Vrije Universiteit BrusselFaculty of Sciences1992-1993

Author’s coordinates:Name:Karel DriesenAdress:PROG (WE)Vrije Universiteit BrusselPleinlaan 2 1050 BrusselsBelgiumE-mail: kjdriese@vnet3.vub.ac.bePhone:(+32) 2-6413306Fax: (+32) 2-6413495

This page is dedicated to all the people that helped to bring about this text:

My promotor, Prof. Theo D’Hondt, who gave me the opportunity to do this work, supported me throughout the years preceding it, and initiated me in the fascinating field of algorithms and data structures.

Patrick Steyaert, Kris Devolder and Wim Codenie, for directing me to relevant literature and for being excellent sparring-partners. I hope it was reciprocal.

Serge Demeyer, Prof. Viviane Jonckers, Michel Tilman and the members of the Agora-group, for spending precious time to debug my ideas and this text.

Jean Claude Royer, for clarifying aspects of the selector colouring technique.

Leonidas Palios, Georg Wambach, Bernard Moret, Ross

Donelli, Thomas Lemerenz, Nick Chapman, Arnaldo

Donelli, Don Gillies, Edward Lee and R. Ravi, of the usenet community, for discussing the table width allocation problem with me and pointing out the similarities to process scheduling, a place where I would never have looked otherwise.

My parents, Jeanne Bleus and Frans Driesen, without whom nor me, nor this work would have seen the light.

And in the place of honour, Irini Zafrullah, for rest & recreation and a lot of patience.

1 Introduction1.1. Overview of the text............................................................................. 21.2. Contributions........................................................................................ 22 Method lookup2.1. Polymorphism...................................................................................... 32.2. Polymorphism in object-oriented languages........................................ 52.3. Multi-methods...................................................................................... 72.4. Multiple inheritance............................................................................. 93 Method lookup strategies3.1. Dispatch Table Search: the straightforward approach....................... 113.2. Dynamic Caching............................................................................... 143.2.1. Global Cache............................................................................. 143.2.2. Inline Caching........................................................................... 173.2.3. Polymorphic Inline Caching..................................................... 183.3. Static Caching.................................................................................... 213.3.1. Static Caching with regular Hash Tables.................................. 223.3.2. Selector Table Indexing............................................................ 243.3.3. STI with table width allocation................................................. 253.3.4. Selector Colouring.................................................................... 263.4. Reducing the memory overhead of STI with sparse arrays............... 293.4.1. STI & Sparse arrays.................................................................. 294 The sparse array data structure4.1. The algorithm..................................................................................... 334.2. Faster fitting....................................................................................... 364.2.1. Linking the freelist.................................................................... 374.2.2. Randomising the coordinate list................................................ 404.2.3. Big Block Best Fit..................................................................... 415 Heuristics for method table fitting5.1. Table Width Allocation as a heuristic................................................ 485.2. Metaclasses first................................................................................. 495.3. Subtree ordering................................................................................. 505.4. Horn’s algorithm................................................................................. 525.5. Results................................................................................................ 536 A comparison of method lookup techniques6.1. Memory usage.................................................................................... 556.2. System maintenance........................................................................... 566.2.1. Defining a message................................................................... 576.2.2. Adding a class........................................................................... 576.3. Lookup efficiency.............................................................................. 596.4. Fastest practical method lookup......................................................... 627 Future work8 Conclusions9 List of abbreviations10 Bibliography

11 IntroductionObject-oriented technology is becoming part of the mainstream. Even the moreconservative companies in the software business start using object-orientedderivatives of classical programming languages; bolder ones are involved with pureOO-languages. The last OOPSLA conference had 3000 attendants, and this number isstill growing.One of the hallmarks of a maturing field seems to be an increasing polarisationtowards a few alternatives, after a period of wild experimentation. In OO-languages,the battle is still being fought, but the smoke is clearing up, and two antagonists seemto emerge: Smalltalk-80 and C++. According to [TAY˚92], only one-third of a smallsample of OO-employing companies were using other than these. The two languagesare —characteristically— conceptually opposite poles. C++ is statically typed, has nogarbage collection, supports multiple inheritance and is derived from a classic,procedural language. Smalltalk-80 is dynamically typed, provides garbage collection,only permits single inheritance and was defined from scratch. Because of thedifferences, they will probably live together happily for the next decade, each in itsown niche. C++ is well suited for small, fast applications but exhibits a steep learningcurve and a long production cycle. Smalltalk takes a lot of memory, is still fairlyslow, but is very appealing to the increasing body of programmers without anacademic degree in Computer Science, and shows lightning program-compile-testcycles.In [TAY˚92] a trend is observed among developers to use C++ for software withhigh requirements for speed and minimal memory use, such as most system software.For applications without the time constraint, with for instance heavy user interaction,Smalltalk gains popularity due to it’s rapid prototyping.A lot of ground has to be covered in between, however. A programmer usuallyprefers to work in a language less restrained than C++, in which she1 does not have totake care of nitty-gritty details like memory-management and typing and which hasan unnoticeable turnaround time.As a happy programmer usually is a good programmer, every effort to speed upa comfortable Smalltalk-like language and thus enlarging it’s application domain willultimately result in someone writing better code somewhere. I hope I have made acontribution to this aim.

1 Not being able to resist some politically correct positive discrimination we chose the genericprogrammer to be a female throughout the text.

Introduction21.1. Overview of the textIn chapter 2 the process which we want to optimise is defined. The concept ofmethod lookup is explained and some variations described.In chapter 3 existing method lookup techniques are discussed. For everystrategy the algorithm, the time behaviour, and the memory overhead is discussed. Anew technique is introduced. A working knowledge of hashing is a prerequisite forgood understanding of most of the schemes.In chapter 4 an in-depth treatment is given to the data structure used with ourtechnique. The basic algorithm is discussed in detail. Then improvements in terms oftime behaviour are laid out. This chapter is relatively independent of the rest of thedissertation and can be read separately. Some familiarity with algorithms and datastructures, in particular with estimating complexity of an algorithm, is essential.In chapter 5 heuristics which reduce the memory requirements of our methodlookup strategy are explained and test results given.In chapter 6 a summary overview can be found of all techniques in terms ofmemory, system maintenance overhead and speed. A hybrid method lookup schemeis proposed, which we conjecture to give best performance.1.2. ContributionsThe contributions of this work are threefold:We give an overview of currently existing method lookup strategies. Methodlookup is a characteristic problem of dynamically typed object-oriented languages.This is an effort to bring the wide range of solutions together.A new method lookup technique is introduced on the basis of an existingtechnique and using a known algorithm to compress sparse tables. It is analysed interms of memory use and speed. Experiments are conducted in order to estimate andalleviate it’s main cost: memory usage. A number of heuristics are described andappraised which enable us to reduce the cost to a practical level.For the data structure used in our technique an algorithm is presented whichimproves the time needed for maintenance, while adding nothing to the spaceoverhead. Under the condition that the tables are sufficiently clustered this algorithmcan be relevant for other uses of sparse tables than those described in this work.

32 Method lookupIn this chapter we will outline precisely what we mean by the term method-lookup, and in which context the proposed techniques are applicable. We will start bydefining polymorphism (the language feature which necessitates method lookup) ingeneral before moving to the object-oriented case. The final two sections deal withvariations on the basic form.2.1. PolymorphismPolymorphism is a powerful property of many state of the art programminglanguages. The term means essentially that the behaviour of a procedure- or functioncall depends not only on the name of the called routine, but also on the type of it’sarguments. This enables a programmer to write code which takes only the generalfunctionality of data types into account without being bothered by implementationdetails. The latter can be filled in for each (combination of) argument type(s), on alater date or by a different person. In an application handling 2-dimensionalgeometrical shapes, for example, the following code calculates a distance measure2:Function distance (shape1, shape2: shape) : real distance := distance(centre(shape1), centre(shape2))

Function distance (shape1, shape2: point) : real distance := sqrt(sqr(x-coordinate(shape1) - x-coordinate(shape2)) + sqr((y-coordinate(shape1) - y-coordinate(shape2)))

Polymorphism is used in two ways:the function "centre", when given any kind of shape as argument, yields apointthe function "distance", which yields a real number, has a different behaviourwhen given two points as arguments (otherwise the function would end upin infinite recursion).

2 We use Pascal-like pseudo code in the examples, which should be self-explanatory. See [GRI˚85],among others, for a definition of Pascal. We drop Begin End keywords and other terminators, butindent groups of statements to indicate blocks. Some non-Pascal constructs will be introduced later.

Method lookup4 The general function need not change when new shapes are implemented. Theprogrammer only needs to provide an implementation for "centre" for each extrashape type. Even if the implementation of the point type is modified the general codefor "distance" can stay the same. In this manner polymorphism enables incrementalimplementation and code reuse.A necessary condition for polymorphism is late binding of procedure calls.Instead of determining at compile time3 which piece of code will be executed on acall, the decision is postponed until run time. At that moment, when the true type ofan argument is known, a choice is made between alternative routines. "Templatefunctions" in C++, or "Generics" in ADA do not fulfil this requirement. In theseconstructs an implementation is specified for an unknown type. At compile time codeis generated for every distinct type which is called with a template function. Thismeans that the exact type has to be known at compile time. In our example the shapetype could for instance depend on the choice of the user in a drawing application.Polymorphism can be emulated in languages which do not actively support it. InPascal the above code could read:Function distance (shape1: shape; shape2: shape) : real

If IsAPoint(shape1) And IsAPoint (shape2) Then distance := sqrt(sqr(x-coordinate(shape1) - x coordinate(shape2))

+ sqr(y-coordinate(shape1) - y coordinate(shape2)))

Elsedistance := distance(centre(shape1), centre(shape2))

There are, of course, problems with this approach. To start with, the shape typehas to be custom-build by the programmer to look the same to the static typingmechanism of Pascal by using a pointer indirection. Secondly, the dispatching overargument types has to be explicitly programmed by using predicates like IsAPoint.Addition of new shapes, for example squares, will necessitate the implementation ofIsASquare in all existing shapes and cause rewriting of dispatching code. The latteris typically distributed, thus difficult to maintain. Thirdly, the definition of pointscannot change without changing distance. One could patch the latter problem byputting the distance calculation in a separate function pointDistance. Then thedistance between points can be calculated in two ways: by calling distance or bycalling pointDistance. Such double naming for the same functionality can lead to

3 We use the term "compile time" to designate the moment a routine is defined, as opposed to "runtime" to indicate the moment a routine is executed. The distinction between compilers and interpretersis often a bit blurred in object-oriented languages. This is caused by the presence of a virtual machine,to which code is compiled, but which is itself a kind of interpreter.

Method lookup5maintenance errors as well. The programmer needs to keep track of every singleoccasion in which implementation details are presupposed.We conclude that polymorphism is a powerful concept, regardless of theprogramming language one is working in. The idea is important enough to deservespecial language support. In this it is similar to the structured programming concept,which is general in scope, but did not bloom into a fully accepted and widely usedtechnique until the release of Pascal.2.2. Polymorphism in object-oriented languagesUntil now we have only considered general polymorphism. We have stated thatthe runtime type of the arguments of a routine is used in choosing the code to beexecuted. This meagre definition leaves a programmer out in the cold as to the exactprocedure which is used to choose among alternatives. There are two dimensions tothe late binding technique: the way in which types are organised in hierarchies andthe role each argument plays in resolving a call. In this section we will elaborate uponthe more common choices and in later ones we will discuss some alternatives.Most object-oriented languages employ an incremental modification mechanismcalled inheritance, by which a "base" type can be refined (adding data fields and/orbehaviour). This operation gives a more specialised type with a richer functionality.The refined type has at least all the functionality of the base type. When a procedureis called for a type which has no matching implementation the type’s base type takesover. This process is continued recursively until an implementation is found or thebase type is absent. Thus a type relies on it’s base for default behaviour.In the simplest definition a type has only one base type and, when resolving latebinding, only one argument is taken into consideration. This is the case inSmalltalk-80.Since we now find ourselves firmly in the realm of object-oriented languages,we will adapt out terminology slightly. A procedure call becomes a message send,the procedure name becomes a message selector. The code implementing a messagefor a certain type is a method. Types are called classes4. The privileged argumentused with late binding is the receiver of the message.

4 For the sake of the discussion, we will mention classes as the entities which hold a set ofmessageselectors and their implementations. One can replace "classes" by "prototypes" or "mixins"[BRA 90],[STE 93] without changing the basic premises and conclusions, as long as code sharing isemployed.

Method lookup6When all classes except one (the rootclass) have exactly one base class(superclass in Smalltalk terminology), the class organisation becomes a treestructure. This scheme, also called single inheritance, is illustrated below.A a b cB a dC a eD d fE a gF h iG j c

Figure 1: an example single-inheritance treeClasses are specified by uppercase letters, message selectors by lowercaseletters. Edges run from a class to it’s base class. When a message m is defined in classC (listed beside the class) we will call m a proper message of C. If a message is not aproper message of C, but is proper to one of C’s ancestors, we call it an inheritedmessage of C. The union of the set of proper and inherited messages of C gives us allthe understood messages of C. These are all the messages objects of type C respondto.An item of type C, which is called an object, is specified as being an instanceof class C. A class gathers the information pertaining to the functionality of an objectas well as it’s implementation. The object structure is apparent within the class by thespecification of named instance variables. The latter fulfil a role similar to recordfields in older languages.The late binding mechanism inherent to polymorphism in OO-languages isdriven by the inheritance structure. In figure 1, for example, when a message a is sentto an instance of class F, the method corresponding with a is first searched in F. Sincea is not a proper message of F, the search is continued in D. a is not defined thereeither, so the method which is finally executed is the one residing in A. This search iscalled method lookup. We will also employ the term method dispatching.Stated in general terms, method lookup is the process of finding the methodassociated to a given receiver-messageselector pair. This constitutes a bottleneck inall languages in which the class of the receiver is only known at runtime and in whichtypes are organised in some kind of hierarchical structure. In that case the lookup isproportional to the depth of the inheritance tree.The various strategies which exist to speed up method lookup form the subjectof this dissertation.

Method lookup7Measurements of the contribution of method-lookup to the overall systemperformance are easy to get but hard to compare. In [CON˚82] a cacheimplementation speeds up the performance by 37%. This is consistent with [UNG˚84]where it is claimed that most Smalltalk implementations spend half of their time onmessage calls and returns5. Measurements need to be evaluated in the context of otherbottlenecks of the system such as the efficiency and number of primitive methods andgarbage collection. Furthermore, the benchmarks tested have a large impact.Enumeration over collections, for example, will greatly favour dynamic cachingstrategies. A third factor to consider is the law of diminishing returns. If a systemalready has a fast method-lookup, resulting in a small percentage of total time beingspent on message-sends, an improvement of method dispatching will only have asmall impact on the overall system performance. The least that can be said, however,is that "any object-oriented language that is to be efficient needs to use sometechnique to speed up message sending" [JOH 87].Before going further into this, we will briefly look at alternatives to the receiver-based, single-inheritance polymorphism discussed in this section.2.3. Multi-methodsThe polymorphism to which receiver-based method lookup gives form can becarried further by letting the type of the arguments differentiate further amongmethods for a given receiver-selector pair. After all, the receiver is just anotherargument. Especially with symmetric messages, such as arithmetic operators, theprivileged treatment of the receiver seems unjustified. In [KEE˚89], among others,this asymmetry is abandoned. Such methods are commonly called multi-methods (ifthe dispatching takes place at run-time) or overloaded methods (if the method issearched at compile-time [ELL˚90]). Compared to receiver-based polymorphismmulti-method dispatching is a complicated matter, not only to implement efficiently,but even to define concisely. Aside from assigning default types for missingarguments one has to define a way to resolve the following dilemma:

5 the initialisation of local variables to nil was included in the count

Method lookup8call:aSelector(a,b)definitions:aSelector(A,C)aSelector(C,B)Which method should be chosen ? (C is less specific than A and B, a is of typeA, b is of type B). An easy way out is to check the arguments in a certain order, eachtime choosing the most specific methods (aSelector(A,B) would be chosen if thearguments were checked from left to right in the example). This is not the mosttheoretically appealing, as is shown below:call:aSelector(a,b,d)definitions:aSelector(A,C,C)aSelector(C,B,D)(C is less specific than D, d is of type D). Here the least specific method getschosen. A combination of the former two definitions is conceivable: first the mostspecific methods are searched and then the order of the arguments breaks theoccasional tie.In C++, where overloading is permitted, both examples are reported asambiguity errors at compile time [ELL 90]. In CLOS [STEE˚90] the ordered approachis chosen but the order is controlled by the programmer.Aside from the apparent lack of consensus over the definition of multi-methodlookup in the research community, multi-methods face other problems. Since (in thenon-ordered case) all arguments are considered equal, a method has no place to callhome. One could opt to list methods by their selectors but this would seriously breakup the abstract data type approach of keeping all functionality related to a type in oneplace. A double organisation in which methods are listed per type and per selector isconceivable. From a software engineering point of view this is bad news, sincemaintenance will have to take a double administration into account. A well-designedprogramming environment could alleviate this problem to a certain degree.A more stringent property, from an implementor’s point of view, is thecomplexity of the most-specific-based method lookup. The set of types of actualarguments has to be matched against all definitions of the given selector in thesystem. In the case of receiver-based polymorphism one check is necessary to verifythat a method is suitable, an only one search path is followed. In multi-methoddispatching this requires a number of tests proportional to the number of argumentsand every argument has its own path. If multi-method dispatching is used profusely

Method lookup9this property rules out dynamic caching in most cases and renders static cachingtechniques impractical.An in depth discussion of multi-method lookup is outside the scope of thisdissertation. We limit ourselves to the problem of receiver-based polymorphism. Ifthe order-based definition is employed, however, the first of the arguments assumes arole similar to that of the receiver. In that case all the strategies which we discuss canbe applied. Dispatching on the other arguments then takes place after the initiallookup.2.4. Multiple inheritanceWhen a class is allowed to have more than one base class the inheritancestructure turns into a directed a-cyclic graph (see figure 2).A a b cB a dC eD h d fE a gF h iG h jH j

Figure 2: an example inheritance graphReceiver-based polymorphism, as defined before, does not specify in sufficientdetail what happens if a message h is sent to an object of class H. Since h is not aproper message of H the base classes of H need to be searched for h. Now both F andG have h as a proper message. Which method will be executed ?There are basically two responses: either this kind of ambiguity is not allowedor a total order is imposed upon the ancestors of a class.We find the first solution in C++. The compiler reports an error if a possibilityof ambiguity is detected. By itself this is too much of a restriction, since accidentalname clashes could exclude a class from being combined as a base class with certainother classes. Therefore the programmer can manually resolve the problem byexplicitly specifying the class in which the method lookup has to start. The messageselector is qualified by the ancestor class which serves as a starting point. For theexample, F::h would indicate the method in F. This technique, though adequate, goes

Method lookup10a bit against the encapsulation principle advocated by object-oriented design methods.The user of a class needs to know the inheritance structure in order to successfully usea given object. Since a class’s superclasses are part of the implementation, the veil isslightly lifted.The other method, of transforming the partial order of a class’s ancestors into atotal one, is adhered to in CLOS. The implementor of a class controls the linearisationof the base classes by listing them in a certain order. This order guides the methodlookup. Although exposure of the inheritance structure is avoided, another difficultycomes up. Because of the linearisation some methods of base classes will be hiddenan hence become inaccessible to the implementor. If, for some reason, both F::h andG::h are needed in the implementation of H, the programmer will have either have torename one of the two messages, or define a new message in one of the base classeswhich calls h. This is awkward.The pro and con’s of multiple inheritance, as well as it’s precise definition, isstill very much a subject of debate. We refer to [SNY˚87] for an in-depth treatment ofthe matter.For our purpose it is sufficient to observe that all strategies discussed in thedissertation are applicable in the context of multiple inheritance, whether qualificationor linearisation of classes is used. Unless mentioned otherwise, multiple inheritance isassumed in all that follows.

113 Method lookup strategiesThis chapter gives an overview of optimisations of the method lookup processdefined in the previous chapter. The first section treats the naive approach. In thesecond section three variations of dynamic caching are discussed. The third sectiondeals with four static caching schemes. In the fourth section we introduce the staticcaching technique which is the main contribution of this work. Various aspects of thisstrategy are treated in later chapters.3.1. Dispatch Table Search: the straightforward approachDispatch table search (DTS) is a straightforward translation of the definition ofmethod lookup into a working algorithm. In pseudo code the result reads as follows:Function DTS-lookup (class, selector) : method table := methodTableOf(class) try := lookupInTable(table, selector)

If try „ nil Then

DTS-lookup := try

Else If superClass(class) „ nil Then

DTS-lookup := DTS-lookup(superClass(class), selector)

ElsereportError("message not understood")

The time efficiency of DTS depends primarily on the number of classes visitedbefore a method is found, which is proportional to the depth of the inheritance graph.Obtaining the method table and the superclass of a class amounts to a pointerindirection.The routine lookupInTable can be implemented in various ways. The methodtable is a dictionary associating message selectors with methods. Since modificationof the dictionary happens infrequently (depending on the coding speed of theprogrammer) compared to retrieval (in pure OO-languages with every expression thatgets evaluated), implementations which favour the latter contribute most to theoverall performance of the system.

Method lookup strategies12 The fastest (for retrieval) known general implementation for a dictionary ishashing [LEW˚88]. The best-case consists of three steps: hash the selector to an indexin an array, get the entry at that index, check if the entry corresponds to the selector. Ifsymbols are "internalised" (i.e. they are kept in a symbol table) and their occurrencesare replaced by addresses in the table, number hashing can be employed instead of themore costly identifier hashing. The latter takes time proportional to the number ofcharacters in a selector while the former takes constant time.The worst-case performance of hashing occurs when a selector is hashed ontoan entry which is occupied by another selector. There is a wide range of collisionresolving techniques, on which we will not elaborate. In any case it is a costly processcompared to the best-case performance. The frequency of collisions depends on thefill rate of the method table. If the table is 60% filled (with internal rehashing) there is60% chance that a new selector will not be added in the first entry where it is hashed,hence causing a collision every time it is retrieved. The length of the search path aftera collision increases more than linearly in proportion to the fill rate of the table. In[AHO˚83] the number of steps is estimated as 1/(1-fillrate) under the assumption of arehashing strategy without primary or secondary clustering (rehashing chains whichcoincide and hence increase the length of search paths).One could try to avoid collisions altogether. In theory this is feasible. For agiven set of keys a perfect hashing function (PHF) can be calculated. The larger thenumber of keys, the more complex the hashing function becomes in general and themore time is needed to construct the function. Sprugnoli [SPR˚77] presents analgorithm that guaranties finding a PHF but has exponential time complexity andproduces extremely sparse tables. It is thus impractical for sets with more than 15keys. Recent advances in the field [FOX˚92] open perfect hashing functions toarbitrary large sets of keys while requiring O(n) time and delivering a PHF with sizeO(n).Each set of proper message selectors has it’s own hashing function in PHF. Thisimplies one extra indirection plus a function call for the best-case behaviour. Theworst overhead would probably be the time needed, for each method table change, tocalculate the hashing function. As far as we know this has not been investigated bythe research community. This is probably because, even if constant retrieval time canbe obtained, dispatch table search performance will remain dependant on the depth ofthe inheritance tree. In the inheritance structure shown below no amount of hash tableoptimisation will change the fact that a message a sent to an object of class H takesfour hash table probes.

Method lookup strategies13A a b cB a dC eD d fE a gF h iG jH jI c k

Figure 3: an example inheritance structure DTS may be the slowest lookup strategy, but it’s memory use is veryeconomical. In principle, the total number of entries in all method tables together isequal to the total number of methods in the system. This is a lower bound. In practicethe hashing tables are not completely filled in order to lessen the frequency ofcollisions and reducing the search path within a table. In the Smalltalkimplementation used in our lab, method table sizes are powers of 2, which gives a fillrate of 75% on average. The standard Smalltalk image contains 8540 methods. Thisgives us (8540 * 1.33) * 8 = 89 kilobytes (assuming that a selector and a methodreference each take 4 bytes).Dispatch table search is the "vanilla" method lookup strategy, with the worsttime performance and the least memory cost, which adheres closest to the definitionof method dispatching. We will use the technique as a yardstick to evaluate the moresophisticated algorithms further on.

Method lookup strategies143.2. Dynamic CachingIn this chapter we will discuss a family of strategies which start from thefollowing premise:When a method is found for a given class-selector pair, the next methodlookup on the same selector will, in most cases, yield the same method.It is easy to see why it is a reasonable assumption to make. One of the mostabundantly used parts of a multi-purpose class library are the Collection classes. Veryoften all items in one Collection have the same class (Array’s of integers, lists ofsymbols, etc....). Enumeration over such a collection will result in a group of methodlookups which give the same result for each entry. There is substantial evidence toback up the claim in general, mostly provided exactly by the success of dynamiccaching strategies.In a sense the assumption is a corollary of the rule of thumb that 90% of theexecution time of a program is spent in 10% of the code. All the rest is just there tohandle exceptions.Since the guiding principle is of a statistical nature, a safety net needs to beprovided in case the assumption fails. A fullproof method lookup strategy serves asbackup. Usually dispatch table search is used for this purpose, because of it’s simpleimplementation and economical memory cost.3.2.1. Global CacheGlobal caching (GC) is the oldest improvement over dispatch table search. Allof the early ST-80 implementors incorporated some variant of it in their virtualmachine implementation [MCC˚82],[FAL˚82],[DEU˚82],[BAL˚82].The technique goes as follows: a global table (typically having about half a Kentries) is maintained. Every entry contains a class identification, a message selectorand a method reference. On every message send the receiver’s class and the messageselector are looked up, as a pair, in the table. If present, the corresponding method iscalled. In not present, a regular lookup is performed, the resulting method is insertedin the table and consequently called. Below the pseudo code is given:

Method lookup strategies15Function GC-lookup (class, selector) : method try := lookupInGlobalTable(class, selector)

If try „ nil Then (* hit *)

GC-lookup := try

Else try := DTS-lookup(class, selector)

If try „ nil Then insertInGlobalTable(class, selector, try)

Gc-lookup := try

ElsereportError("message not understood")

The time efficiency of GC is given by the following formula:averageTime = hitrate * hitTime + (1 - hitrate) * missTime(1)In which hitTime is the time needed for lookupInGlobalTable, missTime isthe former plus the time needed for insertInGlobalTable and DTS-lookup. Thehitrate is the chance that a given class/selector pair is present in the table. In orderto achieve speedup the time needed to look in the global table has to be minimisedand hitrate needs to be as high as possible. Again the fastest implementationemploys hashing. First class and selector are combined and hashed upon a tableentry. Then a check is performed to see if the resident class and selector are theones searched for. Collision handling is not necessary or wanted, contrary to themethod table implementation of dispatch table search, since it would slow down thebest-case performance. Furthermore there is always a full-proof method lookup to fallback to. The hashed entry is also the one in which the new found method is inserted,so the insertion time is a small constant.In [CON˚82] measurements on an interactive session delivered 4.4 millisecondsfor hitTime, 284 millisecond for missTime, and a 94.3 % hitrate. This gives us aaverageTime of 20.3 milliseconds where DTS measurements on the same systemgave 187 milliseconds on average, a nine-fold improvement.The above formula also gives an idea of the relative time expenditure on hitsand misses separately. We will call the hitTimeRatio the portion of total messagelookup time spent on hits, the missTimeRatio the similar quantity for misses. Theycan be calculated in the following way:hitTimeRatio = hitrate * hitTime(2)averageTime

Method lookup strategies16missTimeRatio =

(1-hitrate) * missTime(3)averageTimeIn the experiment, this given 20% for hitTimeRatio, 80 % for missTimeRatio.Apparently the latter presents the greatest opportunity for improvement. There arehowever two ways to reduce the time spent on misses6: increasing hitrate orreducing missTime. Research efforts have almost exclusively been spent on theformer, perhaps because of a lack of alternatives for the latter. We will later present ahybrid method which reduces the missTimeRatio to a small fraction of thehitTimeRatio.The memory use of GC is insignificant. For the Smalltalk hierarchy discussed inthe section on dispatch table search, a cache of 0.5 K entries would only add 6 K tothe 89 kilobytes already used for method tables7.We can conclude that global caching is a great improvement over dispatch tablesearch. It requires little memory overhead and only a small amount of implementationeffort.

6 Of course without increasing the total message-lookup time. Increasing hitTime, though easilyaccomplished, is not an alternative.7 Under the assumption that a reference to a class takes 4 bytes

Method lookup strategies173.2.2. Inline CachingInline caching (IC), first proposed in [DEU 84], and successfully employed inthe SOAR Smalltalk implementation [UNG 84] presents a low level way of reducingthe hitTime part of the performance equation seen in the previous section. Message sends are cached inline. This means that the lookup code is mingledwith the regular code. There is no IC-lookup function as such, so we cannot expressit separately. The pseudo code below stands for a lowlevel representation of the codeof the method being executed. We assume that the class is put in machine registers toenable fast retrieval. The selector between double quotes is an explicit constant. In thepreviously discussed techniques the code of a message send looks something like this:...

registerA := receiver^.class call lookup

"aSelector"

...This is also the initial situation in IC. When the above code is executed for thefirst time, the address of the method which is found replaces the address of the lookuproutine:...

call aMethod

...The code of the found method is prefixed with a test, that checks if the class isthe same as the last time (the selector is the same, since it is constant for a given placein the code):If registerA „ lastClass Then

Else...(* method code *)

Method lookup strategies18The instructions for a hit are reduced to a procedure call, two indirections and atest. In GC a hit takes at least two procedure calls, two tests (for the selector and theclass), three indirections, an addition (to reference the entry in the table). To this isadded a number of instructions to combine selector and class into a hash value whichdepends on the particular function employed. In SOAR the inline cache probe costs 5machine cycles while a GC probe costs 23.The hitrate of IC, which lies around 95% [JOH 87], shows no significantimprovement over GC. A slight improvement is to be expected since the size of thecache is equal to the number of methods in the system (for the standard Smalltalkimage 8540). However, since the 0.5 K cache of GC is a convention rather than acontingent property, an enlargement of 8 K introduces no difficulties.Therefore the memory overhead of IC is generally larger than that of GC butequally without severe consequences.The SOAR system with IC is four times as fast as with DTS and 33% faster thanwith GC8. It has to be emphasised that the other components of the system are spedup to a significant degree. SOAR still spends 23% of it’s time handling methodlookup. 11% is dedicated to hits, and 12% to handling misses. This gives us ahitTimeRatio of 48% and a missTimeRatio of 52%. As in the GC case, but to aslightly lesser degree, IC could profit from a reduce of missTime.IC is the current most widely used solution to method-lookup, exhibitingextremely fast best-case behaviour, while only requiring a small memory overhead.The implementation effort is substantial, but not prohibitive.3.2.3. Polymorphic Inline CachingPolymorphic Inline Caching (PIC) is a refinement of inline caching,implemented in SELF [HOL˚91], which endeavours to increase the hitrate of IC bytaking special care of polymorphic call sites.An informal examination of message sends in SELF delivers a categorisation inthree types: monomorphic call sites, in which the receiver type is always the same,polymorphic call sites, in which only a few receiver types are encountered (less thanten), and megamorphic call sites, in which a wide range of receiver types is possible.IC performs very well for the first category. The third category cannot be handledefficiently by dynamic caching of any kind. PIC offers a solution to the moderatelypolymorphic message sends of the second sort.

8 The base used is the slower one, i.e. "x is 33% faster than y" means that the y’s execution time is 1.33times x’s execution time. We will stick to this convention throughout the text.

Method lookup strategies19We recall that in IC, after the first message send, the call site looks like this:...

registerA := receiver^.class call aMethod

"aSelector"

...The next send that causes a miss, replaces the method by a newly found method:...

call secondMethod

...In PIC, a different action is taken: a "stub" routine call is inserted:...

call stub

...The stub routine gathers the prefix code of both methods:If registerA = firstClass Then

Else If registerA = secondClass Then

Elsecall lookup

Each new method called for the call site under consideration is added to the stubroutine, up to a limit of ten.

Method lookup strategies20PIC encounters no cache misses for moderately polymorphic sends. The best-case behaviour, though slower than in IC when stubroutines are used, is still muchfaster than the dispatch table search to which IC resorts in those cases. For thebenchmarks in [HOL˚91], the median speedup is 11%.The memory requirements of PIC are larger than those of IC, since stub routinesare created for each polymorphic call site. The overhead is impossible to calculateonly on the basis of the number of methods in the system. The median overheadencountered in the benchmarks was an additional 1.7 % of code.It must be noted that the dynamic type information gathered in PIC is a usefulside effect which can be exploited in it’s own right by providing hints to dynamiccompilation strategies. It would lead us too far from the topic at hand, however, todiscuss this thoroughly.We can conclude that PIC, from the method dispatching point of view, givesslightly better results than IC, for a moderate memory cost, and a substantially largerimplementation effort. We note that by only considering the method lookupimprovements we are not doing full justice to the technique.

Method lookup strategies213.3. Static CachingThis section is about techniques which try to eliminate the second term of theright-hand side of equation (1,˚p.17). In other words, hitrate is 100% andaverageTime equals hitTime. Looked upon from the DTS view, it is guaranteed thatthe first dispatch table which is tried contains the method searched for. It follows thata necessary condition for all static caching techniques is that the method table of aclass contains not only the proper messages, but also all the inherited ones. The figurebelow illustrates the resulting effect on the inheritance structure of figure 3:

Class\selectorsabcdefghijkABC: Proper messageDE: Inherited message

FG: Not Understood

HIFigure 4: Class/Selector table for figure 3The total number of known messages (non-white area) in the standard Smalltalkimage is 178.264 (average of 230 per class). Compared to the number of methods(black area), which is 8540 (average of 11 per class), this increases the spaceoccupied by method tables by a factor of 21. Where dispatch table search took about90 kilobytes, static caching takes almost 2 megabytes for a hashed implementation ofmethod tables. If we count only the method references (assuming implementationsexist in which the selector is not stored in the table), the memory cost becomes 700kilobytes9. This is a lower bound for an implementation that guaranties methodlookup in constant time. The growth of memory is proportional to the number ofclasses added, times the average size of the tables. The latter is proportional to thedepth of the inheritance structure, since we observe a fairly constant amount of newmessages added for a class. The resulting estimation of memory growth can beexpressed as O(n * log n), with n the number of classes, and the average number ofsubclasses for a given class as the base of the logarithm.

9 Under the assumption that tables are completely filled and a method reference takes 4 bytes.

Method lookup strategies223.3.1. Static Caching with regular Hash TablesWe will first look at the effect of changing DTS as little as possible toincorporate static caching. The result is Static Caching with regular Hash Tables(SCHT). Although this technique is not studied in the literature, and we did notimplement it, an analysis is enlightening and motivates the methods discussed furtheron.A literal transcription of the definition of static caching implies that the methodtables of dispatch table search are retained, but they become much larger by includinginherited methods as well as proper ones. The resulting lookup code looks as follows:Function SCHT-lookup (class, selector) : method table := methodTableOf(class) try := lookupInTable(table, selector)

If try „ nil Then

SCHT-lookup := try

Else reportError("message not understood")

The recursive call which made DTS’s efficiency depend on the depth of theinheritance graph has disappeared. Hence, the efficiency of SCHT dependsexclusively of the speed of table lookup. Unlike the dynamic caches, the hashed tableimplementation cannot ignore collisions. The time needed for lookup is therefore nota constant, but depends on the length of the rehashing path of the selector. Thecollision handling will increase the hitTime variable in equation (1,˚p.17) tosubstantially more than the hitTime of dynamic caching, depending on the fillrate ofthe table and the rehash strategy used.The memory requirements of SCHT have been discussed in the previous section(slightly less than 2 megabytes for the Smalltalk image). Though large, this is in ourview not impractical for applications outside the system software domain, given theongoing reduction of memory cost.

Method lookup strategies23An additional cost which has to be taken into account, and which was absent fordynamic caching, is the extra maintenance of the system when a programmer adds orremoves a method10. We repeat figure 3 below to illustrate this: A a b cB a dC eD d fE a gF h iG jH jI c k

Figure 3: an example inheritance structureIf a new message l is added in D, the corresponding method has to be insertedin the tables of F,G,H and I as well. If j is added in the same place, only F needs to beupdated. If a is removed in A, all classes except B and E have to be touched. Theimplementation effort required to maintain the tables is small. The time spent dependson the size of the sub graph of which the class at hand is the top. In the worst case theprogrammer will perceive this as a small delay, proportional to the level of the classshe is working in.We can conclude that static caching with regular hash tables is a techniquewhich costs a lot of memory, while requiring modest implementation effort, andrendering tangible speedup. SCHT does not guaranty constant time lookup due to thecollision handling of the method tables.

10 Changing the code of a method is as efficient as the become: message is. In languages wherebecome: is absent, the method tables need to be updated as with the addition of a new message.

Method lookup strategies243.3.2. Selector Table IndexingSelector table indexing (STI) is a method which performs extremely fast butimplies a vast memory cost.Instead of hash tables ordinary arrays are used for method tables. The selectorsare not symbol pointers but integers, ranging from 1 to S, where S is the total numberof different selectors in the system. This number replaces the selector reference in theactual code. The association of a class-selector pair to the implementing methodamounts to indexing in an array, a fast operation on any conventional computer.Below you find the code:Function STI-lookup (class, selector) : method table := methodTableOf(class)

STI-lookup := table[selector]

The blank area’s in figure 4 point to a default method, which reports a messagenot understood error. The total cost of a send amounts to a procedure call, threeindirections and an addition. This is about as fast as the hitTime of inline caching,which is the fastest so far encountered. Since the hitrate is 100%, STI delivers thesmallest average lookup time.On the other hand, the memory requirements are enormous. If C is the numberof classes, C*S is the memory used. This is the sum of all the areas in figure 4. Forthe standard Smalltalk image, C equals 774, S equals 5087, giving a total of3,937,338 method references, or about 15 megabytes. Only 5% of the memory isoccupied by non-default method references. The memory growth is not of the order ofO(n * log n), as was our estimate for the lower bound, but O(n2), since a new messagehas effect on the length of all the tables, and not only those in the sub graph of theclass in which it is added11.System maintenance cost is also greater than in SCHT, for the same reason.In short, selector table indexing is the fastest technique, easily implemented, butresulting in a vast memory overhead. In the following section we will improve uponthe latter.

11 From the experiments, described in chapter 5, it is observed that a new class introduces on averageabout 10 selectors, which gives O(10n2)

Method lookup strategies253.3.3. STI with table width allocationLooking at figure 4, a space-optimisation suggests itself quite naturally: it isfairly easy to allocate, for a given class, an array that is only as wide as the differencebetween it’s lowest and it’s highest numbered selector. We will call this the width ofthe table. If the selectors are numbered, starting with the messages in class Object(ancestor to all classes) and further as they are encountered in preorder traversal of theinheritance tree, only one boundary needs to be checked:Function TWA-lookup (class, selector) : method table := methodTableOf(class)

If selector <= width(table) Then

TWA-lookup := table[selector]

ElsereportError("message not understood")

A pointer indirection plus a test is added to STI.In return, a substantial amount of memory can be saved. In the Smalltalk image,this technique (given the right process order of classes) brings the number of entrieskept in memory to 1,477,992, which gives less than 6 megabytes. The arrays thenhave 12% non-default references. We will discuss ways to improve upon this inchapter 5, where the technique will act as a heuristic for another method. The memorygrowth stays O(n2), thought the constant factor is smaller.

Method lookup strategies263.3.4. Selector ColouringSelector colouring (SC), first proposed in [DIX˚89], and expanded fordynamically typed languages in [AND˚92], offers a more complex and effective wayto optimise the selector table size.The basic principle is as follows: give the selector code range [1,S] a functioncolour(selector) is defined which maps the range [1,S] to a range [1,K], with K << S.This happens in such a way that, for every two selectors s1 and s2, if they areunderstood by the same class, colour(s1) „ colour(s2). In other words, when twomessages are understood by the same class, they get a different colour. The methodtable is then implemented as an array of size K. The colournumber can replace theselector in the actual code. This has as effect that the selector table of figure 3 has lesscolumns for the same number of non-empty entries. To find the method for a givenclass-selector pair the colournumber of the selector is looked up in the method tableof the class:Function SC-lookup (class, selector, colour) : method table := methodTableOf(class) try := table[colour]

If selectorOf(try) = selector Then

SC-lookup := try

ElsereportError("message not understood")

The speed of selector colouring is the same as in table width allocation, but withthe extraction of the selector from a method added. This is necessary to catch amessage, unknown to a class, which can have the same colour as a message known toa class. There are essentially two ways to resolve this. In the first, at the call site boththe colour and the selectorcode is present and an indirection is necessary to retrievethe selector from the method. This is assumed in the pseudo code. In this case allmessage sends take an extra argument. This increases the size of the code.

Method lookup strategies27A slightly slower technique does not store the colour, but extracts it from theselector in the SC-lookup routine. A global table can be kept (around 20 K in size),mapping selectorcodes to colours, so the added operation would only imply anindexing operation:Function SC-lookup (class, selector) : method table := methodTableOf(class) colour := colourTable[selector] try := table[colour]

If selectorOf(try) = selector Then

SC-lookup := try

ElsereportError("message not understood")

The fastest technique makes method lookup in SC about twice as slow as thehitTime of IC. Since the time handling misses was the same as the time handling hitsin [UNG 87], we conjecture that SC can be implemented to be as fast as inlinecaching. However, no definite claims can be made without implementing bothtechniques for the same language and the same inheritance graph. Furthermore, theextent in which polymorphism is exploited in a particular application will favour oneof the two techniques. Heavy use of polymorphism will render IC slower, light usewill make it faster. One might say that, since SC has constant performance, it relievesthe programmer of the responsibility to choose the amount of polymorphism, anddoes not inhibit her to exploit it. We see this as an advantage.To appraise the memory cost of SC a closer look at the colouring algorithm isneeded. The construction of a good colour mapping translates into a well-knownproblem in graph theory (see [ALB˚88]): graph colouring (hence the name). Everynode of the graph stands for a selector. Edges are drawn between selectors if they areunderstood by the same class anywhere in the system. Two nodes that are connectedcan not be assigned the same colour. The problem is to find the least total number ofcolours K with which all the nodes of the graph can be coloured so that every nodehas a different colour than its neighbouring nodes. K is called the chromatic numberand is proved to be at least the size of the greatest clique in the graph. A clique is asub graph of totally interconnected nodes. In terms of the inheritance structure, all theselectors understood by a given class C form a clique.

Method lookup strategies28Although graph colouring is NP-complete, inheritance trees apparently havenice properties, making it possible to find a colouring that approaches the chromaticnumber with an algorithm that ends in polynomial time. In the algorithm colours areassigned from the most constrained selector to the least constrained. The mostconstrained selector is the selector understood by the largest number of classes. Thenext selector is assigned the lowest colournumber that is still different from that of itsassigned neighbours. When the least constrained selector is assigned a colour thealgorithm ends. The colouring obtained is guaranteed to satisfy the conditionsdescribed above, although K is not guaranteed to be small.We tested this strategy on the aforementioned Smalltalk class tree, and obtained401 as the value of K, the number of messages understood by the metaclass of classCursor. This was the class with the largest number of understood messages, soeffectively the lower bound was reached. The fill rate, given by the average numberof understood messages per class divided by K, was found to be 57%, consistent withthe results given in [AND˚92].This result, which is elaborated upon in section 5.5, gives a memory overhead ofabout 1200 kilobyte of memory. This is less than 2 times the theoretical minimum anda 13-fold improvement over selector table indexing. The system maintenance,discussed separately in section 6.2, implies an extra overhead in a first approach. Theconflict graph, build up by the colouring algorithm, has to be kept in memory. Thisstructure takes 3 extra megabytes of memory in [AND˚92]. An incremental colouringalgorithm is also proposed, which avoids the use of a conflict graph, and gives anmethod table overhead of 3% when compared with the normal technique.The colouring process takes about 9 hours to complete on the Smalltalkimage12.Selector colouring gives a great reduction in memory cost when compared toSTI, for little time extra lookup time, and a fairly complex implementation effort. Thelatter is due to the maintenance of the method tables, which also causes a compiletime overhead.

12 Note that the image used in [AND˚92] is slightly smaller than the one we used (4500 messageselectors, 760 classes, where our image counts 5087 selectors and 774 classes)

Method lookup strategies293.4. Reducing the memory overhead of STI with sparse arraysIn this section we will introduce original work in the form of a new methodlookup technique. It reduces the memory requirements of STI by leaning upon an old[TAR˚79], but in this context never exploited implementation of sparse tables. Wewill call the latter sparse arrays (SA) to avoid confusion between method tables (thedata type) and their sparse implementation (the data structure). In later chapters wewill treat it in significantly more detail.3.4.1. STI & Sparse arraysSparse arrays (SA) provide the means to preserve the basic idea of STI, whilereducing the memory cost.Given a large number of sparsely filled arrays a mapping of these arrays onto amaster array can be found in which the indices of non-empty elements in the masterarray are unique. In figure 5 an example mapping is shown for the classes A,C,H,I,from the inheritance graph of figure 3:AIHCMaster

Figure 5: Mapping of sparse tables onto a master arrayThe tables are fitted together like a one-dimensional Jig-Saw puzzle. Given areference r to the beginning of the table (an index in the master array), and aselectorcode s, the reference to the corresponding method (on index r+s) can beretrieved in constant time. Note that all table references r have to be unique. If alltables have a non-empty entry in the same index, this is the case. The only problemarises when a messages is not understood by a class, so it should have a nil referenceon position r+s, but due to the packing together, proper message s’ of another classwith reference r’ happens to be at the same entry (i.e. r’+s’ = r+s).

Method lookup strategies30This ambiguity needs to be resolved. In order to do this, the master array has tobe implemented as a double array structure (figure 6). The top row of the datastructure holds the method-references. The bottom row holds the index to thebeginning of the method table, in figure 4 symbolised by the name of the class.

IAHC1234567891011121314151617181920212223242526 abcdfabcjkabcdfabcjeIIIIIAAAIIHHHHHCCCHC

Figure 6: structure of the double arrayNow we can verify that the position r+s is ’owned’ by the table with reference rby verifying that the lower entry holds the value r.To summarise: if the lower part of the element equals the table reference (i.e. itpoints to the beginning of the table) then the upper part gives the address of themethod to be called (the table owns the entry). If it doesn’t, the selector is notunderstood by the class (the space is empty, or owned by another table). This processshows constant-time performance. The pseudo code for method-lookup becomes:Function SA-lookup (class, selector) : method offset := methodTableOffsetOf(class) index := offset + selector

If checkArray[index] = offset Then

SA-lookup := masterArray[index]

ElsereportError("message not understood")

Two indirections plus a test is added to the time needed for STI-lookup. Thismakes the lookup time of SA about twice as slow as the hitTime of inline caching,rendering a similar speed. The same remarks as made with selector colouring (section3.3.4) apply.We measured the memory savings of the sparse array technique on theaforementioned Smalltalk image. After some experimentation, which we will treatseparately in chapter 5, we reached a fill rate of 67%. This gives 266,137 methodreferences, 14.8 times less than STI. However, since two fields are maintained (onefor the master array and one for the check array), we have to halve this figure in apreliminary approach. The memory used then amounts to about 2080 kilobytes.

Method lookup strategies31A first improvement can be made by storing two-byte values in the check array,instead of the four-byte pointers of the master array. The value stored in the checkarray can be made relative (equal to the selectorcode) instead of absolute (equal to theoffset of the method table). Instead of checking on offset a check on selector would beperformed in the lookup code. This would reduce the memory occupied by 25%,rendering 1560 kilobytes, but would limit the number of different selectors in thesystem to 32767 (1 bit is used to indicated emptiness, so we have 215-1 ). This figureis too constraining since the standard image already has 5087 selectors and a fairlysized applications adds several thousands.If we do not implement sparse arrays separately, as a data type with anabstraction barrier, but take advantage of the knowledge that they are to be used asmethod tables, further space reduction is possible.Suppose we eliminate the lower entry in the master array. Then, for a class C,with table reference r, and a selector with code s, we need to be able to verify if themethod reference at index r+s is effectively ’owned’ by class C. If we would be able tosurmise the selector t for which the method found at index r+s is the implementationwe would simply have to check if t = s . If this is the case, then the method can not bean implementation of s for another class, since every class has a unique reference toits method table. In other words, if the method at index r+s implements selector s, ithas to be part of the method table beginning at r, hence it is the right implementation.All we need, then, to eliminate the lower part of the master array, is to keep witheach method the selectorcode of the message it implements. In terms of space thisadds only as much references as there are methods in the system. For our example thisgives 8.540, as opposed to the 266,137 entries of the master array. The total memorycost then sums up to 1040 kilobytes. In terms of time one reference indirection isadded to the method lookup.We can conclude that SA is very similar to SC in terms of lookup time andmemory use. As far as implementation effort is concerned both techniques are amongthe hardest we have discussed. We will compare the techniques further in terms ofmemory use and system maintenance later.

324 The sparse array data structureIn this chapter we will treat the data structure underlying the SA technique indetail. The improvements that are outlined are independent of the use of sparse arraysin method tables. The only connection is the tendency of method tables to haveclustered regions of non-empty entries. This property, which can as well occur in non-object-related applications, enables us to optimise the fitting process.In the first section the basic algorithm is discussed. In the second section threeincremental improvements are treated. First we discuss the scope of applications forsparse arrays.The sparse array data structure is interesting in it’s own right, as an alternative tohashing tables in special cases, as a space-efficient representation of two-dimensionalsparse tables, and, for specific cases, to store an adjacency matrix for reasonably staticgraphs.Sparse arrays are preferable over hash tables when the following conditions aresatisfied:1)There is a need for good worst-case performance of retrieval (hashinghas poor worst-case performance, especially for detecting that a key isnot present when the table is full)2)The keys, numerically represented, have a limited range (since they areused as offsets)3)A large number of tables is demanded (otherwise the packing-togetherof tables cannot be accomplished)These conditions apply for method-tables and trie tree nodes [AOE˚92].Character-based identifier hashing excludes sparse arrays because of the enormousrange of the keys (the size of the alphabet to the power of the maximum length of anidentifier).For two-dimensional arrays, conditions 2) and 3) are automatically fulfilled, forsufficiently large structures. Either rows or columns (whichever is more numerous)are treated as the puzzle pieces. A separate array matches row indices to offsets in themaster array. An additional condition, which is presupposed for hashing tables, isnecessary:4)Enumeration of non-empty entries is not a frequent operation(compared to retrieval of a single element)

The sparse array data structure33This applies for finite state machine representations, such as parsing tables,among others [AOE˚82]. It is condition 4) which excludes most sparse matrixalgorithms, such as Gaussian elimination.Finally a necessary condition for all applications is that the tables are fairlystatic:5)The frequency of adding non-empty entries is low, compared toretrievalThis excludes graph applications with a lot of restructuring. Condition 4) furtherexcludes those in which it is important to enumerate neighbours quickly. Left arethose in which getting the weight of an edge between nodes overshadows all otheroperations.Another interesting application is a set of numbers with a wide range n, butlimited number of elements. The set can be sliced in pieces of width m (m can befreely chosen), which are fitted together. An element e is looked up in piece e div m(a separate array with length n div m is necessary to get the offsets, as with two-dimensional tables), at index e mod m. If e mod m itself is stored as value, the checkarray is not necessary. The number of elements in the set has to be less thann˚/˚log2˚m, otherwise a superior representation is that in which one bit per element(present or not) is used.4.1. The algorithmThere are two operations to consider:Function get (offset, i: integer) : element

Procedure set (var offset: integer; i: integer; value: element)

The offset argument is the identification of the array, i is an index in thearray. For simplicity of the pseudo code we assume that the address of the masterarray is stored in a global variable data, the check array likewise in a variable check.The offset is a var parameter in set because the array can be relocated as a result ofthe operation.

The sparse array data structure34The code for get looks as follows:Function get (offset, i: integer) : element index := offset + i

If check[index] = offset Then (* owned *) get := data[index]

Elseget := default

This piece of code is obviously O(1) and worst case performance equals bestcase performance. Compared to indexing in an array, an addition, a test, and an arrayindexing operation is added.The code for set is significantly more complicated:Procedure set (var offset: integer; i: integer; value: element)

If value = defaultvalue Then check[index] := -1 (* free the entry *)

Elsedata[index] := value (* adjust the data *)

Else (* not owned *)

(* nothing *)

Else If check[index] < 0 Then (* free entry *) data[index] := value check[index] := offset

Else (* collision with other array *) relocate(offset,i,value)

This operation has a best-case performance of O(1). The worst-caseperformance depends on the efficiency of relocate, and occurs when a non-defaultvalue is set on an non-empty entry owned by another array. We assume that relocate,besides calculating an offset for the array which matches it’s non-empty entries, takesother necessary actions.

The sparse array data structure35These actions include three steps: lifting the array out of the master array,matching the signature of non-empty entries onto a pattern of free places in the masterarray, and inserting all the elements (including the new one). In code this gives:Procedure relocate (var offset: integer;

i: integer; value: element) : integer;

entryList := lift(offset, i, value) offset := match(entryList) insert(offset, entrylist)

In the first step, lift, all entries of the array are enumerated. The non-empty onesowned by the array are made empty, and kept in a list representation of pairs(index,element). The performance is O(S), with S the size of the array in question.S can be constant for all arrays as in our application and for two-dimensional tables,or can differ per array. For simplicity we assume the former case. The extra memoryrequired is O(s), with s the number of non-empty entries in the array (the length of theentryList). This differs per array. We will use the notation s(A) to specify this valuefor a particular array A.In the third step, insert, all non-empty entries are inserted in free places. Thisgives O(s) performance.The second step, match, gives the largest time overhead. The other two arenegligible in comparison. The time required by the matching process depends on thenumber and structure of the free places in the master array, and the pattern of non-nilentries in the array. A strictly upper bound is given by O(s * N), where N is the size.

The sparse array data structure36This is an overestimation, since the formula is based on the assumption that inorder to detect a non-match, all s entries of the table need to be checked, and this forevery entry in the master array. This results in the following "vanilla" code13:Function match (entrylist: list) : integer

For offset := 0 to N - 1 Do found := true

ForAll entry In entrylist

If check(offset + index(entry)) >= 0 Then found := false exit ForAll

If found Then match := offset exit match reportError("memory full")

Condition 5) was introduced exactly to prevent the match operation fromoccurring too often. In chapter 5 we will devise a scheme to enforce this in thecontext of method tables. Nonetheless, a faster matching process is desirable even if ithappens only once for every entry. In the next section we will discuss betterstrategies.4.2. Faster fittingIn order to evaluate the matching process better we will assume that all thearrays are matched as a whole, one after the other. The first place to accommodate thearray is taken. We will call this the first-fit approach (FF).We can estimate the time taken to match n arrays by starting to assume that thefillrate f of the occupied left part of the array remains fairly constant. Our experimentsbare out this assumption. We can also ignore the variation in number of non-emptyentries of arrays, taking the average number a instead.If j arrays are already fitted, the maximum number of starting points, which isthe index of the rightmost non-empty entry in the entire master array, is estimated bythe following formula:

j * a (4) f

13 Two non-Pascal constructs are introduced for brevity’s sake: the Forall ... In ... enumerates over alist, the exit ... reverts control to outside the mentioned block.

The sparse array data structure37This is the number of non-empty entries, divided by the fillrate to add the emptyplaces in between.Now the number of starting places needs to be multiplied by the averagenumber of checks needed to detect a non-match. The first coordinate always needs tobe checked. The probability that we have an empty place and therefore need to checkthe second coordinate, is one minus the fillrate (1 - f). We will call this value e. Afterthat the probability of needing to check the third coordinate is e2. In the end this givesthe infinite summation:1 + e1 + e2 + e3 + e4 + ...(5)Which delivers (because 0 <= e < 1): 1 / (1 - e). We recall that e = 1 - f , whichgives us 1 / f. Thus a check is independent of the number of non-empty entries in thearray to be matched14. This gives as time estimation for the checking of the j+1tharray:

j * a (6) f2In this it is assumed that no match was found, so it is an upper bound. For all narrays the final formula is:

a * n2 (7)2 * f2This is O(n2), with n the number of arrays.4.2.1. Linking the freelistIf we look at the sparse arrays as a memory management problem (MM, see forinstance [AHO˚83]) in which the blocks are not only of variable size but also non-coherent, a clearer view on the matter is obtained.

14 This might look like a suspicious piece of mathematical wizardry, but it is not. The summationassumes an infinite number of coordinates to be checked. In practice, after all coordinates are checked,a match is found. Thus the calculation is a bit pessimistic for an average case.

The sparse array data structure38In MM algorithms the central structure, around which most of theimplementation effort is concentrated, is the freelist. In fixed-size block MM thisactually is a linked list. In variable-sized block MM this structure can become quitecomplicated but the generic term freelist is still used. The purpose of the freelist is tomaintain an administration of the free space in memory. The obligation of quicklyanswering a user’s request for a block of a certain size guides the choice of datastructure used.A major constraint is that the memory overhead of freelist maintenance shouldnot depend on the number of currently available blocks. A constant overhead istolerated. In practice this means that the freelist structure is linked together bypointers which reside in the free blocks themselves. This adds a degree ofsophistication characteristic of MM algorithms and usually puts a lower bound on thesize of free blocks (since they have to be big enough to contain the necessarypointers).In our first modification we link the empty spaces in the master array togetherby putting the index of the first empty entry at index 0 (this one is never occupied, sothe overhead is one entry). The data piece of this entry contains the index of the nextfree entry, and so on. We kept the list of free entries in ascending index order, tomaintain the FF approach.

Figure 7: the freelist

The sparse array data structure39The matching process is sped up, since the data links of the freelist allow theouter loop to hop over the non-empty entries as in the following code:Function match (entrylist: list) : integer offset := data[0]

While offset „ 0 Do found := true

ForAll entry In entrylist

If check(offset + index(entry)) >= 0 Then found := false exit ForAll

If found Then match := offset exit match

Elseoffset := data[offset] reportError("memory full")

The estimation for matching n arrays becomes:

e * a * n2(8) 2 * f2This is still O(n2) since e is (1 - f), the ratio of empty places in the filled up partof the master array.There is an extra time overhead in the set operation since the placing of a defaultvalue on a non-empty entry, owned by the array in question, necessitates a search forfirst free entry to the left. This will become the predecessor of the freed entry in thefreelist. This search would not be necessary if we did not adhere to the FF scheme.However, the average time for this search can be calculated similar to (5), with theonly difference that f takes the place of e, which gives us 1/e as an estimate.To make an entry occupied, it needs to be removed from the freelist. We canavoid the aforementioned search for the predecessing free entry by double-linking thefreelist. The check array contains indices to the previous free entry, with negative signto indicate emptiness to the get routine.

The sparse array data structure40

Figure 8: the double-linked freelistIf we did not adhere to the FF approach, this modification would be mandatory,since the predecessor in the freelist could be anywhere in the array and removing anelement would be O(E), with E the number of free entries in the list. In the FF schemethe backpointer improves the speed only slightly.Our first implementation of sparse arrays already incorporated the double-linkedfreelist since we felt the overhead of one entry was negligible. Fitting the Objecthierarchy without metaclasses took about 4.95 hours to complete15. The standardimage took 24 hours. These experiments confirmed our estimate of the matchingprocess as being O(n2). The algorithm was implemented in a public-domain Scheme16for rapid prototyping and testing. Translation to C will probably gain some speed17.We felt it was more relevant, given the time constraints, to try and find algorithmicimprovements.4.2.2. Randomising the coordinate listIn our experiments we noticed that the average check time per offset 1/f,calculated in the previous section, was an underestimation. The calculation assumes auniform distribution of non-empty entries in the array to be fitted and, as a result, inthe master array. By construction, however, in order to obtain better fitting (seechapter 5) the arrays are much more clustered than in the general case. In ourapplication the arrays have about as many coherent groups of non-empty entries asthe number of superclasses of the class for which the array is the method table. Theresult is that the empty places in the master array are clustered as well. At a particularempty entry the check for a match therefore involves a check over the island on non-empty entries in the array, or the island of emptiness to the right of the entry in themaster array, whichever is smallest (this is because the entrylist was automaticallysorted in ascending order of indices, by the lifting process).

15 A Macintosh FX with 16 megabytes of memory was used in the timed experiments.16 The Gambit Scheme interpreter & compiler, implemented by Marc Feeley, was used, because it wasthe only available implementation, commercial or otherwise, to support 32-bit pointers. We would liketo thank Marc Feeley for stimulating the use of Scheme by altruistically making an industrial-strengthenvironment (compared to commercial implementations) available at no cost and even maintaining itdiligently.17 We estimated that the overhead of garbage collection alone makes the Scheme version twice asslow. The memory management of the entrylists is the main source for this.

The sparse array data structure41

Firstfitting placeMasterArray to befitted

Figure 9: fitting a sparse array into the masterarrayIn the above example it would be better to check the array starting at the back,since the most constraining non-empty piece is there. A non-match would be detectedsooner.We brought the length of the check back to 1/f by first randomly reordering theentrylist delivered by the lift operation. The overhead of the randomising step wasmore than compensated for by the speedup of the fitting process. The Objecthierarchy was processed in 1.36 hours, a three and a half fold improvement. Otherexperiments confirmed this factor. Nevertheless, the process is still O(n2).Although our particular application motivated this adjustment and we will takeadvantage of the this aspect further on, we feel that the randomising step is a goodalternative in general. When the amount of "clusteredness" is unknown it can give asubstantial speedup. It is easily implemented and only implies a time overhead ofO(s), negligible when compared to the overall duration of the fitting process.Note that the three variants discussed so far deliver an identical packing oftables, since an array is inserted in the first place where it fits, going from left to right.4.2.3. Big Block Best FitA much more significant speedup is possible when the arrays are known to beheavily clustered. This can be expressed by a new condition:6)The tables mainly consist of coherent pieces of non-empty entries, withlarge empty regions in between.If 6) holds the algorithm in this section can speed up the fitting processalgorithmically. The complexity of O(n2) is reduced by more than a constant factor,approaching, as far as we were able to ascertain, O(n).

The sparse array data structure42We baptised the method, which is based on [DHO˚88], big block best fit(BBBF). The free space of the master arrays is organised in a binary search tree,ordered by the size of coherent empty pieces. When an array needs to be fitted in, thelargest coherent non-empty region of the array (largest block) is fitted first bysearching in the tree for the smallest free piece larger than or equal to this region (aO(log2 t) operation with t the size of the tree). The index of the first free entry in thefree piece minus the index of the first entry of the piece to be fitted gives the firstoffset. Then the rest of the array is checked. If no match occurs and the free piece islarger than wanted, the offset is shifted one place and another check is performed,until the rightmost entry of largest block coincides with the rightmost entry of the freepiece. If no match has occurred, the process is repeated for the next larger free piecein the tree.The speedup of this modification is caused by not checking all the empty entrieswhich give an offset that makes the largest block of the array coincide with a freepiece that is too small to accommodate it.This algorithm results in a different packing scheme than the previouslydiscussed methods, because the order in which offsets are tried is not necessarily left-to-right. As shown in table 1, the resulting fillrate is sometimes better, sometimesworse, but differs only slightly. For the standard image it is almost identical.The implementation effort involved is quite heavy. Because we chose not toexclude any potential match, the free pieces which are smaller than minsize (the sizeneeded to accommodate a node of the sizetree) are kept in a double-linked list asbefore. A free piece larger than minsize looks as follows:Size

LeftRightParent

Figure 10: layout of a node in the freelist.The check array cannot be used to store useful information because we have todistinguish between cellular free entries and coherent free pieces. This is done byfollowing the check link once and observing that it then points to itself (this isimpossible for cellular pieces if we exclude both entry 0 and 1 from being used).The first entry in the data-array contains the size of the piece. The next twocontain indices to the first free entry to the left and to the right of the block. Thuscoherent free pieces are intermingled with cellular entries in the double-linked list.

The sparse array data structure43The next three entries contain indices of, respectively, the left subtree, the rightsubtree and the parent of the node as it is linked in the sizetree. 0 is used as the nil-pointer. The parent link is necessary for three reasons. First because it enables thesearch for a best fit to perform within constant memory (otherwise a dynamicallygrowing stack is needed). Then because we have to navigate in the tree to find thenext larger piece. Last because it prevents a parent search when a block needs to beremoved, like the double-linked list prevented a search for the predecessor.All this results in minsize = 6.We will not go into the details of the operations, necessary when a free piece isoccupied, but just sum up the different cases to consider:1) a cellular piece is occupied (as before)2) a piece is removed from a block, splitting the block into two smaller ones(which are inserted in the sizetree)3) a piece is removed from a block, making the left or right part smaller thanminsize (it falls apart in cellular entries)When an occupied piece is freed, the following cases occur:1) the piece is smaller than minsize and has no adjacent free entries (link thecellular entries in the list as before)2) the piece is smaller than minsize and has adjacent free entries (if theneighbours are cellular, and the total size is still smaller than minsize, wehave 1), otherwise, remove the adjacent block from the tree, merge all of itinto one block and insert this in the tree)3)a piece is larger than minsize and has no adjacent free entries (insert it in thetree)4) a piece is larger than minsize and has adjacent free entries (as 2))The entrylist, normally used by the matching process, is replaced by what wecall a signature. This is a list of pairs (index,size). Each pair describes the startingindex and the size of a coherent piece of the array to be matched. The list is sorted bydecreasing size, in order to check the most constraining (larger) regions first. Hencethe largest block, on which is searched in the sizetree, is first in the list. The matchingprocess then looks as follows18:

18 car gives the first element of a list, cdr gives the list with the first element removed.

The sparse array data structure44Function match (signature: list) : integer bigBlock := car(signature) currentPiece := FindBestFitInTree(size(bigBlock))

While currentPiece „ 0 Do (* check on nil *) start := currentPiece - index(bigBlock) stop := start + size(currentPiece) - size(bigBlock)

For offset := start To stop Do found := true

ForAll block In cdr(signature) Do

If blockCollides(offset + index(block), size(block)) Then found := false exit ForAll

If found Then match := offset exit match currentPiece := NextLargerInTree(currentPiece) reportError("memory full")

The blockCollides predicate reports if a coherent piece of a certain size doesnot fit at the given index. This check performs faster by having coherent blockinformation. We will not go into the details, however. The tree operations are fairlystraightforward, and perform at O(log2 t), and within constant memory.The performance of a match can be modelled in the following formula:O((log2 t) * m)(9)t is the size of the tree, m the number of blocks that need to be tried. If thismeasure is independent of n, for an adequately large number of sufficiently clusteredarrays, the whole operation has become O(n). From our experiments we believe thisto be the case. We observed that both t and m, after a start-up period, oscillatedaround a constant value. The fairly similar structure of our arrays19 probably has a lotto do with this, since the larger free blocks of the tree were used up almost as soon asthey were inserted. This kept the part of the tree that was searched small. A deeperanalysis and experiments with more varied arrays falls under the heading of work inprogress.

19 The largest coherent blocks consists in most cases of the proper messages of Object, or, formetaclasses, the understood messages of Class.

The sparse array data structure45The following chart is evidence for our case (Y-axis is time in seconds, X-axisis number of classes. Note that the area is not cumulative):

classnumber time in seconds020004000600080001000012000140001600018000

100

200

300NormRandBBBFFigure 11: time versus number of classes processedThe time grows quadratic for the normal and the randomised technique. BBBFseems to grow linearly. In order to confirm this, we plotted the time needed to processa class, relative to the number of classes already done.

The sparse array data structure46The increase in time for each class is roughly linear for the normal and therandomised algorithm, but is constant for BBBF, as shown below. These are thederivatives of the previously shown curves.

time per class in seconds020040060080010001200

BBBF

RandNormFigure 12: time to process a class after a number of classes have been fittedThe time needed to process the Object hierarchy without metaclasses was 12.8minutes, a 23-fold improvement over the first approach, more than 6 times faster thanthe randomised technique. For the standard image, the timing was 36.6 minutes,compared to 24 hours for the first method. Thus the fitting process is made practicalfrom a users point of view. Translation to an imperative language can further reducethis time by a constant factor.

475 Heuristics for method table fittingIn this chapter we treat various heuristics that reduce the memory cost ofselector table indexing with sparse arrays. Whereas the algorithms of the previouschapter were relatively independent of the problem domain, the rules defined here aredirectly based on the characteristics of method tables and the inheritance structures inwhich they reside.First the motivation for using heuristics is outlined. Then progressively moresophisticated rules are treated. In the final section the results of applying the rules aregiven together with results of other static caching techniques on the same testsamples.Calculating for a given set of tables a set of offsets that minimises the distancebetween the first and last non-empty entry is an NP-complete problem, as ascertainedin [TAR 79]. This means that for n tables there is no fullproof way to find theminimum configuration in less than O(cn) time, with c a constant20. The naiveapproach of trying out all possibilities is hereby ruled out.There are basically three responses to NP-complete problems. The first is to getthe problem out of the NP-domain by redesigning the particular constraints of theproblem and thereby making the solution space simpler. The Travelling SalesmanProblem (TSP), for instance, becomes easy if all cities lie on a square grid, at aconstant distance from their direct neighbours. If the problem at hand is reducible,even allowing occasional exceptions, to such a form, this is be the best approach. Thisis of course not possible in general and, as far as we were able to confirm, not for ourparticular problem.The second response consists of a variety of weak search strategies, such asgenetic algorithms [MAN˚91], in which the aim to find the best solution isabandoned. Instead the humbler approach of finding an adequate solution is tried.Starting with a set of initial configurations, generations of solutions are calculated.The better solutions are modified in a randomised way, giving the next generation ofconfigurations. The larger the population of configurations tried in the process and themore generations generated, the better the solution becomes. Weak search strategiesare applicable for a wide range of problems. Even so domain knowledge is used toguide the choice of modifications, although it is not as important as in the firstresponse. For our problem this family of approaches is not practical, since theevaluation of one configuration takes time in the order of minutes or hours. Barringaccess to massively parallel and/or number-crunching hardware, weak search is notfeasible.

20 An upper bound for c in the problem under consideration is n * S.

Heuristics for method table fitting48The third approach to NP-completeness is to guide the construction of aconfiguration by rules, called heuristics21, which are known to provide good solutionsfor common cases. In the TSP problem, for instance, preferring to connect citieswhich are close together in favour of widely separates ones is a common sense rulewhich usually avoids lengthy routes. However, since it is only a rule of thumb,numerous counterexamples can be constructed. The rules employed depend entirelyon the characteristics of the problem. As in the first approach, domain knowledge isof prime importance. We chose this technique.Given a large enough variety of tables to be fitted, the first-fit approachemployed in [TAR˚79] and in the first three algorithms of chapter 4, gives anacceptable solution. The BBBF technique performs much faster and delivers a similarpacking.Taking this heuristic as a given, there are two degrees of freedom left: theselector numbering and the order in which tables are added. We found that the formerhas the biggest impact on the redundancy rating. Since the selector coding determinesthe pattern of non-empty entries it is responsible for the form of our puzzle pieces.We will explore the various possible schemes in the rest of this chapter.5.1. Table Width Allocation as a heuristicIn a first test22, the selector code was set equal to its position in analphabetically ordered table of all selector symbols. This was obtained by firsttraversing the hierarchy, putting all selectors in a list, sorting it and transforming it ina table. Since the message selectors of a given class are usually more or less evenlydistributed over the alphabet, in this case the method tables are wide and sparse.We obtain a table that is 11% filled, which is slightly worse than the simpletable width allocation method outlined in section 3.3.2. In the latter technique,selector numbers are assigned as they are encountered. As a result the propermessages of classes are usually clustered together in the method table23, as shown infigure 5.

21 a.k.a. rules of thumb, educated guesses, or common sense. See [PEA˚84] for an overview.22 In all tests of this chapter, the standard Smalltalk class library was used.23 The exception is when a message is defined in two separate subtrees, as the message d in figure 3

Heuristics for method table fitting49Alphabetical OrderEncountered OrderFigure 13: Non-empty entries in a sparse table, as influenced by selector code(same number of entries in the two cases)The table width of a subclass is always larger or equal to the table width of itssuperclass. To ensure that the table width of a class is strictly smaller than that of itssubclasses (a gain in space) the ordering has to put the superclass before itssubclasses. In the new ordering this is the case.With this selector coding we obtain a master array that is 36% filled, aboutseven times better than the naive approach and three times better than TWA.Out of this and other experiments we conclude that the solution for table widthallocation method gives a good heuristic for our problem. The TWA scheme, ofnumbering selectors sequentially within a class and traversing the inheritance graphstarting with the superclasses, effectively bounds the worst case of sparse arrayfitting. This worst case occurs when no array can be fitted in the partly occupied leftpart of the master array and has to be placed at the right of the rightmost non-emptyentry. This scenario does not occur in our experiments because the tables exhibitenough variation to often allow fitting in the left part of the master array.The preorder traversal scheme still allows one degree of freedom: the order inwhich subclasses are processed.5.2. Metaclasses firstIn the Smalltalk inheritance tree used for the experiment there are two kinds ofclasses: normal classes and meta-classes. Since every class has a meta-class, bothkinds are about as numerous24.

NormalMetaNumber of classes383391Total number of known selectors40271288Average known selectors per class161297

Figure 14: Normal versus metaclasses in the Smalltalk inheritance graph

24 They are not equal in number, since the class MetaClass does not have a normal class as instance.Furthermore, in the experiment, Behaviour, Classdescription and Class are counted as meta-classes,since they help define the meta-class protocol, and they do not have instances that are normal objects.In fact the first two are virtual metaclasses.

Heuristics for method table fitting50From figure 14 it is obvious that the two groups are widely different. Themetaclasses understand only 1288 of all available message selectors with each meta-class understanding almost 300 selectors on average. The other classes as a groupunderstand four-fifth of all selectors while each class itself understands only 161 ofthem. If we process the meta-class subtree first, the width of the first 391 tables is atmost 1288, and each table is about 25% filled to start with. This produces a densepacking of the tables after which the normal classes can be added. Since these have awide range of selectors but more empty entries in the method-table, they are wide andthe selectors more randomly spread, so they are more difficult to pack together.The experiment, in which all metaclasses were filled in right after the classObject gives a fill rating of 60% (61% with BBBF). Thus the memory used by theselector tables is reduced by a factor 12. The packing of normal classes in the masterarray is 49%. As expected, the meta-classes are more densely packed, giving a 69%fill rating. The master array has a width of 295.414 entries as opposed to the naiveimplementation of the selector table, which has 3.937.338 entries.The results of the last test is Smalltalk-specific in the sense that the class-metaclass dichotomy need not occur in prototype-based languages25. In the followingsections we will consider more general approaches, which deliver, as a special case,the ad hoc manoeuvre of this section.5.3. Subtree orderingViewing the table width allocation problem as a minimisation problem gives thefollowing formulation:Given a partial ordering, specified by a transitive, asymmetric relation P:A->A(with A the set of classes a0 ... an, for which P(ai) = aj if aj is the parent of ai) and aweight function W:A->N (with N the set of natural numbers, W(ai) is the cardinalityof the set of selectors, introduced by class ai), find a total order on A (by defining aone-to-one function O:A->[0..n]) that respects the partial order P (for all i in [0..n] :O(ai) < O(P(ai))) and minimises the following sum:O(a0) x W(a0) + O(a1) x W(a1) + ... + O(an) x W(an)This can be solved in polynomial time, unlike the general problem, which isNP-complete. Before we found out about this a number of heuristics were tried,among which the best was the following (for simplicity we assume that theinheritance structure is a tree):

25 The copying methods, that replace the meta-protocol of a class, reside in the same method table asthe ’instance’ methods of a prototype.

Heuristics for method table fitting51Place the root selectors first. Order the subtrees in descending order with key (number of classes in subtree * total number of new selectors in other subtrees). Repeat the process for every subtree in that order.

The method is justified by the following rationale: If a given subtree isprocessed last, the useless prefix in it’s method tables, generated by the other subtreesis equal to the total number of newly introduced selectors in those subtrees26. Thetotal overhead generated is equal to this number, multiplied with the number ofclasses in the given subtree. The subtree for which this overhead is greatest, is placedfirst in order to avoid it.The Class-MetaClass dichotomy of the previous section is handled correctly bythe heuristic. Since the metaclasses subtree contains the most classes and the numberof selectors in other subtrees is four-fifth of the total, it gets processed first. Thesimilar handling of the subtree itself and the rest of the hierarchy gives a furtherimprovement of 3% in fillrate, summing up to 64% in total. Moreover, as shown intable 1, the other experiments, in which metaclasses are absent, also performsubstantially better. Only in small samples (under 50 classes) the heuristicoccasionally renders a worse overhead.Since a heuristic is not fullproof, a counterexample can and will occur. A simpleone is given below: 1 algorithm gives: 0 1 2 3 4

/ \ 9 1 4 4 1 -> 25 1 4 / \ best ordering: 0 1 2 3 4

9 4 9 4 4 1 1 -> 17

The best ordering in this case is one in which subtrees are not processed as awhole. Of the left subtree, first the rootclass is processed, then the right subtree, andthen processing of the final class of the left subtree is resumed. Since our heuristictreats subtrees as indivisible (this is essential, since otherwise the overheadcalculation would simply not be correct), it is not clear if it can be modified in someway to repair this. A heuristic which performed well on the above example was triedon some of the samples but rendered a vastly inferior fillrate. In much cases it wasworse than not having a heuristic at all.

26 Introduction of a selector in parallel subtrees happens so rarely that we chose to ignore it (in theCollection subtree, a few non-accidental cases occur. A critique on the design of the Collection classesand an alternative, can be found in [COO˚92])

Heuristics for method table fitting525.4. Horn’s algorithmIn "Single-Machine Job Sequencing with Treelike Precedence Ordering andLinear Delay Penalties"[HOR˚72] an algorithm is presented that, mutatis mutandis,solves the minimisation of Table Width Allocation27 and performs in polynomialtime.Stated in terms of process scheduling, the problem is to find an optimal orderingof a set of processes in a single job queue, which minimises the time each process hasto wait, multiplied by a weight (importance) for each process. A partial ordering ofthe processes is given as well (some processes need the results of others). If allprocesses have weight 1, the problem reduces to TWA minimisation. Processes arereplaced by method tables, process time by number of new selectors and waiting timeby the number of previously assigned selector numbers. The inheritance structures ofcourse takes the role of the process partial ordering.Horn proves that the following algorithm solves the problem:Calculate a measure r for each node in the tree. Place the node in a priorityqueue, sorted on r. Repeat the following process until the queue is empty: take thenode with maximum r, place it next in the ordering, place all it’s subclasses in thepriority queue.The measure r of a node a is calculated as the maximum of (number of classes /number of new selectors) over all connected sub graphs of the tree starting in a whichhave a as root. For node a in the example below all these sub graphs are: a a a a a

/ / / / b b b b

/ \ / \ d e d e

Although this family of subtrees grows exponentially (adding a son to a doublesthe number), Horn also describes a fairly complex algorithm to calculate the measurer in a bottom up fashion, for all nodes, in O(n log n) time [HOR˚72].We tested Horn’s algorithm on the standard Smalltalk image and obtained 67%fillrate as a result, a further improvement of 3%. Surprisingly, on the majority ofsamples without meta-classes, the algorithm gives a worse fillrate than the heuristic ofthe previous section. This shows that, although Horn’s algorithm gives the bestpossible result for coherent method tables, it is merely a heuristic for the NP-completeproblem of sparse array fitting.

27 The reference was provided by members of the usenet community.

Heuristics for method table fitting535.5. ResultsThe table below sums up fill rate % (non-empty entries / total entries) ofSelector Table Indexing (SI) without memory reduction, STI using Table WidthAllocation (TW), and Selector Colouring (SC). In SC, the size of the conflict graph isnot taken into consideration. The measure taken is the number of classes * the size ofthe largest clique, which gives the theoretical minimum. The last three columns givesparse array results for, in order, straight first fit (FF), BBBF (BF), BBBF withheuristics (BH), and BBBF with Horn’s algorithm (HO).

ClassndTpTmT s S I TWS C F F B F BHHOA-AgBrowserObject8340822443855385858585A-AgTokens264584262956867488868586A-AgObjectStructure308706363561838179798786A-AgTree114724125568887988888688Set941444509453926592929292M-Set13619875112148886584949488C-Set16620589412644866273738486Stream166210112212656896574749189A-Stream196262131216841806382818184A-AgComponent264294178013650827675787582C-ArmanObject434250124816418534256376463C-DemoObject28532694221016385847485757Magnitude184568138124032655280787175A-Magnitude366630188626620653369687374C-HAMAbsSupClass296335157727420454281747460Collection516805496040324476448495851A-Collection6571044643549820426345475352M-Collection7271240716758017386350515252VisualComponent537875425352915386054555558A-VisualComponent146919681395592410295439386655C-VisualComponent159920461517995710275445446455M-VisualComponent183923301762910459255540425652M-MeiObject111723871116715137253747405347Object-noclass383868356180940274136242465251A-Object-noClass88110130261535297004295639425145Object77412854017826450875185760616467

Table 1: fillrates of static caching schemesIn the table, the first columns give information about the testing samples28. n isthe number of classes, d is the depth of the sub graph, Tp the total number of propermessages in the sample, Tm the total number of messages understood (summed perclass). Ts is the total number of distinct selectors in the sub graph. Tm gives thelower bound for the number of entries in static caching. To get the absolute number ofentries, divide this number by the fillrate of a particular strategy.

28 The classes, prefixed by A are part of an Agora interpreter, implemented at our lab, those withprefix C are part of a group work project and prefix M stands for the Mei utilities public domain classlibrary. Classes without prefix are part of the standard library (subsets of the former applications). Thenoclass suffix indicates that the metaclasses were cut from the tree.

Heuristics for method table fitting54A comparison between the TW and the HO column, which have the sameselector numbering, shows the gain in memory which is strictly due to interminglingtables. For the smaller samples the fillrate is identical, indicating that all tables areplaced after each other. The rightmost non-empty entry of a table lies directly left ofthe leftmost non-empty entry of it’s successor. As the samples get larger the tablefitting starts to kick in. For the samples with nc > 50, HO stays relatively constantwhile TW deteriorates similar to TI.The weighted average of fillrates, calculated by taking all samples that were notcontained in others, and dividing the sum of all Ts by the sum of all entries, is givenin the table below:

TechniqueFill %Selector Table Indexing3.6 %Table Width Allocation13.4 %Selector Colouring55.7 %First Fit SA47.6 %Big Block Best Fit SA49.4 %BBBF SA with Horn’s algorithm54.3 %BBBF SA with ordering heuristic57.3 %

Table 2: average fillrates for all tested samplesThese averages show a cumulated improvement by BBBF and the heuristic of9.7 % over the first fit strategy. This result renders sparse arrays slightly better thanSelector Colouring (1.6 %).Finally, note that none of the samples incorporated multiple inheritance. Sinceno real-life class libraries employing multiple inheritance were available to us (inSmalltalk all classes have at most one superclass), we limited our approach toinheritance trees. The heuristics we tried need modification for directed acyclicgraphs. Horn’s algorithm is strictly limited to trees, but recent work on the topic ofscheduling for more general partial orders removes this limitation.

556 A comparison of method lookup techniquesNow that we have treated various aspects of our technique in detail we wouldlike to categorise it in the group of known solutions. Three criteria are considered:Memory overhead: the extra memory cost, compared to the minimalsolution, which is DTS with hash tables without overhead.System maintenance: the amount of extra work, associated with thedefinition of a new message. This is only a criterion among staticcaching strategies since the other methods have only a (small) constantoverhead at run time.Lookup efficiency: the average time needed to perform the method lookup.A comparison is done by analysis, since hard timing data is notavailable for all methods, and, when present, is not comparable outsidethe context of the system in which the technique is employedIn the last section a hybrid technique is proposed which we conjecture to exhibitthe best performance.6.1. Memory usageMemory use of the various strategies has been discussed in previous chapters.Here we will summarise and compare them.The table below gives rough estimates of memory use based on the standardSmalltalk class library. For PIC and Inline Caching we based the estimates oninformation from [UNG ˚87] and [HOL ˚91] for images of comparable size.As before, n is the number of classes, Tp the number of proper messages(methods), Tm the number of messages, Ts the number of distinct selectors. Newvariables are h% (overhead of hash table, typically 133%), C (size of global cache), p(method prefix overhead with inline caching), Cs (call site overhead with inlinecaching), St (stub routine overhead), e% (1/fillrate of SA), o% (1/ fillrate of SC), r(rate of reduction by TWA, as compared to STI, typically 3 to 4)

A comparison of method lookup techniques56

TechniqueFormulaEstimateDisp.Table SearchTp * h%89 KGlobal CachingTp * h% + C95 KInline CachingTp * h% + (Tp * p) + Cs150-175 KPolymorph. Inl.C.Tp * h% + (Tp * p) + Cs + St175-200 KSC Reg. Hash Tbl.Tm * h%930 KSparse ArraysTm * e%1040 KSelector Colour.Tm * o%1200 KSC Table Width A.Ts * n / r 3870 KSelector Table Ind.Ts * n15380 K

Table 3: Comparative table of memory cost.The first four strategies depend primarily on the number of methods in thesystem. The memory growth is O(n) with n the number of classes (each class adds 10to 20 methods). The next three static caching schemes with memory reduction dependmostly on the number of understood messages. In our experiments this shows O(n logn) growth. This is because the average number of messages in class growsproportional to the depth of the inheritance graph. The last two techniques give O(n2)memory cost. The total number of selectors in the system grows roughly proportionalto the number of classes.6.2. System maintenanceSystem maintenance, in the limited context of method lookup, is the overheadassociated with the definition of a message. This is only an important factor in staticcaching schemes. Dynamic caching does not require any action other than the addingof a messageselector-method couple in the method table of the class where themessage is defined.In all static caching strategies every method table in the subgraph starting at theclass where the message is defined needs to incorporate the new entry. This isminimal work. In STI, TWA and SCHT it does not have a large impact on theorganisation of the method tables involved. In SC and SA the situation is quitedifferent. We will limit the discussion to those two techniques.The point of view is shifted to the impact of changes in the inheritance graph asthey occur in a development environment. There are two cases to consider: adding aclass and adding a message. The removal of classes and messages does not pose a realproblem. Reclamation of space can be postponed until a suitable time interval occurs,in which all method tables in the system can be rearranged.

A comparison of method lookup techniques576.2.1. Defining a messageAdding a message is problematic when the class in which it is added has manysubclasses. To focus on the extreme example for the Smalltalk case, adding a messagein Object has a catastrophical effect. In the SA approach, the more densely packed themasterarray, the more method tables have to be lifted and inserted again. Since theordering is such that all selectors understood by object have the lowest selectornumbers, the new message will add an entry at the other end of the method table,rendering the placing of most tables ineffective. In order to avoid a lengthy repackingof all method tables at development time only one preventive measure seemspractical.We propose to maintain an additional method table with the new messages,which is checked if the lookup in the original table fails. At regular times a processcan be run which incorporates the newly defined messages into the original tables, ifnecessary relocating the entire masterarray. The BBBF algorithm makes this possible"while having lunch" or, for large inheritance structures, overnight. The newmessages have a constant cost added to the method lookup (an extra a) duringdevelopment time. The packing of the new tables in the masterarray will be space-and time- efficient since their width is bound to be small, given regular relocation ofthe masterarray.In selector colouring, defining a new message for Object has the samecatastrophical effects. Since the selector conflicts with all selectors in the system, ithas to be assigned a new colournumber, higher than all colours used. To avoidgrowing all methodtables in the system to incorporate the new colour, a similarapproach as above can be implemented.6.2.2. Adding a class We will only discuss the problem of adding a class at the bottom theinheritance graph, to illustrate the differences between SA and SC. Adding in themiddle has similar effects on all leaf classes.

A comparison of method lookup techniques58When examining the performance of the two methods on special cases ofinheritance, differences are blown up. On a real-life tree structure both approachesbehave similarly. Figure 14 lists extreme cases (terminology adopted from[AND˚92]).B b

A aC c

D dBranchA a

B bC cD d

CombA a

E eAppleFigure 14: Special cases of inheritanceThe ’branch’ case has no overhead for SA. Starting with class A, all methodtables are stacked after each other, leaving no empty space, rendering a master arraywith size 10. For SC, 6 of the total 16 entries in the method tables are empty, since allselectors are known in class D, and have to have different colour numbers. Additionof D adds empty entries in all previous classes. In real-life class structures this meansthat a few very "eloquent" classes, which understand a lot of messages, will enlargethe total overhead.The ’comb’ case would give the following master array for SA (firstfitapproach):

ABCD12345678 aabaacdABBCDCD

Figure 15: Master array for ’comb’ caseThe redundancy is 1 out of 8. This would be different if class A had moreselectors. We can conclude that redundancy can be expected in this case. SC gives 1out of 8.The ’apple’ case, an example of multiple inheritance, is the ’comb’ case with acommon subclass added. The SA method delivers the array of figure 16:

ABECD12345678910111213 aababcdeaacdABBEEEEECDCD

Figure 16: Master array for ’apple’ case

A comparison of method lookup techniques59Adding a subclass adds a densely filled method table to the array, givingredundancy of 1 out of 13. For the SC method, the subclass introduces conflictsbetween all known selectors, rendering a method table containing all selectors. ForSC, this gives a redundancy of 13 out of 25.Our impression is that the SA approach is more robust for special cases ofinheritance, especially multiple inheritance, than SC. Further experiments onmultiple-inheritance graphs are necessary to confirm this suspicion.An extra complication of SA is the special memory management. In the SAapproach, the memory used by method tables differs radically from the ’normal’memory used by objects in the system. If a class is deleted its methods can be garbagecollected but the place occupied by the table has to be reclaimed within the context ofthe master array. Furthermore, when a class is added, the master array may have togrow, taking space from the object memory. An arrangement in which themasterarray takes up one end of the memory and grows toward the runtime stack,coming from the other direction, with the object memory in the middle, is imaginable.In an industrial-strength implementation the masterarray may be split up, introducingextra maintenance coding.6.3. Lookup efficiencyWhen all is said and done the essential criterion of a message lookup techniqueis it’s method lookup speed. We will compare the various strategies by analysis.Some shortcuts are necessary to avoid inscrutable statistical variables, whichwould admittedly give more exact estimations, but for which the necessary data areabsent. We refrain from pinning down unknown quantities such as the form of theinheritance graph, it’s associated degree of polymorphism, the dynamic frequency ofof each message call, the speed of various machine instructions, the particular hashfunctions, hash table overhead and collision strategies chosen. Any particular choicewould reduce the generality of our analysis.Instead variables are introduced and an ordering is given, from our observationsin chapter 3.

A comparison of method lookup techniques60The following symbols represent constant time operations:h:calculate hash value, check entry in table c:check receiver class (PIC) i:index in an array r:range check ic:call a subroutine, check receiver class (IC best case) a:index in an array, check selector extracted from method (SA and SC)

Ordering: c ~= r < i <= ic <= i+r < a <= h

The following symbol represents variable time operations:hc:calculate hash value, check entry in table, resolve collisions if necessary

Ordering: h < hc

The following symbols represent variables, averaged over dynamic callfrequency:d:distance between receiver class and class where method is found + 1 (in DTS) p: number of classes checked in PIC stub routine and p is bounded by the implementor (maximum number of classes checked in stubroutine)

The following symbols represent frequencies (real numbers in [0,1])mg%: chance of cache miss in GC mi%: chance of cache miss in IC mp%: chance of cache miss in PIC p%: chance of moderately polymorphic call site (PIC)

Ordering: mp% < mi% <= mg%

A comparison of method lookup techniques61With these, we can estimate lookup speed:DTS: d * hc

GC:h + (mg% * DTS)

IC: ic + (mi% * DTS)

PIC: ic + (p% * p * c) + (mp% * DTS)

SCHT:hc

SC: a

SA: a

TWA: i + r

STI: i

The following can be deduced:STI < TWA < SC = SA < SCHT << DTS

Assuming chances of a cache miss in a (typical) range of 1-5%, and fromchapter 3 the following ordering is deduced (p is bounded so that p*c << DTS):PIC < IC < GC << DTS

These observations enable us to assemble a faster method lookup strategy,which is still practical from a memory use perspective, in the next section.

A comparison of method lookup techniques626.4. Fastest practical method lookupInstead of using DTS as a safety net in the case of a cache miss in IC, a staticcaching technique can be employed. TWA and STI are ruled out for practicalconsiderations since the memory growth is O(n2). SCHT does not have constant timeperformance due to collisions in the hash table29. We advocate to use either SA orSC.The performance of method lookup then becomes:HYBRID:ic + (mi% * a)

Thus worst case performance is a constant (ic + a).How much can be gained by this technique? If we take David Ungar’smeasurements for the SOAR system as a reference[UNG˚87], the time spent onmethod lookup, 23% of the total, is divided about evenly over hits (11%) and misses(12%). The mi% is 3.53%, which shows that Ungar’s implementation of a IC hit is 30times as fast as DTS. Our analysis in chapter 3 indicates that SC and SA are about 2times as slow as an IC hit, thus 15 times faster than DTS. Hence, in comparison withIC, the hybrid method is estimated to be about 2 times as fast (11% + 12/15% ~=12%).The approach taken in PIC, to increase the lookup speed by reducing m%,delivers a speedup of only 11%. It does seem natural that pushing the hitrate of IC(97.47%) up further is more difficult, and thus will yield less of a gain, than reducingthe cost of a miss. Furthermore, worst-case behaviour of HYBRID is limited to about3 times the best case, instead of being dependent on the amount of polymorphism andthe depth of the inheritance graph. Of course one has to pay for all this with memory.The memory cost and system maintenance overhead of the hybrid technique isalmost exclusively due to the SA or SC component. Thus these characteristics willclosely follow that of the latter approaches.These estimations are the best that can be given with the current informationavailable. It should be pointed out that they only show that a hybrid approach ispromising. Without hard performance data no hard claims can be made.

29 The frequency of collisions can be drastically reduced by choosing a an overhead of say, 50% in thehash tables, but this would make the memory cost of SCHT the same as for SA or SC, with still lowerperformance.

637 Future workThree avenues can be explored in the future: to test the dynamic aspects of STIwith sparse arrays in a real-life object-oriented environment, to further improve thememory use, and to analyse the gain of the big block best fit algorithm relative to theamount of clustering in sparse tables.The first subject, an evaluation of the sparse array scheme in a full-fledgedinterpreter with an industrial-strength class library, is needed to validate our analysisof performance. At least two scenarios are conceivable.An existing interpreter for Smalltalk can be modified to incorporate thetechnique. One of it’s potential strengths, the superior handling of multiple inheritanceas compared to selector colouring, will not be evaluated by this scheme, as Smalltalkonly supports single inheritance.A virtual machine including our technique can be implemented for Agora, ourlab’s proprietary object-oriented language. Agora supports mixin-methods, a flexibleway to generate class hierarchies at run time, which enables the programmer toemploy most of today’s inheritance paradigms. Dynamic use of mixins poses a seriouschallenge to any optimising strategy. To apply the technique in this context will be avery interesting experience.The second theme, which is very open-ended, involves the selector numberingheuristics. We have explored the limit of the table width allocation heuristic withHorn’s algorithm. An interesting observation is that this rule does it’s job sometimestoo well, by not leaving large enough blocks in between tables for other tables to befitted in. By using the size tree of BBBF, rules which try to avoid the splitting of largecoherent blocks can possibly improve the fillrate further.The third topic needing to be explored is the performance of BBBF, and how itdeteriorates when there is less clustering in the tables. One of the difficulties here is todefine "clumpiness" in an exact way. Most probably a statistical modelling is calledfor. Depending on this analysis, the algorithm is potentially useful outside the realmof object-oriented technology. We would like to look at this more closely.

648 ConclusionsWe have described a novel technique to optimise method lookup in adynamically typed object-oriented language.Selector table indexing with sparse arrays was defined and it’s memoryconsumption tested on a real life samples. We reduced the memory cost by applyingheuristics for selector numbering. The maintenance overhead was alleviated to asignificant degree by employing the table clustering present in class hierarchies. Wemodified an algorithm used in variable sized block memory management to take fulladvantage of this characteristic.The technique compares well to existing method lookup strategies. Amongstatic caching schemes it combines a fair memory cost with constant timeperformance. Selector colouring is closest in execution time but shows a slightlylarger memory cost and is less robust in the context of multiple inheritance. Compared to the current most popular technique, inline caching, an analysisindicates that our technique is equivalent in speed. The memory cost of inline cachingis an order of magnitude smaller but it’s performance deteriorates when a higherdegree of polymorphism is employed in a program. A speed-conscious programmermight limit her use of polymorphism in order to take advantage of this. In that caseone of the advantages of a pure object-oriented language would be neglected.If constant time performance is needed and memory is not an issue, selectortable indexing with sparse arrays is preferable over dynamic caching techniques.The fastest optimisation of method lookup that is still practical in terms ofmemory cost is a hybrid scheme in which inline caching performs a preliminaryguess, whereafter our technique takes over if necessary.

659 List of abbreviationsBBBFBog Block Best Fit algorithmp.41DTSDispatch Table Searchp.11FFFirst Fit algorithmp.36GCGlobal Cachingp.14ICInline Cachingp.17MMMemory Managementp.37OOObject-Orientedp.1PHFPerfect Hashing Functionp.12PICPolymorphic Inline Cachingp.18SASelector Table Indexing with Sparse Arraysp.29SCSelector Colouringp.26SCHTStatic Caching with regular Hash Tablesp.22STISelector Table Indexingp.24TSPTravelling Salesman Problemp.47TWASelector Table Indexing with Table Width Allocationp.25

6610 Bibliography[AHO˚83]A. V. Aho, J. E. Hopcroft, J. D. UllmanData Structures and AlgorithmsAddison-Wesley 1983[ALB˚88]M. O. Albertson, J. P. HutchinsonDiscrete Mathematics with AlgorithmsJohn Wiley & Sons 1988[AND˚92]P. Andr�, J. C. Royer.Optimizing Method Search with Lookup Caches and IncrementalColoringOOPSLA’92 Proceedings p.110-126[AOE˚82]J. I. Aoe, K. Morimoto, T. Sato.An Efficient Implementation of Trie StructuresSoftware-Practice and Experience, Vol.22, nr 9, September 1992,p.˚695-721[AOE˚92]J. I. Aoe, Y. Yamamoto, R. Shimada.A Practical Method for Reducing Sparse Matrices with InvariantEntriesInternational Journal of Computer Mathematics, Vol.12, p. 97-111,1982[ATK 86]R. G. AtkinsonHurricane: An Optimizing Compiler for SmalltalkOOPSLA’86 Proceedings, p. 151-158[BAL 82]S. Ballard, S. ShirronThe Design and Implementation of VAX/Smalltalk-80in [KRA 83], p. 127-152[BRA˚90]G. Bracha, W. Cook.Mixin-based inheritanceECOOP/OOPSLA’90 Proceedings, p. 303-311[CAU˚86]P. J. Caudill, A. Wirfs-BrockA Third Generation Smalltalk-80 ImplementationOOPSLA’86 Proceedings, p. 119-130[CHA˚89]C. Chambers, D.Ungar, E. LeeAn Efficient Implementation of SELF, a Dynamically-Typed Object-Oriented Language Based on PrototypesOOPSLA’89 Proceedings, p. 49-70[CHA˚91]C. Chambers, D.UngarMaking Pure Object-Oriented Languages PracticalOOPSLA’91 Proceedings, p. 1-15[COD˚91]W.Codenie, P. Steyaert, M. Van˚LimberghenAGORA, a short introduction,PROG internal report 1991

Bibliography67[COO˚82]W. R. CookInterfaces and Specifications for the Smalltalk-80 Collection ClassesOOPSLA’92 Proceedings, p. 1-15[CON˚82]T.J.Conroy, E.Pelegri-LlopartAn Assessment of Method-Lookup Caches for Smalltalk-80Implementations1982, in [KRA 83], p.239-247[COX˚87]B. J. Cox.Object Oriented Programming: An Evolutionary ApproachAddison-Wesley 1987[DIX 89]T. Dixon, M. Vaughan, P. Sweizer.A fast Method Dispatcher for Compiled Languages with MultipleInheritanceOOPSLA’89 Proceedings p.221-214[DHO˚88]T. D’HondtBest-fit Memory Managerunpublished notes for the course "Algoritmen & Datastructuren II"1988[DHO˚93]T. D’Hondt, P. SteyaertThe Design and Implementation of the Agora EnvironmentPROG internal report 1993[DRI 87]K. Driesen.Typesystemen in Smalltalk-80Thesis 1987, Faculty of Sciences, Vrije Universiteit Brussel[DRI 93]K. Driesen.Selector Table Indexing & Sparse Arraysto be presented at OOPSLA’93[DEU 82]L. P. DeutschThe Dorado Smalltalk-80 Implementation: Hardware Architecture’sImpact on Software Architecturein [KRA 83], p. 113-126[DEU 84]P. Deutch, A. Schiffman.Efficient Implementation of the Smalltalk-80 SystemPOPL Proceedings 1984 p. 297-302[ELL 90] M. A. Ellis, B. StroustrupThe Annotated C++ Reference ManualAddison-Wesley 1990[FAL˚82]J. R. Falcone, J. R. StingerThe Smalltalk-80 Implementation at Hewlett-Packardin [KRA 83], p. 79-113[FOX˚92]E. A. Fox, L. S. Heath, Q. F. Chen, A. D. DaoudPractical Minimal Perfect Hash Functions for Large Data BasesCommunications of the ACM, vol. 35, no. 1, Januari 1992,p. 105-121

Bibliography68[GOL 83]A. Goldberg, D. RobsonSmalltalk-80: The Language and its ImplementationAddison-Wesley 1983[GRI˚85]S. GrierPascal for the 80sBrooks/Cole 1985[HOL˚91]U. H�lzle, C. Chambers, D. UngarOptimizing Dynamically-Typed Object-Oriented Programs usingPolymorphic Inline CachesECOOP’91 Proceedings p. 21-38[HOR 72]W. A. HornSingle-Machine Job Sequencing with Treelike Precedence Orderingand Linear Delay PenaltiesSIAM Journal on Applied Mathematics, vol. 23, no. 2, September1972, p. 189-202[ING 86]D. H. H. IngallsA Simple Technique for Handling Multiple PolymorphismOOPSLA’86 Proceedings p. 347-349[JOH 87]R. JohnsonWorkshop on Compiling and Optimizing Object-OrientedProgramming LanguagesOOPSLA’87 Addendum to the Proceedings p. 57-66[KRA 83]G. KrasnerSmalltalk-80: Bits of History, Words of AdviceAddison-Wesley 1983[KEE˚89]S. E. KeeneObject-Oriented Programming in Common LispAddison-Wesley 1989[LEW˚88]T. G. Lewis, C. R. CookHashing for Dynamic and Static Internal TablesComputer, vol 21, nr 10, October 1988, p. 45-56[LUC˚91]C. LucasEen Typesysteem voor AgoraThesis 1991, Faculty of Sciences, Vrije Universiteit Brussel[MAN˚91]B. ManderickSelectionism as a Basis of Categorization and Adaptive BehaviorPhD Dissertation 1991, Faculty of Sciences, Vrije UniversiteitBrussel[MCC˚82]P. L. McCulloughImplementing the Smalltalk-80 System: The Tektronix Experiencein [KRA 83], p. 59-79[MUG˚91]W. B. Mugridge, J. Hamer, J. G. HoskingMulti-Methods in a Statically-Typed Programming LanguageECOOP’91 Proceedings, p. 307-324

Bibliography69[PEA˚84]J. PearlHeuristics, Intelligent Search Strategies for Computer ProblemSolvingAddison-Wesley 1984[ROS˚88]J. R. RoseFast Dispatch Mechanisms for Stock HardwareOOPSLA’88 Proceedings[SAM˚86]A. D. Samples, D. Ungar, P. HilfingerSOAR:Smalltalk Without BytecodesOOPSLA’86 Proceedings, p. 107-118[SHR˚87]B. Shriver, P. WegnerResearch Directions in Object-Oriented ProgrammingComputer Systems Series, MIT Press 1987[SNY˚87]A. SnyderInheritance and the Development of Encapsulated SoftwareComponenetsin [SHR˚87] p.165-185[SPR˚77]R.SprugnoliPerfect Hashing Functions: A Single Probe Retrieving Method forStatic SetsCommunications of the ACM, vol 20, nr 11, November 1977, p.841-850[STU˚87]D. F. Stubbs, N. W. WebreData Structures with Abstract Data Types and Modula-2Brooks/Cole Publishing Company 1987[STE˚93]P. Steyaert, W. Codenie, T. D’Hondt, K. De Hondt, C. Lucas,M. Van˚LimberghenNested Mixin-Methods in AgoraECOOP’93 Proceedings[STEE˚90]G. L. Steele Jr.Common Lisp, the language (second edition)Digital Press 1990[TAR˚79]R. E. Tarjan, A. C. YaoStoring a Sparse TableCommunications of the ACM, vol 22, no 11, November 1979, p.606-611[TAY˚92]D. TaylorSmalltalk is looming largerObject Magazine, vol 2, no 1, May/June 1992[UNG 84]D. M. Ungar, R. Blau, P. Foley, D. Samples, D. PattersonArchitecture of SOAR: Smalltalk on a RISCIEEE 1984[UNG 87]D. M. UngarThe Design and Evaluation of a High Performance Smalltalk SystemAn ACM Distinguished Dissertation 1986, MIT Press 1987

Bibliography70[UNG 87]D. M. Ungar, R. B. SmithSelf: The Power of SimplicityOOPSLA’87 Proceedings, p 227-242[VCA˚91]M Van CappellenGescheiden Vertaling en Optimalisaties in het Agora Run-timeSysteemThesis 1991, Faculty of Sciences, Vrije Universiteit Brussel[VMA˚88]K. Van MarckeThe Use and Implementation of the Representation Language KRSPhD Dissertation 1988, Faculty of Sciences, Vrije UniversiteitBrussel[WEG˚87]P. WegnerDimensions of Object-Based Language DesignOOPSLA’87 Proceedings, p. 168-182