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ial Intelligen
e LaboratoryMassa
husetts Institute of Te
hnologyAbstra
tDynami
 partial evaluation performs partial evaluation as a side e�e
t of evalu-ation, with no previous stati
 analysis required. A 
ompletely dynami
 versionof partial evaluation is not merely of theoreti
al interest, but has pra
ti
al appli-
ations, espe
ially when applied to dynami
, re
e
tive programming languages.Computational re
e
tion, and in parti
ular the use of meta-obje
t proto
ols(MOPs), provides a powerful abstra
tion me
hanism, providing programmati
\hooks" into the interpreter semanti
s of the host programming language. Un-fortunately, a runtime MOP defeats many optimizations based on stati
 analysis(for example, the appli
able methods at a 
all site may 
hange over time, evenfor the same types of arguments). Dynami
 partial evaluation allows us to ap-ply partial evaluation te
hniques even in the 
ontext of a meta-obje
t proto
ol.We have implemented dynami
 partial evaluation as part of a Dynami
 VirtualMa
hine intended to host dynami
, re
e
tive obje
t-oriented languages. In thispaper, we present an implementation of dynami
 partial evaluation for a simplelanguage { a lambda 
al
ulus extended with dynami
 typing, subtyping, generi
fun
tions and multiple dispat
h.1 Introdu
tionOur goal is the eÆ
ient implementation of dynami
, higher-order, re
e
tiveobje
t-oriented languages. Language features that we must support in
lude dy-nami
 typing, runtime method de�nition, �rst 
lass types (with subtyping), �rst
lass (and higher order) fun
tions, and re
e
tion.The 
on
ept of a meta-obje
t proto
ol (MOP) [KdB91℄ subsumes many of theabove-listed features. A MOP is based upon 
omputational re
e
tion [Mae87℄{ giving a program a

ess to its internal stru
ture and behavior and allowingprogrammati
 manipulation of that stru
ture and future behavior. A MOP en-tails that the entities being returned by re
e
tive operations and manipulatedprogrammati
ally be �rst 
lass { thus the need for �rst 
lass fun
tions, types,
lasses, et
. We want to at on
e support the power and abstra
tion of meta-obje
t proto
ols while at the same time providing eÆ
ient exe
ution, espe
iallywhen MOP-related features are not being used. For example, if the MOP pro-vides programmer 
ontrol over method dispat
h, but the programmer has not



2 Gregory T. Sullivanused that feature, the implementation should not instrument every method 
allin order to support the unused abstra
tion. The resear
h des
ribed in this pa-per is part of a proje
t to implement a Dynami
 Virtual Ma
hine (DVM) { aVM well-suited to hosting dynami
, re
e
tive languages. The small formal lan-guage �DVM presented in this paper is a simpli�ed version of the DVM's nativelanguage, DVML.Partial evaluation [JGS93℄ is a general te
hnique for spe
ializing parts of aprogram with respe
t to known values. For example, if a fun
tion has multiplearguments, and that fun
tion is 
alled frequently with the same values for someof the arguments, it may be worthwhile to 
reate a spe
ialized version of thatfun
tion for those 
ommon argument values. Within the body of the spe
ializedversion of the fun
tion, we may be able to optimize awaymany 
omputations thatdepend solely on the values of the arguments against whi
h we are spe
ializing.Experien
e has shown that many of the elements of a program exposed andmade mutable by a MOP (e.g. the 
lass stru
ture, methods of a virtual fun
tion,method dispat
h algorithm, et
.) in fa
t 
hange only rarely at runtime. Thuswe may guardedly treat these aspe
ts of an appli
ation as 
onstant and thenapply partial evaluation te
hniques to remove 
omputations that depend onthese mostly-
onstant program properties.2 Related WorkA number of resear
hers have been drawn to using partial evaluation te
hniquesto eliminate overhead due to re
e
tive operations. This is not surprising, as are
urrent theme in partial evaluation resear
h has been the elimination of \inter-pretive overhead" (espe
ially by using self appli
ation), and re
e
tive operations
an be viewed as exposing an interpreter semanti
s to programs.Masuhara et al. [MMAY95, MY98℄ use partial evaluation to eliminate in-terpretive/re
e
tive overhead in an obje
t-oriented 
on
urrent language. Par-tial evaluation is performed as part of 
ompilation, and impressive results arere
orded, with nearly all interpretive overhead removed in some 
ases. A limita-tion of their system is that all possible e�e
ts on meta-level fun
tionality mustbe known at 
ompile time. For example, if modi�
ation to the evaluation of vari-ables will be e�e
ted at runtime, whi
h modi�
ations must be known at 
ompiletime.In [BN00℄, Braux and Noy�e use partial evaluation te
hniques to eliminatere
e
tion overhead in Java [GJSB00℄. Java provides limited re
e
tion fun
tion-ality, but no �ne-grained MOP to manipulate the features 
overed by re
e
tion.For example, a Java program may query what methods belong to a 
lass butmay not add or remove a method. Java does support 
oarse-grained rede�nitionvia dynami
 
lass loading. The partial evaluation rules presented in [BN00℄ arespe
i�
 to Java and would not work with a di�erent language or runtime.Online partial evaluation (e.g. [Ruf93℄) residualizes with respe
t to a
tualvalues, as does dynami
 partial evaluation. The ma
hinery and 
hallenges of dy-nami
 partial evaluation parallel those of online partial evaluation, using runtime



Dynami
 Partial Evaluation 3analogs of the stru
tures maintained by online partial evaluation (e.g. generi
fun
tions for polyvariant spe
ialization).Runtime partial evaluation, as in [CN96, VCC97℄, defers some of the partialevaluation pro
ess until a
tual data is available at runtime. However, the s
opeand a
tions related to partial evaluation are largely de
ided at 
ompile time.Dynami
 partial evaluation goes further, deferring all partial evaluation a
tivityto runtime.The te
hnique of spe
ializing a fun
tion on �ner types than originally de-
lared, in a language with dynami
 dispat
h, has been pursued by several re-sear
h e�orts { notably the Self [Cha92℄ and Ce
il [DCG95℄ proje
ts. In [VCC97℄and [SLCM99℄, Volan
hi, S
hultz, et al. use de
larations and partial evaluation toa
hieve similar spe
ialization for obje
t-oriented programs. The implementationof dynami
 partial evaluation presented in this paper also produ
es spe
ializedversions of fun
tions.The runtime partial evaluation in [VCC97℄ in
ludes the notion of guardsagainst future violation of invariants, and dynami
 partial evaluation against\likely invariants" also requires su
h guards. The idea of optimisti
 optimizationwith respe
t to quasi-invariants has been pursued by Pu et al. in the Synthesiskernel [PMI88℄ and then Synthetix [PAB+95℄ proje
ts in the 
ontext of operatingsystems.3 OverviewWe present an overview of the main 
on
epts used in this paper, in
luding dy-nami
 partial evaluation, generi
 fun
tions, and multiple dispat
h.3.1 Dynami
 Partial EvaluationDynami
 partial evaluation happens as a side-e�e
t of evaluation. At runtime,an expression is evaluated with respe
t to an environment that 
ontains boththe usual dynami
 bindings of identi�ers to values, and also stati
 bindings fromidenti�ers to types. The stati
 
omponent of the environment 
orresponds tothe symboli
 environments of 
ompile-time partial evaluation. In addition toprodu
ing a value for the expression, dynami
 partial evaluation produ
es aresidual version of the original expression based on the types in the environment.The folding that o

urs to produ
e a residual expression is the same as in onlinepartial evaluation { if the environment indi
ates that an identi�er maps to afully stati
 value (i.e. has a singleton type), then an expression based on thatidenti�er may be folded. Optimization may o

ur if a value is not fully stati
,but its type is known. For example, if a

urate types are known for argumentvalues before a 
all, dynami
 type 
he
ks may be avoided.Note that dynami
 partial evaluation does not su�er from the \in�nite un-folding" issues of stati
 partial evaluation. Be
ause dynami
 partial evaluationhappens during evaluation, partial evaluation only loops if the appli
ation loops.



4 Gregory T. SullivanWhile dynami
 partial evaluation is de�ned at the expression level, 
ontroland 
olle
tion of the results of dynami
 partial evaluation happen at the fun
tionlevel. For example, suppose a fun
tion f(int x, Obje
t y) is 
alled repeatedlywith a value of 42 for x and with (di�erent) instan
es of the Point 
lass for y. Forone su
h invo
ation of f, the de
ision is made to evaluate the body with dynami
partial evaluation enabled. For the duration of this 
all to f, every expressionis evaluated in an environment that maps x and y to both their a
tual 
on
retevalues (42 for x, some Point instan
e for y), and also to the types eq(42)1 andPoint. When the exe
ution of f's body is 
omplete, we have both a 
on
retevalue for this 
all, and also a new version of f's body expression, spe
ialized tothe signature (eq(42);Point). Within the body of the spe
ialized version, we willhave performed optimizations assuming that x is 42 and that y is an instan
e ofthe Point 
lass. The new, spe
ialized version of f is then added to f's generi
fun
tion and will be sele
ted whenever f is 
alled with its �rst argument 42 andits se
ond argument an instan
e of Point.Dynami
 partial evaluation is intended to be used in 
onjun
tion with morestati
 te
hniques. However, the dynami
 features of the languages we are target-ing often pre
lude optimizations based on stati
 analysis, and dynami
 partialevaluation gives us a valuable tool for optimizing in the fa
e of extreme dy-namism.3.2 Generi
 Fun
tions and Multiple Dispat
hThe virtual ma
hine in whi
h we have implemented dynami
 partial evalua-tion provides generi
 fun
tions and multiple dispat
h. Generi
 fun
tions andmultiple dispat
h are used not just to model 
orresponding features in sour
eprogramming languages, but are also an integral part of our implementationof dynami
 partial evaluation. The key insight is that adding spe
ialized meth-ods to a generi
 fun
tion at runtime 
orresponds to polyvariant spe
ializationin 
ompile-time partial evaluation, and the 
ompile-time notion of sharing ishandled at runtime via multiple dispat
h.A generi
 fun
tion is a set of \regular" fun
tions and sele
tion 
riteria for
hoosing one of those fun
tions (or signalling an error) for any given tuple ofarguments. In a single dispat
h language, su
h as C++ or Java, a generi
 fun
-tion 
orresponds to a virtual method, and the sele
tion 
riteria is to �nd themethod de�ned in the 
lass nearest above the re
eiver's 
on
rete 
lass in the
lass hierar
hy. Multiple dispat
h generalizes single dispat
h in that more thanone argument may be used in the method sele
tion pro
ess. For example, wemay de�ne a generi
 fun
tion foo 
onsisting of the following methods:void foo(A this, A that); // method 1void foo(B this, B that); // method 2void foo(C this, B that); // method 3Suppose that B is a sub
lass of A and C is also a sub
lass of A (and all 
lassesare instantiable). Then the following sequen
e of 
ode:1 The notation eq(v) denotes the singleton type 
ontaining exa
tly one value, namelyv.



Dynami
 Partial Evaluation 5A anA = new A(); B aB = new B(); C aC = new C();foo(aC, anA); foo(aB, aC); foo(aB, aB); foo(aC, aB);invokes methods 1, 1, 2, and 3 in order.Support for generi
 fun
tions and multiple dispat
h serves two distin
t pur-poses in our system. First of all, we are interested in supporting languages with\interesting" dispat
h me
hanisms, in
luding multiple dispat
h su
h as in Dylanand CLOS. Se
ondly, it is via the generi
 fun
tion and multiple dispat
h me
h-anisms that we both 
a
he and also invoke spe
ialized versions of fun
tions atruntime. Consider the �rst 
all to foo, above. If the �rst 
all, foo(aC, anA), isexe
uted with dynami
 partial evaluation enabled, we may get a new version ofmethod 1,// (spe
ialized version of method 1)void foo(C this, A that); // method 4Within the body of the new method, dynami
 dispat
h based on, or dynami
 type
he
king of, the this argument may now be optimized under the assumptionthat this is an instan
e of 
lass C. After adding the new method to the foogeneri
 fun
tion, later 
alls to foo with arguments of 
lass C and 
lass A willresolve to this newly 
reated method.4 �DVM, A Dynami
ally-typed Lambda Cal
ulus withSubtyping and Generi
 Fun
tionsTo 
larify the me
hanism of dynami
 partial evaluation, we introdu
e �DVM, adynami
ally-typed lambda 
al
ulus with subtypes and generi
 fun
tions. Fig-ure 1 gives an operational semanti
s for this simple fun
tional language. �DVMis modeled after, but mu
h simpler than, DVML, the \native" language of theDynami
 Virtual Ma
hine. Among other things, DVML supports re
ursive fun
-tions, predi
ate types [EKC98℄, and more 
ompli
ated fun
tion signatures. Thesyntax of �DVM is given by the following grammar:Exp ::= x j n j (if Exp Exp Exp)j (
all Exp Exp +) j (gf-
all Exp Exp +)j (lambda ([x Exp℄+) Exp : Exp)where x ranges over identi�ers and n ranges over integers. Note the Exp phrasesin lambda expressions for spe
ifying the argument types and result type of afun
tion.The evaluation relation ) takes an expression e, an environment �, and atype � to an extended value V . Extended values are triples of a tagged valuev, an expression, and a type. Evaluation must satisfy the following 
onstraints(read ' as \destru
tures into"):[) 
onstraints ℄ If [[e℄℄ � � ) V ' hv; e0; � 0ival, then1. v : � 0, and2. � 0 � � .



6 Gregory T. Sullivan) � (Exp � Env � Type)� ExtValue; ExtValue=TagValue � Exp �Typee refers to the expression being evaluated in the 
urrent rule; \�" means \don't 
are"F is a �nish fun
tion de�ned elsewherev = some-operation binds v to the result of some-operation.v ' e0 de
onstru
ts value v into its 
omponent parts.�([[x℄℄) = V ' hv;�;�ival ; 
he
k(v; � )[[x℄℄ � � ) F(e; hV i; �; � ) 
he
k(n; � )[[n℄℄ � � ) F(e; hhn; e; eq(n)ivali; �; � )[[e0℄℄ � �bool ) V0 ' htrue;�;�ival[[e1℄℄ � � ) V[[(if e0 e1 e2)℄℄ � � ) F(e; hV; V0i; �; �) [[e0℄℄ � �bool ) V0 ' hfalse;�;�ival[[e2℄℄ � � ) V[[(if e0 e1 e2)℄℄ � � ) F(e; hV; V0i; �; � )[[e0℄℄ � �fun ) Vf ' h
losure(h[[x1℄℄; : : : ; [[xn℄℄i; h�arg1 ; : : : ; �argni; �res; [[ef ℄℄; �f );�;�ival[[ei℄℄ � �argi ) Vi ' hvi; [[e0i℄℄; �iival; i 2 1 : : : n[[ef ℄℄ �f [xi 7! hvi; [[e0i℄℄; glb(�i; �argi)ival℄; glb(�; �res)) V; i 2 1 : : : n[[(
all e0 e1 : : : en)℄℄ � � ) F(e; hV; Vf ; hV1; : : : ; Vnii; �; � )[[e0℄℄ � �gf ) Vg ' hgeneri
(ms; h�g1 ; : : : ; �gni; �gres);�;�ival[[ei℄℄ � �gi ) Vi ' hvi; [[e0i℄℄; �iival; i 2 1 : : : n�nd-mam(ms; hV1; : : : ; Vni) ' hVf ; stati
?iVf ' h
losure(h[[x1℄℄; : : : ; [[xn℄℄i; h�arg1 ; : : : ; �argni; �res; [[ef ℄℄; �f);�;�ival(spe
ialize?; hspe
-type1; : : : i) = 
hoose-spe
ialization(Vg; Vf ; hV1; : : : ; Vni)arg-typei = (spe
ialize?)spe
-typei; glb(�i; �argi)); i 2 1 : : : n[[ef ℄℄ �f [xi 7! hvi; [[e0i℄℄; arg-typeiival℄ glb(�; �res)) V; i 2 1 : : : n[[(gf-
all e0 e1 : : : en)℄℄ � � ) F(e;F-vals; �; �); whereF-vals = hV; Vg; hV1; : : : ; Vni; Vf ; stati
?; spe
ialize?; hspe
-type1; : : : ii[[e�i ℄℄ � �type ) V�i ' hv�i ;�;�ival; i 2 1 : : : n[[e�res ℄℄ � �type ) V�res ' hv�res ;�;�ivalvf = 
losure(h[[x1℄℄; : : : ; [[xn℄℄i; hv�1 ; : : : ; v�ni; v�res ; [[e0℄℄; �)Vf = hvf ; e; eq(vf )ival ; 
he
k(vf ; � )[[(lambda(x1 e�1 ; : : : ; xn e�n)e�res : e0)℄℄ � � ) F(e; hVf ; hV�1 ; : : : ; V�ni; V�resi; �; � )Fig. 1. �DVM, A Dynami
ally typed � Cal
ulus with Subtyping and Generi
 Fun
tionsThat is, the type � is a type 
onstraint that the returned value, v, must satisfy.A tagged value is a value for whi
h the fun
tion type-of returns a type. InFigure 1, upper 
ase V 's range over extended values, and lower 
ase v's overtagged values. There is syntax for 
reating integer, boolean, and 
losure taggedvalues, and there are prede�ned fun
tions for 
reating other tagged values, in-
luding types, generi
 fun
tions, mutable 
ells, and lists. A type may be one ofthe prede�ned types or built from a type 
onstru
tor { see Figure 2 for someprede�ned values. Creating an extended value with tagged value v, expression eand type � is denoted hv; e; �ival.



Dynami
 Partial Evaluation 7Types are ordered as follows: all types are subtypes of >, ? is a subtype of alltypes, subtyping between types 
onstru
ted using logi
al 
onne
tives is based onimpli
ation, fun
tion types have the usual 
ontravariant subtyping, a singletontype eq(v) is a subtype of type-of(v), and there is a prede�ned fun
tion, subtypefor 
reating subtypes of (multiple) other types.Prede�ned Type Values: >;?; �int; �bool; �fun; �gf for top, bottom, integers, booleans,fun
tions (
losures), and generi
 fun
tions, respe
tively.Prede�ned Boolean Values: true, false.Prede�ned Fun
tion Values:� and(
onjun
t-types), or(disjun
t-types), not(type), fun(arg-types; result-type) { buildtypes from other types.� type-of(v) returns the (
on
rete) type for a given tagged value v.� 
he
k(v; � ) returns true if type-of(v) is equal to or a subtype of � ; otherwise, haltswith an error.� stati
?(ext-val) For an extended value hv; e; �ival, returns true if � � eq(v) { thatis, if the value is 
ompletely stati
. We use � rather than = for type 
omparisonbe
ause our type system in
ludes 
onjun
tive types �&� 0 su
h that � � (�&� 0)and � 0 � (�&� 0).� list(v1; : : : ; vn), 
losure(var; arg-type; result-type; body-exp; 
losure-env),generi
(list-of-methods; arg-type; return-type), subtype(list-of-supertypes), eq(val):
onstru
tors for lists, 
losures, generi
 fun
tions, subtypes, and singleton types,respe
tively.� add-method(generi
; fun) adds a fun
tion (method) to a generi
 fun
tion.� glb(list-of-types) 
onstru
ts the greatest lower bound of its type arguments.� �nd-mam(list-of-funs; arg-vals) sele
ts the most appli
able method given a set offun
tion (\methods") and a ve
tor of argument values. If there are no appli
a-ble methods, �nd-mam halts with a \no appli
able methods" error. If there aremultiple (non-
omparable) most appli
able methods, �nd-mam halts with an \am-biguous methods" error. Otherwise, it returns the most appli
able method and alsoa 
ag indi
ating whether method sele
tion was stati
 (more on this in Se
tion 4.2).Fig. 2. Prede�ned values for �DVMEnvironments �map from identi�ers to extended values. The dynami
 
ontextis the proje
tion of the environment as a map from identi�ers to tagged values(i.e. the tagged value 
omponent of the mapped-to extended value). The stati

ontext is the proje
tion of the environment as a map from identi�ers to types(i.e. the type 
omponent of the mapped-to extended value).When evaluation of an expression is 
omplete, the �nish fun
tion F is 
alledwith all the values relevant to the just-�nished evaluation. F has type:(Exp;Ve
tor(Value);Env;Type)!ExtValue and must of 
ourse satisfy [) 
on-straints℄ { that is, if F(e; hV; : : : i; �; �) = V 0 ' hv; e0; � 0ival, then v : � and



8 Gregory T. Sullivan� 0 � � . For simple interpretation, we instantiate F as the �nish fun
tion Fsimp:Fsimp(e; hV; : : : i; �; �) = VFsimp simply returns the �rst value in its value ve
tor. Later, we will de�ne a�nish fun
tion Fpe that implements dynami
 partial evaluation.4.1 Dis
ussion of Evaluation RulesIn Figure 1, the symbol e always refers to the expression being evaluated. Arule subexpression of the form v = some-operation binds v to the result ofsome-operation for use elsewhere in the rule. An expression of the form v ' e0de
onstru
ts the value v, binding the variables mentioned in e0. We use the sym-bol \�" to indi
ate that we will not make use of the 
orresponding 
omponentvalue.var-ref: Evaluation of a variable referen
e x looks up the identi�er x in theenvironment, 
he
ks that it satis�es the 
urrent type 
ontext � , and sends thevalue to F (whi
h, in the basi
 interpreter, simply returns the value).integer: Evaluation of a numeri
 literal n 
he
ks the value n against the 
urrenttype 
ontext � , 
onstru
ts an extended value with a fully-stati
 type, and thensends the value to F .if-true, if-false: Evaluation of an if expression �rst evaluates the test expressione0 in a boolean type 
ontext, produ
ing V0. Either the true bran
h, e1, or thefalse bran
h, e2, is evaluated, depending on the truth value of the tagged value
omponent of V0, and then the resulting value is sent to F , along with V0.
all: Evaluation of a fun
tion 
all �rst evaluates the fun
tion expression e0 ina �fun type 
ontext. We then destru
ture the fun
tion value (
losure) into itsbound variables h[[x1℄℄; : : : ; [[xn℄℄i, argument types h�arg1 ; : : : ; �argni, result type�res, body ef , and the 
losure's 
reation environment �f . Then the 
all's argumentexpressions ei; i 2 1 : : : n are evaluated in type 
ontexts of �argi . For the values towhi
h the fun
tion arguments will be bound, we 
reate new extended values withtypes that are the greatest lower bound of the stati
 type �i of the argumentvalue and the fun
tion's argument type �argi for ea
h argument position i . Nextthe body of the fun
tion, ef , is evaluated with the appropriately extended 
losure
reation environment and with a type 
ontext that is the greatest lower boundof the fun
tion's return type (�res) and the 
urrent type 
ontext (�). Finally, allrelevant values are sent to F .gf-
all: Evaluation of a generi
 fun
tion 
all �rst evaluates and destru
tures itsgeneri
 fun
tion argument. A generi
 fun
tion 
onsists of a triple: a set ms offun
tions, aka \methods", a ve
tor of the argument types �gi , and the resulttype �gres . All fun
tions 
losure(h[[x1℄℄; : : : ; [[xn℄℄i; h�arg1 ; : : : ; �argni; �res; ef ; �f ) inms must satisfy the following 
onstraints:1. �argi � �gi for ea
h index i, and2. �res � �gresThe generi
 fun
tion 
all arguments are then evaluated with respe
t to the ar-gument types. Then the helper fun
tion �nd-mam is 
alled to sele
t the most



Dynami
 Partial Evaluation 9appli
able method from the set ms given the a
tual argument values Vi. Thefun
tion 
hoose-spe
ialization de
ides whether or not to produ
e a new methodfor this generi
 fun
tion (using the results of dynami
 partial evaluation). If so,
hoose-spe
ialization returns true and a ve
tor of argument types. If methodspe
ialization is not 
hosen, the arguments are assigned types as in normal fun
-tion 
all { the greatest lower bounds of the de
lared argument types (of the mostappli
able method) and the stati
 types of the argument values. For simple inter-pretation, 
hoose-spe
ialization always returns false. We dis
uss other s
enariosin Se
tion 5.1. The body ef of the most appli
able method is then invoked as ina normal fun
tion 
all.abstra
tion: Evaluation of a lambda expression �rst evaluates the expressionsfor the argument types, e�i , and result type, e�res , all of whi
h must satisfy the�type type. Then a 
losure is 
reated, the value is 
he
ked against the 
urrent type
ontext � , and the 
losure is sent to F .4.2 Generi
 Fun
tion Method Sele
tionThe helper fun
tion �nd-mam(ms; hV1; : : : ; Vni) �rst �nds the subset of ms thatare appli
able given the argument values, Vi ' hvi; e0i; �iival:msapp = ff j f 2 ms & f ' 
losure(h[[x1℄℄; : : : ; [[xn℄℄i; h�arg1 ; : : : ; �argni; �res; ef ; �f )& 
he
k(vi; �argi); i 2 1 : : : ngIf msapp is empty, a \no appli
able method" error is 
agged and exe
ution halts.Next a set of 
andidates for the most appli
able method is derived (ideally asingleton set):mams = ff j f 2 msapp& f ' 
losure(h[[x1℄℄; : : : ; [[xn℄℄i; h�arg1 ; : : : ; �argni; �res; ef ; �f )& (6 9f 0 2 msapp s.t.f 0 ' 
losure(h[[x01℄℄; : : : ; [[x0n℄℄i; h� 0arg1 ; : : : ; � 0argni; � 0res; e0f ; �0f )& � 0argi � �argi for any i 2 1 : : : n)gFor any two appli
able methods in msapp, if the argument types of one of themethods are all � the 
orresponding argument types of the other, the se
ond(less spe
i�
) method is removed from 
onsideration. It is not allowed for twomethods in a generi
 fun
tion to have identi
al argument type ve
tors. The set ofmost appli
able method 
andidates, mams, 
onsists of appli
able methods ea
hof whi
h has an argument type ve
tor that is in
omparable to the argumenttype ve
tor of any other method in mams. If the set of most appli
able method
andidates, mams, has exa
tly one element, that element is returned; otherwise,an \ambiguous methods" error is signalled and exe
ution halts.�nd-mammust also keep tra
k of whether the sele
tion of the most appli
ablemethod 
an be a

omplished using only the type information in the extendedvalue tuples. For example, suppose the relevant type hierar
hy is �2 � �1, thesingle argument value V has a 
on
rete type of �2, and there are methods forthe generi
 spe
ialized on �2 and �1. If the stati
 type of the argument valueis �1 (that is, V ' hv;�; �1ival, and 
he
k(v; �2)), the 
hoi
e of method 
annotbe determined stati
ally (based on the stati
 type alone). However, if the stati
type is eq(v) or �2, then the method sele
tion is stati
.



10 Gregory T. Sullivan5 Instrumenting for Dynami
 Partial EvaluationRe
all that extended values are triples hv :TaggedValue; e :Exp; � :Typeival. In thebasi
 evaluator, only the tagged value 
omponent, v, is expli
itly used. Whendynami
 partial evaluation is in e�e
t, the expression and type 
omponents of anextended value be
ome meaningful. In parti
ular, the following holds (we write)pe to indi
ate ) [Fpe=F ℄ and )simp to indi
ate ) [Fsimp=F ℄, we use a dash(�) for values we do not 
are about, and we write v : � for 
he
k(v; �) = true):[dpe 
onstraints ℄ If e � � )pe hv; e0; � 0ival, then1. v : � 0 � � (that is, [) 
onstraints℄).2. e � � )simp hv;�;�ival, and3. For every environment �0 that stati
ally mat
hes �,if e �0 � 00 )simp hv0;�;�ival, then(a) e0 �0 � 00 )simp hv0;�;�ival, and(b) v0 : � 0An environment �0 stati
ally mat
hes an environment � if dom(�) � dom(�0)and for all x 2 dom(�), if �(x) = h�;�; �ival, then 
he
k(�0(x); �) =true. That is,the types of the bound variables mat
h, though the values may be di�erent.The statement [dpe 
onstraints℄ above spe
i�es that if e � � )pe hv; e0; � 0ival,then the value v is of type � 0 and evaluating the expression with the simple evalu-ator)simp will return the same value v. Furthermore, evaluating the residualizedexpression e0 in a stati
ally mat
hing environment �0 will produ
e the same valueas evaluating the original expression e in �0. In other words, any optimizationsthat were done to produ
e e0 from e depended only on the types of the values inthe environment � { that is, the stati
 
ontext. Finally, all values produ
ed byevaluating e0 in any stati
ally mat
hing environment will be of type � 0.5.1 Fpe { a �nish fun
tion that implements dynami
 partialevaluationWe present a �nish fun
tion Fpe that implements dynami
 partial evaluation {that is, Fpe satis�es [dpe 
onstraints℄. Fpe is de�ned by stru
tural indu
tionon its expression argument. In the following, we present ea
h 
ase for Fpe alongwith some dis
ussion.Variable Referen
e: Fpe([[x℄℄; hV i; �; �), where V ' hv; e0; � 0ival= if stati
?(V ) & expressible-as-literal?(v) { if stati
 and a literalhv; [[v℄℄; � 0ival { we 
an fold to a 
onstantVBoth the value and the stati
 type for a variable referen
e 
ome dire
tly fromthe environment. If the value is 
ompletely stati
 and expressible as a literal(that is, an integer or a boolean), the variable referen
e may be repla
ed by the
orresponding literal expression.Literals: Fpe([[n℄℄; hV i; �; �) = VA literal is always 
ompletely stati
 { that is, a given literal expression willalways return the same value, no matter in what stati
 
ontext it is evaluated.
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 Partial Evaluation 11The redu
tion relation ) ensures that for literals, F will be 
alled with a fully-stati
 value.Conditionals: Fpe([[(if e0 e1 e2)℄℄; hV; V0i; �; �), where V ' hv; e0; � 0ival and V0 'hv0; e00; �0ival = if stati
?(V0) { if test val is a 
onstant,V { we 
an eliminate the 
onditionalif v0 { otherwise, rebuild the 
onditionalhv; [[(if e00 e0 e2)℄℄;>ivalhv; [[(if e00 e1 e0)℄℄;>ivalThe de
ision whether or not to fold a 
onditional expression depends on whetheror not the test expression is 
ompletely stati
. If the test expression is 
ompletelystati
, the if expression folds away. Otherwise, we rebuild the 
onditional withthe residuals of the test expression and the 
hosen bran
h. Note that the stati
type returned for the value is only >.An important optimization for 
onditionals is the 
ase when e0 is a variablereferen
e. In that 
ase, the 
hosen bran
h may be evaluated with the environmentmapping the test variable to the singleton type of either eq(true) or eq(false). Thisis in fa
t always the 
ase for the Dynami
 Virtual Ma
hine, where expressionsare all in essentially stati
 single assignment form, but we do not present thatoptimization here.Fun
tion 
all: Fpe([[(
all e0 e1 : : : en)℄℄; hV; Vf ; hV1; : : : ; Vnii; �; �), whereV ' hv; e0; � 0ival, Vf ' hvf ; e0f ; �f ival, Vi ' hvi; e0i; �iival; i 2 1 : : : n, andvf ' 
losure(h[[x1℄℄; : : : ; [[xn℄℄i; h�arg1 ; : : : ; �argni; �res; �f )= if stati
?(Vf ) { if fun is a 
onstant,: : :�nish-known-fun
tion : : :{ here if fun value is not 
onstanthv; [[(
all e0f e01 : : : e0n)℄℄;>ivalwhere the 
ode fragment �nish-known-fun
tion is:(if stati
?(V ) { if return val is a 
onstant,hv; val2exp(v); � 0ival { fold 
allif inline?(vf ) { if fun is a 
onstant, may 
hoose to inlineinline-
all(V; Vf ; hV1; : : : ; Vni; �; �){ here if fun is 
onstant, but not inlininghv; [[(
all e0f e01 : : : e0n)℄℄; �resival)Finishing a fun
tion 
all involves 
hoosing one of several options:1. Fold the 
all to either a literal or a variable referen
e expression.This 
an only be done if the value of the 
all is 
ompletely stati
. Foldingto a variable referen
e may involve extending the 
urrent environment witha new binding. Residualizing a 
onstant is handled by the fun
tion val2exp,whose logi
 is outside the s
ope of this paper.2. Inline the residualized body of the 
losure at the 
all site; pre-
eded by any argument type 
he
ks that did not stati
ally su

eed. Inliningmay also involve extending the 
urrent environment, to handle referen
esto variables 
losed over by the inlined fun
tion. Inlining is handled by thefun
tion inline-
all, again outside the s
ope of this paper.
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e the 
all by an un
he
ked 
all; pre
eded by any argumenttype 
he
ks that did not stati
ally su

eed.4. Leave the 
all as is.For option 3, the language needs to be extended with operations that do lesstype 
he
king than base �DVM, but we do not dis
uss those in this paper. Notethat if the fun
tion value is stati
, but we 
hoose not to inline, we may still usethe de
lared return type of the fun
tion for the stati
 type of the returned value.Generi
 Fun
tion Call: Fpe([[(gf-
all e0 e1 : : : en)℄℄;F-vals; �; �); whereF-vals = hV; Vg ; hV1; : : : ; Vni; Vf ; stati
?; spe
ialize?; hspe
-type1; : : : ii,V ' hv; e0; � 0ival, Vg ' hvg ;�;�ival, vg ' generi
(ms; h�g1 ; : : : ; �gni; �gres),Vf ' h
losure(h[[x1℄℄; : : : ; [[xn℄℄i; h�arg1 ; : : : ; �argni; �res; ef ; �f );�;�ival,and Vi ' hvi; e0i; �iival; i 2 1 : : : n= if spe
ialize?add-method(vg ; 
losure(h[[x1℄℄; : : : ; [[xn℄℄i; hspe
-type1; : : : i; e0; �f ))if stati
?(Vg) { if generi
 is a 
onstant,if (stati
?) { if 
an stati
ally dispat
h: : :�nish-known-fun
tion : : :hv; [[(gf-
all e0g e01 : : : e0n)℄℄; �gresival { 
an't stati
ally dispat
h{ here if generi
 is not a 
onstanthv; e;>ivalIf method spe
ialization was 
hosen, �nishing a generi
 fun
tion 
all adds anew method to the generi
 fun
tion2, using the residualized body of the appliedmethod for the 
losure body, the argument types determined by 
hoose-spe
ialization,and other attributes from the original 
losure.Te
hni
al note: A
tually, the 
losure environment is extended with bindings forany stati
 values exposed during inlining that are not expressible as literals andinstead bound to fresh variables.In the Dynami
 Virtual Ma
hine, the logi
 abstra
ted by 
hoose-spe
ializationsimply uses programmer-de�ned rules, in the spirit of [VCC97℄, to de
ide whento 
reate spe
ialized versions of generi
 fun
tion methods.If method spe
ialization was not 
hosen, then we test whether the generi
fun
tion value is 
onstant and the most appli
able method 
an be 
hosen basedstri
tly on the stati
 types of its arguments. In that 
ase, �nishing pro
eeds as inthe 
ase for a regular fun
tion 
all when the fun
tion argument is stati
. Re
allfrom Se
tion 4.2 that method sele
tion is 
onsidered not stati
 if at least one ofthe methods of the generi
 fun
tion is not appli
able a

ording to the 
on
reteargument types, but is potentially appli
able a

ording to the stati
 types of thearguments.Abstra
tion: Fpe([[(lambda(x1 e�1 ; : : : ; xn e�n)e�res : e0)℄℄;hVf ; hV�1 ; : : : ; V�ni; V�resi; �; �), where Vf ' hvf ; e; �f ival,V�i ' hv�i ; e0�i ;�ival for i 2 1 : : : n, V�res ' hv�res ; e0�res;�ival= hvf ; [[(lambda(x1 e0�1 ; : : : ; xn e0�n)e0�res : e0)℄℄; �f ival2 In the DVM, method addition is 
ontingent on there being some useful optimizationduring spe
ialization.
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tion produ
es a 
losure value. To �nish an abstra
tion, we returnthe 
losure, a rebuilt abstra
tion expression using the residual expressions fromthe type expressions, and the singleton type 
onstru
ted by ).6 Examples of Dynami
 Partial EvaluationWe give a few examples of how dynami
 partial evaluation works in pra
ti
e.6.1 A Contrived ExampleSuppose we are dynami
ally partially evaluating the following expression (where(let(x �)= e0 in e1) is a ma
ro for ((lambda(x �)> : e1) e0)):(let (a >) = (if (> b 0) 3 4) in(let (
 �int) = (if (> d 0) 5 6) in(gf-
all g a b)))in the following environment:b 7! h1; 1; eq(1)ivald 7! h1; 1; �intivalg 7! hgeneri
(hg1; g2i; h>i;>);�; eq(g)ival;where g1 = 
losure(hx; yi; h>;>i;>; [[(+ x y)℄℄; �g1)g2 = 
losure(hx; yi; h>; �inti;>; [[x℄℄; �g2)The identi�er b is stati
ally bound to the integer 1. d is also bound to 1, buthas stati
 type �int. The identi�er g is stati
ally bound3 to a generi
 fun
tion oftwo methods { one with the most general spe
ializers, and one spe
ialized oninteger values for its se
ond argument. The �rst expression to evaluate is (> b 0).Be
ause b is 
ompletely stati
, the result value, true is 
ompletely stati
 and the ifexpression 
an be folded. The result of the if expression is the fully stati
 value 3.The identi�er a is bound to the value 3, with residual expression 3, and gets stati
type eq(3), whi
h is the greatest lower bound (glb) of the de
lared type > andthe result type eq(3) of the expression. The 
omparison (> d 0) also evaluates totrue, but the value is not 
ompletely stati
 be
ause the stati
 type of d is �int. Theidenti�er 
 is bound to the value 5, residual expression (if (> d 0) 5 6), and getsstati
 type �int, whi
h is the glb of the de
lared type �int and the type of the resultof the expression, namely >. The most appli
able method for the 
all to g is g2.Furthermore, stati
 type �int of variable 
 is suÆ
ient to stati
ally sele
t the mostappli
able method at the 
all, so the gf-
all 
an be repla
ed by a simple 
all tog2. When the body of g2 is exe
uted, it returns the value of its �rst argument, a,whi
h is fully stati
. Be
ause the method 
an be stati
ally sele
ted, and be
ausethe result of the 
all is a fully stati
 value, the whole gf-
all expression 
an befolded to the literal expression 3. Thus the expression residualizes to:let (
 �int) = (if (> d 0) 5 6) in 3Dead variable elimination may eliminate the now useless let 
onstru
t.3 g 7! h�;�; eq(g)ival means that g is 
ompletely stati
.
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 Partial Evaluation of Re
e
tion in JavaIn [BN00℄, Braux and Noy�e use partial evaluation te
hniques to eliminate re-
e
tion overhead in Java. The rules they introdu
e are spe
i�
 to the re
e
tionAPI of Java. Dynami
 partial evaluation provides a general me
hanism thatautomati
ally eliminates the re
e
tion overhead addressed by Braux and Noy�e.Following is the main example from [BN00℄:publi
 stati
 void dumpFields(Obje
t anObj)throws java.lang.IllegalA

essEx
eption {Field[℄ fields = anObj.getClass().getFields();for (int i = 0; i < fields.length; i++)System.out.println(fields[i℄.getName() +": " + fields[i℄.get(anObj));}If dumpFields is 
alled often on a spe
i�
 
lass, say Point, it is worthwhileto 
reate a spe
ialized version of dumpFields spe
i�
 to Point. Assume fornow that the Point 
lass has no sub
lasses. Within the spe
ialized version ofdumpFields, most of the re
e
tion overhead 
an be folded away { the 
all togetClass will always return the Point 
lass, and getFields will always returnan array 
ontaining the x and y Fields. Of 
ourse, the a
tual values of x and yare dynami
 { that is, they will vary between invo
ations of the method. Afterpartial evaluation, the spe
ialized method should be something like:publi
 stati
 void dumpFieldsPoint(Point anObj) {System.out.println("x: "+anObj.x);System.out.println("y: "+anObj.y); }We have an implementation of the relevant parts of the Java runtime, and atranslation from Java into the Dynami
 Virtual Ma
hine (DVM). The aboveexample, in the 
ase that Point has no sub
lasses, folds to DVM 
ode analo-gous to that given above, and a method spe
ialized on Point is added to thedumpFields generi
 fun
tion. Thereafter, 
alls to dumpFields with Point argu-ments automati
ally sele
t the optimized version.Furthermore, if later 
alls to dumpFields take pla
e within the 
ontext ofspe
ializing some other generi
 fun
tion, and the argument is stati
ally boundto Point, the optimized 
ode may be inlined into the 
alling method, and so on.7 Optimisti
 Dynami
 Partial EvaluationAs was mentioned in the introdu
tion, we want to optimize with respe
t to\quasi-invariants" { in parti
ular, elements of the meta-obje
t proto
ol (MOP)that are te
hni
ally mutable but rarely modi�ed in pra
ti
e.In the Dynami
 Virtual Ma
hine, there are two mutable datatypes: 
ellsand generi
 fun
tions. A 
ell 
ontains a single value that may be 
hanged, anda generi
 fun
tion may be modi�ed by updating its method list. As dynami
partial evaluation pro
eeds, ea
h optimization (folding, inlining) notes any 
ellsor generi
 fun
tions that have been referen
ed. When a new method is added to
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 fun
tion as a result of dynami
 partial evaluation, all referen
ed 
ellsand referen
ed generi
 fun
tions are instrumented to undo the optimization ifmutated.In the example from Se
tion 6.1, suppose the expression exists in a method ofthe generi
 fun
tion named h. After the body of the method �nishes, a new ver-sion of the method, in
luding the residual expression from the example, is addedto h's method list. In this 
ase, a dependen
y is re
orded between the generi
fun
tion g and the newly-added method. If at some later point add-method is
alled on the g generi
 fun
tion, the newly added method is removed from h'smethod list.In the example from Se
tion 6.2, dependen
ies are 
reated between the generi
fun
tions getClass; getFields; length; getName, and get and the spe
ialized ver-sion of dumpFields. Adding a new sub
lass of Point will add new methods tothe generi
 fun
tions getFields; getName; and get, thus removing the spe
ializedmethod.In fa
t, with our 
urrent dependen
y tra
king, adding any new 
lass to thesystem will 
ause the spe
ialized method of dumpFields to be removed, be
auseour level of granularity is only at the generi
 fun
tion level, as opposed to spe
i�
tuples of type hierar
hies.In the Dynami
 Virtual Ma
hine, 
ells and generi
 fun
tions exposed by theMOP are 
onsidered \quasi-invariant" and dynami
 partial evaluation tra
ksreferen
es to them.8 Controlling Dynami
 Partial EvaluationDynami
 partial evaluation is subje
t to the \in�nite spe
ialization" problemof polyvariant spe
ialization systems. The Dynami
 Virtual Ma
hine asso
iatesa set of \spe
ialization rules" with ea
h generi
 fun
tion; ea
h rule in
ludes apredi
ate and a spe
ialization signature. When a generi
 fun
tion is invoked,and after the most appli
able method has been 
hosen, the spe
ialization rulesof the generi
 are mat
hed against the values of the method, the argumentvalues, and the argument values' stati
 types. If a rule mat
hes, it spe
i�es thesignature against whi
h spe
ialization should o

ur. This is similar in spirit tothe spe
ialization 
lasses of [VCC97℄.Currently, the spe
ialization rules are given by the programmer. To do the ex-ample from Se
tion 6.2, we added a rule to the dumpFields generi
 that mat
hesmethods spe
ialized to Obje
t and produ
es spe
ialization against the 
on
retetype of the argument.Our goal is to dynami
ally generate spe
ialization rules based on pro�le in-formation, as done in [DCG95℄.9 Tra
king Side E�e
tsAs for any partial evaluator for an imperative language, dynami
 partial evalua-tion must avoid folding fun
tion 
alls to values when there may be side e�e
ts in-
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 Virtual Ma
hine handles this by threading a side-e�e
ting?
ag through evaluation of an expression. Thus, a fun
tion 
all may return a fullystati
 value, but the 
all expression 
annot be residualized to a 
onstant if therewere side-e�e
ting operations involved. For example, a fully stati
 
all on fullystati
 argument values that returns a newly-allo
ated list of those argument val-ues 
annot be folded to the list itself, be
ause next time that 
all should returnanother newly allo
ated list (
ontaining the same values). For a fun
tion 
allwith a non-stati
 fun
tion, and for a 
onditional with a dynami
 test, dynami
partial evaluation must be pessimisti
 about whether side e�e
ts o

ur. In theDynami
 Virtual Ma
hine, the primitive operations de�ne whether or not theyare side-e�e
ting.10 Con
lusions and Future WorkDynami
 partial evaluation is a te
hnique for instrumenting interpretation inorder to perform partial evaluation a
tions as a side e�e
t of evaluation. This isa

omplished by interpreting expressions in an environment that maps identi�ersnot only to values but also to types. The type of a variable 
an be understood as\how mu
h information dynami
 partial evaluation is allowed to assume aboutthis binding."Dynami
 partial evaluation has been implemented as part of a Dynami
Virtual Ma
hine designed to host dynami
, re
e
tive, higher-order languageswith subtyping. In the 
urrent implementation, dynami
 partial evaluation isalways \on" { that is, evaluation always 
reates residual expressions and tra
ksstati
 types. We would like to be able to dynami
ally swit
h between dynami
partial evaluation and simple interpretation { su�ering the overhead of dynami
partial evaluation only when we know we will use the results.As far as when to enable dynami
 partial evaluation of a method, we 
ur-rently spe
ify rules by hand, in the spirit of [VCC97℄. We plan to use dynami
allygenerated pro�le data to de
ide when and where to do dynami
 partial evalu-ation. Note that we are fo
using on highly re
e
tive runtime environments, sopro�le data should be readily available. We also plan on using more sophisti
atedte
hniques for de
iding when to inline fun
tion bodies.We have not yet addressed the eÆ
ien
y of multiple dispat
h itself, but weintend to follow the lead of Chambers and Chen, [CC99℄. The idea is that ageneri
 fun
tion 
all expression is repla
ed by an inline binary de
ision tree,with leaves being dire
t 
alls to methods. Again, a method with generi
 
allsrepla
ed by de
ision trees is guardedly added to the generi
 fun
tion. When thegeneri
 fun
tions involved are modi�ed at runtime, the spe
ialized version isremoved and the original method, with generi
 fun
tion 
alls, is restored.At the time of this writing, the two most vexing issues are:� Deoptimizing methods that have an a
tive 
all (related to on-sta
k repla
e-ment in Self), and
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tion between newly spe
ialized methods and previ-ously spe
ialized methods. When adding a newly spe
ialized method 
ausespreviously spe
ialized methods to be invalidated, we lose.We are exploring several approa
hes to both problems.The ideas of dynami
 partial evaluation apply to any level of interpreta-tion, and the �DVM language and the Dynami
 Virtual Ma
hine are fairly highlevel. The intent is that interpretation, in
luding dynami
 partial evaluation,will spend only enough time at this very high level to do optimizations spe
i�
to that level { in parti
ular, optimizations with respe
t to user-de�ned types.After a 
urry of spe
ialization, the goal is to translate to either a low-levelvirtual ma
hine or to native instru
tions where further dynami
 optimizationmay take pla
e. The lower level representations of methods (that is, in termsof native instru
tions rather than DVM instru
tions) are 
a
hed using the samegeneri
 fun
tion me
hanism. When assumptions made during 
ode generationare violated, the native version is repla
ed by its original high level version.A
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