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Abstract

In the high-evel synthesis of ASCs or in the code generation for ASPs, the presence of conditionals
in the behavioral description represents an obstacle to exploit parallelism. Most existing methods use
greedy choicesin such a way that the search spaceislimited by the applied heuristics. For example, they
might miss opportunities to optimize across basic block boundaries when treating conditional execution.
W\e propose a constructive method which allows generalized code motions. Scheduling and code motion
are encoded in the form of a unified resource—constrained optimization problem. In our approach many
alternative solutions are constructed and explored by a search algorithm, while optimal solutions are kept
in the search space. Our method can cope with issues like speculative execution and code duplication.
Moreover, it can tackle constraintsimposed by the advance choice of a controller, such as pipelined—con-
trol delay and limited branch capabilities. The underlying timing models support chaining and multicycl-
ing. Astaking code motion into account may lead to a larger search space, a code-motion pruning tech-
niqueis presented. This pruning is proven to keep optimal solutionsin the search space for cost functions

in terms of schedule lengths.

Key Words: high- evel synthesis, code generation, code motion, specul ative execution, global schedul -

ing.

1INTRODUCTION

Inthehigh-evel synthesisof an application—specificintegrated circuit (ASIC) orinthecodegeneration
for an application—specificinstruction set processor (ASIP), four main difficulties have to be faced during

scheduling when conditionals and loops are present in the behavioral description:

a) the NP—completeness of the resource—constrained scheduling problem itself.
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b) the limited parallelism of operations within basic blocks, such that available resources are poorly uti-

lized.

¢) the possibility of state explosion because the number of control paths may explode in the presence of

conditionals.
d) the limited resource sharing of mutually exclusive operations, dueto thelate avail ability of test results.

Most methods apply different heuristics for each subproblem (basic—-block scheduling, code motion,
codesizereduction) asif they wereindependent. An heuristicisused to decide the order of the operations
during scheduling (like the many flavors of priority lists), another to decide whether a particular code
motionisworth doing [10][28], yet another for areduction on the number of states[31]. Asaresult, these
approaches might miss optimal solutions. We propose aformulation [29] to encode potential solutionsfor
the interdependent subproblems. The formulation abstracts from the linear—time model and allows us to
concentrate on the order of operationsand on the avail ability of resources. Different priority encodingsare
used to induce alternative solutions and many solutions are generated and explored. The basic ideaisto
keep high—quality solutionsin the search space when code motion and specul ative execution aretakeninto
account. Since the number of explored solutions can be controlled by the parameters of a search method,
our approach allows a tradeoff between accuracy and search time. In our approach, code motions arein
principle unrestricted, although constrained by the available resources. Ascode motion typically leadsto

alarger search space, we have envisaged a technique to reduce search time.

The main contribution of this paper is a code—motion pruning technique. The technique first captures
the constraintsimposed to downward code motion. Then, these constraints are used asacriterion to select
themost efficient code motions. We show experimental evidencethat theinduced sol ution space has higher
density of good—quality solutionswhen our code-motion pruning isapplied. Asaconsequence, for agiven
local search method and for asame number of explored sol utions, the application of our techniquetypically
leads to a superior local optimum. Conversely, asmaller number of solutions hasto be explored to reach

a given schedule length, what correlates to a reduction of search time.

The paper is organized asfollows. In section 2, we formulate the problem and show its representation.

A survey of existing methodsto tacklethe problem isdescribed in section 3. Our approach issummarized



in section 4 and our support for global scheduling isdescribed in section 5. In section 6, we show how the
constraints imposed to code motion are captured and we explain our code—motion pruning technique. In
section 7, welist the main features of our approach. Experimental results are summarized in section 8. We
conclude the paper in section 9 with some remarks and suggestions for further research. A proof for our

code—-motion pruning is presented in Appendix 1.

2 PROBLEM FORMULATION AND MODELING

2.1 Motivation

When conditionalsare present in the behavioral description, they introduce abasic block (BB) structure.
For instance, the description in figure 1a has four BBs, which are depicted by the shadowed boxes. In the
figure, i1 to 19 represent inputs, 01 and 02 represent outputsand x, y and zare local variables. Operations

are labeled with small letters between brackets and BBs are |abeled with capital |etters.

description BBCG
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Figure 1 — The basic block structure
Assume that an adder, a subtracter and a comparator are available. We could think of scheduling each
BB independently. Nevertheless, such straightforward approach would not be efficient, because the
amount of parallelisminsideaBB islimited. For example, in BB | the adder would remainidle during two

cycles, even though operation gin BB L could be scheduled at the same step aseither kor |. The example



suggests that we should exploit parallelism across BB boundaries, by allowing operations to move from
one BB to another, which is called code motion. If operation g is allowed to move from BB L into BB I,
acyclewill besavedin BB L. Notethat operation q isaways executed regardless the result of conditional
c1. Ontheother hand, operationsmand n are conditionally executed, depending ontheresult of conditional
c1. We say that operations m and n are control dependent on conditional ¢;. However, operation mis not
data dependent on operation | and they could be schedul ed at the sametime step. Thiscode motion violates
the control dependence, as mis executed before the evaluation of the conditional. But as soon as the out-
comeof ¢; isknown, theresult of mshould be either committed or discarded. Thistechniqueiscalled spec-
ulative execution. If the result of the conditional turnsto betrue, acyclewill be saved. Inthe general case,
it may be necessary to insert extra code in order to “clean” the outcome of the moved operation, the so—
called compensation code. For this example, however, no compensation code is needed, as variable zwill
be overwritten by operation n. We can consider moving operation g into BB K to be executed in parallel
with operation n. However, as operation g must always be executed and the operationsin BB K are only
executed when theresult of ¢; isfalse, acopy of g hasto be placed at the end of BB J. Asaresult, we say

that code duplication takes place. For this example, duplication saves a cycleif the result of ¢; isfalse.

Impact on different application domains. Control-dominated applications normally require that each
path be optimized as much as possible. Here therole of code motion isobvious. On the other hand, in DSP
applications, it is unnecessary to optimize beyond the given global time constraint [20]. Although highly
optimized code might not beimperative, code motions should not be overlooked evenin DSP applications,
because they can reduce the schedule length of the longest path. Consequently, the tighter the constraints
are, the more important the code motions become. In the early phases of a design flow, the optimization
objectives are dictated by the real—time requirements of embedded systems design. The longest possible
execution time of apieceof code must still meet real—time constraints[6]. Thisfact motivatestheformula-
tion of the problem in terms of schedule lengths (see section 2.2). Moreover, asthese early phasestend to
be iterated several times, runtime efficiency isimperative. Often, we need a fast but accurate estimate in
terms of schedule lengths [14]. This reasons motivate the devel opment of atechnique to prevent (prune)
inefficient code motions (see section 6). In our approach, the advantage of taking code motions into

account is not bestowed at the expense of a“much larger search space”, due to our code—-motion pruning.



2.2 Formulation

In order to define our optimization problem we represent both the specification (dataand control depen-

dencies) and the solution of our problem in the form of graphs, as defined bel ow.

Definition 1: A control data flow graph CDFG = (U, E) isadirected graph where the nodes represent

operations and the edges represent the dependencies between them. O

We assume that the CDFG has special hodesto represent conditional constructs. An exampleis shown
in figure 1b for the description in figure 1a. Circles represent operations. Triangles represent inputs and
outputs. Pentagona nodes are associated with control—flow decisions. A branch node (B) distributes a
single value to different operations and a merge node (M) selects a single value among different ones.
Branch and mergenodesare controlled by aconditional, whoseresultis® carried” by acontrol edge (dashed

edge in figure 1b). A detailed explanation of those symbols and their semantics can be found in [9].

Definition 2: A state machine graph SMG = (S, T) isadirected graph where the nodes represent states

and the edges represent state transitions. O

The SMG can be seen as a "skeleton” for the state transition diagram of the underlying finite state
machine (FSM), whoseformal definition canbefoundin[7]. To keeptrack of code motion, weusean auxil-

iary graph that is a condensation of the CDFG, derived by using depth-first search, as defined below.

Definition 3: A basicblock control flowgraphBBCG = (V, F) isadirected graph wherethenodesrepre-

sent basic blocks and the edges represent the flow of control. O

All operationsin the CDFG enclosed between apair of branch and merge nodes controlled by the same
conditional arecondensedintheform of abasic block intheBBCG. All branch (merge) nodesinthe CDFG
controlled by the same conditional are condensed into asingle branch (merge) nodein the BBCG domain.
All input (output) nodesare condensed into asingleinput (output) node. For instance, the BBCG depicted
infigure 1cexplicitly showsthe BB structurefor thedescriptioninfigure 1a. Circlesrepresent basic blocks
and each BB is associated with a set of operationsin the CDFG. In the BBCG domain, a branch node (B)

represents control selection and a merge node (M) represents data selection.

When the CDFG contains conditional s, operations may execute under different conditions. The execu-

tion condition of an operation (or group of operations) is represented as a boolean function, here called a



predicate, whosevariablesare called guards[26]. A guard g« isabool ean variable associated with the out-
put of aconditional ¢ . Inthedescriptioninfigure 1a, conditional ¢; isassociated with guard ¢; . Asaconse-

quence, operations m and n will execute under predicates g; and g;’, respectively.

All operations enclosed by a BB have the same execution condition and each path in the BBCG (from
input to output) defines a sequence of BBs. Asthe values of the guards are data dependent, the taken path
is determined in execution time only. The set of operations enclosed by the BBs on agiven path is called

the execution instance (EXI). Each path in the BBCG corresponds to exactly one EXI in the CDFG.
Let us now formulate the resource—constrained problem addressed in this paper:

Optimization problem (OP): Given anumber K of functional unitsand an acyclic CDFG, findaSMG,
inwhich the dependencies of the CDFG are obeyed and the resource constraints are satisfied for each func-
tional unit type, suchthat thefunction cost = f(L,, L, ..., Ln) isminimized, where L, istheschedulelength

of theith path in the BBCG and f isamonotonically increasing function. o

A solution of the OP is said to be complete only if avalid schedule existsfor every possible execution
instance. Since conditional resource sharingisaffected by thetimely availability of guard values, asolution
issaid to be causal when no guard value is used before the time when it is available. A feasible solution

has to satisfy all constraints and must be both causal and compl ete.

3 RELATED WORK

3.1 Previous high-evel synthesis approaches

In path-based scheduling (PBS) [2][5] a so—called as—fast—as—possible (AFAP) schedule is found for
each path independently, provided that afixed order of operations be chosen in advance. Dueto the fixed
order andto thefact that scheduling iscast asaclique covering problem on aninterval graph, code motions
resulting from speculative execution are not allowed. The original method has been recently extended to
release the fixed order [3], but reordering of operationsis performed inside BBs only. Reordering is not
allowed across conditional operations, because thiswould destruct the notion of interval, whichisthevery
foundation of thewhole PBStechnique. Consequently, although reordering improvesthe handling of more

complex data—flow, the method cannot support specul ative execution, which limitsthe exploitation of par-



alelism with complex control flow [19]. Thislimitation isreleased in tree—based scheduling (TBS) [15],
where speculative execution isallowed and the AFAP approach is conserved by keeping all pathson atree.

However, since the notion of interval islost, alist scheduler isused to fill states with operations.

Condition vector list scheduling (CVLS) [31] allows codeduplication and supports someformsof spec-
ulative execution. Although it was shown in [27] that the underlying mutual exclusion representation is
limited, the approach would possibly remain valid with some extension of the original condition vector

or with some other alternative, such as the representations suggested in [1] and [27].

A hierarchical reduction approach (HRA) is presented in [18]. A CDFG with conditionals is trans-
formed into an“equivalent” CDFG without conditional s, which is scheduled by aconventional scheduling
algorithm. Code duplication is allowed, but speculative execution is not supported. In [28] an approach
ispresented where code—-motions are exploited. At first, BBsare scheduled using alist scheduler and, sub-
sequently, codemotionsareallowed. Onepriority functionisusedinthe BB schedul er and another for code
motion. Code motion isallowed only inside windows containing afew BBsto keep runtime low, but then

iterative improvement is needed to avoid restricting too much the kind of code motions allowed.

Among those methods, only PBSis exact, but it solves a partial problem where speculative execution
isnot alowed. TBS and CVLS address BB scheduling and code motion simultaneously, but use classical
list scheduler heuristics. In[28] adifferent heuristicisapplied to each subproblem. All those methods may
exclude optimal solutionsfrom the search space. In[26], an exact symbolic techniqueis presented. Never-
theless, the use of an exact method in early (moreiterative) phases of adesign flow isunlikely, especialy

because no pruning is presented to cope with the larger search space due to code motion.
3.2 Previous approachesin the compiler arena

In Trace-scheduling (TS) [10] amain path (trace) is chosen to be scheduled first and independently of
other paths, then another traceis chosen and scheduled, and so on. First, resource unconstrained schedul es
are produced and then heuristically mapped into the available resources. TS does not allow certain types
of codemotion acrossthemaintrace. Thedownsideof TSisthat main-trace—first heuristicswork well only

in applications whose profiling shows a highly predictable control flow (e.g. in numerical applications).



Percolation Scheduling (PS) [23] defines a set of semantics—preserving transformations which convert
aprogram into amore parallel one. Each primitive transformation induces a local code motion. PSisan
iterative neighborhood scheduling agorithm in which the atomic transformations (code motions) can be
combined to permit the exploration of awider neighborhood. Heuristicsare used to decidewhen and where
code motions are worth doing (priorities are assigned to the transformations and their application is
directed firsttothe”important” part of thecode). The most important aspect of PSisthat itsprimitivetrans-
formations are potentially able to expose all the available instruction-evel paralelism. Another system
of transformationsis presented in [11] and it is based on the notion of regions (control—equivalent BBS).
Operations are moved from one region to another by the application of a series of primitive transforma-
tions. Astheoriginal PSisessentially not aresource constrained parallelization technique, it was extended
with heuristic mapping of the idealized schedule into the available resources [22][25]. The drawback of
the heuristic mapping into resources performed in both TSand PS[22] [25] isthat some of the greedy code

motions have to be undone [8] [21], since they can not be accommodated within the available resources.

More efficient global resource—constrained parallelization techniques have been reported [8][21][30],
whose key issue is a two—phase scheduling scheme. First, a set of operations available for scheduling is
computed globally and then heuristicsare used to sel ect the best oneamong them. In[8], aglobal resource-
constrained percolation scheduling (GRC—PS) technique is described. After the best operation is selected,
the actual scheduling takes place through a sequence of PS primitive transformations, which allow the
operation to migrateiteratively fromtheoriginal toitsfinal position. A global resource—constrained selec-
tive scheduling (GSS) techniqueis presented in [21]. As opposed to GRC—PS, the global code motion of
the selected operation is performed at once, instead of applying a sequence of local code motions. The
results presented in [21] give some experimental evidencethat, athough PS and GSS achieves essentially

the same results, GSS leads to smaller parallelization time.
3.3 How our contribution relatesto previous work

On the one hand, we keep in our approach some of the major achievements on resource-constrained

scheduling in recent years, as follows.



a) Like most global scheduling methods [8][21][30], our approach also adopts a global computation of
available operations. However, our implementation isdifferent, sinceitisbased on aCDFG, unlikethe

above mentioned approaches.

b) We perform global code motionsat once, inaway similar to[21], but different from [8] and [11], where

a sequence of primitive transformations is applied.
On the other hand, what distinguishes our approach from related work is the following:

a) Our formulation is different from all the above mentioned methods with respect to the order in which
the operationsare processed. To allow proper exploration of alternative solutions, we do not use heuris-
tic—based selection. Instead, selection isbased on apriority encoding, which isdetermined by an exter-

nal (and therefore tunable) search engine (see section 4).

b) Unlike most resource—constrained approaches [8][21][30], we provide support for exploiting down-

ward code motion (see section 6.1).

¢) Our main contribution is a new code—motion pruning technique, which takes the constraints imposed

to code motion into account and prevents inefficient code motions (see section 6.2).

4 THE CONSTRUCTIVE APPROACH

We envisage an approach whereno restriction isimposed bef orehand neither onthekind of codemotion,
nor on the order the operations are sel ected to be schedul ed. In thissection, wewill introduce our construc-
tive approach, which isfree from such restrictions. An outline of our approach isshowninfigure 2. Solu-
tionsare encoded by apermutation IT of the operationsinthe CDFG. A solution explorer creates permuta-
tionsand a solution constructor buildsasolution for each permutation and evaluatesits cost. The explorer
isbased onalocal search algorithm[24], which sel ectsthe solution with lowest cost. Whilebuilding asolu-
tion, the constructor needs to check many times for conditional resource sharing. This tests are modeled
asboolean queriesand are directed to aso—called boolean oracle (thetermwas coined in[4]) which allows
usto abstract from theway the queriesareimplemented. A detailed view of the explorer isout of the scope
of this paper. Theway inwhich permutations are generated according to the criteriaof agiven local search

algorithm can be found in [13]. From now on, we focus on the solution constructor.
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Figure 2 — An outline of the approach

To keep high—quality solutionsin the search space, we have designed our constructor such that thefol-
lowing propertieshold. First, neither greedy choices are made nor restrictionsareimposed on code motion
(seesections5.2 and 7.4). Second, pruning isused to discard low—quality solutions, by preventing thegen-
eration of solutions which certainly do not lead to lower cost (see section 6.2). Third, every permutation
generates a complete and causal solution (see section 7.3). Although our method can not ensure that an
optimal solutionwill alwaysbereached asaconsequence of thelocal—search formulation, at |east one opti-
mal solution is kept in the search space. Proofsfor thisclaim can be found in Appendix | and in[13].In
general thismethod allowsto trade CPU time against solution quality. I n practice theimplemented method

succeedsin finding an optimal solution in short CPU times for all the tested benchmarks (see section 8).

5 SUPPORTING GLOBAL SCHEDULING

5.1 Supporting code motion and speculative execution

We use predicatesto model the conditional execution of operations. Based on thetimely availability of
guard values, we distinguish between two kinds of predicates. A predicate G is said to be static when it
represents the execution condition of an operation when all the values of its guards are available. A
dynamic predicate I" represents the execution condition of an operation when one or more guard values
may not be available at agiven time step. Note that the static predicate abstracts from the rel ative position
in time between the compl etion of aconditional and the execution of a control—dependent operation. Both
predicates are used to keep track of code motions: I'isused to check for conditional resource sharing and

G isused to check whether the result of a speculatively executed operation should be committed or not.

10



Assume that an operation o moves from BB | to BB J. Let G; and G be the static predicates of BBs
| and J, respectively. The product G = G, . G; givesthe static predicate of operation o after code motion.
Infigure 1, for instance, if operation qisduplicated into BBsJ and K, the copy of gin BB J executes under

G=G_.Gy= g (because G = 1), while the copy of qin BB K executesunder G=G| .Gk=q;’.

Ascode motion may lead to specul ative execution, G may not represent the actual execution condition
(because some guard value may not betimely available) and anew predicate I' must be computed by drop-
ping from consideration the guards whose values are not available. Observethat I'isnecessary to prevent
that speculative execution might lead to non—causal solutions. Infigure 1, for instance, the static predicate
of operationm is G = Gj. G| = g when it moves from BB Jinto BB |. As operation mis speculatively
executed in BB |, the actual execution condition will be given by the dynamic predicate I' = 1 (inside the
new BB, mis aways executed). Note that the dynamic predicate I is the condition under which a result
is produced, while the static predicate G is the condition under which that result is committed. Algorithm
1 shows how to obtain the dynamic predicate I" from the predicate G at a given time step, where end(c)
standsfor the compl etion time of conditional ¢. (Assumefor thetimebeing that slot = 0). Functionssup-

port and snoot h represent concepts from Boolean Algebra and their definitions can be found in [7].

dynami cPredi cate(G step, slot)
I'=0G
foreach gk € support (1)
if end(ck) + slot > step
I' = snoot h( T, gk)

Algorithm 1 — Evaluation of dynamic predicate
Conditional resource sharing. During the construction of asolution, we need to check if two operations
can share aresource under different execution conditions. Let i and j denote two operations. These opera-
tions can share aresource at agiventime step only when theidentity I . I'y = 0 holds. The boolean oracle

is used to answer this query as well as to compute predicates.

5.2 The scheduler engine

The solution constructor takesapermutation from the expl orer and generatesasol ution. Inthe construc-
tor, we borrow techniques from the constructive topol ogical—-permutation scheduler [13]. A scheduleis

constructed from a permutation as follows. The scheduler selects operations to be scheduled one by one.
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At any instant, the first ready operation (unscheduled operation whose predecessors are all scheduled) in
the permutation is selected. Each selected operation is scheduled at the earliest time where afree resource
isavailable. In[13] itisproven that the optimum schedul e is always among those created by thisprinciple

of topological—permutation construction.

description
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[t] if (i5>1i6)
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Figure 3 — Using the topological permutation scheduler
Infigure3, itisshown how alinear—time sequenceisconstructed by thetopol ogical permutation sched-
uler for agiven I1. Thebehaviora description andits CDFG are showninfigures3aand 3b. Theutilization
of resources is modeled by placing operations in the entries of a resource utilization vector (RUV), as
shown in figure 3a. Thereis an entry in the RUV for each different functional unit. First, we apply the
scheduler without paying attention to mutual exclusion just to show the principle (see figure 3c). In a

second experiment, we apply mutual exclusion. In that case, operation b can be scheduled at the second

12



step by sharing an adder with operation ¢ (seefigure 3d). We assumethat the outcomeof tisnot available
inside the first step to allow a and b to conditionally share a resource. The resulting schedule length is
reduced to 5 steps for both EXIs. Note, however, that the EXI = {t, b, g} could be scheduled on its own
in only two steps. Thus, the information about mutual exclusion is clearly not enough and the limitation
isthe linear—time model. To allow a more efficient solution, some mechanism hasto split the linear—time
sequence by exposing aflow of control. Our mechanismisbased on additional information, extracted from

the CDFG, aswe explain in the next section.

6 AMETHOD TO PRUNE INEFFICIENT CODE MOTIONS

6.1 Capturing and encoding the freedom for code motion

In our method we want to capture the freedom for code motion without restrictions and for this purpose
we introduce the notion of alink. A link connects an operation u in the CDFG with aBB vin the BBCG.
It can begiven thefollowing interpretation: operation u can be executed under the predicate which defines
the execution of operationsin BB v. Some operation can be linked to several mutually exclusive BBs, as

it may belong to many execution instances. Figure 4 illustrates the link concept.

description
[@ x=iZi @ ew
[b] 'y=i5+i6'A
[t] if(i4>i7);
[ zzid+xB
else
[ Z=x=y:

..........

(@ (b)
Figure 4 — The link concept
Initial links. We will encode the freedom for code motion by using a set of initial links. Given some
operation, itsinitial link pointsto the latest BB in a given path where the operation can still be executed.

Initial links are obtained as follows.
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First, welook for the so—called terminal operations. A terminal iseither adirect predecessor of an output
node or adirect predecessor of abranch or merge node whose result must be avail able before control selec-
tion or data selection. In figure 4, conditional t is aterminal, because the result of a conditional must
always be available before control selection takes place. Even though operationsa and b are direct prede-
cessors of branch nodes, they are not terminals, as they do not affect control selection. Operations ¢ and

dareterminals, astheir resultsmust beavail able prior to datasel ection. Operation eisobviously aterminal.

Then, each terminal attached to abranch, merge or output node in the CDFG islinked to the BB which
precedesthe corresponding branch, merge or output nodeinthe BBCG. Infigure4, initial linksare shown

for terminals c and d (due to data selection), t (due to control selection) and e (due to the output).

Afterwards, we link non terminal operations. Each predecessor of aterminal islinked to the same BB
to which the latter islinked. Operation a will haveinitial links (not shown in figure) to both BB B and BB

C. Operation b will have asingleinitial link pointing to BB C.

Those initial links can be interpreted as follows. Conditional t must be executed at latest in BB A,
becauseitsresult must beavailablebefore control selection (branch). Operation c must be executed at | atest
in BB B and operation d at latest in BB C, because their results must be available prior to their selection

(merge).

Note that aninitial link encodes the freedom for code motion downwards. This meansthat each opera-
tion is free to be executed inside any preceding BB on the same path as soon as data precedence and
resource constraintsallow (the only control dependency to be satisfied isthe need to execute the operation
at the latest inside the BB pointed by theinitial link).The underlying ideaisto traversethe BBCG in topo-
logical order trying to schedule operationsin each visited BB, even if some operation does not originally
belong to it. Observe that, if operation uisgiven aninitia link to BB v and visreached in the traversal,
then u must be scheduled inside BB v. We say that the assignment of operation u to BB v is compulsory;,
or equivalently, that operation uiscompulsory in BB v. Thenotion of compul sory assignment of operations
allows us to identify which control dependencies can be violated. Also, this notion is one of the keys of

our pruning technique, asit will be shown in next subsection.
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Final assignments. Each link a will be called here afinal operation assignment (from now on called
simply assignment) when the scheduling of the respective operation inside the pointed BB obeys prece-
dence constraints and does not imply the need for more than the available functional units. Assignments
which might increaseregistersand/or interconnect usage areincluded inthe search space. Each assignment
of an operation uinto aBB visgiven thefollowing attributes:. a) begin (starting time of operation uinside
BB v); b) end (completion time of operation uinside BB v); ¢) G (static predicate); d) I" (dynamic predi-
cate). Note that assignments represent a relative-time encoding. The absolute time is control—dependent

and it is given by the instant when BB v starts executing plus the value in attribute begin.

Handling redundancies. Operations may be redundant for some paths in abehavioral description as
shown in [15]. In our method, such redundancies are eliminated during the generation of initia links.
Operation b in figure 4, for instance, will only be linked to BB C, even though it was originally described
inBB A, asif it belonged to both paths. TBS[15] usestree optimization to remove redundancies by propa-
gating each operation to thelatest BB whereit isto be used. CVLS[31] eliminatesthem by using extended
condition vectors. Even though they remove redundancies, those methods do not care about encoding the
freedom for code motion properly, because code motion will be determined by a heuristic—based priority
function anyway. For example, in order to cast the control—flow graph into atree structure, TBS duplicates
up al operationsin BBssucceeding merge nodes. Asaconsequence of thisapriori duplication, TBSlooses
the information over the freedom for code motion due to data selection. This information could be used,

during the construction of a solution, to avoid inefficient code duplication.

description CDFG BBCG
[a] (x=iT+i2"
[b] 1y=i3-i4 4
[f] '02=i8+i9
[t] Lif(i5>i6).:
[l (Z=Xfy.isB

else
[d (Z=Xlic
[e] 101=Z%17:D

@ (b)

Figure 5 — Linking unconditional operations
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Freedomfor codemotion. Our initial linksdonot only eliminateredundancies, but also encodefreedom
for code motion. In figure 5, f may be linked to BB A, to both BB C and BB B or to BB D. ¢; istheinitial
link, becausetheonly control dependency to be satisfiedisthat f must execute beforetheoutput isavailable.
As operation f can be executed in BB D or in any preceding BB as soon as resource and data dependency

constraints are satisfied, unrestricted code motions can be exploited.
6.2 Code—-motion pruning

Traversing intopological order. The solution constructor followstheflow of tokensinthe CDFG while
the BBCG is traversed in topological order. An operation can be assigned to any traversed BB, as soon
as data precedence and resource constraints allow. The first ready operation in the permutation IT is
attempted to be scheduled inside the visited BB. Notice that, during the traversal, some operation may be
ready inagiven EXI but not in another. Infigure 3d, for instance, operation gisready at thethird time step
for EXI 2={t, b,g}, but only at thefifth step for EXI 1={t,a,c, e d,f, g}. For thisreason, we say that
an operation isready under the predicate G of agiven BB if the operation isready and it belongsto a path

which contains that BB.

For agiveninitia link u — v, the assignment of an operationto aBB being visited is not compul sory
aslongasBB visnot reached. If BB visreached inthetraversal, uisscheduled inside BB v and theinitial
link will become afinal assignment. However, if operation u succeedsto be schedul ed inside some ances-
tor w of BB v, inducing acode motion, theinitial link will be revoked and replaced by afinal assignment

u — w. Operationsare attempted to be schedul ed inside each traversed BB according to the criteriabel ow.

Criterion 1 (Code—motion pruning). Let o be an operation with an initial link pointingto BB j. If 0is
ready under the predicate G of avisited BB i , with i # |, and the schedule of o inside BB i would require
the allocation of exactly § = [delay(o)] extratime steps to accommodate its execution, then operation

o will not be scheduled inside BB i, preventing the code motion from BB j into BB i. O

Criterion 2 (Constructive scheduling). For avisited BB i with predicate G, the first operation in I1
ready under predicate G and not rejected by criterion 1 is scheduled at the earliest timeinside BB i where

afreeresourceisavailable. O
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We claim that the application of criterial and 2 does not discard any better sol utions of the optimization

problem defined in section 2 (see proofsin [13] and in Appendix I).

Splitting the linear—time sequence. Note that an operation is allowed to alocate § extratime stepsto
accommodate its execution insideavisited BB whenitsassignment to BB i iscompulsory (i =j). Thiswill
make space for the scheduling of non—compulsory operationsin idle resources. When no ready operation
in IT satisfies criterion 1, the constructor stops scheduling BB i and another BB isvisited. Observethat the
resulting global scheduleisnot alinear—time sequence. I nstead, the sequenceissplit eachtimethetraversal
crosses abranch and the flow of control iskept exposed. Criterion 1 isresponsiblefor splitting the linear—
time sequence, as it decides when stop scheduling a BB prior to control or data selection. Note that this
decision is based on constraints (resource constraints and control and data dependencies). A counter—ex-
ampleistheheuristic criterion used by TBS, wherethelinear—time sequenceissplit each timeaconditional

turns to be the operation with higher priority in the ready queue [15].

Example. In figure 6 the same example used in figure 3 is scheduled to illustrate the method. First, we
show in figure 6b how each EXI would be scheduled independently, just by applying the topological per-
mutation scheduler. Notethat EX1 1 ={t, a c, e d, f, g} isscheduled in five steps and that EXI 2 ={t, b,
g} isscheduled in 2 steps. Yet, it isnot possible to overlap those sequences, because a and b cannot share
theadder (I'y . I'y # 0, asthe outcome of conditional tisnot availableinsidethefirst step). Such tentative
solution would be non—causal and, as a consequence, infeasible. Even though each path can be AFAP
scheduled for the given I1, thereisaconflict between them so that if one sequenceischosen, the other will
be imposed an extra step. Now we will show how our constructor generates a feasible solution. In figure
6ctheinitial linksaredepicted, whileinfigures6dto 6k the evolution of the construction processisshown
for each operationin I1. Circlesin bold mark the current BB being traversed. Noticein figure 6d that, even
though other ready operations (a, eand b) precedetin IT, tisthe schedul ed one becauseitistheonly opera-
tion not rejected by criterion 1 (itiscompulsory inthe current BB). Then ais scheduled (figure 6€) in the
same step, as an idle adder exists. At that point, no other ready operations can be scheduled in that BB, as
they would require the allocation of extrasteps (criterion 1). Then, another BB istaken (figure 6f) and so

on. Figure 6k showsthefinal result. It isthe same as obtained by scheduling EX|1 1 independently (figure

17



6b), but EXI 2 needs an extra step. Notethat if a and b were exchanged in IT, the solution in figure 5b for
EX1 2 would be obtained, while EXI 1 would need an extra step. When a conflict happens between paths,
themethod solvesitinacertainway induced by IT, but there existsanother permutation IT" whichinduces
another solution where the conflict is solved in the opposite way (no limitation in the search space).
Observe that the assignment of operations a or b to the first step represents speculative execution. If we
do not allow specul ative execution both EXIswill need an extrastep, resulting in schedulelengthsof 3 and

6.

Figure 6 — Splitting the linear—time sequence
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Notion of order dominant over notion of timestep. Asopposed to other approaches [31][18], our method
does not use time as a primary issue to decide on the position of an operation. Instead, a notion of order
and availability of resources is used. As assignments incorporate a relative-time encoding, timeis only

used to manage resource utilization inside BBs.

construct _sol ution(C, II)

while C= 0
v = maxTop(O);
j =0
while j < |I]
u: =II[j ++] ;

a. = assignnent (u, v);
i f (unschedul ed( o) Aschedul edpreds(a));
t hen o(a): =asap( a);
o(a): =sati sf yResConstrai nt s( a, o(a)) ;
if isSuitable(a, o))
t hen annot at e( a, o(a)) ;
sol veCodeMot i on( ) ;
j:=0;
updat e( Q) ;
Algorithm 2 — The solution constructor

The solution constructor is summarized in algorithm 2. IT isapermutation, C isthe set of BBs, uisan
operation, visaBB, a isan assignment and o(a) isthe starting time of operation uinside BB v. Function
maxTop( C) returnsBBsinaarbitrary topological order. A candidate assignmenta.iscreated for each pair
(u,v) andthecondition unschedul ed( o) A schedul edpreds(a) isevaluated. If thisconditionholds,
the earliest step o(a) in BB v with afreeresource will befound. Function i sSui t abl e( a, o( a) decides
whether the candidate assignment o should be committed or revoked, by checking criterion 1. When all
compul sory operations are scheduled and thereisno room for scheduling others, anew BB istaken. Func-

tion sol veCodeMot i on(a) inserts compensation code when duplication succeeds.

Runtime complexity. Let n be the number of operationsin II, b the number of BBs, p the number of
pathsand ¢ the number of conditionals. When ready operationsare kept in aheap data structure, the search
for the first ready operation in IT takes O(log n). As this search may be repeated for each operation and
for each BB, the worst case complexity of algorithm 2 is O(b n log n). The runtime efficiency of our

approach does not depend on p (which can grow exponentially in c), as opposed to path—based methods.
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Wewill illustrate herewhy the application of code—motion pruning does not discard any better solution.
Our goal isto provide an outline for the proof in Appendix |. From an original solution Sy, induced by a

permutation IT, we will try to construct a better solution S, for the same I1.

Infigures 7 and 8 operations & to a4 are additions, s; to 3 are subtractions and my isamultiplication
(assume one resource of each type). A grey entry in the utilization vector (RUV) means either that a
resource was occupied by some other operation or was not occupied dueto adatadependency. (Thesegrey

fields are used here to abstract from other operations so that we can concentrate on a certain scope).

Infigures 7aand 8awe show different solutions which were generated by our constructor. Thismeans
that Sy, was constructed following criterion 1. For example, operation my was not scheduled inside BB
P, because criterion 1 must have prevented it from being scheduled in P. Note that the empty fieldsin Sy,

mean that other operations could not be scheduled in the idle resources due to data dependencies.

Out of each solution Sy, wewill construct anew solution S, asshowninfigures 7b and 8b, by allowing
my toboostinto BB P whereit allocatesexactly & = 3 steps. Thiswill makeroom for operationsfrom other
BBsto moveup. Wewill consider two different scenariosfor code motion and wewill show that if ny was

allowed to boost into BB P, no better result would be reached in terms of schedule lengths.

I = [..,a4al a2 a3,..]

2] [s1] 01

o [E|mis

[TT11p,p G 2 5,
@ RUV @

P \ ''''''' N
& L S1 Lolotolley Sl
| m SEEEEET 2Rt b et
2 2 @md

Q\Q/S Q\Q/S

Sn ay S, 62’."7'7".

€Y (b)
Figure 7 — First scenario

In figure 7, we assume that operation a4 can move up from BB Rinto the allocated steps. Notice that,

even though a4 precedes al and a2 in the permutation, a4 could not be scheduled at the same time step

20



either with s1 or with s2 (figure 7b), because thiswas not possiblein the original solution Sy, which means
that the scheduler engine must have detected data dependencies between them. Moreover, ag could not
be moved into the 6 stepsallocated in BB P. Asaresult, the number of stepsfreed (6, + 0.,) iscompen-
sated by the number of allocated steps () and no path is shortened. Note that in figure 7, even though we
have optimistically assumed that the boosted operations have compl etely freed the steps from which they

have moved, no better solution could be reached.

Infigure 8 weillustrate acase where path P — Q — Risshortened. Thiswas possible because opera-
tion a4 has moved to the first step of BB P and has filled an entry not occupied by the other operations
(figure 8b). Notice that s1 was scheduled in the same time step as a4. However, this was not possiblein
Sm, asindicated by theempty " +” field at thefirst step of BB Q infigure 8a, which meansthat the scheduler
hasdetected adatadependency betweenthem. Asadatadependency wasviolated by the code motion, solu-

tion S, isinfeasible.

I = [..,a4,al, a2, a3,..]

.......
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Figure 8 — Second scenario
These exampl es suggest that for a given permutation, itisnot possibleto obtain afeasible solution with
shorter pathsthan thosein the solution generated by our solution constructor. The feasible solutionswhich
could be obtained are at best as good as the constructed one. The underlying ideaillustrated hereisthat,
instead of alowing any arbitrary code motions generated by the topological—permutation scheduler
engine, only solutionswherecriterion 1 isobeyed are constructed. Thisleadsto the notion of code-motion

pruning. Sincethe application of criterion 1 doesnot prune any better solutions (Appendix |) and topol ogi-
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cal—permutation construction guarantees that at | east one permutation returns the optimal schedule length

[13], we conclude that this code-motion pruning keeps at least one optimal solution in the search space.

7 FEATURES

This section summarizes the main features of our approach and it is organized asfollows. Thefirst two
subsections show how we support constraintsimposed by the advance choice of acontroller. Thethird sub-
section explains how our method generates only complete and causal solutions. The last subsection

describes the types of code motions supported in our approach.
7.1 Supporting pipelined—control delay

It hasbeen shown[17] that most approachesfoundintheliteratureassumeafixed controller architecture
and that they would produce infeasible solutions under different controller architectures. One of such
constraintsisthe limited branch capability of some controllers (see next subsection). Another isimposed

by the pipelining of the controller.

When pipelineregistersare used to reducethecritical path through the controller and the datapath [ 16],
thereisadelay between the time step where the conditional is executed and the time step where its guard
valueis allowed to influence the data path. It isasif the guard value were not available within atime slot
after the completion of the respective conditional. Figure 9a illustrates the effect of pipelined—control
delay. Assume a single adder, a pipelined—control delay of 2 cyclesand that the value of guard g; isavail-

able (c; has executed early enough and it is not shown in the figure).

_____ G.=G, =Gy =00,
a ,
___!_ G, =G, = 9.0>
€ @b
% _____ (728 r,= I_‘b =T, = (o1
T @clo
B ————=— - Iy = 0.0,
_d_@@_e Te = 0:0
@ (b)

Figure 9 — Effect of pipelined—control delay

Algorithm 1 considersthe effect of the delay slot. Weillustrate its application in figure 9b, where static
and dynamic predicates are shown. Only operations d and e can conditionally share the adder, as

I'y - I'e = 0. Noticealsothat operationsin grey are specul atively executed with respect to conditional c,.
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This example emphasi zes the importance of speculative execution to fill the time slotsintroduced by the

pipeline latency.
7.2 Supporting limited branch capability

When simple controllers are used (e.g. for the sake of retargetable microcode), state transitionsin the

underlying FSM are limited by the branch capability of the chosen controller.

Figure 10 illustrates the problem. In figure 10a we show the static predicates for the operationsin the
example. Two different schedules are presented in figures 10b and 10c (1 comparator, 1 **white”” resource

and 1 “grey”’ resource are available).

G.=1G, =0 Glzg'lezg'z
Go=1G,=0¢,G=0G =0
(a)

(b) (©)
Figure 10 — Effect of limited branch capability

Thescheduleinfigure 10b implicitly assumesa4—way branch capability, asshown by the state machine
graph. If we delay the execution of conditional ¢, by one cycle, wewill obtain the schedulein figure 10c,
which requires only 2—way branch capability and where my and np represent the duplication of operation
n. Observe that operation n can share the ”white” resource with operation | only whenthe pathg,’. g’ is
taken. Instead, when path g;’. g istaken, n must be delayed one cycle, which makesthe overall schedule
length in figure 10c longer than in figure 10b.

As suggested by the example, our method can handle limited branch capabilitiesin building solutions.
If the controller limits the branch capability to avalue k, where k=2", the constructor will alow at most

n conditionals at the same time step. Thisis similar to the technique presented in [16].
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7.3 Generating complete and causal solutions

In this subsection wefirst show how other methods deal with causality and completeness and weillus-

trate next how our method generates causal and complete solutions only.

In path—based approaches| 5], completenessisguaranteed by finding aschedulefor every path and over-
lapping them into a single-representative solution. For agiven operation o which is control—-dependent on
conditional ¢, causality is guaranteed by preventing operation o from being executed prior to o.. However,

this leads to alimitation of the model, as speculative execution is not allowed.

The symbolic method in [26] hasto accommodate the overhead of atracevalidation algorithm, required
to ensure both completeness and causality. Schedul ed traces are sel ected such that they can co—exist, with-

out any conflict, in a same executable solution.

In our method completenessis guaranteed by the traversal of BBs, because all predicates G associated
with theBBsareinvestigated, which makessurethat all possible execution conditionsare covered, without
the need to enumerate paths. Causality isguaranteed by the usage of dynamic predicatesin checking condi-
tional resource sharing. Thistest is performed during (and not after) the construction of a solution, each
timethefirst ready operation in IT attemptsto use an already occupied resource. To illustrate thisfact, we

will revisit an example from [26].

A potential solution generated by the symbolic techniquein [26] is shown in figure 11b for the CDFG
in 11a. A resource of each type (black, grey and white) isassumed. Labels my () and np (rp) represent
the duplication of operation m (n). The solution is complete, because each EXI is scheduled such that
resource and precedence constraints are satisfied. However, the solution is not causal, because it can not

be decided whether k or my, a or np will be executed (the value of ¢, isnot available at the first step).

Infigures 11c and 11d, our method is used to construct two solutions from two different permutations.
Operationsk and min figure 11c aswell as operationsa and nin figure 11d are prevented to be scheduled
at the same step by checking conditional resource sharing. Observethat Gi . Gy = O, but I'x .I'm1 = 0;
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Figure 11 — Causality by construction
In our approach, we do not have to perform a trace validation procedure a posteriori, like in [26],
because a test with similar effect is done incrementally, during the construction of each solution, as

described below.

After scheduling one operation, our method eval uates the dynamic predicates and updates conditional
resource sharing information, before anew operationisprocessed. If thisnew operation isdetected to have
aconflict, in sometrace, with apreviously scheduled operation, the scheduling of the new operation is

postponed until alater time step, namely the earliest time step wherein the conflict doesnot occur anymore.

Our dynamic evaluation of predicates, combined with the constructive nature of schedulesin aper—op-
eration basis, hasthe advantage of preventing the construction of non—causal solutions (likeinfigure 11b).

This avoids the enumeration and backtracking of infeasible solutions.

7.4 Exploiting generalized code motions

In this subsection we summarize the relationship between initial links, final assignments and code

motions. A detailed analysis of code motions can be found in [28].
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Figure 12 — Basic code motions

Basic codemoations. Figure 12 illustrates code motionsinthe scope of asingleconditional. a, represents
afinal assignment and a; aninitial link. A circleinbold representsthecurrent BB being traversed. Infigure
12a, operation awhichwasinitially linked to BB D, isassigned to BB B via a;. Thismotion requires code
compensation, which is performed by inserting assignment «a,'. Asaresult, code duplication takes place.
In figure 12b, the operation is moved across the branch node. Thisis called boosting—up and may lead to
specul ative execution. Infigure 12¢, operation a which wasinitially linked to different mutually exclusive
BBs succeeds to be scheduled in BB A, leading to a unification of initial links a;" and ;" into the final
assignment ;. Finally infigure 12d, operation aismoved between BBswith the same execution condition.
Thisis called a useful code motion. Even though only upward motions are explicitly shown, downward
motions are implicitly supported in our method, asthe initial links encode the maximal freedom for code

motions downwards.

Generalized code motions. Figure 13 shows generalized code motions supported in our approach.
Arrows indicate possible upward motions from an origin BB to a destination BB. Gray circlesillustrate
more local code motions, which are handled by most methods. Either they correspond to the basic code
motions of figure 12 or to afew combinations of them. In[28] these combinations are attempted viaitera
tiveimprovement inside windows containing afew BBs. Black circlesillustrate more global code motions
also supported in our method. Note that such” compound” motions are determined at once by the permuta-
tion and are not the result of successive application of basic code motions, as opposed to PS[23]. We do
not search for the best code motionsinside asolution, we do search for the best solution whose underlying

code motions induce the best overall cost. As any assignment determined by a permutation may induce a
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code motion, unrestricted types of code motions are possible. As aresult, the search space is not limited

by any restriction on the nature, amount or scope of code motions.

Figure 13 — Generalized code motions
Nevertheless, the fact that generalized code motions are allowed is not sufficient to guarantee the gen-
eration of high—quality solutions. Constraints should be exploited in order to avoid the generation of infe-

rior solutions. Thisis performed by the pruning technique described in section 6.2, whoseimpact isshown

by the experiments reported in the next subsection.

8 EXPERIMENTAL RESULTS

The method has been implemented in the NEAT System [12]. We have been using the BDD package

developed by Geert Janssen as aboolean oracle. In the current implementation a genetic algorithm isused

in the explorer.

Table 1 — Results for Wakabayashi’'s example

waka
(a) (b) (c)
#alu 0 0 2
#add 1 1 0
#sub 1 1 0
chain 1 2 2

ours 44,7 34,7 3,4,6
TBY[15] 447 34,7 34,6
HRA[18] | 4,4,7 34,7 3,56

PBS[5] - 3,6,7 3,5,6

In table 1, our method is compared with others for the example in [31]. Resource constraints and the

adopted chaining are shown at the top of the table. Our results are given in the shadowed row in terms of
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the schedule length of each path. Our solution for caseaisasgood as TBS and HRA [18]. In caseb our
method, TBS and HRA reach the same results which are better than PBS. For case ¢, both our method and
TBS are better than HRA and PBS.

For the experiments summarized in the following two tables, search was performed for several ran-
domly chosen seeds (used to generate random populationsin the explorer) and ” CPU” meansthe average

search time in seconds, using an HP9000/735 workstation.

Table 2 — Benchmarks without controller constraints

kim maha parker
@ (b) @ (b)
#add 2 1 2 1 2
#sub 1 3 1 3
#emp 1 - - - -
CPU (s) 0.6 3.6 1.8 1.7 0.9
ours 6(5.75) | 5(3.31) | 4(2.25) | 5(3.31) | 4(2.00)
ST[26] 6(5.75) | 5(3.31) | 4(2.25) - 4(2.13)
TBY[15] - 5(3.31) - - -
CVLY32] | 6(5.75) | 5(3.31) | 4(2.38) | 5(3.31) | 4(2.38)
HRA[18] | 7(6.25) | 8(4.62) — — —

In table 2 we compare our results with heuristic methods (TBS, CVLS, HRA) and one exact method
(ST). At the top of the table we show the resource constraints for each benchmark. Our results are shown
inthe shadowed row and resultsfrom other methods are assembl ed at the bottom. For each result, the sched-
ulelength of thelongest path is shown and the average schedul e length (assuming equal branch probabili-
ties) isindicated between parenthesis. Note that our method can reach the best published results. A better
average schedule length (2.00) was found for benchmark parker(b). It should be noticed that the exact
method presented in [26] can only guarantee optimality with respect to the schedul e length of the longest
path, but not for afunction of schedulelengths of other paths. Thisisafirst indication that our method can

keep high—quality solutions in the search space for a broader class of cost functions.

In table 3 we show our results for benchmarks under the pipelined—control delay constraint. Our
approach can reach the same schedul e lengths obtained by the exact method described in [26]. Aswe are
using currently a local—search algorithm in our explorer, we can not guarantee optimality. In spite of that,

optimal solutions were reached for all cases within competitive CPU times. Although we certainly need
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to perform more experiments, these first results are encouraging. They seem to confirm that our method

is able to find the code motions which induce the better solutions.

Table 3 — Benchmarks with pipelined—control delay

rotor | 20]
@ | J©]A]E]O]@©@]MH
#alu 1 2 3 4 1 2 3 4
#mul 0 0 0 0 2 2 2 2
ey | 121 7 | 7 [ 6 [0 &8 8 |8
cru(e| 04 [ 3304 090607 ]01]01

alu: 1—cycle ALU; mult: 2—cycle pipdl. multiplier
1 single—port look—up table; pipelined—control delay = 2 cycles;
speculative execution alowed

We have also performed an experiment to evaluate the impact of code—motion pruning on the search
space. In order to compare asampl e of the search space with and without pruning, fifty permutationswere
generated randomly and the respective solutions were constructed. In afirst comparison, we counted the
number of solutions, by distinguishing them only based on their overall cost value. Figure 14 showsresults
with (black) and without pruning (gray). The height of a bar represents the number of solutions counted
for different cost values. In waka(1) and maha(1) we have used cost = max L, whilecost = X L; was used
in waka(2) and maha(2). For example, in waka(2), 13 different solutions are identified without pruning,
but only 4 with pruning. This reduction is explained by the fact that, when pruning is applied, more per-
mutations are mapped into asame cost. | n another words, the density of solutionswith same cost increases

with code-motion pruning.

Um m

waka(1) waka(2) maha(1) maha(2)

Figure 14 — Reduction of the number of solutions
A second comparison was performed by looking at the maximal and minimal cost values. It was
observed that the maximal cost values are closer to the minimum when pruning is applied. The difference

between the maximal and the minimal cost valuesis here called cost range. The compaction on the cost
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rangesisshowninfigure 15, normalized with respect to the” no pruning” case. The cost rangeratio” prun-

ing/no pruning” is 0.4 for waka(1) and maha(1), 0.29 for waka(2), and 0.65 for maha(2).
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waka(1) waka(2) maha(1l) maha(2)

Figure 15 — Compaction on cost range
Asthe density of solutions with same cost increases (figure 14) and, simultaneously, the maximal cost
iscloser to the minimum (figure 15), we conclude that the density of high—quality solutionsincrease with
code—-motion pruning. Thisfact suggests a higher probability of reaching (near) optimal solutions during

exploration, whichever the choice of alocal—search algorithm might be.

Finally, we have performed experimentsfor alarger benchmark than those presented in previoustabl es.
Benchmark s2r, whose CDFG has about 100 nodes, is borrowed from [26]. It will be used under different
sets of resource constraints, as depicted by cases (a) to (h) in thefirst rows of table 4. To compare search
spaces with and without pruning, 500 permutations were generated randomly and the respective solutions
were constructed. The procedure was repeated for several randomly chosen seeds such that more accurate
average values could be evaluated. The experiments were performed first without code-motion pruning

and then enabling it. The same sequence of permutations were used to induce solutions in both cases.
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Figure 16 — Compaction on cost range for benchmark s2r
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First, we have measured the cost ranges for each set of resource constraints, which are summarized in
figure 16, normalized with respect to the "no pruning” case. Note that cost ranges are reduced to at |east
70% when pruning is enabled.

At second, we counted the number of solutions which have hit the optimum latency and we evaluated
theaverage percentage with respect to thetotal number of solutions. Thispercentagerepresentstheaverage
density of optimal solutionsin the search space and it is presented in the shadowed rows of table 4, where
"nopru” and " pru” stand for " no pruning” and " pruning”, respectively. Again, the results show that code—
motion pruning increases the density of high—quality solutions in the search space. They also show that
thetighter theresource constraintsare, the moreimpact has code—motion pruning. Thisresultscan beinter-
preted as follows. When resources are scarce, such asin cases (a), (b), () and (f), only asmall fraction of
the potential parallelism can be accommodated within the available resources and, as aconsequence, more
code motionsare pruned, sincethey would beinefficient. On the other hand, if resourcesare abundant, like
incases(c), (d), (g) and (h), most of the potential parallelism is accommodated by the available resources
and thereisno need to prune most code motions, asthey contributein the construction of high—quality solu-

tions.

Table 4 — The impact of code—-motion pruning on the density of optima

Sor | 26

@ [ [(© | [@ |6 (@ ]M

#alu 1 2 3 4 1 2 3 4
#mul 0 0 0 0 2 2 2 2
latency — 14 8 8 8 12 8 8 8
_ nopru | 1% | 1% |41% [45% | 1% | 2% | 31% | 34%
density |y | 419 | 16% | 629% | 629% | 25% | 16% | 45% | 45%
nopru | 26 17 1 09 | 09 | 24 17 17 | 14
pru 0713007 11111136 ]11 |11
alu: 1—cycle ALU; mult: 2—cycle pipd. multiplier
1 single—port look—up table

resources

CPU (s)

Since in the synthesis of ASICs or in the code generation for ASIPs we want to use as few resources
as possible, we are likely to observe, in practice, a huge unbalance between the potential parallelism and
the exploitable parallelism, which is constrained by the available resources. This fact justifies the use of

our code—motion pruning technique.
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In order to compare the impact of the different densities of optima on search time, we also measured
the averagetimeto reach agiven optimum. Herewe have emul ated akind of random search for the optimal
latencies shown in table 4. The average search times are reported under entry " CPU”. Results show that

code—motion pruning leads to a substantial improvement on search time under tight resource constraints.

9 CONCLUSIONSAND FUTURE WORK

This paper shows how scheduling and code motion can be treated as a unified problem, while optimal
solutions are kept in the search space. The problem was approached from the point of view of an optimiza-
tion process wherethe construction of asolutionisindependent from the exploration of alternatives. It was

shown how a permutation can be used to induce unrestricted code motions.

Once the presence of optimal solutionsin the search space was guaranteed by a better control over the
construction procedure, we have shown that a pruning technique can ease the optimization process by
exploiting constraints. Since control dependencies represent obstaclesto exploit parallelism, we might be
induced to violate them as often as possible. However, we conclude that control dependencies should also
beexploited, in combination with resource constraintsand datadependencies, in order to detect and prevent
inefficient code motions. Our way to cast the problem and the experimental results allow us to conclude

that such a code-motion pruning increases the density of high—quality solutions in the search space.

Even though this paper focuses on a problem related to the early phases of adesign flow, our construc-
tive method can accommodate some extensions. Asmany alternative solutionsare generated, itispossible
to extend the constructor to keep track of other issueslike register and interconnect usage, and the number
of states. Thoseissues could then be captured in the cost function. Thisis convenient especially inthelate

phases of a design flow, where optimization has to take several design issues into account.

Asfuturework, weintend to cast loop pipelining into our constructive approach. Loops could be easily
supported in our method with simple extensions, as they can be modeled with conditionals. Loops could
then be” broken” during scheduling and the back edges could berestored | ater into the state machine graph,
likein[5] and [15]. However, such extensionswould not allow exploitation of parallelism across different

iteration of aloop. For this reason, we prefer to investigate |oops as a further topic.
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APPENDIX I. Proof for the pruning technique

Theorem: Let Sy, beasolution of the optimization problem described in section 2.2. Assumethat S, was constructed
with algorithm 2 for agiven IT and let 0 be an operation assigned to BB j in Sy, Let 6 be [delay(o)]. If asolution

S, is obtained by moving o from BB j into BB i and it allocates exactly ¢ extra cycle steps to accommodate the

execution of oinside BB i, then cost(S,) = cost(Sy).

Proof: Let I(K), L(K) € N be the schedule lengths of a BB K before and after the motion, respectively. Let P, Q,
R, Sbe BBsforming path p: P—Q—Rand path p: P—=S—R. Let |, and Ly, be, respectively, the schedule lengths
of path p, before and after motion.

a) o was assigned to Q and allocates 0 stepsinside P = L(P)=I(P)+0d

a.1) No operation assigned to R can be moved into the allocated steps

= L(R)=I(R), LY =I(9-0,L(Q)=I(Q-0=L = landLj = |;

a.2) Thereisan operation u assigned to Rwhich can be moved into the allocated steps. Asu depends or hasresource
conflicts with operations assigned to Q and S(topological permutation construction)

= L(Q) = I(Q)-0+ [delay(u)], L(S = 1(9-0+ [delay(u)], L(R) = I(R)-[delay(u)]

=L = landl = |

b) owas assigned to Rand allocates 0 stepsinsideboth Qand S
~L(Q =1(Q+0,L(9 =19+, LR = I(R-0=L = andlj = |,
c) owas assigned to Rand allocates ¢ stepsinside P = L(P) =(P)+d

As o does not depend but has resource conflicts with operations assigned to Q and S (topological permutation

construction)

=L(Q=1(Q, L =K, LR = I(R-0=>L = | andlj = |

For agiven I1, solution S, has path lengths greater than or equal to thosein S,. Asany generalized code motions
can be seenas” compound” code motionsbuilt out of these basi c code motions, and cost ismonotonically increasing,

we can conclude without loss of generality that cost(S,) = cost(Sy). O
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