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1.0 Introduction

One of the driving ideas behind MIRV is its ability to preserve high level informatio
about the source program. Control-flow constructs are not resolved to a set of labels
goto instructions but are preserved instead. The lack of arbitrary goto instructions in
language means that control-flow graph is always reducible and that the high level
MIRV constructs accurately describe the structure of the MIRV program.

The analysis and transformation steps during the optimization phase exploit the av
ability of the high level information. This means that instead of iterative data-flow a
ysis on basic blocks, one can perform structural dataflow analysis on the MIRV
program. Unlike in many other compilers, the high level structure does not have to
synthesized from the basic-block level since it is inherent in the representation.

The following sections describe the key ideas behind structural dataflow analysis a
provide examples of analysis steps that we have implemented.

2.0 Structural dataflow analysis

The smallest unit that is used for structural dataflow analysis is a statement. Unlike
iterative dataflow analysis where a unit of analysis is a basic block, statements do 
necessary imply a sequential path of execution. The control-flow characteristics of
statement are derived from its semantic meaning. Figure 1 on page 2 shows an ab
structured program graph.
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FIGURE 1. A portion of a structured program graph

While statements in the program graph define the control-flow characteristics of the
gram, expressions specify the data values that are accessed. All leaf expression no
the tree represent a variable access. Depending on the expression’s context the va
is read or written. The expression’s context is defined by the set of statements tha
found above it in the static program graph (in essence the expression’s context is 
inherited attribute whose value is computed during a traversal of the parse tree).

A crucial difference between structural dataflow and iterative dataflow analysis is tha
structural dataflow temporary variables need no be analyzed. In the structured gra
temporary values appear implicitly between expression nodes. However, temporar
have a unique characteristic that differentiates them from other variables; they are
ten exactly once and are read exactly once. This behaviour completely defines the
flow characteristics of the node (namely that it is written once and read once by its
neighbors in the graph) so that these values need not be included in analysis steps
means that there is less work to perform using structural dataflow analysis than in 
more traditional iterative analysis on basic blocks of triples.

During dataflow analysis, the variable use or definition information is propagated u
the statement to which the expression belongs and the semantics of the particular
ment determines how the data is handled and how it is combined with data from o
portions of the graph. Figure 2 on page 3 illustrates the statements that can be use
MIRV program. We are still working on an appropriate jump table (switch statemen
implementation, so that is not yet included in the diagram.

The dark circles in the graph represent statements and the lighter nodes represent expressions. The st
nodes correspond to a high level construct such as an if statement or while statement. Statements may
statement lists or expressions. The structure of the graph does not correspond to the control flow of the
gram but rather to the operators of the language and their arguments.
2 of  19 Optimization of MIRV Programs
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FIGURE 2. Structural units (statements)

The destAfter and destBefore constructs are peculiar to MIRV. These constructs re
sents a branch target that can be the destination of a gotoDest instruction from wit
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The above diagrams illustrate the layout of the structural units in MIRV. The pictures on the left in each 
rant show the structural layout while the pictures on the right show the control flow behaviour of the spec
construct. All entry and exit points to/from the statements are marked explicitly on the control-flow grap
Optimization of MIRV Programs 3 of 19



Web analysis

rary

ow

cify
n can
node.
e to

ct

ari-
 a
old

n dis-
rsec-
hows
 for a
iler

ain
od-
a-
the body of the “dest” statement. This allows one to break out from code at an arbit
level of nesting in a similar way to a labeled “next” or “continue” instruction in Perl.
The structure of this instruction was chosen to be easy to use for structured datafl
analysis.

In order to be able to perform a particular data-flow analysis problem, one must spe
how the statements handle the dataflow information passed to them. This operatio
be described in terms of inherited and synthesized attributes at a given statement 
The following descriptions of dataflow problems all specify what computations hav
be performed by a given statement.

3.0 Web analysis

In order to be able to do a good job at register allocation one must be able to colle
information about the liveness ranges of individual variables. Live variable analysis
seeks to determine the range of instructions in the program during which a given v
able is alive. The number of concurrent variables that are alive at the same time at
given point in the program determine the number of registers that are needed to h
these values.

Web analysis takes this analysis a step further and attempts to distinguish betwee
joint liveness ranges (called webs) of a given variable. A web is defined as the inte
tion of def-use chains of a variable that have a use in common. Figure 3 on page 5 s
two webs associated with a single variable. In essence a web defines a new name
variable that is referenced in a set of uses and definitions, thereby giving the comp
the ability to make allocation decisions at a finer granularity.

The iterative version of web analysis relies on live variable analysis as well as du-ch
information. However, webs can be determined in a simpler way by using a simple m
ified live variable analysis algorithm if structural dataflow is used; the def-use inform
tion is implied by the structure of the graph.
4 of  19 Optimization of MIRV Programs
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FIGURE 3. Liveness ranges of a variable

In order to explain how structured web analysis works, live variable analysis is first
lined.

3.1 Live variable analysis

This analysis seeks to determine which variablesmay be live at any given point in the
program. A variable is live at a particular point if there is a path in the control-flow
graph of the program between a definition and the exit along which the variable’s va
may be used before redefinition. Both the iterative and the structural dataflow vers
of the algorithm rely on backward dataflow analysis. Live variable analysis is a bac
ward-may problem.

3.1.1 The iterative algorithm
The program is represented as a control flow graph, where the nodes are basic-bloc
instructions.

The first pass of the algorithm calculates the DEF and USE sets for every basic bloc
the graph. This is strictly a local analysis, where the DEF set corresponding to a b
block contains all variables that are defined (assigned to) in that block. The USE s

a = x + y;

if (c) {

z = a + 1;

a = y * a;

}

z = a;

a = r * t;

y = a;

Web 1 for variable a.

Web 2 for variable a.

This figures illustrates two webs associated with the variable “a”.  The arrows in the two halves of the p
connect the variable definitions to their uses. The two webs (by definition) are independent of each othe
cation decisions for variable a in the two webs (a1 and a2) can be made independently of each other. In essen

a1 and a2 are completely different variables. The fact that the programmer used to same variable name f

them is incidental.
Optimization of MIRV Programs 5 of 19
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contains all variables that are locally exposed uses of variables (i.e. uses of variab
whose definition comes from the outside of the basic block).

Calculation of the IN and OUT sets is performed as a succession of iterations over
control flow graph until the sets reach a steady state (The IN sets stops changing)
algorithm starts from the last basic block of the control flow graph and setting the O
set of the last node to be the empty set. The following two equations are applied to e
instructions of the basic blocks in the graph as all the nodes are traversed from ba
front:

(EQ 1)

3.1.2 The structural algorithm
Unlike in the iterative algorithm, a USE of a variable is simply any reference to the v
able, since all use of a variable on a structured graph is a locally exposed use. Also

TABLE 1. Live variable analysis algorithms

Statement IN

assign

Sequence

Visit all statements in the sequence in reverse order.

Set the OUTn set for statement n to be INn+1 (if n + 1 > number of

elements in the sequence, then OUTn = OUT.

destAfter

destBefore Iterate over the body once more.

gotoDest

if

IN i( ) OUT i( ) DEF i( )–( ) USE i( )∪=

OUT i( ) IN j( )
j Succ∈
∪=

IN OUT DEF–( ) USE∪=

IN IN1=

IN INbody=

SAVEDestID OUT=

SAVEDestID INbody=

IN INbody=

IN OUT SAVEDestID∪=

OUTbody OUT=

OUTcond INbody OUT∪=

IN INcond=
6 of  19 Optimization of MIRV Programs
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as in the iterative version of this algorithm, a definition of a variable is always in the
DEF set.

Table 1 on page 6 shows the process of performing structural live variable analysis.
table contains an algorithm corresponding to each statement in the language that 
lates the IN set. The algorithm is best written in terms of synthesized and inherited
attributes. The current notation may be a little hard to read, please follow the follow
rules:

• The OUT set refers to the current statement’s OUT set. This set is an inherited
attribute that gets passed down to the statement during the tree traversal.

• Assignment to OUTsubscriptmeans that a set of data is being passed down to the p
of the statement identified as the subscript. This operation refers to the passing
inherited attribute to a statement at a lower level.

• Referring to INsubscripton the right hand side implies the evaluation if the stateme
identified by the subscript. The value of INsubscriptis the set synthesized by evaluated
statement.

ifElse

doWhile
Repeat the previous steps once.

while
Repeat the previous steps once.

TABLE 1. Live variable analysis algorithms

Statement IN

OUTifBody OUT=

OUTelseBody OUT=

OUTcond INifBody INelseBody∪=

IN INcond=

OUTcond OUT INbody∪=

OUTincr INcond=

OUTbody INincr=

OUTinit INbody=

IN INinit=

OUTcond OUT INbody∪=

OUTincr INcond=

OUTbody INincr=

OUTinit INincr=

IN INinit=
Optimization of MIRV Programs 7 of 19
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Note, that structural analysis does not entirely eliminate iteration from the algorithm
some cases one must traverse a subgraph multiple times.

Once the IN and OUT sets are computed for a given statement, the two sets are a
ated with the appropriate statement node. This step is not shown in the previous ta
since it is always done the same way, at the end of each computation step.

3.2 The structural web creation algorithm

Given the structural version of live variable analysis, it is easy to modify it to get th
web information. The only modification that needs to happen is an addition of a pr
serve set into the IN equation.

(EQ 2)

The PRES set (preserve set) of a given statement contains variables that should n
taken out of the OUT set, even if they were defined in the statement. Since all the 
ables in the PRES set are also contained in the OUT set of the given block, the equ
can be rewritten as:

(EQ 3)

The preserve set causes the meaning of the IN set to be redefined. It will contain a n
of a variable even if it is redefined by the current statement, if the current statemen
conditionally executed.

TABLE 2. Web analysis algorithms

Statement IN

assign

Sequence

Visit all statements in the sequence in reverse order.

Set the OUTn set for statement n to be INn+1 (if n + 1 > number of

elements in the sequence, then OUTn = OUT.

destAfter

destBefore Iterate over the body once more.

gotoDest

IN i( ) OUT i( ) DEF i( ) PRES i( )–( )–( ) USE i( )∪=

OUT i( ) IN j( )
j Succ∈
∪=

IN i( ) OUT i( ) DEF i( )–( ) PRES i( ) USE i( )∪ ∪=

IN OUT DEF–( ) PRES USE∪ ∪=

IN IN1=

IN INbody=

SAVEDestID OUT=

SAVEDestID INbody=

IN INbody=

IN OUT SAVEDestID∪=
8 of  19 Optimization of MIRV Programs
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When no addition is specified to the preserve set, then the existing contents of the
serve set are passed down to a node below.

if

ifElse

doWhile
Repeat the previous steps once.

while

Repeat the previous steps once.

TABLE 2. Web analysis algorithms

Statement IN

PRESbody OUT=

OUTbody OUT=

OUTcond INbody OUT∪=

IN INcond=

PRESifBody OUT=

OUTifBody OUT=

PRESelseBody OUT=

OUTelseBody OUT=

OUTcond INifBody INelseBody∪=

IN INcond=

OUTcond OUT INbody∪=

OUTincr INcond=

OUTbody INincr=

OUTinit INbody=

IN INinit=

PRESbody OUTbody=

OUTcond OUT INbody∪=

OUTincr INcond=

PRESincr OUTincr=

OUTbody INincr=

OUTinit INincr=

IN INinit=
Optimization of MIRV Programs 9 of 19
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In order to find the webs in the program, all one has to do after marking up the gra
with the IN/OUT information is to traverse the graph once more and compare the O
set of the current statement with the IN set of the following statements. If the next IN
contains a variable that is not in the current OUT set, then a new web is created. O
other hand if the current OUT set contains a variable that is not in the next IN set, th
web is destroyed.

4.0 Structured Reaching Definition Analysis

The reaching definition dataflow problem is aforward-may problem.  The propagation
of the dataflow information proceeds in a forward direction because the OUT sets 
each structure are calculated from a function of the IN, GEN and KILL sets.  It is a
“may” problem because a definition appearing in IN is only killed if it can be proven
that the definition cannot reach the end of the structure.  For example, in an if-else
struct, the definition must be killed in both the then and else clauses for it be killed
within the if-else structure.

MIRV is a structured intermediate form.  Thus structural dataflow analysis maps na
rally onto the internal representation used by the compiler.  This structural analysis
occurs in two phases. First, the GEN and KILL sets for each structure are built from
GEN and KILL sets from child structures.  Then (in the case of forward problems),
IN set presented to a structure is propagated down to and through the child structur
produce an OUT set for the high-level structure and its child structures.

The first uses a static set of equations for each structure type to produce the GEN
KILL sets for each structure as it is encountered by the analyzer.  That is, given a 
GEN and KILL sets for its child structures, the GEN and KILL sets for the parent str
ture can be computed. For example, analysis of a MIRV if-else structure involves th
child nodes: the condition, then clause and else clause. Reaching definition analys
such a structure uses the following equations:

(EQ 4)GENif GENcond KILLthen KILLelse∩( )–( ) GENthen GENelse∪ ∪=
10 of  19 Optimization of MIRV Programs
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Block statements use an iteration of the classicsequence structural equation ([1]).  The variable n denotes th
number of statements in the block structure.  Assignment statements produce the base GEN and KILL

Table 3 lists the GEN and KILL equations for each type of MIRV structure. Due to t
changing nature of the MIRV language, analysis was not implemented for switch a
case statements.

TABLE 3. Pass 1 Reaching Definition GEN and KILL Equations for MIRV Structures

Type GEN
KILL

destBefore

destAfter

block

if

ifElse

while

doWhile

assign

KILLif KILLcond GENthen GENelse∪( )–( ) KILLthen KILLelse∩( )∪=

GENDB GENblock=

KILLDB KILLblock=

GENDA GENblock=

GENDA GENblock=

GENblock GEN1 GENi KILLi 1+–( )
i 2=

n 1–

∪ GENn∪ ∪=

KILLblock KILLi GENi 1+–( )
i 1=

n 1–

∪ KILLn∪=

GENif GENcond GENthen∪=

KILLif KILLcond GENthen–=

GENif GENcond KILLthen KILLelse∩( )–( ) GENthen GENelse∪ ∪=

KILLif KILLcond GENthen GENelse∪( )–( ) KILLthen KILLelse∩( )∪=

GENwhile GENinit KILLcond–( )
GENbody KILLincr KILLcond∪( )–( ) GENincr KILLcond–( ) GENcond∪ ∪

∪=

KILLwhile KILLinit GENcond–( )
KILLbody GENincr GENcond∪( )–( ) KILLincr GENcond–( ) KILLcond∪ ∪

∪=

GENdo GENinit KILLbody KILLincr KILLcond∪ ∪( )–( )
GENbody KILLincr KILLcond∪( )–( )
GENincr KILLcond–( ) GENcond

∪
∪

∪

=

KILLdo KILLinit GENbody GENincr GENcond∪ ∪( )–( )
KILLbody GENincr GENcond∪( )–( )
KILLincr GENcond–( ) KILLcond

∪
∪

∪

=

GENassign

KILLassign
Optimization of MIRV Programs 11 of 19
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After computing the GEN and KILL sets for all structures in the code, the second p
propagates this information through the structure to the child nodes.  It is importan
keep the order of execution in mind. In the if-else structure, the IN set to the if struct
must be propagated through the condition, whose OUT set becomes the IN sets o
then and else clauses.

This operation is shown in Figure 4 for a MIRV if-else statement. The high-level if-e
statement is represented by the top oval.  The bottom three ovals, from left to right
resent the condition checked, the then statement and the else statement.  Informa
into the if-else is propagated to the condition node, where an OUT set is calculate
This OUT set becomes the IN set for the then and else clauses, each of which com
an OUT set.  The OUT set for the entire structure is computer in terms of the IN se
the structure and the GEN and KILL sets computed for the structure in pass 1.

FIGURE 4. Pass 2 Structural Analysis of an IF-ELSE Construct

Pass 2 is slightly more complex for loop structures. In the case of a loop, iteration m
be performed to get the final OUT set for the loop.  For example, in a while statem
any OUT from the increment statement must be fed back into the IN of the conditio
expression and the calculations re-run until a fixed point is reached. A similar opera
must occur for a gotoDest within a destBefore statement, as the goto defines a loop
in the graph.

GENif

KILL if

OUTif

INif

GENcond

KILL cond
OUTcond

INif

GENthen

KILL then

OUTthen

INthen

GENelse

KILL else

OUTelse

INelse

IF-ELSE

COND

THEN ELSE

Dataflow information is propagated through the condition node and down the IF-ELSE tree to the then ae
child nodes, where the OUT set is computed for each child.  The OUT set for the entire IF-ELSE structuc
puted from INif , GENif and KILLif .
12 of  19 Optimization of MIRV Programs
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TABLE 4.

Type OUT Computation

gotoDest

destBefore

Iteration Start

Iterate until a fixed point is reached

destAfter

block

if

ifElse

while

Iteration Start

Iterate until a fixed point is reached

OUTGD INGD KILLGD–( ) GENGD∪=

SAVEdestID OUTGD=

INDB INDB SAVEdestID∪=

INbody INDB=

OUTDB INDB KILLDB–( ) GENDB∪=

INbody INDA=

OUTDA INDA KILLDA–( ) GENDA∪=

INi INblock=

i stmtblock{ }∈( )∀ INi INi 1–= OUTi INi KILLi–( ) GENi∪=,;

OUTblock INblock KILLblock–( ) GENblock∪=

INcond INif=

INthen OUTcond=

OUTif INif KILLif–( ) GENif∪=

INcond INif=

INthen OUTcond=

INelse OUTcond=

OUTif INif KILLif–( ) GENif∪=

INinit INwhile=

INcond OUTinit OUTincr∪=

INbody OUTcond=

INincr OUTbody=

OUTwhile INwhile KILLwhile–( ) GENwhile∪=
Optimization of MIRV Programs 13 of 19
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The equations presented here use similar notations to those in Table 2.  The SAVE set for the gotoDes
ment allows the back edge from a gotoDest to the head of a destBefore block to be iterated over.

Table 4 describes the operation of reaching definition pass two.  Propagation down
tree is implied by assigning the IN set of a child node to be the IN set of the parent no
or the OUT set of a previous node in a sequence.  This sort of assignment implies
recursive descent through the MIRV tree.

Once reaching definitions have been calculated, it is useful to construct DU and U
chains.  Having these chains greatly simplifies many transformations, including loo
induction variable strength reduction. These chains are surprisingly easy to implem
For DU chains, one simply examines the definition IN set at each statement.  For e
definition in the set, all uses of variables in the statement are added to the chain for
definition.  In fact, it is simpler than that.  There is no reason to walk through a bloc
structure and keep track of definitions as they are generated and killed. Every state
within the block has a reaching definition IN set associated with it.  Only the leaf st
ments and expressions (in the case of branch conditions) in the MIRV tree need to
considered.  Building UD chains requires a similar approach.

For both DU- and UD-chains, having a two-pass dataflow system works quite well.
While walking through the MIRV tree, each statement can be annotated with a US
attribute listing the unique uses corresponding to its source variables.  Since there
concept of killing USE attributes, the “pseudo-dataflow” algorithm simply takes the
union of child node USE attributes to be the USE attribute GEN set for the parent 
ment. This occurs in the first pass. Since no USE attributes are ever killed and DU-
UD-chain construction is only concerned with USE attributes at a particular statem
(the GEN set), it is not necessary to run the second propagation pass. This can spe
DU- and UD-chain computation, because we can identify large blocks of statements
contain no uses of interest.

doWhile

Iteration Start

Iterate until a fixed point is reached

assign

TABLE 4.

Type OUT Computation

INinit INwhile=

INbody OUTinit OUTcond∪=

INincr OUTbody=

INcond OUTincr=

OUTwhile INwhile KILLwhile–( ) GENwhile∪=

OUTassign INassign KILLassign–( ) GENassign∪=
14 of  19 Optimization of MIRV Programs
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5.0 Loop Induction Variables and Strength Reduction

A loop induction variable is a variable whose values follow an arithmetic sequence
within the loop ([1]).  For example, in the code

for(i = 0; i < 10; i++) {

j = 2*i + 1;

a = j;

}

both i and j are loop induction variables. The sequence followed by i is {0, 1, 2, 3, ..
Variable j follows a sequence {1, 3, 5, 7, ...} that depends on i and is thus called adepen-
dent induction variable. Variable i is abase induction variablebecause its values do not
depend on the values of any other variables.

Strength reduction can be applied to transform the multiplication of i into an addition
j. The idea is to discover the relationship between i and j and exploit that relationshi
increment j whenever i is incremented.  The above loop can be transformed to the
lowing:

i = 0;

tj = 2*i + 1;

tk =

for(; i < 10;) {

j = tj;

a = tj;

i++;

tj += 2;

}

The multiplication has been copied outside the loop, and has been changed to add
within the loop.  As will be demonstrated shortly, the replacement of j by tj in the
assignment to a is critical in the MIRV compiler. The strength reduction transformat
is only valid if j maintains the same relationship to i along all paths through the loo
This means that if j is defined in one branch of an if-else statement, it must be define
the same relationship to i in the other branch.  There is also the possibility that i is
fined in the loop, it which case i may be split into two variables and the correct relat
ships to dependent induction variables can be determined.

When identifying induction variables, there is a trade-off between speed and simplic
Take the following example:

for(i = 0; i < 10; i++) {

j = 2*i;

k = 2*j + 3;

}

Variable j is dependent on i, and k is dependent on j. Muchnick presents an algorith
discover the relationship between k and i in the same pass as the relationship betw
Optimization of MIRV Programs 15 of 19
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and i is discovered.  However, determining that k is indeed an induction variable
requires some extra analysis.  Two additional rules must be enforced: there can be
assignments to j from outside the loop that reach its use in the definition of k.  This
happen if k is defined in an if statement.  Furthermore, there must not be any assig
ments to i between the assignment to j and the assignment to k.  If there were, it m
destroy the j-k relationship.

In the MIRV compiler, a simpler, iterative approach is taken.  In the first pass throu
the loop, base induction variables and induction variables immediately dependent o
base are identified. The strength reduction transformation is performed, generating
poraries for the dependent variables.  These temporaries then become base induc
variables in the second pass through the loop, at which point we can find induction
ables based on them, which are exactly the variables that were dependent on the 
pass dependent induction variables.  This eliminates the two extra checks above,
because there is no “second-order” relationship to disrupt.

As an example, consider the code above.  After the first iteration, j is discovered to
dependent on i and strength reduction is performed:

i = 0;

tj = 2*i;

for(; i < 10;) {

j = tj;

k = 2*tj + 3;

i++;

tj += 2;

}

During the second pass, tj is discovered to be a base induction variable, with k dep
dent on it.  A second run of the  transformation results in the following code:

i = 0;

tj = 2*i;

tk = 2*tj + 3;

for(; i < 10;) {

j = tj;

k = tk;

i++;

tj += 2;

tk += 2;

}

To handle the requirement that induction variables appearing in one half of an if-el
construct must also appear in the other half with the same equation, “pseudo-data
can be used.  Recall that pseudo-dataflow (running only the first pass of the gener
dataflow algorithm) was used to construct USE sets used by the DU- and UD-chain
structors.  Here, the first pass verifies the if-else induction variable requirement.  T
GEN set of an if-else contains only those variables in both branches that have the
16 of  19 Optimization of MIRV Programs
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induction equation.  This is done by intersecting the GEN sets of the then and else
clauses.  This approach also solves the nested if problem.  A while statement simp
takes the union of the GEN sets of its child nodes.  There is still a bug in the imple
tation.  When a dependent induction variable appears (with identical induction equ
tions) in both branches of an if-else construct, two different temporaries are used w
replacing the assignment to the dependent variable.  This will cause problems for 
later uses of the dependent variable, because one of the temporaries will be subst
for the use.

The variable splitting problem described earlier could also be handled by the one-p
dataflow.  A redefinition of an induction variable could be defined to kill the original
definition of that same induction variable in the loop. Members of the loop KILL set a
exactly those induction variables that need to be split.  This has not yet been imple
mented in the MIRV compiler.

Strength reduction also includes simple operations such as converting multiplies to
shifts and adds.  These were not implemented due to time constraints.

6.0 Future Work

In addition to the obvious need to make improvements to handle more cases, espe
the variable-splitting case, the following observations about the MIRV compiler fram
work were observed:

• The attribute system needs a complete overhaul.  Most of the ugliness in the cu
code (extra loops and so forth) are needed to keep the induction variable attribu
consistent with each other.  For example, when the definition of a dependent in
tion variable is replaced by an assignment from a temporary, that temporary nee
be used in every other replacement for definitions of the induction variable in th
loop.  This happens when the two branches of an if-else contain the same defin
of a dependent induction variable.  The code must loop through all the stateme
has recorded as defining this variable, note the temporary to be used, and store
updated attribute back into the attribute system. This is extremely time consumi
Previously, attributes had been unique to each construct, so storing values was
Now, communication must occur, and that is better handled through pointers.

• The dataflow engines can be generalized as was done in earlier projects. It shou
possible to write four major generalized algorithms: forward-may, forward-must
backward-may and backward-must. If a designer requires a different type of eng
it will have to be written from scratch, but the four major engines should cover m
of the need.

• The loop constructs are too complex. We originally thought that the incr and ini
fields of loops would be useful but we have not yet found a good use for them.

7.0 Appendix

The following pages present sample output from the MIRV reaching definition and
strength reduction passes. Because the textual representation of MIRV is quite ver
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it was necessary to keep the datasets small. Reaching definition data set one simp
ifies that the algorithm is correct for a simple for loop. The output includes the DU a
UD chains computed.  Strength reduction data set one is a simple test of basic fun
ality.  Data set two illustrates the if-else bug described above.  The final data set ill
trates multilevel induction variable dependence (k depending on j which depends o
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