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Abstract compiler need only examine the functions contained within

a single file and only then examine multiple functions si-
Many software engineering tools such as program slicers multaneously when advanced optimizations such as inlin-
must perform data-flow analysis in order to extract nec- ing are desired. In contrast, a program understanding tool
essary information from the program source. These tools needs to perform a global, interprocedural (whole-program)
typically borrow much of their implementation from opti- analysis of the system, for it is understanding the interpro-
mizing compilers. However, since these tools are expecteccedural flow of data that is most difficult for an engineer.

to analyze programs in their entirety, rather than functions  ypjike compilation, program understanding tasks are in-
in isolation, the time and space performance of the data- tgractive, and an analysis such as slicing is often applied
flow analyses are of major concern. We present teCh”'queﬁterativer to answer a programmer’s question about the
that reduce the time and space required to perform data- program. For example, a programmer may need to per-
flow analysis of large programs. We have used these techoym several slices with different slicing criteria, incor-

niques to implement an efficient program slicing tool for C porating the knowledge gained from previous slices (e.g.,
programs and have computed slices of programs with moreyhjch functions were included in the slice). Thus, a whole-
than 100,000 lines of code. program analysis tool must perform analyses quickly in or-

der to answer effectively many of the questions posed by

programmers and designers.

1. Introduction These differences become apparent when whole-

program analysis tools are used on large systems (i.e., sys-
tems with at least 10,000 lines and typically more than
. . . ,100,000 lines of code). The running time and space re-
A variety of semantic tools have been proposed to assist . - . ]

quired for many traditional interprocedural compiler algo-

the software engineer in understanding a system. Exam-rithms mav be prohibitive for a larae oroaram. especiall
ple tools include program slicing tools [3, 10, 18], invariant Y P ge program, €sp y

. : in an interactive context such as software maintenance.
checkers [16], and static assertion checkers [12]. For exam-

. . For example, the size of the program dependence graph
ple, a (forward) program slicer helps determine the effects ;
; PDG) [7], a common program data-flow representation, can
of a proposed change by computing the set of statement drati i the size of th d i
that might be affected by the value of a given variable. By —c J-& ratic or greater in the size of the program (depending
9 y 9 - oY pn the handling of pointers). The cost of constructing the

definition, th.ese tools need to gnderstand the semantics o DG for a moderately sized program such as the 100,000-
the system in order to determine the possible values an({

) . ine GNU C compiler Gcc) will exceed the main memory

states of program variables that are of interest to the soft- : .
. and often the virtual memory of most desktop machines.
ware engineer. Consequently, most program understand-

ing tools borrow insights, algorithms, and techniques from  Unfortunately, large systems such@sc are precisely

compiler technology and in particular from data-flow anal- the systems that could benefit the most from these auto-
ysis [1]. mated program understanding tools. As a system increases

However, the scope, extent, and context of program un-in Siz€, engineers struggle to maintain and improve the

derstanding tools differs greatly from those of a compiler. A modularity of the system and the cohesiveness of the indi-
vidual modules. In the end, they invariably fail because of
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the complexity of the task, and the structure of the systemnificantly improve performance of whole-program analysis
degrades until design decisions are no longer localized totools. For example, by factoring the data-flow sets accord-
a single module. Consequently, global modifications musting to storage class, significant space can be saved, and
now be made to incorporate a single change and the engithereby significant time can be saved by avoiding use of
neer requires global, rather than local, knowledge to suc-the slower portions of the virtual memory hierarchy. As a
cessfully implement a desired change. The complexity of case in pointgcc could not be analyzed without such fac-
future changes may be exponential in the number of pasttorization because the data-flow sets alone would require
changes made to the system [14]. Such complexity necessiover 10GB of space. In this paper, we examine several im-
tates the use of automated tools to combat it. Finally, large plementation techniques designed to improve performance
systems are also often written in an aggressive program-without unduly increasing the engineering complexity of
ming style and use sophisticated language constructs suclthe data-flow analysis:

as function pointers. The use of these constructs is typically
necessary to achieve good performance or to ease imple-
mentation. However, their use hinders program understand-
ing. For example, function pointers are commonly used
to implement efficient and simple dispatch tables. Large

1. Factoring of the data-flow sets themselves to match the
structure of the analysis can reduce time and space and
improve the understandability of the data-flow algo-

systems such ascc andEMACS [17], as well as smaller rithm itself.

systems likeBURLAP [8], make extensive use of function

pointers. 2. The visitation order of statements during analysis can
significantly impact the running time of the analysis.

1.2. Prior solutions In particular, a “for each basic block” approach to
traversing the control-flow graplcgg) is generally

One might argue that simply buying more memory, disk, faster than using a worklist. In addition, we have de-
and a faster processor could solve these problems, but this ~ veloped a hybridized iterative-worklist algorithm that
solution is not cost effective. The size of many modernsys- ~ Processes fewer blocks than the traditional algorithm.

tems is several times greater than thatafc and is always
growing. A project may also have many programmers re- 3. Selective reclamation of the data-flow sets during the

quiring such resources to perform analyses. analysis can dramatically save space without disturb-

Demand-driven techniques [2, 5, 11] have been proposed  ing its correctness or running time. This technique
as a solution to the problems of prohibitive time and space. is dependent only on the properties of the control-
Unfortunately, these techniques cannot be applied in many  flow graph and not on the particular data-flow analysis
cases. For example, pointer information is inherently global being performed, making it suitable for use in many
and cannot be computed easily on demand. In the C pro- tools.

gramming language [13], for example, all files must be an-

alyzed to account for the use of pointers in initializers for ) ) o
static variables, regardless of whether a file contains a func- W& have used our techniques to implement a slicing
tion that might be reachable during subsequent data-flowt00! for C programs called Sprite, which is part of the
analysis. Data-flow analyses such as program slicing are! CARIA @ndPONDERI[9] packages. We evaluated our tech-

not locally separable and therefore cannot be precomputeddues by using Sprite to compute backward program slices
and stored efficiently. of three large programs. Program slicing was chosen as

the data-flow analysis because it is nontrivial and widely
known. It has become an archetype of program analysis
for software engineering. Because of factorization, slicing
large programs is now possible. Using our other techniques,
Although demand-driven and memoization teChniques program slices of |arge programs suchasc can be per-
can be adapted to work on large systems, the effort is of-formed orders of magnitude faster and require 2—-3 times
ten insufficient and difficult to implement. Consequently, a less space. In the fo||owing sections, we present a brief
multifaceted approach that aims at improving performance packground on the data-flow analysis necessary for back-
at all levels of the analysis, both “macro” and “micro”, is  ward program slicing, describe each of our implementation

required. Indeed, small improvements at lower levels aretechniques in detail, present our results, and conclude with
often magnified by an order of magnitude or more when the jdeas for future work.

total running time of the analysis is considered.
Examining wgll-knovyn, lower-level teqhmques such 8S  1poth of these packages are available for download via the Internet at
data-flow analysis, we find that subtle adjustments can sig-nttp://www.cse.scu.edu/-atkinson.

2. Approach




return from f () call to f()

Pexit = Pexit U P (1a) P = P UPentry (2a)
Dexit = DexitU (DiNS) (1b) Di = (Di — S)U (Dentry S) (2b)
Nexit = Nexit UN; U (Dj — S) (1c)
X 1=y X 1= *p
if X € B then if X € B then
D; = D; U{y} (3a) R=RU(xp-9 (42)
else if X € Dj then Di =DjU(xpNS)U{p} (4b)
Di = Di — {x} U{y} (3b) else if x € Dj then
R=RU(xp—-9 (4c)
Di =Di — {x}U(xpn S U{p} (4d)
*p o= X N = nonlocal local (automatic) variables of interest

D =variables of interest with killing definitions

P =local variables of interest with preserving definitions
S =all global (static) variables

* = points-to set of variable p

if kpN (DjUR UN;) # @then
Di =DiU{p,x} (5)

Figure 1. Data-flow equations for slicing in the presence of recursion and pointers to local variables.

Sets are subscripted with the program point to which they refer. Sets that are not subscripted are

the same for all program points. The current statement has program point i. Unless otherwise noted,
a set passes through a program point unchanged.

3. Background per statement (or basic block) are required. Finally,$he
set contains all static (global) variables in the program and

In backward program S“cing, a data-flow set representsis used to partition a set into its local and glObal Variasles.
the set of variables of interest (i.e., those variables for which This set is used to remove local variables from Bheet
we wish to find definitions). At each program poiBtrep-  across function calls and returns.
resents a data-flow set. At each assignment statement, some
set of variablesdefs are defined gnd a_noth_er set (_)f vari- 4 Data-flow set factorization
ables,uses are used. If some variable gefsis also inD
(i.e., of interest), then the killing definitions defsare re- _ _ . _
moved fromD andusesare added t® (and the statement If implemented naively, our data-flow equations require

is included in the slice). OtherwisB, remains unchanged.  three data-flow sets per basic block (i.e., there isDng,
In the absence of either recursion or pointers to lo- andN set per block). Given thaicc has 238,000 symbols

cal variables, interprocedural slicing is simple and well- and 120,000 blocks, a bit-set implementation of data-flow
understood. However, for a language such as C that pro-Sets would require over 168 (238,000symbolsx 120,000
vides both of these features, traditional data-flow analysesblocksx 3 sets / blockx 1 bit / symbol-- 8 bits / bytg of

may yield unsafe results. To overcome these problems, ourspace. A bit-set is implemented by consecutively mapping
analysis treats definitions of local variables that are refer- the elements of the input set onto the natural numbers. Each
enced through a pointer as preserving definitions [3]. Equa-number represents the bit position in a bit-vector, which is
tions for the data-flow analysis are shown in Figure 1. Suchonly long enough to contain its highest-numbered bit. An
local variables are “demoted” and a separate data-flow selementis a member of the set if and only if its correspond-
is required to maintain them. For example, a simple assign-ing bit in the bit-vector is set. A bit-vector representation
ment statement is handled using two cases, Equations 3&llows set operations such as union and intersection to be
and 3b. The former handles the case in whichas been  implemented efficiently using logical bit-wise operations.
demoted (because it was referenced previously through aHowever, such operations can only be performed across bit-
pointer), and the latter handles the more traditional case. ~sets with identical mappings (bit-numberings).

Furthermore, an additional séd, is required to model SinceN does not change while slicing a function, a sin-
the transitive closure of the program stack, but only for lo- gle N set can be used for all blocks of the function. Using
cal Yariables of interest. This set must be Checked Upon an 2We use the terniocal variableto mean arautomatic variablen C
aSSIQH.ment through a pointer defe_rence (Equatlon 5), Slr~|ce:“.imilarly, the termglobal variableshould be read astatic variable Sincé
the pointer may refer to a local variable that is currently out ¢ gyerioads the use of the “static” keyword, we use the terms local and
of scope but is on the stack. Therefore, three data-flow setsylobal variable instead.




D [ gobas ! locas temporaries \
P ‘ globals 3 locals : temporaries ‘
N ‘ globals 3 locals : temporaries ‘

Figure 2. A simple implementation of the data-
flow sets for our equations. The space re-
quired is approximately 6.7 GB for GCC even

temporaries for one function
v P!

D ‘ globals ‘ ‘ locals ‘ ‘ ‘ ‘ temporaries ‘
P ‘ globals ‘ ‘ locals ‘ ‘ temporaries ‘
N \ globals \ \ locals \ \ temporaries \

Figure 3. A better implementation of the data-
flow sets for our data-flow equations. The
sets are partitioned into their three distinct

if the N set is flow-insensitive. classes. Only the shaded areas of a set are

actually used at any given time.

this implementation, the space requirementssoc are re-
duced to approximately 6.8 (10 GB x %), still an unac- tioned into two classes to save space, as shown in Figure 4.
ceptable amount of space. This simple implementation isHowever, examining our data-flow equations, we see that
shown in Figure 2. the local variables of the andN sets must be operated on in
An analysis of the bit-sets revealed that they are typi- conjunction with those of thB sets (Equations 1c and 5 of
cally very sparse. Examining our equations, we see thatFigure 1). Thereforegxplicitly partitioning the local vari-
P andN contain only local variables, whil® contains lo- ables into two classes would complicate these operations.
cal variables, global variables, and generated temporariesSuch an implementation of the data-flow equations would
Also, temporaries cannot usually be the target of a pointerbe complicated by the need to combine the sets of target and
and therefore cannot be referenced out of scope. There are Bontarget locals into one set for any operation involving the
few cases where temporaries can be the target of a pointedocals from theD set. Given that all data-flow sets are im-
such as when a structure is returned from a function. Forplemented using bit-sets, this process could be complicated
these cases, we introduce a new type of temporary variabldf the various sets have different bit-numberings.
called aspecial which is treated as a local variable. The Rather than partitioning the local variables into two dis-
introduction of specials allows us to treat the vast majority tinct sets, we elected to keep them as one set. However,
of temporaries as though they could not be the target of asince the points-to analysis must be performed prior to data-
pointer. We therefore decided to partition the bit-sets into flow analysis, we know which local variables are target lo-
three distinct classes: global variables, local variables, andcals and which are nontarget locals. We can therefore easily
temporaries for each function, as shown in Figure 3. Dhe ensure that the target locals are assigned lower bit-numbers
set now consists of three bit-sets, but requires space to stor¢han the nontarget locals. This numbering ensures that the
only the global variables, local variables, and thaximum target locals are “packed” at the start of the bit-sets. Since a
number of temporarigger function If we assume for sim-  bit-vector is only long enough to hold its highest-numbered
plicity that the 220,000 temporaries are evenly distributed bit, this implementation gives us the space savings we desire
amongGccs 2,300 functions, the space requirements are without the implementation complexities of splitting the lo-
reduced to approximately 888, which is acceptable. cals into two bit-sets. Because programs often contain few
The set partitioning also improves algorithmic perfor- target locals, the space allocated for thandN sets is neg-
mance and eases implementation. The data-flow equation$igible as a result of our aggressive implementation.
of Figure 1 require that thB andP sets be partitioned into Finally, although this discussion has focused on factor-
their local and global variables components. Logically, this ization of the data-flow sets for backward program slicing,
partitioning is done using set intersections and differences.the principle of factorization applies to other data-flow anal-
With these components maintained as separate sets, the payses as well. For example, live-variable analysis, which
titioning operations are trivial. For example, rather than is used by optimizing compilers to determine the lifetime
computingD N Sto retrieve the global variables &, only  of variables, has data-flow equations very similar to those
the set of global variables d@ (symbolicallyD.globals) shown in Figure 1. Only the conditional checks of theet
need be retrieved, thereby changing@m) operation into  in the else clauses need be eliminated. Alternative imple-
anO(1) operation. mentations of our equations are also possible. For example,
Examining theP andN sets in even greater detail, we see reusing temporaries across functions or within a function
that they can contain only local variables that are pointed towould dramatically decrease the number of temporaries and
by some pointer variable. Since there are few of thamget would therefore change the data-flow set implementation.
locals, the locals of the® andN sets can be further parti- However, reuse of temporaries would also increase the size



y temporariesfor onefunction changed= true worklist := {start}

D ‘globals‘ ‘ locals ‘ ‘ ‘ ‘ temporaries ‘

while changeddo while worklist # @ do
P [gobas| [ ] | pr—r, | changed= false worklist:= worklist- {B}
g & for each block Rlo old := out[B]
- old := out[B] procesyB)
N [ gobas | [ ] || temporaries | procesB) if old 5 out[B] then
target locals 1 L nontarget locals if old # out[B] then for Pin pred[B] do
) ) . . changed=true worklist := worklist U {P}

Figure 4. Our final implementation of the data- end if end for

flow sets for our data-flow equations. The end for end if

local variables of the P and N sets are fur- end while end while

ther separated into target and nontarget lo- () (b)

cals. The slicing tool assigns the targetlocals ) S
lower bit-numbers than the nontarget locals Figure 5. Example pseudocode for visitation
to ensure “packing” of the bit-sets. algorithms: (a) the iterative search algorithm,

and (b) the worklist algorithm. The notation
out[B] refers to the output data-flow set of  B.

of the points-to sets since temporaries are often used to hold

the results of pointer arithmetic. _ o
(i.e., CFG node) is visited once. If any changes have oc-

curred, then each block is visited once again. This process

5. Block visitation order repeats until no further changes occur to the data-flow sets.
Typically, a depth-first or breadth-first search of ttweG is
5.1. Traditional algorithms used to visit all blocks exactly once in an iteration, with

depth-first search usually resulting in fewer iterations [1].

To perform data-flow analysis (e.g., reaching definitions,
program slicing, live-variable analysis), a compiler or pro- Worklist algorithm: In the worklist algorithm (Fig-
gram understanding tool propagates the computed data-flonure 5b), the blocks (i.e., nodes) to be visited are placed on
information along the edges of the constructae. The a worklist, which is typically implemented using a stack or
data-flow facts along the incoming edges of a node are com-queue. A block is removed from the worklist and visited.
bined into a single set that is then transformed according tolf any changes occur to the data-flow sets of the block, then
the data-flow properties of the node. The resulting set is all predecessors of the block (successors for a forward data-
then propagated along all output edges of the node. If theflow analysis) are placed on the worklist. The algorithm
CFGis reducible (e.g., the program does not contain any un-repeats until the worklist is empty.
structured jump statements) and the data-flow analysis sim-
ple enough (i.e., locally separable), then the data-flow in-
formation can typically be propagated fully in a single pass
over thecrG [1]. Otherwise, an iterative algorithm must
be used that propagates the data-flow information until n
further changes to the data-flow sets occur.

Figure 6 shows a program fragment and its associated
CFG, annotated with block numbers. Consider starting a
backward data-flow analysis at the return statement located
oatblockB6. An example visitation order fame iterationof

the iterative search algorithm would B&, B2, B1, B5, B4,
; ) andB3. For the worklist algorithm, @omplete visitation
Since the C language allows unstructured control-flow order might beB6, B2, BS, B4, B3, B2, BS, andB1. Unlike

and slicing is a nontrivial analysis, an iterative algorithm is he i 4 h aloorith h Wiist alqorith
required for data-flow analysis. The visitation order of the t.e. lterative searc _agont m, t € wor ISt algorithm can
visit a block many times before visiting other blocks. For

nodes does not affect the correctness of the algorithm, so

long as the data-flow information is fully propagated along ;Xf!mp'e’ bl_o_cksdBZ andB5 are visited twice before block
all edges until no more changes occur to the data-flow sets. IS ever V'S_'te o
The worklist algorithm tends to propagate or to “push”

However, the visitation order can greatly impact the per- ) = P -

formance of a specific data-flow algorithm. Two common the changed data-flow information immediately to those

visitation algorithms are used to perform data-flow analysis, P10Cks that require that changed information. In contrast,
the iterative search algorithm waits until the next iteration

as shown in Figure 5. . : .
overthe entire progranto push the information. Therefore,
we would expect the worklist algorithm to require less block
Iterative search algorithm: In the iterative search (i.e., visits and consequently require less time than the iterative
“for each basic block”) algorithm (Figure 5a), each block search algorithm.



function dfs(B)

1=0; Bl o )
visited:= visitedU {B}
while (i < n) { B2 ) )
if (sum > 20) if B € pendingthen
J=9+ 1 B3 old := out[B]
procesqB)
sum = sum + 1i; B4 pending:= pending- {B}
i=1+1; )
} BS if old # out[B] then
changed=true
. for Pin pred[B] do
t ; B6 return sum : -
e e D pending:= pendingu {P}
end for
. . end if
Figure 6. A program fragment and its anno- end if
tated CFG.
for Pin pred[B] do
if P ¢ visitedthen
dfs(P)
. . end if
However, the eagerness of the worklist algorithm may end for
in fact yield poorer performance for interprocedural analy- end function

ses. If the analysis is not fully context-sensitive [6], then
the nodes of a function are shared among the different calls
to the function. The worklist algorithm will converge the
function for each call (depending upon its implementation)
resulting in the nodes of a function being processed multiple
times and an increased running time. Although the worklist
algorithm may be a good choice for context-sensitive anal-
yses, for large programs context-sensitive analyses are nothe resulting hybrid search algorithm implemented using a
generally practical, which makes the worklist algorithm a depth-first search.
poor choice in our implementation in which each function In the hybrid search algorithm, a nodepicessedi.e.,
has its own worklisé the data-flow information computed) only if the data-flow
information of any of its successors (predecessors in a for-
ward analysis) has changed, as indicated bypéeding
set* However, each node is stillisited exactly once on
each iteration. Therefore, the hybrid algorithm retains the
The iterative search algorithm computes data-flow infor- “fajrness” of the original iterative search algorithm. That
mation globally on each iteration. The gIobaI nature of the is, a block is not processed again before any other pending
algorithm makes it a good choice when the data-flow in- pjock is processed eliminating the problem of multiple con-
formation is changing over a large portion of the program. vergence in the worklist algorithm. Although still requiring
However, on each iteration the entire program is analyzedthe same number of iterations and block visits as the itera-
even if the data-flow changes from the previous iteration aletjve search a|gorithm, the hybnd search a|g0rithm requires
localized. In contrast, the worklist algorithm computes the that less blocks be processed. Since processing the blocks
data-flow information locally and does not process a node (j.e., processing the statements within the blocks) consumes
unless required. the majority of the computation time, the hybrid algorithm
Ideally, we could like the iterative search algorithm to runs faster than the traditional algorithm.
process only those nodes that are required to be processed
on each iteration, rather than processing all nodes. To do so .
we need to determine the necessary condition for processinga' Data-flow set reclamation
a node. Fortunately, the worklist algorithm provides such a
condition. If the output set of a node has changed, then The iterative search algorithm guarantees that each block
the predecessors of that node need to be processed. We canthe program is visited exactly once before any block is re-
therefore easily modify the iterative search algorithm so that visited. Recall that the input data-flow set of a block is the
a node is processed only when necessary. Figure 7 showsonfluence of the data-flow sets on all incoming edges. In

Figure 7. Example pseudocode for the hybrid
search algorithm. A block is processed only
if it is pending.

5.2. The hybrid search algorithm

3Such an implementation matches the natural call-and-return structure  #In practice, it may be necessary always to process certain nodes such
of the program and eases implementation. One alternative implementationas function calls or entry and exit nodes, or to process all nodes on the
is to have a single worklist for all nodes, regardless of function. initial iteration.



a backward data-flow analysis, once all predecessors (suc-
cessors for a forward analysis) of a block have been visited,
then the data-flow set for the block itself will no longer be
needed by other blocks. Consequently, the data-flow set can
be deallocated.

However, the data-flow sets are typically used to deter-
mine whether the data-flow analysis should continue. For
example, in Figure 5a, the output set is used to determine
if another iteration of the iterative search algorithm is nec-
essary. We would therefore expect that we would be re-
quired to save the data-flow set. However, most data-flow
analyses are monotonic: the size of the data-flow sets is
either monotonically nondecreasing or nonincreasing. For
example, program slicing and reaching definitions are non-

function dfs(B)
ordered:= ordered- [B]
visited:= visitedU {B}
procesyB)

if size[B] # |out[B]| then
size[B] := |out[B]|
changed=true

end if

for Pin pred[B] do
if P ¢ visitedthen
dfs(P)
end if
end for
end function

@

for Bin ordereddo
before:= beforeu {B}
if B # entryand B # exitthen
reclaimable:= true

for Pin pred[B] do
if P € beforethen
reclaimable:= false
end if
end for

if reclaimablethen
delete(out[B])
end if
end if
end for

(b)

decreasing analyses (the data-flow sets never decrease in
size); computation of available expressions is a nonincreas-

ing analysis. Therefore, it is sufficient to compare $iee

of the data-flow sets rather than the actual sets themselves.
The size of a data-flow set can be preserved even if the set
is reclaimed.

If a depth-first search is used to visit all blocks, then the
maximum number of data-flow sets that need to be allocated
at any one time is proportional to the width of theg, re-
sulting in substantial savings in spatBy saving space, the
time required to perform the analysis will also be reduced

by avoiding the slower portions of the virtual memory hier- The hybrid search algorithm reduces the number of blocks

Figure 8. Example of data-flow set reclama-
tion: (a) a depth-first search algorithm that
also stores the visitation order, and (b) a
reclamation algorithm that uses the visitation
order to safely reclaim unneeded data-flow
sets. The notation a - [X] indicates the con-
catenation of the list awith the single-element
list containing  X.

archy. that need to be processed during an iteration. Therefore, we
would expect that the number of blocks that can be safely
Iterative search: Inour firstimplementation of thisrecla- reclaimed must also be reduced. A block can be reclaimed

mation approach, we found that it was cumbersome to keepduring the hybrid search algorithm if, in addition to being

a reference count on each block to keep track of the numberreclaimable during the traditional iterative search algorithm,
of its predecessors that had been visited. Consequently, wehe block will be processed on the next iteration. Requir-
chose a simpler implementation without reference counts:ing that the block be processed on the next iteration ensures
once the depth-first search of a called function is completethat the data-flow set will be available (i.e., computed) when
and all blocks have been visited, the data-flow set of eachneeded.

block (other than the entry and exit blocks) is deallocated

if all predecessors of the block were visited after the block \yoqist:  Whereas the iterative and hybrid algorithms are
itself was visited. Therefore, data-flow analysis with recla- driven strictly by the control-flow properties of the program

ma“?’” can ea.s[ly be done as a two-step process, '_n_Wh'Chand have the inherent property that all blocks will be visited
the first step visits each block and also stores the V'S'tat'onexactly once during each iteration, the worklist algorithm

order (Figure 8a), and the second step reclaims the datays yrjen more by the data-flow properties of the program.

flow sets of those blocks that meet the given criteria (Fig- rherefore, it can be difficult to predict when a data-flow set
ure 8b). Slightly more data-flow sets remain active at any will no longer be needed. In order to safely reclaim the

time than are minimally needed, but the implementation is data-flow set of a given block, we need to ensure that the

much simpler since reference counting is not needed. block will always be visited (and processed) before any of
its predecessors. This would guarantee that the data-flow
Hybrid search: Performing reclamation with the hybrid  set of the block would always be available when it is re-
search algorithm is slightly more difficult. Reclamation is quired by a predecessor. Therefore, we require that a block
based on the knowledge of which blocks will pecessed  (reverse) dominate its predecessors in order to be reclaimed.
before other blocks. In the iterative search algorithm, all Although not optimal (i.e., some data-flow sets will not be
blocks are processed on each iteration as they are visitedreclaimed when in fact they can be), this solution is sim-
5Although worst-case flowgraphs (e.g., grids) exist in which reclama- Pl€, and efficient algorithms for computing dominators in a
flowgraph are widely available [15].

tion is impossible, they do not occur in practice.



Lines of code _ CFe Sun UltraSparc 10 running Solaris 2.8 with 258 of
Beforecpp  Aftercpp | Time  Space

e 2692 6756 1.0 13 physical memory and 1.&68B of swap space. All slices
DIFF 9,836 21,844 21 4.2 were computed using data-flow set factorization and with
BURLAP 40,363 112,301 111 222 strong prototype filtering enabled. Section 4 presents statis-
EMACS 111714 244,328 302 471 tics supporting the use of factorization. Although Sprite
Gce 189,043 244,723 365  69.0 . " : .
supports computing context-sensitive slices, all slices per-
Table 1. Statistics for the programs used in formeq were context-insg_n§itive for maximum performar_me
the experiments. Time is given in seconds and since context-se_nsmwty has not been found to yield
and space in megabytes. All blank lines of substantially better slices [2, 4].
code have been removed. The measurements Table 2 presents statistics for performing several slices
for the CFG include the symbol table, pointer of our test programs. The slicing criteria are based on those
information, and other necessary data struc- used in other papers [3, 4] and to yield a variety of differ-
tures. ent sized slices. For all slices, we tried to choose variables

that might be selected by a programmer during debugging.
As expected, flow-set reclamation reduces the amount of
space required to perform the data-flow analysis. On av-
erage, reclamation reduces the space by 40%. The aver-
L ! e ages for the iterative, hybrid, and worklist algorithms are
fuon is based almost entirely on the visitation order of nodes approximately 60%, 17%, and 30%, respectively. The time
in the graph. The only requirement on the data-flow anal- ,erheaq due to reclamation is small for the iterative and

yi's ||tself 1S tha_t Ilt t;e monotonic. Thereforil, recI?mqtfn hybrid searches, but can be much greater for the worklist
should be possible for any monotonic data-flow algorithm algorithm, probably because of the need to compute and

(e.g., reaching definitions) that traversesdiein orderto  gy4re dominator information. For example, the worklist al-

compute a maximum fixed point solution. gorithm runs approximately 33% slower using reclamation
for Slice 5. However, the space savings can result in sub-
7. Results stantial net time savings of an order of magnitude or more
for large slices. For example, using reclamation, Slice 7
We expect that reclamation of the data-flow sets would is computed sixteen times faster using the iterative search
result in a significant reduction in the amount of space re- @lgorithm because the data-flow analysis now fits in main
quired to perform an analysis. We also expect that the hy-memory, eliminating paging overhead. Unfortunately, be-
brid search algorithm would be faster than the traditional c@use fewer blocks can be reclaimed using the hybrid search
iterative search algorithm and that the hybrid algorithm @lgorithm, the same analysis performed using the hybrid al-
would therefore be the algorithm of choice. The worklist 90rithm does not fit in main memory. As a result, the it-
algorithm would most likely not be practical on large pro- eratlye search algo_nthm V\_/lth reclama_non outpgrforms the
grams using our implementation, as discussed in Section 5 hybrid search_ algorlthm with reclamation for this slice. _In
To validate our hypotheses, we implemented a slicing fact, the 'hybrld algorithm actually runs much slower with
tool for C programs called Sprite based on our ideas. We reclamanon. W_e _suspect the additional memory references
chose five readily available, mature programs of varying Used in determining if a block should be processed result
sizes and complexities, whose sizes are given in Table 1IN @ greater number of page faults. Even Slice 6, which is
In particular,wc refers to thevc program from thesNU much smalle_r in size, is compqted faster with the |ter.at|ve
textutils package, version 2.Q)IFF refers to thediff segrch algorithm with reclamation, glthqugh the hybrid al-
program from theGNU diffutils package, version 2.0; gorithm does not perform as poorly in this case.
BURLAP refers to theourlap program from the FElt finite The hybrid algorithm results in approximately 20%
element analysis system, version 3.@bacsrefers to the  fewer block visits than the traditional iterative algorithm.
temacs program of theGNU Emacs editor, version 20.7; Unfortunately, on large slices where the savings would be
Gccrefers to thescl program of thesNu C compiler, ver- most beneficial, the smaller number of reclaimable blocks is
sion 2.7.2 for Solaris 2.8. a serious disadvantage. Finally, the worklist algorithm per-
Sprite correctly handles functions with a variable num- forms extremely poorly on large slices and is therefore not
ber of arguments and the effects due to library functions. Li- suitable except on small programs. The (possibly) nested
brary functions are handled by providing a skeleton for each convergence of the algorithm results in a substantially in-
function that correctly summarizes its effects. Signal han- creased running time and number of block visits. For ex-
dlers and thelongjmp andset jmp functions are not han-  ample, the worklist algorithm requires nine times as many
dled. All experiments were performed on an idle 440 MHz block visits as the iterative search algorithm for Slice 7. In-

As discussed, the algorithm for data-flow set reclama-



Program and Slice siz¢ Reclaim Iterative Search Hybrid Search Worklist
Slicing criterion sets? Blocks Time Spacel Blocks Time Space Blocks Time Space
1. wc 437 lines no 3,576 0.22 0.34] 2,963 0.19 0.34 3,736 021 031
wc.c:364:total_lines yes 3,576 0.27 0.25 2,963 0.22 0.30 3,736 0.33 0.29
2. DIFF 1,976 lines no 31,740 2.17 2.54] 25,199 1.82 2.54 52,326 3.46 2.45
diff.c:1071:val yes 31,740 2.68 1.55 25,199 2.09 2.29 52,326 4.93 1.92
3. Gcc 2,617 lines no 30,821 11.13 8.33 24,285 10.36 8.33 28,576 17.76 8.12
unroll.c:3085:const0_rtx yes 30,821 11.18 2.88| 24,285 10.40 6.87 28,576 19.33 5.31
4. BURLAP 2,709 lines no 43,038 6.48 6.04] 31,301 5.58 6.02) 185,451 18.33 5.92
matrixfunc.c:767:status yes 43,038 6.70 2.94) 31,301 6.13 5.11 185,451 23.93 4.40
5. BURLAP 12,336 lines no 162,070 34.83 23.78§ 135,729 3247 23.74 629,063 67.96 22.80
apply.c:243:result yes 162,070 30.71 10.4Q 135,729 36.75 18.83 629,063 90.12 14.73
6. EMACS 34,386 lines no 661,640 1793.68 208.42 564,149 1703.42 208.42 7,657,037 2596.02 188.71
alloc.c:1936:gc_cons_threshold yes 661,640 347.39 64.69 564,149 815.66 163.37 7,657,037 1886.61 115.89
7. Gcc 57,004 lines no 1,155,077 10103.60 316.04 870.448 6657.77 316.04 9,438,892 10625.77 299.40
sched.c:4964:reg_n_calls_crossed yes 1,155,077 622.50 84.70 870,448 8679.52 253.68 9,438,892 14933.10 181.25

Table 2. Statistics for various slices of the example programs using the different algorithms. The
number of blocks given refers to the number of blocks processed. Time is given in seconds and

space in megabytes, both of which are for the computation of the slice itself. Build time for the CFG
is given in Table 1.

terestingly, the time for the slice does not increase substan-8. Conclusions and future work
tially, which we believe may be due to the worklist algo-
rithm exhibiting better reference locality since it converges

Although a variety of semantic tools have been proposed
locally, rather than globally.

to aid the software engineer in understanding a system, few
An unexpected result, not shown in Table 2, is that the are p(actical to use on large systems, especially in an in-
worklist algorithm computed slightly more precise (i.e., ‘efac“"e coqtext such as software maintenance. D_e_mand-
smaller) slices in six of the seven slices shown. (The slice driven techniques solvg SOme, _bUt not all, of thg eﬁ'C'en?y
size reported in Table 2 is for the iterative and hybrid algo- concerns and can be difficult to implement, poss_zlbly requir
rithms, which always compute identical slices.) On aver- Ing too many changes_, _to the tool to be worthvyhlle.
age, the worklist algorithm computed slices that contained We proposed mod|f|cat|gns to the underlying Qata—flow
1% fewer lines. We attribute this decrease to the fact that"’m""lyse_S that are easy to implement and can yield a sub-
the worklist algorithm converges locally, rather than glob- stan't|al improvement in performgnce. In particular, recla-
ally, and hence can be slightly more precise with regard to mation of the data-flow sets during data-flow analysis and

interprocedural calling context. factoriza’_[ion of_the glata-flow sets themselves can re;ult in
substantial savings in space and therefore also result in sub-
For example, consider@rGin which two functionsa () stantial savings in time by avoiding the slower portions of
ands (), call functionc (). During analysisa () will place the memory hierarchy.
data-flow information at the exit statementafi and will To validate our hypotheses, we constructed a program
collect information from the entry statement@f). Later, slicing tool for C programs and performed several slices of

B() will perform a similar set of operations and, in the ab- well-known programs. Factorization of the data-flow sets
sence of context-sensitivity, will therefore collect informa- makes it possible to compute slices of large programs. Our
tion relevant from not only its own call to() but froma()’s results indicate that flow-set reclamation can yield a signif-
call toc() as well. On the next iteration of the iterative icant reduction in the space required to perform the data-
search algorithnm () will collect information relevanttoits  flow analysis. As a result, many analyses now can be con-

own call toc (), but also fromg()’s call toc () on thepre- tained in main memory, thus avoiding use of the virtual
vious iteration However, using the worklist algorithm, the memory system. Consequently, these analyses run an or-
data-flow sets of () are fully converged upon()’s initial der of magnitude or more faster than analyses ran without
call. Consequently, () will not need to collect information  flow-set reclamation.

from c () on the “next iteration” (in fact, the worklist algo- We also presented a new algorithm for visiting the nodes

rithm has no explicit iterations) and will therefore not see of a flowgraph, called the hybrid search algorithm. Al-
the effects ofe ()’s call toc(). Therefore, an increase in though the hybrid algorithm results in 20% fewer block
precision may result. visits, much less reclamation can be performed during the



analysis. Consequently, the traditional iterative algorithm
with reclamation is a better choice than the hybrid algorithm
with reclamation for large programs. More investigation is

needed to determine why the worklist algorithm performed
poorly. One possible area would be to change the imple-
mentation of the worklist algorithm so a single worklist over

all nodes was used, rather than one worklist per function,

(8]

(9]

thereby possibly eliminating the nested convergence behav-[lo]

ior.

An interesting direction for future work would be for the
slicing tool to heuristically determine the best algorithm to
use. The tool could use the size (e.g., number of symbols
and functions) and structure (e.g., nesting depth of func-
tion calls) of a program in such a determination. Extend-
ing this idea, the slicing tool could dynamically switch al-

(11]

(12]

gorithms based on the space characteristics of the machine

and the analysis. For example, the tool could initially use
the hybrid search algorithm in order to visit fewer blocks,
but could switch to the traditional iterative algorithm if too
much space is required in order to reclaim more data-flow
sets. Given the different natures of the search and worklist
algorithms, switching between them would most likely be
problematic however.
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