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Abstract

High level modeling and (quantitative) performance analysis of signal processing systems requires high level models for
the applications(algorithms) and the implementations (architecture), a mapping of the former into the latter, and a simulator
for fast execution of the whole. Signal processing algorithms are very often nested-loop algorithms with a high degree of
inherent parallelism. This paper presents - for such applications- suitable application and implemetation models, a method
to convert a given imperative executabl e specification to a specification in termsof the applicationmodel, a method to map this
specificationinto an architecture specificationin terms of theimpl ementationmodel, and a method to anal yze the performance
through simulation. The methods and tools are illustrated by means of an example.

1 Introduction

A new kind of embedded architectures is emerging that is composed of a microprocessor, some memory, and a number
of dedicated coprocessors that are linked together via some kind of programmable interconnect (See Figure 1). These ar-
chitectures are devised to be used in real-time, high-performance signal processing applications. Examples of these new ar-
chitectures are the Prophid architecture [1], The Jacobium architecture [2], and the Pleiades architecture [3], to be used in
respectively, video consumer appliances, adaptive array signal processing, and wireless mobile communications. These ar-
chitectures have in common that they exploit instruction level parallelism offered by the microprocessor and coarse-grained
parallelism offered by the coprocessors. Given aset of applications, the hardware/software codesign problem isto determine
what needs to execute on the microprocessor and what on the coprocessors. Furthermore, what should each coprocessor con-
tain, while being programmabl e enough to support the set of applications.

Theapplicationsthat need to execute on the architectures are typically specified using an imperative model of computation,
most commonly C or Matlab. In Figure 1, for example, we show an agorithm written in Matlab. Although the imperative
model of computation iswell suited to specify applications, it does not reveal paralelism dueto itsinherent sequential na-
ture. Compilersexist that are able to extract instruction level parallelism from the original specification at avery finelevel of
granularity. They are, however, unable to exploit coarse-grained parallelism offered by the coprocessors of the architecture.
This makes the mapping of the applications onto the architecture difficult.

Instead, a better specification format would be to use an inherently parallel model of computation like Process Networks[4,
5]. Thisdescribes an application as a network of concurrently executing processes. It describes parallelism naturally from the
very fine-grained to the very coarse-grained, it does not pre-impose any particular schedule, and it describes each processin a
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Figure 1. Mapping the application onto an architecture is difficult because the Model of Computation
of the application does not match the way the architecture operates.

[rGd), x(k.j), t1=Vec(r(), x(kj) ); MatParser
fori=j+1:1:N, -
[ (i), x(k,i), t] = Rot( r(j,i), x(ki), t); DgParser

end
end
end

process network using an imperative language. The mapping then becomes putting the processes either on a microprocessor
or on a coprocessor as shown by tools like ORAS [6], or SPADE [7]. Using these tools, a Y-chart [8] can be constructed,
allowing the quality assessment of mappings on architectures.

This paper describes the Compaan tool that automatically transforms a Matlab application into a process network descrip-
tion, as shown in Figure 1. It converts a Matlab application into a polyhedral reduced dependence graph, that is subse-
guently converted into a process networ k description. The Compaan tool i s confined to operate on affine nested loop programs
(NLP) [9], but the applications of interest are often described thisway.

The paper a so describes the Spadetool that maps the process networ k descri ption into an architecture network description
and allows simulation of the resulting system thereby using some metrics collectorsto anayze the performance of the system.
From here, both the application and the architecture can be tuned (without violating the model rules) to explore the whole
design space.

The outlineof the paper isasfollows. Section 2 givesthe Y-chart exploration scheme underlying our concept of modeling
and simulation. in Section 3 we present the Matlab-to-Process Network compiler Compaan. Section 4 briefly reviews the
tools MatParser and DgParser that generate from a given imperative specification a single assignment code and a reduced
dependence graph, respectively. Section 5 introducesthetool that generates the processesin the Process Network specification
of an application. Section 6 describes the mapping and simulationtool Spadewhichisused in the Y-chart exploration scheme.
Resultsare given in Section 7.

2 TheModeling Concept

Inlinewith Kienhuiset a. [10] we advocate that the devel opment of heterogeneous architectures should follow a general
scheme, which can be visualized by the Y-shaped figurein Figure 2(a), the Y-chart. Inthe upper right part of Figure 2(a) isthe
set of applicationsthat drivesthe design of the architecture. Typically, adesigner studiesthisset of applications, makes some
initial calculations, and proposes an architecture. The effectiveness of thisarchitectureisthen to be evaluated and acompari-
sonwith alternative architecturesisto be made. Architecturesare evaluated quantitatively by means of performance analysis.
For this performance analysis, each application is mapped onto the architecture and the performance of each application—
architecture-mapping combination is evaluated. The resulting performance numbers may inspire the architecture designer
to improve the architecture. The designer may also decide to restructure the application(s) or to modify the mapping of the
application(s). These designer actions are denoted by the light bulbsin Figure 2(a).

In thisapproach, it is assumed that the applications and the architecture are specified in terms of amodel of computation
and amodel of implementation, respectively. For the parallel execution of signa processing nested loop programs (NLP), a
natural model of computation isthe Process Network model [4, 5] which isquite different from the usual imperative model of
computation in which the applications are commonly specified. It is, therefore, necessary to provide a compiler that extracts
the available parallelism from an application described as an NLP, say in Matlab, and automatically convert it into a process
network specification. We thusextend the Y-chart environment shown in Figure 2(a) to the environment shown in Figure 2(b).

The specification of the architecture is in terms of a model of implementation, which is the interconnection of generic
building blocks that are representative for the different types of resourcesin an architecture. These resources are for example
processing resources, communication resources, and memory resources. The mapping of an application into an architecture
is by means of symbolic instruction traces that connect the application model to the implementation model. This way, the
functional behavior of the application residesin the model of computation and the timing behavior is confined to the model of
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implementation. Thus, compared to thelaboriouswork of writing fully functional architecture model sthiscan save adesigner

alot of time, and therefore enables the exploration of alternative architectures.

Inthenext section, wefocusontheupper right corner in Figure2(b) whichisimplemetedin our Compaantool. In Section 6,
we take a closer look at the Y-chart part in Figure 2(b) which isimplemented in our Spade tool.

3 TheCompaan tool
We devel oped the Compilation of Matlab to Process Networks (Compaan) tool, which transforms a nested loop program
writtenin Matlab into a process network specification. The tool does thistransformation in a number of steps, shown in Fig-
ure 3, leveraging alot of techniquesavailablein the Systolic Array community [11]. In Figure 3, abox represents aresult and
in more detail
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Figure 3. Compaan consists of three tools that transform a Matlab specification into a process

Step 1.

Step 2.

Process
generation

| processes |

network
description

’
’
’
’
N
N
N
~
N

network specification.
Compaan startsthe transformati on by converting a Matl ab specification into a single-assignment code (SAC) specification.
This describes al parallelism available in the original Matlab specification. Next, it derives the polyhedral reduced depen-
dence graph (PRDG) specification from the SAC. From thisPRDG, the network description and the individual processes are

derived. The three steps done in Compaan are redized by separate tools, respectively, MatParser, DgParser, and Panda.
The last mentioned tool, Panda, uses the PRDG description to generate the network description and the contents of the



processes in the process network description. The generation of the processes is further decomposed into domain scanning,
data partitioning, and linearization. We elaborate on these toolsin Section 4 and Section 5.

In the Matlab—to—Process Network compilation, the role of the PRDG iscrucial. A PRDG is acompact representation of
an NLP's dependence graph. It isadirected graph G = (V, ), where VV is a set of node domainsand F is a set of edge
domains. The PRDG representation of the algorithmin Figure 1 is shownin Figure 4.

Figure 4. An example of a polyhedral reduced dependence graph.

3.1 Nodedomain

A nodedomainischaracterized by 1) aniterationdomainZ = {i = Lk+mAk € PNZ"} whereP = {x € Q" | Ax < b}
isapolytope, 2) afunction, and 3) a set of port domains. Here, L and A are integra matrices, and i, k, m, and b areintegra
vectors. The function residesin each point in the iteration domain. The function takes its arguments from itsinput portsand
returnsvalues to its output ports. A particular input port or output port bel ongsto the node domain’sinput port domain (1PD)
and output port domain (OPD), respectively.

3.2 Edgedomain

An edge domain is an ordered pair (v;, v; ) of node domains together with an ordered pair (p;, p;) of port domains, where
p; iIsthe OPD of v; and p; isthelPD of v;. p; isimplicitly defined by an affine mapping A/ from IPD to OPD which expresses
the data dependency between the output port of the functionin v; and theinput port of the functionin v;.

3.3 Example

Toillustratethe notion of node and port domains, we show in Figure 5 part of node domain Cin Figure4. The figure shows
thenodedomain (a), itsiteration domain withtheiteratorsi and j -(wehaveleft out theiterator k)- (b), itsport domains (c)-(f),
and itsview asit appearsin the PRDG (g). Thus, the four port domains (c)-(f) partition the node domain (a).

In (c) and (d), we show IPDs and in (€) and (f), we show OPDs. In (c) we identify two IPDs, ipd; and ipda2. In (€) we
identify two OPDs, opd; and opd-. The figure shows one edge domain between opd; of port domain (€) and ipd; of port
domain (c).

The PRDG istheintermediate specification between the given Matl ab specification and the required process network spec-
ification.

4 MatParser & DgParser

In the path from Matlab to the PRDG, Compaan uses the tools MatParser [12, 9] and DgParser [9]. MatParser isan ar-
ray dataflow analysis compiler that finds al parallelism available in NLPs written in Matlab using a very aggressive data -
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Figure 5. A node domain and its corresponding port domains.

dependency analysistechnique based on integer linear programming [13]. We focus on Matlab since many signal-processing
algorithmsare writtenin thislanguage. Just by writing another language front-end, MatParser can also operate on NLPs writ-
ten in other languages, for example C.

MatParser finds whether two variables are dependent on each other, and moreover, a which iteration. It partitions the
iteration space defined by the for-next loops, and gives the dependence vector between partitions. For the simple program
givenin Figure 1, MatParser solves about a hundred parametric integer program problemsto find all data-dependencies.

In Figure 6, part of the output of MatParser is shown for the agorithm given in Figure 1. It shows how the iteration space
spanned by thefor-next iteratorsk and j ispartitioned using if/el se statements. Consequently, for different partitions, different
data-dependencies may apply. In case of input argument ing of function Vec, either avalue previoudly defined by function
Vec should beused (i.e, r1(k — 1, j), defining the data-dependency M (), or avaluefrom the original r-matrix (i.e., 7(j, 7))
should be used.

DgParser converts the SAC description into the PRDG description, which is a straightforward conversion. Accordingly,
the shape of the node domain is given by the way the for-next loops are defined and the partitioning of the node-domain cor-
respondswith theif/else conditions. Thetermsi pd and opd used in Figure 6 relate to the IPD and OPD defined in Section 5.

5 Panda

Once DgParser has established a PRDG model of an algorithm, the Panda tool can generate a network description and the
individual processes. The network description is straightforward, as it follows the topology of the PRDG. Each node in the
PRDG is mapped onto a single process and each edge is mapped onto an unbounded FIFO. In case of Figure 4, nodes A, B,
C, D, and £ will define a process and edges a to ! will define an unbounded FIFO.

Asshown in Figure 3, the Pandatool divides the generation of a process into three different steps. domain scanning, data
partitioning, and linearization, which we now discuss in more detail using a running example shown in Figure 7.

Thisfigure shows two process network nodes, called the producer and the consumer and an unbounded FIFO channel for
the communication between the two. Also shown is part of a PRDG, consisting of node domains N D, and N D.., the OPD
of N D, (shaded triangle), the IPD of N D). (shaded triangl€), and the affine mapping A/ from IPD to OPD. Panda generates
the top-part of the figure from the bottom-part.

5.1 Domain scanning

Thefirst step in Pandaisto scan the node domains by Iexicographically ordering the pointsin the node’ siteration domain.



%% Si ngl e Assignment Code Cenerated by Mat Parser
for k =1: 1: K
for j =1 : 1: N,

if k-2>= 0,

[ inO0] = ipd( r_1( k-1, j ) );
else Woif -k+1 >= 0

[ in O] =ipd( r(j, ) );
end
if j-2>= 0,

[ in_1] = ipd( x_1( k, j-1, j ) );
else Woif -j+1 >= 0

[ in_1] = ipd( x( k, j ) );
end

[ out_0, out_1, out_2 ] = Vec( in_0, in_1);
opd( out_0 );

opd( out_1 );
opd( out_2 );

10k, j
1( Kk, j
1( Kk, j

—— —
—
I

[ r_
[ x_
[ t_

end
end

Figure 6. Single Assignment Code

Thus, given theiteratondomains 7 = {j = L,k + m, Ak € P, NZ*} for ND,andZ = {i = L.k+ m. Ak €
P. N 72} for N D,, respectively, and theiterator scan orders, say (j», j1) for N D, and (i1, i») for N D,, thetask isto return
alexicographical ordering of the domainsin terms of a nested loop.

The Fourier-Motzkin procedure[14] isused to accomplish this. Fourier-Motzkin (FM) findsthebounderies of theiterators,
given the iterator scan orders. Thus, FM returnsfor sort order (jz,j1): {0 < jo < N, j2 < j; < N}andforsort
order (i1, 12): {0 <43 < N, 0 <42 <4 }. Theconversion to anested loop scanning is then straightforward.

5.2 Data partitioning
MatParser generates a SAC description in which only the IPDs are explicitly specified. This means that the input argu-

ments ing and in; in Figure 6, are surrounded by if/el se statements, while the output values outy, outy, and out, are not. A
consequence of thisisthat output val ues can be generated that are never used by someinput domain, or that one OPD produces
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Figure 7. Mapping of a PRDG onto a Process Network, running example.



tokens for more than one IPD. The second step in Pandais to make the OPDs explicit.

Making the output port domains explicit isillustrated in Figure 8. It shows two communicating node domains N D, and
N D.. Thetokens produced by port domain £, of node domain NV D, areto be consumed by port domain . of node domain
ND., as described by the data-dependency with mapping M . Port domain £, is an OPD and port domain £, isan IPD. To
make P, explicit, Pandaapplies M () that is derived by MatParser, to IPD P, whichisan operation on Z-polyhedra[15].

MO

NDp, ND

Figure 8. Making the output port domain explicit.

The procedure goes as follows. Starting point is the relation between IPD and OPD through M. Given the IPD (MatPars
output) {0 < 73 < N, 0 < iy < iy} of ND,, andthe affinemapping M: {j1 = i1, jo = iz — 1},theOPD {0 < j; <
N-1,j2+41<j;1 < N}of ND, isfound. Comparing these port domains with the respective node domains, it followsthat
what remainsto be checked at run time - to detect the port domains while scanning the node domains - iswhether j> +1 < j;
iNnND,and1 <iyinND.,.

5.3 Linearization

The channels between processes are one-dimensiona FIFO buffers. Therefore, the order in which a consuming process
reads tokens from a channel must be the same as the order in which tokens are written onto the channel by the producing
process. Of course, the consuming processwill in general use the read tokensin adifferent order (out-of-order consumption).
The channd’s FIFO and the consumer process's reorder memory are modeled as one one-dimensional memory m. Thisis
shown inFigure9.

[1T1]

)J

Figure 9. The producer-to-consumer chaneel FIFO and the consumer’s memory modeled as a linar
memory m.

(ITLITTTT

misalogica storage structure(LSS) [16], and thereisoneLSSfor each opd/ipd pair. The producer nodewritestokensinto
the LSSintheorder given by awrite polynomial w(j). The consumer node consumes tokensfrom thisLSSin theorder given
by aread polynomial »(i). Thewrite polynomial followsfrom aranking of the OPD of the producer. The ranking followsthe
order resulting from the domain scanning and data partitioning steps. The read polynomial satisfies (i) = w(M (1)), where
M (1) isthe affine mapping from the IPD of N D, tothe OPD of N D,. Therankingin N D, intherunning exampleisshown
in Figure 10. The corresponding write polynomial is given as

o 1. 1. .
w(ji, j2) = —515 +(N =3z +1— 1 D)



The corresponding read polynomial for N D, isgiven by

r(is, iz) = w(M (i1, iz)) = w(iy, iz — 1)

1. 1., .
:—§z§+(N+§)zz+zl—(N+1)

The linearization method in Panda relies on methods to count the number of integral points contained within a polytope
using so-called Ehrhart Polynomials[17]. These methods are implemented in the library PolyLib [18].
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Figure 10. Ranking of node domains to derive read and write polynomials for addressing the LSS m
between producer and consumer.

The three steps domain scanning, data partitioning, and linearizationresult in acontrol program as shown in Figure 11 for
the running example.

NDp NDc

for 73 = jo to N for ig = 0 to i

for jo = 0to N ‘

for iy =0 to N ‘

if(1<ip)

| —Tin = m(r(iy, iz));
end

(o) = 7

if (j2+1<51)
m(w 4+ +) = out]
end

end
end

end
end

Figure 11. Control program for writing in-order to the channel and reading - possibly out-of-order -
from memory

Ascan beseen fromthefigure, N D,’sj-loopnest scans the port domain and producesin each and every point the output of
the function’sfiring in these points. If the condition j, + 1 < j; istrue, thenthe output values are put in-order to the channel.
N D, getsthese values from the channd and puts them into a reordering memory. N D.’s i-loopnest scans the port domain
and if the condition 1 < i, is satisfied, then the input value for the function residing in the node domain at the scan point is
read from the reordering memory at address m(r(i)) = m(w(M(1))).

6 The Spadetool

The Spade tool was designed to execute Y-charts as shown in Figure 2(a). Spade makes aclear distinction between appli-
cations and implementations. An applicationimposesaworkload on the resources provided by an architecture. The workload



consistsof both the computati onwor ki oad and the communi cationworkload. The resources can be processing resources, such
as programmabl e cores or dedicated hardware units, communi cation resources, such as bus structures, and memory resources,
such as RAMs or FIFO buffers. The architecture design process is concerned with the specification of the resources that can
best handl e the workloads imposed by the target applications.

In Spade, applications and architectures are modeled separately. An application is modeled as a Kahn Process Network
(KPN) that is afunctional model relatively free of architectural aspects. Vice versa, an architecture is modeled as an imple-
mentation network in which the resources are taken from alibrary of generic building blocks. The architecture is constructed
for all applicationsfrom the benchmark set. Such adecoupling enables reuse of both applicationsand architectures and facil-
itates an explorative design process in which applications are subsequently mapped onto an architecture.

In order to eval uate the performance of an applicati on—architecture-mapping combination, we must providetheinterfacing
of application models to architecture models, including specification of mappings. For this purpose, we extend a technique
caled trace-driven simulation. Thisisa simulation technique that has been applied extensively for memory system simula-
tion in the field of general-purpose processor design [19]. We use the technique for performance analysis of heterogeneous
systems. Each processin the KPN produces upon execution a so-called trace, which represents the workload imposed on an
architecture by that process. Thus, atrace containsinformation on the communication and computati on operations performed
by an application process. These operations may be coarse-grain as opposed to classicd trace-driven simulation, in which
traces contain information on fine-grain RISC operations only. The traces drive computation and communication activitiesin
thearchitecture. These activitiesare executed as specified by thearchitecturemodel. During thisexecution, time getsassigned
to all events that occur in the architecture model and the performance of the execution of the application on the architecture
can be measured. An example of an application specified as a KPN is shown in Figure 12.

Process Channel Process

Figure 12. Example of an application model. Processes are depicted as circles, small circles are
process ports, and the circle segments in the processes are API functions.

Spade offers an Application Programmers Interface (API) for application modeling that contai nsthe following three func-
tions.

¢ A Read function. Thisfunctionis used to read data from a channel viaa process port. Furthermore, the function gen-
erates atrace entry - a symbolic read instruction - in the trace of the process by which it isinvoked, reporting on the
execution of aread operation at the application level.

o A Writefunction. Thisfunctionis used to write datato a channel viaa process port. It aso generates atrace entry - a
symbolic write instruction, reporting on the execution of awrite operation.

¢ An execute function. This function performs no data processing, but only generates a trace entry, reporting on pro-
cessing activitiesat the application level. The Execute function takes a symbolic instruction as an argument in order to
distinguish between different processing activities. For example, such an instruction may correspond to a Vec or Rot
functionin the application code in Figure 1.

The trace entries generated by the read and write functions represent the communi cation workl oad of a process. The trace
entries generated by the Execute function represent the computation workload of a process. The trace entries can be used
either to drive the architecture simulation, or, when executing the application stand-alone, to analyze the computation and
communication workload of an application. Such an analysis may return the number of times an operation in a process fires



and how many tokenswere transported over a FIFO channel between processes. Thisis shownin Figure 13, which describes
thesame network asgivenin Figure4. Theva uesof the parameters N and K - seeFigure 1 - havebeen 6 and 100 respectively.

€504

Figure 13. The PRDG with the firing numbers per process and channel/

Thus, processes A and E' have 21 executes, processes B and €' 600 and so on. In the figure, processes that execute more
frequently are colored darker and the channels have a width depending on their communication load. We can see that, for
example, edge b transported 15 tokens, while edge ¢ transported 500 tokens and edge e transported 594 tokens.
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Figure 14. Example of an architecture model. There are two processing resources (the dashed boxes),
that each are composed of a Trace Drive Execution Unit and an interface, one FIFO, and a bus.

An example of an architecture model is shown in Figure 14. The processing resources in the architecture model take the
traces generated by the application as input. We have taken a modular approach to allow the construction of a great variety
of processing resources from a small number of basic building blocks. A processing resourceis built from the following two
types of blocks.

o A tracedriven execution unit (TDEU) which interprets trace entries. The entries are interpreted in the order in which
they are put inthetrace, thereby retai ning the order of execution of the application process. A TDEU has aconfigurable
number of 1/O ports. Communication viathese |/O portsis based on a generic protocol.

¢ A number of interfaces, which connect the I/O ports of a TDEU to a specific communication resource. An interface
trangl ates the generic protocol into a communication resource specific protocol, and may include buffers to model in-
put/output buffering of processing resources. Currently, we have interfaces for communication viaadirect link, viaa
shared bus, and via shared memory, both buffered and unbuffered.

10



Apart from the TDEU and interface blocks, the current library contains some generic bus blocks, including bus arbiters,
and a generic memory block. All blocks are parameterized. For each instantiated TDEU alist of symbolic instructionsand
their latencies and throughputs have to be given. Thislist specifies which instructionsfrom the traces can be executed by the
processing resource and how many cycles each instruction takes when executed on this processing resource. Both latencies
and throughputs can be obtained from a lower level model of a processing resource, from estimation tools or they can be
estimated by an experienced designer. For instances of theinterface blocks, buffer sizes can be given. For abusinstance, the
bus width, setup delay, and transfer delay can be specified. Recall that the generic building blocks are abstract performance
models; they only model the timing and synchronization of the architecture. The application model captures the functional
behavior.

Once both an application model and an architecture model have been defined, mapping can be performed. This means that
the workload of the application has to be assigned to resources in the architecture as follows.

o Each processismapped ontoaTDEU. This mapping can be many-to-one, in which case thetrace entries of the processes
need to be scheduled by the TDEU. The scheduling policy can be selected and specified by the user.

o Each process port is mapped one-to-one onto an /O port. This mapping also implicitly maps the channels onto acom-
bination of communication resources and memory resources, possibly including user defined blocks, such as a specific
bus model or memory interface. Typically, these resources do not have an equiva ent element in the application model.

The simulation of the application model is based on the Pamela [20] multi-threading environment, where each Kahn pro-
cess is executed in a separate thread. The simulation of the architecture model is currently based on TSS (Tool for System
Simulation), which is a Philipsin-house architecture modeling and simulation framework [21]. Thelibrary of generic blocks
isimplemented as alibrary of TSS modules. The generic building blocksalready contain collectorsfor different performance
metrics. The metrics for which datais collected during simulation is resource specific. More on Spade can be foundin [22].

7 Modding and smulation results

For the application shown in Figure 1 we have derived the PRDG and KPN specifications shownin Figure4. From the ex-
ecution and transmission countsin Figure 13, we see that some processes execute many times (i.e., node B, C', and D), while
othersdo so sporadicaly (i.e., A and E). Based on thisinsight, we suggested a partition for the architecture as shown in Fig-
ure 1; the frequently executing processes are mapped on coprocessors whereas the incidentally executing processes are put on
the microprocessor. Conseguently, channels {a, b, 7, £} map onto the low-bandwidth communication structure that connects
the coprocessors with the microprocessor. Edges {¢, d, f, ¢} map onto the programmabl e interconnect network, which is the
high - bandwidth communication structure. Edge ¢ and edges {7, j, »} map onto internal communication structuresinside the
coprocessor for node C' and D, respectively. This very high-bandwidth communication isthuskept local to the coprocessors.
The specific architecture specified and used in Spadeis shown in Figure 15.

InterCD

output (1
InterBD .-.- input M

1? (L ITT]
InterBC
1

Microprocessor

Coprocessor
(AIE)

B

MicroProcessor/Coprocessor Bus

Figure 15. The architecture for the modeling and simulation example
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The architecture consists of amicroprocessor (Mp), three coprocessors (Cp), a M p-to-Cp buswith businterfaceswithasin-
glebuffer space, and FIFO interconnectslocal to the coprocessors. A bus-transfer takes d cycles and aFIFO-channel transfer
takes one cycle. Coprocessor C' and coprocessor 1) receive symbolic execute instructions with two parameters, latency (/)
and throughput (). Simulation results are shown in Tablee 1 an Table 2. The values of the parameters ! and ¢ are 21 and 1
cycles, respectively.

Table 1. Simulated execution times for problem sizes N = 4,6,12,16 and K = 100, 200 and bus-delay
d=0,10.

K =100 K =200
d=0 d=10 d=0 d=10
2153 | 2256 | 4253 | 4356
2204 | 2467 | 4304 | 4567
6706 | 7908 | 13306 | 14508

12102 | 14316 | 24102 | 26316

&N o| x| =

Table 2. Problem period « in cycles for problem sizes N = 4,6,12,16 and bus-delay d = 0, 10.
N]ld=0]|d=10

4 21 21
6 21 21
12 66 66

16 120 120

InTable 2, the problem period « isdefined as o = LEFERI=TU) i cycles, For valuesof A forwhich 3 x (N—1)x N <
{, the execute instruction’slatency is dominating.

8 Conclusion

With the tool set presented in this paper, certain nested loop Matlab programs can be converted to Kahn Process Networks
and mapped onto a high-level architecture description for simulation and performance analysison ahigh leve of abstraction.
Not discussed in the paper isatool for performing transformationson the intermediate PRDG specification of the application.
Examples of such transformations are index transformations and PRDG unrolling. In the example given in the paper, the
PRDG was index transformed to improve the utilization of the pipelined operations Vec and Rot in the architecture. The
transformation unrolling typically resultsin ahigher degree of paralelism. All dementsof the Compaan tool areimplemented
inJava. Part of itisintegrated inthe Ptolemy Il framework (seewww. gi gascal e. or g/ conpaan).
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