
state estimate with the maximum posterior probability. HowaA/e can then expand the middle term on the right side of (15)
ever, in the current context where the HMM state estimate serves .
as the front end for a multiuser detector, minimum error proba-  (Cyx_;Cn—1) Cly_,cnAbx
bility state estimate does not necessarily trqnslate into t_he_z best _ (ClelcNfl)_l 1y 1pAby
packet reception performance. The reason is that the minimum
error probability criterion equally penalizes the two types of = (a(V = 1) + (N = 2))(N — 1))pAby1y s
error: a miss detection, which is referred to an active user being - <;> pAbNLN 1
declared inactive, and a false alarm, when an inactive user is L+ (N =2)p
erroneously claimed active. In t_he following, we _show that ﬂ\ﬁherelN_l is (V — 1) x 1 vector with all 1s. Therefore, the
effect. of a false alarm and a miss detection is different on th& a1 noise variance due to a miss detection is now
effective SNR at the packet receiver when a decorrelating de- )
tector is used. 5 1 2.2 o
5) Approximate Analysis of the Effect of a Miss Detection ~“md = <1 T (N z)p) pPrAT+o%a(N —1). (16)
and a False Alarm on the Effective SNR:miss detection will o )
incur a sure packet loss itself. In addition, the interference 5fom (14) and (16), it is easy to see that if
the user undetected in the first stage will impair the reception of A2 2(1+ (N —2)p)
other user at the MUD. Here, we quantify the effect of a false P R —
alarm and miss detection on the effective SNR when a decorre- P
lating detector is used under some simple assumptions. Suppbea the noise variance with a miss detection is always greater
the actual user number ¢ and the correlation coeficient js  than a false alarm. First, notice that (17) is always true
which is equal for all pairs of users, as we have seen in Seei/(N — 2). Otherwise, if
tion 11I, and the channel noise variancedi$. Again, for sim-
plicity, we consider equal power case withbeing the received N < w
amplitude of all users. We will also use Gaussian approximation 2p
for the interference incurred by the undetected user.
Assuming correct user detection, we have seen that the
fective SNR at the receiver i4? /o2a(N) with a(N) as in (6).
In the case of a false alarrV + 1 users are declared active
Thus, the SNR at receiver is nad? /o2a(N + 1). The equiva-
lent noise variance is now

= a7)

with s = A? /o2, the equivalent variance of a miss detection is

&o greater than a false alarm. For example, with channel SNR
being> 10 dB andp < 0.2, then as long as the total number of

‘active users is smaller than 7, the SNR loss due to a miss detec-
tion is always more severe than a false alarm. Therefore, under
the usual channel condistion, the penalty incurred by a miss de-
tection on the equivalent SNR is always more severe than a false
alarm when a decorrelating detector is used. Note further that

Next, we quantify the equivalent noise variance when a mi@s SNR loss does not take into account the packet loss of the
detection happens. Assume for theactive users thalV — 1 undetected user itself due to the miss detection. This justifies

is correctly detected, whereas théth user is missed; then, thethat a threshold other than 1 should be used in (12) to put more

decorrelating detector output, assuming oily— 1 users are stringent control on the probability of miss detection. Since the
active. is now ’ ultimate performance measure is the packet error probability,

07, = 0%a(N +1). (14)

, -1y, 2A T-matrix is a square matrix with identical diagonal matrix and identical
r= (CN_ICN,;L) Cy_1y off-diagonal element.
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ideally, we would want to quantify the effect of a miss detec '
tion or false alarm on packet error probability; hence, a cost m

trix may be applied to determine the optimal threshold for tt

user detection schemes. The complexity of the problem, ho

ever, prohibits such analysis to be carried out, even under s
above-simplified assumptions. Notice that the obtained varianz
of the above analysis is a nonlinear function of the number §
active users in the system. Further, multiple false alarms and§
miss detections, whose effect on the noise variance is even m§
complicated, can happen together. These, coupled with the {8
that the packet error probability is a nonlinear function of b§

107}

. . . . . -+ HMM with pr:!gra‘ mismatch
error rate, which is, in turn, a nonlinear function of the effec 5} . Full modet

tive SNR, render the analysis impractical. Numerical simul:
tions should be carried out to determine the “best” threshold f
the packet detection performance.

3
1

V. SIMULATION SNR

In this section, we present some numerical examples RKig. 6. Decorrelator using true m(_)del _(solid), HMM tracker with true
demonstrate the advantage of utilizing the traffic information #fameter (dashed), HMM tracker with mismatched parameter (dotted), and
h . desi The si |ati ; foll F the full mpde! (dash-dotted). The cha}nnel'traﬁlc is generated assuming the
the receiver design. The simu a“’?n setup is as follows. For eagéan active time ten slots and mean idle time 100 slots. The total number of
potential user, the state variab)lé )is generated according tousers is seven, and the spreading vector's length is 15.

the following state transition matrix:
this reason, we write down explicitly the correlation matrix of

o = {099 0-01} . the spreading vectors used in our simulation, shown in the equa-
0.10 0.90 tion at the bottom of the page.
From Fig. 6, the optimal HMM tracker performs essentially
If v = 1, thekth user will randomly generate a data packeis well as that uses the true model, and both substantially out-
with BPSK modulation at thesth slot. Further, we consider perform the receiver assuming a full model. Further, we have
the nonpower-control case, but for simplicity, we assume th@énsidered the case where the HMM tracker uses mismatched
each user's amplitude is fixed and equally spaced in the Ipgrameters—the actual state transition probabilities between the
scale in the range of 20 dB. That is, assuming total numberfo states are 0.1 and 0.01, respectively, but the mismatched
users isN and the users are ordered according to their powgfacker assumes both equal to 0.05. It turns out that the perfor-
thenlog;, A;+1/A; remains constant, artblog;, Ax/A1 = mance with parameter mismatch is identical to that using the
20 dB. The SNR shown in the plots is the SNR for the usefue parameter (the dotted and dashed line overlap in Fig. 6),
with minimum power. Our emphasis will be on the suboptimathich is an advantage thanks to the robust property of HMM
scheme, but we start with a simple example with the optimigdference with regard to the mismatch of state transition ma-

HMM tracking front end. trix [20]. In particular, it was found that the state estimate of an
) ) HMM is relatively insensitive to the deviation of the state tran-
A. Optimal HMM Tracking Approach sition matrix to its true value, as long as the overall “shape” of

In this example, the total number of users is assumed to the transition matrix is preserved. That is, the state transitions
7. Packet length is 4 where the error correction code is atif@t are more likely in the true state transition matrix are still
to correct up to 2 bit errors. The spreading vector length is e more likely transitions in the mismatched transition matrix.
The spreading vectors for different users are obtained using dif- . , )
ferent phases of am-sequence withn = 20, i.e., the period B Suboptimal Traffic Tracking
is of them-sequence i&™ — 1. Notice that the particular form  We investigate the performance of the suboptimal user de-
of the spreading vectors are not as important, but their cortector with a matched filter front end. In particular, we are inter-
lation matrix is more critical on the receiver performance. Fasted in the performance divergence between the detector using

r 1.0000 —-0.2000 -0.3333 0.6000 0.3333 —0.3333 0.3333 T
—0.2000  1.0000 0.0667 —0.6000 0.2000 —0.2000 —0.0667
—0.3333  0.0667 1.0000 0.0667  0.0667 0.4667  —0.2000
R= 0.6000 —0.6000 0.0667 1.0000 —0.0667 0.0667 0.2000
0.3333 0.2000 0.0667 —0.0667 1.0000 —0.4667 0.2000
—-0.3333 —0.2000 0.4667 0.0667 —0.4667 1.0000 —0.2000
L 0.3333 —0.0667 —0.2000 0.2000 0.2000 —0.2000 1.0000
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one-shot UMPI test and the HMM tracker that also utilizes tt  '[_ =¥ f f I T
state estimate from the previous slot. Throughout this sectic L. 7 . 1 . o :
the packet length is assumed to be 128 bits with error corre : ; : : : ;
tion capability of correcting up to 8 bit errors. The total numbe  O8F it
of users is assumed to be 20, whereas the spreading vect§,,| : : : ' 5 : : '
length is 31. Again, the spreading vectors are taken from d:é
ferent phases of am-sequence withn = 20. The pairwise
correlation coefficients are spaced betweeh4839 to 0.3548
with a bell-shaped histogram.

1) User Detection Performanceln the optimal HMM state
tracker, different users’ state variables are combined togetIQL«m.3
and user detection is achieved by a single state estimate (* : : : : : : : : ;
high-dimension HMM. For the suboptimal approach, each inc 02f o ........ ........ RNy .......... ......... ......... SRR e
vidual user is detected separately via a two-state HMM state : : : : : : : f :
timate or, in the absence of traffic information, through a simp : , : . : . : : :
thresholding of the UMPI statistic. It is therefore possible t o oo o
compare user detection performance of the two suboptimal ¢ P, (Probability of false alarm)
proaches (HMM and one-shot) through their detection proba-
bility and false alarm rate by comparing their receiver operatirgg'
characteristic (ROC) curves. Notice, however, that ROC curves
can be only used for binary hypotheses testing, and hence, ",
will have to concentrate on the detection performance on o ’
of the users in the system, say, thiln user, where the user is
ordered by their received power. The decision rule foritie
user using the two schemes are specified, respectively, in (.
and (13).

To actually obtain the ROC curve for thgh user, a very
subtle issue is the simulation setting. Traditional ROC curve
based on the repeated sampling paradigm, where repeated < g
ples of test statistic, whose distribution (or histogram) is dictatts ,
by the underlying true hypothesis, are collected. Sticking totrg |11 Futmodel,
repeated sampling idea, we will have to simulate the result i '

a particular state (in terms of the set of active users). Therefo 4+
it would not really reflect the true performance of the HMNM
state tracker, which intends to utilize the channel dynamics, i.

our prior knowledge of the transitions between different state 4
to help infer about the current state. Therefore, we modify tl
traditional ROC idea by adopting an “ergodic” sampling idea.
That is, a data sequence is generated according to the SpeCifieaig- 8. Performance of suboptimal HMM tracker using MF front end.
channel dynamics. The probability of detection and false alarm

rate for one particular user is computed by averaging over tintgtection among busy slots with different threshold. The results
instead of the statistical averaging based on repeated samplarg.plotted in Fig. 7. Clearly, the performance of the HMM state
If the sequence generated is long enough such that all state testimator is superior than the one-shot UMPI test. This perfor-
sitions with nonzero probability will have been visited repeatnance gain is the result of using traffic predictability that is
edly, then the obtained receiver performance will be represenitgherently integrated in the hidden Markov modeling. Further,
tive of the true performance in an “ergodic” average (as oppossidce the impairment on packet detection of a miss detection is
to statistic average) sense. much severe than a false alarm, as discussed in Section IV-C,

We choose, in particular, the first user in our simulation, i.eit, is desirable to use the operating region with detection prob-
the user with the minimum power. The SNR is set at 10 dB. dtility close to 1. It is easily seen from the ROC curve that in
should be noted that the choice of this particular user is rattibis operating region (wher&p is close to 1), the divergence
arbitrary, and we have observed quite similar performance farterms of false alarm rates between the two detection schemes
all the users in our simulation. Packet sequences are generaiffér quite dramatically, which explains the significant differ-
for all the users according to the specified state transition matreqice in packet reception performance, as we shall see next.
Active user detection is implemented for all the users, yet only 2) Packets Reception PerformancErom the previous sec-
the result for the first user is used in plotting the ROC curve. Thion, we know that one should apply a threshold in the user de-
total number of time duration is 50 000 slots. The false alartaction that has more stringent control on the miss detections due
rate and detection probability for the first user is directly conte its more severe effect on packet reception performance com-
puted by counting false alarms among the idle slots and correatred with false alarms. Further, we have argued that an explicit

o
o

_‘_onesmuserdetmbn...? ......... . ........ -
-0~ HMM user detection : :

robability of de
e o
B Lo

7. Receiver operating characteristic curves of the one shot UMPI test and
suboptimal HMM tracker.

rror probability
3,




CHEN AND TONG: TRAFFIC-AIDED MULTIUSER DETECTION FOR RANDOM-ACCESS CDMA NETWORKS 1579

cost matrix that aims to minimize the packet error probability APPENDIX B
for the two types of errors is impossible to obtain, given th&keCURSIVE UPDATE OF THEPOSTERIORPROBABILITY FOR AN
complexity of the problem. In the simulation, the threshold is HMM U SING FORWARD VARIABLES

determined by trial-and-error method for both schemes, and tth - - :
: e quickly summarize the procedure to recursively update
best thresholds found are used to obtain the packet error pro&%- d y b y up

e a posterioriprobability of a state given past and present data,
bility for both approaches. ie P P y ¢ P P
Itis seen from Fig. 8 that the performance difference between”
one-shot and HMM approaches is quite dramatic. The reason is P (,y(k) — i|T(k)(yn), e T(k)(yl))
that the decoupling of the state tracker, as well as the inaccuracy "
f i imati Itsii f f th ‘
of Gaussian approximation, results in a poor performance of t R erei — 1.0. Clearly, P %(f) —AT® (y), -,T<’“>(y1))

one-shot approach. This inaccuracy, fortunately, is well com” ) i

pensated in the HMM tracker by the utilization of the state coff@n P€ done by using the expression

tinuity imposed by the channel burstiness. For comparison, we ]

a_llso plotted out the reqeiver performance using simple mat_qhed P (%(Lk) — i|T<k)(yn), . T(k)(yl)) — “"7(‘)

filter for symbol detection. Clearly, the packet error probability 2 o))

is saturated as SNR increases. The exhibited error floor effect

is due to the presence of the multiple access interference, whidherec,, (¢) is the so-called forward variable, which is defined
dominates the performance when SNR is large. as

anli) = P (TO(y,), - TW (y1), AP = ).
VI. CONCLUSIONS

This paper studies the possibility of utilizing source Ieve-'l—.he forw.ard variable can be computed by the following recur-
traffic predictability in a packet-switching network for the>'o" [16]:
purpose of receiver design. The system considered is the

random-access CDMA packet switching networks, and we . . k k }
investigate the implementation of a decorrelating detector. The (1) = Za"_l(])Aﬁ f (T( )(y")h’g )= Z)
conventional decorrelating detector that assumes all users are /

active is shown to perform poorly under typical network traffic

conditions. A two-stage MUD is proposed, where the first staggere A = [4;;] is the state transition matrix for”, and

of detecting the set of active users in a packet/CDMA systefn(T<k>(yn)|ry,(,f“) = L) is the likelihood function, which is

is investigated in detail. _ o __either chi-square distributed®*)(y,,) ~ 62x2 or noncentral
. _To _take adyantage of the trz?\fflc pred|ctat_)|llty_ in user 'derEhi-square distributed E®)(y,,) ~ &’%X?F AT 208" de-
ification, a first-order Markovian assumption is adopted to . s &
describe the traffic burstiness. This reduces the user detec@iding on the current state-gif*). o is computed using (9).
problem to the state estimation problem of a hidden Markov
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