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Absl raci

'lie nature of structural locality as defined by same stack distance access is investigated

in this thesis. '[he qustion is whether structural locality can be characterized as an inherent

and predictive type of behavior. The parameter used to characterize structural locality was the

distribution of the lengths of same stack distance runs. First-time memory referencing behavior

was also characterized using the distribution of the lengths of new reference runs.

The results revealed that structural localit.y is strongly influenced by a program's design,

and phase of execution. Similar results were also found for first-time memory referencing behavior

although this behavior was found to be more inherent than structural locality. Entropy measure-

ments revealed that the predictiveness of structural locality is influenced by program design. The

entropy measurements also showed that first-time referencing behavior was more predictable than

structural locality.

A Markov model was developed to capture the characteristics of structural locality and first-

time memory referencing behavior. Trace synthesis demonstrated some success in reproducing run

length distributions when the model had enough states to encompass the entire distribution of

same stack distance and new reference run lengths. Entropy measurements on the synthesized

traces showed that the predictiveness of structural locality was not solely due to the same stack

distance behavior.

xii



An Invest.igation of Structural Localit

in the Memory Referencing Behavior of ('ompiter Programs

L. Introduction

1.1 Foreword

In the drive toward faster computers, technology has given most of its advances in speed to the

computer's central processing unit. (CPU) rather than to its mnemory. This has forced the computer

architect. to become more creative with memory. Ile or she has to balance the choices of speed, size

and cost, to create a complex memory subsystem where the computer's entire memory app.ars to

be as fast as its speediest, smallest, and most expensive unit. Unfortunately, unlike other things

in nature, memory referencing behavior, the way in which software programs access memory, is

difficult to model. Thus, the computer designer has had to rely on educated assumptions to design

the memory subsystem. This thesis is an investigation of a new type aspect of memory referencing

behavior that. will add more knowledge to those assuniptions and will help define memory referencing

behavior mathematically.

1.2 Describing Memory Referencing Behavior

Software programs do not reference memory locations uniformly. Instead the references usu-

ally occur in clusters. This is both a solution and a problem to the computer architect. It is a

solution because those clusters do not use much space and so can be put in the fastest memory. It

is a problem because this clustering effect, called locality, is neither deterministic nor completely

random. This makes locality difficult to model. Memory referencing behavior exhibits three types

of locality:
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Spatial Locality is the tendency for consecutive meniory refer.rence, to be "close to each other

in terms of' their location in memory.

Temporal Locality is the tendency of a subsequent refer,'nce to he one of Ihose used in the recent

past.,

Structural Locality is the tendency for consecutive memory referentces t.o fall into particular

order patterns. For instance, if locations A. E, and NV had he,,, consecutively referenced

in the past. then when A is referenced again there is a good chance that E and XV will be

referenced next.

I. Purpose of this Thesis

Spatial and temporal localities have been the subject of much research. Computer design

innovations such as caches and prefetching strategies have been developed to take advantage of

these localities. Structural locality is a more recent characterization and so has not been the

subject of much research. Although all three of these localities are straightforward, they have not

been quantified so that memory referencing behavior can be modeled. This is the purpose of this

thesis:

To characterize and model structural locality in memory referencing behavior

The investigation in this thesis involves measuring structural locality in address traces. An

address trace is a record of the order in which memory was referenced while the computer program

was executing. The results from these measurements are used to refine an existing analytical model.

This research follows the research in memory referencing behavior done by Hobart (Hob89).

Hobart observed that. address traces contained large groups of consecutive references which had the

same temporal distance indicating that they were being referenced again in the same order. He

concluded that these references constituted a memory structure; thus this behavior could be used to

measure structural locality. Hobart's results are discussed in more detail in the next chapter. This
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research attempts to see if the structuiral locality behavior observed by Hobart can he predicted.

'[lie assumption is iliad' that after ;I iilnnllher of cuisecit ive references occur with the same temporal

distance, it can be predicted wtith somie confidence that the subsequelnt re;'r, nces will also have tle

samne temporal distance. hi otheu words. the behavior can be charact'rized a&s cont aining a const anlt

state for some finit.e duration. The' behavior can then he incorporated into a memory referencing

behavior model.

The refined nlodel which incorporates this structural locality behavior must. be tested to

address its stability and validity. The stability of the model is deternmined by the consistency of the

structural locality behavior throughout. an address trace. The validity of the model is determined

by the scope of the behavior across the spectrum of different. types of software. Both of these issuties

are addressed by determuining if the behavior falls in one or more of the following categories:

Inherent Behavior is memory referencing behavior that is the same regardless of what. program

the computer is executing. This would be due to characteristics of the machine code, in that

regardless of the prograrn. the machine code is always compiled to execute certain branches

or loops, or move data in certain ways that causes a specific memory referencing behavior. It

could also be due to widely used programming structures and algorithms exhibiting a common

behavior.

Program Specific Behavior is memory referencing behavior that depends on the way a pro-

gram is designed to execute. A program's data and control structures would cause certain

characteristics in memory referencing behavior.

Local Behavior is memory referencing behavior that depends on phases and transitions during

a program's execution. A program's phase of execution would then dictate the behavior.

1.4 Outline of the Thesis

The subsequent chapters are organized as follows:
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Cliapter Twol gives the contiexl, of the tlhesis as well as t le definiiion.ois aid con,'t-pis used Mi itiih

paper.

Chapter Three describes tlihe techniques that were developed to nmeasuire struci ural localitM.

Cliapter Four sulnlliarizes the results of the locality ni'asuirenients.

Cliapter Five discusses the refinements t.o the memory referencing behavior niodel based oln the

resuilts of the locality measurements and addresses the issues of the validation and the stability

of the niodel.

Chapter Six discusses the conclusions drawn from this thesis and their application to compiltier

architecture design. Thiis chapter also disciusses recommendatlions for follow-on re.-earci.

1.5 The Address Traces Used to Measure Behavioi

The address traces used for this research came from two sources. Both of these sets of traces

were collected by altering the microcode of the computer to store each reference that is called.

Hobart collected address traces for his dissertation using custom microcode on a Texas Instrument

Explorer If workstation (Hob89). He traced a wide va-riety of software. The progranms were all

written in Lisp and were divided by Hobart into two categories.

Symbolic Programs are programs which used symbolic processing and data driven behavior.

These included applications which performed qualitative reasoning, theorem proving, as well

as expert. systems, compilers, and symbolic computation programs.

Nitlneric Programs are programs which primarily used data structures such as arrays. matrices,

hash tables, and records rather than the list structures used by the symbolic programs. These

included applications that performed numeric computations and circuit, analysis.

These categories were chosen because the focus of Hobart's research was to find the differences

in memory referencing behavior between normal computational software and symbolic software used
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Tabh I. I. Explorer Tract, D.script.ions-
Program Name Application Category

BIASLisl, (Circuit Analyvsi Numeric
Boyer The'oremn Provcr Symbolic
Compile Buffer Lisp Compiler Symbolic

FFT Fast Fourier TIranasform, Computation Numeric
G LISP Elxpert Systems Tool Symbolic

QSInM Qualitative Reasoning Symbolic
Red ucer Symbolic Computing Symbolic
TNIYCIN Expert System Tool Symbolic

in artificial intelligence. Hobart eliminated most of the references which were unique t.o the Explorer

operating system by modifying the code; commenting out print, statements and redirecting the input

away from the keyboard (See Table 1.1 for a description of the traces). Most. of the traces had 1 to

2 million references. Hobart extracted 150.000 reference samples from each trace t.o do his analysis.

This sample size was kept for this research so that the results could be compared. The traces were

captured during the computational phase of the programs to prevent distortions due to operating

system disk and user interface I/O routines. The references in these traces are virtual addresses

and are independent of the architecture of the TI Explorer. See Chapter 6 of (Hob89). Hobart's

research revealed that. two of the programs showed more than one phase. For the Compile program

these phases were within the trace. Two samples, Compile-RB representing the read buffer phase

and Compile-STR representing the streaming phase of the two pass compiler, were extracted from

the Compile trace and used in the set. GLISP had phases large enough so that two traces could

be collected. The GLISP-Comp trace is GLISP compiling an expert system. GLISP-Pay is GLISP

running an expert system that performs financial calculations. The latter trace was an attempt

by Hobart to trace a data processing type program. Unfortunately, this trace is not pure data

processing since GLISP frequently consults its expert system data to run the program.

Agarwal, Sites, and Horowitz also used altered microcode to trace programs on a VAX 8200

processor (ASH86). As in the Explorer traces, these ATUM (for address tracing using microcode)

traces are virtual addresses. See Table 1.2 for a description of these traces. Unlike the Explorer
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"[able 1.2. AIM Trace Descriptions
Acronylin l),escriptioit Category
DECO I)E('SI.Il, a behavioral simulator Symbolic
FORA Fort ran coupilcr Symbolic
FORF Fortran conipiler Symbolic
FSXZZ File check program N umeric
IVEX literconiect VeriDf, checks net lists in a VLSI chip Symbolic
LIN P UINP'ACK, a numerical benchmark N unieric
LISP LISP runs of BOYER, the theorem prover Symbolic
MACR An assembly level compiler Symbolic
MEMXX Description not available
PASC PASCAL compiler of a microcode parser Symbolic
SAVEC Part of a C compiler Symbolic
SPIC SPICE simulating a 2-input tri-state NAND buffer Numeric
U E02 U NIX emulator Numeric

traces, these traces contain operating systemn rout.ines at an average user to system ratio of 4 to

1. They also contain stack references which also are not present in the Explorer traces. Little is

known about the programs that produced the ATUM traces, but they are generally accepted as

representing typical memory referencing behavior. Table 1.2 also categorizes the traces by their

description using Hobart's criteria for symbolic and numeric workloads.

1.6 Obthr R.sourcrs

The research described in this thesis was done on a Sun SPARC®station computer that was

connected to a file-server network. The analysis routines used in this research were written in C

and compiled on a GNU C compiler. The thesis is written in IATEX. The graphs were plotted using

GNUPIot.
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ll. C'on1r.rt of./',f RIsfarch

I. 1 hntroduct)o,

This chapter outlines th, ia-! effori-s of research into memory referencing behavior. First.

some terms which are used in this area of research will be defined. The discussions of related

research efforts will be organized by the techniques used and the concepts defined.

2.2 The Anatomy of Computer ltlenory

Memory in a computer is designed to be hierarchical with the smallest and fastest, memory

at thc top and the slowest, and largest memory at. the bottom. Most computers have a cache at the

top level followed by main memory and then disk storage. A program is stored on the disk drive in

sets of consecutive addresses called blocks. As the program starts running, some of the blocks get

loaded into main memory and are organized as pages. How and under what circumstances these

pages get loaded is determined by the operating system of the computer. As the program calls the

references it needs from main memory, they and some of their neighbors get loaded into the cache

on the chance that they will be used by the program again. Here are some concepts and definitions

used in describing memory referencing behavior:

virtual memory Virtual memory is a technique used so that software does not have to incorporate

the implementation of the computer, on which it is running, into its design. This technique

allows software programs to see references in a single address space independent of the various

storage mediums. The program refers to a large "virtual" address space to get its data. The

operating system then determines from this virtual address whether the reference is in main

memory or on the disk. It retrieves the reference by converting the virtual address to a

physical address.

page A page of memory is a set of references brought from disk to memory upon a page fault.
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page fault Page faults (or page exceptiojn.) occur when the program refers to a refere dii.c that is

niot in tihe main memory. hi, order to get the refere'ce. the operating system has to load that

page from the disk. Page faults slow down the execution of programs and the rate of their

occurraice is a mea.,ýire of the efficie,,cv of the memory management system.

cache hit A cache hit occurs when a reference is found in the cache. A cache miss occurs when

the reference is not. in the cache and has to be retrieved from main memory. Cache hit rates

and miss rates are used as performance measures for memory implementations.

replacement policy Sooner or later the main memory fills up with pages that have been used by

the programs the computer has been running. In the same way, the cache also fills up with

references. The replacement policy of a computer decides which pages or references can be

replaced by the currently needed data without slowing down the program with page faults

and cache misses. These policies try to exploit temporal locality.

prefetching strategy Prefetching strategies take advantage of spatial locality by retrieving not

only the needed page or reference but also a few of its neighbors called, a prefetch block.

address traces This is the type of data used to research memory referencing behavior. The

computer or the operating system is altered to record the virtual address of each reference a.s

a program is running. Information on the type of reference (instruction fetch, read operand,

or write operand) is also recorded.

All of the design decisions made on a memory subsystem revolve around locality. Caches

are useless without enough temporal locality, and prefetching strategies will degrade performance

if there is not enough spatial locality. In all, good memory subsystem design depends on a sound

understanding of memory referencing behavior.
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2.3 The Search for a Model of Metmory Riferencing Bihavior

Research into ineniory referencing behavior has proceeded on two levels. "Fi' first level is

page fault analysis where at-t-ernpts have been made t.o model the paging behavior of programs. A

more recent effort has been at. the cache level where modeling efforts have centered on cache hit

and miss rates. The research in this thesis centers on the cache. but since the principles of locality

apply at, both levels, a lot of page fault analysis research helps in interpreting the results in this

thesis. The following paragraphs summarize research done in these areas and focus on efforts that

have an impact. on the research in this thesis.

2.3.1 Page Fault Analysis Denning developed a model called a workiiig set. usiiig page fault

analysis (Den68). This model is widely accepted today and is based on a program's tendency at.

the beginning of its execution to cause an initial set of pages to be loaded. After this working set

is loaded, the program does most of its referencing from these pages. This model shows up as a

large number of page faults at the start of a program. After the working set. is in memory, the page

fault rate reduces significantly. Lewis and Shedler used some srphisticated statistical techniques

to model page fault behavior (LS73). They measured, from address traces, the interval between

page faults and the page fault counts. After considerable analysis, they decided that a two-state

semi-Markov model best fit the spectrum of page fault intervals and counts.

2.3.2 LRU Stack Algorithm A good technique for measuring temporal locality is to derive

a temporal distance string from the address trace using the least recently used (LRU) stack model.

An LRU stack is an algorithm which sorts incoming references or pages by the time they were last

referenced. So, the most recent reference is at the top of the stack, and the least recent reference

is at the bottom. The temporal distance is how far a reference is from the top of the stack plus

one, which corresponds to the number of unique references that have been called since the last time

the reference was used. If a reference has never been called before, it can be assigned a temporal

distance of 0. Lewis and Shedler decided upon the semi-Markov model after they analyzed some
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of the distance strings they computed from page number reference traces. Spirn showed how these

distance strings could be used to validate memnory referencing behavior (MRB) models (Spi77).

He showed how "goodness" in a model could be demonstrated by comparing temporal distance

histograms and auto-correlograins derived from actual trace dat.a with curves generated by the

model. Wong and Morris used address traces to examine the hit rate of a finite LRU stack versus

the size of the stack (WM88). They plotted the hit rate versus size curve for various address traces,

and then they fitted a curve to the hit rate function with a formla derived from a Markov chain.

They demonstrated how benchmark address traces could be synthesized using the hit rate functions

of several traces.

0.1.3 Alakov Models Although a numbe., of models have been developed to describe mem-

ory referencing behavior, the emphasis in this thesis will be on the Markov state model since it. is

the focus of this research. Spirn suggested that the two-state Markov model developed by Lewis

and Shedler could both describe and model memory referencing behavior at the paging level (see

Figure 2.1). The two states in the figure represent two different memory referencing behaviors.

The state where referencing is occurring within a working set has a low page fault rate. In the

other state, a transition is occurring to a new working set and so the page fault rate is much

higher. Hobart also used a two-state model to describe individual memory referencing as opposed

to page referencing (Hob89). His old state represented the re-referencing of memory addresses,

and the new state represented the referencing of memory addresses that had not been previously

referenced. Hobart pointed out that the new state was where memory referencing behavior was

mostly influenced by spatial locality, and the old state was where temporal locality dominated the

behavior. Hobart derived the transition probabilities for the model from a number of numeric and

symbolic program address traces. He showed how the differences in transition probabilities could

be accounted for by the nature of the program that generated the trace. He also demonstrated

how the model could be used to evaluate cache architectures. Agarwal, Horowitz, and Hennessy
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used a Markov chain to model Ihe cache miss rate. The referewes that concern this model are

Initially loaded during a transition in a prograiils executlon (\111189) ('lTeir model is shown In

Figure 2.2). In this model. the R1 represelioed the lilnia I loadliig of a sing le reference. The R?2

stat.e represented the initial loading of the second cotnse'titiie refi,'l'cv and .(,o on. The transition

probability fin is thus the probability that a cache miss woild occur after the initial loading of a

reference. They observed that. these initially loaded references belonged in two categories: singular

references which were loaded intermittently between calls to rferences already in the cache, and

nonsingular references which were loaded cotisecutiivy and are ,clquit ially addres,,ed. They noted

that a two-state model separating the singtilar and nonsiigtilar refer,,nces is a good approximation

of this behavior since the nonsingmular references seenmed to be nemnorylv.s

2.3.4 Measuring Lcality Part of the problem iII modeling inemory referencing behavior is

measuring the degree of the different localities. Spirn showed that, temporal distance histograms

could be used to indicate the amount of temporal locality in a particular trace. A large percentage

of references at the smaller distances would indicate temporal locality. Bunt and Murphy developed

a metric for measuring locality based on the Bradford-Zipf distribution (BMM84). They contend

that previous applications of this distribution, the number of books in a library versus the number of

times they were used, are very similar to memory referencing behavior. Their locality measurement

is based on two parameters: The number of references to a particular page and the number of

consecutive references to a particular page. Both metrics indirectly measure temporal locality.

2.3.5 Structural Locality As mentioned earlier, structural locality is a fairly new concept

which has not been the focus of much research. Matthew J. Thazhuthaveetil and Andrew R. Pleskun

introduced the concept as a characteristic of symbolic program memory referencing behavior(TP87).

They collected data by monitoring the accessing of LISP lists by "primitive" functions such as car

and cdr. They generated list sets from the resulting data. After analyzing these sets, they found

that a few large and long-lived sets generated most of the references and exhibited a large amount
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Figure 2.1. Lewis and Schedler's MRB Model

of temporal locality. Thazhuthaveetil and Pleskun suggested that the behavior of these large sets

meant that. there is a structural aspect to memory referencing behavior in symbolic programs.

Hobart was able to define a metric for structural locality using the temporal distance string. He

showed that while access to any reference that is already in the stack indicates a degree of temporal

locality depending on its temporal distance, consecutive references which have the same temporal

distance are being referenced again in the same order. This indicates that they constitute some sort

of structure. Hobart represented structural locality by including an additional transition probability

in his Markov model from the trace data: the probability of an old-old transition with the same
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Figure 2.2. Agarwal's MRB Model

temporal distance (see Figure 2.3). Ile found structural locality in all of the address traces Ie

tested. These results will be discussed in more detail in a later section.

2.3.6 Variations in Localiy Another aspect of memory referencing behavior that makes

it difficult to model is that the behavior varies as a program progresses. The locality depends

on the type of behavior ihe program is currently displaying, e.g. a looping construct, or malrix

multiplication. Madison and Batson used temporal distance strings to show how temporal locality

occurred in intervals (MB76). They extracted bounded locality intervals (BLI) from distance

strings. A bounded locality interval shows the life of a particular working set of references. The

BLI would be described by its activity set of references and its lifetime at the head of the LRU
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Figure 2.3. Hobart's MRB Model

stack. Madison and Batson demonstrated how a hierarchy of BLIs could be developed from all

address trace using its distance string. Masuda and Fin pointed out that the BLI model did not fit

well with the accepted notions about locality (Mas83). They showed a new model for locality sets

that. was based on the source program. They defined locality contours that were derived from the

looping structures in the source code. These contours were marked by the compiler so that they

showed up on the address trace. Masuda and Fin found that the contours correlated well with the

BLI's but had less of a hierarchy. Murphy and Bunt used their locality measurement technique

to observe the locality in working set phases and transitions between working sets (MB88). The

phases and transitions were derived from the traces using a technique developed by S. Kurten
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(KurS6). Transitions were recognized iII the tract's as page fault clusters and phases as page fault

lills. M urphy and Bunt. found no diflerence hbetween the locality II the phases and locality during

transitions. The locality of the phase.s and transitions were hot h higher than for the overall program

which they attributed to the "locality disrupting effects of aggregation (T BSS)". This meant that

the locality present within a phase or transition t.ended to be masked as the measurement. broadened

in scope to include more phases and transitions.

'2.3.7 Apportioning Locality A program references data for different. purposes. The program

fetches instructions from memory to find out. what to do next. It. fetches data from memory

and writes data to memory depending on the instructions. Many researchers have separated the

address trace into instruction, read dala, andI writ~e data traces on the idea that the localities tIhat,

characterize the overall trace stem from the behavior of these extracted traces. Murphy and Bunt

separated address traces into instructions and data strings and measured the locality in each. They

found that. the instruction traces had a stronger tendencq for reusing references than the overall

trace. This tendency toward reuse, i.e. temporal locality, was weaker in the data traces. Hobart.

found that instruction traces had the strongest presence of structural and temporal locality of all

of the extracted traces as well as the overall trace.

"2.3.8 Cache Performance Modeling A..J. Smith developed the use of trace driven simulations

to measure the performance of a cache architecture design. This method enjoys wide spread use,

although it slows down the design process. Smith tried to speed up this process by attempting

to model referencing behavior in terms of cache performance parameters such as the miss rate

(Smi78). Agarwal, Horowitz, and Hennessy followed up Smith's research by developing a model

that predicted the miss rate based on such memory referencing behavior phenomena as start-up

effects, non-stationary behavior, and intrinsic and extrinsic interference (AHH89). Fricker and

Robert also developed an analytical cache model (FR9l). Their model, which was based on the

source referencing behavior of the benchmark Kernel-3 of Lawrence Livermore, described memory
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referenciiig behavior by al, elnii,,tary relerentct' followed by a seqillce of repated references based

onl the elehlmentary reference and a locality ,variable. Frick'r and Robert conl ,nd that this model

-es tht, right amot II of randolnlIess wit lout ,lest roy ing the locality of the beIhavior being modeled.

2. Hobo rt's Work

The research done by Hobart. serves as a starting point for this thesis. The MRB model, that

is the focus of this research, is a refinement. of the mnodel that he investigated in his dissertation. As

mentioned earlier, Hobart derived transition probabilities for a Markov state model (See Fig. 2.3).

The transition probabilities were derived from an address trace using its temporal distance string.

A new reference is defined to have 0 temiporal distance, while an old reference has a temporal

distance that. is less than or equal to the size t.o which the LRU stack has grown at this time. For

example, consecutive references with distances 0 and 3 would indicate a new-old transition, and

consecutive references with distances of 4 and 13 would indicate an old-old transition that is not

the same stack distance. The former would contribute to PNo and the latter to PNSSD. Hobart

analyzed the traces of eight different workloads. From these workloads he found a strong presence

of structural locality especially when the traces were separated int.o instruction, read data, and

write data traces. From this dat.a, Hobart. concluded a need for further refinements in his model to

include structural locality behaxior. The remaining chapters will explain these refinements.
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III. St'ruci uril Locality AIMeasure 1 n t Methods

3.1 Introduclion

This chapiter discusses t he techniques t.hat were developed to measure structural locality. The

first, section defines structural locality so that it can be measured. The rest of the chapter outlines

three techniques that measure different aspects of structural locality. As shown in Chapter 4,

the combined results of these three types of measurements help to quantify and characterize the

structural locality in any address trace. Chapter 5 will then use these measurement. techniques on

traces synthesized from an MR1 model to show how well the model captures the characteristics of

structural locality.

.3.2 Defining Siructural Locality

Structural locality describes the referencing that occurs among the locations that constitute

a structure such as a code segment, loop, matrix, or linked list. For instructions, these structures

are accessed by referencing their locations often in the same order. This behavior shows up in a

temporal string as consecutive references with the same stack distance and so will be called SSD

access. Data structures are less often accessed this way. These structures can also be referenced

in reverse of the previous access which would show up as consecutive references with decrementing

stack distances. This type of access will be referred to as reverse access. Furthermore, accesses to

structures such as matrices could alternate between column and row accesses causing the consecutive

stack distances to follow equation 3.1. This will be called transverse access.

I
S = (I mod L) * L + (3.1)

S is the stack distance.

I is the ith consecutive reference.
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L, is the ilrngt h of the dimension (row or column) of the tionarix previously travversed.

If is 1 le ,linensioii presently being I raversed.

I ba rt., research showed that a large proportion of references in the temporal strings had

the saie :4tack distance as their neighbors. '[his led io his definition of structural locality as the

SSI) type of access. The other two types of accesses discussed are also present in the dat-a used in

this research. However. the measurement~s by Hobart show that the SSD access is the dominant

form of struct.ural locality (Hoh89). Therefore structural locality will be measured and modeled by

considering only SSD accesses.

3.1 Thc IRun Dis/rtnlmtonls Method

Using this SSD access definition, structural locality can now be quantified in a trace by

measuring the proportion of consecutive references with the same temporal distance. The set

of consecutive references with the same stack distance is called a run. The length of the run is

determined by the amount of looping in the instructions or the size if the data arrays or lists. A

run that consists of consecutive references with the same stack distance of something other than 0

is an "SSD reference run." If the first, reference after an old reference run has a stack distance of

0, the run is considered "terminated by a new reference." In the same way, if the first reference

after an old reference run has a stack distance other than 0, then the run is "terminated by an old

reference."

A run that consists of consecutive references with a stack distance of 0, is considered a "new

reference run" since references are assigned a stack distance of 0 the first time they are referenced.

The distribution of these runs will be referred to as first-time referencing behavior. Agarwal,

Horowitz, and Hennessy also discuss first-time referencing behavior in terms of run distributions

but their definition of a run is somewhat different (AIIH89). They realized that consecutive new

references stem from different sources. The runs consist of interleaved streams of instructions as
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well as data froiti the stack and the heap. To count er this interleaving. Agarwal 0I al sorted tihe

rel'(,rences by Iherir block addresses. They also stipulated that the consecutive referncres had to

he contiguous in inemory so that. they could then assumue that the resulting runs were the initiial

access of a structure. The new references runs defined here still cont ain this int erleaving and are

not necessarily sequentially addressed so the assumnption tdhal these runs are the initial access of a

structure is not. valid.

Each temporal string has specific distributions of runs of different hlegt his. R•n distrihtitions

with a large percentage of long runs have more structural locality or lirst-time referencing behavior.

The chi square test was used to compare run (list ribit ions (S\88). Two version,, of the test.

were used. The first (3.2) compares an actual distribution against. the expected dist-ribution. The

second (3.3) compares two actual distributions.

= z- ('= - t(3.2)
71,

Ni the number of actual occurrences of event i.

ni the number of expected occurrences of event i.

2 (S , -=t )- (3.3)

Ri the number of actual occurrences of event i in the first distribution.

Si the number of actual occurrences of event i in the second distribution.

Event i is defined in this research as a run of length i. To lend significance to this test, two

additional parameters are coupled with X2 . These are v the degrees of freedom in the distributions,

and Q(X•2I,) the chi square probability function. The degrees of freedom in a distribution equal

the number of different events minus one. The chi square probability function is the probability
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Ihat the sum of the squares of v random normal variables of unit variance will be greater than X ".

Q2('-YI") is thuis the probability that the two distributions were drawn from the same set. If this

probabi lily is close to zero. then the differences between the two distributions are significant. This

test is uswd as a -goodness of fit" test, to match distribution functions with actual data. In this.

research, the test is used to quantify the differences in the run distributions of different traces. The

expected distribution, is developed from the combined distributions of all the traces in a set using

t•he equal ions 3.5 and 3.5. The "likeness" among the traces in the set can be determined by testing

each of lhe traces" run distribution with this expected distribution. A Q(k 2 jiv) other than zero

would indicate some commonality between the shapes of the histograms. Of course, this does not

prove that. the distributions are the same. It does, however, give information that can be used to

compare various samples of traces. As will be seen in Chapter 4, the resolution of this test can be

altered by adjusting the bins which group the different run lengths. This gives information about

the shape of the histograms that is not weighted by the run lengths. This means that an occasional

extra long run, which sometimes appears in a trace, will not. distort the data as it would for other

tests.

Q(L) = i (3.4)
N

PE(L) = Q(L) * TA (3.5)

PE(L) is the expected probability of the occurrence of a run of length L.

Q(L) is the average normalized occurrence of runs of length L.

0 jL is the number of occurrences of runs of length L in trace distribution i.

N is the number of traces in the set.

T, is the total number of runs in trace distribution i.
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TA is the total numbl)er of runs of the actual distribution.

The chi-square test shows the amount, of difference I)etween distributions but, it does not

reveal where those distributions differ. For this. the difference, !)(LI). between the combined cumtnu-

lative distriltit.on histogram. and the individual cuintilatiye histoogran. was computed and plotted

(equation 3.6). As can be seen, negative D(L)s would indicate that the individual distribution has

a smaller fraction of runs of length L than the combined distribujtion and positive D(L)s would

indicate a larger fraction.

D(L)= £--.-Q(L) (3.6)

3. 4 The Entropy Method

Hammerstrom and Davidson propzed using entropy to estimate the information content of

address traces (H D77). They derived a method of transforming an address trace into program

graphs of instruction and data references. Then they calculated the entropy of each of the program

graphs. In this research, a much simpler application of entropy was developed to determine the

predictiveness of structural locality. Entropy is a measure of the randomness of a sequence of

symbols (Slha48). The first step was to transform the temporal string of a trace into a sequence

of symbols that illuminate structural locality. Two different sets of symbols were used. The first

set, called structural entropy, assigned the symbol "1" to each pair of references with the same

stack distance, and the symbol "0" to each pair of references that did not have the same stack

distance. *The second set, called state entropy, assigned a "1" to each old reference and a "0" to

each new reference. Since the size of both our symbol sets is 2, the maximum entropy possible in

tnis application is 1og 2 (2) = 1. Just as with Haminerstrom and Davidson's research, the N-gram

method was used to estimate entropy. This method is outlined by Shannon (ShaSO). Entropy

is estimated by calculating the probability of the occurrence of blocks of symbols. These blocks
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overlap in the sequence. For example. for a block size of 2 symbols, the first and second symbol

would be block I and the second and third symbol would be block 2. The probabilities of the

occurrence of these blocks are fed into equation 3.7:

FN = -- p(biIj)log 9pb(j)
i ,j

S- Z_1p(bi, j)log_, p(bi 7j) + p(bi) log2 p(bi) (3.7)
'.1 i

N is the order of entropy and the size of the block of symbols.

bi is a block of N - I symbols.

j is an arbitrary symbol following bi.

p(bij) is the probability of the occurrence of N-gram bij.

P1,(j) is the conditional probability of the occurrence of symbol j after the block bi.

The second line of equation 3.7 is the computational form for estimating entropy since this

is simply the summation of the contributions of the N-gram occurrence probabilities subtracted

from the summation of the contributions of the N - 1-grams occurrence probabilities. As larger

and larger blocks of symbols are examined, Fv gets closer to the absolute entropy H as seen in

equation 3.8.

H = lim FN (3.8)
N-co

An example of these calculations is found in Appendix A. The problem with using structural

entropy as a measurement tool is that it will illuminate any pattern of symbols in a sequence.

A pattern of consecutive "1" symbols indicating a run would lower the entropy of the trace as

expected, but so will a pattern of consecutive "0" symbols. An additional ratio, Hobart's P5SD,
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which ,)Insist.s of the number of same stack distances divided by the nmbmher of references, can be

nsed to indicate whether the entropy stems from the presence of or the lack of locality.

.5 ' ( "OUtC(tSIOIt.

Each of these measurements serve a different purpose in this research. Run distributions are

used t.o characterize structural locality and new referencing in the temporal string of the different.

traces. The clhi-square test is used to compare these amounts between traces- The transition proba-

bilities also serve aLs a structural locality measure and are used to develop a model for the structural

locality behavior. Structural entropy is used to show the predictability of the structural locality

and the variations in structural locality within the traces. State eutlropy shows ihe predictability

of the first-time referencing behavior.
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IV. Struactu ral Localit'y A1easurunif I R-siults

4.1 Introdurtion

This chapter discusses the results of tht, structural localit.y measurements. The focus of these

measurements is to determine how well the localitv can be modeled, which will be refered to as the

characteristics of structural locality. This determination can be made by answering the following

questions:

Is Structulral Locality Predictable? The assumption is that structural locality canl be described

by the structure access behavior of repeated referencing in the same order as described in

Chapter 3. Whether this type of access behavior is dominant enough to allow struictural

locality to be predicted by a model has to be determined.

Is Structural Locality Inherent or Program Specific? This will determine the scope of the

MRB model. The hope is that one model can be used to describe the memory referencing

behavior no matter what type of program is being run.

Is Structiural Locality Program Specific or Local? This will determine how stable the MRB

model is. The hope is that the behavior being modeled will remain constant over multiple

locality phases and transitions.

These questions should be answered in terms of cache performance. Specifically, is structural

locality inherent enough to consistently predict cache performance for a wide range of workloads?

However, to do this, spatial and temporal locality would also have to be incorporated into the

MRB model so that cache performance can be measured on a synthesized trace produced by the

model. Incorporating these other two localities into the model is beyond the scope of this research.

Instead, these questions will be answered by comparing the measurements of the different traces.

The Explorer and ATUM traces detailed in Chapter 1 are measured to determine relative

natures of structural locality and new referencing. In this way, the differences among the traces
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andl between the sets are determined. The, dif•'erences bet.ween the sets are especrially important t.o

delermilne if the ieasimrernenis will he corruptcd by distortions in the trace's caln-'.d by Ihillgs such

as Ile collection technique and architectural differences of the host computers. [he predictability

issne is addresse•, next. Structural locality is then characterized by Ithe run disributions of" data

Sets decreasing in scope with the inherency issue addressed first, then program specific behavior.

and finally the local behavior.

4.2• Characicri:emg Structural Locality and First-Time Referencing Bdharior

The measurement of structural locality is still relative since no benchmarks for structural

locality have been developed. Therefore, the measurements in this research are based on the

"normal" combined dist-ribution that, was derived for each set. using the method in equations 3.5

and 3.5.

The cumulative histograms of the combined Explorer run distributions are shown in Figures

4.1 and 4.2. These are analyzed in this section to define the normal behavior of the set. of Explorer

traces. As can be seen, the histograms of the new run distributions and the SSD run distributions

are similar. The histograms of the instruction traces show a far greater percentage of long runs

than the rest. of the traces. The overall new run distributions had more singular references than

any of the other new run distributions and also more long runs than the read. write, and data

distributions. This correlates with the findings of Agarwal, Horowitz, and Hennessy since the

overall new run distribution could be categorized as containing a combination of singular and non-

singular references. The write new run distribution contained the largest ratio of short runs. In the

SSD histograms, the write distribution had the most singular references and the read distribution

had the longer runs. The overall and data histograms were between the two. Figures B.11 through

B.20 show the differences from normal for each trace in the Explorer set. These figures support

Hobart's findings on the structural locality differences between symbolic and numeric programs.
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As cait be seen, tfhe FF1 and BIASLisp traces have a larger proportion of longer runs ini the

instruction t races and a larger proportion of short runs in the raead. write., dala. and loverall tr;ice.

This difference is also reflected in the new run distributions.

Figures I.11 through C.20 .3how how tht, -vfU m trac", differ from hheir comihined distribu-

tions, Here, with the exception of the LINP trace, no t.race. stood out. ?ItI) ,ugh it (lid seem that

quite a few traces e.g. MACR had a smaller proportion of singular refeeences.

4..3 Comparisons between. ATUM and E2'llorcr tract•s

Another necessary item to resolve are the differences betweein the A.TI i l and Explorer trace

sets. To do this. the normal distributiois of the two sets of traces were compared. Figurts 4 -3

and 4.4 show how the Explorer set .liffered from the ATUIM set. As can he seen. the Explorer set

has shorter instruction and write runs and longer read, data, and overall runs. From these results,

it could be concluded that the Explorer set contained mostly symbolic programs characterized by

short runs in the instruction traces and long runs in the dat-a traces, and the ATUM set contained

mostly numeric programs which have long instruction runs and short data runs. However as shown

in Table 1.2, the ATUM set contains primarily symbolic traces.

To further explore this, cumulative differences were plotted between the BIASLisp, FFT,

Compile-RB, DecO.0, Lisp.0, and Linp.0 traces. BIASLisp, FFT, Dec0.0, and Lisp.0 are the deviant

traces in their respective sets with the first two displaying numeric characteristics and the latter

two displaying symbolic characteristics. The other two traces were included as controls. The results

are shown in Figures D.1 to D.10 and D.II to D.20. As can he seen, the symbolic ATUM traces

still had a larger percentage of short runs and singular references than the Explorer set, although

not as much as the control trace. Consequently, the ATUM traces showed more of a difference with

the Explorer set than with the ATUM set. On the other hand, the numeric Explorer traces were

closer to the ATUM set for most of the distributions, although the ATUM set had a much larger
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proplortioni ol singular references in the read. data and overall traces aild longer rlims in the write

traces. I in slniniar%. the Explorer set show it tiore' ,,'a as.u% iolic lype of behavior Iha iI the ATI;

set. This may be explained iil two ways. First. hlie AT'UM set does have more inimeric traces

than the Explorer set whiich could have affected it dlist ribution.s. Second, the Explorer operating

system is designed to run A] progralns, which neaiils that. the compiler for the Explorer could

emphasize the symbolic behavior in the Explorer traces, while the \!AX compilers and assemblers

could emphasize nunneric behavior in the ATI M traces.

4.4 Priediclalihty

The structural and st.ate entropy of the Egxplorer traces was nieasured to determine the

predictability of structural locality. Trhe entropy was est.imated to the 20th order to reveal how

much of the past is needed to predict future behavior. For state entropy, the results are in Figures

B.1 to B.5. As can be seen, the entropy for the instruction traces stays constant as the order

increases showing that only the latest reference is needed to predict whether the next reference

will be new or old. The entropy level is set. at the first, order indicating that one of the symbols

(which in this case is the old references) dominate the traces. The rest of the traces show a steadily

decreasing entropy as the order increases with the exception of some of the write traces. This shows

that an increasing history of previous references will only marginally improve the predictability.

"The results for structural entropy (Figures B.6 to B.10) tell a different, story. Here the entropy

varies widely out to about the 16th order where the entropy curve flattens out. This shows that

whether the next reference will have the same stack distance or not can best be determined from a

history of about 16 previous references, These results show that the same stack distance behavior

is not as predictive as the transitions between new and old references. The excessive structural

entropy in the lower orders could point to a more complicated structure access than the SSD access

which is captured by the entropy measurement. The results for the ATUM traces, which are found

in Figures C.1 to C.10, are similar except for the structural entropy of the instruction traces which
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had less variattion. Th'e' low entropy in tlw I. INt (race a.,, corniared to the" vt her trace, suggest.s a

relatioinship betlweei structural entroipy antd program coniplexity, since thl I. INIP\( '1K benchmark

wlhich generated this trace consists of a simple loop.

I.5 'rograi D,.u~ir

The variations in the structural entropy curves in lie previous section seem to suggest that

the dist rilbut ion of SSD run lengths in a tract is not inherent. This section will attempt to determine

the significance of these variations. If the chi-square test inidicates that the runl distributions of each

Individual trace have no likeness to the coml)ined d istribut ion of all the traces, then the distribution

of SSD ru,, lengths in memory referencing behavior is not inherent. All the traces within each set

were combined as explained in Chapter 3. The chi-square test was used to determine the difference

in shape between the histograms of the combined and individual distributions. For this test, the

combined distribution was the "expected" distribution and each individual distribution was an

"actual" distribution. The chi-square test results for the Explorer traces are shown in Table 4.1.

The A' 2 probability function was uniformly 0.0 for all the traces except. the new run instruction

traces. This indicates that with the exception of the new run instruction traces, the chi-square

test rejects the hypothesis that there is a relationship between the individual distributions and the

combined distributions. Thus, according to this test, the distribution of SSD run lengths in the

traces is not inherent.

Hobart's transition probabilities (PSSD) in the instruction traces are so high that they would

seem to suggest that some inherency exists in the distribution of SSD run lengths present, but even

in this case, the distribution of SSD runs varies. The chi-square test looks at all of the runs equally.

The transition probabilities on the other hand are dominated by the SSD transitions, so that once

a run is considered "long" its actual length does not really matter. To reflect this in the chi-square

test, a "long run bin" was established in the histogram which contained all of the runs with lengths
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great'er than L. I, was it,.t varied to set, at wha h'atgi h Q(N-2 i) would no longer be zero. The-

restuIll.s showed tha t Q(\21 ii) was uniformly 0.0 eve, dowit to two d'egrees of freedom which lhad

OnIe I)in for singular or -SSI) refierences anl ote bin for iton-singular or SSD references. Another

htimnig scli'eie that produ'ced unsatisfactory resuhls had the bin size increasing exponentially. For

example, for a base 3 binning scheme, the fir.-, biit would have runs of 1. the third bin would have

runs of length 2 and 3, and the second bin would have runs of lengths 4, 5, 6, 7, 8, and 9. Here also

Q(X 2 iv) was uniformily zero even as the exponential base was increased tuntil the degrees of freedom

reacled 2. The only binning scheme that had non-zero Q(,\') was linearly based, with binis of an

equal size. The results are shown in Figure.s 4.5 and 41.6. The new run distributions showed some

like•utess in all types of traces, although thte dala aitd overall traces didti't show likeness until a bin

size of 72 and the write traces had only a ,light, Q(x 2ji,) at, a bin size of 38. On the other hand,

the SSD run distributions (lid not. show any likeness except for the write traces at a bin size of 80.

This suggests that the distribution of SSD run lengths is less inherent than the distribution of new

run lengths.

The ATUM set showed similar results as shown in Table 4.2. As shown in Figures 4.7 and

4.8. the ATUM set. showed more likeness than the Explorer set. for all of the types of traces except

the SSD run distributions for the instruction trace. Two subsets were chosen out of the ATUM

set to see if the set results could be improved. Subset, I consisted of the IVEX, LISP, and FSXZZ

traces which registered a non-zero Q(x 2Iv) for some of the bin sizes in the data and overall traces.

Subset 2 added DECO which registered a non-zero Q(x,21",) with IVEX in the read trace, and FORF

which registered a non-zero Q(1'2jv) in the overall trace. The results are shown in Figures 4.9 and

4.10. They show an improvement in Q(x'1'I,) suggesting that these traces share some commonality

in their SSD run distributions.
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Average Chi-Square Probabilities for the Explorer SSD Distributions
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Average Chi-Square Probabilities for the ATUM SSD Distributions
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Average Chi-Square Probabilities for the ATUM Subset I SSD Distributions
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Average Chi-Square Probuabilities for the ATUM Subset 2 SSD Distributions
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Table 4.1. Explorer Traces Owerall Chi-square Test Results (Inter-Trace)
New Runs SSD Runs

Trace A verage A.%verage
Type v Q(x 2 IV) \2 v Q(W'-[v)
Iiist.ru ct ion 86.14 69 0.428 9186.46 201 0.000
Bead 1591.65 55 0.000 16.778.90 91 0.000
Write .1290.45 51 0.000 4,536.18 57 0.000
Data 3045.30 80 0.000 11,810.71 93 0.000
All 3131.30 84 0.000 29,563.92 83 0.000

"Fable 4.2. ATUM Traces Overall Chi-square Test Results (Inter-Trace)
New Runs SSD Runs

Trace Average Average
Type - v Q(xiv) X"2 v Q(x21v)
Instruction 184.41 168 0.303 5940.78 681 0.000
Read 1946.42 65 0.000 7212.32 236 0.000
Write 1627.26 55 0.000 :3942.14 107 0.000
Data 1888.95 72 0.000 9353.96 107 0.000
All 1548.95 48 0.000 16262.7 146 0.000

4.6 V'artabihly WIithin Programs

The next step was to combine multiple samples of each trace. A zero Q(X21V) would indicate

that. the distribution of SSD run lengths has nothing to do with the static characteristics of the

program, but is dependent on the local phases and transitions within the trace. This was only done

with the Explorer traces since the ATUM traces were too short to extract. multiple samples. Each

Explorer sample contained 450,000 references which were sufficient, to characterize the memory

referencing behavior for all but. the Compile trace for the metrics used (Hob89). These samples

were used in the testing discussed in the previous sections. New 450,000 reference samples were

extracted consecutively starting with the first reference. The chi-square test would define local

variations as variations between the 450,000 reference samples.

The measurements with the chi-square test are binning characteristics in that they cannot

describe the type of variations within the traces. To determine where these local variations oc-

curred, 4th order structural entropy estimation measurements were computed and plotted. The

4th order estimation was used because the results were smoother than the lower order estimations.
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"leh n ctropy was ineastird for every 10.000 references in a trace. This window i., tihe ame ile .tz(

as the reference windlow Agarwal. Horowitz, and Ileilessy used in their analytical Cache nuliel

ileasu revieuts. "luey d(eterminted the size of their window, which tihey callled the tinie grantIe,

b% observing the cache miss rate at the start of the p~rograml. Th"y decided on I 10.((0 l,-cawc. ,, this

wa.s dhe smallest size that (lid ,ot. cause large variations in tile miss ratt, at st.art uI) (See A.\ppendix

A in (AHH89)).

Figures E.A through E.9 show the intra-trace chi-square probabilities and Figures E. 10 throtiAh

E. 18 show the 4th order structural entropy versus time in references. T'he, Explorer .,et could he

subdivided by comparing these graphs. The (LISP-Pay, Compile, and QSIM (lid not have 10on-zero

Q( \ -21v) until a bin size of 12 up to 43. These traces also showed major phase varialions i v their -t.h

order st~ructural entropy plots. The other traces had non-zero Q(X21v) for bin sizes down to I and

2. FFFT did have a few large variations in structural entropy, but. apparently these did not affect.

the distributions. GLISP-Comp also had large variations, but these variations were reoccurring

with a period close to the 450,000 reference sample size which could account for the low non-zero

Q(1"2Iv) bin size. QSIM also had reoccurring variations of the same magnitude as CLISP-Co-nip

but with a much larger period (1,300,000 references) which led to a large non-zero Q(y 2 1v) bill size.

BIASLisp, Boyer, Reducer. TMYCIN had less 4th order variations in entropy and small non-zero

Q(y 2 llv) bin sizes. In summary, tile distribution of SSD run lengths does depend on tile phases and

transitions of a programs execution, although programs with only a few phases, or with periodic

phases, show a tendency towards a fixed SSD run length distribution.

4. 7 Conclusions

The questions asked at the introduction of this chapter can now be answered. Structural

locality needs a history of about 16 previous references to be predictable. This does depend on

the type of program that generated the trace. The distribution of new run lengths is much more
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p redI ct abl h as was seen by compar Ing thle st ate entI rop~y wIth thfe st-ructural entropy measurements.

The distribution of new run lengilits was also miore inherent than the distribution of SSD run

lengi Its. allhIowigi overall, nei ther behavior hadl more than a slight chance of inherettcv. The AT UM~

set had several traces that seemed t~oshare the same distribution of SSD run lengths. and some of

the Explorer traces also seemned to have a constant. distribution of SSD run lengths between thle

450,000 sized samples. A correlation also existed between the likeness among the samples and the

variat~ion in 4th order struct~ural entropy which suggested thlat t~he distribution of SSD run lengths

varied wvithl major phiases and transitions of the programs. InI summary, the measurements (1o not

Support, the ideca of being ab~le t.o model structural locality withl a fixed distribution of run lengths.

How well this mocdel does matcih t~his behavior is answered in the next chapter.
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V. Mlemory Reftref cing e Behavior M I odrl

5.1 IlUroduIchJoU

This chapter explains thie proposed refinements to the MRB model. The refinements are

proposed and correlations are made to the results in Chapter 4. Then two validation Iechniques

are proposed and findings are discussed.

5.2? Proposed Refincments to the. Memory Rdferencing Bchavior MRB Moddl

As was discussed in Chapter 2, Hobart's original model described memory referencing behav-

ior in terms of two states; the "new" state where previously unreferenced memory location. are

being referenced, and the "old" state where memory locations are being re-referenced (See Figure

2.3). To model structural locality, Hobart split the old-old transition in the model to differentiate

the old-old transitions with the same stack distance. As was discussed in Chapter 1, the intent

of this research is to determine if structural locality behavior can be modeled as constant state

for some finite duration. A certain amount of memory has to he added to the model in order to

predict when this constant state behavior occurs. The memory is provided by adding a chain of

states to either side of the model. These chains represents bulk server Markov chains with a queue

size equal to the server size. The last state in this chain would then be the constant state, and all

of the other states in the chain would be transition states which predict the constant. state.

Figure 5.1 represents a model with the longest markov chains possible. If a constant state

exists for structural locality behavior, then the transition probabilities PNNDL and PSsDL , would

eventually converge to a constant value as L increases. Figures 5.2 to 5.5 show large variations

in the transition probabilities for the combined Explorer traces as well as some individual traces.

The transition probabilities never converge. An example of the computation of these probabilities

is found in Appendix A.
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Figure 5.1. M RB Model with the Number of States Equivalent, to the Longest SSD and New

Reference Run Length

These results do not support the idea of a constant state in structural locality behavior. They

confirm the conclusions in the previous chapter which call into question the stability and scope of

these refinements. Ilowever, developing this model could reveal some additional characteristics of

structural locality behavior that, have not been revealed by the measurement.s already (discussed.

5.3 The Nurmber of States to Add to the MRB Model

The number of states to be added to the MRB model remains an open question. The structural

entropy measurements in the previous chapter would support adding 16 additional states to either
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Comibined Explorer PSSDL's
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or both sides of the nIodel. Tlhe best approach to resolve this issue is this proposed "geiieral case

M4RB" model (Set, Figure 5.6). As call bi seen. the parameters 1. and M describe how In; y states

are added to each side. These iwo parameters can thus be adjusted to fit the structural locality

charact.cristics of ally trace. The transition probabilities for this model are computed as before

with the exception of the transition probabilities of the L and M states. Since these states are

the constant. states. their probabilities have to model the distributions of runs with lengths greater

than L or Al. The average new run length WN is given by.

0, .N PN,% (5.1)WA' = (1 - PPN)*~ ^'~M -= NA 51
PN ~ ýl P•-^

j=0 i

Where PNN, 4 is the probability of a new-new transition given that there have beemi at least.

AM consecutive new -new transitions as shown in Figure 5.6. Likewise, the average SSD run length

is given by

- PSDL

Wto = (1 - PSDL) * Z Pj (5.2)
E SDL 1 - PS (5

The rest of the transition probabilities for the constant states L and Al are then derived from

the average and a ratio of OOT and ONT which are the number of old and new terminated SSD

runs.

PNO,, = 1.0- PNNM (5.3)

POOL OCT
PooC ONT * (1.0 - PSDL) (5.4)

PONL = 1.0- PSD, - POOL (5.5)
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The other transition probabilities for the model are computed the same as the transition

probabilities in the previous markov chain model 5.1.

The state equations of the model can be derived by partitioning the model (Kle75). Equation

5.6 is from partition 2 (Figure 5.6), equation 5.7 is from partition 1, and equation 5.8 is from

partition 3. Equation 5.9 states that the sum of al] the state probabilities should equal one.

L M

E PO, PON, = E"PN, PN, (5.6)
i=O j=O

L

POK_,PsDKi = E PO,(Poo, + PON,) (5.7)
i=Ah

M

PN,-, PNVN_, = E PN, PNOi (5.8)
j=T

L M

E PO,+'+PE,, = 1.0 (5.9)
i=O j=O

Po, is the state probability of the old state i which relates to the probability of the occurrence of

a SSD run of length i or longer.

PNj is the state probability of the new state j which relates to the probability of the occurrence

of a new run of length j or longer.

L is the number of old states in the model.

M is the number of new states in the model.

PSD, is the probability of an old-old transition with the same stack distance from the old state i.

Poo, is the probability of an old-old transition with a different stack distance from the old state

i.

PON, is the probability of an old-new transition from the old state i.

PNN, is the probability of an new-new transition from the new state j.
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P.V'o, is the probability of an new-old transition from the new state j.
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Figure .5.6. General Case Markov MRB Model

5.4 The MRB Model and Enh-opy, Eslimalions

This MRB model implicitly contains an entropy prediction. Two orders of estimation can be

computed. The first order would be computed using only the state probabilities. The second order

is calculated by a summation of the products of the state probability and corresponding transition

probability. To calculate the state entropy, the products are divided into two sets which are then

summed. The products are placed in sets depending on whether the transition probability of the

product ends up in a new or old state. Structural entropy is calculated in a similar fashion.
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5.5 Validation Techniques

The standard method to validate MRB models is to synthesize a trace using the- model. Then

the synthesized trace and an actual trace can be run through a trace-driven cache simulator, to

compare the cache performance results. The problem with this approach is that all of the types

of localities would have to be incorporated into the model which could obscure the validationi

of the structural locality aspect of the model. Spirn demonstrated a validation approach which

compared locality measurements of the synthesized trace with the results from the actual trace

(Spi77). The measurements developed in this research suggest a similar approach with two different.

methods. The first method would take advantage of the entropy estimation aspect of the .MRB

model. This estimate could be compared with the actual entropy measured from thi, trace, although

the estimation order N has to be taken into account. Since the additional states provide the MRB

model with memory, M correlates with the order of structural entropy and L correlates with the

order of entropy in the new reference runs. The state probability equations for the MRB model

are complex but. once they have been derived it is possible to write programs that will compute the

error in entropy for models with a range of Ls and Ms. The second approach involves synthesizing

a primitive form of distance string which would contain the structural locality characteristics of

the trace being modeled. The measurements of the previous chapter are then performed on the

trace and compared with the results from the actual trace. Since these measurements are solely

concerned with same stack distances and zero stack distances, actual temporal distances do not

have to be included in the trace.

5.6 Synthesis Results

Traces were synthesized from models with a variety of Ls and Ms. The traces that were mod-

eled, shown in Table 5.1, represent the range of structural locality behaviors measured in Chapter

4. The chi-square test results are shown in Tables 5.2 through 5.5. The results demonstrated that
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Table .5.1. Behavior Characterist.ics of' Modelled Traces
Trace Structural Locality Charactieristics
Boyer Short runs and a high structural e'ntropv
IVEX One of the AT1.M traces which showed rotnitiloiality in the 1SD riun distributions
QSIM SSD Run distributions influenced by major cliaiiges in phase
Reducer SSI) Run distributiions consistent throughout thl, trace and low structural entropy

Table 5.2. Boyer Synthesized Trace Chi-square Probabilities
Instructions Read Write Data Overall

Al L New SSD New SSD New SSD New SSD New SSD
0 0 0.647 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
0 4 0.849 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
0 9 0.862 0.000 0.000 0.000 0.000 0.761 0.000 0.000 0.000 0.000
0 15 0.862 0.000 0.000 0.000 0.000 0.761 0.000 0.000 0.000 0.000
2 41 0.772 0.000 0.000 0.000 0.865 0.000 0.000 0.000 0.000 0.000
2 15 0.440 0.000 0.000 0.000 0.866 0.587 0.000 0.000 0.000 0.000
4 4 0.879 0.000 0.563 0.000 0.t;20 0.000 0.788 0.000 0.694 0.000
4 15 0.537 0.000 0.778 0.000 0.621 0.589 0.841 0.000 0.6-79 0.000
15 15 0.433 0.000 0.572 0.000 0.621 0.589 0.961 0.000 0.572 0.000
15 19 0.433 0.000 0.601 0.410 0.621 0.589 0.963 0.015 0.572 0.000
15 24 0.133 0.000 0.601 0.410 0.621 0.589 0.963 0.015 0.572 0.000
19 19 0.238 0.000 0.601 0.410 0.621 0.589 0.907 0.012 0.572 0.000
19 24 0.238 0.016 0.601 0.410 0.621 0.589 0.907 0.012 0.572 0.000

the deciding factor was run length. The Explorer traces with the shorter runs had a more success-

ful synthesis. The IVEX trace was also more successful because of the shorter runs. From this it.

becomes apparent that the variations in the distributions of run lengths require more states than

the Ls or M's tested here. In fact, successful synthesis may require that. the models have enough

states to encompass all of the run lengths of the actual distribution. A chi-square test was also run

on traces synthesized from the combination of the traces which had some commonality in their run

length distributions. These results showed a moderate success in synthesizing the distribution of

new run lengths, but no success in synthesizing the distribution of SSD run lengths. This corrobo-

rates the results in the previous chapter which showed that these programs tend to be more similar

in their new run length distributions than in their SSD run length distributions.

Figures 5.7 through 5.14 show the structural entropy of the synthesized traces. The results

for all of the traces have the same trend. Those traces, such as the IVEX and Reducer instruction

traces which have a low and steady entropy, had a synthesis which followed fairly closely. The rest
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Table 5.3. IVEX Synthesized Trace Chi-square Probabilities
[nstrictions Read Write I)ata Overall

A! L New SSD New SSD New SSD New SSD New SSD
0 0 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
0 4 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
0 9 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.668 0.000 0.000
0 15 0.000 0.000 0.000 0.998 0.000 0.763 0.000 0.758 0.000 0.591
2 4 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

2 15 0.000 0.000 0.000 0.995 0.000 0.679 0.000 0.772 0.000 0.721
4 4 0.000 0.000 0.000 0.000 0.008 0.000 0.000 0.000 0.000 0.000
4 15 0.000 0.000 0.000 0.995 0.015 0.704 0.000 0.796 0.000 0.710
15 15 0.042 0.000 0.924 0.997 0.673 0.702 0.897 0.790 0.002 0.653
15 19 0.037 0.000 0.937 0.695 0.684 0.587 0.894 0.870 0.002 0.590
15 24 0.007 0.000 0.936 0 616 0.682 0.521 0.898 0.874 0.003 0.565
19 19 0.110 0.000 0.979 0.693 0.935 0.531 0.994 0.874 0.003 0.641
19 24 0.067 0.000 0.979 0.613 0.933 0.461 0.995 0.878 0.006 0.617

Table 5.4. QSIM Synthesized Trace Chi-square Probabilities.
Instructions Read Write Data Overall

M L New SSD New SSD New SSD New SSD New SSD
0 0 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
0 4 0.005 0.000 0.000 0.000 0.000 0.032 0.000 0.000 0.000 0.000
0 9 0.001 0.000 0.000 0.000 0.000 0.478 0.000 0.000 0.000 0.000
0 15 0.001 0.000 0.000 0.000 0.000 0.467 0.000 0.000 0.000 0.000
2 4 0.004 0.000 0.000 0.000 0.000 0.007 0.000 0.000 0.000 0.000

2 15 0.001 0.000 0.000 0.000 0.000 0.293 0.000 0.000 0.000 0.000
4 4 0.001 0.000 0.000 0.000 0.000 0.021 0.000 0.000 0.000 0.000
4 15 0.000 0.000 0.000 0.000 0.000 0.410 0.000 0.000 0.000 0.000
15 15 0.917 0.000 0.890 0.000 0.918 0.422 0.966 0.000 0.000 0.000
15 19 0.982 0.000 0.717 0.000 0.919 0.445 0.966 0.000 0.000 0.000
15 24 0.972 0.000 0.725 0.000 0.924 0.528 0.951 0.000 0.000 0.000
19 19 0.993 0.000 0.167 0.000 0.861 0.358 0.957 0.000 0.000 0.000
19 24 0.978 0.000 0.170 0.000 0.867 0.437 0.952 0.000 0.000 0.000

Table 5.5. Reducer Synthesized Trace Chi-square Probabilities
Instructions Read Write Data Overall

M L New SSD New SSD New SSD New SSD New SSD
0 0 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
0 4 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
0 9 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
0 15 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
2 4 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
2 15 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
1 4 0.001 0.000 0.078 0.000 0.000 0 000 0.000 0.000 0.000 0.000
4 15 0.593 0.000 0.029 0.000 0.000 0.000 0.000 0.000 0.000 0.000
15 15 0.953 0.000 0.995 0.000 0.000 0.000 0.000 0.000 0.000 0.000
15 19 0.981 0.078 0.996 0.000 0.000 0.000 0.000 0.000 0.000 0.000
15 24 0.956 0.178 0.999 0.000 0.000 0.000 0.000 0.000 0.000 0.000
19 19 0.996 0.089 0.996 0.000 0.000 0.000 0.000 0.000 0.000 0.000
19 24 0.999 0.222 0.999 0.000 0.000 0.000 0.000 0.000 0.000 0.000
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of the traces, which had high entropy in the lower orders. sho,wd ihe, synthesis deviating froin the

actual trace anywhere from (he 2nd to 5th order. Models with more than 1t6 SSD states (lid not

show any significant improvement. This suggests that, the predictiveness measured with structural

entropy may come from a more complex type of referencing than the SSD access assumed for this

research and that after a threshold of about. 1(j states, any additional states will not improve the

model. It. is interesting to note that most. of the synthesized traces experienced a drop in entropy

at the higher orders, indicating that the model captures sonme high order type of predictiveness in

addition to the SSD runs.

In summary, the entropy results were the opposite of the chi-square test. results. 'Flue chi-

square test favored those traces with short.er runs which the models could encompass. The entropy

result.s favored traces with low structural entropy resulting from long runs. The results strengthen

the case made in Chapter 4 that structural locality is difficult. to model using only the SSD access.

The next. chapter will put. all of these results in perspective.
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Boyer Synthesized to Actual Instruction Trace Structural Locality
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Figure 5.7. Boyer Synthesized Instruction Traces Structural Entropy
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Boyer Synthesized to Actual Overall Trace Structural Locality
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Figure 5.8. Boyer Synthesized Overall Traces Structural Entropy
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IVEX Synthesized to Actual Instruction Trace Structural Locality
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Figure 5.9. IVEX Synthesized Instruction Traces Structural Entropy

5-16



IVEX Synthesized to Actual Overall Trace Structural Locality
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Figure 5.10. IVEX Synthesized Overall Traces Structural Entropy
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QSIM Synthesized to Actual Instruction Trace Structural Locality
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Figure 5.11. QSIM Synthesized Instruction Traces Structural Entropy
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QSIM Synthesized to Actual Overall Trace Structural Locality
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Figure 5.12. QSIM Synthesized Overall Traces Structural Entropy
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Reducer Synthesized to Actual Instruction Trace Structural Locality
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Figure 5.13. Reducer Synthesized Instruction Traces Structural Entropy
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Reducer Synthesized to Actual Overall Trace Structural Locality
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I1. Conclusionls

6.1 The Findings of this Iesearch

The measurements in this research have quantified and characterized the structural locality

first( suggested by Thazhut.haveetil and Pleskun. They have also expanded Hobart's as well as

Agarwal, Horowitz, and Hennessy's findings about, the nature of structural locality and first-time

referencing of memory addresses. Basically, the measurements indicate that the distribution of

SSI) run lengths is strongly influenced by program design as well as phases and transitions in a

program's execution. The distribution of new reference run lengths is not influenced as much. This

greatly complicates modeling of SSD run lengths with a Markov chain, although trace synthesis

using the model did show some promise if the model bad enough states to encompass all of the SSD

run lengths. f'he ATUM set contained a number of traces that showed some commonality in their

SSD and new run length distributions. A trace synthesis of the combination of these traces showed

some success in reproducing the distribution of new run lengths but no success in reproducing the

distribution of SSD run lengths. The structural entropy curves showed that structural locality was

not. very predictive until the 16th order, although some of the traces with long SSD runs were more

predictive. Trace synthesis using the models was unable to reproduce the structural entropy curves-

beyond the 5th order showing that this predictiveness was not solely due to the SSD type of access.

The state entropy curves had lower entropy and less variation in entropy among the traces showing

that the first-time referencing of memory locations is more predictive than structural locality.

6.2 Usefulness of this Research

The techniques used in this research can be applied to classify the traces used in trace-

driven simulations so that variations in cache performance, that are caused by the program specific

characteristics of the traces, can be identified. This could then lead to the design of memory

systems which can be tailored to a particulat class of programs. The measurements also show the
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ainot iut of' history ite(led to optimally model the stack distance. This knowledge could be used

to design d(ynaniC structtural locality caches (SLCs) such as lile one suggested in (Hol89) which

would prefetch a ,.'ata structure out of the LRU cache. The size of the prefetch block would be

determined by the hit rate of the SLU: which is a good mechanismi t.o predict the presence of a run.

6.3 Suggestions for Further Research

Follow on rtsearch should develop an MRB model to characterize the structural locality

(uantified in this research. A possible is model shown in Figure 6.1. In this model each state

represeuts a group of run lengths. The new transition probabilities PRSOL and PRSNL are added to

the model t~o show ihe, next reference staying within the run group. This exploits the commonalit.y

observed during the chi-square test. when the run lengths were grouped. It also allows the model

to encompass all of tie run lengths in a distribution. In addition, this research could be continued

in two areas.

6..3.1 Adding Spatial and Temporal Locality to the MRB Model This research has only been

concerned with structural locality. In order to have a complete memory referencing behavior model,

the relationship between structural, spatial, and temporal locality has to be determined. Specifi-

cally, the interdependence of the temporal distance of the reference after a run and the length of

the rui should be determined. Additionally, a study of the relationship between the spatial locality

window found by Hobart and the length of the new runs would help to further characterize memory

referencing behavior. Characterizing the relationship between temporal and structural locality will

improve the MRB model by providing a way to predict new states and the end of runs. Character-

izing the relationship between spatial and structural locality will help determine if any relationship

exists between new reference runs and SSD runs.

6..2.• Tying the Structural Locality Measurements to Cache Performance and Program Struc-

ture Additional research efforts should attempt to correlate program performance characteristics
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Figure 6.1. MRB Model with States Representing Run Length Groups

such as complexity metrics and cache performance statistics to the locality characteristics inea-

sured in this thesis. Running traces which display differing amounts of structural locality, through

a trace simulator would be a straightforward way of relating structural locality to cache perfor-

mance. Program complexity could also be related to structural locality using metrics. Masuda and

Fin's technique of trace marking by the compiler described in section 2.3.6 suggests an interesting

avenue. Benchmarks which contain pure versions of different program and data structures could

be traced. The traces could be marked by the compiler to indicate which references came from

what structure. The structural locality can then be directly correlated with the structures in the

benchmarks, providing a complete picture of the relationship between memory referencing behavior
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and program structure. This will also determine whether a relationship exist, betweent program

complexity and structural locality.

6.4 Con, clusions

This research further refined the MRB model to better capture the nature of structural

locality by modeling the inherent locality in memory referencing behavior. However, the results

of this research have shown that many structural locality characteristics in memory referencing

behavior vary across programs and even between phase of a programs execution. This suggests

that. to better exploit the localities of memory references, memory systems should be designed in

such a way that they dynamically characterize and adapt the particular locality characteristics

present during a programs's execution phase.
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Appendix A. Sample Callcu liNons

A.. I Introduction

The following is a sample of the calculations used to perform structural locality measurements

on a temporal string.

A.2 The Temporal Siring

Table A.1 shows the temporal string used for the sample calculations. It also shows the

symbolic representations of the string used for the entropy calculations. Note that each symbol

in the structural entropy string represents the relationship between the current reference and the

previous reference.

.A.3 Transitional Probability Calculahions

The transitional probabilities are calculated using equations A.2.

PSSD,OL (A.1)
OL, + OZT, + ONT,

PONI OZT(
OL, + OZT, + ONT, (A.2)

Poo, 1- PSSD, - PON, (A.3)

PN N, ONN, (A.4)
ONN, + OOT(

PNO, 1- PNN, (A.5)

(A.6)

OL, Number of SSD runs longer than length 1.

OZT, Number of SSD runs of length I with a new termination.
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Table A. 1. Sampule Temlporal String
State Structural

LRU Stack Entropy Entropy
Index Distance Symbol Symbol
1 0 0
2 0 0 1
3 0 0
4 0 0 1
5 0 0 1
6 3 1 0

0 0 0
8 0 0 1
9 0 0 1
10 2 1 0
11 2 1 1
12 4 1 0
13 5 1 0
14 6 1 0
15 0 0 0
16 0 0 1
17 1 1 0
18 1 1 1
19 0 0 0
20 1 1 0
21 9 1 0
22 0 0 0
23 0 0 1
24 1 1 0
25 0 0 0
26 0 0 1
27 0 0 1
28 2 1 0
29 2 1 1
30 2 1 1
31 2 1 1
32 2 1 1
33 4 1 0
34 5 1 0
35 6 1 0
36 6 1 1
37 12 1 0
38 12 1 1
39 13 1 0
40 15 1 0
41 15 1 1
42 15 1 1
43 15 1 1
44 15 1 1
45 15 1 1
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Table A.2. Run l)istrihutions and Transitional IProhabilities
Him Length ()OT, PN', ()7T, ONT~ t IS'SSD, PO(C

1 1 0.833 .1 6 0:375 0.374)
"2 2 0.600 1 3 )0.333 0.500
3 2 0.333 0 0 1.000 0.000
1 0 1.000 0 0 1.000 0.000

5 1 0.000 0 1 0.500 0.500
6 1 0.000 0 1 0.000 1.000

Table A.3. Structural Entropy NGram Distributions
NGraiu 3rd Order 2nd Order Ist Order
0 5 11 21
1 G 10 23

2 6 10
3 .1 12

6

7 7

•ot~a .12 413 44

O)NT" Number of SS runs of length I with an old termination.

ONN, Number of new runs longer than length I.

OOT, Number of new runs of length 1.

The probabilities for the sample string are shown in Table A.2.

.t.. Sample Entropy Calculation

Table A.3 shows the Igrams, 2grams, and 3grams that, were tabulated from the structural

entropy sample string in Table A.1. The NGrams are labeled with the rightmost. hit the least

significant..

Table A.4 shows the calculations for the sample string. T'he probability sumrnation is the

first terni of equation A.7. The second term is the probability summation of the previous order.

The state entropy calculations use the same algorit.hmn with a different symbol set.
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"Table A.4. St nictural Entropy Calculations
IProhalbilily

Ord'r Suinniat ioll Errt.ro1 .y
1 -0.9985 0.9985
2 -1..9958 0.9972

3 -2. Mi7 0.92 73

F.-v = p(b,, j) og9 2 p(b,, j) + ,p(bi)log2 p(b,) (A.7)
i~j

N I. the order of entropy and the size of the block of.symhols.

b, is a block of N - 1 symbols.

j is an arl)itrarY symbol following bi.

1,(hi. j) is Ihe probability of the occurrenc,- of N-grant b,,j.
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A ppendix B. Explorer Results

B.1 Introduction

This is the supplementary data for Chapter 4. The graphs are the structura: locality Mea-

surments performed on the Explorer set of traces.
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Figure B. 1. State Entropy of the Explorer Instruction Traces
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Figure B.2. State Entropy of the Explorer Read Traces
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Figure B.3. State Entropy of the Explorer Writ. ' Traces

z 0C) o " Q

• = ,r• -oo o 
' lp-

.).1

0 

" m

=I 
*

o 
:I *~

" .

" "14 i 
-A ,I"

uU u o m u s A d a n u

B A 
I

o 'I

, / " :.__/ . ,

U . . . . .. -- ,,. + , . '. , •

B-4



Figure B.4. State Entropy of the Explorer Data Traces
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Figure B.5. State Entropy of the Explorer Overall Traces
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Figir B1.6. Structural Entropy of the Explorer Instruction T -
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Figure 13. StrUCtural Eiitropy of the Explorer Read Traces

E.. r-.E[
00

,Z- C).)•.C--= .•- , / "

-D ES - ~ j f l

Q 00

X 4l 0*~

X 0'+X0

CL X.-" .K,

X *

000

p o"

4.)

e- -""""" '

u .4 o..o'"s Wauug

S.i B .-8

Cr - x *' .+ x"_ o
S/ /... ti.,

C.)/ .. " ,° . /" 'A '

0X0 . , It.i o

%- ...v

:. ;0.
"/ 1 :

i : I" '

.. 0x. .- 0 ,
6 " 6

uI• uo~TJfletis• gdoxnu~i

B-8



Figure B.8. St ruct ural Entiropy of the Explorer Write Traces
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Figure B.9. Structural Entropy of the Explorer Data Traces
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Figure B.10. Structural Ent.ropy of the Explorer Overall Traces
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Figure B.11. Differences in the New Distribut ions of the Explorer Insl ruct "l(m Trace-s
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Figere B.12. I)iffrouw•,s in the New Distributions of the Explorer IReadl "lraces
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Figure B. 13. Differences in the New Distributiions of the Explorer Write Traces
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Figure B.14. Differences in the New Distributions of the Explorer l)atl Traces
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Figure B.15. Differences in lie New I).istribut.iois of lth I-xplorer Overall Traces
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Figure B. 16. 1)iff'reuce,,, in the SSD Dist rihutions of the Explorer Instruction Traces
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Figtire 3B.17. Differences in the SSD Distributions of the Explorer Read '1races
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Figure B.18. Differences in the SSD) Distributions of the Explorer Write Traces
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Figure B.19. Differences in ilie SSD DistrI but Ions of' i lie Ex plorer D)ata TIraces
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Figure 1.20. Diftferenices in the SSD Dist rihliiions of the Explorer Overall Traces
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Appendix C. .,1'l lR(.,,t.,

(. I h7rydclwn

This is tile supplementary data for chapter . '[Tie graphs ar, Ith, strctauiral locality measo r-

melit.s perlbrnwd onI the ATI'NI set. of t.races.
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Iigur, C(.1 Stlat" Entrolpy of tIhe, .\TU.M Instruction ]races
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F ibg UrC.2. State Emt~roiyv of tivm All'NI Head Traces
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Figure (..Stace Entropy of the Art-,m Write Traces
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FlIgue CA. 1)t a te Enitropy of' thle .XTUNM Data Traces
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Figure (.5. State Ent ropy of the AT NI\ Ovt rail Tracs
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Figure ('.6. St ructural Entropy of the AlUi.M Instruction Traces
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Figure C.7. Stmrictu~ral E'ntropy of the A FUM RIe~ad Trace,
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Figure, C.S. Structural Entropy of the A'fUM WYrite Traces
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Figmr,' U.9. Structural Entropy of the ATU N Data Traces
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Figure C. 10. Structural Entropy of I.he ATI:M Overall Traces
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I'igu~ ( D Ifif'rei ices in t le New~ Distrihuitions of*l i' AIT I \ In si ncliollI
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Figure C.12. Diffi.rence,. in the1 N.,w Distributions of the ATUM Read "1races
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F"igure C. 13. Differl-,,ices in the New Distributions of the V\Tll I \\riteA, Trac•c
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Figure ('.1. Difference., in the New Distrihutions of the ATUMI Data Traces
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l"ire C. 15. Differences in Ilie New D'isri it.ion-. of (lie ATlNI Overall T'rac•'.
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Figure C.16. Iii lk-rences in the SSD Distribhutionis of lhe AT (IM lusitirctioii Trace,
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Figure C. 17. D)ifferei,ces in t lie SSD Dist ributions of the ATU NI Read Traces

III I I I '

0 U vt a x< -ý, C.) C C.)

E

U,0

.........

4-)_

C...

I:I

o0W'

C; _;

E

0 "; I , ,0'

•3u;).ijzj!(j uo~jnq.•s!¢I

C-18



Figure ('.18. Dilfference- in the SSD Distributions of the ATUM Write Traces
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Figure C.19. Differences in the SSD Distributions of the ATUM Data Traces
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Figure (.20. Differences in the SSD Distributions of the ATUM Overall Traces
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Appendix D. lhter-se! (' ,Cmpari.iion Results

DA Inhttroductton

This Is 1i1 stipplemiieniary data for (hapLei T Tlie.s-. curve- coinita'e the saniplc trace distri-

butions from both the ATUM and Explorer Sets wii bi the average distribution of the other set.
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Fi~gure DA. D.LifIferences Ini N(-%% Dist ribhitians between the VNIM set and ~onif, Ex pore'r hist~ruc-
tion Trace,-
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Figure D.2. Differences in Now Distributions between the ATUM so. and some Explorer ,.ad
Traces
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Figure D.3. Differences in New Dist.ributions between the :\VI'I M set and some FExpI•orer Write
Traces
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pigure DA Differences in New Distributions between the A'Ii.M set and some Explorer Data
Traces
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Figure D.5. Differences in Now Distributions bet-ween the ATUNM set and some Explorer Overall
Traces
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Figure D.6. Differences in SSD I)istrihaitions between tie ATVII set and some Explorer Instruc-
t.ion Traces
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Figure D.7. I)iffernces in SSI) Distrikbi tions b ;ween th, AITNI sel and some Explorer Retad

''rac.(s
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Fi ý, we 0.S. Differo.nces in SSD Dist rhiut ion', between t he Al VI Mso and] 'omie Exphrwer Write
Traces
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Figuro D-9. D~ifferences in SS Ii Distributio. bi' et weeni the All NT sel and some Explorer IDat a

Tii

> >

--

-~ LU

4- )k

D-10~



Figure D.10. Differences in SSD Distrihutions between the AIUM sot and some Explorer Overall
Traces
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Figure D.1 1. Differences in New Distributions between (lie Explorer set and some AT[".UM Inst.ric-
tion Traces
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Figure D.12. Differences in New Dist.ributions between the Explorer set and some A'FrTM Il,'ad
Traces
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Figure D.13. Differences in NYw Distributions between the Explorer set. and some ATUNI Writ,,
Traces

oI::

00000000

> >-

"&- . -,

0:. 1

S.. .. .. i ,I "a..... ).. . • . . -- - T . .

0 0

* 00

a:)uao;og!(l uoilnq.•ls!Cl

D-14



Fiegure D. 14. 1)jfrrences Mn New Dist~ributions between the Lxplorpr set and sonic -XTUiM Dat~a
Tra ces
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Figure D.15. Differences in New Distributions between the Explorer set and sont,. ATUM Overall
"[races
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Figure D. 16. Differences in SSD Dist rihiii~ioiis bettwe'enl h IExplor~r set. aid some ATI.!NI lnstrric-
tioma Traces
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Figure D. 17. Differenices iii SSD Dist ribhtiotis between the Explorr set and some A' U M Read
Traces
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Figure D.18. I)ifferences in SSD Distrihbution.,, between tie Explorer set and some Al I:M WVrite
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Figire D.I9. Differences in SSD Distrihutioiis between the Explorer set and some ATUNJI Data
Traccs
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Figure D.20. DifleCrences in SSD Distribuitions bet ween the Explorer set. mid some ATUNM Overall
rra~es
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Appendix E. lntra- T'act RcJsults

E. 1 Inlroductol,,

This is the supplementary data for chapter 4. These graphs showy Iw intra-trace locality

measurements of the Explorer traces.
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Figure E. I (Chi-Sqtmare Probability ver.sus Bin Size BIASIisp
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Figure E.2. (hl-Square Prohabilityx versuis Bini Size Boyer
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igre[].: i. Ci-Squtare Probability versuis Bin Size(' o pl
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Figure EA. (Chi-Square Probability versus Bin Size. ITT
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Figure E.5. (Ilt-Sqiiare Probabi lit% versusi. Bint Size GLISlP-Cotnip
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Figure E.6. Chi-Sqtiare Probability versuis Bin Size GLISP-Pav
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Figure E.7. (lu-Square Probability versuts Binu Size QSIIM-
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Figurc E.£. (hi-Square Probability versus Bin Size Reducer

00
0

a 0

X)- 
X

2 0

L ----- -----

.(• • • -,.---------'..-------

it•-,. ~~ ~ ~ ------- .-.. , I --------::"'-- ••• •"-• ,,

,Xltl~qleqoMc o)Yunbs-.tqD

_-9



Figure cE.0. ('lu-Square Probabiliiy v'ersus Bini Size TMYCIN
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Figure E.IO. 4th Order Structural EIntropy versus Time Overall Trace. BIlASLisp
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Figure E.11. 4th Order St ructural Efntropy versus Time Overall Trace Boyer
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Figure E. 12. Ith Order Stfrucl ural IElntropy %ersusl Time Overall Trace" Compile
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Figure E.13. .th Order Structural Entropy versus Time Overall Trace "FFT
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Figure E.I.i. .ith Order Structural Entropy versus Time Overall Trac- G LISP-Comp
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15.t IK 5..t h Odt.r Structural Entropy versus Time Ovrail Traco (;IISP-IPa%
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