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Abstract. P oin ter information is a prerequisite for most program anal-

yses, and inclusion-based, i.e. Andersen-st yle, p oin ter analysis is widely

used to compute suc h information. Ho w ev er, curren t inclusion-based

analyses can ha v e prohibitiv e costs in time and space, esp ecially for

programs with millions of lines of co de. W e presen t a suite of o�ine

optimizations that exploit p oin ter and lo cation equiv alence to shrink the

input to the subsequen t p oin ter analysis without a�ecting precision, dra-

matically reducing b oth analysis time and memory consumption. Using

a suite of six op en-source C programs ranging in size from 169K to 2.17M

LOC, w e demonstrate that our tec hniques on a v erage impro v e analysis

time b y 1.3{2.7 � and reduce memory consumption b y 3.2{6.9 � o v er the

b est curren t tec hniques.

1 In tro duction

Most program analyses require p oin ter information, from traditional compiler

optimizations to soft w are v eri�cation, securit y analysis, and program under-

standing. Man y of these analyses are in terpro cedural and require a highly scal-

able whole-program p oin ter analysis to compute p oin ter information. The preci-

sion of the computed information can ha v e a profound impact on the usefulness

of the subsequen t program analysis. Inclusion-based, i.e. Andersen-st yle, p oin ter

analysis is widely-used b ecause of its relativ e precision and p oten tial for scala-

bilit y . Inclusion-based analysis scales to millions of lines of co de, but memory

consumption is prohibitiv ely high [6]. Memory consumption can b e greatly re-

duced b y using BDDs to represen t p oin ts-to sets, but this signi�can tly increases

analysis time [6]. Our goal is to break this trade-o� b y reducing b oth mem-

ory consumption and analysis time for inclusion-based p oin ter analysis, without

a�ecting the precision of the results.

Inclusion-based analysis is the most precise 
o w- and con text-insensitiv e

p oin ter analysis. It extracts inclusion constrain ts from the program co de to ap-

pro ximate p oin ts-to relations b et w een v ariables, represen ting the constrain ts us-

ing a c onstr aint gr aph , with no des to represen t eac h program v ariable and edges

to represen t the constrain ts b et w een v ariables. Indirect constrain ts|those that

in v olv e p oin ter dereferences|can't b e directly represen ted in the graph, since

p oin ts-to information isn't a v ailable un til after the analysis has completed. The

analysis satis�es the constrain ts b y computing the dynamic transitiv e closure of



the graph; as new p oin ts-to information b ecomes a v ailable, new edges are added

to the graph to represen t the indirect constrain ts. The transitiv e closure of the

�nal graph yields the p oin ts-to solution.

Inclusion-based analysis has a complexit y of O ( n

3

) time and O ( n

2

) space,

where n is the n um b er of v ariables; the k ey to scaling the analysis is to re-

duce the input size| i.e. mak e n smaller|while ensuring that precision is not

a�ected. This goal is accomplished b y detecting equiv alences among the pro-

gram v ariables and collapsing together equiv alen t v ariables. Existing algorithms

only recognize a single t yp e of equiv alence, whic h w e call p ointer e quivalenc e :

program v ariables are p oin ter equiv alen t i� their p oin ts-to sets are iden tical.

There are sev eral existing metho ds for exploiting p oin ter equiv alence. The pri-

mary metho d is online cycle dete ction [5{7, 10, 11]. Roun tev et al. [12] in tro duce

another metho d called O�ine V ariable Substitution (O VS). An o�ine analysis

is a static analysis p erformed prior to the actual p oin ter analysis; in this case,

O VS iden ti�es and collapses a subset of the p oin ter equiv alen t v ariables b efore

feeding the constrain ts to the p oin ter analysis.

In this pap er, w e in tro duce a suite of new o�ine optimizations for inclusion-

based p oin ter analysis that go far b ey ond O VS in �nding p oin ter equiv alences.

W e also in tro duce and exploit a second notion of equiv alence called lo c ation

e quivalenc e : program v ariables are lo cation equiv alen t i� they alw a ys b elong to

the same p oin ts-to sets, i.e. an y p oin ts-to set con taining one m ust also con tain

the other. Our new optimizations are the �rst to exploit lo cation equiv alence

to reduce the size of the v ariables' p oin ts-to sets without a�ecting precision.

T ogether, these o�ine optimizations dramatically reduce b oth the time and

memory consumption of subsequen t inclusion-based p oin ter analysis. This pap er

presen ts the follo wing ma jor results:

{ Using three di�eren t inclusion-based p oin ter analysis algorithms [7, 10, 6],

w e demonstrate that our optimizations on a v erage reduce analysis time b y

1.3{2.7 � and reduce memory consumption b y 3.2{6.9 � .

{ W e exp erimen t with t w o di�eren t data structures to represen t p oin ts-to

sets: (1) sparse bitmaps, as curren tly used in the GCC compiler, and (2)

a BDD-based represen tation. While past w ork has found that the bitmap

represen tation is 2 � faster but uses 5.5 � more memory than the BDD rep-

resen tation [6], w e �nd that, due to our o�ine optimizations, the bitmap

represen tation is on a v erage 1.3 � faster and uses 1.7 � less memory than the

BDD represen tation.

This pap er mak es the follo wing conceptual con tributions:

{ W e presen t Hash-based V alue Num b ering (HVN), an o�ine optimization

whic h adapts a classic compiler optimization [3] to �nd and exploit p oin ter

equiv alences.

{ W e presen t HR U ( H VN with de R eference and U nion), an extension of HVN

that �nds additional p oin ter equiv alences b y in terpreting b oth union and

dereference op erators in the constrain ts.



{ W e presen t LE ( L o cation E quiv alence), an o�ine optimization that �nds

and exploits lo cation equiv alences to reduce v ariables' p oin ts-to set sizes

without a�ecting precision.

2 Related W ork

Andersen in tro duces inclusion-based p oin ter analysis in his Ph.D. thesis [1],

where he form ulates the problem in terms of t yp e theory . Andersen's algorithm

solv es the inclusion constrain ts in a fairly naiv e manner b y rep eatedly iterating

through a constrain t v ector.

The �rst use of p oin ter equiv alence to optimize inclusion-based analysis comes

from F aehndric h et al. [5], who represen t constrain ts using a graph and then

deriv e p oin ts-to information b y computing the dynamic transitiv e closure of

that graph. The k ey optimization is a metho d for partial online cycle detection.

Later algorithms expand on F aehndric h et al. 's w ork b y making online cy-

cle detection more complete and e�cien t [6, 7, 10, 11]. In particular, Hein tze and

T ardieu [7] describ e a �eld-based analysis, whic h is capable of analyzing o v er

1 million lines of C co de in a matter of seconds. Field-based analysis do es not

alw a ys meet the needs of the clien t analysis, particularly since �eld-based analy-

sis is unsound for C; a �eld-insensitiv e v ersion of their algorithm is signi�can tly

slo w er [6].

Roun tev et al. [12] in tro duce O�ine V ariable Substitution (O VS), a linear-

time static analysis whose aim is to �nd and collapse p oin ter-equiv alen t v ariables.

Of all the related w ork, O VS is the most similar to our optimizations and serv es

as the baseline for our exp erimen ts in this pap er.

Both p oin ter and lo cation equiv alence ha v e b een used in other t yp es of

p oin ter analyses, although they ha v e not b een explicitly iden ti�ed as suc h;

Steensgaard's analysis [14], Das' One-Lev el Flo w [4], and the Shapiro-Horwitz

family of analyses [13] all sacri�ce precision to gain extra p erformance b y in-

ducing arti�cial p oin ter and lo cation equiv alences. By con trast, w e detect and

exploit actual equiv alences b et w een v ariables without losing precision.

Lo cation equiv alence has also b een used b y Liang and Harrold to optimize

data
o w analyses [8], but only p ost-p oin ter analysis. W e giv e the �rst metho d

for soundly exploiting lo cation equiv alence to optimize the p oin ter analysis itself.

3 P oin ter Equiv alence

Let V b e the set of all program v ariables; for v 2 V : pts ( v ) � V is v 's p oin ts-to

set, and pe ( v ) 2 N is the p ointer e quivalenc e lab el of v , where N is the set of

natural n um b ers. V ariables x and y are p oin ter equiv alen t i� pts ( x ) = pts ( y ).

Our goal is to assign p oin ter equiv alence lab els suc h that pe ( x ) = pe ( y ) implies

that x and y are p oin ter equiv alen t. P oin ter equiv alen t v ariables can safely b e

collapsed together in the constrain t graph to reduce b oth the n um b er of no des

and edges in the graph. The b ene�ts are t w o-fold: (1) there are few er p oin ts-to



sets to main tain; and (2) there are few er propagations of p oin ts-to information

along the edges of the constrain t graph.

The analysis generates inclusion constrain ts using a linear pass through the

program co de; con trol-
o w information is discarded and only v ariable assign-

men ts are considered. F unction calls and returns are treated as gotos and are

brok en do wn in to sets of parameter assignmen ts. T able 1 illustrates the t yp es of

constrain ts and de�nes their meaning.

T able 1. Inclusion Constrain t T yp es.

Program Co de Constrain t Meaning

a = & b a � f b g b 2 pts ( a )

a = b a � b pts ( a ) � pts ( b )

a = � b a � � b 8 v 2 pts ( b ) : pts ( a ) � pts ( v )

� a = b � a � b 8 v 2 pts ( a ) : pts ( v ) � pts ( b )

Our optimizations use these constrain ts to create an o�ine c onstr aint gr aph ,

1

with v ar no des to represen t eac h v ariable, ref no des to represen t eac h derefer-

enced v ariable, and adr no des to represen t eac h address-tak en v ariable. A ref

no de � a stands for the unkno wn p oin ts-to set of v ariable a , while adr no de & a

stands for the address of v ariable a . Edges represen t the inclusion relationships:

a � f b g yields edge & b ! a ; a � b yields b ! a ; a � � b yields � b ! a ; and

� a � b yields b ! � a .

Before describing the optimizations, w e �rst explain the concepts of dir e ct and

indir e ct no des [12]. Direct no des ha v e all of their p oin ts-to relations explicitly

represen ted in the constrain t graph: for direct no de x and the set of no des

S = f y : y ! x g , pts ( x ) =

S

y 2S

pts ( y ). Indirect no des are those that ma y ha v e

p oin ts-to relations that are not represen ted in the constrain t graph. All ref

no des are indirect b ecause the unkno wn v ariables that they represen t ma y ha v e

their o wn p oin ts-to relations. v ar no des are indirect if they (1) ha v e had their

address tak en, whic h means that they can b e referenced indirectly via a ref

no de; (2) are the formal parameter of an indirect function call; or (3) are assigned

the return v alue of an indirect function call. All other v ar no des are direct.

All indirect no des are conserv ativ ely treated as p ossible sources of p oin ts-

to information, and therefore eac h is giv en a distinct p oin ter equiv alence lab el

at the b eginning of the algorithm. adr no des are de�nite sources of p oin ts-to

information, and they are also giv en distinct lab els. F or con v enience, w e will

use the term 'indirect no de' to refer to b oth adr no des and true indirect no des

b ecause they will b e treated equiv alen tly b y our optimizations.

Figure 1 sho ws a set of constrain ts and the corresp onding o�ine constrain t

graph. In Figure 1 all the ref and adr no des are mark ed indirect, as w ell as

v ar no des a and d , b ecause they ha v e their address tak en. Because a and d can

1

The o�ine constrain t graph is akin to the subset gr aph describ ed b y Roun tev et

al. [12].



no w b e accessed indirectly through p oin ter dereference, w e can no longer assume

that they only acquire p oin ts-to information via no des h and i , resp ectiv ely .

b � f a g a � h h � � b

b � f d g c � b i � � e

c � f a g d � i k � � j

e � f a g e � f

e � f d g f � e

g � f

&a 6 b  

c  

e  &d 7*b 3 h  

*e 2 i  

1 k  

a 5

d 4

f  g  

*j

Fig. 1. Example o�ine constrain t graph. Indirect no des are grey and ha v e already b een

giv en their p oin ter equiv alence lab els. Direct no des are blac k and ha v e not b een giv en

p oin ter equiv alence lab els.

3.1 Hash-based V alue Num b ering (HVN)

The goal of HVN is to giv e eac h direct no de a p oin ter equiv alence lab el suc h

that t w o no des share the same lab el only if they are p oin ter equiv alen t. HVN

can also iden tify non-p oin ters|v ariables that are guaran teed to nev er p oin t to

an ything. Non-p oin ters can arise in languages with w eak t yp es systems, suc h

as C: the constrain t generator can't rely on the v ariables' t yp e declarations to

determine whether a v ariable is a p oin ter or not, so it conserv ativ ely assumes that

ev erything is a p oin ter. HVN can eliminate man y of these sup er
uous v ariables;

they are iden ti�ed b y assigning a p oin ter equiv alence lab el of 0. The algorithm

pro ceeds as follo ws:

1. Find and collapse strongly-connected comp onen ts (SCCs) in the o�ine con-

strain t graph. If an y no de in the SCC is indirect, the en tire SCC is indirect.

In Figure 1, e and f are collapsed in to a single (direct) no de.

2. Pro ceeding in top ological order, for eac h direct no de x let L b e the set of

p ositiv e incoming p oin ter equiv alence lab els, i.e. L = f pe ( y ) : y ! x ^

pe ( y ) 6= 0 g . There are three cases:

(a) L is empt y . Then x is a non-p oin ter and pe ( x ) = 0.

Explanation: in order for x to p oten tially b e a p oin ter, there m ust exist

a path to x either from an adr no de or some indirect no de. If there is

no suc h path, then x m ust b e a non-p oin ter.

(b) L is a singleton, with p 2 L . Then pe ( x ) = p .

Explanation: if ev ery p oin ts-to set coming in to x is iden tical, then x 's

p oin ts-to set, b eing the union of all the incoming p oin ts-to sets, m ust b e

iden tical to the incoming sets.

(c) L con tains m ultiple lab els. The algorithm lo oks up L in a hash table to

see if it has encoun tered the set b efore. If so, it assigns pe ( x ) the same

lab el; otherwise it creates a new lab el, stores it in the hash table, and

assigns it to pe ( x ).



Explanation: x 's p oin ts-to set is the union of all the incoming p oin ts-to

sets; x m ust b e equiv alen t to an y no de whose p oin ts-to set results from

unioning the same incoming p oin ts-to sets.

F ollo wing these steps for Figure 1, the �nal assignmen t of p oin ter equiv alence

lab els for the direct no des is sho wn in Figure 2. Once w e ha v e assigned p oin ter

equiv alence lab els, w e merge no des with iden tical lab els and eliminate all edges

inciden t to no des lab eled 0.

&a 6 b 8
c 9

e 8&d 7*b h 3

2 i 2

*j 1 k 1

a 5

d 4

f 8 g 8

*e

3

Fig. 2. The assignmen t of p oin ter equiv alence lab els after HVN.

Complexity. The complexit y of HVN is linear in the size of the graph. Using

T arjan's algorithm for detecting SCCs [15], step 1 is linear. The algorithm then

visits eac h direct no de exactly once and examines its incoming edges. This step

is also linear.

Comp arison to O VS. HVN is similar to Roun tev et al. 's [12] O VS optimization.

The main di�erence lies in our insigh t that lab eling the condensed o�ine con-

strain t graph is essen tially equiv alen t to p erforming v alue-n um b ering on a blo c k

of straigh t-line co de, and therefore w e can adapt the classic compiler optimiza-

tion of hash-based v alue n um b ering for this purp ose. The adv an tage lies in step

2 c : in this case O VS w ould giv e the direct no de a new lab el without c hec king

to see if an y other direct no des ha v e a similar set of incoming lab els, p oten tially

missing a p oin ter equiv alence. In the example, O VS w ould not disco v er that b

and e are equiv alen t and w ould giv e them di�eren t lab els.

3.2 Extending HVN

HVN do es not �nd all p oin ter equiv alences that can b e detected prior to p oin ter

analysis b ecause it do es not in terpret the union and der efer enc e op erators. Recall

that the union op erator is implicit in the o�ine constrain t graph: for direct

no de x with incoming edges from no des y and z , pts ( x ) = pts ( y ) [ pts ( z ). By

in terpreting these op erators, w e can increase the n um b er of p oin ter equiv alences

detected, at the cost of additional time and space.



HR algorithm. By in terpreting the dereference op erator, w e can relate a v ar

no de v to its corresp onding ref no de � v . There are t w o relations of in terest:

1. 8 x; y 2 V : pe ( x ) = pe ( y ) ) pe ( � x ) = pe ( � y ).

2. 8 x 2 V : pe ( x ) = 0 ) pe ( � x ) = 0.

The �rst relation states that if v ariables x and y are p oin ter-equiv alen t,

then so are � x and � y . If x and y are p oin ter-equiv alen t, then b y de�nition

� x and � y will b e iden tical. Whereas HVN w ould giv e them unique p oin ter

equiv alence lab els, w e can no w assign them the same lab el. By doing so, w e

ma y �nd additional p oin ter equiv alences that had previously b een hidden b y the

di�eren t lab els.

The second relation states that if v ariable x is a non-p oin ter, then � x is also

a non-p oin ter. It ma y seem o dd to ha v e a constrain t that dereferences a non-

p oin ter, but this can happ en when co de that initializes p oin ter v alues is link ed

but nev er called, for example with library co de. Exp osing this relationship can

help iden tify additional non-p oin ters and p oin ter equiv alences.

Figure 3 pro vides an example. HVN assigns b and e iden tical lab els; the �rst

relation ab o v e tells us w e can assign � b and � e iden tical lab els, whic h exp oses

the fact that i and h are equiv alen t to eac h other, whic h HVN missed. Also,

v ariable j is not men tioned in the constrain ts, and therefore the v ar no de j

isn't sho wn in the graph, and it is assigned a p oin ter equiv alence lab el of 0. The

second relation ab o v e tells us that b ecause pe ( j ) = 0, pe ( � j ) should also b e 0;

therefore b oth � j and k are non-p oin ters and can b e eliminated.

&a 6 b 8
c 8

e 8&d 7*b 2 h 2

*e 2 i 2

*j 0 k 0

a 5

d 4

f 8 g 8

Fig. 3. The assignmen t of p oin ter equiv alence lab els after HR and HU.

The simplest metho d for in terpreting the dereference op erator is to itera-

tiv ely apply HVN to its o wn output un til it con v erges to a �xed p oin t. Eac h

iteration collapses equiv alen t v ariables and eliminates non-p oin ters, ful�lling the

t w o relations w e describ e. This metho d adds an additional factor of O ( n ) to the

complexit y of the algorithm, since in the w orst case it eliminates a single v ariable

in eac h iteration un til there is only one v ariable left. The complexit y of HR is

therefore O ( n

2

), but in practice w e observ e that this metho d generally exhibits

linear b eha vior.

HU algorithm. By in terpreting the union op erator, w e can more precisely trac k

the relations among p oin ts-to sets. Figure 3 giv es an example in v ar no de c . Tw o



di�eren t p oin ter equiv alence lab els reac h c , one from & a and one from b . HVN

therefore giv es c a new p oin ter equiv alence lab el. Ho w ev er, pts ( b ) � pts (& a ), so

when they are unioned together the result is simply pts ( b ). By k eeping trac k of

this fact, w e can assign c the same p oin ter equiv alence lab el as b .

Let f

n

b e a fresh n um b er unique to n ; the algorithm will use these fresh

v alues to represen t unkno wn p oin ts-to information. The algorithm op erates on

the condensed o�ine constrain t graph as follo ws:

1. Initialize p oin ts-to sets for eac h no de. 8 v 2 V : pts (& v ) = f v g ; pts ( � v ) =

f f

� v

g ; if v is direct then pts ( v ) = ; , else pts ( v ) = f f

v

g .

2. In top ological order: for eac h no de x , let S = f y : y ! x g [ f x g . Then

pts ( x ) =

S

y 2S

pts ( y ).

3. Assign lab els s.t. 8 x; y 2 V : pts ( x ) = pts ( y ) , pe ( x ) = pe ( y ) :

Since this algorithm is e�ectiv ely computing the transitiv e closure of the

constrain t graph, it has a complexit y of O ( n

3

). While this is the same complexit y

as the p oin ter analysis itself, HU is signi�can tly faster b ecause, unlik e the p oin ter

analysis, w e do not add additional edges to the o�ine constrain t graph, making

the o�ine graph m uc h smaller than the graph used b y the p oin ter analysis.

Putting It T ogether: HR U. The HR U algorithm com bines the HR and HU

algorithms to in terpret b oth the dereference and union op erators. HR U mo di�es

HR to iterativ ely apply the HU algorithm to its o wn output un til it con v erges

to a �xed p oin t. Since the HU algorithm is O ( n

3

) and HR adds a factor of

O ( n ), HR U has a complexit y of O ( n

4

). As with HR this w orst-case complexit y

is not observ ed in practice; ho w ev er it is advisable to �rst apply HVN to the

original constrain ts, then apply HR U to the resulting set of constrain ts. HVN

signi�can tly decreases the size of the o�ine constrain t graph, whic h decreases

b oth the time and memory consumption of HR U.

4 Lo cation Equiv alence

Let V b e the set of all program v ariables; for v 2 V : pts ( v ) � V is v 's p oin ts-to

set, and l e ( v ) 2 N is the lo c ation e quivalenc e lab el of v , where N is the set of

natural n um b ers. V ariables x and y are lo cation equiv alen t i� 8 z 2 V : x 2

pts ( z ) , y 2 pts ( z ). Our goal is to assign lo cation equiv alence lab els suc h that

l e ( x ) = l e ( y ) implies that x and y are lo cation equiv alen t. Lo cation equiv alen t

v ariables can safely b e collapsed together in all p oin ts-to sets, pro viding t w o

b ene�ts: (1) the p oin ts-to sets consume less memory; and (2) since the p oin ts-to

sets are smaller, p oin ts-to information is propagated more e�cien tly across the

edges of the constrain t graph.

Without an y p oin ter information it is imp ossible to compute all lo cation

equiv alences. Ho w ev er, since p oin ts-to sets are nev er split during the p oin ter

analysis, an y v ariables that are lo cation equiv alen t at the b eginning are guar-

an teed to b e lo cation equiv alen t at the end. W e can therefore safely compute a



subset of the equiv alences prior to the p oin ter analysis. W e use the same o�ine

constrain t graph as w e use to �nd p oin ter equiv alence, but w e will b e lab eling

adr no des instead of direct no des. The algorithm assigns eac h adr no de a lab el

based on its outgoing edges suc h that t w o adr no des ha v e the same lab el i�

they ha v e the same set of outgoing edges. In other w ords, adr no des & a and & b

are assigned the same lab el i�, in the constrain ts, 8 z 2 V : z � f a g , z � f b g .

In Figure 1, the adr no des & a and & d w ould b e assigned the same lo cation

equiv alence lab el.

While lo cation and p oin ter equiv alences can b e computed indep enden tly , it

is more precise to compute lo cation equiv alence after w e ha v e computed p oin ter

equiv alence. W e mo dify the criterion to require that adr no des & a and & b are

assigned the same lab el i� 8 y ; z 2 V ; ( y � f a g ^ z � f b g ) ) pe ( y ) = pe ( z ).

In other w ords, w e don't require that the t w o adr no des ha v e the same set of

outgoing edges, but rather that the no des inciden t to the adr no des ha v e the

same set of p oin ter equiv alence lab els.

Once the algorithm has assigned lo cation equiv alence lab els, it merges all

adr no des that ha v e iden tical lab els. These merged adr no des are eac h giv en

a fresh name. P oin ts-to set elemen ts will come from this new set of fresh names

rather than from the original names of the merged adr no des, thereb y sa ving

space, since a single fresh name corresp onds to m ultiple adr no des. Ho w ev er, w e

m ust mak e a simple c hange to the subsequen t p oin ter analysis to accommo date

this new naming sc heme. When adding new edges from indirect constrain ts, the

p oin ter analysis m ust translate from the fresh names in the p oin ts-to sets to

the original names corresp onding to the v ar no des in the constrain t graph. T o

facilitate this translation w e create a one-to-man y mapping b et w een the fresh

names and the original adr no des that w ere merged together. In Figure 1, since

adr no des & a and & d are giv en the same lo cation equiv alence lab el, they will

b e merged together and assigned a fresh name suc h as & l . An y p oin ts-to sets

that formerly w ould ha v e con tained a and d will instead con tain l ; when adding

additional edges from an indirect constrain t that references l , the p oin ter analysis

will translate l bac k to a and d to correctly place the edges in the online constrain t

graph.

Complexity. LE is linear in the size of the constrain t graph. The algorithm

scans through the constrain ts, and for eac h constrain t a � f b g it inserts pe ( a )

in to adr no de & b 's set of p oin ter equiv alence lab els. This step is linear in the

n um b er of constrain ts ( i.e. graph edges). It then visits eac h adr no de, and it

uses a hash table to map from that no de's set of p oin ter equiv alence lab els to a

single lo cation equiv alence lab el. This step is also linear.

5 Ev aluation

5.1 Metho dology

Using a suite of six op en-source C programs, whic h range in size from 169K to

2.17M LOC, w e compare the analysis times and memory consumption of O VS,



HVN, HR U, and HR U+LE (HR U coupled with LE). W e then use three di�er-

en t state-of-the-art inclusion-based p oin ter analyses|P earce et al. [10] (PKH),

Hein tze and T ardieu [7] (HT), and Hardek opf and Lin [6] (HL)|to compare

the optimizations' e�ects on the p oin ter analyses' analysis time and memory

consumption. These p oin ter analyses are all �eld-insensitiv e and implemen ted

in a common framew ork, re-using as m uc h co de as p ossible to pro vide a fair

comparison. The source co de is a v ailable from the authors up on request.

The o�ine optimizations and the p oin ter analyses are written in C++ and

handle all asp ects of the C language except for v arargs. W e use sparse bitmaps

tak en from GCC 4.1.1 to represen t the constrain t graph and p oin ts-to sets.

The constrain t generator is separate from the constrain t solv ers; w e generate

constrain ts from the b enc hmarks using the CIL C fron t-end [9], ignoring an y

assignmen ts in v olving t yp es to o small to hold a p oin ter. External library calls

are summarized using hand-crafted function stubs.

The b enc hmarks for our exp erimen ts are describ ed in T able 2. W e run the

exp erimen ts on an In tel Core Duo 1.83 GHz pro cessor with 2 GB of memory ,

using the Ubun tu 6.10 Lin ux distribution. Though the pro cessor is dual-core, the

executables themselv es are single-threaded. All executables are compiled with

GCC 4.1.1 and the '{O3' optimization 
ag. W e rep eat eac h exp erimen t three

times and rep ort the smallest time; all the exp erimen ts ha v e v ery lo w v ariance

in p erformance. Times include ev erything from reading the constrain t �le from

disk to computing the �nal solution.

T able 2. Benc hmarks: F or eac h b enc hmark w e sho w the n um b er of lines of co de (com-

puted as the n um b er of non-blank, non-commen t lines in the source �les), a description

of the b enc hmark, and the n um b er of constrain ts generated b y the CIL fron t-end.

Name Description LOC Constrain ts

Emacs-21.4a text editor 169K 83,213

Ghostscript-8.15 p ostscript view er 242K 169,312

Gimp-2.2.8 image manipulation 554K 411,783

Insigh t-6.5 graphical debugger 603K 243,404

Wine-0.9.21 windo ws em ulator 1,338K 713,065

Lin ux-2.4.26 lin ux k ernel 2,172K 574,788

5.2 Cost of Optimizations

T ables 3 and 4 sho w the analysis time and memory consumption, resp ectiv ely , of

the o�ine optimizations on the six b enc hmarks. O VS and HVN ha v e roughly the

same times, with HVN using 1.17 � more memory than O VS. On a v erage, HR U

and HR U+LE are 3.1 � slo w er and 3.4 � slo w er than O VS, resp ectiv ely . Both

HR U and HR U+LE ha v e the same memory consumption as HVN. As stated

earlier, these algorithms are run on the output of HVN in order to impro v e

analysis time and conserv e memory; their times are the sum of their running time



and the HVN running time, while their memory consumption is the maxim um of

their memory usage and the HVN memory usage. In all cases, the HVN memory

usage is greater.

T able 3. O�ine analysis times (sec).

Emacs Ghostscript Gimp Insigh t Wine Lin ux

O VS 0.29 0.60 1.74 0.96 3.57 2.34

HVN 0.29 0.61 1.66 0.95 3.39 2.36

HR U 0.49 2.29 4.31 4.28 9.46 7.70

HR U+LE 0.53 2.54 4.75 4.64 10.41 8.47

T able 4. O�ine analysis memory (MB).

Emacs Ghostscript Gimp Insigh t Wine Lin ux

O VS 13.1 28.1 61.1 39.1 110.4 96.2

HVN 14.8 32.5 71.5 44.7 134.8 114.8

HR U 14.8 32.5 71.5 44.7 134.8 114.8

HR U+LE 14.8 32.5 71.5 44.7 134.8 114.8

Figure 4 sho ws the e�ect of eac h optimization on the n um b er of constrain ts for

eac h b enc hmark. On a v erage O VS reduces the n um b er of constrain ts b y 63.4%,

HVN b y 69.4%, HR U b y 77.4%, and HR U+LE b y 79.9%. HR U+LE, our most

aggressiv e optimization, tak es 3.4 � longer than O VS, while it only reduces the

n um b er of constrain ts b y an additional 16.5%. Ho w ev er, inclusion-based analysis

is O ( n

3

) time and O ( n

2

) space, so ev en a relativ ely small reduction in the input

size can ha v e a signi�can t e�ect, as w e'll see in the next section.

5.3 Bene�t of Optimizations

T ables 5{10 giv e the analysis times and memory consumption for three p oin ter

analyses|PKH, HT, and HL|as run on the results of eac h o�ine optimization;

OOM indicates the analysis ran out of memory . The data is summarized in

Figure 5, whic h giv es the a v erage p erformance and memory impro v emen t for

the three p oin ter analyses for eac h o�ine algorithm as compared to O VS. The

o�ine analysis times are added to the p oin ter analysis times to mak e the o v erall

analysis time comparison.

A nalysis Time. F or all three p oin ter analyses, HVN only mo derately impro v es

analysis time o v er O VS, b y 1.03{1.18 � . HR U has a greater e�ect despite its

m uc h higher o�ine analysis times; it impro v es analysis time b y 1.28{1.88 � .

HR U+LE has the greatest e�ect; it impro v es analysis time b y 1.28{2.68 � . An
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Fig. 4. P ercen t of the original n um b er of constrain ts that is generated b y eac h opti-

mization.

T able 5. Online analysis times for the PKH algorithm (sec).

Emacs Ghostscript Gimp Insigh t Wine Lin ux

O VS 1.99 19.15 99.22 121.53 1,980.04 1,202.78

HVN 1.60 17.08 87.03 111.81 1,793.17 1,126.90

HR U 0.74 13.31 38.54 57.94 1,072.18 598.01

HR U+LE 0.74 9.50 21.03 33.72 731.49 410.23

T able 6. Online analysis memory for the PKH algorithm (MB).

Emacs Ghostscript Gimp Insigh t Wine Lin ux

O VS 23.1 102.7 418.1 251.4 1,779.7 1,016.5

HVN 17.7 83.9 269.5 194.8 1,448.5 840.8

HR U 12.8 68.0 171.6 165.4 1,193.7 590.4

HR U+LE 6.9 23.8 56.1 58.6 295.9 212.4

T able 7. Online analysis times for the HT algorithm (sec).

Emacs Ghostscript Gimp Insigh t Wine Lin ux

O VS 1.63 13.58 64.45 46.32 OOM 410.52

HVN 1.84 12.84 59.68 42.70 OOM 393.00

HR U 0.70 9.95 37.27 37.03 1,087.84 464.51

HR U+LE 0.54 8.82 18.71 23.35 656.65 332.36



T able 8. Online analysis memory for the HT algorithm (MB).

Emacs Ghostscript Gimp Insigh t Wine Lin ux

O VS 22.5 97.2 359.7 266.9 OOM 1,006.8

HVN 17.7 85.0 279.0 231.5 OOM 901.3

HR U 10.8 70.3 205.3 156.7 1,533.0 700.7

HR U+LE 6.4 34.9 86.0 69.4 820.9 372.2

T able 9. Online analysis times for the HL algorithm (sec).

Emacs Ghostscript Gimp Insigh t Wine Lin ux

O VS 1.07 9.15 17.55 20.45 534.81 103.37

HVN 0.68 8.14 13.69 17.23 525.31 91.76

HR U 0.32 7.25 10.04 12.70 457.49 75.21

HR U+LE 0.51 6.67 8.39 13.71 345.56 79.99

T able 10. Online analysis memory for the HL algorithm (MB).

Emacs Ghostscript Gimp Insigh t Wine Lin ux

O VS 21.0 93.9 415.4 239.7 1,746.3 987.8

HVN 13.9 73.5 263.9 183.7 1,463.5 807.9

HR U 9.2 63.3 170.7 121.9 1,185.3 566.6

HR U+LE 4.5 22.2 33.4 27.6 333.1 162.6
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imp ortan t factor in the analysis time of these algorithms is the n um b er of times

they propagate p oin ts-to information across constrain t edges. PKH is the least

e�cien t of the algorithms in this resp ect, propagating m uc h more information

than the other t w o; hence it b ene�ts more from the o�ine optimizations. HL

propagates the least amoun t of information and therefore b ene�ts the least.

Memory. F or all three p oin ter analyses HVN only mo derately impro v es memory

consumption o v er O VS, b y 1.2{1.35 � . All the algorithms b ene�t signi�can tly

from HR U, using 1.65{1.90 � less memory than for O VS. HR U's greater reduction

in constrain ts mak es for a smaller constrain t graph and few er p oin ts-to sets.

HR U+LE has an ev en greater e�ect: HT uses 3.2 � less memory , PKH uses 5 �

less memory , and HL uses almost 7 � less memory . HR U+LE do esn't further

reduce the constrain t graph or the n um b er of p oin ts-to sets, but on a v erage it

cuts the a v erage p oin ts-to set size in half.

R o om for Impr ovement. Despite aggressiv e o�ine optimization in the form of

HR U plus the e�orts of online cycle detection, there are still a signi�can t n um b er

of p oin ter equiv alences that w e do not detect in the �nal constrain t graph. The

n um b er of actual p oin ter equiv alence classes is m uc h smaller than the n um b er

of detected equiv alence classes, b y almost 4 � on a v erage. In other w ords, w e

could conceiv ably shrink the online constrain t graph b y almost 4 � if w e could

do a b etter job of �nding p oin ter equiv alences. This is an in teresting area for

future w ork. On the other hand, w e do detect a signi�can t fraction of the actual

lo cation equiv alences|w e detect 90% of the actual lo cation equiv alences in the

�v e largest b enc hmarks, though for the smallest (Emacs) w e only detect 41%.

Th us there is not m uc h ro om to impro v e on the LE optimization.

Bitmaps vs. BDDs. The data structure used to represen t p oin ts-to sets for

the p oin ter analysis can ha v e a great e�ect on the analysis time and mem-

ory consumption of the analysis. Hardek opf and Lin [6] compare the use of

sparse bitmaps v ersus BDDs to represen t p oin ts-to sets and �nd that on a v-

erage the BDD implemen tation is 2 � slo w er but uses 5.5 � less memory than

the bitmap implemen tation. T o mak e a similar comparison testing the e�ects

of our optimizations, w e implemen t t w o v ersions of eac h p oin ter analysis: one

using sparse bitmaps to represen t p oin ts-to sets, the other using BDDs for the

same purp ose. Unlik e BDD-based p oin ter analyses [2, 16] whic h store the en-

tire p oin ts-to solution in a single BDD, w e giv e eac h v ariable its o wn BDD to

store its individual p oin ts-to set. F or example, if v ! f w ; x g and y ! f x; z g ,

the BDD-based analyses w ould ha v e a single BDD that represen ts the set of

tuples f ( v ; w ) ; ( v ; x ) ; ( y ; x ) ; ( y ; z ) g . Instead, w e giv e v a BDD that represen ts

the set f w ; x g and w e giv e y a BDD that represen ts the set f w ; z g . The t w o

BDD represen tations tak e equiv alen t memory , but our represen tation is a simple

mo di�cation that requires minimal c hanges to the existing co de.

The results of our comparison are sho wn in Figure 6. W e �nd that for HVN

and HR U, the bitmap implemen tations on a v erage are 1.4{1.5 � faster than the
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BDD implemen tations but use 3.5{4.4 � more memory . Ho w ev er, for HR U+LE

the bitmap implemen tations are on a v erage 1.3 � faster and use 1.7 � less mem-

ory than the BDD implemen tations, b ecause the LE optimization signi�can tly

shrinks the p oin ts-to sets of the v ariables.

6 Conclusion

In this pap er w e ha v e sho wn that it is p ossible to reduce b oth the memory con-

sumption and analysis time of inclusion-based p oin ter analysis without a�ecting

precision. W e ha v e empirically sho wn that for three w ell-kno wn inclusion-based

analyses with highly tuned implemen tations, our o�ine optimizations impro v e

a v erage analysis time b y 1.3{2.7 � and reduce a v erage memory consumption b y

3.2{6.9 � . F or the fastest kno wn inclusion-based analysis [6], the optimizations

impro v e analysis time b y 1.3 � and reduce memory consumption b y 6.9 � . W e

ha v e also found the somewhat surprising result that with our optimizations a

sparse bitmap represen tation of p oin ts-to sets is b oth faster and requires less

memory than a BDD represen tation.

In addition, w e ha v e pro vided a roadmap for further in v estigations in to the

optimization of inclusion-based analysis. Our optimization that exploits lo cation

equiv alence comes close to the limit of what can b e accomplished, but our other

optimizations iden tify only a small fraction of the p oin ter equiv alences. Th us,

the exploration of new metho ds for �nding and exploiting p oin ter equiv alences

should b e a fruitful area for future w ork.
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