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ABSTRACT

Therearenumerougontextsin which systemseedo buffer
multimediasignalcontent. If sucha buffer overflows, sig-
nal dataarelostin anuncontrolledmannerwhich canlead
to largeend-to-endlistortions.However, if the queuedsig-
nals are distortion-tolerantoverflows canbe avoided, and
significantperformancegainsrealized,by reducingthe fi-
delity of thesignalsin agradualcontrolled,manner Based
onideasof successie-approximatiorsourcecoding,we de-
sign an adaptve-huffering algorithm to minimize end-to-
enddistortion. This algorithm performsnearly aswell as
a performanceboundon all possiblealgorithms. Perhaps
mostimportantly the algorithm’s performanceemainsro-
bustacrossa wide rangeof (unpredictableltilization rates
(inputrate/outpurate).

1. INTRODUCTION

Considera finite-memoryqueuebuffering multimediacon-
tentsuchasaudio,imagesor video. If arrival ratesexceed
departureratesover a spanof time, the queuecould over
flow becausef memorylimitations. The ensuingdataloss
would resultin reducedend-to-endsignalreconstructiorfi-
delity. In this paperwe considera strateyy thatlowersthe
fidelity at which signalsare storedin the queuein a con-
trolled manney freeingmemoryresourcego avoid uncon-
trolled buffer overflows. This approachaimsto maximize
end-to-endidelity.

Theseideasareapplicablein a wide rangeof contexts:
e.g.,ad-hocsensonetworks, multimediarouters,on-micro-
chip signaldistribution architecturesWe exploit the avail-
ability of successie-approximatiorsourcecodes However,
ratherthanfocusingon ary of thenumerousspecificcoding
schemesn theliterature(e.g[1]), we insteadstartfrom the
underlyingbasictheory[2, 3]. This enableausto develop
fundamentalimits on the performancef ary buffering al-
gorithm,againstwhich specificalgorithmscanbetested.

In this paperwe focus on a single queueas shavn in
Fig. 1. Theinput to the queueis a sequencef unquan-
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Fig. 1. Component®f a queuewith distortion-control.

tized (or finely-quantizedyourcesignals.The sourcemod-
els we useare highly simplified in order to illustrate the
designtrade-ofs mostclearly More complex sourcesare
consideredn [4].

2. INPUT AND OUTPUT DATA STREAMS

Theith signalto arriveis s;, andthes; areeachmodeledas
N-length sequencesf independentdentically distributed
(i.i.d.) zero-meanGaussiarrandomvariablesof variance
o2. The“normalized-quantization-ta”is definedasRg: =
%, whereM, is thetotalmemorysize(bits). Rq, isthe
quantizatiorrate (bits/samplewhenall memoryresources
are usedto describea single obsenation (hence‘normal-
ized").

Theinputdatastreans modeledasaPoissorprocesof
rate. In aninterval of = seconds)\r signalsareexpected.
At theoutput,pacletsof M, bits areemittedaccordingo
Poissorprocesswith rateip,, Sothe averagetransmission
rateis Mpacipac bits/sec.

The output data streamis well describedby two pa-
rameters. The first is the numberof paclet transmissions
neededo emptythe memory This “time-to-empty” con-
stantis definedasremp = % Theseconds the“packet-
normalized”utilization ratewhich measuresheratio of in-
putto outputrates:ppae =

Mpac

3. SUCCESSIVE-APPROXIMATION CODES

Successie-approximatiorsourcecodesarecomposeaf K
orderedsubcodes’y,...,Ck, of ratesRy, ..., Rk, respec-
tively. Usingsubcodes§, ..., C; (wherel < K), thesource
canbereconstructeto distortionD(Zi.:1 R;). Usingsuch
codesthesourcecanbereconstructegrogressiely aseach
subcodeébecomesvailable,ratherthanhaving to wait until



thewhole codeis available. If a successie-approximation
sourcecodeis optimalateachstep,i.e.,if D(-) isthedistortion-
ratefunctionfor thesourceijt is calledasuccessiveafinement
sourcecode.

As anillustration we considerthe caseof the Gaussian
sourcesignals,s;, introducedin Sectionl, undera mean-
squareddistortion (MSD) measure. Given ary K rates,
Ry,..., Rk, usingsubcodeg), ... ,C; we candescribes;

towithin distortionD (2221 Ri) = 02272%i=1 Bi Seq]2,
3, 4] for moredetails.

4. NON-ADAPTIVE ALGORITHM

As a baseline,we describea non-adaptie algorithm that
doesnot exploit ideasof successie-approximatiorsource
coding. If arny partof a non-successe sourcecodeis lost,
the sourcecode becomescorruptedand thereforeuseless.
For this reasonthe ratesof the codesdescribingthe sig-
nalscannotbevarieddynamically Thistypeof algorithmis
static;thedesignemustdecidea priori atwhatrateto quan-
tize eachsignal. As shawn in [4], the optimal choiceis to
guantizethesignalsatequalrates.Given £mem is choseras
themaximumnumberof signalsthequeuecanhandleatary
onetime, eachsignalis quantizedat rate M;ot/N Kmem =
Rq1/kmem- At this quantizatiorrate,the minimumachiev-
ableMSD (achievablefor large N) is E [D; kmem] =

032_2% . Becausedhe decoderequiresthe entire non-
successie sourcecodebeforedecodingcanbegin, the non-
adaptve algorithmsendsts queuedsignalsoneatatime.
Non-Adaptive Algorithm:

0. Dividethememoryinto kmem blocksof size Mot / £mem-
1. If apacketis to be sent: includeall bits relevantto a
particularcodeuntil thewhole codehasbeensent.

2. If asignalis recevedand(a) the queueis not full then
assigrthesignalto oneof theavailablememoryblocks.The
signalis encodedat distortionD = g22~2fa1/kmem,
Otherwise(b) the queueis full. The new signalcannotbe
stored,is lost, andincursdistortion D ., = o2.

5. ADAPTIVE ALGORITHM

Theadaptve algorithmconsistof two sub-algorithmsvith

parallel structure. The first is an extractionalgorithmthat
prioritizessub-descriptionfor inclusionin the next paclet.

In effectthis algorithmconcatenatesub-descriptionsto a
supetrpaclet. The seconds a storagealgorithmthatdeter

mineshow to shufle memoryresourcesn orderto quantize
andstoreanewly recevedsignal.

Supposesignalss;, . .., s,—1 have beenreceved and
stored. Define kyec; andkqy,;, 4 = 1,...,m — 1, respec-
tively asthe numberof bits describings; alreadyatthedes-
tination(i.e., alreadytransmittecby the queue) andstill re-
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Fig. 2. Determinepaclet contentshy “waterfilling” to the
dashedine, which satisfieszg’;1 Opac,i = Mpac. Shaded
rectanglesndicatek,..,; andwhite rectangles, ;.

tainedin the queue. The descriptionrate of eachs; at the
destinationis R; = krec,i/N. Usingsuccessie-refinement
sourcecodesthe MSD atthedestinatioris E [D] =

L Z?;l 022728 Definedpac,; to bethenumberof bits
from the encodingof signals;, to be includedin the next
paclet. Theoreml givesthe optimal choicefor the dpac ;-

Theorem 1 (Determinin@ipac,;) Lets; beasdefinedn Sec-
tion 1. Thea priori bit allocationsfor them — 1 signalsat
thedestinatiorandat thequeueare kyec,; andkqy,;, respec-
tively. Theoptimalchoicesfor the dyqc,;, are:

Opac,; = min {max {0, % log [2 In 2%%] - krec,i} ,kqu,i},

whee X is chosensothatzz’;1 Opac,i = Mpac. Thea pos-

teriori bit allocationsare ke, = krec,i + Opac,s and

new

kqu,i|new = kqu,i — Opac,i-

This methodfor determiningwhich bits are most useful
to transmitis akin to “waterfilling” for colored Gaussian
channelsn channel-codingheory andisillustratedin Fig. 2.

Supposss,, is recevedandmustbe stored. The a pri-
ori bit allocations kqy:, ¢ = 1,...,m — 1 upperboundthe
a posterioribit allocationsin the queueafters,, hasbeen
receved. Since,at most,all memoryresourcesanbe as-
signedto stores,,, its a posterioribit allocationis upper
boundedoy M, ; thereforekqy,m = Miot. Definedyy ; to
bethechangesn bit allocationsmadein orderto stores,, .
Theorem?2 givesthe optimalchoicefor the dg, ;-

Theorem 2 (Determiningdqy,;) Lets; beasdefinedn Sec-
tion 1. Thea priori bit allocationsfor the m signalsare
Erec,; andkqy ;. Theoptimalchoicedfor thedyy i, are: dqy,; =
2

min {max {0, krec,i + kqu,i — % log [2 In 2%’%} } ,kqud}
whee X is chosensothat }-7" | (kqu,i — Oqu,i) = Miot-
Thea posterioribit allocationsare krec ;| = krec,; and
kqu,z’|new = kqu,i — Oqu,i-

new
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Fig. 3. Determinememoryreallocationdy “reversewater
pouring” to the dashedine, which satisfiesy " (kqu,i —
Oqu,i) = Mior. Shadedectanglesndicatek,e.,; andwhite
rectanglesqy, ;-

This methodfor determiningbit allocationsis akin to “re-
versewaterpouring” for coloredGaussiarsourcesn rate-
distortiontheory andis illustratedin Fig. 3.

Adaptive Algorithm:

1. Whendecidingon the contentsof the next packet for
transmission(a) Calculat&,,.,; for all ¢ accordingo Thm. 1.
(b) Concatenat¢he mostsignificantdy,c,; bits of eachsig-
nalinto thenext pacletto betransmitted(c) Increaséec,;,
anddecreasey ;, by dpac,i-

2. Whena new signals,, is receved, encodeit usinga
successiely-refinablesourcecode: (a) Calculatekqy,; —
dqu,; for all ¢ accordingto Thm. 2. (b) Reducethe queue
memoryallocateds; t0 kqu,; — dqu,i- (C) Stores,, using
kqu,m — Oqu,m bits.

Whenimplementingthis algorithm,thereis somegran-
ularity in dpac,; anddqy,; thatwe have sofar not takeninto
account. Basically dpac,; anddgy,,; mustbe chosento be
integer multiples of the bit-size of eachof the successie-
approximatiorsub-codesGiventhereare K subcodeshe-
oreticallyl « K <« N. Theresultspresentedn the next
sectionassumehat K (andhence N) is verylarge,sogran-
ularity effectsarenegligible.

6. ALGORITHMIC ANALYSIS

In [4] we derive boundson the distortion performanceof
gueuemanagemerdlgorithms.First,we shav alowerbound
onthenormalizedVSD achievableby arny algorithmis

R,
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Secondin [4] we shav thattheperformancef thenon-
adaptve algorithmis: E [D; kmem]

norm —
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where pgi,, the “signal-normalizedutilization rate, is de-
fined as psiz; = H;\is = Aane:“lij. The reciprocalof the
“signal-normalized transmissiorrate, 1/ ps;g, iS the aver
agetime it takes the non-adaptie queueto transmitone
quantizedsignal. The two termsof (2) correspondo dis-
tinct sourcesof distortion. The first is quantizationnoise.
This noiseresultsfrom the finite memoryresourcesvail-
ableto describesachsignal. The seconds overflow distor
tion. Whenthe queueis full, receved signalsarelost, and
maximumdistortion(o2) is incurred.

Furthermorethe performancef thenon-adaptrealgo-
rithm (2) is parameterizetly £mem, butis afunctionof pgig.
Generally the systemdesignemustchoosexmem Without
knowledgeof pgi,. We defineskmem,opt 10 bethe kmem that
the designemwould choosegivenperfectknowledgeof p;g,
ie.,

Kmem,opt = aIgMin E [D; Kmem]porm =~ PpacTemp-  (3)

The secondequalityis shavn to hold, to first order, in [4].
Comparisorwith the definition of pg;; shavs that this is
the Kmem foOr which ps; = 1. Substituting(3) into (2) we
getalower-boundon the union of performancescrossall
possiblenon-adaptre algorithms.

Finally, simulationsconfirmthatthe performancef the
adaptve memorymanagemergystemalwayslies between
the boundfound by substituting(3) into (2), andthe bound
on all algorithmsgivenby (1), which we rely onin the se-
quel.

7. COMPARISON OF ALGORITHMS

In Fig. 4 typical performancesurvesfor thequeuemanage-
mentalgorithmsare plottedversusp,,.. Thelower bound
on the union of performancecurves of all possiblenon-
adaptve algorithms(dashedcurve), derived by substitut-
ing (3) into (2), is quitecloseto the boundon all algorithms
(solid curwe) from (1). The adaptive algorithm’s perfor
mancefalls betweenthesetwo curves. If ppac is known,
the non-adaptie algorithm could be optimizedto the par
ticular ppac, capitalizingon the computationakimplicity of
that algorithm. The disadwantageof doing this is that the
performanceof the non-adaptie algorithmis quite fragile
anddependsnarkedly on perfectknowledgeof pp,c, aswe
discusdurtherbelow
Theperformanceurves(dottedcurves)of thethreenon-
adaptve algorithmsplottedin Fig. 4 have two distinct re-
gionsof operation:kmem < Kmem,opt aNUKmem > Kmem,opt
(or psig < 1 andpsz > 1). Thesearethe ‘memory-con-
strained’and‘communication-constrainedégionsof oper
ation, respectiely. In the memory-constrainedegion the
distortionis dominatedby the first termin (2) — quantiza-
tion noise— which is invariantto changesn pp,c. In the
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Fig. 4. NormalizedMSD versusppac, Rq1 = 100, Temp =
40. MSDsfor Kmem = 50,100,200 are plotted as dotted
curves. Thesekmem areoptimal for ppac = 1.25,2.5,5,
respectiely. The lower boundson all non-adaptie algo-

rithms and all algorithmsare plotted as dashedand solid
curves,respectiely.

communication-constrainegtgion the distortionis domi-
natedby the secondterm in (2) — memoryoverflow —
whichis anincreasingunctionof pp,c.

To quantify the superiority of the adaptve algorithm,
we determinethe extra resourcesiecessaryor the perfor
manceof the non-adaptie algorithm (for £mem fixed) to
matchthe performancdoundonall algorithms(1). Match-
ing this boundguaranteethatthe performancef theadap-
tivealgorithmis alsomatched Sincetheperformancef the
adaptve algorithmis quitecloseto theall-algorithmbound,
this gives a good senseof the superiority of the adaptie
algorithm. This analysisis donein [4] andthe resultsare
plottedin Fig. 5.

In the memory-constrainedegion, M., must be in-
creasdo Ymem Mot (SOlid curve) for the non-adaptie per
formanceto matchthe bound. In the communication-con-
strainedregion, the communicationrate pp,, mustbe in-
creasdo Yeom Mpac (dotted,dash-dottednddashedurves)
for the non-adaptie performanceo matchthe bound. The

factorsypem andvycom canbe shavn to be: ynem = pl_ )
sig

andycom = psig [ T 5=Rqi mem ] Clearly, the choice

of kmem CONtrolsthe performancef thenon-adaptre algo-
rithm.

If anincorrecCtkmem is choserfor a given pgig (Or psig
changesor is unknawn), the performancerelative to the
adaptve algorithmdeclinesquickly, andsignificantly This
indicatesthat the non-adaptie algorithm is quite fragile,
comparedwith the adaptve one. In the communication-
constrainedegionthisfragility becomegvenmoremarked
for decreasingemem. AS kmem IS decreasedthe signal
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Fig. 5. The percentagéy which systenresourcesnustin-
creasesothatnon-adaptie algorithmperformances guar
anteedto matchadaptve algorithm performancefor fixed
Rq1 = 100, Temp = 40, andkmem = 50, 100, 200.

quantizationrate increasesjut communicationresources
arelimited, so buffer overflows becomemorelikely. This
effectis shawvn for threechoiceof k., (dotted,dash-dotted
anddashedturves)in Fig. 5.

8. EXTENSIONS

In this papemwe have assumedhatthe signalsarequantized
using a successie-refinementode,that all sourcesignals
arewhite, andthatthereare no delay constraints.\We de-

veloptoolsto relaxthefirst assumptiorin [5], we relaxthe

secondn [4], andfocuson relaxingthethird in currentre-

search.
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