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~ Abstract—There has been a proliferation of block-diagram en-  diagrams; block-diagram languages promote software reuse by
vironments for specifying and prototyping digital signal processing - encapsulating designs as modular and reusable components;

(DSP) systems. These include tools from academia such as Ptole_m%md finally, these languages can be based on models of compu-
and commercial tools such as DSPCanvas from Angeles Design ’

Systems, signal processing work system (SPW) from Cadence. andtation that have strong formal properties, enabling easier and

COSSAP from Synopsys. The block diagram languages used in faster development of bug-free programs. Block-diagram spec-
these environments are usually based on dataflow semantics be-ifications also have the desirable property of not overspecifying
cause various subsets of dataflow have proven to be good matchesystems; this can enable a synthesis tool to exploit all of the
for expressing and modeling signal processing systems. In partic- ooncrrency and parallelism available at the system level.

ular, synchronous dataflow (SDF) has been found to be a partic- In a block-di . t th t .
ularly good match for expressing multirate signal processing sys- f a block-aiagram e_enwronmen » the user conne(_: S up various
tems. One of the key problems that arises during synthesis from Plocks drawn from a library to form the system of interest. For
an SDF specification is scheduling. Past work on scheduling from simulation, these blocks are typically written in a high-level lan-
SDF has focused on optimization of program memory and buffer guage (HLL) likeC++. For software synthesis, the technique
memory under a model that did not exploit sharing opportunities. v nically used is that of inline code generation: a schedule is
In this paper, we build on our previously developed analysis and ted and th d t t th h thi hedul
optimization framework for looped schedules to formally tackle generate ) an € code generator steps _roug IS sc.e ule
the prob|em of generating 0pt|ma||y Compact schedules for SDF and SubStItuteS the COde fOI‘ eaCh actor tha.t It encounters In the
graphs. We develop techniques for computing these optimally com- schedule. The code for the actor may be of two types. It may be
pact schedules in a manner that also attempt to minimize buffering the HLL code itself, obtained from the actor in the simulation
memory under the assumption that buffers will be shared. This re- library. The overall code may now be compiled for the appro-

sults in schedules whose data memory usage is drastically lower . .
than methods in the past have achieved. The method we use isprlate target or the code may be hand-optimized code targeted

that of lifetime analysis; we develop a model for buffer lifetimes for a particular targetimplementation. For programmable DSPs,
in SDF graphs and develop scheduling algorithms that attempt to this means that the actors implement their functionality through

generate schedules that minimize the maximum number of live to- hand-optimized assembly language segments. The code gener-
kens under the particular buffer lifetime model. We develop sev-  q4qp after stitching together the code for the entire system, then

eral efficient algorithms for extracting the relevant lifetimes from imol bles it and th i hi d b
the SDF schedule. We then use the well-known firstfit heuristic for S!MP!y assembies it an € resulting machine code can be run

packing arrays efficiently into memory. We report extensive exper- 0N the DSP. This latter technique is generally more efficient for
imental results on applying these techniques to several practical programmable DSPs because of a lack of efficient HLL DSP
SDF systems and show improvements that average 50% over pre- compilers.
vious techniques, with some systems exhibiting up to an 83% im- o hardware synthesis, a similar approach can be taken, with
provement over previous techniques. . . ! . NG "
_ _ ~ blocks implementing their functionality in a hardware descrip-
Index Terms—Block diagram compiler, DSP software synthesis, tion language, like behavioral VHSIC hardware descripton lan-
dynamic programming, dynamic storage allocation, lifetime 4,546 (VHDL) [12], [34]. The generated VHDL description can
analysis, loop fusion, memory allocation, static scheduling, syn- then b db behavioral thesis tools t ¢
chronous dataflow, weighted interval graph coloring. . en be used by a behaviora syn €sis 1o0ls 1o generate a reg-
ister transfer level (RTL) description of the system that can be

further compiled into hardware using logic synthesis and layout
|. INTRODUCTION tools.

LOCK diagram environments are proving to be increas- HLL compilers for DSPs have been woefully inadequate in
B ingly popular for developing digital signal processingh€ Past[35]. This has been because of@hg highlyirregu]ar archi-
(DSP). The reasons for their popularity are many: block-di€cture that many DSPs have, the specialized addressing modes
agram languages are visual and, hence, intuitive to use fich as modulo addressing, bit-reversed addressing, and small

unable to generate efficient code for such processors. This situ-
ation might change in the future if DSP architectures converge
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for the foreseeable future. Because of the shortcomings of dixst step in compiling SDF graphs is determining a schedule.
isting compilers for such DSPs, a considerable research effonice the schedule has been determined, memory has to be al-
has been undertaken to design better compilers for fixed pointated for the buffers in the graph. Both of these steps present
DSPs (e.g., see [19]-{21)]). many algorithmic challenges; we tackle many of these steps in
Synthesis from block diagrams is useful and necessary whéis paper. We concentrate on the class of SASs in our frame-
the block diagram becomes the abstract specification rather thrzork because nonSASs for SDF graphs can be exponentially
C code. Block diagrams also enable coarse-grain optimizatidosg; this can lead to very large code size [4]. Within the class
based on knowledge of the restricted underlying models of coof-SAS, there are two algorithmic challenges: to determine the
putation; these optimizations are frequently difficult to perforrarder in which the actors should appear in the schedule, subject
for a traditional compiler. Since the first step in block-diagrarto the precedence constraints imposed by the graph (the topo-
synthesis flows is the scheduling of the block diagram, we cological ordering), and the order in which the loops should be or-
sider in this paper scheduling strategies for minimizing memogganized once the order has been determined. Solutions to both of
usage. Since the scheduling techniques we develop operatéhmse problems depend on the optimization metric of interest. In
the coarse-grain system-level description, these techniquesthrg paper, the metric is buffer memory; hence, these algorithms
somewhat orthogonal to the optimizations that might be eral try to minimize the amount of buffer memory needed. While
ployed by tools lower in the flow. For example, a behaviorgirevious techniques for buffer minimization have used tech-
synthesis tool has a limited view of the code, often confined toques where each buffer is allocated independently in memory
basic blocks within each block it is optimizing and cannot makgve will refer to this as th@onshared modglin this paper we
use of the global control and dataflow that our scheduler can d®y¢ to share buffers efficiently by using lifetime analysis tech-
ploit. Similarly, a compiler for a general-purpose HLL (such asiques (referred to as trghared modél In the memory allo-
C) typically does not have the global information about appleation steps, the challenges are to efficiently extract buffer life-
cation structure that our scheduler has. The techniques we times from the schedule and to pack these buffers into memory
velop in this paper are, thus, complementary to the work thatafficiently. All of the algorithms we present are provably poly-
being done on developing better HLL compilers for DSPs suctomial-time algorithms; this is important because SDF com-
as that presented in [19]-[21]. In particular, the techniques ypéers are often used in rapid-prototyping environments where
develop operate on the graphs at a high enough level that partist compile times are necessary and desirable.
ular architectural features of the target processor are largely irdn Section Ill, we review relevant past work on this subject.
relevant. We assume that the actor library that the code gener&ections IV and V establish some of the notation and definitions
has access to consists of either hand-optimized assembly cagewill use. Fig. 1 summarizes the various algorithms that we
or of specifications in a HLL like”. If the latter, then we would will develop in this paper as part of our SDF compiler frame-
have to invoke &' compiler after performing the dataflow op-work. The box with “RPMC or APGAN” in Fig. 1 finds the
timizations and threading the code together. Even though thipological ordering and is reviewed in Section VII (briefly,
might seemingly defeat the purpose of producing efficient codance these algorithms have been developed previously). The
since we are using@ compiler for a DSP (the compiler might box with “SDPPQO” solves the loop-ordering problem and is de-
not be very good as mentioned), studies have shown that §oribed in Section VII. After the SDPPO step, we will have a
larger systems” code produced this way compiles better thatheoretical idea of the amount of buffer memory required, but as
hand-writtenC for the entire system [15]. will be shown, until the actual memory allocation is performed,
we do not know the exact requirements. The memory alloca-
tion steps take the schedule produced by the first two steps and
Il. PROBLEM STATEMENT AND ORGANIZATION OF THE PAPER  attempt to determine the most efficient allocation. In order to
do this, we have to build a tree representation of the schedule;
In this paper, we describe a technique for reducing bufferinlgis is covered in Section V. On this representation, several pa-
requirements in synchronous dataflow (SDF) graphs basedrameters that are needed for lifetime analysis, like the start and
lifetime analysis and memory allocation heuristics for singlestop times of buffers, their periodicities, and durations have to
appearance looped schedules (SAS). As already mentioned teeomputed; algorithms for doing this efficiently are given in
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Section VIII. Once all of the lifetime parameters have been dales present unique problems for deducing the liveness profiles
termined, another structure called an intersection graph hasatw, thus, the interval graphs in an efficient manner; these tech-
be built. On this graph, allocation heuristics are applied in ordeigues have not been presented or studied in any previous work.
to get a final memory allocation; these two steps are coveredWe show that for the important class of SASs, these deductions
Section IX. Since we have developed two efficient heuristics fean be made in polynomial time in the size of the SDF graph.
generating topological orderings in the scheduling step, neith&e present an optimization technique for reducing the extended
of which can be said to be clearly superior and since we have deromatic number by performing loop fusion in a systematic
veloped two heuristics that can be used in the memory allocatioanner. While the loop fusion technique is applicable in a gen-
step, our experiments in Section X examine all four of the posral setting as well, opportunities for doing it in a general setting
sible combinations to determine the most efficient combinatiato not arise as frequently and naturally as they do in an SDF set-
for each test example. In Section XI, we discuss possibilities fiing, hence, it is a very effective technique here. For example,
future work and conclude. determining the applicability of loop fusion is undecidable in
procedural languages, whereas exact analysis is decidable and
tractable in our context. Thus, loop fusion is more effective for
SDF graphs and our work exploits this increased effectiveness.
Lifetime analysis techniques for sharing memory are wellso, previous work has not addressed the relationship been
known in a number of contexts. The first is for register allocdeop fusion and the extended chromatic number. Finally, even
tion in traditional compilers; given a scheduled dataflow grapthough certain subsets of the technigues we present in this paper
register allocation techniques determine whether the variables/e been studied in the compilers community, to date they have
in the graph can be shared by looking at their lifetimes. In thet been used in block-diagram compilers. An additional contri-
simplest form, this problem can be formulated as an intervalition of this paper is to show that many of the techniques used
graph coloring problem that has an elegant polynomial-time so-traditional compilers can be specialized and applied fruitfully
lution. However, the problem of scheduling the graph so that tireblock-diagram-based DSP programming environments.
overall register requirementis minimized is an NP-hard problemVanhoofet al.[33] have observed that in general, the full ad-
[30]. Register allocation problems are made somewhat simptiress space of an array does not always contain live data. Thus,
because the variables in question all have the same size. Thetay define an “address reference window” as the maximum dis-
location problem becomes NP-complete if variables are of diince between any two live data elements throughout the life-
fering sizes, as for example, in allocating arrays of differetiime of an array and fold multiple array elements into a single
sizes to memory. window element using a modulo operation in the address cal-
Fabri [8] studies the more general problem of overlayingulation. This concept is similar to our use of the maximum
arrays and strings in imperative languages. Fabri mode&lamber of live tokens as the size of each individual SDF buffer.
array lifetimes as weighted interval graphs and uses colorilige number of logically distinct memory elements in a buffer
heuristics for generating memory allocations. She also studfes an edge: is equal toI’ N SE(e), which can be much larger
transformation techniques for lowering the overall memomyan the maximum number of live tokens that reside simul-
cost; these techniques attempt to minimize the lower and uppeneously [4].
bounds on the extended chromatic number of the weightedn a synthesis tool called ATOMIUM, De Greet al. [11]
interval graph. Some transformation techniques found to have developed lifetime analysis and memory allocation tech-
effective for reducing overall storage include: the renamingques for single-assignment static control-flow specifications
transformation, whereby with the use of judicious renamintat involve explicit looping constructs such fas loops. This
of aggregate variables, lifetimes can be fragmented, whihin contrast to SDF in which all iteration is specified implicitly
allows greater opportunities for overlaying; the technique aind the use of looping is left entirely up to the compiler. How-
recalculation, where some variables are recalculated wherer, once a single-appearance schedule is specified, we have a
needed rather than holding them in storage; code-motisat of nested loops. Thus, some relationships can be observed
technigues that reorder the program statements in a semartiietsveen the lifetime analysis techniques we develop for SASs
preserving manner; and loop splitting. and those of ATOMIMUM. In particular, the class of specifi-
There are important differences between Fabri's work amdtions addressed by ATOMIMUM exhibits more general and
ours. Fabri considers general imperative language code, degk predictable array-accessing behavior than the buffer access
hence has to solve allocation problems for a more general classterns that emerge from SDF-based SASs. We exploit the in-
of interval graphs. We apply our techniques on SDF graphs atrgased predictability of SASs in our work using novel life-
because the SDF model of computation is restricted, the intertiale analysis formulations that are derived from a tree-based
graphs in our problem have a more restricted structure, enablsthedule representation. This results in thorough optimization
us to use simpler allocation heuristics more effectively. For invith significantly more efficient (lower complexity) algorithms.
stance, the liveness profile of an array in our framework is d@rurthermore, through our in-depth focus on the restricted but
ways periodic (in a certain technical sense) and these periageful class of SDF-based SASs, we expose fundamental re-
can be deduced from the SDF graph and the specific clasdaifonships between scheduling and buffer sharing in multirate
schedules that we use, whereas in a general setting, liveness pignal processing systems.
files may not be periodic and deducing these profiles can be exRitz et al.[29] give an approach to minimizing buffer memory
pensive algorithmically. Also, the SDF model and SDF schethat operates only on flat SASs since buffer memory reduction

Ill. RELATED WORK
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is tertiary to their goal of reducing code size and context-switch Q 10D @ @
overhead (defined roughly as the rate at which the schedule 20 10~"10 30
switches between various actors). We do not take context switch @

into account in our scheduling techniques because our primary Valid Schedules

concern is memory minimization; off-chip memory is often a (1): BABBCABBABC  (2): 3(A 2B) 2C
bott_lgngck in embedded systems implementations and is better (3): (3A) (6 B) (2 C) (4):B A 2(AB)C3BC
avoided.

Flat SASs have a smaller context switch overhead then nested () _
schedules do, especially if the code-generation strategy usefigs2: (&) Example of an SDF graph. (b) Some valid schedules.
that of procedure calls. Ri& al.formulate the problem of min-

imizing buffer memory on flat SASs as a nonlinear integer prajgned to separate storage. Exploring the incorporation of buffer
gramming problem that chooses the appropriate topological sgiring opportunities into this analysis is a useful direction for
and proceeds to allocate based on that schedule. This formylgrher investigation.
tion does not lead to any polynomial-time algorithms and can pg already mentioned, dataflow is a natural model of compu-
lead to much more expensive memory allocations than those @&ion to use as the underlying model for a block-diagram lan-
tainable through nested schedules. For example, in Sectiong{gage for designing DSP systems. The blocks in the language
we show that on a satellite receiver example, Ritz's techniqegrrespond to actors in a dataflow graph and the connections
yields an allocation that is more than 100% larger than the a"@orrespond to directed edges between the actors. These edges
cation achieved by techniques developed in this paper. Howeygs; only represent communication channels, conceptually im-
the techniques in this paper do not take context-switch overhagmented as first-in first-out (FIFO) queues, but also establish
into account (since we assume inline code generation, the effgdcedence constraints. An actor fires in a dataflow graph by
of context switches is arguably less significant) and are thus aggm\,ing tokens from its input edges and producing tokens on
to operate on a much larger class of SASs than the class of ffatoutput edges. The stream of tokens produced this way cor-
SASs. Also, the techniques in this paper are all provably polyssponds naturally to a discrete time signal in a DSP system. In
nomial-time algorithms. this paper, we consider a subset of dataflow called SDF [17]. In
Goddard and Jeffay use a dynamic scheduling strategy ¥, each actor produces and consumes a fixed number of to-
reducing memory requirements of SDF graphs and developjaths, and these numbers are known at compile time. In addition,

earliest-deadline-first (EDF) type of dynamic scheduler [10pach edge has a fixed initial number of tokens, called delays.
However, experiments in the Ptolemy system have shown that

dynamic scheduling can be more than twice as slow as static
schedules [36]. Hence, for many embedded applications, this
penalty on throughput might be intolerable. Fig. 2(a) shows a simple SDF graph. Each edge is anno-

Sunget al. consider expanding the SAS to allow two or moréated with the number of tokens produced (consumed) by its
appearances of some actors if the buffering memory can be seurce (sink) actor and the “10 D” on the edge from actor
duced [31]. They give heuristic techniques for performing thi® actor B specifies 10 delays. Each unit of delay is imple-
expansion and show that the buffering can be reduced signifiented as an initial token on the edge. Given an SDF edge
cantly by allowing an actor to appear more than once. This teakie denote thesourceactor (that writes tokens on the edge),
nigue is useful since it allows one to tradeoff buffering memorsink actor (that reads tokens from the edge), aethy of e
versus code size in a systematic way. by src(e), snk(e), anddel(e). Also, prod(e) andcns(e) de-

SASs will give the least code size only if each actor in theote the number of tokersoducedontoe by src(e) andcon-
schedule is distinct and has a distinct codeblock that implementsnedrom ¢ by snk(e). An SDF graph is calledomogenous
its functionality. In reality, however, many actors in the graph prod(e) = cns(e) for all edgese.
will be different instantiations of the same basic actor, with dif- A schedulégs a sequence of actor firings. We compile an SDF
ferent parameters perhaps. In this case, inline code generaeph by first constructing @alid schedule-a finite schedule
from an SAS is not necessarily code-size optimal since the difiat fires each actor at least once, does not deadlock, and pro-
ferent instantiations of a single actor could all share the samleces no net change in the number of tokens queued on each
code [31]. Hence, it might be profitable to implement proceduezlge. Corresponding to each actor in the schedule, we instan-
calls instead of inline code for the various instantiations, so th#te a code block or procedure call that is obtained from a
code can be shared. The procedure call would pass the apfibvary of predefined actors. The resulting sequence of code
priate parameters. A study of this optimization is done in [3Hlocks is encapsulated within an infinite loop to generate a soft-
where the authors formulate precise metrics that can be usette implementation of the SDF graph.
to determine the gain or loss from implementing code sharingSDF graphs for which valid schedules exist are catled-
compared to the overhead of using procedure calls. Clearly, siftentSDF graphs. In [4], efficient algorithms are presented
of the scheduling techniques mentioned in this paper can usedetermine whether or not a given SDF graph is consistent,
this code-sharing technique also; our work is complementarydad to determine the minimum number of times that each actor
this optimization. must be fired in a valid schedule. We represent thaggmum

Ade [1] has developed lower bounds on memory requireumbers of firingdy avector g, indexed by the actors it¥
ments of SDF specifications, assuming that each buffer is @& often suppress the subscripfifis understood). These min-

IV. NOTATION AND BACKGROUND
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imum numbers of firings can be derived by finding the minimur 0 0
positive integer solution to thigalance equationfor &, which 3A2B)2C 3A6B2C
specify thaty must satisfy Q @ @ 0

®» @ CI

prod(e)q[STC(G)] = cns(e)q[snk(e)] Fig. 3. Schedule trees for schedules (2) and (3) in Fig. 2(b).

for every edge in GG.
o N A. R Schedules and the Schedule Tree
The vector, when it exists, is called threpetitions vectoof G. e .
In order to extract buffer lifetimes efficiently, we develop a

A schedulés then a sequence of actor firings where is each actor )
v is fired g[v] times and the firing sequence obeys the prec8§erI representation of the nested SAS, called the schedule

dence constraints imposed by the SDF graph. For the grapﬁr?se' The lifetime extraction al_gorithms_ of Section VIII can then
Fig. 2, we havey = [3, 6, 2] for the actor$A, B, C], and some be formulated as tree-traversing algorithms for determining the

schedules arBABBCABBABC, AAABBBBBBCC, and Various required parameters.

BAAABBCBRBBC. As showq in [24], it is always possible to represent any SAS
We define TNSE(e) to be the total number of for an acyclic graph as
samples exchanged on edge by actor snk(e); i.e., (irS)(irSR) 1)

TNSE(e) = gq[snk(e)] - ens(e).
whereSy, andSg are SASs for the subgraph consisting of the
actors inSy, and inSg, andi;, andig are iteration counts for
iterating these schedules. In other words, the graph can be parti-

In [4], the concept and motivation behind SAS has been déoned into a left subset and a right subset so that the schedule for
fined and shown to yield an optimally compact inline implemerihe graph can be represented as in (1). SASs having this form
tation of an SDF graph with regard to code size (neglecting tki@ conjunction with some additional technical restrictions on
code size overhead associated with the loop control). An SA® loop iteration counts) at all levels of the loop hierarchy are
is one where each actor appears only once when loop notatiéiied R schedules [24].
is used. If the SAS restriction is removed, significant increase Given ank schedule, we can represent it naturally as a binary
in code size can occur. The increase in code size will maniféege; we call this theschedule treeThe internal nodes of this
itself even if inline code generation is not used and subroutiti@e will contain the iteration count of the subschedule rooted
calls are used instead. This is because the length of a non-Shat node. Théeaf nodegnodes that have no children) will
can be exponential in the size of the graph, and there couldgtain the actors, along with their residual iteration counts.
exponentially many subroutine calls. If a nodew has children, we refer to thieft child and right

Fig. 2(b) shows some valid schedules for the graph Bild of v by left(v) andright(v). For a nodeu, the parent
Fig. 2(a). The notatiofC represents the firing sequence>. is referred to agarent(u). Fig. 3 shows schedule trees for the
Similarly, 3(A(2B)) represents the schedule loop with firingSASs in Fig. 2(b). Note that a schedule tree is not unique since
sequenceiBBABBABB. We say that the iteration count ofif there are iteration counts of one, then the split into left and
this loop is three and the body of this loop4$2B). Schedules right subgraphs can be made at multiple places. In Fig. 3, the
2 and 3 in Fig. 2(b) are SASs since actots B, C appear schedule tree for the flat SAS in Fig. 2(b) (3) is based on the
only once. An SAS like the third one in Fig. 2(b) is calléat split {A}{B, C'}. However, we could also take the split to be
since it does not have any nested loops. In general, there car{ e BHC'}. However, the split will not affect any of the com-
exponentially many ways of nesting loops in a flat SAS [4]. putations we perform using the tree.

Scheduling can also have a significant impact on the amountf v is a node of the schedule tree, thembtree(v) is the
of memory required to implement the buffers on the edgésub)tree rooted at node If 7" is a subtree, defineoot(T') to
in an SDF graph. For example, in Fig. 2(b), the bufferinge the root node df". The functionloop: V' — Z, whereV is
requirements for the four schedules, assuming that one sepafageset of nodes in the tree, a#ds the set of positive integers,
buffer is implemented for each edge, are 50, 90, 130, and 8eturns for a nonleaf node, the iteration count at that nesting
respectively. As can be seen, SASs can have significantly highfel and returns one for a leaf node.
buffer requirements than a schedule optimized purely for buffer
memory. For example, the non-SARABBCABBABC for VI. GENERATING SINGLE APPEARANCESCHEDULES

the SDF graph of Fig. 2 has a buffer requirement of 50; the \ye have shown [4] that for an arbitrary acyclic graph, an SAS
three possible SASs for the graphi6B2C, 3(A2B)2C, could be derived from a topological sort of the graph. To be pre-
and 342(3B C), have requirements of 130, 90, and 10Gjse, the class of SASs for a delayless acyclic graph can be gen-
respectively. We give priority to code-size minimization ovegrated by enumerating the topological sorts of the graph. We use
buffer memory minimization; justification for this may bethe lexical ordering given by each topological sort to derive a
found in [4] and [24]. Hence, the problem we tackle is one dfat SAS (this is a schedule of the forfgy 1) (g2x2) - - - (g ),
finding buffer-memory-optimal SASs since this will give us thevhere ther; are actors ang; are the repetitiong|x;]. The lex-

best schedule in terms of buffer-memory consumption amongsdl orderz; x» - - - 7, is the order given by the topological sort
the schedules that have minimum code size. of the graph). This lexical ordering then leads to a set of nesting

V. CONSTRUCTINGMEMORY-EFFICIENT LOOP STRUCTURES
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Fig. 4. Fine-grained, in between, and coarse-grained models of buffer sharing.

hierarchies; the complete set of lexical orders and for each legduce buffering memory. To do that, we first define the shared
ical order, the set of nesting hierarchies, constitutes the entingffer model.
set of SASs for the graph. Hence, we need a method for gen-
erating the topological sort. As we have shown [4], the gem. The Shared Buffer Model
eral problem of constructing buffer-optimal SASs under both _. . . .
ISlnce we are interested in sharing buffers, we have to

models of buffering, namely, the coarse shared buffer mode . . o
and the nonshared model are NP-complete. Thus, the meth & determine an appropriate model for buffer lifetimes
' the manner in which they can be shared. First, we

for generating topological sorts are necessarily heuristic and N - :
g g fopoiog y need a definition for describing token traffic on the edges:

optimal in general. ) .
We have developed two methods for generating SAS opfilven an SDF grapit:, a valid schedules, and an edge:

mized for nonshared buffer memory for acyclic graphs [4]: B G let max_tokens(e, S) denote the maximum number
bottom-up method based on clustering called acyclic pairwi§ tokens that are queued om during an execution of
grouping of adjacent nodes (APGAN) and a top-down method For example, if for Fig. 2,53 = (34)(6B)(2C) and
based on graph partitioning called recursive partitioning by mifz = 3(A42B)(2C), thenmaz_tokens((A, B), S3) = 70 and
imum cuts (RPMC). The heuristic rule of thumb used in RPM@waz-tokens((A, B), S2) = 30.
is to find a cut of the graph such that all edges cross in the samd&uffer sharing for looped schedules can be done at many
direction (enabling us to recursively schedule each half withogifferent levels of “granularity.” At the finest level of granu-
introducing deadlock) and such that size of the buffers crossitagity, we can model the buffer on the edge as it grows over the
the cut is minimized. While this rule is intuitively attractive forexecution of the loop and then falls as the sink actor on that
the nonshared buffer model, it is also attractive for the sharedge consumes the data. The maximum number of live tokens
model as will be shown. would give the lower bound on how much memory would be
The APGAN technique is based on clustering adjacent nodegjuired. An alternative model would be at the coarsest level,
together that communicate heavily so that these nodes will entlere we assume that once the source actor for an®slgets
up in the innermost loops of the loop hierarchy. For a broagkiting tokensmazx_tokens(e, S) tokens immediately become
subclass of SDF systems, APGAN has been shown to constriiig$ and stay live until the number of tokens on the edge be-
SAS that provably minimize the nonshared buffer memobmes zero, wher§ is the schedule. In other words, even if
metric over all SAS [4]. _ there is one live token on the edge, we assume that an array of
An arbitrary SDF graph may not necessarily have an SASizemaz_tokens(e, S) has to be allocated and maintained until
Bhattacharyyat al. [S] developed necessary and sufficient contere are no live tokens. Fig. 4 shows these two extremes picto-
ditions for the existence of SAS for SDF graphs. They devely)ly for the buffer on edgeBC. In the fine-grained case, each
oped an algorithm for gene_ratlng SASs that hierarchically df’?ﬁng of B results in the buffer oBC expanding by five and
composes the SDF graph into strongly connected cOmponegts, firing ofC' results in the buffer contracting by two. In the

(SCC) and recursively schedules each SCC. At each stage, i€se_grained case, the buffer expands to 30 immediately as
SCC decomposition results in an acyclic component graph that

f'six firings of B are treated as one composite firing and then
has an SAS as mentioned and can be scheduled using any > firing posite Inng

rithm for generating SAS for acyclic graphs. Hence, the tec _?lnks to zero after all 15 firings @f have occurred. Of course,

. 2 . ; ere are a number of granularities within these extremes based
nigues we develop in this paper can all be incorporated into the

framework of [5] and can handle arbitrary SDF graphs. on how many Ievels_of loop n_ests we consider; Fig. 4 shows the
in between alternative for this example, where only the outer

loop of iteration count two is considered, meaning that the three
VII. EFFICIENT LOOP FUSION FORMINIMIZING BUFFER firings of B ip thg inner loop are treated as one composite firing.
MEMORY The buffer, in this case, expands Bk 5 = 15 tokens on each
composite firing ofB and contracts by x 2 = 10 on each com-
Once we have a topological order generated by APGAN posite firing of C' consisting of five firings.
RPMC, we have a flat SAS corresponding to this topological In this paper, we assume the coarsest level of buffer mod-
order. The next step is to perform loop fusion on the flat SAS &ling. The finer levels, although requiring less memory theo-
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retically, may be practically infeasible to achieve due to the in- “_’[fi‘fy
creased complexity of the algorithms. To see that the complexity 10 <+— Start time = 10
might significantly increase, notice that the finest level requires “Time” | 12 i 4~ Duration =2
modeling to be done at the granularity of single firing of an 13 T Stoptime=12
actor in the schedule. The number of firings in a periodic SDF 15 Periodicity =
schedule iO(P™), whereP = MAX.cg{prod(e), ecns(e)}, Width “0"{/3’:‘0}’ (2.2)]
L isthe set of edges in the SDF graph, amd= | E|. Of course, 20 D v{o/«» 3x + 10y /l0<x,y<2
there may be more clever ways of representing the growth and 22 =20 if x=0, y=1
shrinkage, but presently the only known ways are equivalent to 23 D «— =23ifx=l,y=1

25

stepping through a schedule of si2z¢ ™). Clearly, this is an
exponential function in the size of the SDF graph and can 9 5 Anatomy of a buffer lifetime
quickly. In contrast, we will show that the coarsest level model” '

can be generated in time polynomialin the number of nodes af?)?mance of the schedule in terms of throughput; it is simply

edges in the SDF graph. . e 2 .
One weakness of the coarse buffer sharing model is the gggd to define the lifetimes for purposes of lifetime analysis.

sumption that all outout buffers of an actor are live when the Fig. 5 shows the anatomy of a buffer lifetime. Notice that this
P . P . . . I~buffer becomes live several times. The start time is defined as
actor begins execution and all input buffers are live until tl}

S : . ﬁe very first time the buffer becomes live; in this contrived ex-
actor finishes execution. This means that an output buffer o ; T , o
mple, at time ten. The stop time is defined as the very first time

an actor can never share an input buffer of that actor under the S ) .
Lo ) . the buffer stops being live—at time 12 in the example. The du-
model used in this paper. In reality, this may be an overly restric-

. : . o ration is simply the difference between the stop and start times.
tive assumption; for instance, an addition actor that adds Py P

i . . . e periodicity is modeled by a three-tuple as shown; this will
quantities will always produce its output after it has consumed,” , ibed i detail | . iefly. it |
its inputs. Hence, the output result can occupy the space occS— escribe |n.greater etal n Section VIII-D. Brlg y, Itis

' ' modeled by a Diophantine equation so that the start time of the

pied by one of the inputs. We have formalized this idea and haffﬁ occurrence of the buffer can be computed algebraically. Fi-
devised another technique calledffer mergind23], [37]that . 0 width of the buffer is defined to beaz_tokens(e, S)

merges input and output buffers by alg_ebra|cally dete_rmlnl_n mentioned already for the coarse-grained model.
precisely how many output tokens are simultaneously live wi

input tokens (via a formalism called tlmensumtlad-beforel—pro— B. Loop Fusion Under the Nonshared Buffer Model—DPPO
duced(CBP) parameter [3]). The buffer merging technique is _ : _

similar in spirit to the array merging technique presented by De-Once the topological ordering of the nodes in the SAS has
Greefet al.[11]; however, it is more efficient in some ways and®€€n determined, we have to determine the order in which loops
also exploits distinguishing characteristics of SDF schedules§fculd be nested since, as shown in Section V and Fig. 2, the
a novel way. We have shown that the buffer merging technig{f2P hierarchy has significant impact on buffer memory usage.
is highly complementary to the approach taken in this paper alid4] @nd [24], we developed a postprocessing technique based
is, in effect, a dual of the lifetime analysis approach. This is b dynamic programming [called dynamic programming post
cause buffer merging works at the level of a single input/outp@Ptimization (DPPO)] that generates an optimal loop hierarchy
edge pair, whereas the lifetime analysis approach of this paffdr @1y given SAS. The cost metric used for this approach is
works on a global level, where the buffering efficiency resulfat each edge is implemented as a separate buffer. We briefly

from the topology of the graph and the structure of the sched(if¥iéW that technique here because the technique we describe
[22], [23], [37]. for generating good loop hierarchies under the shared model is

iti ; imilar.
Initial tokens on edges can be handled very naturally in ogf™! _
coarse shared buffer model. An edge that has an initial token will ©" the nonshared model, we define the nonshared buffer
have a buffer that is live right at the beginning of the schedule REMOTY requirement of a schedufeby
may be live for the entire duration of the schedule if the buffer

never has zero tokens. If the buffer does have zero tokens at nsbufmem(S) =Y max tokens(e, S) 2
some point, then the buffer would be not be live for the portion
of the schedule, where the buffer has zero tokens. where the summation is over all edges & Thus,

In order to reason about the “start time” and “stop time” of.sbufmem(Ss) = 70 + 60 = 130, andnsbufmem(Ss) =
a buffer lifetime, we use the following abstract notion of time30 4+ 60 = 90 in Fig. 2.
each invocation of a leaf node in the schedule tree is considered’he lexical ordering of an SAS, denotedlexorder(S),
to be one schedule step and corresponds to one unit of tinse.the sequence of actor§A;, A», ..., A,) such that
For example, the looped schedd@gAd 3B) would be consid- each 4; is preceded lexically byA;, Az, ..., A;_1. Thus,
ered to take four time steps. This is because the firing sequebeeorder((2(3B)(5C))(74)) = (B, C, A). Given an SDF
is A3B A3B and since the schedule log® is a leaf node graph, an order-optimal schedule is an SAS that has minimum
in the schedule tree, it is considered to take one schedule stegnshared buffer memory requirement from among the valid
The first invocation ofA would take place at time zero and theSASs that have a given lexical ordering.
last invocation o8B begins at time three and ends at time four. One of the central observations that allows the development
Note that this notion of time is not used to judge run-time peof an efficient algorithm for optimizing buffer memory under
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the nonshared model can be stated intuitively in the followinghere

way: fusing adjacent loops together by taking out their common

factor (and creating an outer loop that has the common factor  E, = {¢| ((src(e) € {41, Ao, ..., Az})

as its iteration count) not only gives us a valid schedule but also AND (snk(e){Azi1, Autzs .. An}))}

gives us a schedule that has a nonshared buffering memory re-

quirement that is equal or smaller than the nonshared bufferigahe set of edges that “cross the split” if the schedule is split

memory requirement of the schedule with the set of separgigrweenA, andA, ;.

loops. Formally, we can state it as [24]: DPPO is based on repeatedly applying this idea in a
Fact 1: Suppose that is a valid schedule for an SDF graphpottom-up fashion to the given lexical orderiflgzorder(S)).

G, and suppose thal. = (m(n151)(n252)---(nxSk)) is @ First, all two actor subsequence§A;, As), (Ag, As),

schedule loop i of any nesting depth suchth@t<i < j < ... (A4,_;, A4,) are examined and the minimum buffer

k) = actors(S;)Nactors(S;) = &. Suppose also thatis any memory requirements for the edges contained in each subse-

positive integer that divides, , n2, ..., ng; let L’ denote the quence are recorded. This information is then used to determine

schedule loogym(y~tn1S1) (v tnaSa) - - - (y"1niSk)); and  an optimal split and the minimum buffer memory requirement

let.S” denote the schedule that results from repladingith L’ for each three actor subsequerfck, A; 1, A;+2); the min-

in S. Then: imum requirements for the two- and three-actor subsequences
1) S’ is a valid schedule fo6: are used to determine the optimal split and minimum buffer
2) nsbufmem(S’) < bufmem(S). [with nsbufmem as memory require_ment fo_r e_ach fgur actor subs_equence and so
defined by (2)]. on, until an optimal split is derived for the originalactor

fsequencélea:order(S)). An order-optimal schedule can easily
be constructed from a recursive top-down traversal of the
optimal splits [24].

The schedule loog/ is called the factored loop. The act o
factoring out a common factor like is called loop fusion or
factoring the schedule.

Informally, the DPPO algorithm uses a divide—and-conqu%f_ Loop Fusion for the Shared Buffer Model-SDPPO

approach that looks at a chain of actors in the schedule and ex- )
amines each point in the chain to determine the buffer cost of NOW that we have a model for sharing buffers, we develop an

breaking the chain there and fusing the “left” and “right” part/90rithm for organizing loops efficiently in an SAS such that

It then picks the best point to split the chain at and records it alftff Shared buffer cost is minimized. This algorithm is similar to
considers bigger chains. Because this problem can be showHﬂ'E)DP_PO algorlthm already de;cnbed. Consider the following
have the “optimal subproblem” property, meaning that optimgi{nam'C programming formulation:

solutions for the “left” and “right” parts lead to an optimal so-
lution to the whole chain, DPPO is an optimal algorithm for thgufmem(sl’ n)
nonshared buffer model [24].

] = MIN; <<y, § MAX {bufmem(51, ),
Formally, suppose thatG is a connected, delayless, -

acyclic SDF graphS is valid SAS for G, lezorder(S) =

(A1, As, ..., A,), and Soo is an order-optimal schedule bufmem(Sat1,n)} + Y TNSE(@)}

for (G, lexorder(S)). If G contains at least two ac- oCE,

tors, then it can be shown [24] that there exists a valid ()
schedule of the formSg = (i1 Br)(irBr) such that

nsbufmem(Sg) = nsbufmem(Syp) and for some where the last term (sum dfNSE) is again the sum of
pe{l, 2, ..., (n—1}, levorder(Br) = (A1, Az, ..., Ay) the buffer costs crossing the cut. The tebmfmem(S) is
andlezorder(Br) = (Apt1, Apto, ..., An). Furthermore, the shared buffer memory requirement, and (3) serves as the

from the order optimality oS0, (irBr) and(irBr) are also definition. Of coursebu fmem(S) = 0if S has only one actor.
order-optimal (otherwise, we can show that we could repla@&e maximum of the left and right costsu fmem(S:, ) and
(¢r.Br) or (irBgr) by order equivalent versions withoutbufmem(S,41, ,.)) is taken based on the intuition shown in
affecting the split costs). Fig. 6. Since the buffers in the subgraph on the right side of the
From this observation, we can efficiently compute a@utcannot be live at the same time as the buffers in the left side
order-optimal schedule fa if we are given an order-optimal of the cut are live and vice versa, we only need the maximum of
scheduleS,, for the subgraph corresponding to each prop#hese two along with the buffers crossing the cut (which can be
subsequencel,, Aqi1, ..., Ay of (lezorder(S)) such that: live simultaneously with both the left and right set of buffers).
1) (b—a) < (n—2)and 2)a = 1 orb = n. Given these The right buffers are overlayed with the left ones.
schedules, an order-optimal scheduledotan be derived from  The formulation in (3) is not optimal because it makes a
a value ofz, 1 < z < n that minimizes worst case assumption that all buffers crossing the cut are
simultaneously live with all of the buffers on the left buffers
and right buffers, thus preventing any sharing between them.
nsbufmem(S1, ») + nsbufmem(Sz41,n) For example, consider the example in Fig. 7. For the given
+Z TNSE(e) schedule, the top-level partition occurs on edfdé’, with
ek a cost of 36. According to the formulation, the total cost
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Memory
_

“Time” Buffers on left
side of the cut:

kaents t?‘annot bet ) Buffers on right
1ve at the same ime side of the cut:
as buffers on the

- . kens cannot be
right side of the cut toke

~N_ live at the same time
as buffers on the
Buffers with live tokens left side of the cut

crossing the cut

Fig. 6. Intuition for a revised dynamic programming formulation.

Memory
—> Schedule: 7(5A 4B) 6(7C D) 9(E 2F)
5A
“Time” 4B
20 SDPPO will
A will say
4B 84
7C 140.
1|) 7 127
7C
D 36
E
2F
E 8
2F
Fig. 7. An example to illustrate that the shared DPPO is suboptimal.
should be6 + max(b([A - - - D], b[E - - - F]), whereb[A - - - D] 6A 6B 6(AB)
is the buffering cost of the subschedule consisting of actors A
A, B, C, D. Forb[A--- D], the partition occurs on edggC. U B
Hence, the cost is given b§4 + max(20, 7) = 104. For 6A g
b[E---F], we haveb[FF] = 8. Hence, the total cost gets 6B H “
computed as6 + max(104, 8) = 140, while the actual cost A
is only 127 as shown by Fig. 7. B
Fact 1 says that loop fusion never increases buffer memory @ (b)
usage under the nonshared model; unfortunately, this is not 6A6B 6(AB)
true under the shared model. Indeed, consider the example in A
Fig. 8. In Fig. 8(a) and (b), there is no edge between actors U B
A and B. If we do not perform loop fusion, as shown in 6A A
Fig. 8(a), we see that buffer profiles will be such that the 6B H B
buffers on the output edges of actBr will be disjoint from A
the buffers on the input edges of actar If we perform loop B

fusion, as shown in Fig. 8(b), these buffers will no longer ©) (d)

_be dI_SjOIht, thus preven_tlng ;harlng. M(_)reover, no gdvantagl . 8. Example to illustrate that factoring can increase buffering requirement
is gained from the fusion since the sizes of the input an@der the shared model.

output buffers do not decrease; loop fusion reduces the size of

buffers only on edges between the actors being merged. ®fe perform loop fusion if there are internal edges even though
the other hand, if there is an edge (or more) between acttiigs might sometimes be suboptimal (if the reduction of the
A and B, as shown in Fig. 8(c) and (d), then loop fusion cahuffer sizes on the internal edges is less than the increase due
reduce the overall buffering requirement if the reduction of the the overlap of the input and output buffers). Of course, we
size of the buffer on edgéA, B) is more than the increasecould attempt to compute this increase or decrease, but this
due to the overlap of the input and output buffers. Since thigould increase the complexity of the algorithm. We choose to
depends on the actual parameters of the graph, we follonuse the simpler approach of using the heuristic approach to
simple heuristic in the DPPO formulation of (3): we do notletermine whether to fuse or not, and leave for future work to
perform loop fusion if there are no internal edges (that is, edgesplore more complex approaches. We define this formulation
whose terminal points are all actors that are being mergedj. DPPO [(3) together with the heuristic of deciding when
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Memory 3 5 23 5

—
— 2(5A 3B) 3(5C 3D) 10A 3(2B 5C 3D) 10A 6B 15C 9D
Time AB BC CD AB BC CD AB BC CD
5A 10A 10A
3B |5 2B 6B
SA 5C 15C
3B 3D 9D
5C 30 B | ¥
3D 5C 10
15 3D
3D
5C
3D
Shared-buffer cost = 45 Shared-buffer cost = 55 Shared-buffer cost = 75
Non-shared cost = 60 Non-shared cost = 55 Non-shared cost = 105

Fig. 9. Example to show that the shared-buffer optimal schedule is not the same as the nonshared-buffer optimal schedule.

to perform loop fusion] as shared dynamic programming post
optimization (SDPPO).

Note that the best schedule under the nonshared buffering
model is not necessarily the best schedule under the shared
model as shown in Fig. 9. Finally, we can also see that RPMC
is an attractive heuristic for the shared buffer model since the
cut-crossing buffers will not be disjoint, and cannot be shared.
Hence, it makes intuitive sense to drive the partitioning process
by minimizing the size of these buffers and this is what RPMC
attempts to do.

For each node
v, loop(v) = loop
iterator value.

VIIl. CREATING THE INTERVAL INSTANCES FROM ANSAS

Once the schedule and the loop hierarchy have been deter-
mined, the next step in the compilation process is to perform
memory allocation. Even though the SDPPO algorithm gives us
a number for the overall memory requirement, it is only an esti-
mate since the SDPPO algorithm cannot determine whether that 4
estimate can actually be achieved. The main difficulty is that
packing a number of arrays of different sizes optimally is an
NP-complete problem, hence, the optimal amount of memory
required after packing cannot be determined until the packing (b)
has actually been performed. Fig. 10. (a) SDF graph. (b) Binary tree representation of an SAS for the graph

The two main steps for memory allocation are to extract tlire(a), along with the duration values for the nodes in the schedule tree.
buffer lifetimes, and then perform allocation using those life-
times. Extracting the lifetimes efficiently requires several algatop time, and durations of the various nested loops. We can
rithms for determining the durations and the start and stop timéisen deduce the buffer lifetimes from the computed quantities
These lifetimes could also be periodic; it would be desirabfer the nested loops.
to represent the periodicity implicitly, without having to physi- We will use a running example to show these various algo-
cally create an interval for each occurrence. Hence, the lifetinrithms; the example SDF graph is depicted in Fig. 10(a), with
extraction algorithms also have to model this periodicity effan SAS.
ciently. Given the lifetimes, the allocation step (packing arrays
in other words) determines the physical location in memorf. Computing the Duration Times of Loop Nests

where the buffer will reside. The functionloop (defined in Section V-A) is used in the
We compute these parameters for the buffers from tgmputation of the duration timeser(v) for all nodesu (i.e.,

schedule tree. However, note that a parameter computed fqg& nests) in the schedule tree by depth-first search on the tree
buffer is a function of a pair of actors (that constitute the edge

that the buffer is on). The schedule tree does not represent dur(v) = loop(v)(dur(left(v)) + dur(right(v))) (4)
these edges directly, only the actors and structure of the nested

loops. Hence, we first compute these parameters for nodesmnere right(v)(left(v)) is the right (left) child of nodev.
the schedule tree; these parameters will represent the start tifa, leaf nodesdur(v) = 1. The numbers beside the nodes in

For a leaf node v,
loop(v) =1
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Procedure computestartsStopTimes(scheduleTree) { . Computing the Start, Stop, and Durations for Buffer
doComp (root, 0) Lifetimes

}

Procedure doComp(V, start) { Now we have to compute the lifetimes for the buffers from the

start(v) « start parameters we have computed for the loop nests. We introduce
stop(v) « start + dur(v) some notation for nodes in the schedule tree first.
if (v not leaf node) Definition 1: A common ancestasf a pair of nodes:;, u»
doComp (left(v) , start); is any node: that contains the nodes, u- as leaf nodes in the
doComp ( right(v) , stop(left(v))) subtree rooted at.
fi Definition 2: Theleast common ancestoff a pair of nodes
} uy, ug is thefirst nodea (measured from the leaf nodes) that

contains nodes;, us as leaf nodes in the subtree rooted at
Fig. 11. Pseudocode for the depth-first search algorithm for computing StartDefinition 3: The greatest common ancestof a pair of
and stop times for all the nested loops. o .
nodesuy, uo is the last node: that contains nodes,, u, as
leaf nodes in the subtree rootedzaguch that all ancestors af
5(3AE2F)2(3C5B 3D GH)) have a loop value of unity.
Definition 4: The common ancestor seff a pair of nodes
u1, uz IS the set of all common ancestors:af, «, on the path
from the least common ancestor to the greatest common an-
cestor.

The least and greatest common ancestors of a pair of leaf
. nodes correspond to the innermost and outermost loops that
0. o @ @ e 11636) contain the actors corresponding to the leaf nodes. In Fig. 12,
the common ancestor set for the leaf node dad® 3D} is
@ G Q vl, v2, v3. The start time of the lifetime of a buffer on an edge
10.1) (18.20) (u, v) is clearly the start time computed for the leaf node in the
schedule tree corresponding to aat@ince the firing of acton
makes the buffer on edde, v) live. The stop time of the buffer
(16,17) {17.18) [18,19) 19,20} interval is the first time it stops being live. Note that an interval
, , _ _ can be periodic and become live again later on. We are interested
Fig. 12. Start and stop times for each node computed using depth-first sea[ﬁhthe first time it stops being live since that quantity, along with
the periodicity parameters will completely characterize the in-
Fig. 10(b) show the result of the depth-first search computatié#rval. This stop time, however, is not simply the stop time of

of the duration values. The depth first search takes 6ir|&’|). the leaf node corresponding to the sink actor; this is because the
stop time computed for the leaf node represents the first time the

corresponding sink actor finishes execution. However, the first
time the sink actor finishes execution is not necessarily the first
The next task is to compute the start and stop times for eagrie all tokens in the buffer would have been consumed. For in-

B. Computing the Start and Stop Times of Loop Nests

nested loop. These times are defined as stance, consider the ed¢d, B) in Fig. 10(a). The stop time
computed for leaf nod® in the schedule tree is 17. However,
) start(parent(v)) v is a left child notice that bufferd B will not stop being live until all ten firings
start(v) = { stop(left(parent(v))) wisarightchild — of B have occurred. _
start(root) =0, stop(v) = start(v) + dur(v). Hence, we really need to compute the time when the last exe-

cution of the sink actor of the buffer takes place in the loop nest

. . i of interest. The loop nest of interest is the smallest loop nest con-
These times can also be computed using depth-first seafgihing hothy andw since the total number of tokens consumed

[taking time O(|V])], as shown by the pseudocode in Fig. 11\, in this loop nest has to equal the number produced: by
The SAS from Fig. 10(b) is shown with the computed stajf that loop nest. However, the stop time computed for the node
and stop times in Fig. 12. The start time of a nested loq@presenting the smallest loop nest (that is, the least common
represents the first time the loop nest starts execution. The sfpfestor in the schedule tree) includes the execution of all loop
time represents the first time the loop nest finishes executigiests contained within it. We want to exclude the contribution to
For example, consider the edgé,(B) in Fig. 10(a). The stop the stop time from all nests that follow the sink actor in the last
time computed for leaf nod® in the schedule tree is 17. Thisexecution of the loop nest of interest. Again, using the example
corresponds to the first tim8 finishes execution: five firings of Fig. 12, the loop nest of interest for buffekB is the root

of 3A E 2F correspond to 15 “steps” in the measuring schende since that is the least common ancestor. The stop time of
described in Section VII-A (hence, the stop time computed 67 computed for the root node includes the execuibrandG

the node marked “aef” in Fig. 12 is Fig. 15), and after this their the final execution of the loop nest corresponding to the root
is a firing of 3C, and B, giving 17 as the stop time for the firstnode. We want to subtract the execution time3lfandG from
execution ofB as shown in Fig. 12. 57 in order to get the time at which finishes execution for the
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Procedure computeIntervalStopTime

foreach buffer(u,v)
//find the least common ancestor of (u,v)
leastCommonAncestor « findLeastCommonAncestor(u, v)

in scheduleTree

stop,,, < stop(leastCommonAncestor)

tmp < vleaf // vleaf leaf node corresponding to actor v
while (tmp#right(leastCommonAncestor))

if (left(parent(tmp)) = tmp)

stop,,, « stop,,,— dur(right(parent(tmp)))

fi

tmp < parent(tmp)
end while
// stop(buffer(u,v))

stop(buffer(u, v)) < stop,,,

end for

sets the stop time of buffer (u,v)

Fig. 13. Procedure for computing the earliest stop time of an interval.

last time (i.e.p7 — 2 = 55). This idea is formalized in the algo- agw =4 aé’BD =21

rithm shown in Fig. 13; it take®(|V|| E|) time. The algorithm i

first finds the least common ancestor in the schedule tree for Smrt(;”;)) B

using the procedurindLeastCommonAncestfitone by com-

puting the ancestor sets of each leaf nédev) and then de-

termining the first common ancestor from those sets; takes ti GH GH GH aH
O(|V])]. The stop time of the buffer interval fdr, v) is set to

the stop time computed for the least common ancestor. The E _B_El LB—DJ

gorithm then moves up toward the least common ancestor fr Time
leaf nodev and adjusts the stop time according to the mov___
if the move up is from the left, then the duration of the right
node (representing the execution of loop nests followihgs Fig- 14. Two periodic intervals corresponding to the schedule from Fig. 12.
subtracted; if the move up is from the right, no adjustment is
necessary. The algorithm stops when it reaches the right chillerea? are the constantgur(left(v?)) + dur(right(v?)).
of the least common ancestor. Nodes in the common ancestor set that Hawe values of unity
will not contribute to the periodicity (shown in the example

D. Computing the PerlOdIClty Parameters of Buffer Lifetimes be|ow)’ hence, those components can be eliminated.iSthe

Given a schedule, the buffer on each edge in the SDF gragige of the common ancestor set minus the number of common
has a particular lifetime profile. This profile can be periodi@ncestors that have loop values of unity. This triple allows us
as shown in Fig. 14. The periodicity arises due to the nesttsdrepresent the buffer lifetime in the following way: bufteis
loops. By periodic, we mean that the lifetime is fragmented live for time intervals
a deterministic, predictable manner. More precisely, the times
during which the buffer is live can be described much more suc-
cinctly than by simply enumerating all the occurrences of the
live portions. It is useful to keep track of this periodicity in cer-
tain cases since two buffers could have disjoint lifetimes thédr all combinations of; € {0, ..., loop(v?) — 1}. If loop(v?)

B 3DGH B 3DG H B 3DG H 3C B 3DG H

[start(b) + prai + - + pray,,
start(b) + pra® + - +ppal + dur(b)]

can be shared, as shown in Fig. 14 for buffers on edfed)
and(G, H).

is unity for any common ancestor, then that common ancestor
does not contribute to the periodicity since zero is the only value

For a bufferb on an(U, V') edge in the SDF graph, let thep; can take.

common ancestor set be denoted as nades. ., v2, where

v? is the least common ancestol, is the next ancestor, and sodenotebs p, we have thatstart(bgp) = 16, dur(bpp)

on. For example, for the buffer on edgB, D) in Fig. 12, the
least and greatest common ancestors are the nodes marke
andw3 for the leaf-node pai{ B, D}. The nodev2 is also in
the common ancestor set and is on the path fedno 3. We
represent a periodic lifetime of a buffeby a triple consisting
of two tuples and an integer of the form

b . afl) , (loop (vl{) s ---, loop (vfl))}

L -~

{start(b), (a

For example, for the buffeBD in Fig. 14, which we

2, (ab5 abEp oiEPy = (2,4, 21) (corresponding
tb the common ancestor set ofvl, v2,+3) and

{loop(v1), loop(v2), loop(v3)} {1, 5,2}. We can
remove the first component as the loop value is unity.
Hence, buffer BD is live during the intervals given by
[16 + 4y + 212, 16 + 4y + 21z + 2] for all combinations of

y € {0, 1,2, 3, 4}, = € {0, 1}. Some of the live intervals are
[16, 18], [20, 22], and [37, 39].



MURTHY AND BHATTACHARYYA: SHARED BUFFER IMPLEMENTATIONS OF SIGNAL PROCESSING SYSTEMS 189

During storage allocation, we will have to determine whethestart time of an occurrence of the periodic buffer by the func-
at a timeT’, a bufferd is live or not. In essence, we have tdion s(p,) = p, - a; , where(-)”" denotes the vector transpose.

determine whether the equation

start(b) + prab + -+ + pnab
< T < start(b)pral + - -+ ppal + dur(b)  (5)

where thep; are variables that range ov, . . ., loop(v?)—1}

has a solution i . A solution, if it exists, can be found easily

because of the following property on the Let thea? be sorted
in increasing order. Then the following must hold.
Lemma 1:

J
Zag(loop(vf)—l)gas_i_l j=1,....,n—1.
i=1

Intuitively, the lemma states that the start time of a buffer due %ncepz — i
thei+1th outer loop has to be after all occurrences of start times

for the buffer have taken place due to tiie inner loop and all

loops contained in théh loop. This is intuitively true becauseSumoos@z - D
since the loops are nested, the outer loop count increments on
after the inner loops have counted through their entire range.

Proof: (by induction on j). Since dur(v?) =
loop(v?)(dur(left(v?)) + dur(right(v?))), and dur(v) >

Then we have the following lemma.
Lemma 2:p, <Dy & s(z‘ac) < s(py) for any tuplesp, , pq,
with 0 < pg, p¢ < loop(v?) Vi.
Proof: (= dlrect|0n) Sincep, < p,, we have for the
largest: where the two tuples diffep < p¢. Since the last
n — ¢ components of, andp, are the same, we have

(P —p5) + - +ab_ (B, — p_y)

> = ah(loop(v}) — 1)+ al(pf —pf) = 0

> 0 and by using Lemma 1.

(<= direction): Again, lettingi be the highest index where
p, andp, differ, we need to show thatf < p¢. Suppose not.
¢ buts(p,) < s(p,). We have

V< sza) - s5.)
=al(pi —p5) + - +al_ (- — 05 1)+ al(p! — pf)
aip{ 4+ +al_pl —al <0

1, loop( ) > 1 for aII nodeswv in the schedule tree, we have

that for the parent?,, of v},

dur (U§)+1) =loop (U§)+1) (dur (v] ) + dur (right ( Z+1)))
> dur (vf)

by Lemma 1 again, contradicting our assumption that>
p. Q.E.D.

1) An algorithm for computing buffer liveness at a particular
time: Given Lemma 1, (5) can be solved by the algorithm in
Fig. 15. The algorithm first subtracts the start time of the buffer

where we have assumed, without loss in generality, thgihce all computations can be made relative to the start time. It

left(v?,,) = v?. Now, since
a® = dur (left (vf)) + dur (right (vf))

we havedur(v?) = a"loop( 5). Forj = 1, we need to show
thatal(loop(vl) - 1) < d. Indeed

ab (loop (vl{) —1) =dur (vb) —ab < dur (vl{)
<dur (vl{) + dur (7’ight (vg)) =d}.

Now assume that the claim holds fo+ 1. To prove it fory, we
have

J
Z a; loop 1)
=1

j—1
= Z a; loop 1) + a;’» (loop (vj’

)
< af (loop( ) — 1) = abloop (v )

= dur ( )<du7( )—i—dw(ught( +1)):a2+1.

Q.E.D.
Corresponding to the sortedtuplea, = [a%, ..., a’], de-
fine the tuplep = [p1, ..., pn], where theith component is

p;. Note thatp; are only allowed to be in the ran@e< p; <
loop(v?). Define an ordering relationship, < 3, in the fol-
lowing way. Leti be the largest index such that tfta com-
ponents ofp, andp, differ. Thenp, < p, iff the ith com-
ponent ofp, is less than théth component of,;. Define the

then simply determines the maximythe {0, ..., loop(v?) —
1} factor for eachs?, to determine the closest starting point of
an occurrence of the periodic interval to tirfie

Claim 1: T > 0 at every stage in the algorithm.

Proof: Note thaty; < |7’/a?] for all i. Hencel’— p;a® >
—|T/a%|ab > 0. Q.ED.
Claim 2: The solutionp; computed by the algorithm gives

the starting point of the interval closestZostarting beforef".

Proof: Letp be the tuple consisting of the. This means

that any tuplep’ > 7 gives an interval of starting time greater
than7'. Indeed, suppose not and there is a tgple- p where
s(p) < s(p') <T'. Then,p) > p; for the largest indey, where
the two tuples differ. Until thgth step, the value &f computed
by the algorithm would be identical to the computation using
the values fronp’. Wheni = j, the algorithm computeg; =
Inin(LT/aj’»J, loop(vjf) — 1). Suppose; = |_T/aj’»J. Clearly,
anything larger thap; will mean thatl” — pja]b» < 0, giving a
start time greater thefi. If p; = loop(vj%) — 1, then we cannot
havep) > p; sinceloop(vh) — 1 is the largest value thgth
component is allowed to take by definition. Hence, we cannot
havep’; > p;, contradicting the assumption tit> p.Q.E.D.

The last step of the algorithm checks whetfer: dur(b)
to determine whether the interval with closest starting time less
than or equal t&" is still alive.

If bis not live at time7”, we will need to determine when
the next instance of its periodic interval will occur. This com-
putation is needed to determine whether some other interval
of a particular duration is completely disjoint with the set of
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Buffer
liveat T’

Buffer not

Given: a time T. Determine if a periodic buffer b five ot T"
ive a

parametrized by {start(b), (ab, e ag), (loop(v{’), oo loop(vg))}

is live at this time.

Define T« T-start(b) . s(p) b :|
for i = n to 1 step -1 ~~l "
pi<—min( r ,loop(vf’)—l) T j
“f 1)/
\
T« T’—piaib \\f j
end for s(p) + dur(b)

if (T'<dur(b)), then b is live (p; are the solution)

else not live.

Fig. 15. Algorithm to determine whether a periodic buffer is live at a particular time. Depiction on the right shows two possibilities for the cetapubed
by the algorithm in relation t@"”.

Closest bl interval
: : before b2 stops before
Interval iA, 7 x~ spiA, ) b2 scarts P
Closest bl I:I’/
T interval after ~——TTTTTTTEER T
b2 starts after
) Y p(iBy 7) that b2 interval
Interval sz, T finishes
() (b)

Fig. 16. (a) Nearest intervals before and after tilmgb) Condition for nonintersection of two periodic intervals from Lemma 3 depicted graphically.
intervals corresponding fg that is, to determine whether somé, that starts after the start time bf starts after that interval of
other interval can be fitted into the same location thatight b, finishes [Fig. 16(b)]. Notice that the lemma says that we do
be assigned to. The starting time of the next instance of the perdt have to consider other occurrences of the periodic interval
odic interval is obtained simply by incrementing the “numberd, to determine overlap—only the first occurrence.

formed by thep; in the basis (loop(v?), ..., loop(vh)). Proof: The forward direction is trivially true. The reverse
For example, let(loop(?), ..., loop(v?)) be (2, 2, 2), let direction can be established via a case analysis. Let the two
(ab, ..., ab)be (28, 13, 4) and ldp;) be (0, 1, 1). The number edges on which buffers,, b, reside be given by, , vs, )

this represents i6 - 28 + 1 - 13 + 1 -4 = 17. The next time and (w,, u,). Since start(by) > start(by), the ordering

this buffer will be live again will be given by incrementingof these actors in the schedule must be oneuQty, uy,vs,,

this “number” by one, in the basi&, 2, 2) (0,1,1) + 1wy, wp, U, Up,, OF up, Up,Up, s, . Clearly, the condition of (6)

= (1,0,0). This gives 28 as the next starting time. cannot be satisfied for the third order sinég is live the
These ideas can be formalized in the following lemma. Foremtire time thatb, is. For the other two orders, we have

periodic intervab, let s, (%), ¢,(¢) be the start and stop times ofto consider the different ways in which the loops could be

the ith occurrence of the interval. That is,(¢) = start(b) + nested. For each order, there are five distinct ways of nesting

P, -a; for theith increment of the “numbeq’a’j, j=1,...,n the loops. These five are, for the first order, the following:

andey (i) = s4(¢) + dur(b). Given a timeT’, let A4, + be the
interval ofb nearest t@d” with start time less than or equal1a
That is,V Sb(L) <7, Sb(L) < Sb(iAb7T) <T. Slmllarly, iBb7T

Ty, I (Is(1yvy, Isup, ) Isvn, ), Tntie, Io(Isvy, Ia(ITu, Igu, ),
Iy (Lpuy, Isvy, Y La(dsup, Igun, ), 1 (Lo (L3, Tavy, ) 5, Y gvs, ,
andl; (Iouy, I3(Lywy, ) 5wy, ) ) Levr, . Note that we only consider

is defined as the nearest intervabofith start time greater than the part of the overall schedule that contains these four actors

T. Fig. 16(a) illustrates these definitions.
Lemma 3: Two periodic intervaldy, b, with start(bs) >
start(bz) > start(by) do not intersect if and only if

Cb; (iAbl,start(bz)) < St(l/f‘t(bQ)
and

Sbl ('L'_Bb1 ,start(bQ)) Z St(l'f‘t(bg) =+ dUJ(bg) (6)

(the subtree of the schedule tree rooted at the least common
ancestor of these four nodes) and we ignore any other actors
that appear in the order or nesting as they do not affect the
properties of the particular buffers we are interested in. Fig. 17
shows the buffer profiles for these five cases. As can be verified,
(6) holds if and only if the intervals do not intersect. We can
similarly verify that the lemma is true for the five nestings for
the other order. Q.ED.

In other words, the two intervals do not intersect if and only if Given this method for testing whether a periodic buffer is live

the closest interval of; that starts before the start time Bf

at a given time, we can easily test whether two periodic buffers

finishes before the start time 6§ AND the closest interval of are disjoint, or whether they intersect. The test would take time
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Tyug, Lup, Loy, Tup ToUp,
i4vb1 I3Vps I3vpy b1 14Vp1 I4Vpq
sUpo Isub2 b1 15ub2 b1
e Ve b2 Ioup, Iup,
I4Vb1 b2 b1 Ian I4Vb1 I4Vb1

U
Isvbz o Ispp Tslpp IsUpo Isup,
6Yb2 16vb2 16vb2

.er b vee 2
I,V I3Vp4 ° Lot ol b2
4Vpi — | RV Lv
Isup, Isup, IgVio 4o b2 Lavor

I.v Isu,
L4V b2 e JELY 5.
IsUpp LUy, 14Vp1 L4V
levpe L | TgVp2 :] IsUpp Isupo
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Fig. 17. Buffer profiles for the five possible nesting hierarchies in Lemma 3.
Instance
All occurrences
Contiguous Memory £ veriodic buff
assignment —_—p 0% periodic bulier Enumerated

at same location

instance

9| 3]

5
Chromatic o
. =mi )2
Time number=min. |, : CN=27
Once assigned total usage s kel
not moved
Weighted

interval graph

@ (b)
Fig. 18. (a) Memory allocation properties. (b) DSA terminology.

O(]V]) in the worst case, wheiié is the set of actors in the SDF depicts these properties. Of course, we could relax any of these
graph. The reasonisthatan SAS that has a schedule tree of lireatrictions and perhaps get smaller memory requirements but
depth (i.e., adepth ¢¥|— 1) would have a common ancestor seit might come at the expense of other overheads [like moving
of O(|V'|) nodes for any buffer between actors in the innermoatrays around if (2) were relaxed]. We leave to future work to
loop. Hence, in the procedure in Fig. b= O(]V]), and the investigate these other models for allocation. Formally, DSA is
test takes time(|V'|). However, on average, it is more likelydefined as the following.
that the schedule tree will have logarithmic depth; in such casespPefinition 5: Let B be the set of buffers. Le¥ = |B|, the
the running time of the testing procedure will B¥log |V|). number of elements ilB. For eachb € B, s(b) is the time
The next step is to allocate the various buffers to memory. at which it becomes livez(b) is the time at which it dies, and
w(b) is the size of buffeb. Note that thedurationof a buffer is
IX. DYNAMIC STORAGE ALLOCATION e(b) — s(_b). Given thes, e, w values for each € B and an in-
' tegerkK, is there an allocation of these buffers that requires total
Once we have all of the lifetimes, we have to do the actustiorage of< units or less? By an allocation, we mean a function
assignment to memory locations of the buffers. This assignmetit B — {0, ..., K — 1} such thab < A(b) < K — w(b) for
problem is called dynamic storage allocation (DSA) and theachb € B and if two interval$y andb- intersect (using the in-
problem is to arrange the different sized arrays in memory sersection test for periodic buffer lifetimes as described earlier)
that the total memory required during any time is minimizedhen A(b;) + w(b;) < a(by) or A(b2) + w(bs) < A(by).
The assignment to memory is assumed to have the followingThe “dynamic” in DSA refers to the fact that many times, the
properties: 1) an array is assigned to a contiguous block mfoblem is on line in nature: the allocation has to be performed
memory; 2) once assigned, an array may not be moved arouaslthe intervals come and go. For SDF scheduling, the problem
and 3) all occurrences of an array with a periodic lifetime not really “dynamic” since the lifetimes and sizes of all the
profile are assigned to the same location in memory. Fig. 18@)ays that need to be allocated are known at compile time; thus,
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the problem should perhaps be called static storage allocationin order to analyze the running time, we observe tNat=
But we will use the term DSA since this is consistent with thgZ|, and |E| = O(|V|) for sparse SDF graphs, wheté E

literature. are the node and edge sets for the SDF graph. Hence, building
Theorem 1:[9] DSA is NP-complete, even if all the sizes arehe weighted intersection graph takeg V'|®) time in the worst
one and two. case (all buffers overlap with each other and the schedule tree is

of linear depth), and tim&(|V |2 -log |V]) if the schedule tree is

of logarithmic depth. Théoreachloop of thefirstFit pro-

cedure takes tim&(|V|? - log(|V])) in the worst case if every
An instanceis a set of buffers. Arenumerated instancis buffer overlaps with every other buffer; hence, thietFit

an instance with some ordering of the buffers. For an instangspcedure has running time dominated by ItédInter-

we have associated with iveeighted intersection grapWIG) sectionGraph  step.

G = (Vg, Eg) whereVy is the set of buffers, anfls is the

s_et of edges. 'I_'he_re is an edge be_tween two _buffers iff their !if&-' Computing the Maximum Clique Weight

times overlap in time. The graph is node weighted by the sizes

of the buffers. For any subset of nodésC Vg, we define the  Itis clear that the maximum clique weight is a lower bound on

weight of U, w(U) to be the sum of the sizes(v) forallw € U.  the chromatic number of a weighted interval graph. It is known

A cliqueis a subset of nodes such that there is an edge betwelest the chromatic number can be as much as 1.25 times the

every pair of nodes. Thelique weight(CW) is the weight of maximum clique weight for particular instances; however, it is

the cligue. Thenaximum clique weightMCW) in the WIG is not known whether 1.25 is a tight upper bound. The maximum

the clique with the largest weight and is denotgd+s). The clique weight is thus a good lower bound to compare the per-

MCW corresponds to the maximum number of values that afi'mance of an allocation strategy on a particular set of life-

live at any point. Thehromatic numbe(CN), denoted((G'5), times. Given that the experiments on random instances in [25]

for G is the minimum# such that there is a feasible allocashow thatffdur comes within 7% on average of the maximum

tion in definition 5. Fig. 18(b) shows these definitions via aglique weight, in practice, the chromatic number is not much

A. Some Notation

example. bigger than the maximum clique weight, certainly not as much
as 1.25 times as big. Hence, we use the maximum clique weight
B. Heuristic for DSA for comparison purposes in our experiments in the next section.

While the maximum clique weight can be computed easily

First fit (FF) is the well-known algorithm that performs al-and exactly for an instance without fragmented lifetimes, com-
location for an enumerated instance by assigning the smallpsting it for instances with fragmented (but periodic) buffer life-
feasible location to each interval in the order they appear in thimes is more difficult. Consider the case where all intervals are
enumerated instance [13]. It does not reallocate intervals tlahtinuous (i.e., not fragmented). L&t be the set of all times
have been allocated already, and it does not consider interv@ls., schedule steps) where there is maximum overlap of the in-
not yet assigned. The pseudocode for this algorithm is showgivals; that is, where the overlap amount is equal to the max-
in Fig. 19. We refer the reader to a technical report [25] arichum CW. It is easy to see thaf 7" must contain the start time
references therein for a more detailed treatment of this very iof some interval. Hence, the maximum clique weight can be
teresting DSA problem. Briefly, the algorithm takes as input asomputed easily by sorting the intervals by their starting times,
enumerated instance. We tested two types of orderings for gane determining the overlap at each starting time.
erating enumerated instances [25]: ordering by start times, andNow suppose that some of the intervals are periodic. It is still
ordering by durations. It then builds the WIG using the routingie case thadZ 7 will contain the start time of at least one in-
buildintersectionGraph . The WIG is built using the terval, however, this need not be the earliest start time. It could
general test developed for determining intersection of possilijg the start time of some periodic occurrence (greater than the
periodic buffers. The FF algorithm then examines the WIG f@yarliest start time) of the interval (see Fig. 20). Hence, to com-
each buffei: first it examines all nodes adjacenttm the WIG  pute the MCW in this scenario, we would have to consider start
(i.e., buffers that intersegj. It collects the memory allocationstimes of all occurrences of a periodic interval; this becomes a
of all the adjacent nodes that appear befarehe enumeration. nonpolynomial time algorithm and could potentially take a long
After sorting these allocations, it sees whéoan be allocated; time if there are many periodic occurrences. Hence, in our ex-
in the worst case, it has to be allocated at the end of all of theriments, we use two heuristics to compute these values. The
allocations because there are no regions big enough in betwégst heuristic gives an optimistic estimate; it only considers the
to accommodate. After an allocation is determined faér the earliest start time of each interval and it determines whether
next buffer is examined in the enumeration until all have beghere is any overlap with other intervals at that time by using
allocated. the algorithm of Fig. 15. This is an optimistic estimate since the

Our study shows that in practice, FF is a good heuristic, aMICW could occur at a time that is not the earliest start time of
we use it in our compiler framework here. Our empirical studgny interval. The second heuristic gives a pessimistic estimate;
on random WIGs shows that ordering the buffers by duratioitssimply ignores the periodicity of periodic intervals, and as-
gives the better results [25]. But, in our experiments in Sesumes that a periodic interval is live the entire time between its
tion X, we will apply FF on both ordering by start times (abearliest start time, and the last stop time (that is, the stop time of
breviatedfstart), and ordering by durationgfdur). the last occurrence of the interval).
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Procedure FirsgtFit (enumerated instance I)

G = buildIntersectionGraph(I)
Array allocate //allocate is an array to contain the allocations

foreach buffer i in I do
allocate|il} <0 //initial allocation at 0
neighborsAllocations « { }
foreach neighbor j of i from G
if (j appears before i in I)
neighborsAllocations < neighborsAllocations L {allocate[j]}
£i
end for
// neighborsAllocations contains memory addresses
sort (neighborsAllocations) //by increasing memory address
foreach allocation ae neighborsAllocations
if allocate[i] conflicts with a
//w(a) = size of interval with allocation a
allocateli]l « a+w(a)
fi
end for
end for

Procedure buildIntersectionGraph (enumerated instance I)

sort I by start times (or durations for ffdur)

N« number of buffer lifetimes in T

// G is an adjacency list representation containing N rows
// and list pointer at each G(i)

Graph G
foreach 1 in {1,...,N}
je—i+1
while (start time of I(j) < stop time of I(i) )
if (lifetime(I(j)) overlaps lifetime(I(i})))
Gy« GHu{j}
G« GHHoii}
fi
jej+1
end while
end for

Fig. 19. Pseudocode definition of the FF heuristic.

X. EXPERIMENTAL RESULTS namely, applying one of RPMC or APGAN and loop fusion
We have tested these algorithms on several practical bendfi Y [_)PPO (n(_)te t.hf’ﬂ When buffers are not shared, the memory
cation step is trivial since each buffer gets a separate block

mark examples, as well as on random graphs. As mentio ! Fia. 21 sh th i i fon 16
earlier, the crux of the experiment is to study the memory r&! memory). Fig. 21 shows the percentage improvement on

quirement as a result of using the best combination of the fo stems we tgsted. As can be seen, there is, on average, more
possibilities than a 50% improvement by using the compiler framework

of this paper compared to previous techniques. On some

(RPMC + sdppo, APGAN + sdppo) x (ffdur, ffstart). examples, the improvement is as high as 83%. Details of the
’ c experiments are given below.

That is, perform the scheduling by using one of RPMC or . i

APGAN to generate the topological ordering, and perform lodpy Practical Multirate Systems

fusion on that schedule using SDPPO. Then, perform memoryThe practical multirate examples are a number of one-sided
allocation using one offstart (FF with buffers ordered by filter bank structures [32] as shown in Fig. 22, two-sided filter
starting times) oyffdur (FF with buffers ordered by durations).banks [32], as shown in Fig. 23, and a satellite receiver example
We compare the best memory requirement obtained this wW@@] as shown in Fig. 24. Another type of variation that oc-
to the best memory requirement from nonshared techniquesys frequently in practical signal processing systems is vari-
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Fig. 20. Example that shows that the MCW can occur at a time that is not the earliest start time of any interval. Numbers in the rectangles denoté the width
the intervals.

Percentage improvement of shared over non-shared The second column contains the results of running RPMC
implementation L. . .
and postoptimizing with DPPO on these systems, assuming
100.0 the nonshared model of buffering. This column gives us
80.0 a basis for determining the improvement with the shared
60.0 - model. In general, “(R)" refers to RPMC and “(A)" refers to
40.0 - APGAN. The third column has the results of applying the
20.0 - new dynamic programming heuristiedppo) postoptimization
0.0 for shared buffers on an RPMC generated topological order.
1 2 3 4 5 6 7 8 9 1011 12 13 14 15 16 The fourth and fifth columns contain optimistienco) and
Practical systems pessimistic(mep) estimates of the maximum cliqgue weight

for the schedule generated &yppo (on the RPMC generated
Fig.21. Improvement percentage of the best shared implementation versud@fgological order). The sixth and seventh columns contain the
best nonshared implementation. actual allocations achieved after applying the firstfit ordered

by durations, and firstfit ordered by start times heuristics.

ation in sample-rate change ratios. For example, Fig. 22 sholf€ €ighth column contains the buffer memory lower bound
a filter bank with 1/3, 2/3 rate changes: these are the chandBYLB) [4] values for each system. Briefly, the BMLB is
that occur across actorsandd for instance. Other ratios that® '0Wer bound on the total buffering memory required over
could be used include 1/2, 1/2, or 2/5, 3/5. Similarly, Fig. 23/l valid SASs, assuming the nonshared model of buffering.
shows a filter bank with 1/2, 1/2 rate changes, for exampl&n€ rest of the columns contain the results after applying
across actors andd. Again, these changes could be 2/3, 1/3t!1ese heuristics on APGAN—generatgd topological orders. One
or 2/5, 3/5 for instance. Experimental data is summarized f6Rch row, two numbers are shown in bold: the better DPPO
these various parameters, as well as for filter banks of differdfgult (RPMC or APGAN) and the best shared implementation
depths in Table I. The leftmost column contains the name etweentfdur(R), ffstart(R), ffdur(A), ffstart(A)]. The last

the example. The filter bank “gmf23_2d,” for example, is &olumn has _the pgrcgntage improvement over the nonshr_;\red
filter bank of depth 2, with 1/3, 2/3 rate changes. SimilarlymPlementation; this is computed as shown in the equation
“qmf235_5d" is a filter bank of depth 5 with rate changes At the bottom of the page. As can be seen, the improvements
3/5 and 2/5. The depth 5, 3, and 2 filter banks have 188, 44/€rage more than 50% and are dramatic in some cases, with up
and 20 nodes respectively. “ngmf23_4d” is the one-sided filtl} 83% improvement in the depth 5 filter bank of 1/2, 1/2 rate
bank from Fig. 22. “Satrec” is the satellite receiver exampfe'anges (the most common type of filter bank). Itis interesting
from [29]. The other examples included are “16gamModem,” 4 NOte that the methods of Riet al. [29] for shared-buffer

implementation of a 16-QAM modem; “4pamxmitrec,” a transscheduling achieve an allocation of more than 2000 units for
mitter-receiver pair for a 4-PAM signal; “blockVox,” an imme_“satrec”; in contrast, the methods in this paper achieve 991, an

mentation of a vocoder (a system that modulates a synthesi#8grovement of more than 50%. _ _
music signal with vocal parameters); “overAddFFT,” an imple- It_ is also interesting to note that of the four possible combi-
mentation of an overlap-add fast Fourier transform (FFT), whePgtions

th.e FFT is applied on successive blocks qf samples oyerlapp?(jRPMC + sdppo, APGAN + sdppo) x (ffdur, ffstart))

with each other; and “phasedArray,” an implementation of a

phased array system for detecting signals. These examplestheecombination ofRPMC + sdppo + ffdur gives the best

all taken from the Ptolemy system demonstrations [36]. results the most often. However, most of the best results are on

MIN(dppo(R), dppo(A)) — MIN(ffdur(R), ffstart(R), ffdur(A), ffstart(A))

MIN(dppo(R), dppo(A)) 0
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Fig. 22. SDF graph for a one-sided filter bank of depth 4. The produced/consumed numbers not specified are all unity.

2@ sults than applyingfdur or ffstart on thedppo schedule. The
@ @m@ ® maximum improvement observed on these examples was about
" 8%. Hence, itis better to use the new DPPO heuristic for shared
buffers, although the improvement is not dramatic.

In order to determine whether RPMC and APGAN are gen-
erating good topological sorts, we tested the results against the
best allocation we could get by generating random topological
sorts. We applied thedppo technique, and the FF heuristics on
this random topological sort to determine the best allocation. For
the small graphs like “satrec” and “blockvox” (both with about
25 nodes), we found that it took about 50 random trials to beat
the best result generated by the better of RPMC- and APGAN-
generated schedules. However, even after 1000 trials, the best
random schedule resulted in an allocation of 980 for the “satrec”
example, and an allocation of 193 for the blockVox example.
The best RPMC/APGAN-based allocations are 991 and 199, re-
spectively. So even though we can generate better results just
by random search, we cannotimprove upon RPMC/APGAN by
much, and a lot of time has to be spent doing it.

(b) The relative improvement over random schedules increases
i ) ) ) hen larger graphs are examined, such as the “gmf12_5d” and
10,23, 207 gron o o s flr bark (9 0opn 1 et ik (4755 S0” examples (these have about 200 nodes each)
Here, after 100 trials, the best allocations were 79 (gmf12_5d)
and 8011 (gmf235_5d), compared to 58 and 5690 for the
RPMC/APGAN based allocations respectively. Since the
running time for 100 trials was already several minutes long on
a Pentium llI-based PC, we conclude that on bigger graphs, it
will require large amounts of time and compute power to equal
or beat the RPMC/APGAN schedules. Hence, we conclude
that for compact, shared buffer implementation, APGAN and
RPMC are generating topological sorts intelligently, and cannot
be easily beaten by nonintelligent strategies such as generating
random schedules.

B. Homogenous Graphs

Unlike previous loop-scheduling techniques for buffer
memory reduction, the techniques described in this paper are
also effective for homogenous SDF graphs. This is because
Fig. 24. SDF abstraction for satellite receiver application from [29]. of the allocation techniques; the sharing strategy can greatly

reduce the buffer memory requirement in many cases. As an
the fairly regular gmf filterbanks; the more irregular systemaxample, consider the class of homogenous graphs (param-
are apparently better suited to tAe?GAN + sdppo + ffdur etrized by M and N) shown in Fig. 25. This type of graph
combination. (or close variants of it) arises frequently in practice. It is clear

Another experiment was conducted to determine whether dpat no matter what the schedule is, there are never more
plying ffdur or ffstart on thesdppo schedule gives better re-than A + 1 live tokens. Indeed, running the complete suite
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TABLE |
BUFFER SIZES ON PRACTICAL EXAMPLES

%
dppo | sdppo | mco | mcp | ffdur | ffstart bmlb dppo sdppo | mco | mep | ffdur | ffstart im‘;pr
(R) (R) (R) (R) (R) (R) (A) (A) (A) (A) (A) (A)
"gg‘m 200 | 132 120 | 139 | 132 | 133 |75 314 | 242 237 | 258 | 264 | 240 36.8
qmf23_ s 27 63.3
a 60 24 21 30 |22 2 50 |62 35 2% |28 |27 .
‘:;“m— 173 | 63 54 |90 |63 64 16 | 188 104 |74 |90 |78 78 63.6
qmf23_
. 1271 | 498 | 489 | 645 | 492 | 502 | s12 | 1478 | 812 741 | 902 | 792 | 804 61.3
qmfl2_ 2 11 73.5
o 36 12 9 9 9 9 34 34 16 1 12 ! 3
,
gdmf"- 88 21 16 19 16 17 78 78 35 25 36 27 27 795
2
‘:;““'— 34 | s6 |72 | s8 63 2 |32 | 142 103 | 165 | 113 | 113 83.0
qf,':ij 122 | 55 50 | 65 55 66 82 140 | 85 7 75 74 79 549
q';:ij 492 | 240 | 220 | 285 | 240 | 248 192 | 660 | 431 380 | 392 | 382 | 394 51.2
qmf235
Sd 8967 | 5690 | 5560 | 6065 | 5690 | 6226 | 852 | 13716 | 9248 | 7477 | 7635 | 8125 | 8254 | 365

satrec 2480 1920 1680 | 1680 | 1691 1715 1542 | 1542 1200 960 960 991 1015 357

16gam
5 35 1 8 9 1 9 743
Modem | 35 1 8 8 10 9 3
dpamx | g 49 48 |48 | 49 51 49 49 36 33 35 35 35 28.6
mitre¢
l\’,'::k' 4712 | 194 193 | 193 | 197 | 199 | 409 | 409 138 130 | 147 | 135 | 135 67.0
E;‘]":?d 1476 | 832 | 768 | 768 | 832 | 833 1222 | 1222 | 704 514 | 514 | s14 | 577 57.9
g’f:r:y 2496 | 2075 | 2064 | 2064 | 2071 | 2072 | 2496 | 2496 | 2076 | 2064 | 2064 | 2071 | 2072 | 170
. Nnodes . requireM (N1) +2M units instead. The savings are even more
_ ~ dramatic if, along the horizontal chains, vectors, or matrices
4 are being exchanged instead of numerical tokens.
Mnodes | Ye~N A~ Xl. CONCLUSION

We have developed a powerful SDF compiler framework that
improves upon our previous efforts demonstrably. By incorpo-
rating lifetime analysis into all aspects of scheduling and alloca-
tion, the framework is able to generate schedules and allocations
Fig. 25. Homogenous graph for which shared allocation techniques are higtiat reuse buffer memory, thereby reducing the overall memory
beneficial. usage dramatically. However, in order to produce code com-
of techniques on this graph for amd and NV results in an petitive to hand-coded implementations, there are many ways
allocation of M + 1 units. A nonshared implementation wouldn which additional optimization problems can be formulated.
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One particular problem that has not been addressed is the issue]
of recognizing regularity that might occur in graphical specifi-[19]
cations (for instance, a fine-grained description of an finite-im-
pulse response (FIR) filter). Regularity extraction has been ap-
plied in the past to high-level synthesis [26], [27] and Kentzet?”!
[14] has applied pattern matching algorithms from compiler de-
sign to silicon compilers; perhaps these techniques can be afgd!
plied in the context of SDF compilers. In addition, it would be 2]
useful to study techniques that can make use of the regularity
implied by the use of hierarchy and graphical higher order func-
tions [18] in dataflow specifications. [23]
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