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Adaptive Stochastic Iterative Rate Selection for Wireless Channels

M. A. Haleem,Member, IEEER. ChandramouliMember, IEEE

Abstract—A stochastic algorithm for channel adaptive rate ACK/NACK. Thus we have a 5 fold reduction in feedback
selection (modulation and coding scheme or MCS) is proposed. requirements.

The algorithm learns the optimal policy by iteratively augmenting Unless required for other purposes such as coherent de-

a rate selection probability vector. While simple to implement, dulati this techni | th it i
this technique requires no explicit channel estimation phase. The Modulation, this technique also can save the capacity spent on

single bit ACK/NACK signal feedback from the data link layer ~channel estimation. The new approach is based on stochastic
is used as the input to the stochastic algorithm. As shown in the learning automatg5] and [6].

convergence theorems, the algorithm achieves the optimal rate
in “static” channels. A time varying channel is seen as a “quasi-

static” channel, and adaptively converged to optimal rates as Il. STOCHASTICLEARNING AND RATE SELECTION

channel state changes. We consider a system in which the transmitter selects the
Index Terms—stochastic learning, adaptive rate assignment, Pe€st MCS just before each transmission time interval (TTI).
3G wireless. The length of the bit stream is selected such that the data

frame can be completely transmitted within a TTI with the
selected MCS. In a typical 3G wireless system such as high
. INTRODUCTION speed data packet access (HSDPA), a data frame may extend to

HANNEL adaptive rate assignment has been of intefoore than one TTI. The method presented is readily applicable
Cest as an efficient way to increase the throughput § such scenario as well. In the formulation of the problem
3G wireless communication systems [1]. A channel adapti@®d the algorithm to followy is the index of the sequence
transmitter optimizes throughput by selecting among the $tTTIs. The SINR of the channel during a TTl is expressed
of available rates, as given by a set of modulation and codiRy 7(n). The probability of frame error with a given channel
schemes (MCS), the one that maximizes the throughput $NR, andi"" rate (MCS) is expressed d@% i(v(n)). The set
each “short-term” channel state. Here the terms “chanr@rates available ar¢R; : i =1,2,---,r} (bits/s). Thus the
state” refer to a range of SINR for which there is a uniquéiroughput achieved with a rate; is given by
optimal MCS. In an ideal scenario, the receiver estimates the
channel parameters with sufficient accuracy to identify the Di(n) = Ri(1 = Pei(y(n))), i =1,---,r 1)
MCS that maximizes the throughput for the given chann?ﬁ
state, and feeds back the index representing the selected M
The channel feedback should take place at a sufficient rate
for the indices to be valid representations of the channel
states during each transmission. If the channel state changes
fast in comparison to the feed back rate, significant loss of The stochastic learning and rate selection algorithm pre-
throughput can occur. There have been proposals to use dadated in this paper carries out this optimization by proba-
link layer signaling or cyclic redundancy check (CRC) tgjjistically selecting rates and adaptively increasing the prob-
improve performance by augmenting the “thresholds” definingjlity of the best rate with an iterative process. It maintains
the signal to interference plus noise ratio (SINR) ranges fgh adaptively changing selection probability vectgn) =
each MCS [2] and [3]. [p1(n), pa(n),--- ,p-(n)] to select a rate among the set of

In this paper we present an alternative approach which uge ates at each |terat|on. At the bootsfcrap it = 0), the
only the data link layer ACK/NACK signal indicating theProPabilitiesp;(n), i =1,..-,r are assigned equal values
success/failure of the transmitted data frame as feedbackoiol/ " Then the rate. selection anq transmission proceeds
adaptively learn and assign the best MCS in each chanigih the fixed p(n) until every rate Is selected at Ieaﬁ_«!
state. Since there is no explicit feedback of channel ste(fé tunable parameter) ”“”_‘ber of imes af_ter_ whigh) is
information, the method has significant savings in up“nﬁqgmenteq at each Following ?aCh Fraqsrmssmn, the trans-
capacity otherwise spent on feedback. Note that the numbergfter receves an ACK/NACK signal indicating the successtul
rates (MCS) discussed in the literature on 3G wireless Systemgepnon/fallqre of the data pgcket. The current and the_PaSt
varies and are in the order of ten [4] thus requiring four bi@CK/NACK signals are used In aqgmentmg the pr_Ob"’.‘b.'l'ty
per frame for MCS feedback in addition to the one bit fof€Storp(n) toward the optimum. This is done by maintaining

a time varying estimate of probability of frame errét, ;(n)
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m = arg max D;(n) (2)
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existsng < oo such that under the DPRI algorithm, for all

. 1 time n > ny: P{every rate chosen more thad times at time
Poin) =5z Y. LK) @ ny>1-0.
k=Li(n)—M+1 Theorem 3:In every static channel, the DPRI is optimal.

where I;(k) is an indicator function s.tl;(k) = 0 or 1 More explicitly, given anyl > § >0, N > 0,and0 < B < 1
depending on whether the feedback followik use of rate there existsng < oo such that for alln > ng: Plp,,(n) =

R; is an ACK or NACK. L;(n) is the number of TTIs for 1 — (r—1)B] > 1 — 4.

which the rateR; is selected during the time from the start till Theorem 2 above guarantees the ability of the algorithm
then™ TTI. Following the transmission of each data frame, th® select each rate a sufficient number of times to obtain fair
probabilitiesp;(n), i # m are decreased by (0 < A < 1) estimates of frame error rates with a probability arbitrarily
and the probability of the best rate,,(n) is increased by close to unity, within a finite time. This theorem follows the
(r—1) x A where A = % is the smallest step sizéy line of analysis as in [7]. Theorem 1 establishes the ability
here is a “tunable” resolution parameter. If the channel staié the algorithm to converge to the best rate. Theorem 3
remains fixed for sufficiently long time, the algorithm is ableonfirms that the probability of selecting the best rate increases
to increase the probability,,(n) to unity (and sep;(n) =0 monotonically and can be arbitrarily close to the maximum
for all 7 £ m). While this could maximize the throughput in awithin finite time. Theorem 1 and 3 were derived with an
stationary channel, adaptivity to time varying channel requirepproach similar to that of [7] and with the inclusion of bias
us to maintain non-zero values pf(n) for all ; and for all parameter5.

n. Therefore we maintain a minimum probability 8f called

“bias” for all rates. The proposed rate selection algorithm can [1l. SIMULATION RESULTS

be summarized as follows. The simulation was carried out with parameters of a 3G

wireless system namely HSDPA operating at 2.0GHz. A
A. Pseudocodes of the algorithm frequency flat fading radio link was assumed. The transmitter
Setp;(n) =1/r, fori=1,--- r. and the receiver were assumed to have single antennas. The
Initialize P. ;(n) and henceD;(n) forall i =1,--- ,r (using set of six transmission rateg0.12, 0.24, 0.36, 0.48, 0.60,
(3) and (1)) by selecting rates with fixedn) until every rate 0.72} (Mb/s) corresponding to a range of MCS is used

R; is selected at leas times. in our illustrations. The ACK/NACK signal to follow the
transmission of each data frame were simulated using a set of
Repeat pre-derived frame error probability versus SINR curves. These
1) Attime n pick a rateR;(n) according to the probability curves have been derived for the performance in additive white
distribution p(n). Gaussian (AWGN) channel with an interleaver/deinterleaver
2) On receiving ACK/NACK feedback, upda@e’i(n) us- and turbo-coder/decoder in the system. The set includes one
ing (3) andD;(n) using (1). curve for each MCS for the range of SINR of interest. The

3) Compute the indexn of the best rateR,,(n) as in (2). frame duration was taken to be one TTI which is 0.667ms.

4) Augmentp(n) according to the following equations: Instantiations of the fading channel were generated using
Jakes’ model [8] with an average SINR setting of 0 dB.

pi(n+1) = max{pi(n) — A, B}, Vi # m (4)  With each set of parameters, the simulation was performed
Pm(n+1)=1- Zpi(n +1). (5) for a sufficient length of time (in the order of 60,000 frames)

i#m and the average throughput values were computed for each

End Repeat such parameter setting. The optimum values of parameters

M, N,and B maximizing the average throughput at each speed

B. Convergence of the algorithm were found by repeating the simulation for a range of values
' of these parameters.

The proposed stochastic rate selection technique is based
on the discrete pursuite reward inactiofDPRI) learning It was found from experimentation thaf = 1 results in the
automata, analyzed in [7]. We state the relevant converged®st performance except for very low speeds. This observation
theorems without proof. These theorems are applicable tdsaconsistent with the intuitive fact that when the channel
“static” channel i.e., one in which the SINR is bounded within

a range s.t. the optimum rat&,,, is fixed. In the sections to speed (km/h)| throughput (%ge of ideal) N | B

follow, we present simulation results showing the adaptivity 0 100.0 > 10 0

of the technique in time varying channels. 0.2 89.8 > |0.017
Theorem 1:Suppose there exists an index and a time Oi5 gg'g i g'ggg

instancen, < oo such thatDm(n) > ZA)L(n), for all ¢ 7& m 3 71:6 1 0:048

and for alln > ng. Then for all resolution parameteré > 0

and for all bias parametet$ < B < 1, p,(n) — 1 with TABLE |

probability one as: — oc. Throughput performance of stochastic adaptive algorithm at a set of speeds
Theorem 2:For each rateR;, assumep; (()) 7& 0. Then for with best choices ofV and B. M = 1 and average SINR=0 dB.

any given constants > § > 0, M < oo, and N > 0 there
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Fig. 1. Simulated SINR variation at a speed of 1 km/h with=1, N =  Fig. 3. Throughput (averaged over 10 frames) at 1 km/h With= 1, N =
1,andB = 0.028. Average SINR = 0 dB, frame duration = 1 TTI (0.667ms).1, andB = 0.028. Average SINR = 0 dB, frame duration = 1 TTI (0.667ms).

1 T T T

O-S?I_H—\‘ H ou@s H ‘ H f shows the evolution of selection probabilities as the channel

- state changes. Fig. 3 compares the short term average (over
g Oiﬂ H M ﬂ H 024%%5 H_HH “ L ;O frames) throughput of' stochastic technique to Fhat of .the
T ideal scheme. As shown in Table |, the mismatch in tracking
% OEW o36Nps ﬂﬂ H H [L for this case results in a throughput loss of 19.1%.
r o1 ! :
z % | L] o | ] IV. CONCLUSIONS
] 1
g

L T T T eeomss [ 1 [ In this paper, we presented a stochastic learning and rate
05 0.60 Mb/s ]
1 L HRIRIS

e selection algorithm based on discrete pursuit reward inaction
05| 072Mbis ] scheme found in learning automata theory. Theorems on the
20 20 60 590 100 Do 100 oo oo 2000 convergence in static channel were given. Simulation results
FRAVIENUMBER () show excellent adaptivity in low mobility environments with

mobile speeds in the order of a few km/h. The approach can
Fig. 2. Rate selection probabilitiep;(n) at 1 km/h withM =1, N = save the bits needed for feed back of indices of optimal rates
1,and5 = 0.028. Average SINR =0 dB, frame duration = 1 TTI (0.667Ms)y,, o ohile receivers for adaptive rate selection. With a set
of rates in the order of ten, this saves four bits per frame. This

variations take place at time scales comparable to the TTI, t{rﬁ]eaCh'eVEd by using the data link layer ACK/NACK signal as

estimateP, .(n) would not improve by increasing/. Thus € only input to the adaptive algorithm. Un_less_ required for
o . . : g other purposes such as coherent demodulation, it also can save
the best estimate is achieved with minimuvh. We compare

the performance of the proposed method to that of an idetgF capacity spent on channel estimation.

scheme where the channel state in each TTI is known to the
transmitter. Shown in Table | are the average throughput of
the proposed algorithm as a %ge of the throughput of ideal
scheme, at a set of speeds. At zero speed (stationary chani&
the proposed method achieves 100% of the throughput of ideal
scheme. A 71.6% throughput is achieved at a speed of 3 km/h. ) _ _
As speed increases, the value/dfachieving best throughput (1 Eéfi'ﬁghsggﬁa :p;t;} oﬁa?;bééﬁggrsi\ﬂ%gﬂgaﬁ acdir:jaE”é‘g' %‘f(':'t\{ O'IE_S“ma'
decreases and becom#s = 1 around 1km/h. Further, it is 17, pp. 1244-1256, July 1999.

seen that as speed increases, the optimum Biascreases. [2] A. Das, F. Khan, A. Sampath, Hsuan-Jung Su, “Performance of hybrid

; : : ; ARQ for high speed downlink packet access in UMTBbc. IEEE VTC
Note that timely detection of state changes requires testing of "Vol. 4, pp. 2133-2137, Oct, 2001,

every rate at sufficiently small time intervals, which in turig] M. Nakamura, Y. Awad, and S. Vadgama,“Adaptive control of link adap-
requires sufficiently large probabilities of selection for every tation for high speed downlink packet access (HSDPA) in W-CDMA,

: : . : . Proc. IEEE WPMC vol. 2, pp. 382 -386, Oct. 2002.
rate. An increase in the value df fulfils this. With smaller [4] http://www.nokia.com/downloads/aboutnokia/research/library

than optimum values oB, the penalty arising out of delayed” ~ /mobile.networks/MNW23.pdf
detections becomes more severe than the loss due to the dﬁbp/l. .L. Tsetlin, “On the behavior of finite automata in random media,”

. : o : Automat. Telemekvol. 22, pp. 1345-1354, Oct. 1961.
in the maximum probability of selecting the best rate. [6] K. S. Narendra and M. A. L. Thathachakearning Automata: An

. . . . . introduction Englwood Cliffs, NJ:Prentice-Hall, 1989.
Fig.1-3 illustrate the traCkmg behavior of the stochast 1 B.J. Oommen and J. K. Laritt “Discretized pursuit learning automata,”

adaptive rate selection at a speed of 1km/h. The simulated IEEE Trans. Syst., Man, Cyebernol. 20, pp. 931-938, July/Aug. 1990.
time variation of the channel SINR is shown in Fig. 1. Fig. i8] W. C. JakesMicrowave Mobile Communicationslew York: IEEE, 1974.
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