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Abstract

The state of the art in verifying the real-time require-
mentsof applicationsdevelopedusing generl processing
graph modelsrelies on simulationor off-line scheduling
We extendthe stateof theart by presentinganalyticalmeth-
ods that supportthe analysisof cyclic processinggraphs
executedwith on-line schedules. We showthatit is possi-
ble to computethe latencyinherentin a processinggraph
independenbf the hardware hostingthe application. WWe
also showhow to computethe real-time executionrate of
ead nodein the graph. Using the executionrate of eath
nodeand the time it takes per executionon a given pro-
cessorthe resulting CPU utilization can be computedas
shownhere for the DirectedLow FrequencyAnalysisand
Recoding (DIFAR) acousticsignal processingapplication
fromthe Airborne Low FrequencySonar(ALFS)systenof
the SH-60BLAMPSMK Il anti-submarinehelicopter

1. Intr oduction

We presenthe analysisandverificationof the real-time
propertienf anembeddedignalprocessingpplicationfor
an anti-submarinevarfare (ASW) system. More specifi-
cally, we studythe CPUrequirementandinherentprocess-
ing lateng of the DirectedLow Frequeng Analysisand
Recording(DIFAR) acousticsignal processingapplication
from the Airborne Low Frequeng Sonar(ALFS) systenmof
theSH-60BLAMPS MK 11l anti-submariné&elicopter The
ALFS systemprocessefow frequeng signalsreceived by
sonoluoysin thewater Its primaryfunctionis to detectand
track submarinesand to calculaterangeand bearingesti-
mateso eachtarget[14].

The DIFAR applicationwas developedusing the U.S.
Navy’sProcessingsraphMethod(PGM)[17], andexecutes
on the U.S. Navy's standardsignal processingcomputer
theAN/UYS-2A. PGMis oneof mary applicationdevelop-
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mentparadigmsasedn directedgraphscalledprocessing
graphs which area standardiesignaid in thedevelopment
of complex digital signal processingsystems. Processing
graphsarelarge graindataflav graphsin which nodesrep-
resentprocessindunctionsandgraphedgesepicttheflow
of datafrom onenodeto thenext. Eachdataelementhatis
processethy a nodeis asampleof thesignal— anelement
of thediscretesequencef numbersepresentinghesignal.

GeneraprocessingraphparadigmssuchasPGM, have
beenusedto createawide varietyof applicationge.g,com-
mandand control, distributed multimedia,and signal pro-
cessingapplications). While this paperfocuseson a spe-
cific acousticsignal processingapplication, the analysis
presentechereis applicableto any applicationdeveloped
usingagenerabprocessingyraphmodelsuchasPGM.

The stateof the art in verifying the real-timerequire-
mentsof applicationsdevelopedusing generalprocessing
graphmodelsrelies on one of two techniques. The first
simulatesgraph execution, and hopesthat the simulation
encountershe worst casescenaria(i.e., thatthe simulated
graphexecutionis performedong enoughto encountethe
peakprocessoidemand). This techniqueis generallyap-
pliedwhendynamicschedulings usedfor graphexecution.
The secondtechniqueis appliedwhen staticschedulingis
usedto determinethe order of nodeexecutions. An “off-
line” algorithm createsa node executionschedulethat is
repeatederiodically Thelengthof the schedulqi.e., the
period of the schedule)determineghe latengy and mem-
ory usageof the application. This techniquerequiresthe
generatiorandon-line storageof alarge numberof sched-
ulesfor thevariousmodesof operatiorof the ALFS subsys-
tem. Consequentlythe ALFS systemuseson-line schedul-
ing ratherthanstaticscheduling This meanshowever, that
it hasnot beenpossibleto verify the real-timeprocessing
requirement®f the ALFS signalprocessingyraphs.

We extendthe stateof the art in verifying the real-time
requirementsof applicationsdevelopedusing processing
graphmodelsby presentinganalytical methodsthat sup-
port the analysisof cyclic processingyraphsexecutedwith
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on-line schedulers,such as the DIFAR graph. In [11],
we proposeda new synthesistechniquefor building hard
real-timesignal processingsystemsrom generalprocess-
ing graphsanddemonstrateds usewith a syntheticaper
tureradar(SAR) systemaninternationaMaritime Satellite
(INMARSAT) mobile satelliterecever application,andan
acousticdigital signalprocessingpplication.Herewe use
someof thosetechniquego calculatethe CPU utilization
of the DIFAR graphexecutingon the AN/UYS-2A andto
computetheinherentiateng in thesignalprocessingraph.
Inherentlateng is createdoy non-unitydataflav attributes
andgraphtopology We show thatboththe CPU utilization
andtheinherentlateng of the signalprocessingyraphcan
be analyticallyderived. Moreover, we shav thatthe inher
entlateng in the signalprocessingyraphis independenof
theschedulingalgorithmandevenof the numberof proces-
sorsusedto executethegraph.

The restof this paperis organizedas follows. Section
2 describegelatedwork. Section3 presentshackground
knowledgeon PGM andthe real-timeanalysistechniques
thatareappliedto the DIFAR graphin Section4. We con-
cludeour analysisof thereal-timepropertiesof the DIFAR
graphwith asummaryin Section5.

2. Related Work

Our previouswork on the synthesiof real-timeunipro-
cessorsystemsfrom PGM was basedon agyclic PGM
graphd1, 9, 10]. In this paperwe presentheanalyse®f a
cyclic PGM graph. This is thefirst time generalexecution
ratesand inherentlateny have beencomputedfor cyclic
graphs.Sincewe do notassumeheexistenceof areal-time
scheduleor evenknowledgeof the type of schedulingper
formed during graph execution,we do not, in this paper
addresdateny imposedy theschedulingandexecutionof
the graphnodes. A completediscourseon lateng in pro-
cessinggraphss containedn [11].

From the real-time literature, PGM graphsare most
closely relatedto the Logical Application StreamModel
(LASM) [5] andthe GeneralizedraskGraph(GTG) model
[6]. PGM, LASM, andGTG wereall developedindepen-
dently andsupportvery similar dataflav properties.PGM
wasthefirst of theseto be developed. Our work improves
on the analysisof LASM and GTG graphsby not requir
ing periodicexecutionof the nodesin the graph. Instead,
we calculatea more generalexecutionrate, which canbe
reducedto averageexecutionratesassumedn the LASM
andGTG models.Our generalexecutionrate specification
provides a more natural representatiorof node execution
for PGM graphs. Forcing periodic executionof all graph
nodesaddslateng to the processedignal, but simplifies
the analysisof latengy andmemoryrequirementslin [10],
we modelPGM nodeexecutionwith the morenaturalexe-

cutionrateandimprove memoryusageanalysisy shaving
thatdynamicschedulingwith executionratesresultsin less
memoryusagehanperiodicor staticscheduling.

Processinggraphsare a standarddesignaid in digital
signal processing. From the digital signal processindit-
erature,PGM is most similar to Lee and Messerschmits
Synchronou®ataflov (SDF)graphg16] supportedy the
Ptolemysystem[4]. The SDF graphsof Ptolemyutilize a
subsebf the featuressupportecoy PGM. Any SDF graph
can be representechs a PGM graphwhere eachqueues
thresholdis equalto its consumevalue. In additionto sup-
portinga moregeneraldataflav model,our researchtiffers
from[16] in thatwe supportdynamic,real-time,scheduling
techniquesatherthancreatingstaticschedules.

In 1996, BhattacharyyaMurthy, and Lee publisheda
methodfor software synthesisfrom dataflav graphs[2].
Their software synthesismethod is basedon the static
schedulingof Lee and Messerschmits SDF graphs. The
main goal of Bhattacharyyaet al.’s software synthesis
method and related schedulingresearchbasedon SDF
graphshasbeento minimize memory usageby creating
off-line schedulingalgorithms[16, 18, 20, 19, 2]. Off-line
schedulerscreatea static node executionschedulethat is
executedperiodicallyby the processarln contrastthe pri-
mary goal of our researcthasbeento managehe lateng
andmemoryusageof processingraphsby executingthem
with an on-line scheduler Recentlywe have shavn that
for a large classof applications,dynamicon-line schedul-
ing createdessimposedateng thanstaticscheduling.An
evenmoresurprisingresultis that,in mary casesdynamic
on-line schedulinguseslessmemoryfor buffering dataon
graphedgeghanstaticschedulind10].

Our latengy analysisis relatedto the work of Gerberet
al. in guaranteeingnd-to-endlateng requirementson a
single processol8]. However, Gerberet al. map a task
graphto a periodictaskmodelin the synthesisof real-time
message-basesystemsatherthan assuminga rate-based
execution.Our analysisandmanagememnf lateng differs
from Gerberet al.’s in that PGM graphsallow non-unity
dataflov attributes.Finally, Gerberetal. introducenew (ad-
ditional) tasksto the task setin their synthesismethodto
synchronizeprocessingpaths. Our synthesismethoddoes
notneedextrasynchronizatiotaskssinceouranalysigech-
niguesarerate-basedatherthanperiodic.

3. Background & Analysis Techniques

A basicunderstandingf PGM andthe theory of real-
time graph executionis necessanbefore one can under
standour analysisof thereal-timepropertieof the DIFAR
graph.Thus,this sectionpresents brief overvien of PGM
followedby thetheorysupportingour analysisechniques.
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Figure 1. A two node chain.

3.1 ProcessingGraph Method

In PGM, a systemis expressedas a directedgraphin
which the nodes(or vertices)representprocessingfunc-
tionsandtheedgegsepresenbufferedcommunicatiorchan-
nels called queues. The topology of the graph defines
a software architecturendependenbdf the hardware host-
ing the application. The graph edgesare First-In-First-
Out (FIFO) queues. There are four attributes associated
with eachqueue: a produceamountprd(g), a threshold
amountthr(g), a consumeamountcngq), and an initial-
izationamountinit(q). Let queueg bedirectedfrom nodeu
to nodew. The produceamountprd(q) specifieshe num-
ber of tokens (dataelementslappendedo queueq when
producingnodeu completesxecution.A tokenrepresents
aninstanceof a datastructurewhich may containmultiple
datawords. Theremustbe at leastthr(q) tokenson queue
q beforenodew is eligible for execution. A queueis over
thresholdif the numberof enqueuedokensmeetsor ex-
ceedsthe thresholdamountthr(q). After nodew executes,
the numberof tokensconsumeddeleted)from queueg by
nodew is cngq). The numberof initial datatokenson the
queusis init(q).

Unlike mary processinggraphparadigmsPGM allows
non-unityproducethresholdandconsumemountsaswell
as a consumeamountlessthan the threshold. The only
restrictionson queueattributesis that they must be non-
negative valuesandthe consumeamountmustbe lessthan
or equalto thethreshold.For exampleconsiderthe portion
of achainshawvn in Figurel. The queueconnectinghodes
u andw, labeledq, hasprd(q) = 4, thr(q) = 7,cngq) = 3,
andinit(q) = 0. (A queuewithoutaninit(g) labelcontains
no initial data.) Node v must executetwice beforenode
w is first eligible for execution. After nodew executes,
it consumesnly 3 of the 8 tokenson its input queue. A
thresholdamountthatis greaterthanthe consumeamount
is often usedin signal processindilters. The filter reads
thr(q) tokensfrom the queuebut only consumegngg) to-
kens,leaving at least(thr(g) — cngq)) onthe queueto be
usedin thenext calculation.

If a nodehasmorethenone input queue(input edge),
thenthe nodeis eligible for executionwhenall of its in-
putqueuesreoverthresholdi.e.,wheneachinputqueuey
containsat leastthr(q) tokens). After the processindunc-
tion finishesexecuting,prd(q) tokensareappendedo each

outputqueueq. Beforethe nodeterminateshut after data
is produced,cnyq) tokensare dequeuedrom eachinput
gueueg. Theexecutionof anodeis valid if andonly if the
nodeexecutenly whenit is eligible for execution,no two
executionsof the samenodeoverlap,eachinput queuehas
its dataatomically consumedafter eachoutput queuehas
its dataatomically producedanddatais producedat most
onceon anoutputqueueduring eachnodeexecution.

A graphexecutionconsistsof a (possiblyinfinite) se-
guenceof nodeexecutions. A graphexecutionis valid if
andonly if all of the nodesin the executionsequencéiave
valid executionsandno datalossoccurs.

3.2 Real-Time Graph Execution Theory

Embeddedsignal processingsystemsreceve a contin-
uous signal from external sensors. They are requiredto
procesghe signalin real time and presentthe signal pro-
cessingresultsto an outputdevice within a specifiedtime
interval. Processinghe signalin realtime requiresexecut-
ing the PGM graphnodesso that they executetheir pro-
cessingfunctionsas the signal arrives and without losing
data. For example,someof the ALFS signal processing
graphsareusedto track submarinedy calculatingthe dis-
tance,speed.anddirection of a submarine.Externalsen-
sors,calledsonoluays, corvert the soundwave createdby
asubmarindo adigital signalthatis inputto aPGMgraph.
Thegraphmustprocesghesignalandsendtheresults such
asupdatedlistancespeedanddirection,to adisplaybefore
thenext portionof thesignalis sentby the sonoluoys.

The notationandterminologyof this paper for the most
part, is an amalgamatiorof the notationand terminology
usedin [3] and[2]. A processinggraphis formally de-
scribedas a directedgraph (or digraph) G = (V, E,v).
The orderedtriple (V, E, ) consistsof a nonemptyfinite
setV of vertices a finite setE of edges andanincidence
function v thatassociatesvith eachedgeof E an ordered
pair of (not necessarilistinct) verticesof V. Consideran
edgee € E andverticesu,v € V suchthaty(e) = (u,v).
We saye joins u to v, or v andv are adjacent. The ver-
tex u is calledthe tail or sourcevertex of e andwv is the
heador sink vertex of edgee. Theedgee is anoutputedge
of 4 andaninput edge of v. The numberof input edges
to a vertex v is the indegree 6~ (v) of v, andthe number
of outputedgesfor a vertex v is the outdeyree §+(v) of
v. A vertex v with 6~ (v) = 0 is aninputnode The set
T = {v|veVAJ (v) =0} denoteghe setof all input
nodes.A vertex v with §*(v) = 0 is anoutputnode The
setO = {v | v € VA 6t (v) = 0} denoteshesetof all out-
put nodes.For u,v € V, thereis a path betweenu andv,
written asu ~» v, if andonly if thereexists a sequencef
vertices(wy , ws, - . ., wg) suchthatw; = u, w; = v, and
w; is adjacento w1 fori = 1,2,...(k — 1). ThesetZ,



is thesubsebf inputnodesZ from whichthereexistsapath
fromu € 7 tothenodew. Likewise,theset, isthesubset
of outputnodes? from which thereexistsa pathfrom node
utow € O.

To simplify the presentatiorof executionratesandin-
herentlateng/, we assumethe graph executeson an in-
finitely fastmachineso that nodeexecutiontakesno time.
More precisely we assumenodesexecutein accordance
with thestrongsynchrory hypothesidrom the synchronous
programminditerature[7]. The strongsynchroly hypoth-
esisstateghatthe systeminstantlyreactsto externalstim-
uli, which lets us definerate executionsin the absenceof
schedulingalgorithms.

Definition 3.1. An executionrateis anintegerpair (z,y).

Definition 3.2. An executionrate specificatiorfor nodev,
R, = (z,y), isvalidif thereexistsatimet suchthatnodev
executesxactly z timesin timeintervals[t + (k — 1)y, t+
ky) for all £ > 0.

Corollary 3.1. If R, = (z,) is a valid rate specification
for nodev, thenm - R, = (m -z, m - y) is alsoa valid rate
specificatiorfor nodev.

Proof: The proof follows immediately from Defini-
tion 3.2. O

In [9], we derived executionratesfor nodesin a PGM
chain. The executionrate theoremof that paperis repro-
ducedheresincewe will usethisresultto extendtheanaly-
sisto includenodeswith multiple input queues.

Theorem 3.2. Let u ~» w be a PGM chain with ¢(q) =
(u,w), andlet R,, = (z,y,) beavalid executionratefor
nodewu. Underthe strong syndirony hypothesisthe execu-
tionrate R, = (%, yw), Whee

_ prd(g) r
ged(prd(q) - z,cngq)) @)
and Yw = CnS(Q) *Yu

ged(prd(q) - ., cngq))

is a valid executionratefor nodew.

Equation(1) canbe usedto derive the executionrate of
ary consumein termsof its producersn a chainof nodes.
For example,given«(q) = (u,w) for queueg andan ex-
ecutionrateof R, = (z, = 3,y, = 16) for nodew in
Figure 1, the executionrate of the consumemnodew is de-

rivedasfollows:

R, = (xwayw)
:( prd(q) * Ty
ged(prd(g) - zu,cngq))’

cndq) - Yy )
ged(prd(g) - 24, cndg))

[ 43 3-16
~ \ged(4-3,3) ged(4-3,3)

12 48 12 48
(s iz = (35) =419

Ty =4
Yuw = 16
Now considera generaPGM graphin whichanodehas

multiple input queuessuchasthe graphin Figure2. Node
w is aconsumenof dataproducedby bothw andv; ¢¥(a) =
(u,w) andy(B) = (v,w) definetwo producer/consumer
pairs.We usethenotationR . = (Twu, Twew) tOrep-
resentthe executionrate of nodew with respectto node
u. With R, = (3,16) (the executionrate of node u),
R, is derived using Equation(1) as shovn above with
Ry = (4,16). Likewisewith R, = (2,12), Ry, (the
executionrateof nodew with respecto nodev) is:

Rw(—v = (xw(—vy yuM—v)

:( prd(8) -z ens(8) - o )
ged(prd(B) - z.,cns(B))’ ged(prd(B) - z4, cns(B))

(32 2.12
~ \ged(3-2,2)" ged(3-2,2)

6 24 6 24
= = -, — = ]_2
(gcd(6,2)’gcd(6,2)> (2’ 2) (3,12)
Twew =3
=
{yuH—v =12
Sincenodew canonly executewhenbotha andj are
over threshold,neitherR,, ., nor R,,._,, satisfiesthe def-
inition of a valid executionrate for nodew. Obsenre that
althoughRyy # Ruwe, We do have ””W—" = ””W—“.

Lemmag3.3 stateghatwithout this equallty it wouId be|m—
possibleto schedulea valid executionof thegraph.

Lemma 3.3. Using Equation(1) to evaluatethe execution
rate of nodew with respecto its adjacentpredecessain
thedigraph, if a valid graph executionis possibleusingfi-
nite memoryfor buffering then zw:" = Zw*-v for all u,v
for which there existsqueuesy, § sud thaty(a) = (u,w)

andy(8) = (v, w).

Proof: (We prove the contrapositie.) zw:" # z:::.
Obsenre thatin an interval of length y,,« - Yw«o time
units node v would produceenoughdatafor nodew to
eXeCUtex . 4 - Yuweo timesif nodesu andw were pro-
ducer/consumepairsin achain,andnodev would produce
enoughdatafor nodew to executer,,« o - Yw v timesif

nodesv andw wereproducer/consumerairsin achain.
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Figure 2. A three-node graph and time-line execution showing the execution of nodes under the

strong sync hrony hypothesis.

If R, = (3,16) and R, = (2,12) are valid after time O, then R,, = (12,48).

Each down arrow represents an execution of the node. Multiple executions of a node at the same
instant are represented by a number above the down arrow.

Since ;::: 7é ww(_v = Tw+u " Ywev 75 L *
Ywey and nodew can only executewhen all of the in-
put queuesareover threshold nodew canexecuteat most
Min(Tyy * Ywiv, Lwew - Twey) iMesin ary interval of
lengthy o - Y. Thereforedatawill backup on the
queuethatrequiresmax (T« v * Ywewv, Twwv * Twew) EX-
ecutionsof nodew in the sameinterval. Sincewe have
only finite memoryavailable, datawill eventually be lost
andavalid graphexecutionis impossible Thereforef valid
graphexecutionis possible, 7= for all u, v for
WhlchthereeX|stsqueue$x,6suchthat¢( ) = (u,w) and

P(B) = (v, w). O

Theorem 3.4. LetG = (V, E,+) be an acyclic PGM di-
graph for which a valid executionis possibleusing finite
memoryand nodew € V with §~(w) > 1. Theexecution
rateof nodew is R,, = (%, yw) Whee

Zweu — Twewv

{ cngq)yu
ged(prd(g)z., cngq))

_ (prd(g)zy " ww
2= (BB ) Vo bla) = (1)

Proof: The proofis constructedn two parts. In the first
partwe provethatfor a (u, w) pair, with anadjoiningqueue
a, Equation(2) derivesa valid ratefor nodew with respect

Yuw = lem | 9(g) = (u,w)},

(2)

to nodeu. In thesecondpartwe shaw thattheratederived
usingthey(a) = (u,w) pairis thesamefor all u» € V and
g € E suchthaty(q) = (u, w).

If nodew werein achainsuchthatu andw wereapro-
ducer/consumepair () = (u,w), thenEquation(1) de-
rivesthe executionrate of w with respecto v asRy« , =
(Twus Ywu) Where

prd(a)
ged(prd(a) - z,,, cng@))

cnga)
ged(prd(a) - x, cnda))

Tweu =

and  yyu = “Yu-

Let Ry = (Tw, Yuw) = (My * T, My * Ywe) Where

lem{ oy Yo | 9(a) =

(v, w)}
My = )
Yweu

By Theorem3.2 andCorollary3.1if R,,.,, is avalid rate
specificationfor nodew with respectto nodew, then R,,
is aswell. We now reducethis expressionto the form of



Equation(2):
Yw = My~ Yweu
lem{

cnsq) _
o)y Y | (@) = (v, w)}

CYweu
Yweu

cngq)
ng(prd(q) * Ty,

= lem{

Thus,

Cnf(q)) Yo | ¢(Q) = (an)}‘

Tw = My * Tw+u

lem{ gty - Yo | %(a) = (v, w)}
= *Lwe—u
Ywe—u
= Juw *Tw+u
Yweu

_ Yo ( prd(a) )
m Yu ng(prd(a) * Luy Cnia))

=_ Y .

= onda) . prd(a) - z,,

_ prd(a) -

e (cns(a>-yu> '

We now show by contradictionthatVu € V, g € E such
thaty(q) = (u,w) usedto derive R, if thegraphis valid,
Ry = (zw,yw) is avalid rate specificationfor node w.
Supposedi,j € VA Ja, 8 € E suchthaty(a) = (i, w),
¢(ﬂ) = (jaw)i ande = (mz * Lawe—is My - yw<—i) #

(M - Tywej, Mj - Ywej) Wherem; ande aredefinedas
above. Thenfest # Twej ginceleluck — Twek Byt if

Ywej Mk Yw—k Ywek
;Zf #* fl”“f then,by Lemma3.3,avalid graphexecution
is not possiblewith finite memory Thereforeif thegraphis
valid, R, = (2w, yw) derivedwith Equation(2) usingthe
P(a) = (u,w) pairis the samefor all v € Vandg € E

suchthaty(q) = (v, w). O

It is reassuring(and necessaryfor correctnesssince
Equation(1) and Equation(2) defineminimal intervals in
which a valid rate specificationexists) that Equation (2)
reducesto Equation(1) when a nodehasonly one input
queue:

cngq)
ged(prd(q) - z., cngg
_ cngq)
ged(prd(q) -z, cndq))
prd(g) m)
cngq) - Yu
_ cnggq) o (prd(q) wu>
ged(prd(q) - z4,cngq)) 7 \cndg) -y
_ prd(q) - zu
ged(prd(g) - zu, cndgq))
_ prd(q)
ged(prd(q) - zu, cngq))

Yy = lem{

*Yu

:mvzyv'<

c Ly

Therefore,Equation(2) is equalto Equation(1) whena
nodehasonly oneinput queueand either expressioncan
beusedto calculatethe consumenodes executionrate.
We now returnto the problemof finding the execution
rateof nodew in Figure?2. Slncezw—" = Zwev e can

Yw+wv

useEquation(2) to derive the execut|onrate0f nodew

Y = lem{ cng@) - Yu , cng(B) - yo }
ged(prd(e) - €, cnda)) * ged(prd(B) - z., cng3))
= lem{ gcd(43- 3,3) 16, gcd(32- 2,2) 12}
=lem{ gy 16 gcd(26, 5 12

3 2
=lem{J - 16,2 - 12
Cm{3 ' 5 }
=lcm{16,12} =48

ThereforeR,, = (2w, yw) = (12,48).
For example,givennodesy andv in Figure2 with R,, =
(3,16) andR, = (2, 12), theexecutionrateof w is:

Y = lem{ cnga)yu cngB)yv }
“ ged(prd(a)z., cnga))’ ged(prd(8)z., cng(B))
~ fem{ 3-16 2-12 }
N ged(4-3,3) ged(3-2,2)
{ﬂ &}_1 m{16,12} = 48
_ prd(a) - zo \ _ 4-3Y\ _
o= (Ggiyae) = (3735) =

Thus R, = (24,yw) = (12,48) and, after its first exe-
cution, nodew in Figure2 will executel2 timesin every
interval of length48.

The processorutilization createdby the execution of
the nodesin a graphcanbe calculatedusing Equation(3),
wheree,, is the executiontime of nodeu.

n
xI; - €;
i1 Yi

3)

iy, £t < 1, thenodescanbescheduledisinga sim-
ple on- I|ne schedulersuchthat the nodesexecuteat their
requiredexecutionrateandno incomingdatais lost[11].
Theorem3.4 canalsobeappliedto cyclic graphsf each
backedgegq in every cycle is initialized suchthatit is al-
waysover threshold. (A badk edge is a queueg that joins
nodew to an ancestorw whenthe graphis topologically



sorted.) Let ¢ be a backedgewith ¢(q) = (v,w). If it
canbe guaranteedhatnodew will alwaysfinish executing
within d, time unitsof whenit is eligible for execution,we
canguarantedackedgeq will alwaysbe over thresholdif
it is initialized suchthat

init(q) = F” * d”y_ St y”-‘ “Ty - CNYq) +thr(q) (4)

wheres, is the latestpossibletime nodev will first be eli-
gible to execute,s, + d, is thelatestpossibletime nodev
will completeits first executionands,, is the earliestpos-
sibletime nodew canbggin its first execution[11]. Before
we canpresenequationgo computes, ands,,, we needto
introducethe conceptof latengy andhow it is computedn
PGMgraphs.

A signal processingengineerdescribedateny as the
time delay betweenthe samplingof a signal and the pre-
sentatiorof theprocessedignalto theoutputdevice (which
maybeascreenspealer, or anothercomputer) While intu-
itive, this definitionis not preciseenoughfor our purposes
sinceindividual input samplescannotbe identified in the
prd(¢q) tokensproducedat onetime by an externalsource.
We definea sampleto be the setof tokensdeliveredby a
sourcenodeat onetime. Underthe strongsynchroty hy-
pothesis]ateng is the delaybetweerwhena sourcenode
produces sample(prd(q) tokens)andwhenthegraphout-
putsthe processedaignal. Thetotal latengy encounteredby
a sampleis anintegral unit of time createdby the sum of
thelateng inherentin the signalprocessinggraphandthe
additionallatengy imposedby theimplementationlnherent
latencyin agraphis createdy non-unitydataflav attributes
andthe graphtopology Inherentlateng exists evenif the
graphis executedon aninfinitely fastmachine Imposeda-
tencycomesfrom the schedulingandexecutionof nodesin
the graphsincewe do not have an infinitely fastmachine.
Thuslateng hastwo componentsandthetotal lateng any
sampleencounterganbe expressedvith the simpleequa-
tion

Total Latency= InherentLatency+ Imposed_atency

Let nodewu be a sourcenodein the setof graphsource
nodesZ, andlet queueg beanoutputqueueto sourcenode
u. Inherentlateng is the delay betweenthe enqueuingof
prd(¢q) tokensonto queueg by sourcenodewu andthe next
executionof the sink nodewhenthe graphis executedon
aninfinitely fastcomputer asassumedy the strongsyn-
chrory hypothesis.In simpledataflav modelsthatrequire
unity dataflav attributesand only allow one sourcenode,
theinherentlateng of the graphis 0 underthe strongsyn-
chrory hypothesisHowever, non-unitydataflav values(as
supportedy PGM) or multiple sourcenodescancreatesig-
nificantlateng in processinghesignal,evenif we have an
infinitely fastcomputer The inherentlateng any sample
encountersn acyclic graphis boundedoy Theorem3.5.

Theorem 3.5. LetG = (V, E, ) bea cyclic PGM graph
with rate-basedsource nodes. Letw € O, and let the
executionrate of souce nodej € Z,, be R; = (z;,y;).
Letlengthq) denotethe currentnumberof tokensin queue
q € E. LetP denotethe setof acyclic pathsfrom source
nodej to nodew. Leteverybad edge beinitialized suc
thatit is alwaysoverthreshold.Theinherentlatencya sam-
ple will encountelis boundedsud that

F,—1
max (0, { P J -yj> < SampleLatency
xr

peEP j
F,
< max (1, [—p-‘ -yj) (5)
pEP Zj

J
wheee p represents pathu~»w and F,.,, is definedas

(max (0, [0 1) i 3 : () = (u, w)

prd(q)
if g : ¥(q) = (u, V) Av# WA Fyiry >0

max (07 [(Fm»w—1)-Cn5(q)+lhf(q)*|en9“(t1)-|)

Fyow =

L0 if3g:¥(q) = (U, V) AVF WA Fyyy =0
(6)

Equation(6) computeghe numberof timessourcenode
j mustexecutebeforeenoughdatais producedto execute
sink nodew. Equation(5) then usesthis value to bound
theinterval of timein which nodew will next beeligible to
executewhichis theinherentlateng a signalencountersn
pathj~»w.

We now have the necessaryheoryto shov how s, and
5, arecomputedsuchthat we can guaranteghat a back
edgethatjoins nodewv to nodew in acycle is alwaysover
threshold.(Recallthat s, is the latestpossibletime nodev
will firstbeeligibleto executeands,, istheearliesipossible
time nodew canbegin its first execution.)

Theorem 3.6. Let queueq be a back edge in a cyclewith
¥(q) = (v,w). LetP,, denotethe setof acyclic pathsfrom
souice nodej to nodew. Let P, denotethe setof acyclic
pathsfromsourcenode; to nodevw. If queuey is initialized
with a numberof tokensgivenby Equation(4), whee s,, is

F,—1
s = max (0| 221 ™
PEPw 'Z-J
ands, is
F
Sy = max (17 "_P-‘ : y]> ) (8)
PEP x]

thenqueueg will alwaysbeover threshold.

Theproofsof Theorems3.5and3.6arein [11].



4. DIFAR Application

The analysispresentedhereis basedon a portion of the
actualDIFAR graph. However, the sameanalysismethods
have beenappliedto thecompleteDIFAR graph,aswell as
all of theothergraphsin theworst-caseoncurreng modes
thatthe ALFS systemmustsupport[12]. The actualpro-
cessingperformedby the DIFAR graphis classifiedby the
U.S. Government,so the following is an unclassifiedand
abbreviateddescriptiorof thegraph[13]. An understanding
of the actualprocessings not necessaryo computeCPU
utilization or to analyzdlateng in thegraph.

The DIFAR graph receves directed low frequeny
acousticdatafrom a sonoluoy and analyzesthe datafor
possiblgamgets,suchasenemysubmarinesr surfaceships.
The DIFAR graphhasover 80 nodesand 400 queuesand
operatesin threedifferent modes: constantpercentreso-
lution (CPR), constantresolution(CR), and vernier The
ALFS subsystentanexecutemary differentgraphssimul-
taneouslyon a distributedsystenof processorsOneworst-
caseconcurreng modethatit supportss the executionof
16instance®f theDIFAR graph,eachprocessinglatafrom
onesonohluoy. Thefrequeny spectrunof datarecevedby
the DIFAR graphis usuallypartitionedinto bands,andthe
graphcanbe configuredo procesgrom oneto eightbands.
Thus, while the full DIFAR graphhasover 85 nodesand
400 queues.thereare mary duplicatepathsin the graph
with eachpathoperatingon adifferentportionof thesignal.
Thegraphof Figure3 is anabstractepresentatioof aone-
bandDIFAR graph. It is a cyclic graphwith 31 nodesand
59 queues.All queueshave unity produce,consumeand
thresholdattributes unlessotherwiselabeled. Non-unity
producevaluesare labelednearthe tail of the queue,and
non-unitythresholdandconsumevaluesarelabeledhearthe
headof thequeue.Thedataflav attributesusedherearenot
theactualvaluesfrom the graph(the actualvaluesareclas-
sified). However, theratio betweerthe attributesof aqueue
is thesame.For example,if queuey hada produceof 1024
tokens;athresholdof 2048tokens;anda consumeof 1024
tokens,thesevalueswould be representeas: prd(q) = 1,
thr(¢) = 2, andcngq) = 1. All backedges,including
self-loopedgesareinitialized sothatthey areover thresh-
old. The numberof initial tokensis shavn on all queues
thatareinitialized exceptself-loopedges.Self-loopedges
areinitialized sothatthey arealwaysoverthreshold put the
numberof initial tokensis notshovn to reduceclutterin the
figure.

The processingspecific to the modesCPR, CR, and
vernier are locatedin the upperleft portion of the graph
in Figure3. The CPRprocessings performedby the node
DDAD (DIFAR directionanddetectiorfilter). The CR pro-
cessings performedby the nodesDDAD, CRfilter (CR fil-
ter), CRspedCR spectralanalysis),and CRdetec{CR de-

tectionfilter). The vernierprocessings performedby the
nodesDDAD, VernHlter (vernierfilter), VernSpedvernier
spectralanalysis),and VernDet (vernier detectionfilter).
The node BndMrg (band merge) memgesdatafrom all of
the active bandsinto one datastream. The DIFAR graph
in Figure3 only shovs oneprocessindandfor eachof the
threemodes.In thefull DIFAR graphtherewouldbe8 sets
of CPR,CR,andverniernodesgachreadyto processa sep-
aratebandof datapartitionedfrom the input signalby the
nodeBDF (banddefinitionfilter). The heasiestprocessing
loadis createdvhenthegraphoperatesn CR mode.In this
mode,no datais sentto the Vernfilter node. Thus,vernier
processings inactive in the CR mode,andnodesvernfilter,
VernSpecandVernDetdo notexecute.

4.1 NodeExecution Rates

Let Rsouce = (16, 625mg be awell-definedratespeci-
ficationfor sourcenodeSoucebeginningattime 0. Thatis,
nodeSoucedelivers16 sample®f thesignal(tokens)in ev-
eryinterval of 625ms Tablel lists,in topologicalorder, the
rate specificationdor the othernodesin the graphderived
using Equation(2) of Theorem3.4. Excludingself-loops,
two backedgesare detectedwith a topologicalsort of the
graph:the queueconnectingnodeMstrMCSto nodeBDF,
whichis initialized with onetoken,andthe queueconnect-
ing node GramDatato node SIvMCS which is initialized
with two tokens.However, beforewe canbeguaranteethat
the rate specificationglerived using Equation(2) arewell-
defined,the numberof initial tokenson both back edges
mustbeincreasedothatthey areguaranteedo alwaysbe
over threshold.In the calculationof the numberof tokens
with which backedgeamustbeinitialized, assumel,, = y,
for eachnodew attachedo thetail of a backedgein a cy-
cle. Let P, denotethe setof agyclic pathsfrom a node
Souce to nodew, and P, denotethe setof agyclic paths
from sourcenodeSourceto nodev in the DIFAR graph.By
Theorem3.6, backedgeq, connectingnodewv to nodew,
will alwaysbe overthresholdf it is initialized with atleast

’73v+dv_§w+yv

" -‘ - Ty - CNYq) + thr(q)

tokenswhere

F,
8y = max (1, [ P -‘ -ySOU,CE) , and
pEP TSouce
E, -1
Sy = max (07 { - J . 3180uce) .
pEPw T'Souce
Usingtheseexpressionandtheratespecificationdistedin

Tablel to computehenumberof initial tokensonthequeue
connectingnodev = MstrMCSto nodew = BDF, the
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Figure 3. The PGM DIFAR Graph. All back edges, including self-loop edges, are initializ ed so that
they are always over threshold.



gueuemustbeinitialized with atleast

1250ms+ 1250ms— 625ms+ 1250m
1250ms

S}-1-1+2

=34+2=5

. ySouce)

= 2-‘ - 625ms= 1250ms and

tokenssince

FP
SMstMcs= max |1,
PEPwsimcs ZTSouce

16
F,—1
SBDF = max 0, * YSouce
pE Peor TSouce
32—-1
= |————] - 625ms= 625ms
16 J 625 625

Similarly, the numberof initial tokenson the queuecon-
nectingnodev = GramDatato nodeu = SIvMCSmustbe
atleast

2500ms+ 2500ms— 625ms+ 2500ms
-1-1+1
1250ms
=6+1=7
tokenssince
QAR
SGramData=  IMax 1, * YSouce
PEPGrampata TSouce
64
=16 - 625ms= 2500ms and
F,—1
Ssiymcs= max 0, * YSouce
PEPsiwmcs TSouce
32—-1
= |——| -625ms= 625ms
16 J 625 625

The original implementationof the DIFAR graph on
the U.S. Navy’'s standardsignal processingcomputey the
AN/UYS-2A (a multi-processorcomputer), was sched-
uled with a non-preempitie first-come-first-sered (FCFS)
scheduler The applicationhadtrouble meetingits lateng
requirementwhen multiple DIFAR graphswere executing
atthe sametime [12]. It turnsout thatpartof the problem
wastheinitialization of thetwo backedgedoundduringthe
topologicalsort of the graph. Whenthe amountof initial-
ized datawasincreasedsdescribechbore, the application
was determinedby simulationto meetits lateng require-
mentwith anon-preemptie FCFSschedulerHowever, this
is notthesameasa guarante¢hatit will alwaysmeetits la-
teng/ requirementindernon-preemptie FCFSscheduling.
In contrastafter successfullycompletingsynthesismethod
presentedh [11], the DIFAR applicationcanbeguaranteed
to alwaysmeetis lateng requirement.

4.2 CPU Utilization

Thelastcolumnof Tablel liststheworst-casexecution
time of eachnodewhenit is executedon the AN/UYS-2A
[12]. Usingthe nodeexecutionrates,the worst caseexe-
cution time for eachnode, and Equation(3) (on page6),
the processontilization for a single instanceof the DI-
FAR graphexecutingon a single arithmetic processorof
the AN/UYS-2A is 4.84%:

n x. . e.
Z T — 0484,
i Y

However, this graph only processe®ne band of one
sonoluoy. If datafrom all 16 sonoluoys is processedsi-
multaneouslythen 16 instanceof the grapharerequired,
which resultsin a cumulative processoutilization of 0.77.
(The worst caseconcurreng requirementfor the full 80
node DIFAR graphrequires5 bandsto be processedor
eachsonoluoy, whichresultsin acumulative processotiti-
lization of 2.11 [12]. Hence,the AN/UYS-2A usedin the
ALFS systemhasatotal of 3 arithmeticprocessors.)n gen-
eral,theanalyticalcalculationof the CPUutilizationis only
asaccurateasthe executiontimesusedin the computation.
Sincewe areconcernedvith guaranteeingateng, we used
worstcasenodeexecutiontimesratherthanaverageexecu-
tion times.

We alsomeasuredhe CPU utilization of one AN/UYS-
2A arithmeticprocessoexecutingoneinstanceof the one-
bandDIFAR graphusingreal-timedatacollectionfeatures
of the AN/UYS-2A. The peak processoutilization mea-
suredwas4.7%,ascomparedo our predicted4.84%.(The
full DIFAR graphthatprocesse$ bandsof sonoluoy data
resultedin a peakprocessoutilization of 13.09%,ascom-
paredto a predicted13.2%][12].) It shouldbe notedthat
theworstcaseexecutiontimesareregularly encounteredh
this graph,andthat the worst caseexecutiontimesfor the
AN/UYS-2A are extremely accurate. Thus, it is not sur
prisingthatour predictedprocessoutilization valueswere
socloseto measuredialues.

4.3 Computing Inherent Latency

The worst caselateng cannotbe lessthanthe inherent
lateng/ definedby the graphtopologyanddataflav param-
eters,no matterwhat type of hardwareis usedto hostthe
application.In the DIFAR graph,thefirst sampleproduced
encounterghe maximumlateng [11]. Thus,to verify a
latengy requirementonly the lateng for the first sample
needsto be checled. However, there are six graphsink
nodesso the lateng of the first samplemust be checled
ateachgraphsink node.

By Theorem3.5, the latengy betweenthe time the first
samplearrivesandwhensink nodeAliOut canfirst be eligi-



Node tu | (Zu, Yu ) €y Node tu | (Zu, Yu ) €y
Source | 0 | (16, 625m9 — AliScale | 0 | (1, 10000mg 8.68ms
FlowCntl | 0 | (1, 1250ms 2.02ms AliMr g 0| (1, 10000mg 0.18ms
BDF 0| (1, 1250mg 25.62ms Aliout 0| (1, 10000ms —
MstrMCS | 0 | (1, 1250mg 0.13ms BBC 0| (2, 2500mg  4.08ms
MnsMrg | O | (0, 1250mg 0.23ms BrgAngle | 0 | (1, 10000mg 16.67Tms
MnsOut | O | (0, 1250mg — BrgMrg 0| (1, 10000ms 0.18ms
SIvMCS | 0 | (1, 1250mg§ 0.07ms BrgOut 0| (1, 10000ms —
DDAD 0| (1, 1250mg 2.58ms AutDet 0| (1, 30000mg 3.22ms
CRfilter | 0 | (1, 1250mg 4.12ms ||| AutDetMrg | O | (1, 30000mg 0.13ms
CRspec | 0 | (1, 1250mg 10.28ms ||| AutDetOut| O | (1, 30000mg —
CRdetect| 0 | (1, 2500mg 1.3Tms BinMrg 0| (1, 30000mg 0.07Tms
BndMrg | O | (2, 2500mg§ 0.01ms BinOut 0| (1, 30000ms —
SAD 0 | (2, 2500mg 1.26ms VernFilter | O | (0, 1250ms N/A
GramData| 0 | (2, 2500mg 7.85ms VernSpec | 0 | (0,  1250mg N/A
GramMm | 0 | (2, 2500mg 0.07ms VernDet | 0 | (0, 1250mg N/A
GramOut | 0 | (2, 2500mg —

Table 1. DIFAR node execution rates and worst case execution times.

ble for executionis boundedsuchthat

( {fSUUCWAIiOut -1
max (0, | ————

T Souce

F .
< max (17 ’V Source~ AliOut

Z'Souce

J 'ySouce> < Sampld.atency
-‘ . ySOuce>

J -625ms> < Sample_atency

256

9.375 seconds < Sampld.atency < 10 seconds.

256 -1
16

max (0,

Thus, no matterhow fastthe processowor how mary are
used,the minimum lateng a sampleencountergrom the
sourcenodeto nodeAliOut is 9.375 secondsandit maybe
almost10 seconds.If we canguaranteg¢hat nodeAliMrg
completests executionwithin 10 second®f whenit is first
eligible for execution(i.e., if 10 secondds the boundon
imposedateng), thenwe canguaranteg¢hatthe maximum
latengy any sampleencountersn the pathis lessthan 20
secondssincetotal lateng is equalto inherentlateng plus
imposedateng.

The maximuminherentlateng thefirst sampleencoun-
tersin thepathfrom nodeSourceto eachof theotheroutput
nodesis computedin the samemanner The upperbound
oninherentlateng/ from nodeSouceto: nodeGramOutis
2.5 secondsnodeBrgOutis 10 secondsnodeAutDetOut
is 30 secondsandnodeBinOutis 30 secondsThus,if the
processingimply keepsup with the input datarates,total
latengy maybe ashigh as60 second®n somepaths.

11

At first it is rathersurprisingthat lateng ashigh as60
secondsds tolerablein an embeddedipplication. Acous-
tic signalprocessingpplicationscantoleratemuchhigher
latengy boundsthan other real-time applicationssuch as
radarapplications. The main reasonfor this is that sound
waves travel much slower than radarwaves, and, thus, it
takeslongerto accumulat@cousticsampleshanradarsam-
ples— atleast30 secondsnustelapsebeforeenoughdata
is availableto executesomeof the DIFAR signalprocess-
ing functions. Consequentlythe high lateng is dueto the
timeit takesfor datato accumulatén anodesinputqueues
(whereit is buffered)until enoughdataexists for the node
to execute.

5. Summary and Conclusions

We presentedhe analysisand verification of the real-
time propertiesof the DIFAR signal processinggraph of
the ALFS systemusinganalyticaltechniquesPrior to this
work, the two mostcommonwaysto verify the real-time
requirement®f applicationsdevelopedusing generalpro-
cessinggraphmodelswasto simulategraphexecutionor to
createa static scheduleoff-line to determinethe period of
theschedule.

While theU.S. Navy hasspentmillions of dollarsdevel-
opingapplicationswith PGM, it hasnever beforebeenable
to analytically verify the real-time requirementoof PGM
graphs. Thus, we claim to extend the stateof the art in
real-timeanalysisandverificationby showing thatit is pos-
sible to analyticallycomputethe inherentlateng of cyclic
graphsndependenof thehardwarehostingtheapplication.
We also shaved how to computethe real-time execution
rateof eachnodein the graph. Using the executionrate of



eachnodeandthetimeit takesperexecutiononagivenpro-
cessoyrtheresultingCPU utilization canalsobe computed,
asshown here.Using a deterministicschedulingalgorithm
to boundimposedatengy, it is alsopossibleto boundtotal
lateny andmemoryrequirements$or ary PGM graph[11].
The analysispresentedhereis basedon a portion of the
actualDIFAR graph. However, the sameanalysismethods
have beenappliedto thecompleteDIFAR graph,aswell as
all of theothergraphsn theworst-caseoncurreng modes
that the ALFS systemmust support[12]. Moreover, our
analysismethodsare applicableto ary applicationdevel-
opedusingageneraprocessingraphmodelsuchasPGM.
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