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Abstract

The stateof the art in verifying the real-timerequire-
mentsof applicationsdevelopedusinggeneral processing
graph modelsrelies on simulationor off-line scheduling.
Weextendthestateof theart bypresentinganalyticalmeth-
ods that support the analysisof cyclic processinggraphs
executedwith on-lineschedulers. We showthat it is possi-
ble to computethe latencyinherent in a processinggraph
independentof the hardware hostingthe application. We
also showhow to computethe real-timeexecutionrate of
each nodein the graph. Using the executionrate of each
nodeand the time it takes per executionon a given pro-
cessor, the resultingCPU utilization can be computed,as
shownhere for the DirectedLow FrequencyAnalysisand
Recording (DIFAR)acousticsignalprocessingapplication
fromtheAirborneLow FrequencySonar(ALFS)systemof
theSH-60BLAMPSMK III anti-submarinehelicopter.

1. Intr oduction

We presenttheanalysisandverificationof thereal-time
propertiesof anembeddedsignalprocessingapplicationfor
an anti-submarinewarfare (ASW) system. More specifi-
cally, westudytheCPUrequirementsandinherentprocess-
ing latency of the DirectedLow Frequency Analysis and
Recording(DIFAR) acousticsignalprocessingapplication
from theAirborneLow Frequency Sonar(ALFS) systemof
theSH-60BLAMPS MK III anti-submarinehelicopter. The
ALFS systemprocesseslow frequency signalsreceivedby
sonobuoysin thewater. Its primaryfunctionis to detectand
track submarinesand to calculaterangeand bearingesti-
matesto eachtarget[14].

The DIFAR applicationwas developedusing the U.S.
Navy’sProcessingGraphMethod(PGM)[17], andexecutes
on the U.S. Navy’s standardsignal processingcomputer,
theAN/UYS-2A. PGMis oneof many applicationdevelop-

mentparadigmsbasedondirectedgraphscalledprocessing
graphs, whicharea standarddesignaid in thedevelopment
of complex digital signalprocessingsystems.Processing
graphsarelargegraindataflow graphsin which nodesrep-
resentprocessingfunctionsandgraphedgesdepicttheflow
of datafrom onenodeto thenext. Eachdataelementthatis
processedby anodeis asampleof thesignal— anelement
of thediscretesequenceof numbersrepresentingthesignal.

Generalprocessinggraphparadigms,suchasPGM,have
beenusedto createawidevarietyof applications(e.g,com-
mandandcontrol, distributedmultimedia,andsignalpro-
cessingapplications). While this paperfocuseson a spe-
cific acousticsignal processingapplication, the analysis
presentedhereis applicableto any applicationdeveloped
usingageneralprocessinggraphmodelsuchasPGM.

The stateof the art in verifying the real-timerequire-
mentsof applicationsdevelopedusing generalprocessing
graphmodelsrelies on one of two techniques. The first
simulatesgraphexecution,and hopesthat the simulation
encountersthe worst casescenario(i.e., that the simulated
graphexecutionis performedlong enoughto encounterthe
peakprocessordemand). This techniqueis generallyap-
pliedwhendynamicschedulingis usedfor graphexecution.
The secondtechniqueis appliedwhenstaticschedulingis
usedto determinethe orderof nodeexecutions. An “off-
line” algorithm createsa nodeexecutionschedulethat is
repeatedperiodically. The lengthof the schedule(i.e., the
period of the schedule)determinesthe latency and mem-
ory usageof the application. This techniquerequiresthe
generationandon-linestorageof a largenumberof sched-
ulesfor thevariousmodesof operationof theALFS subsys-
tem. Consequently, theALFS systemuseson-lineschedul-
ing ratherthanstaticscheduling.Thismeans,however, that
it hasnot beenpossibleto verify the real-timeprocessing
requirementsof theALFS signalprocessinggraphs.

We extendthe stateof the art in verifying the real-time
requirementsof applicationsdevelopedusing processing
graphmodelsby presentinganalyticalmethodsthat sup-
port theanalysisof cyclic processinggraphsexecutedwith
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on-line schedulers,such as the DIFAR graph. In [11],
we proposeda new synthesistechniquefor building hard
real-timesignalprocessingsystemsfrom generalprocess-
ing graphs,anddemonstratedits usewith a syntheticaper-
tureradar(SAR)system,anInternationalMaritimeSatellite
(INMARSAT) mobilesatellitereceiver application,andan
acousticdigital signalprocessingapplication.Herewe use
someof thosetechniquesto calculatethe CPU utilization
of the DIFAR graphexecutingon the AN/UYS-2A andto
computetheinherentlatency in thesignalprocessinggraph.
Inherentlatency is createdby non-unitydataflow attributes
andgraphtopology. We show thatboththeCPUutilization
andtheinherentlatency of thesignalprocessinggraphcan
beanalyticallyderived. Moreover, we show that the inher-
entlatency in thesignalprocessinggraphis independentof
theschedulingalgorithmandevenof thenumberof proces-
sorsusedto executethegraph.

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

2. RelatedWork

Our previouswork on thesynthesisof real-timeunipro-
cessorsystemsfrom PGM was basedon acyclic PGM
graphs[1, 9, 10]. In thispaper, wepresenttheanalysesof a
cyclic PGM graph. This is the first time generalexecution
ratesand inherentlatency have beencomputedfor cyclic
graphs.Sincewedonotassumetheexistenceof areal-time
scheduleror evenknowledgeof thetypeof schedulingper-
formed during graphexecution,we do not, in this paper,
addresslatency imposedby theschedulingandexecutionof
the graphnodes.A completediscourseon latency in pro-
cessinggraphsis containedin [11].

From the real-time literature, PGM graphsare most
closely relatedto the Logical Application StreamModel
(LASM) [5] andtheGeneralizedTaskGraph(GTG) model
[6]. PGM, LASM, andGTG wereall developedindepen-
dentlyandsupportvery similar dataflow properties.PGM
wasthefirst of theseto bedeveloped.Our work improves
on the analysisof LASM andGTG graphsby not requir-
ing periodicexecutionof the nodesin the graph. Instead,
we calculatea moregeneralexecutionrate,which canbe
reducedto averageexecutionratesassumedin the LASM
andGTG models.Our generalexecutionratespecification
providesa more natural representationof nodeexecution
for PGM graphs. Forcing periodicexecutionof all graph
nodesaddslatency to the processedsignal, but simplifies
theanalysisof latency andmemoryrequirements.In [10],
we modelPGM nodeexecutionwith themorenaturalexe-

cutionrateandimprovememoryusageanalysisby showing
thatdynamicschedulingwith executionratesresultsin less
memoryusagethanperiodicor staticscheduling.

Processinggraphsare a standarddesignaid in digital
signal processing.From the digital signal processinglit-
erature,PGM is most similar to Lee andMesserschmitt’s
SynchronousDataflow (SDF)graphs[16] supportedby the
Ptolemysystem[4]. The SDF graphsof Ptolemyutilize a
subsetof the featuressupportedby PGM. Any SDF graph
can be representedas a PGM graphwhere eachqueue’s
thresholdis equalto its consumevalue. In additionto sup-
portingamoregeneraldataflow model,our researchdiffers
from [16] in thatwesupportdynamic,real-time,scheduling
techniquesratherthancreatingstaticschedules.

In 1996, Bhattacharyya,Murthy, and Lee publisheda
methodfor software synthesisfrom dataflow graphs[2].
Their software synthesismethod is basedon the static
schedulingof Lee andMesserschmitt’s SDF graphs. The
main goal of Bhattacharyyaet al.’s software synthesis
method and related schedulingresearchbasedon SDF
graphshas beento minimize memory usageby creating
off-line schedulingalgorithms[16, 18, 20, 19, 2]. Off-line
schedulerscreatea static nodeexecutionschedulethat is
executedperiodicallyby theprocessor. In contrast,thepri-
mary goal of our researchhasbeento managethe latency
andmemoryusageof processinggraphsby executingthem
with an on-line scheduler. Recentlywe have shown that
for a large classof applications,dynamicon-line schedul-
ing createslessimposedlatency thanstaticscheduling.An
evenmoresurprisingresultis that,in many cases,dynamic
on-line schedulinguseslessmemoryfor buffering dataon
graphedgesthanstaticscheduling[10].

Our latency analysisis relatedto the work of Gerberet
al. in guaranteeingend-to-endlatency requirementson a
single processor[8]. However, Gerberet al. map a task
graphto a periodictaskmodelin thesynthesisof real-time
message-basedsystemsratherthanassuminga rate-based
execution.Our analysisandmanagementof latency differs
from Gerberet al.’s in that PGM graphsallow non-unity
dataflow attributes.Finally, Gerberetal. introducenew (ad-
ditional) tasksto the taskset in their synthesismethodto
synchronizeprocessingpaths. Our synthesismethoddoes
notneedextrasynchronizationtaskssinceouranalysistech-
niquesarerate-basedratherthanperiodic.

3. Background & Analysis Techniques

A basicunderstandingof PGM and the theoryof real-
time graphexecution is necessarybeforeone can under-
standour analysisof thereal-timepropertiesof theDIFAR
graph.Thus,this sectionpresentsa brief overview of PGM
followedby thetheorysupportingour analysistechniques.
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Figure 1. A two node chain.

3.1. ProcessingGraph Method

In PGM, a systemis expressedas a directedgraph in
which the nodes(or vertices)representprocessingfunc-
tionsandtheedgesrepresentbufferedcommunicationchan-
nels called queues. The topology of the graph defines
a softwarearchitectureindependentof the hardwarehost-
ing the application. The graph edgesare First-In-First-
Out (FIFO) queues. Thereare four attributesassociated
with eachqueue: a produceamountprd � ��� , a threshold
amountthr � ��� , a consumeamountcns� ��� , and an initial-
izationamountinit � ��� . Let queue� bedirectedfrom node�
to node � . Theproduceamountprd � ��� specifiesthenum-
ber of tokens(dataelements)appendedto queue � when
producingnode � completesexecution.A tokenrepresents
aninstanceof a datastructure,which maycontainmultiple
datawords. Theremustbe at leastthr � ��� tokenson queue� beforenode � is eligible for execution. A queueis over
thresholdif the numberof enqueuedtokensmeetsor ex-
ceedsthethresholdamountthr � ��� . After node � executes,
thenumberof tokensconsumed(deleted)from queue� by
node � is cns� ��� . Thenumberof initial datatokenson the
queueis init � ��� .

Unlike many processinggraphparadigms,PGM allows
non-unityproduce,threshold,andconsumeamountsaswell
as a consumeamountless than the threshold. The only
restrictionson queueattributes is that they must be non-
negativevaluesandtheconsumeamountmustbe lessthan
or equalto thethreshold.For exampleconsidertheportion
of a chainshown in Figure1. Thequeueconnectingnodes� and � , labeled� , hasprd � ������� , thr � ������� , cns� ������� ,
andinit � ����� � . (A queuewithout an init � ��� labelcontains
no initial data.) Node � must executetwice beforenode� is first eligible for execution. After node � executes,
it consumesonly 3 of the 8 tokenson its input queue. A
thresholdamountthat is greaterthanthe consumeamount
is often usedin signal processingfilters. The filter reads
thr � ��� tokensfrom thequeuebut only consumescns� ��� to-
kens,leaving at least � thr � ���"! cns� ���#� on the queueto be
usedin thenext calculation.

If a nodehasmore thenone input queue(input edge),
then the nodeis eligible for executionwhenall of its in-
putqueuesareoverthreshold(i.e.,wheneachinputqueue�
containsat leastthr � ��� tokens).After theprocessingfunc-
tion finishesexecuting,prd � ��� tokensareappendedto each

outputqueue� . Beforethe nodeterminates,but afterdata
is produced,cns� ��� tokensare dequeuedfrom eachinput
queue� . Theexecutionof a nodeis valid if andonly if the
nodeexecutesonly whenit is eligible for execution,no two
executionsof thesamenodeoverlap,eachinput queuehas
its dataatomically consumedafter eachoutputqueuehas
its dataatomicallyproduced,anddatais producedat most
onceon anoutputqueueduringeachnodeexecution.

A graphexecutionconsistsof a (possibly infinite) se-
quenceof nodeexecutions. A graphexecutionis valid if
andonly if all of thenodesin theexecutionsequencehave
valid executionsandnodatalossoccurs.

3.2 Real-Time Graph Execution Theory

Embeddedsignal processingsystemsreceive a contin-
uoussignal from external sensors. They are requiredto
processthe signal in real time andpresentthe signalpro-
cessingresultsto an outputdevice within a specifiedtime
interval. Processingthesignalin real time requiresexecut-
ing the PGM graphnodesso that they executetheir pro-
cessingfunctionsas the signal arrivesand without losing
data. For example,someof the ALFS signal processing
graphsareusedto tracksubmarinesby calculatingthedis-
tance,speed,anddirectionof a submarine.Externalsen-
sors,calledsonobuoys, convert thesoundwave createdby
asubmarineto adigital signalthatis input to aPGMgraph.
Thegraphmustprocessthesignalandsendtheresults,such
asupdateddistance,speed,anddirection,toadisplaybefore
thenext portionof thesignalis sentby thesonobuoys.

Thenotationandterminologyof this paper, for themost
part, is an amalgamationof the notationand terminology
usedin [3] and [2]. A processinggraph is formally de-
scribedas a directedgraph (or digraph) $ � � V % E %'& � .
The orderedtriple (V, E, & ) consistsof a nonemptyfinite
setV of vertices, a finite setE of edges, andan incidence
function & that associateswith eachedgeof E an ordered
pair of (not necessarilydistinct)verticesof V. Consideran
edge(*) E andvertices� %#+,) V suchthat &-�.( �/� � � %#+ � .
We say ( joins � to + , or � and + areadjacent.The ver-
tex � is called the tail or sourcevertex of ( and + is the
heador sink vertex of edge( . Theedge( is anoutputedge
of � andan input edge of + . The numberof input edges
to a vertex + is the indegree 0213�4+ � of + , and the number
of output edgesfor a vertex + is the outdegree 0657�4+ � of+ . A vertex + with 0 1 �4+ �8�9� is an input node. The set: �<; +*=>+*) V ?80213�4+ ���@�BA denotesthe setof all input
nodes.A vertex + with 0657�4+ �C�D� is anoutputnode. The
set E �F; +*=>+*) V ?G0657�.+ ���@�HA denotesthesetof all out-
put nodes.For � %#+�) V, thereis a pathbetween� and + ,
written as �CI + , if andonly if thereexists a sequenceof
vertices � �KJ % �7L %NMNM>MN% �7OP� suchthat �KJQ�D� , �KOG� + , and�7R is adjacentto �7R 5 J for S �UT %WVB%NMNM>MN�YX !ZT�� . Theset

:\[
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is thesubsetof inputnodes
:

from whichthereexistsapath
from � ) : to thenode+ . Likewise,theset EC] is thesubset
of outputnodesE from whichthereexistsapathfrom node� to � )^E .

To simplify the presentationof executionratesand in-
herent latency, we assumethe graph executeson an in-
finitely fastmachineso thatnodeexecutiontakesno time.
More precisely, we assumenodesexecutein accordance
with thestrongsynchrony hypothesisfrom thesynchronous
programmingliterature[7]. Thestrongsynchrony hypoth-
esisstatesthat thesysteminstantlyreactsto externalstim-
uli, which lets us definerateexecutionsin the absenceof
schedulingalgorithms.

Definition 3.1. An executionrate is anintegerpair �4_
%'` � .
Definition 3.2. An executionratespecificationfor node + ,a [ � �._
%#` � , is valid if thereexistsatime b suchthatnode+
executesexactly _ timesin time intervals c bed��YX !fT
� `g%�bedXe` � for all Xih � .
Corollary 3.1. If

a [ � �._
%'` � is a valid ratespecification
for node+ , then jDk a-[ � �4jUkl_
%'jDkl` � is alsoa valid rate
specificationfor node+ .
Proof: The proof follows immediately from Defini-
tion 3.2.

In [9], we derived executionratesfor nodesin a PGM
chain. The executionrate theoremof that paperis repro-
ducedheresincewewill usethis resultto extendtheanaly-
sisto includenodeswith multiple inputqueues.

Theorem 3.2. Let �QIm� be a PGM chain with &-� ���i�� � % �n� , andlet
a ] � �4_o]g%#`P] � bea valid executionratefor

node � . Underthestrongsynchronyhypothesis,theexecu-
tion rate

a-p � �4_ p %'` p � , where_ p � prd � ���q2rNs � prd � ��� kN_t]o% cns� ���#� kN_t]
and ` p � cns� ���q2rNs � prd � ��� kN_t]o% cns� ���#� kN` ] , (1)

is a valid executionratefor node� .

Equation(1) canbeusedto derive theexecutionrateof
any consumerin termsof its producersin a chainof nodes.
For example,given &-� ���u� � � % �n� for queue� andan ex-
ecutionrate of

a ] � �4_o] �v� %'`P] �wT>x2� for node � in
Figure1, theexecutionrateof theconsumernode � is de-

rivedasfollows:a p � �._ p %#` p ��zy prd � ��� k>_t]q2rNs � prd � ��� kN_t]o% cns� ���#� % cns� ��� kN`{]q2rNs � prd � ��� kN_o]|% cns� ���'��}� y � k �q2rNs � � k � % �{� % � k T>xq{r>s � � k � % �2�6}�~y T Vq2rNs � T VH% �{� % �{�q{r>s � T VH% �2�
} �9y T V� % �2��*} � � � % T>x{�� � _ p �@�` p � T�x
Now considera generalPGMgraphin whichanodehas

multiple input queues,suchasthegraphin Figure2. Node� is a consumerof dataproducedby both � and + ; &n�Y� �"�� � % �n� and &n�.� �i� �4+o% �-� definetwo producer/consumer
pairs.We usethenotation

a p�� ] � �4_ p�� ] %#_ p�� ] � to rep-
resentthe executionrate of node � with respectto node� . With

a ] � � � % T>x2� (the execution rate of node � ),a p�� ] is derived usingEquation(1) asshown above withanp�� ] � � � % T>x2� . Likewisewith
an[ � �YVH% T V � , anp���[ (the

executionrateof node� with respectto node+ ) is:�"�B�7� 	���� �B�7�������B�7� �	@� prd ���g�g�l� ��>��� � prd ���g�\�W� ��� cns���\��� � cns���g�\� �
��>��� � prd ���g�\�W� �6� cns���g�����	 � �7����>��� �4�3�N� � ��� � �"�
�������� �4�3��� � �>���	 � ��>��� � � � ��� � ����>��� � � � ��� � 	 ���� � �N�� � 	Z�4� � ���>�� � � �B�7� 	��� �B�7� 	����
Sincenode � canonly executewhenboth � and � are

over threshold,neither
a-p�� ] nor

a-p���[
satisfiesthe def-

inition of a valid executionratefor node � . Observe that
although

a-p�� ] �� anp���[ , we do have ¡>¢H£¥¤¦ ¢H£¥¤ � ¡>¢H£¥§¦ ¢H£¥§ .Lemma3.3statesthatwithout thisequality, it wouldbeim-
possibleto schedulea valid executionof thegraph.

Lemma 3.3. UsingEquation(1) to evaluatetheexecution
rateof node � with respectto its adjacentpredecessors in
thedigraph, if a valid graphexecutionis possibleusingfi-
nite memoryfor buffering then ¡ ¢e£�¤¦ ¢H£¥¤ � ¡ ¢e£�§¦ ¢H£¥§ for all � %#+
for which there existsqueues�"%#� such that &n�.� ��� � � % �n�
and &n�.� ��� �4+o% �n� .
Proof: (We prove the contrapositive.) ¡�¢e£�¤¦ ¢H£¥¤ �� ¡>¢H£¥§¦ ¢H£¥§ .Observe that in an interval of length ` p�� ] k|` p���[ time
units node � would produceenoughdata for node � to
execute _ p�� ] kH` p���[ times if nodes � and � were pro-
ducer/consumerpairsin achain,andnode+ wouldproduce
enoughdatafor node � to execute _ p��u[ k�` p�� ] times if
nodes+ and � wereproducer/consumerpairsin achain.
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Figure 2. A three-node graph and time-line execution sho wing the execution of nodes under the
str ong sync hrony hypothesis. If

a ] � � � % T>x2� and
an[ � �±VH% T V � are valid after time 0, then

a-p � � T VB% �{�2� .
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 ¡ ¢H£¥¤¦ ¢H£¥¤ �� ¡ ¢e£�§¦ ¢H£¥§ � � _ p�� ]8kP` p��u[ �� _ p���[ k` p�� ] and node � can only executewhen all of the in-
put queuesareover threshold,node � canexecuteat most²Q³µ´ �._ p�� ]¶k>` p���[ %#_ p��u[ k�_ p�� ] � timesin any interval of
length ` p�� ]ikP` p��u[ . Thereforedatawill backup on the
queuethatrequires²¸·6¹ �._ p�� ] k�` p���[ %'_ p���[ k�_ p�� ] � ex-
ecutionsof node � in the sameinterval. Sincewe have
only finite memoryavailable, datawill eventuallybe lost
andavalid graphexecutionis impossible.Thereforeif valid
graphexecutionis possible, ¡ ¢H£¥¤¦ ¢e£�¤ � ¡ ¢H£¥§¦ ¢e£�§ for all � %'+ for
whichthereexistsqueues��%'� suchthat &-�.� ��� � � % �n� and&n�4� ��� �.+t% �n� .
Theorem 3.4. Let $ � �Yº�%'»¸%'& � be an acyclic PGM di-
graph for which a valid executionis possibleusing finite
memoryandnode � ) V with 021"� �n�¶¼½T . Theexecution
rateof node� is

a-p � �4_ p %#` p � where` p �@¾ r ²G; cns� ��� ` ]q{r>s � prd � ��� _ ] % cns� ���#� =>&n� ���"� � � % �-�lA %_ p � ` p k y prd � ��� _t]
cns� ��� ` ] } %�¿ � % �ÁÀ &n� ����� � � % �n� M (2)

Proof: The proof is constructedin two parts. In the first
partweprovethatfor a � � % �n� pair, with anadjoiningqueue� , Equation(2) derivesa valid ratefor node� with respect

to node � . In thesecondpartwe show that theratederived
usingthe &n�Y� �7� � � % �n� pair is thesamefor all � ) V and� ) E suchthat &n� ����� � � % �n� .

If node � werein a chainsuchthat � and � werea pro-
ducer/consumerpair &n�Y� �K� � � % �n� , thenEquation(1) de-
rivestheexecutionrateof � with respectto � as

anp�� ] ��4_ p�� ]o%#` p�� ] � where

_ p�� ] � prd �.� �q{r>s � prd �.� � k�_ ] % cns�.� �#� k"_o]
and ` p�� ] � cns�Y� �q2rNs � prd �Y� � k>_ ] % cns�Y� �'� k�`{]tM

Let
a p � �4_ p %'` p ��� �.j ] k�_ p�� ] %'j ] k>` p�� ] � where

jÂ] � ¾ r ²i; cnsÃµÄ#ÅÆ'Ç�È Ã prd Ã�ÄÉÅËÊ ¡�§
Ì cnsÃ�ÄÉÅ4Å k�` [ =N&-� ����� �4+o% �n��A` p�� ] M
By Theorem3.2 andCorollary3.1 if

a p�� ] is a valid rate
specificationfor node � with respectto node � , then

a-p
is aswell. We now reducethis expressionto the form of
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Equation(2):� � 	�ÍQÎK� � �B� Î	 Ï �lÐÒÑ cnsÓÕÔ#Ö×�ØYÙ Ó prd ÓÕÔ#Ö4Ú Û §
Ü cnsÓÕÔ#Ö�Ö � �
�7ÝlÞ ���
��	���ß ��à �Éá���B� Î � �
�B� Î	 Ï �lÐÒÑ cns���������� � prd �����g�l� � � cns������� � � � ÝlÞ ������	���ß ��à �Éá
â
Thus,� � 	�ÍãÎK�l� �B� Î	 Ï �lÐÒÑ cnsÓÕÔ#Ö×�Ø.Ù Ó prd ÓÕÔ#Ö.Ú Û §6Ü cnsÓ Ô#Ö�Ö � � � ÝlÞ ���
��	���ß ��à �Éá�
�B� Î �W� �B� Î	 ����
�B� Î ��� �B� Î	åä ���

cnsÓÕæPÖ×�ØYÙ Ó prd Ó æPÖ.Ú Û ¤ Ü cnsÓÕæPÖ�Ö � � Î\ç � prd ��è��g�é� Î����� � prd ��è��\�W�HÎ � cns��è����>�	 �
�
cns��è��g� � Î � prd ��è��g��� Î	 �
� �o� prd ��è��g�l�HÎ

cns��è\�\� � Î � â
We now show by contradictionthat ¿ � ) V % � )^» such

that &n� ���"� � � % �-� usedto derive
anp

, if thegraphis valid,anp � �4_ p %'` p � is a valid rate specificationfor node � .
SupposeêeSl%±ëì) V ?zêH�"%#�F) E suchthat &-�.� �¶� �4Sl% �-� ,&n�4� ��� �µëP% �n� , and

a-p � �.j R k|_ p�� R %#j R kt` p�� RY� ���4j8í-k6_ p�� íP%#j8í-k�` p�� í � where j R and j8í aredefinedas
above.Then ¡>¢H£¥î¦ ¢e£�î �� ¡ ¢H£éï¦ ¢e£¥ï since ð7ñ Ê ¡ ¢H£ ñð7ñ Ê ¦ ¢H£ ñ � ¡ ¢H£ ñ¦ ¢e£ ñ . But if¡ ¢H£¥î¦ ¢e£�î �� ¡ ¢H£éï¦ ¢e£¥ï then,by Lemma3.3,avalid graphexecution
is notpossiblewith finite memory. Thereforeif thegraphis
valid,

anp � �4_ p %#` p � derivedwith Equation(2) usingthe&n�.� �¸� � � % �n� pair is the samefor all +�) V and � ) E
suchthat &-� ����� �4+o% �n� .

It is reassuring(and necessaryfor correctnesssince
Equation(1) andEquation(2) defineminimal intervals in
which a valid rate specificationexists) that Equation(2)
reducesto Equation(1) when a nodehasonly one input
queue:` [ �Z¾ r ²G; cns� ���q2rNs � prd � ��� k�_ ] % cns� ���'� k�`P] A� cns� ���q2rNs � prd � ��� k�_ ] % cns� ���#� kN`P]� � _ [ � ` [ k y prd � ��� k>_t]

cns� ��� k�` ] }� cns� ���q2rNs � prd � ��� k�_t]o% cns� ���#� kN` ] k y prd � ��� kN_ ]
cns� ��� k�`P] }� prd � ��� kN_ ]q2rNs � prd � ��� k�_t]o% cns� ���#�� prd � ���q2rNs � prd � ��� k�_t]o% cns� ���#� kN_ ]

Therefore,Equation(2) is equal to Equation(1) when a
nodehasonly one input queueand either expressioncan
beusedto calculatetheconsumernode’sexecutionrate.

We now returnto the problemof finding the execution
rateof node � in Figure2. Since ¡ ¢H£¥¤¦ ¢H£¥¤ � ¡ ¢H£¥§¦ ¢H£¥§ , we can
useEquation(2) to derive theexecutionrateof node� :��� 	 Ï �lÐ¶Ñ cns��è��g� � Î����� � prd ��è\�\�W� Î � cns��è���� � cns���g�\� � ��>��� � prd ���g�\�W� ��� cns���\��� á	 Ï �lÐ¶Ñ ������ ���K�l� � ��� �>� � � ��>��� �4����� � ��� �����
á	 Ï �lÐ¶Ñ ������ �Ë��� � ��� ��� � � ��>��� � � � ��� �����
á	 Ï �lÐ¶Ñ �� �>� � � �� �
����á	 Ï �lÐ¶Ñ � � � ���
á7	��
ò	 � � � 	 ��� � � prd ��è��g��� Î

cns��è��\� � Î �	���ò7� � �K�l����>� � � 	���ò3� � ����
ò � 	����	 ��� � � prd ���g�\�W� �
cns���\�g� �
� �	���ò7� � �7����3�>��� � 	���ò3� � ��N� � 	����

Therefore
anp � �4_ p %#` p ��� � T VB% �2�{� .

For example,givennodes� and + in Figure2 with
a ] �� � % T>x2� and

a [ � �YVB% T V � , theexecutionrateof � is:��� 	 Ï �lÐÒÑ cns��è�� � Î����� � prd ��è\�±� Î � cns��è���� � cns���g� � ��>��� � prd ���g�±� �
� cns���\��� á	 Ï �lÐÒÑ �3�
� ������ �����l� � ��� � �"���������� �4����� � �>� á	 Ï �lÐÒÑ �7�>� �� � ���>���� á"	 Ï �lÐ¶Ñ � � � ���
á7	��
ò
and � � 	 ��� � � prd ��è��g�l�eÎ

cns��è��g� � Îé� 	��
ò3� � ���������� � � 	����6â
Thus

a-p � �4_ p %'` p �*� � T VH% �{�{� and,after its first exe-
cution, node � in Figure2 will execute12 timesin every
interval of length48.

The processorutilization createdby the execution of
the nodesin a graphcanbe calculatedusingEquation(3),
where( ] is theexecutiontimeof node� .óô RµõöJ _ R kN( R` R (3)

If ÷ óRµõöJ ¡�î Ê ø î¦ îvù T , thenodescanbescheduledusingasim-
ple on-line schedulersuchthat the nodesexecuteat their
requiredexecutionrateandno incomingdatais lost [11].

Theorem3.4canalsobeappliedto cyclic graphsif each
backedge � in every cycle is initialized suchthat it is al-
waysover threshold.(A back edge is a queue� that joins
node + to an ancestor� when the graphis topologically
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sorted.) Let � be a back edgewith &n� ���Â� �.+t% �n� . If it
canbeguaranteedthatnode + will alwaysfinish executing
within ú [ time unitsof whenit is eligible for execution,we
canguaranteebackedge� will alwaysbeover thresholdif
it is initializedsuchthat

init � ���"�üû2ý [ dìú [ !@þý p d�` [` p ÿ kÉ_ p k cns� ��� d thr � ��� (4)

where ý [ is the latestpossibletime node + will first beeli-
gible to execute,ý [ d�ú [ is the latestpossibletime node +
will completeits first executionand þý p is the earliestpos-
sibletime node � canbegin its first execution[11]. Before
wecanpresentequationsto computeý [ and þý p , weneedto
introducetheconceptof latency andhow it is computedin
PGMgraphs.

A signal processingengineerdescribeslatency as the
time delaybetweenthe samplingof a signaland the pre-
sentationof theprocessedsignalto theoutputdevice(which
maybeascreen,speaker, or anothercomputer).While intu-
itive, this definition is not preciseenoughfor our purposes
sinceindividual input samplescannotbe identified in the
prd � ��� tokensproducedat onetime by an externalsource.
We definea sampleto be the setof tokensdeliveredby a
sourcenodeat onetime. Under the strongsynchrony hy-
pothesis,latency is thedelaybetweenwhena sourcenode
producesasample(prd � ��� tokens)andwhenthegraphout-
putstheprocessedsignal.Thetotal latency encounteredby
a sampleis an integral unit of time createdby the sumof
the latency inherentin the signalprocessinggraphandthe
additionallatency imposedby theimplementation.Inherent
latencyin agraphis createdby non-unitydataflow attributes
andthegraphtopology. Inherentlatency existseven if the
graphis executedonaninfinitely fastmachine.Imposedla-
tencycomesfrom theschedulingandexecutionof nodesin
the graphsincewe do not have an infinitely fastmachine.
Thuslatency hastwo components,andthetotal latency any
sampleencounterscanbe expressedwith the simpleequa-
tion

Total Latency� InherentLatencyd ImposedLatencyM
Let node � be a sourcenodein the setof graphsource

nodes
:

, andlet queue� beanoutputqueueto sourcenode� . Inherentlatency is the delaybetweenthe enqueuingof
prd � ��� tokensontoqueue� by sourcenode � andthe next
executionof the sink nodewhenthe graphis executedon
an infinitely fastcomputer, asassumedby the strongsyn-
chrony hypothesis.In simpledataflow modelsthat require
unity dataflow attributesandonly allow onesourcenode,
the inherentlatency of thegraphis 0 underthestrongsyn-
chrony hypothesis.However, non-unitydataflow values(as
supportedby PGM)or multiplesourcenodescancreatesig-
nificantlatency in processingthesignal,evenif wehavean
infinitely fastcomputer. The inherentlatency any sample
encountersin a cyclic graphis boundedby Theorem3.5.

Theorem 3.5. Let $ � � V % E %#& � be a cyclic PGM graph
with rate-basedsource nodes. Let � ) E , and let the
executionrate of source node ë@) : p be

a í � �._ í %'` í � .
Let length� ��� denotethecurrentnumberof tokensin queue� ) E. Let

��
denotethe setof acyclic pathsfrom source

node ë to node � . Let every back edge be initialized such
that it is alwaysoverthreshold.Theinherentlatencya sam-
plewill encounteris boundedsuch that²¸·6¹������ y|� % 	�
 � !�T_Bí
� kN` í } ù SampleLatency� ²¸·6¹������ y T % û 
 �_ í ÿ kN`
í } (5)

where � representsa path �öI � and

 ]�� p is definedas

� Î�� � 	
����������� ����������
Ð������ � �"! thr ÓÕÔ#Ö$# lengthÓÕÔ#Ö

prd ÓÕÔ#Ö %�& if 'P��( Þ ������	��*) ��à �Ð���� � � � ! Ó,+ §.-�¢ #0/YÖ4Ú cnsÓ Ô#Ö21 thr ÓÕÔ#Ö$# lengthÓÕÔ#Ö
prd ÓÕÔ#Ö %3&

if '��4( Þ ���
�\	��*) � ßP�65Òß87	 à 5 �g� � �:9 �� if 'P��( Þ ���
�\	��*) � ßP�65Òß87	 à 5 �g� � � 	 �
(6)

Equation(6) computesthenumberof timessourcenodeë mustexecutebeforeenoughdatais producedto execute
sink node � . Equation(5) then usesthis value to bound
theinterval of time in whichnode� will next beeligible to
execute,whichis theinherentlatency asignalencountersin
path ë I � .

We now have thenecessarytheoryto show how ý [ andþý p are computedsuchthat we can guaranteethat a back
edgethat joins node + to node � in a cycle is alwaysover
threshold.(Recallthat ý [ is the latestpossibletime node +
will first beeligibleto executeand þý p is theearliestpossible
timenode� canbegin its first execution.)

Theorem 3.6. Let queue� be a back edge in a cyclewith&n� ���"� �4+o% �n� . Let
��7p

denotethesetof acyclicpathsfrom
sourcenode ë to node � . Let

��7[
denotethe setof acyclic

pathsfromsourcenodeë to node+ . If queue� is initialized
with a numberof tokensgivenbyEquation(4), where þý p isþý p �U²¸·�¹�;���� ¢ y � % 	 
 � ! T_ í � k�`
í } (7)

and ý [ is ý [ � ²ã·�¹������ § y\T % û 
 �_Hí ÿik>` í } % (8)

thenqueue� will alwaysbeover threshold.

Theproofsof Theorems3.5and3.6arein [11].
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4. DIFAR Application

Theanalysispresentedhereis basedon a portionof the
actualDIFAR graph.However, thesameanalysismethods
havebeenappliedto thecompleteDIFAR graph,aswell as
all of theothergraphsin theworst-caseconcurrency modes
that the ALFS systemmustsupport[12]. The actualpro-
cessingperformedby theDIFAR graphis classifiedby the
U.S. Government,so the following is an unclassifiedand
abbreviateddescriptionof thegraph[13]. An understanding
of the actualprocessingis not necessaryto computeCPU
utilizationor to analyzelatency in thegraph.

The DIFAR graph receives directed low frequency
acousticdata from a sonobuoy and analyzesthe data for
possibletargets,suchasenemysubmarinesor surfaceships.
The DIFAR graphhasover 80 nodesand400 queuesand
operatesin threedifferent modes: constantpercentreso-
lution (CPR),constantresolution(CR), and vernier. The
ALFS subsystemcanexecutemany differentgraphssimul-
taneouslyonadistributedsystemof processors.Oneworst-
caseconcurrency modethat it supportsis the executionof
16instancesof theDIFAR graph,eachprocessingdatafrom
onesonobuoy. Thefrequency spectrumof datareceivedby
theDIFAR graphis usuallypartitionedinto bands,andthe
graphcanbeconfiguredto processfrom oneto eightbands.
Thus,while the full DIFAR graphhasover 85 nodesand
400 queues,thereare many duplicatepathsin the graph
with eachpathoperatingonadifferentportionof thesignal.
Thegraphof Figure3 is anabstractrepresentationof aone-
bandDIFAR graph. It is a cyclic graphwith 31 nodesand
59 queues.All queueshave unity produce,consume,and
thresholdattributes unlessotherwiselabeled. Non-unity
producevaluesare labelednearthe tail of the queue,and
non-unitythresholdandconsumevaluesarelabelednearthe
headof thequeue.Thedataflow attributesusedherearenot
theactualvaluesfrom thegraph(theactualvaluesareclas-
sified).However, theratiobetweentheattributesof aqueue
is thesame.For example,if queue� hada produceof 1024
tokens;a thresholdof 2048tokens;anda consumeof 1024
tokens,thesevalueswould berepresentedas: prd � ���C� T ,
thr � ���f� V , and cns� ���^� T . All back edges,including
self-loopedges,areinitialized so that they areover thresh-
old. The numberof initial tokensis shown on all queues
thatareinitialized exceptself-loopedges.Self-loopedges
areinitializedsothatthey arealwaysoverthreshold,but the
numberof initial tokensis notshown to reduceclutterin the
figure.

The processingspecific to the modesCPR, CR, and
vernier are locatedin the upper left portion of the graph
in Figure3. TheCPRprocessingis performedby thenode
DDAD (DIFAR directionanddetectionfilter). TheCRpro-
cessingis performedby thenodesDDAD, CRfilter(CR fil-
ter), CRspec(CR spectralanalysis),andCRdetect(CR de-

tectionfilter). The vernierprocessingis performedby the
nodesDDAD, VernFilter (vernierfilter), VernSpec(vernier
spectralanalysis),and VernDet (vernier detectionfilter).
The nodeBndMrg (bandmerge) mergesdatafrom all of
the active bandsinto onedatastream. The DIFAR graph
in Figure3 only shows oneprocessingbandfor eachof the
threemodes.In thefull DIFAR graph,therewouldbe8 sets
of CPR,CR,andverniernodes,eachreadyto processasep-
aratebandof datapartitionedfrom the input signalby the
nodeBDF (banddefinitionfilter). Theheaviestprocessing
loadis createdwhenthegraphoperatesin CRmode.In this
mode,no datais sentto the Vernfilter node. Thus,vernier
processingis inactive in theCRmode,andnodesVernfilter,
VernSpec, andVernDetdo notexecute.

4.1. NodeExecution Rates

Let
a

Source
� � T>x % x V�< ms� bea well-definedratespeci-

ficationfor sourcenodeSourcebeginningat time0. Thatis,
nodeSourcedelivers16samplesof thesignal(tokens)in ev-
ery interval of x V�< ms. Table1 lists, in topologicalorder, the
ratespecificationsfor the othernodesin thegraphderived
usingEquation(2) of Theorem3.4. Excludingself-loops,
two backedgesaredetectedwith a topologicalsort of the
graph: thequeueconnectingnodeMstrMCSto nodeBDF,
which is initialized with onetoken,andthequeueconnect-
ing nodeGramDatato nodeSlvMCS, which is initialized
with two tokens.However, beforewecanbeguaranteedthat
the ratespecificationsderivedusingEquation(2) arewell-
defined,the numberof initial tokenson both back edges
mustbe increasedsothat they areguaranteedto alwaysbe
over threshold.In the calculationof the numberof tokens
with whichbackedgesmustbeinitialized,assumeú [ � ` [
for eachnode + attachedto thetail of a backedgein a cy-
cle. Let

�� p
denotethe set of acyclic pathsfrom a node

Source to node � , and
�� [

denotethe setof acyclic paths
from sourcenodeSourceto node+ in theDIFAR graph.By
Theorem3.6, backedge � , connectingnode + to node � ,
will alwaysbeover thresholdif it is initializedwith at leastû{ý [ dìú [ !@þý p dì` [` p ÿ k�_ p k cns� ��� d thr � ���
tokenswhereý [ � ²¸·6¹������ § y T % û 
 �_ Source

ÿ k>` Source} % andþý p �U²¸·6¹������ ¢ y|� % 	�
 � !�T_ Source � kN` Source} M
Usingtheseexpressionsandtheratespecificationslistedin
Table1 to computethenumberof initial tokensonthequeue
connectingnode + � MstrMCS to node �w� BDF, the
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Figure 3. The PGM DIFAR Graph. All back edges, inc luding self-loop edges, are initializ ed so that
they are always over threshold.
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queuemustbeinitializedwith at leastû T V�< � ms d T V�< � ms !zx V�< ms d T V�< � msT V�< � ms
ÿik T k T dìV�@� d V � <

tokenssinceý MstrMCS
� ²¸·�¹�;����

MstrMCS

y T % û 
 �_ Source
ÿ kN` Source}� û � VT�x ÿik x V�< ms � T V=< � ms% andý BDF

� ²¸·6¹�;����
BDF

y � % 	3
 � !�T_ Source � k>` Source}� 	 � V ! TT>x � k x V�< ms �@x V�< msM
Similarly, the numberof initial tokenson the queuecon-
nectingnode+ � GramDatato node �Â� SlvMCSmustbe
at leastû V�< �{� ms d V�< �{� ms !zx V�< ms dìV=< �P� msT V�< � ms

ÿik T k T d T�@x d T/� �
tokenssinceý GramData

� ²¸·6¹������
GramData

y T % û 
 �_ Source
ÿ kN` Source}� û x��T>x ÿik x V�< ms � V�< �P� ms% andý SlvMCS

� ²¸·6¹������
SlvMCS

y � % 	 
 � !�T_ Source � k�` Source}� 	 � V !�TT�x � k x V=< ms �@x V�< msM
The original implementationof the DIFAR graph on

the U.S. Navy’s standardsignal processingcomputer, the
AN/UYS-2A (a multi-processorcomputer), was sched-
uled with a non-preemptive first-come-first-served(FCFS)
scheduler. The applicationhadtroublemeetingits latency
requirementwhenmultiple DIFAR graphswereexecuting
at thesametime [12]. It turnsout thatpartof theproblem
wastheinitializationof thetwo backedgesfoundduringthe
topologicalsort of the graph. Whenthe amountof initial-
izeddatawasincreasedasdescribedabove, theapplication
wasdeterminedby simulationto meetits latency require-
mentwith anon-preemptiveFCFSscheduler. However, this
is not thesameasaguaranteethatit will alwaysmeetits la-
tency requirementundernon-preemptiveFCFSscheduling.
In contrast,aftersuccessfullycompletingsynthesismethod
presentedin [11], theDIFAR applicationcanbeguaranteed
to alwaysmeetis latency requirement.

4.2. CPU Utilization

Thelastcolumnof Table1 lists theworst-caseexecution
time of eachnodewhenit is executedon theAN/UYS-2A
[12]. Using the nodeexecutionrates,the worst caseexe-
cution time for eachnode,andEquation(3) (on page6),
the processorutilization for a single instanceof the DI-
FAR graphexecutingon a single arithmeticprocessorof
theAN/UYS-2A is 4.84%:óô RµõöJ _ R k>( R` R � M ���{�P� M

However, this graph only processesone band of one
sonobuoy. If datafrom all 16 sonobuoys is processedsi-
multaneously, then16 instancesof the grapharerequired,
which resultsin a cumulative processorutilization of � M �P� .
(The worst caseconcurrency requirementfor the full 80
nodeDIFAR graphrequires5 bandsto be processedfor
eachsonobuoy, which resultsin acumulativeprocessoruti-
lization of VHM TPT [12]. Hence,the AN/UYS-2A usedin the
ALFS systemhasatotalof 3 arithmeticprocessors.)In gen-
eral,theanalyticalcalculationof theCPUutilizationis only
asaccurateastheexecutiontimesusedin thecomputation.
Sincewe areconcernedwith guaranteeinglatency, weused
worstcasenodeexecutiontimesratherthanaverageexecu-
tion times.

We alsomeasuredtheCPUutilization of oneAN/UYS-
2A arithmeticprocessorexecutingoneinstanceof theone-
bandDIFAR graphusingreal-timedatacollectionfeatures
of the AN/UYS-2A. The peakprocessorutilization mea-
suredwas4.7%,ascomparedto ourpredicted4.84%.(The
full DIFAR graphthatprocesses5 bandsof sonobuoy data
resultedin a peakprocessorutilization of 13.09%,ascom-
paredto a predicted13.2%[12].) It shouldbe notedthat
theworstcaseexecutiontimesareregularlyencounteredin
this graph,andthat the worst caseexecutiontimesfor the
AN/UYS-2A are extremely accurate. Thus, it is not sur-
prisingthatour predictedprocessorutilization valueswere
socloseto measuredvalues.

4.3. Computing Inherent Latency

The worst caselatency cannotbe lessthanthe inherent
latency definedby thegraphtopologyanddataflow param-
eters,no matterwhat type of hardwareis usedto host the
application.In theDIFAR graph,thefirst sampleproduced
encountersthe maximumlatency [11]. Thus, to verify a
latency requirement,only the latency for the first sample
needsto be checked. However, thereare six graphsink
nodesso the latency of the first samplemust be checked
at eachgraphsinknode.

By Theorem3.5, the latency betweenthe time the first
samplearrivesandwhensinknodeAliOut canfirst beeligi-
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Node bÉ] ( _t] , `P] ) (
]
Source 0 � T>x % x V�< ms� —

FlowCntl 0 � T % T V�< � ms� VBM � V ms
BDF 0 � T % T V�< � ms� V=<HM x V ms

MstrMCS 0 � T % T V�< � ms� � M T�� ms
MnsMrg 0 � � % T V�< � ms� � M V � ms
MnsOut 0 � � % T V�< � ms� —
SlvMCS 0 � T % T V�< � ms� � M �e� ms
DDAD 0 � T % T V�< � ms� VBM < � ms
CRfilter 0 � T % T V�< � ms� � M T V ms
CRspec 0 � T % T V�< � ms� T�� MÕV � ms

CRdetect 0 � T % V=< �P� ms� T M �e� ms
BndMrg 0 �YVH% V=< �P� ms� � M �|T ms

SAD 0 �YVH% V=< �P� ms� T M V x ms
GramData 0 �YVH% V=< �P� ms� � M � < ms
GramMrg 0 �YVH% V=< �P� ms� � M �e� ms
GramOut 0 �YVH% V=< �P� ms� —

Node bÉ] ( _t] , `P] ) (
]
AliScale 0 � T % T>�{�P�P� ms� � M x{� ms
AliMr g 0 � T % T>�{�P�P� ms� � M T�� ms
AliOut 0 � T % T>�{�P�P� ms� —
BBC 0 �±VH% V�< �P� ms� � M �{� ms

BrgAngle 0 � T % T>�{�P�P� ms� T�x M x2� ms
BrgMrg 0 � T % T>�{�P�P� ms� � M T�� ms
BrgOut 0 � T % T>�{�P�P� ms� —
AutDet 0 � T % �P�{�P�P� ms� � M V{V ms

AutDetMrg 0 � T % �P�{�P�P� ms� � M T�� ms
AutDetOut 0 � T % �P�{�P�P� ms� —

BinMrg 0 � T % �P�{�P�P� ms� � M �e� ms
BinOut 0 � T % �P�{�P�P� ms� —

VernFilter 0 � � % T V=< � ms� N/A
VernSpec 0 � � % T V=< � ms� N/A
VernDet 0 � � % T V=< � ms� N/A

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

ble for executionis boundedsuchthatÐ���� � � �6>@? Source� AliOut A �� Source B � � Source�DC SampleLatencyE Ð���� �B� �GF ? Source� AliOut� Source H � � Source�²¸·6¹ÁyB� % 	 V=< x-! TT>x � k x V�< ms} ù SampleLatency� ²¸·6¹ y T % û V�< xT>x ÿ k x V=< ms}I M �e� < seconds ù SampleLatency
� T�� seconds.

Thus,no matterhow fast the processoror how many are
used,the minimum latency a sampleencountersfrom the
sourcenodeto nodeAliOut is

I M �2� < secondsandit maybe
almost10 seconds.If we canguaranteethat nodeAliMrg
completesits executionwithin 10secondsof whenit is first
eligible for execution(i.e., if 10 secondsis the boundon
imposedlatency), thenwecanguaranteethatthemaximum
latency any sampleencountersin the path is lessthan20
secondssincetotal latency is equalto inherentlatency plus
imposedlatency.

Themaximuminherentlatency thefirst sampleencoun-
tersin thepathfrom nodeSourceto eachof theotheroutput
nodesis computedin the samemanner. The upperbound
on inherentlatency from nodeSourceto: nodeGramOutisVHMJ< seconds,nodeBrgOut is 10 seconds,nodeAutDetOut
is 30 seconds,andnodeBinOut is 30 seconds.Thus,if the
processingsimply keepsup with the input datarates,total
latency maybeashighas60 secondson somepaths.

At first it is rathersurprisingthat latency ashigh as60
secondsis tolerablein an embeddedapplication. Acous-
tic signalprocessingapplicationscantoleratemuchhigher
latency boundsthan other real-time applicationssuch as
radarapplications.The main reasonfor this is that sound
waves travel much slower than radarwaves, and, thus, it
takeslongerto accumulateacousticsamplesthanradarsam-
ples— at least30 secondsmustelapsebeforeenoughdata
is availableto executesomeof the DIFAR signalprocess-
ing functions. Consequently, thehigh latency is dueto the
timeit takesfor datato accumulatein anode’sinputqueues
(whereit is buffered)until enoughdataexists for thenode
to execute.

5. Summary and Conclusions

We presentedthe analysisand verification of the real-
time propertiesof the DIFAR signal processinggraphof
theALFS systemusinganalyticaltechniques.Prior to this
work, the two mostcommonways to verify the real-time
requirementsof applicationsdevelopedusinggeneralpro-
cessinggraphmodelswasto simulategraphexecutionor to
createa staticscheduleoff-line to determinethe periodof
theschedule.

While theU.S.Navy hasspentmillions of dollarsdevel-
opingapplicationswith PGM,it hasneverbeforebeenable
to analytically verify the real-time requirementsof PGM
graphs. Thus, we claim to extend the stateof the art in
real-timeanalysisandverificationby showing thatit is pos-
sible to analyticallycomputethe inherentlatency of cyclic
graphsindependentof thehardwarehostingtheapplication.
We also showed how to computethe real-timeexecution
rateof eachnodein thegraph.Usingtheexecutionrateof
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eachnodeandthetimeit takesperexecutiononagivenpro-
cessor, theresultingCPUutilization canalsobecomputed,
asshown here.Usinga deterministicschedulingalgorithm
to boundimposedlatency, it is alsopossibleto boundtotal
latency andmemoryrequirementsfor any PGMgraph[11].

Theanalysispresentedhereis basedon a portionof the
actualDIFAR graph.However, thesameanalysismethods
havebeenappliedto thecompleteDIFAR graph,aswell as
all of theothergraphsin theworst-caseconcurrency modes
that the ALFS systemmust support[12]. Moreover, our
analysismethodsare applicableto any applicationdevel-
opedusingageneralprocessinggraphmodelsuchasPGM.
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