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Abstract

Dynamic languages such as Python allow programs to be writte

more easily using high-level constructs such as comprétenfor
queries and using generic code. Ef cient execution of paoys
then requires powerful optimizations—incrementalizatiaf ex-
pensive queries and specialization of generic code. Effedn-
crementalization and specialization of dynamic languagesire
precise and scalable alias analysis.

This paper describes the development and experimental eval

uation of a may-alias analysis for a full dynamic objeceated
language, for program optimization by incrementalizationd spe-
cialization. The analysis is ow-sensitive; we show thastis nec-
essary for effective optimization of dynamic languagess#s pre-
cise type analysis and a powerful form of context sensjticilled
trace sensitivity, to further improve analysis precisitihuses a
compressed representation to signi cantly reduce the nngrneed
by ow-sensitive analyses. We evaluate the effectivendsthis
analysis and several variants for incrementalization pedializa-
tion of Python programs, and we evaluate the precision, mgmo
usage, and running time of these analyses on programs akdive
sizes. The results show that our analysis has acceptaliisipre
and ef ciency and represents the best trade-off betweem the

1. Introduction

Dynamic languages such as Python and JavaScript allow pro-

grams to be written more easily using high-level constrgcish
as comprehensions for queries and using generic code.dgtci
execution of programs then requires powerful optimizatien
incrementalization of expensive queries under updatesueryq
parameters (Liu et al. 2005) and specialization of genestedn
procedures and methods under speci c calls to the procecamd
methods (Rigo 2004). These optimizations require ideintifyal-
ues of variables and elds that are references to the sanmexipbj
either a data object or a function object. Due to extensiesfigb-
ject references, effective optimizations require preaisg scalable
alias analysis.

Alias analysis aims to compute pairs of variables and el t
are aliases of each other, i.e., that refer to the same olipest

This work was supported in part by ONR under grants NO001d691
and N000140710928 and NSF under grants CCF-0613913, CR$2G68,
CNS-0627447, and CNS-0831298.

[Copyright notice will appear here once 'preprint’ optiaremoved.]

termining exact alias pairs is uncomputable (Ramalinga®4)19
We use alias analysis to refer to may-alias analysis, whigh-c
putes pairs thahaybe aliases, an over-approximation of exact alias
pairs. An alias analysis is interprocedural if it propagaiefor-
mation between procedures, and intraprocedural othervdge
sensitive if it computes alias pairs for each program noae, aw-
insensitive otherwise; context-sensitive if it computéiasapairs
for each calling context, and context-insensitive otheeyitype-
sensitive if alias pairs only include variables that havepatible
data types, and type-insensitive otherwise.

Making alias analysis precise and scalable is already dif ¢
for statically typed languages, and even more dif cult fgnemic
languages. This is due to extensive use of features suclstaslass
functions, dynamic creation and rebinding of elds, methodnd
even classes, and reassignment of variables to objectdferfedit
types. These features make even the construction of cootrol
graphs dif cult. At the same time, powerful optimizationike
incrementalization and specialization for dynamic larggsaneed
precise alias information at every program node and itsectnt
Can one make alias analysis suf ciently precise and scaléin
such optimizations to be effective?

This paper describes the development and experimental eval
uation of a may-alias analysis for a full dynamic objecieated
language, for program optimization by incrementalizatiod spe-
cialization. The analysis has the following features:

It is ow-sensitive. This is necessary for optimization of-d
namic languages, because a variable or eld may have diftere
aliases and even different types at different program naates
optimizations are applied to speci ¢ program nodes. Thd-ana
ysis is designed by extending an optimal-time intraprocaidu
ow-sensitive analysis for C (Goyal 2005) to handle dynamic
and object-oriented features.

It uses precise type analysis to increase the precisioreairibl-
ysis results. Precise type analysis infers not only bagiesy
as in typed languages, but also types expressing known-primi
tive values and ranges, and collections of known conterds an
lengths. These precise types are critical for handling dhoa
features for constructing and re ning control ow graphsthe

rst place. Our type analysis uses an iterative algorithradsh
on abstract interpretation.

It uses a powerful form of context sensitivity, called traen-
sitivity, to further improve analysis precision. It inlisall calls
repeatedly except only once for recursive calls, but theryese
analysis results back into the original program ow graphisT
improves over ow-sensitive analysis results without negd
large storage for keeping all clones, as in standard context
sensitive analysis, that help little for the optimizations

It uses a compressed representation for the aliases adatgpze
signi cantly reduce the memory used by ow-sensitive araly
sis. The idea is to represent aliases at a program node as diff
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ences from aliases at its control ow predecessor node ittie
only one such predecessor. This is natural and simple for ow
sensitive analysis, and drastically reduces space usage.

We implemented this analysis, plus ve main variations of it
for Python. The variations are:

two ow-insensitive analyses: one that is context-insensj
and one that is context-sensitive;

two ow-sensitive analyses: one that is context-insewmsjtand
one that is context-sensitive; and

a ow-sensitive, trace-sensitive analysis that also @eaixtra
clones.

Each of these six alias analyses is also coupled with no tgpk a
ysis, basic type analysis, and precise type analysis,tieguh a
total of 18 variants of alias analysis.

We evaluate the effectiveness of these variants for inanéahe
ization and specialization of Python programs, througHiegfions
that use InvTS, an invariant-driven program transfornrasigstem
for incrementalization (Liu et al. 2005, 2009), and apylimas that
use Psyco, a just-in-time compiler that does specialinafiRigo
2004). We also evaluate the precision, memory usage, amihigin
time of these analyses on programs of diverse sizes. Iniaddit
we evaluate the effect of re ning control ow graphs usingpise
type analysis, and we examine uses of program construdtarena
most challenging for precise type and alias analyses. Tédtse
show that our analysis, which is ow-sensitive and tracessive
and uses precise type analysis, has acceptable precisgmnom
usage, and running time, and represents the best tradetofébn
precision and ef ciency for effective optimizations. Foxaenple,
the analysis takes 20 minutes on BitTorrent with over 20K LOC

Incrementalization of a query over a collection, Syypically
requires insertion of maintenance code, to update thetretthe
query, before the removal of an element fr@&nAt any statement
that removes an element from any collectiGrthat may aliasS,
InvTS inserts the corresponding maintenance code guarged b
runtime check thaCis aliased toS. InvTS uses alias analysis to
statically remove the check @may be aliased to onlg.

Suppose the alias set @fis {L,S} , whereL is a list, at the
start of the body ofemoveObject. Then, our analysis yields two
different alias sets o6—{S} and{L} —at the tworemove state-
ments. This is because ow-sensitivity allows differerinalsets at
different nodes in the same function, and type-sensitivitys con-
ditions fromisinstance . Atthe rst remove statement, because
Cis aliased to onlys, the runtime aliasing check is removed. At the
secondremove statement, becausemay not be aliased t6§, the
maintenance code and runtime check are never inserted.

Note that for a ow-insensitive analysis of the above code,
in both the original and SSA forms, the alias set®is {L,S} .
This leaves both the maintenance code and runtime check at
both remove statements. Note also that a ow-sensitive but type-
insensitive analysis would yield the same undesirabldtesu

2. Analysis

Our analysis takes an input program and produces informatio
about alias pairs, as well as data types and control ows.rst
handles dynamic features by analyzing types and controls ow
using an abstract interpretation, and then performs a ensgtive
trace-sensitive alias analysis, or a variation of it.

The rst step has two main tasks: (1) parse a program le and
construct an abstract syntax tree (AST), which is easy, a@pd (
analyze types and construct a control ow graph (CFG) on the

and less than an hour on Python standard library with over 50K ASTs from all les read so far; since the code in a le may impor

LOC.

A signi cant amount of work has been done on alias analysis,

as discussed in Section 4. Our work is the rstimplementatiad
experimental evaluation of an optimal-time ow-sensitaealysis
algorithm, extended to handle a full dynamic object-oeenian-
guage with precise type analysis and further improved wahe
sensitivity. In contrast, almost all prior works are for tatally

modules from other les, analyzing a le recursively penfos (1)
followed by (2) at theimport nodes. The output of this step is
an interprocedural CFG of the entire program, annotatek tyfie
information.

The second step has two main tasks: (1) construct a sparse
evaluation graph (SEG) from the CFG by removing CFG nodes
that do not affect aliases or control ows and connectingesdp

typed languages such as C and Java. There are many usessof aligpass the removed nodes, and (2) do an alias analysis thatlexia

analysis for other analyses and veri cation, and for optiations
including specialization. Our work is the rst use of aliasadysis
for effective incrementalization, and the rst thoroughaiation
of alias analysis variants for incrementalization and Epation.

Need for ow-sensitivity and type-sensitivity. We show that ow-
sensitivity and type-sensitivity are essential for optation of
dynamic languages. Consider optimization by incremezattin,
which replaces expensive queries with inexpensive retisesf re-
sults that are ef ciently incrementally maintained at upsato val-
ues on which the query depends. Consider the following srapi
ample that contains updates to collections and is typicayimamic
languages as well as static languages such as Java:

#removes all instances of O from collection C
def removeObject(C,0):
if isinstance(C,set):
#a set contains O at most once,
#thus remove it once
if O in C:
C.remove(O)
isinstance(C,list):
#a list may contain O multiple times.
#count the number of O's in C
#and remove O that many times from C
for n in range(C.count(O)):
C.remove(O)

=

optimal-time ow-sensitive intraprocedural alias anasy® handle
procedures, methods, and elds and to be trace-sensitiecaléd
describe a compressed representation, implementatioesisand
analysis variants.

In this paperprogram nodeefers to AST node. As common in
languages like C and Pythofunctionrefers to both functions and
procedures; functions are just procedures that can retires.
For complexity analysidN denotes the size of the input program,
V denotes the number of variables in the program, @mténotes
the maximum number of variables in scope at any program node.

2.1 Type and control ow analysis

The key challenge posed by dynamic language features israons
tion of a suf ciently precise CFG. Dynamic language featuaee:
rst-class functions and methods, including lambdas, mfumc-
tions, and methods in inner classes; dynamic creation aridde
ing of elds, methods, and classes; reassignment of vazgatal ob-
jects of different types, where objects may be anythinguifiog
methods and classes; type-based dispatch, including popjit
functions and explicit type comparison, e.g., for elemaitbet-
erogeneous collections; exceptions; al , which evaluates a
string as code. These features all make it dif cult to swticde-
termine control ows.
To address this challenge, we use a precise type analysis to

infer the types of variables and expressions at all progrades,
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and use types to statically determine control ows as pedgias
possible. In particular, dynamic features make it esphyaitil cult
to determine interprocedural control ows. Thus, we usettiEes
of arguments and returns to help determine interprocedorztol
ows. We say that two types amompatibleif their sets of possible
values intersect. We add interprocedural CFG call andmetdges
between a call and a procedure or method only if the type gigaa
of the call is compatible with that of the procedure or method

Our type analysis and CFG construction is done by an abstract
interpretation over a domain of precise types. It inferstjfpes of
all variables in scope at each program node, and the typeeof th
expression at each expression node. It also constructs ©H&n
and edges as it visits program nodes following the contreliso
determined, easily for most intraprocedural ows, and gdiypes
for interprocedural ows and exceptions. Similarly, we tgpes to
determine control ows involving exceptions.

Basic types and precise typesOur domain of precise types ex-
tends our domain of basic types. A precise type is a subty@e of
basic type. Precise types are used in type inference and G/G ¢
struction. Basic types are used afterwards for generafiegial-
ized procedures and methods. Basic types in our type sysem a

none, for the special unde ned value, needed in dynamic lan-
guages;

primitive typesint , float , andbool,
collection typesstring , list , tuple, set, anddict (map);

module (similar to package in Java), with, if known, module
name, a list of names and their types exported by the module,
and the AST node id of the module de nition;

class, with, if known, class name, a list of parent classes, a list
of static eld (including method) names and their types, &ral
AST node id of the class de nition;

instance , with, if known, type of the class of the instance, and
a list of instance eld names and their types;

function , with, if known, function name or special name
lambda (for unnamed functions), a list of parameters anid the
types, a list of free variables and their types (for closyrie
return type, and the AST node id of the function de nition;

method, with, if known, everything as in function type plus the
type of the instance on which the method is invoked;

union, with a list of any types other than union types; union

known same nomep element typet, where the rst of these
types is also a subtype of the latter two whes have the
same value otl throughtn are of the same type, respec-
tively; for tuple andset, add similar types; fodict, add sim-
ilar types plusdictsize key [N;t] for maps of known sizen,
known same nomep key typet, but all top value types, and
dictsize val [N;t] symmetrically with key and value switched,
wheredict 4 [(kt1;vt1);:::; (ktn; vtn )] is a subtype of both,
and both are subtypes dfctsize (n), whenns have the same
value. string is treated as a tuple whose element types are
character types.

for eachmodule, class, instance, function , and method

type, add subtypes whose component types may use also the
subtypes above, where a typé is a subtype of a typé2

iff all components oftl are subtypes of the corresponding
components of?2.

ti is top; otherwise union of the maximal types in &llif ti's are
union types, and otherwise rst turn amythat is not a union type
into a union type of itself.

We bound the set of precise types considered during type anal
ysis to be nite, by generalizing a type to a supertype of altana
size when the size of the type exceeds a constant. Genéializa
yields a minimal supertype of a smaller size; when there ané-m
ple such types, we choose the one that merges the lowessramge
range types, and the one with most information about eletypas
for collection types. For examplajnion (int va (2);int va (4);
int var (8)) is generalized taunion (int ran (2;4);int va (8)) in-
stead ofunion (int va (2);int ran (4; 8)), andlist 4 [int; int; int;
int;int ] is generalized tdist elem (int) instead oflist en (5). The
precise limit we use is for the size of each type descriptiopet no
more than 60 type names(, float , etc.), except that the size of
a range type is the number of times it has been generalized.

Analysis and re nement. Our algorithm does the Analysis step
below to infer types and construct a CFG, and then does thadre
ment step to specialize the program constructed based aypibe
inferred; the resulting program is then analyzed againetzyinore
precise types and more re ned control ows, and is analyzexuie-
mentally. Our overall algorithm repeats the two steps witiler a
xed-point is reached, so the resulting program cannot liéhér
specialized, or a bound on the number of iterations is rehchige
bound is set to be 30, but for all examples we have experirdente

types are needed for dynamic languages, since an expressiorwith, the xed-point was reached after 1 to 19 re nement step

can evaluate to values of different types at different tiihés
evaluated; and

bot andtop, the type of no values and the type of all values,
respectively;bot is a subtype of all types, and all types are
subtypes ofop.

Precise types extend basic types to include additionalypebt
There are three kinds of extensions:

for primitive types, add subtypes for known values or ranges
for int, addint yo (n) for integer constann, int non neg for
nonnegative integers, amat ran (n1; n2) for integers frorm1

to n2, where the rst of these types is also a subtype of the
latter two whenn is not negative or is in the range ofl to

n2, respectively; forfloat , add similar types; fobool, add
bool.a (true) andbool, (false).

for collection types, add subtypes for known element types
or lengths: forlist, add list ay [t1;:::;tn] for lists of known
length n and element types$l throughtn that are not all
top, list ien (n) for lists of known lengthn but all top ele-
ment types, andist ¢em (t) for lists of unknown length but

except that for Python standard library, the bound 30 hacb tiorb
posed to stop the analysis. Section 3.3 experimentallypated the
effectiveness vs. cost of re nement.

Analysis. Start at the program entry point, and visit and inter-
pret each program node according to its semantics in the idoma
of precise types. The types for all variables and expressiorall
program nodes are assignedtt initially, and go up until a xed-
pointis reached. A total of 312 kinds of program nodes arelleah
Most of them are for built-in functions and are obvious. Wplain
how the dynamic features are handled.

First-class functions and methods. At calls to rst-classdtions,
the function type is used to determine which functions may be
called. Returning, passing, or assigning a function is tethd
by the type analysis algorithm propagating the functioretyp
to the type of the corresponding return expression, argtmen
expression, or the left side of the assignment, respeytivéle
same holds for methods.

Lambdas, inner functions, and methods in inner classesad h
function types. The function type contains a list of the free
variables and their types. The type is propagated by the type
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analysis algorithm as for other functions, and the typesef t
free variables are looked up when an application of the fanct
is analyzed.

Dynamic creation and rebinding. All dynamic creation arfaimd-
ing of elds, methods, and classes are reduced to eld coeati
and eld assignment of the form.f=y . Just as for normal eld
creation and assignment, the type analysis algorithm esemat
new instance typénew for x from the current typec,r for x,
wheref is added to the list of elds irtnew if f is not in the
list, and the type of is assigned the type of, the algorithm
then assigng the minimum supertype dfiew andteyr -

Variables may be reassigned objects of different typesrevhe
objects may be anything, including methods and classes. Thi
is handled by the type analysis algorithm propagating bgrref
ence, not by copying, the type of the right side of the assigrm
to that of the left side. Propagating the type by reference en
sures that types of aliased variables change together atrdgn
rebindings.

Type-based dispatch, including polymorphic functions &k
comparison of elements of heterogeneous collections. Atla ¢
to a polymorphic function or method, the analysis algorithm

constructs a CFG edge to each function or method with a com-

patible type signature for the parameters and return.
Type comparison of elements of heterogeneous collect®ns i

handled by the analysis algorithm as a normal comparison,

yielding bool,a (true) or booly (false) if the types of the

collection's elements are known, and are equal or not equal,

respectively, anthool otherwise.

Exceptions. Exceptions are objects. Becatrge blocks can be
nested, our analysis maintains a stack of exception handler
When analysis enterstay block, it pushes on this stack the
rst CFG node of eaclexcept (similar tocatch in Java) block
together with the class types of exceptions that éleept

block handles; these stack entries are popped when analysi

leaves thdry block.

When analyzing @ry block, including functions and methods
called during it, from each CFG node that may throw an
exception, the analysis adds an edge fromo each CFG node

Note that imprecision caused by re ection features for asee
ing elds, throughsetattr andgetattr , is limited to related
objects and elds, and thus is much less problematic thaai .

Re nement. Re ne and simplify the program using specializa-
tion and inlining as follows:

1. Clone procedures and methods so that there is one clone for
each different combination of basic types of arguments a pro
cedure or method is called with, and replace original caite w
calls to the clones with the corresponding argument types.

2. Eliminate code in the clones that becomes dead for the argu
ment types of the clone; this results in procedures and rdstho
that are specialized for each combination of argument types

3. Inline all procedure and method calls where inlining does
increase the number of program nodes; this eliminates tée ov
head of analyzing calls and returns without increasing ianog
size.

Type and control ow analysis takes tin@N S) because we
bound the set of types considered and the number of re nesiisnt
constants.

2.2 Alias analysis

Flow-sensitive alias analysis. We use the intraprocedural ow-
sensitive alias analysis originally studied by Choi et &hdgi
et al. 1993), by extending the optimal-time algorithm forbit
Goyal (Goyal 2005) to handle procedures, methods, and .elds
The extensions are standard: treating parameter passingsut
returns as assignments, and making methods into procethates
take an additional parameter for the object on which the oteih
invoked. We treat eld dereferences as variables excejtatas-
ing of the variable through which the eld is accessed is takeo
account: an assignment of the foxai = y is treated as a normal
update plus a weak updatertd with y for each aliag of x; and

san assignment of the form = y.f is treated as a normal update
p

lus a weak update to with r.f for each aliag of y. The algo-
rithm maintains a workset for each SEG node and iteratekalhti
worksets become empty.
These extensions do not change the optimality of the time com
plexity. The time complexity of Goyal's algorithm is optitnae-

in the stack where one of the corresponding exception class .se it is in the order of the size of input plus output; DI

types is compatible with the type of the thrown exceptiord an
adds an edge from to the program exit node; to improve
precision, if an exception thrown hy is de nitely caught by
one of theexcept clauses on the stack, edges frorto except

clauses lower on the stack and to the program exit node are

omitted. CFG edges involvinfinally  blocks are added in a
standard way.

Evals. The analysis distinguishes two cases. If the typehef t
argument ofeval is a union of constant strings, then create a
set of inner functions, one for each string in the union; @ea
CFG edge from theval node to the entry node of each of these

inner functions, and create a CFG edge from each exit node o

these inner functions to the CFG node immediately following
the eval node. The return type of theval is the minimum
supertype of the return types of the inner functions.

Otherwise, we uséop as the return type. Even in this case,
the behavior oeval of an unknown string may still be limited
by the language de nition; e.g., Python allows programnters
specify the sets of local and global variables thaeaal may
update. In the worst case, if @val may update anything, we
set the types of all variables in scopetop at thiseval node;
this is generally bad for precise control ow analysis, but o
experiments in Section 3.4 show that this rarely occurs.

V2) because the output is in the worst case alias pairs betwken al
variables at each program point. The extensions do not ehiuey
order of the program size, or the number of variables; thera
because programs in general have a constant number ofllgxica
mentioned elds.

Using types to improve alias analysis precisionWe modify the
algorithm to only allow alias pairs that have compatibleetypThis
applies to languages that do not allow arbitrary type cgssnch
as Python, Ruby, and JavaScript.

Our experiments show that using precise types signi cantly

f increases alias analysis precision compared with usinig bges,

with little or no penalty in running time.

Trace sensitivity. Precise alias analysis needs to distinguish be-
tween different calling contexts of a SEG node. We describeva
form of context sensitivity, called trace sensitivity, acmmpare it
with traditional context-sensitive analysis.

There are two major obstacles to context-sensitive arsalysie
rst is recursion: the number of contexts in a recursive pang
may be unbounded. A standard approach to this problem is (1)
representing a context as a sequence of calls or call sites, a
(2) distinguishing contexts by a xed-length subsequentsuch
sequences. For example, inlinimglevels of function calls of the
program is equivalent to (1) representing the context asjaesee
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of call sites, and (2) distinguishing contexts by the mséntries of
the sequence — information for all contexts with the same nrs
call sites is merged. We refer to analysis that does 1 levialiofng
as context-sensitive. Similarlp-CFA (Shivers 1988; Vitek et al.
1992) distinguishes contexts by the lastalls — information for
all contexts with the same lastcalls is merged. For typical small

We de ne a natural extension of trace sensitivity to allowreno
than one clone of a procedure in the same calling context, in
essence allowing extra levels of inlining for recursiveqadures.

We say that an analysis igce-sensitive witle extra clonesf it

allowse+1 clones of a procedure in a calling context. We observed
that fore > 1, the analysis runs out of memory for larger examples.

values forn, such approaches give imprecise results for dynamic We show experiments with= 1 in Sections 3.1 and 3.2.

languages that routinely use double dispatch and implésting of
calls, such as in the case of eld access in Python; largeregbf

Overall, our experiments show that removing cloned procesiu
that can be determined to no longer alter the alias pairsite qu

n make such analyses consume an unacceptable amount of spaceffective in reducing the memory usage, allowing analyéiame

The second problem is that, even in non-recursive progréms,
number of contexts in a program is worst-case exponentididn
depth of the nested procedure calls, hence storing aliamattion
for each context is infeasible for analyzing large programs

We address the rst problem by inlining all non-recursivélga
and by inlining calls to recursive procedures only once glawrall
path. We address the second problem by returning alias feairs
only nodes in the given SEG. We merge alias pairs for nodeseof t
inlined procedures into alias pairs for the correspondiodes in
the given SEG. We remove nodes of inlined procedures whaas ali
pairs for them are no longer needed for the rest of the cortipota
reducing memory consumption.

We say that this analysis tsace-sensitivebecause the output
of the analysis depends on execution traces, but does n@&t sto
information per context. Precisely, the analysis doesdhevfing:

When encountering a call nodeof a procedurd , if a clone

of f is not in the current calling context of, create a clone
of f , with cloned local variables; otherwise, do analysis on the
existing clone of in the calling context.

When adding the alias paiX{one , Ycione ) to the alias pairs for
a cloned nodecione , also add the alias paik(y) to the alias
pairs forn.

At the end of each iteration in which an alias pair in the wetks
of anoden is processed, for each clohBthat is reachable from

Python programs. Thus, trace sensitivity increases poecighile
remaining feasible for large programs.

Let p be the maximum size of a proceducehe the maximum
number of call nodes to a procedutebe the maximum depth of
calls to non-recursive procedures, amdbe the number of extra
clones allowed for each procedure. The analysis takébl +( p
0f DYy (v+(p o D )2)time. If one assumes thpt
¢, d, ande are bounded by constants, then the time complexity of
the trace-sensitive analysis is s@l(N  V?2).

Compressed representation.To reduce space usage, we intro-
duce a simple but important optimization. The alias pairsfich
node that has only one control ow predecessor node are acgct
explicitly, but are stored as changes to the alias pairseptede-
cessor node, which themselves may be stored as changesitiathe
pairs of the predecessor node of the predecessor nodeg allay

up to a node that has multiple predecessor nodes. A mempershi
test against the alias pairs of a node may involve as manyfmok
as the length of the chain of predecessors. We bound thenlefgt
such a chain to be no more than 30. Our experiments show that
this optimization reduces memory consumption for ow-séwns
analysis variants by up to a factor of 10.

Implementation issues. To implement the analyses, two addi-
tional problems must be solved.
First, non-trivial applications may use a large number ofcfu

n, if the worksets of all SEG nodes that can reach the entry node tions and classes for which the source code is not avail@blese

of f °are empty, theh ® and the alias pairs of all nodesfotare
removed to reduce memory usage.

Perform all other operations as in the ow-sensitive altjori
described previously.

At the end, return alias pairs for only nodes in the given SEG.

Our trace-sensitive analysis is always at least as presjsand
in our experiments always more precise than, context-Bitea
analyses. The increased precision is because our algoditm
tinguishes aliasing information in different contexts idgranal-
ysis, even though it subsequently merges information fiberdint
contexts. Our applications in optimization do not explaffetent
aliasing information for different contexts.

For programs without recursion, trace-sensitive analigsi-
ways at least as precise as, and often more precise thanakn an
ysis that distinguishes contexts by a subsequence of thiexton

functions and classes may be built into the language, beenrit
in a different language such as assembly, or be available ionl
compiled form. For example, Python has over 400 special-func
tions and classes implemented in C, either as part of thepireer
or separate C modules. The programs we analyzed containf165 o
these plus a special module. For the ten most commonly uskd bu
in classesift , float , bool, string , list , set, dict , class ,
module, type ) and the special module_puiltins __), we labo-
riously hand-coded their behavior in terms of their paramand
return types, side effects, CFG effects, and effects ors alérs,
in the abstract interpreter; this took 3100 lines of Pythear. all
remaining 155 cases, which are the vast majority, we justi-dup
cated the functionality of the C code in Python code witheggard
for time and space ef ciency; this makes the implementatiarch
easier and took only about 8000 lines of Python.

Second, the analysis on larger programs may take hours. We de

with lengthn. The increased precision is because trace-sensitive veloped a persistence layer for the analysis frameworkatats

analysis distinguishes aliasing information in everyiogllcontext
during analysis of non-recursive programs, while an amalyst
distinguishes contexts based on a subsequence of the turitiex
lengthn merges aliasing information for contexts whose length is
greater tham.

For programs with recursion, trace-sensitive analysis by
less precise than an analysis that distinguishes contesisdbon
context subsequences of lengthn > 1, for contexts involving
recursive calls. However, in experiments we have done, alysis
that inlinesn calls withn > 1 runs out of memory for several
examples. Our experiments in Section 3.4 also show thatsiecu
is rarely used.

ef cient storage and lookup of alias pairs on disk for furtlamal-

ysis. The persistence layer supports not only fast memipetst
against alias pairs computed by the analysis at any nodelfuoit

ef cient lookup of the set of variables that a given variablases

at a given SEG node and all of the subsequent SEG nodes in the
same basic block.

Analysis variants. For evaluation and comparison, we have im-
plemented the ow-sensitive trace-sensitive analysiss pte main
variations of it, for Python. The variations are:

two ow-insensitive analyses: one that is context-insansj
by extending Andersen's analysis (Andersen 1994) to handle
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dynamic and object-oriented features in a similar way as de- which each variable that was in the expression that evdptual

scribed above, and one that is context-sensitive, by tatkiag caused the exception was last modi ed during execution so as
ow-sensitive and context-sensitive variant below and girg to cause the exception.

the analysis r.e.sults for all program ngdes together. . The test suite processed 10 million XML records.

two ow-sensitive analyses: one that is context-insemsjtand Table 1 shows that the overhead of maintaining these piiepert
one that is context-sensitive, both by extending Goyalslysis when the transformation uses a ow- and context-sensitive b
as described. type-insensitive analysis, is 83%, 93%, and 310%, respyti

a ow-sensitive, trace-sensitive analysis that also @saxtra Precise type sensitivity decreases these to 73%, 89%, a2%b.19
clones. Adding trace sensitivity further decreases the overhea48s,

85%, and 85%, but increases the analysis time by up to 41% (fro

Each of these six alias analyses is also coupled with (1) pe ty 61 to 86 seconds)

analysis, i.e., type-insensitive, (2) type analysis udiagic types,

called basic-type-sensitive, and (3) type analysis usiregige Nftp. Using InvTS, we found the cause of a previously encoun-

types, called precise-type-sensitive, resulting in al tokd 8 vari- tered bug in nftp kfttp://inamidst.com/proj/nftp ), an FTP

ants. client that downloads directories from multiple machingsis bug
occurs when a directory listing command is issued beforeaagh

3. Experiments directory command completes. We wrote a transformatiosthat

maintains a set of outstanding FTP commands, and uses itdp de
mine where this error occurs. We ran nftp with 10 threadsh @@
directories totaling 20GB over a 1GBit connection, engyitimat

the program is CPU bound. Table 1 shows that the runtime over-
head when using ow- and context-sensitive but type-ingaes
analysis is 91%. Adding precise type sensitivity reduces &1%,

and adding trace sensitivity further reduces it to 73%.

We performed experiments that show the effectiveness ofoalr
ysis. Our rst set of experiments shows that our analysis loan
effectively used to incrementalize and specialize Pythogim@mams.
For the trace-sensitive analysis with extra clones, wewatine ex-
tra clone. We then evaluate the precision, memory usagesuemd
ning time of analysis variants. We also evaluate the efféceo
nement on alias analysis. Finally, we consider recursieval ,

andexec — constructs th.at can hurt our analysis precision — and General observations. Table 1 summarizes our InvTS exper-
show that these are rare in Python programs. iments. Figure 1 shows the overhead for the six precise-type
Unless otherwise specied, all experiments were performed sensitive variants of alias analysis. Flow-insensitivalysis per-
running Python 2.6.4 on Windows 7 64bit, running on a Core 2 forms poorly, whether context-sensitive or not. For owastive
Duo (Q9750 at 3.8GHz) CPU with 16 GB of memory. analysis variants, the context-sensitive analysis persoonly
slightly better than the context-insensitive analysis.eAson for

3.1 Effectiveness for optimization this is, in Python, eld assignments are usually two nestalisc

Effectiveness for incrementalization. InvTS (Liu et al. 2005, ( __setattr __and__setitem __; __setattr __is a method of the
2009) is a transformation system for Python that performsces object being updated, which usually then calls theetitem __
level incrementalization transformations by applyinghsfarma- method of thadict class object that represents elds of an object
tion rules that involve alias conditions. InvTS uses aliderimation as key-value pairs).

to statically determine the value of aliasing conditionpagsible. In generaln levels of inlining with the typical small values for

If the value of a condition is known at compile time, InvTS can n give imprecise results for dynamic languages that routinske
determine whether to transform a code segment. Otherwise, t double dispatch and implicit nesting of calls, such as inabeve

condition is inserted into the generated code as a run-tineekc case of eld access in Python; larger valuesahake the analyses
with the transformed code in the true branch and the origiode consume an unacceptable amount of space.
in the false branch. We conclude that the best trade-off between precision aal an
InvTS experiments are conducted by transforming Python pro ysis time is the ow-, trace- and precise-type-sensitivalysis.
grams using transformation rules and different variantsaléts While adding extra clones slightly increases precisiotakies sev-
analysis. The programs transformed are Ixml, an XML librand eral times as long to run.
nftp, an FTP client. The transformation rules incrementaihin-
tain properties that must hold during execution. For eactlyais Effectiveness for specialization. Psyco (Rigo 2004) is a special-
variant, we report the analysis time, runtime overhead rfgd as izing just-in-time compiler for Python. At startup, it coifgs all
fme i_time o 'wheretime ; andtime , are the running times of the  the bytecode it can to machine code. The remaining byteceeigsn
transformed and original programs respectively), and tmaber more information to be compiled, including alias infornaati Af-
of alias conditions for which runtime checks are eliminated ter collecting more information at runtime, Psyco compties re-
. . maining code to machine code. In our experiments, we augrdent
Lxml.  Lxml (http://codespeak.net/Ixml/ ) is a Python li- Psyco to be able to use alias information provided to it extiy,
brary to create and transfo_rm XML DOM trees. We_applled_ InvTS enabling Psyco to compile functions at startup that othsevii
to the test suite of the Ixml library to check the followingperties: would have to compile at runtime after collecting more infiar
Valid parent eld: In an XML document, all non-root elements ~ tion. We ran Psyco on its largest included benchmark, whish ¢
have a valid parent eld, i.e., elemeet parent eld equalsp sists of 397 lines of code, and performs assignments, class ¢
iff elementp hase as a child. struction, function and method calls, and list and dictignap-

erations. For this benchmark, Psyco, with no additionalsain-
formation passed to it, compiles only 43 out of 73 procedates
startup, speeding the program up 44%. We provided the sestilt
each alias analysis variant to Psyco, and measured the nwhbe
Cause of indexing out of range: For an expression of the form non-compiled procedures and the speedup compared to Rayco r
A[B], the value oBmust be a valid index oA If this property without this information. We do not include analysis timeemh

is violated, report the les and lines where tliedex out computing speedup, because analysis information can bputedh

of bounds exception became unavoidable, i.e., the location at once per program.

No shared child and not self child: In an XML document, an
element may be a child of at most one element, and an element
cannot be a child of itself.
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Ixml - Valid Parent Ixml - No Shared Child Ixml - Indexing nftp
97 alias checks 81 alias checks 1451 alias checks 31 alias checks

ow context type runtime checks analysig runtime checks analysig runtime checks analysi§ runtime checks analysis
sensitive  sensitivity ~ sensitivity overhead removed time| overhead removed time| overhead removed time| overhead removed time
no 92% 12 36 95% 12 39 440% 35 49 119% 7 19
no no basic 93% 12 36 95% 13 38 429% 35 50 119% 7 19
precise 91% 14 36 95% 13 39 381% 41 49 112% 9 19
no 88% 16 60 94% 15 62 364% 55 97 110% 9 83
no yes basic 88% 17 64 93% 17 62 350% 61 97 96% 11 82
precise 74% 26 61 90% 23 61 323% 89 99 91% 13 84
no 87% 17 42 93% 19 42 340% 79 62 93% 12 30
yes no basic 86% 17 43 91% 20 43 331% 81 61 89% 13 30
precise 73% 28 43 90% 28 46 219% 122 61 89% 13 30
no 83% 18 59 93% 20 57 310% 103 98 91% 13 80
yes yes basic 82% 18 61 90% 23 63 303% 112 95 86% 14 82
precise 73% 30 61 89% 29 61 192% 199 98 81% 14 81
no 82% 20 81 91% 19 85 160% 246 103 90% 12 63
yes trace basic 75% 28 82 88% 28 85 133% 344 109 7% 14 62
precise 14% 68 82 85% 40 86 85% 836 104 73% 16 63
no 67% 37 308 85% 37 312 124% 455 783 78% 14 119
yes trace extra basic 19% 61 308 85% 38 310 99% 603 780 74% 15 119
precise 14% 72 310 83% 41 311 83% 892 791 70% 17 118

Table 1. Runtime overhead, number of alias checks removed, andsasdigne (in seconds) in InvTS experiments. Runtime ovathsa

time time : : H 7 i i
e . wheretime  andtime , are running times of the transformed and original prograespectively.

ow context program uncompiled analysis

520,:| flow—insensitfve context—insénsitive 1 type
. L o sensitive sensitivity sensitivifyspeedup procedures  time
[ flow-insensitive, context-sensitive
480} o ) ., E no 3.8% 27 1.8
[ flow-sensitive, context-insensitive no no basic 4.8% 26 1.9
g a40F EEE flow-sensitive, context-sensitive 1 precise 6.7% 23 2.2
c I flow-sensitive, trace-sensitive no 7.2% 24 26.6
S 400| mmm flow-sensitive, trace-sensitive with extra clones l no yes basic 7.7% 23 26.9
g 360l ] | precise | 10.9% 21 27.0
g no 7.2% 25 4.0
5 320} = 1 yes no basic 7.2% 23 4.1
@ precise | 11.3% 20 4.2
£ 280f 1 no 6.7% 24 231
s yes yes basic 7.7% 23 24.1
o 2% I precise | 13.4% 18 23.8
T 200! | no 82% 24 51.1
3 yes trace basic 10.0% 22 51.4
§ 160 ] precise | 155% 16 52.6
] no 9.9% 22 331.1
£ 1201 1 yes trace extra basic 11.3% 20 335.7
¢ precise | 15.9% 15 339.3
S sof E
a0l | Table 2. Program speedup, number of procedures left uncompiled
at compile-time, and analysis time (in seconds) in Psyc@®exp

— — — . ments. Program speedup 22 wheretime , is the run-
Valid Parent  No Shared Child Indexing ning time using Psyco with alias information, anae , is the time
Figure 1. Runtime overhead of transformed programs, using USing the original Psyco, which leaves 30 procedures uniecip

precise-type-sensitive alias analysis, varying ow andteat sen-
sitivity.

results without performing the analysis again, thus arniogi the
cost of one analysis over a potentially very large numbeunos$r

Table 2 shows that the number of procedures compiled at
startup, and the resulting speedup, increases with thdspmec
of the alias analysis and type sensitivity. Flow-, traced precise- We evaluated the precision, maximum memory usage, and run-
type-sensitive analysis with extra clones yields the bestilts, ning time of the analysis variants by running them on seven
a speedup of nearly 16% compared to the original Psyco, which Python programs of diverse sizes. The programs include the
is 53% when compared to Python without Psyco, computed as standard Python hftp://www.python.org ) modules chunk,
1 (1 0:44) (1 0:16). Eliminating the use of extra clonesre- bdb, pickle , andtarfile ; Fortran2003 , a module ofSciPy
duces the speedup by 0.4% (15.9% - 15.5%) and the analyss tim (http://www.scipy.org/  ); bitTorrent  (http://www.bit-
by 84% (2:2-52:9). Even though the analysis time is signi cant, ~ torrent.com/ ); andstd.lib. , the set of Python standard li-
doing the analysis is worthwhile because after performieganal- braries used by the programs we analyzed. We recorded tpetput
ysis just once, every future run of the program can use thigsina running time, and maximum memory consumption.

3.2 Precision, memory usage, and running time
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Variables in order of increasing average alias set size
-

Program CFG node in order of visit

trace-sensitive
precise-type-sensitive

context-sensitive
precise-type-sensitive

context-insensitive
precise-type-sensitive

. >300

300

150

Alias Set Size

trace-sensitive with extra clonedrace-sensitive with extra clones
precise-type-sensitive basic-type-sensitive

Figure 2. Alias set size for each variable (shown horizontally) focte€FG node (shown vertically) for ow-sensitive analysariants for

tarfile

Precision of alias analysis variants. Figure 2 shows a visual
comparison of the results of the alias analysisadfile , for four
ow- and precise-type-sensitive analysis variants, plascompar-
ison, the trace- and basic-type-sensitive analysis wittaetones.
Columns represent the variables in the program; rows reptéise
CFG nodes. The shading represents the size of the alias set of
variable at a CFG node, where the alias set of a variable isaghe
of variables it may alias; lighter colors represent highercgsion,
and darker colors represent lower precision. This graphesak
clear that as we add context- and trace-sensitivity, theigion of
the analysis increases. Adding extra clones also impraeesgion,
but not by as great an extent. Type insensitivity reduceptbei-
sion of the analysis. Trace-sensitive analysis with exXtraes takes
far more time than trace-sensitive analysis without exiomes,
while providing only slightly higher precision. We conckidhat
the most practical alias analysis is the ow-, trace-, anecjse-
type-sensitive analysis.

Memory usage. Figure 3 shows the memory usage of the four
ow- and precise-type-sensitive analysis variants, witl avithout
compressed representation, and of the two uncompressest tra
sensitive variants without trace optimization (removahoflonger
needed procedure clones). Due to the large spread of vdda#s,
axes are drawn in log-scale.

Despite being a smaller program, the memory usage for devera
variants of the analysis ¢érfile  is larger than foFortran2003
because the average size of alias graphariile  is signi cantly
larger when analyzed by a ow-sensitive analysis. The mgmor
usage for ow-insensitive analysis variants are not showoaunse
they are much smaller.

From Table 3, itis clear that for trace-sensitive analy$iame
programs, both trace optimization and compressed repetsam
are required, otherwise memory usage is prohibitivelydangeven
medium-sized programs such tfile . Analyzing tarfile
without the optimizations consumes over 4 GB of memory. &rac
optimization alone reduces this to a still large 1.75 GB,levim-

. Variables are ordered by increasing average alias seitrsilae context-insensitive precise-type-sensitive agialy

10°

+-+ unoptimized trace-sensensitive
oo unoptimized trace-sensensitive extra clones

context-insensitive O- O
context-sensitive(]- {1
0 trace-sensitive+ +
trace-sensitive extra clones o - |
compressed context-insensitive O—O
compressed context-sensitive (-]
compressed trace-sensitive +—
Fompressgd trace-sensiFive extra glones o0—o

< .
Y

Memory usage (MBytes)

102 F

o, %

20 %, 96% q’%ﬁ )(é'r e 2 25

95, [22 AL N . 057, 0. %

> % o e 055% qg&a@/} %%
Number of AST nodes in program 0 %

Figure 3. Maximum memory usage for ow- and precise-type-
sensitive alias analysis variants, varying context seitgitus-

ing uncompressed or compressed representations. “uriaptim
means that trace optimization and compression are botbldia
trace optimization is enabled for all other trace-sensitigriants.
Data points are missing for cases where the analysis ranfout o
memory or time (limited to 4 hours). Both axes are log scale.

creasing running time by 46%, from 31.36 seconds to 45.90 sec
onds. Combining trace optimization and compressed reptase
tion further reduces the memory usage to 0.69 GB, while awre
ing the running time by only 14%, from 45.90 seconds to 52.38
seconds. Combining these two optimizations makes it feailp
trace-sensitive analysis to analyzi€Torrent  andstd. lib

Running time. Figure 4 and Table 3 show the running time of the
four ow- and precise-type-sensitive analysis varianting com-
pressed representation, and where applicable, trace iaption.

2010/5/30



context-insensitive

context-sensitive

AST unoptimized uncompressed| compressed unoptimized uncompressed  compressed

Program LOC Nodes|| time memory time memory | time memory || time memory time memory| time memory
chunk 172 493 1.01 31.06 1.28 31.04 258  39.07 3.10 39.07
bdb 609 2026 1.20 33.25 1.48  32.03 452 4171 5.07 40.85
pickle 1392 4239 1.65 76.20 1.98 36.51 10.04 121.43| 10.11 49.48
tarle 1796 7877 not applicable 3.23 1964.09 4.16 267.70| notapplicablg 20.69 2384.95| 23.11 341.45
Fortran 6503 15955 11.94 928.16| 12.77 157.25 77.71 1142.45| 80.97 188.16
bitTorrent 22423 102930 63.01 8134.75| 90.01 1198.93 298.86 11555.96| 330.44 1574.81

std. lib. 51654 420654 out of memory

trace-sensitive

317.44 2434.01

out of memory | 1519.68 3726.77

trace-sensitive with extra clones

AST unoptimized uncompressed| compressed unoptimized uncompressed|  compressed
Program LOC Nodes|| time memory time memory | time memory || time memory time memory| time memory
chunk 172 493 409 4174 497 39.16 565 39.13 7.10 4226 8.89 39.26] 10.37 39.15
bdb 609 2026 7.60 4376 7.61 41.40 8.76  40.18| 12.90 49.4¢ 1391 46.15| 16.08 40.85
pickle 1392 4239 11.12 291.61 13.94 88.60( 15.97 59.74 (| 21.11 812.11 34.69 294.06| 43.13 162.91
tarle 1796 7877 31.36 4203.29 45.90 1751.84| 52.38 688.53|| outof memory 236.76 8631.85| 283.45 2570.28
Fortran 6503 15955(| 123.65 3018.5F 262.93 1202.04| 298.23 627.41|| out of memory2687.26 8645.29|3389.17 3602.21
bitTorrent 22423 102930|| out of memory| 1068.36 10618.39|1211.87 2909.11|| out of memory out of time out of time
std. lib. 51654 420654|| out of memory|  out of memory |3401.69 13124.52|| out of memory out of time out of time

Table 3. Running time (in seconds) and maximum memory usage (in MByt# ow- and precise-type-sensitive alias analysis aats.
“unoptimized” means that trace optimization and compassire both disabled; trace optimization is enabled for thiéotrace-sensitive
variants; “not applicable” means that trace optimizatismot applicable to trace-insensitive variants; “out of rogyh means that the
memory usage of the analysis exceeded 16 GB; “out of time’hméaat its running time exceeded 4 hours.
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Figure 4. Running times for ow- and precise-type-sensitive alias
analysis variants using compressed representationngacgintext
sensitivity. Both axes are log scale.

For example, on BitTorrent with over 20K LOC, our ow-Serngs,
precise-type-sensitive, and trace-sensitive analysisubes com-
pressed representation takes 20 minutes and 12 seconds.

Here again, the trace-sensitive analysis is the most [réeisi-
ble variant, as the trace-sensitive variant with extra eforakes al-
most 1 hour to complete drortran2003 , and times out (exceeds
4 hours) onbitTorrent  and std.lib . Without extra clones,
the trace-sensitive analysis takes less than an hour tgznal
std.lib.  of over 50K LOC Running times of type-insensitive
and basic-type-sensitive alias analysis variants are restepted
because in our experience, increasing type sensitivitys du
signi cantly increase alias analysis time, especially whem-
pared to the bene ts of precise type sensitivity. Table vghthis:
the largest slowdown caused by precise type sensitivityeigea
secondslkml - Indexing , trace- and precise-type-sensitive vs.
trace- and basic-type-sensitive variant), and there esescahere
precise type sensitivity actually speeds alias analysis up

Table 3 presents the data used to generate Figures 3 and 4.

3.3 Effect of re nement on alias analysis

In this section, we determine the effect of re nement on slia
analysis, and show that re nement is worthwhile. To do this,
perform the following experiments on a subset of prograromfr
Section 3.1:

We measure the effect of re nement on the precision of alias
analysis results.

We measure how the program size varies as a function of the
bound on the number of iterations of analysis and re nement.

We measure how the overhead of the programs transformed
by InvTS varies as a function of the bound on the number of
iterations of analysis and re nement.

We measure how the time taken to transform these programs
varies as a function of the bound on the number of iteratiéns o
analysis and re nement.

Effect of re nement on precision of alias analysis. To demon-
strate how the precision of alias analysis results changedaire-
nement, we performed alias analysis baml - Indexing pro-
gram, without re nement, and then with re nement until a de
point was reached. This resulted in 7 functions being sfizeth
into 19 functions. We compute an average alias set size fdr ea
variable used in these functions, by averaging the aliasizetfor
that variable at all of the AST nodes in the functions. We tbem-
pute the mean average alias set size (MAASS) by taking the@mea
of the average alias set size for a set of variables. We cantpat
MAASS rst over all variables, then over a subset consistafg
only local variables and formal parameters.

Table 4 presents the results of this experiment. Using ne et
introduced 598 new AST nodes. Adding these nodes allowed the
re ned functions to be analyzed more precisely, with the N2&
decreasing from 15.3 to 15.1. When only local variables amdmp-
eters are considered, the MAASS was reduced more subdfantia
from 4.7 to 2.8. This shows that re nement is effective atrdas-
ing the alias set size of local variables and parameters.

Effect of re nement on program size. Re nement specializes
functions before alias analysis is performed, so it mayease

the size of the program that the alias analysis has to analyee
quantify this increase by measuring the number of AST noftes a

2010/5/30



without with

‘ re nement‘ re nement
MAASS, all variables 15.3 15.1
MAASS, locals and parametefs 4.7 2.8
number of AST nodes 5021 5619

Table 4. Precision of alias analysis ¢kml - Indexing , with
and without re nement. 12 re nement steps are performedizef
a xed-point is reached. MAASS is the mean average aliasizet s
of variables in specialized functions, computed as desdrib text.

re nement as a function of the bound on the number of iteretio
of analysis and re nement. Figure 5 shows that for all progsa
from Section 3.1, the program size never increases morelttfn
For programs from Section 3.2, re nement increased the rmrmb
of AST nodes of the analyzed program by an average of 13.686; th
maximum increase was 28.6%, for Python standard library.

6000 . . .

Ixml - Valid Parent
Ixml - No Shared Child
Ixml - Indexing

nftp

5500

%4
o
o
o

4500

Number of AST nodes in program

4000

3500 12 14

.
0 4 6 8 10
Bound on # of iterations

16

Figure 5. Number of AST nodes, as a function of the bound on the
number of iterations of analysis and re nement.

Effect of re nement on optimization. The increase in program
size due to re nement potentially increases the alias aistyme.
To determine whether the cost of re nement is worthwhile, we
measured (1) how the overhead of the programs transformad by
VTS in Section 3.1 varies as a function of the bound on the mumb
of iterations of analysis and re nement, and (2) how theltwtans-
formation time (including analysis time) for these progsavaries
as a function of that bound. The experiments were perfornsedju
the same setup as the experiments in Section 3.1.

Figure 6 presents the results. For each program, overhead de
creases as the bound increases, up to the point where a oietl-p
is reached, i.e., further iterations of analysis and re patrdo not
specialize any more functions. Foam| - Indexing andnftp ,
this happens when the bound is higher than 12 and 7, resglgctiv
The overhead reduction is in some cases quite signi camt) s
the almost 20% reduction fdxml - Indexing ; the extra trans-
formation time due to re nement never exceeds 10 secones, i.
12% of the total transformation time. Thus, for InvTS, rement
is clearly worthwhile, especially since the relatively mime ne-
ment cost is incurred just once, but the bene ts of lower bead
are reaped every time the transformed program is executed.

3.4 Prevalence of recursion, eval, and exec

Recursion. Trace sensitivity is a good t for programs where
deeply nested function calls are common, and recursion is no
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Figure 6. Runtime overhead of transformed programs and to-
tal program transformation time, using precise-type-sersalias
analysis, as a function of the bound on the number of itenatad
analysis and re nement.

prevalent. To determine how common recursion is in Pythan pr
grams, we looked at all Python programgy( les) on an Ubuntu
8.10 system, a total of 7,740 programs, including Pythona2d
2.5 standard libraries, thmpe framework, and many other utilities
and libraries.

We statically analyzed these programs to detect the pressnc
recursion that involves only calls to functions and callsmethods
throughself , analogous tahis in Java. Speci cally, we parsed
the program and constructed a call graph whose nodes aye full
quali ed function or method names, and with call edges iretlic
by function calls and method calls throughlf , i.e., calls of the
form self. m(...) (this is a call to the metho@.m, whereC
is the enclosing class). The call graph was searched fongitro
connected components (SCCs), which indicate recursion.

This analysis detected recursion in 461 out of 7,740 program
analyzed. Speci cally, 738 out of a total of 264,080 funotcare
in strongly connected components.

Since this analysis may miss some recursions, and it maytrepo
recursions that rarely (or never) occur during executioa,also
performed runtime detection of recursion on a subset of the p
grams. Speci cally, we ran the program in a way that recorithed
call history, and detected cycles in the call history; thesdes in-
dicate recursion. Out of the 7,740 programs, we selectesl with
a history of more than 50 calls when run without argumentss Th
eliminated programs that trivially terminate, and left §fdgrams.

Analysis of the call histories detected recursion in 66 @fsth
974 programs. Our static analysis detected recursion irf é¥ese
66 programs; this is an encouraging level of agreement. df th
programs surveyed are representative, our results shawhthase
of recursion in Python programs is limited.

Eval and exec. Uses ofeval functions andexec statements
(which are similar toeval functions, but do not return values)
cause the type of all accessible variables to bectmpeThis can
be detrimental to the precision of the type analysis unlessalls
to eval or exec contain a scope argument that restricts the set of
accessible variables.

We found that 237 out of the 7,740 programs esal or exec,
and only 39 of them do not restrict the set of accessible blasa
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To determine how frequentlgval or exec are called, we per-
formed an experiment similar to the one for runtime recursle-
tection, except that we searched the call histories fos ¢akval
or exec. Out of the 974 programs analyzed, only 101 use these
constructs outside of the Python libraries we reimplenskn@ur
reimplementations do not usgal orexec. Thus, for the purposes
of our type analysis, calls ®val orexec occurred in approx. 10%
of the programs surveyed.

Using our type analysis to determine all possible targdisnat
tion call sites and method call sites, we statically detbetié di-
rect and indirect uses @fval andexec in the programs from Sec-
tions 3.1 and 3.2. We manually inspected uses of these cotsto
determine whether the set of accessible variables is cedriWe
found that onlybdb useseval without restricting the set of accessi-
ble variablesfortran2003 , InvTS, andstd. lib.  useeval but
restrict the set of accessible variablebunk, pickle , tarfile
all Ixml programsnftp , andbitTorrent do not use these con-
structs at all. This con rms that use efal orexec with no restric-
tion on the set of accessible variables is rare in Pythonrprog.

4. Related work

Alias analysis and the related problem of points-to analysive
been studied extensively (Hind 2001), mostly for staticajped
languages, such as C and Java. Many positions on the speatrum
trade-offs between precision and scalability have beethosq:
ow-insensitive, context-insensitive analyses, such Aadersen
1994; Steensgaard 1996); context-sensitive, ow-ingemsanal-
yses, such as (Foster et al. 2000; Fahndrich et al. 2000;
lanova et al. 2005); context-insensitive, ow-sensitivealyses,
such as (Choi et al. 1993; Goyal 2005); and context-segsitw-
sensitive analyses, such as (Vitek et al. 1992; Emami eDal )L

Mi

There have been some studies on these trade-offs in the con-

text of statically typed languages. For example, ow sewijtin
analysis of C programs provides little improvement in psixei for
some applications (Hind and Pioli 2001; Mock et al. 2002) ibut
important in others (Hardekopf and Lin 2009); similarlyntext
sensitivity provided little precision bene t in analysi$ some C
programs (Ruf 1995) but was signi cant for some Java appitbos
(Lhotak and Hendren 2006).

Our analysis is trace-sensitive, a form of context sensitiv
ity based on cloning of functions. Guyer and Lin's clieniven
pointer analysis for C also uses cloning in providing a cwéte
able level of context sensitivity to client analyses (Guged Lin
2005). Signi cant differences between their work and ouestae
target language (C vs. Python) and the client analyses denesi
(error detection vs. optimization). Lattner et al. use afaf con-
text sensitivity that collapses strongly connected conepts and
then inlines everything (Lattner et al. 2007). Their analys for C
and is ow-insensitive, hence not appropriate for the ojtations
we consider as clients.

Sridharan and Bodik's analysis (Sridharan and Bodik 20G%) a
collapses strongly connected components in a contexitsens
points-to analysis for Java, but the analysis mutually esrcall
graphs and points-to information, while also Itering outrealiz-
able paths based on queried variables, making the analymis m
scalable than possible before. The analysis is still oweinsitive
and does not handle many dynamic features that we handle, an
thus still leaves much to be desired in precision and sdéiafor
optimization of dynamic languages.

We believe that trace-sensitivity analysis is especialltesl for
optimizations, for both dynamic languages and static lages.

Our work is the rst to assess the impact of ow sensitiv-
ity, context sensitivity, and type sensitivity on precisianemory
usage, and running time of alias analysis for a dynamic ¢bjec
oriented language, and evaluate the effectiveness of tredgses
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for program transformations and optimizations. We givenapé
example that shows ow-sensitivity and type sensitivite a&ssen-
tial for a precise analysis and effective optimization, veaes a
context-insensitive or context-sensitive analysis oveS8A rep-
resentation (Hasti and Horwitz 1998; Bravenboer and Snaatdg
2009) does not give the precision needed for optimizatidrerd
are fast and scalable context-sensitive but ow-insevsitinaly-
ses (Bravenboer and Smaragdakis 2009), but ow- and context
sensitive analysis of dynamic languages presents unigaé ch
lenges, e.g., signi cantly larger memory footprint and mamnore
strong updates.

Previous work on alias analysis for dynamic object-oridnte
languages does not handle the breadth of dynamic featuabw/¢h
handle. For example, the alias analysis for PHP in (Jovarehal.
2006; Balzarotti et al. 2008) does not handle rst-classcfions
(which PHP does not support) eval statements, and does not
compare different variants of the analysis. Jang and Claogy(dnd
Choe 2009) handles only a simple subset of JavaScript.

Control ow analysis for dynamic languages has been used
for Ajax intrusion detection (Guha et al. 2009). In that woak
interprocedural CFG for a JavaScript program is constcluote
ing k-CFA and then transformed into a request graph to build
an intrusion-detection proxy for the server that the progcmm-
municates with. Similar to our type analysis, their anaytsacks
constant strings and string operations and allows statituation
of eval s on constant strings. They make assumptions regarding
eval s that we do not makesval s return only objects that do not
have methods, andval s do not write into variables that are not
local to the argument of theval . Their analysis is reported to take
about 45 minutes on programs of about 6K LOC but cannot handle
10K LOC.

Type analysis for dynamic languages is well known to be dif-
cult. Starkiller (Salib 2004), a static type inference émg for
Python, has several limitations compared to our work: itagv-
insensitive (i.e., does not allow variables to have diffétgpes at
different program nodes), does not support union types,daed
not track contents of collections. The type system and tyfer-
ence algorithm for a subset of JavaScript in (Anderson &Qfl5)
also has these limitations; in addition, it does not supmddtand
method names as strings, functions as expressiorsabr Local-
ized Type Inference (Cannon 2005) for Python cannot infees$yof
method and procedure arguments automatically, and doesupet
port single-value types, range types, or union types. DraiBack
(Furr et al. 2009), a static type inference system for Rulnypsrts
intersection types, union types, single-value types, ardrpetric
polymorphism, but it does not support analysisweél or method
calls when the target object's type is unknown. Our precjpes
for Python are sketched brie y in (Gorbovitski et al. 2008yt it
does not describe handling of dynamic language featuresrge
ization during type analysis, and re nement between anglys

Our static type analysis plays two important roles. Fingpet
information is used to statically determine dynamic dispat
which is crucial to obtain a precise control ow graph (Bacomd
Sweeney 1996; Sreedhar et al. 2000). Second, type infameti
used to eliminate alias pairs that are impossible due to tyise
matches. Type information has been used for the latter gerpo

lias analysis for statically typed languages, e.g., Ma@i(Diwan

t al. 1998) and Java (Lhotak and Hendren 2003), but it doés n
signi cantly help there, because most statements that avordate
such alias pairs are rejected by the type checker. In cantras
experiments show that static inference of precise typesigee
signi cant bene ts for alias analysis for dynamic language

Storing all of the alias sets for a program can consume a lot of
memory, especially for ow-sensitive, context-sensitizralyses.
We reduce the memory requirements using a compressed repre-
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sentation that exploits the similarity between alias setdg@cent
nodes in the CFG. Another approach is to represent aliag@ets
points-to sets) symbolically, e.g., using BDDs (Lam et &0%).
Unfortunately, BDDs are slow for ow-sensitive analyseschuse
of the large number of strong updates to pointer informatiterd-
ekopf and Lin 2009). Hardekopf et al. overcome this in a plyti
symbolic, semi-sparse context-insensitive pointer aigsljor C
(Hardekopf and Lin 2009). Extending and evaluating thosasd
in the setting of dynamic languages is a direction for fuiuoek.
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