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Channel Predictive Proportional Fair

Scheduling

Hans Jgrgen Bang, Tasln Ekman and David Gesbert

Abstract

Recent work on channel modeling and prediction has shownfdhsibility of predicting the
mobile radio channel, quite accurately, several millisetoahead in time for realistic Doppler spreads.
Motivated by these results we consider opportunistic sgliegl algorithms that exploit both current and
future channel estimates. We demonstrate how this extrangthanformation can be used to improve
the scheduling. Simulations show that the proposed algardan improve the inherent tradeoff between
throughput, fairness and delay. The current approach $oitdproportional fair scheduling but can also

be generalized to other criteria.

Index Terms

Multiuser diversity, proportional fair scheduling, fa@ss, latency, channel prediction.

I. INTRODUCTION

Opportunistic scheduling has recently attracted muchtiie as a means to increase the
spectrum efficiency of wireless data networks. By allocatihg common radio resource to
the users that are currently best able to utilize it the iehemultiuser selection diversity is

exploited [1], [2]. The multiuser diversity results frometliact that different users usually have
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independent channel gains. Thus, in a system with sevedalgausers the probability a user
with a good channel is always high. There is however a fundgahé&adeoff between throughput
on one hand and fairness and delay on the other. Technigatsaré able to push this tradeoff
(improving one without sacrificing the other) are therefofegreat interest.

Several channel-aware scheduling techniques for the diokvof wireless data networks have
already been proposed in the literature. One of the mostlappuaes is theProportional Fair
Scheduler (PFS) [2]. In this approach a time constant parameter iseshts specify over what
time period fairness between the users should be maintained

In parallel and much independently, recent work on channetleting and prediction has
shown the feasibility of predicting fading channels overitans of up to 0.25 wavelengths with
reasonable accuracy [3]-[5]. This opens up the possimhtyombining channel prediction with
resource allocation. In this paper we examine how chanregligiions can help to improve the
tradeoff between throughput and fairness. To the best oknawledge, this idea has not been
investigated before. More specifically we develop a frantéwor scheduling algorithms that
rely on both current and future channel estimates. Thetiatuibehind our approach is that
future channel estimates, even imperfect ones, are bealefioce they allow the scheduling to
be planned over several time slots ahead in time. We makeotlosving key points:

« For scenarios where fairness is to be maintained over loriggseof time compared to the
coherence time of the fading, capacity maximization can ls@ioed through the use of
memoryless schedulers. Thus, channel prediction is of miitterest.

« For scenarios where tighter fairness and delay constramgtsused, there is a significant

gain in terms of throughput to be obtained from a channeliptied-aware scheduler.

Clearly, there are some major challenges associated wittligbign-aware scheduling. First,
the quality of the predictions degrade rapidly with the jpecedn horizon. Thus, robustness
with respect to prediction errors is crucial. Second, thenglexity of the scheduling tends
to increase significantly when additional channel infoloratis introduced. In this paper we
address both these issues. Specifically, we propose a ¢ieatoa of the PFS algorithm that

incorporates future channel estimates. We demonstratéhilalgorithm is capable of increasing

In a practical system channel prediction must still be employed to obttimages of the users’ current channel conditions

due to non-zero feedback delay
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the throughput without compromising fairness and delaypam@d to the standard PFS algorithm.
The rest of this paper is organized as follows. In Sectiondlimtroduce the system model and
review channel-aware scheduling. In Section Ill we disqussliction-aware scheduling. Specif-
ically we extend the PFS algorithm to a prediction-aware=daling scenario. In Section IV we
evaluate the proposed algorithm in terms of throughputnésis and delay through simulations.

Finally we conclude the paper in Section V.

II. SYSTEM MODEL AND CHANNEL-AWARE SCHEDULING
A. System Model

We consider the downlink of a single cell withi simultaneously active users served by one
base station (BS). The scheduling is organized on a slot hyakis, i.e. one and only one user
is served during any given slot. The scheduler resides aBSand decides prior to each slot
which user the BS shall transmit data to. We ugg&) to denote the user scheduled in stot

The BS operates at fixed transmit power and employ rate adajztiadjust to instantaneous
channel conditions. Our key assumption is that estimateéseofisers’ supportable data rates for
the current and. — 1 future slots are available to the scheduler. The suppertaée for theith
user in slotk + [, as predicted in slat, will be denotedR; (k + [|k). We useR;(k) as shorthand

for ;(k|k). For an arbitrary vector we let (i), denote itsith component.

B. Channel-Aware Scheduling

In order to harness the multiuser diversity the schedulinggrion must be a function of
the users’ current supportable rates. An obvious example dfiannel-aware scheduler is the
Max SNR scheduler which always selects the user with theesigBupportable transmission
rate, i.e.

i*(k) = arg max R;(k). (1)

i=1,.,N

The Max SNR scheduler is important since it maximizes thesissombined data rate and
therefore gives an upper bound on the realizable multiusersity gain. Note that the Max
SNR scheduler is memoryless in the sense that current damgdiecisions are independent of
past scheduling decisions. In general channel-aware nyassrschedulers can be written in

the form
i"(k) = arg max_fi(Ri(k)), (2)
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where f;(-) is a function independent of timé. The main rationale for not scheduling the
user with the highest supportable rate directly as in (1pierisure a fair resource allocation
between the users even if their mean SNR differ. Recentlyraeweemoryless channel-aware
scheduling policies that maximizes capacity under varlong-term fairness criteria have been

proposed [6]-[8].

C. Proportional Fair Scheduling

A main limitation with memoryless schedulers is that fagsiean only be ensured over long
time windows compared to the coherence time of the fadingortter to control delay and
ensure fairness over smaller time horizons memory has tatbeduced in the scheduler. By
introducing memory the priority of users that has not beewueskfor a long time can be raised.
This is exemplified by the PFS scheduler. In this approactuiee with the highest supportable
rate relative to its past average throughput is selecteddh éme slot. Thus, the user scheduled
in time slotk is given by

oy R;(k)
i*(k) = argiinl??]cv Tk

whereT;(k) is useri’s past average throughput. The average throughputs araeagih each

3)

time slot according to

T +1) = (1= 2T(8) + - RiB)a — #(K)), @

whered(-) is the Kronecker delta function angd is a pre-determined constant. The particular
value oft. determines the time horizon over which the throughputs areptited and gives a
tradeoff between long-term throughput and delay. The l@mg throughput of useris defined

as K
liminf— 3 R(K)3(5* (k) — i), (5)
k=1

K—oo K
and differs from the running averages defined in (4).
Even though the above scheduling criterion can be easilyivatetl there exist a second
formulation that provides additional insight into the natwf the PFS algorithm [9]-[11]. To

this end we consider the following system utility function

U(k) =3 _log Ty (k). (6)
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It can then be shown (sd&roposition 2) that (3) is equivalent to selecting the user that leads to

the largest instantaneous increasé/inMore precisely this can be formulated as
i*(k) = arg max Uk +1). (7)

This suggests that the underlying goal of the PFS algorithrio imaximize the system utility

function 4.

[1l. PREDICTION-AWARE SCHEDULING

In order to further improve the performance of channel-avezhedulers, we consider prediction-
aware schedulers. This class of schedulers exploit botlecurate estimates and predictions of
the users’ future supportable rates.

To illustrate how channel predictions can be utilized wet fosnsider the following simple
example. Assume two users with supportable rates in timeiskand & + 1 as illustrated in
Fig. 1. Suppose now that we want to maximize the sum throughpile maintaining fairness
over the same time interval, we can then easily argue thatluseould be allocated the first
time slot and usek the second slot. However, to ensure that the right scheglalectision is
made in time slot: estimates of the supportable rates in time g&lagt 1 must be available.

Prediction-aware schedulers can be loosely classifiedrdiogpto if the scheduling decisions
are made simultaneously for a block of time slots or if theiglens are made one at time.
We first consider a block-based strategy. In this approagdcadt time slots are grouped into
non-overlapping blocks of length time slots. EveryLth time slot (say time slot) a scheduling
vector

i*(k) = {i" (k + D} 8)

dictating the nextL transmissions is computed according to

(k) = arg max OM(i), (9)

where O (i) is an appropriate objective function arl is the set of feasible scheduling
combinations. In time slok + L a new scheduling vector determining the schedule for the
next block of time slots is computed. The main motivation tlee above approach is that the
scheduling can be better planned if several schedulingsidexs are made simultaneously. The

objective function should reflect the underlying goals @& #itheduling and can be a function of
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a number of parameters including but not necessarily lonitepredictions of the users future

rates.

A. Predictive Proportional Fair Scheduling

In this subsection we extend the PFS algorithm to a prediaisare scheduling scenario. We

first define the following two quantities

L-1
. 1 1 . -
Ti(kli) = (1 = )Ti(k) + D wiRi(k +1k)5(i = (D)is1) (10)
c c =0
N ~
0% (i) = " log T:(K|i), (11)
=1
where wy, ..., wy_; are positive weights in (10). Witl@]g’;)(i) as objective function we can

directly adopt the block-based scheduling strategy cedliabove. Note that fow, = 1 and
L = 1 we obtain (7) and hence the PFS algorithm as a special casd. Bol we obtain a
family of prediction-aware schedulers depending on theiqudar combination of weights;.

The next result further illustrates the connection with €S algorithm.

Proposition 1: Assume that the rate predictions are perfect and let

o B (k) /s
i*(k) = arg max O, (i), (12)

with w; = (1 — £)~' for 1 =0,..., L — 1. Theni*(k) maximizesl{(k + L).
Proof: See Appendix 1. [ |

Thus, for the weightsy, specified inProposition 1 the scheduling vectoi*(k) is chosen to
maximize U(k + L). Observe that this generalizes the standard PFS algoritheren*(k)
maximizesU(k + 1). Even though this seems to justify this particular choicemeights one
important remark must be made. Sinde— i)*l > 1 we can infer from (10) that increasing
emphasis is put on more distant rate predictions. This isrturiate given that the quality of the
rate predictions typically decrease with increasing mtaih horizon. From a robustness point

of view the weightsw, should preferably be monotonically decreasing.

B. Robust Prediction-Aware Scheduling

A major challenge with the block-based scheduling strategghat we rely on estimates of

the future feasible rates to compu®®(i). Reliable short range predictors have been proposed,
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but the predictions degrade rapidly for longer predictianges [3]-[5]. To fix the schedule for
a long block might therefore result in sensitivity to preaino errors. A more robust approach
is to redo the schedule in each time slot and only use the finstponent of the scheduling
vector. This results in the robust prediction-aware schegstrategy described in Table I. Note
thati*(k) now represents a tentative schedule for time &lod © + L — 1. Although only the
first component of*(k) is explicitly used the other components will also affect tutcome of
i*(k).

C. A Suboptimal Algorithm for Obtaining i*(k)

Another drawback of the algorithm is the complexity of thdl &earch for the scheduling
vector. In practice one may have to settle for suboptimalitsmis. We next present a low
complexity algorithm to be used together with the robustdmt@n-aware scheduling strategy
that renders good but possibly suboptimal scheduling veétor). We note thai* (k) will still
denote the computed scheduling vector even though it mighbe optimal according to (9).

As opposed to an exhaustive search for the optimal schedukctor we propose a cyclic
coordinate ascent-type algorithm. At each iteration onapmment of the scheduling vector is
updated with the other components held fixed. To describealdr@rithm we use the following
notation:

- i"(k) = (¢7(k),...,i%(k)) denotes the computed scheduling vector aftéterations.

- For an arbitrary vector = (il, e ,iL), i & i denotes the vectdrwith the ith component

exchanged with. Thusi <= i = (i1, ..., 01,4, i141,- - iL).
The resulting algorithm is given in Table Il and further dteated in Fig. 2. Observe that, for

each iteration, we either obtain the same or a better salutidhe sense
oW (i (k)) > OW (i"(k)). (13)

Hence the algorithm will necessarily converge to a maximuroesthere are only a finite number
of scheduling combinations. Observe further that we usesthedule computed in the previous
time step to initialize the searthWe can therefore expect fast convergence as limited amount

of new channel state information is introduced in each tite@.s

2The last component df (k) is set tol. This particular value is arbitrary and will not affect subsequent itematio
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We next present a useful result that shows that the compotdtcomplexity can be further
reduced with (11) as objective function.

Proposition 2: Let O;’;) (i) be used as objective function in (21). Then (21) is equivaien

Ri(k +1— 1]k
it (k) = arg max — Rk + | z) : (14)
. ’:1"’NTi(k:—I—L|i"(l€) o O)
Proof: See Appendix. [ |

Thus, according téroposition 2, it is sufficient to compute the ratios in (14) in each iteyati
This results in considerable computational savings coatpty explicitly evaluating the function
(9](3’;) (i"(k) L i) as suggested in (21).

IV. NUMERICAL RESULTS AND DISCUSSION

In this section, we evaluate the robust version of the pteeid®FS algorithm together with
the iterative algorithm in Table Il numerically. We congidleis version of the algorithm to be of
most interest because of its reduced computational contypl&or simplicity we letw;, = 1 for
l=0,...,L—1. The optimum weights are likely to be dependent on the gquafithe predictions.
The simulation results are obtained for Rayleigh fading cletswith time correlations given by
Jake’s model. The average SNRUisIB and the time slot Doppler frequency produc0igl for
each user. This means that the terminals move one wavelengtit time slots, e.g5.5 km/h
with a time slot length ofl ms in the2 GHz band. We use the Shannon Capacity to estimate
the supported data rates and we assume that the BS always dtavieo dend to each user.

In order to generate realistic estimates of the users’ éusuipported rates we use a linear FIR
MMSE predictor with128 coefficients to predict the future complex fading gains freast noisy
observations of the channel. The channel power gain usdtkeifshannon Capacity is obtained
as the absolute square of the predicted complex fading gae.quality of the prediction will
depend on the Channel to Estimation Error Ratio which is set0tdB. The NMSE for the
complex fading gain prediction ten time slots ahead is rbugh=2 but for one step ahead it is

only 1073, Thus, the error in the estimated rate for one time slot alveadbe disregarded.

A. Qualitative Example of Predictive Scheduling

We first illustrate the performance of the predictive PF®atgm with a qualitative example.

Consider a scenario with5 users,t. = 100 and L = 21. Fig. 3(a) shows a snapshot of the
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supported rates for one user, where a superimposed crosssponds to an allocated slot.
Note that all allocated slots are tightly clustered arowwhl fading peaks. By comparing with
Fig. 3(b), which shows the same scenario with the standaf® &§orithm, we can conclude
that there appears to be significant increase in performagcasing prediction. In the next

subsections we validate this claim more rigorously.

B. Throughput

We next compare the total long-term throughput as a funabbthe parameter. for the
standard and the predictive PFS algorithm withusers. The prediction horizoh — 1 is set to
10 slots for the predictive algorithm. On avera@e iterations were required to compuigk)
in each time slot. It can be seen from fig. 4 that there is areas® in throughput with the
predictive algorithm for all values of.. Note however, that the largest gair%o) occur for
smallert. values. This is intuitive because for large values oboth algorithms approach the

max SNR scheduler.

C. Fairness

To quantify the degree of fairness we use Jain’s fairnessxifti2], which is defined as
_ (Zf\; wi)2
N sz\;l w;
wherez; is the resource of interest allocated to usetain’s fairness index measures the spread
in the allocated resources and will always be in the rahg¥ to 1. It is easily be verified
that / = 1 indicates absolute fairness add= 1/N indicates no fairness, i.e all resources are
allocated to one single user.

Since we assume all users to have statistical identicalngianve can expect fairness between
the users over longer time horizons. To measure the fairoemsshorter time intervals we let
x; = T;(w), where7;(w) is the throughput of userover a window ofw time slots. Finally we
average over all time windows of size time slots to obtain the average Jain’s fairness index.
Note that by adjusting the window size the time horizon that the fairness is computed over
is adjusted accordingly.

Fig. 5 shows the average Jain’s fairness index as a funcfievirmow size for the standard

and predictive PFS algorithm with = 100, 1000. Observe that the level of fairness is virtually
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the same for the two algorithms. There is a negligible radadn fairness fort, = 100 and a
slight increase in fairness far = 1000 with the predictive algorithm.

Fig. 5 also shows the corresponding plots for the Round RoldnMaix SNR algorithm. Not
unexpectedly there is a large penalty in fairness with th& BBR algorithm. One should also
note that even though the Round Robin algorithm is perfectiyvideen allocating the radio
resource in time, it is not perfectly fair when consideriig tactual throughputs over a finite

window.

D. Delay

To quantify the delay properties of the proposed algorithencensider the lowest throughput
that a single user can expect with a certain probability aage over a finite time window.
More precisely we define thowest achieved throughput (LAT) for user ¢ over a window of

sizew time slots with violation probability according to
Pr{7;(w) < LAT;(¢e)} <. (15)

As w approaches infinity LAJ¢) approaches the long-term throughput of usdyut for smaller
time windows LAT;(¢) will be considerably less. LATe) is an interesting measure since it
gives a good indication of the continuity of the incomingalflow and is tightly related to the
maximum delay between two received packets for a user. Simcassume all users to have
statistical identical channel we will drop the sub-index

Fig. 6(a) shows LAT{.01) as a function of window size for the Round-Robin algorithng th
standard PFS algorithm and the predictive PFS algorithrh tit= 100, 1000. The Max SNR
algorithm is not included as LAD.01) is zero for all window sizes in the considered range.
Observe that the predictive PFS algorithm performs sicamfily better than standard PFS al-
gorithm, for all but very small window sizes, far = 100. This also hold true fot, = 1000
although the improvement with the predictive algorithm isrexmodest. Interestingly the Round
Robin algorithm is outperformed by the both the standard aedotedictive PFS algorithm for
window sizes larger than00 time slots.

Fig. 6(b) shows the corresponding plots for LATI) with similar patterns.
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V. CONCLUSION

We have extended the PFS algorithm to a scenario where ¢éssirofithe users’ future rates
are available. At a reasonable increase in complexity attdowt compromising fairness or delay
the total throughput was significantly increased compaceth¢ standard PFS algorithm. The

largest gains occurred when tighter fairness and delayinregants were imposed.

APPENDIX
A. Proof of Proposition 1

Letw; = (1— ;) for 1 =0,...,L — 1. We first note that

L-1 1 ) (16)
+ > (1- t_)L_lRi(k +1k)6(7 — (1)i41)

equalsT;(k+ L) given that the rate predictions are perfect and that (i$eis scheduled in time
slotk+1—1forl=1,...,L. This is easily verified by solving (4) as a difference equati

Observe next that

i*(k) = arg max O;];)(i)

N
= arg max ;log T;(k|i) (17)

N
1 4
:a@nmxz)%(u—;flnwm)
i=1 ¢

icF 4

This proves thai*(k) maximizest/ (k + L) if the rate predictions are perfect.

B. Proof of Proposition 2

Observe that
Lk + L|i(k) < i) = Ty (k + L|i*(k) < 0) (18)

for j # ¢ and

~ 1 o
Ty(k + LI (k) < i) = Ty (k + LIi" (k) < 0) + —wnRy(k + 1~ 1[k) (19)



IEEE Transactions on Wireless Communications Page 12 of 17

12
for 7 =i. We can therefore write
N A
OW (i (k) L i) = S log Ty (Kli" (k) < 0)+10g(1+ ] Ri(k +1— 1|/;;) ) 20)
=t Ti(k + Lli(k) < 0)

This completes the proof since only the last term in the esgpom above depends anand

log(+) is a monotone increasing function.
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TABLE |

ROBUST PREDICTION-AWARE SCHEDULING

In each time slok:

1) Update the rate predictiong, (k + I|k).
2) Findi*(k) that maximizesO™®) (i) .
3) Schedule the user given by the first componeni0f), i.e i*(k) = (i*(k));.

TABLE Il

ITERATIVE ALGORITHM FOR OBTAINING i*(k)

1) Initialization
To initialize the algorithm let

(k) = (5(k = 1),i5(k = 1),...,45 (k= 1),1).

2) Main iteration
At each iteration recompute one component of the schedwéugor. For the(n + 1)th
iteration let
(k) = (k) < it (),
wherel = L — (n mod L) and

it (k) = arg max O® (i"(k) L i). (21)

1=1,.

3) Termination
Wheni"(k) = i"~L(k) we havei™ (k) = i"(k) for all m > n and we have converged to a

solution.
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Supportable rates for uskand2 in time slotk andk + 1. To ensure that useris scheduled in time sldt estimates
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Fig. 2.

other components held fixed.

lllustration of iterative algorithm for obtaining scheduling vectore&th iteration one component is updated with the
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Fig. 3. Snapshot of supported rates for one user. A superimpaesss corresponds to an allocated slot with (a) the predictive
(b) the standard PFS algorithm. The predictive algorithm leads to higheughputs since the allocated slots are more tightly
clustered around the fading peaks.
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index as function of window size for the prediciind the standard PFS algorithm with users and
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Fig. 6. LAT(e) as a function of window size for (&)= 0.01 and (b)e = 0.1 in a system withl5 users. The probability that
the throughput of a single user falls below LAT @ver the specified window size equalsThe prediction horizor, — 1 is 10
slots for the predictive PFS algorithm.



