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Absiract

The nature of structural locality as defined by same stack distance access is investigated
in this thesis. "The question 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 locality 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 Investigation of Structural Locality

i the Memory Referencing Behavior of Computer Programs

1. 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 memory. This has forced the computer
architect to become more creative with memory. He 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 assumptions 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 eflect, 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 memory refercnces to be “close™ to each other

in terms of their location in memory.

Temporal Locality is the tendency of a subsequent reference to be one of those used in the recent

past.

Structural Locality is the tendency for conseccutive memory references to fall into particular
order patterns. For instance, if locations A, E, and W had been consecutively referenced
in the past, then when A is referenced again there is a good chance that E and W will be

referenced next.

1.3 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 i 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 .resea.rch 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 sec if the structueal locality behavior observed by Hohart can be predicted.
The assumption is made that after a nuinber of consecutive references oecur with the same temporal
distance, i1t can be predicted with some confidence that the subsequent references will also have the
same temporal distance. In other words. the hehavior can be characterized as containing a constant
state for some finite duration. The behavior can then be incorporated into a memory referencing

behavior model.

The refined model which incorporates this structural locality behavior must be tested to
address its stability and validity. The stability of the model is determined by the consistency of the
structural locality hehavior throughout an address trace. The validity of the model is determined
by the scope of the hehavior across the spectrum of different types of software. Both of these issues

are addressed by deterntining 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 prograimn
the computer is executing. This would be due to characteristics of the machine code, in that
regardless of the program. 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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Chapter Two gives the context of the thesis as well as the definitions and coneepts used in this
paper.
Chapter Three describes the techniques that were developed to measure structural locality.

Chapter Four summarizes the results of the locality nicasurements.

Chapter Five discusses the refinements to the memory referencing hehavior model hased on the
results of the locality measurements and addresses the issues of the validation and the stability

of the model.

Chapter Six discusses the conclusions drawn from this thesis and their application 1o computer

architecture design. This chapter also discusses reconunendations for follow-on research.

1.5 The Address Traces Used to Measure Behavior

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 Il workstation (Hob89). He traced a wide variety of software. The programs 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.

Numeric 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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Table 1.1. Explorer Trace Descriptions

Program Name  Application Category
BIASLisp Circuit Analysis Numeric
Boyer Theorem Prover Svmbolic
Compile Buffer  Lisp Compiler Symbolic
FFT Fast Fourier Transforin Computation  Numeric
GLISP Expert Systems Tool Symbolic
QSIM Qualitative Reasoning Symbolic
Reducer Syvmbolic Computing Symbolic
TMYCIN Expert System Tool Symbolic

in artificial intelligence. Hobart eliminated most of the references which were unique to the Explorer
operating systemn by modifying the code; commenting out print statements and redirecting the input
away from the keyvboard (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 to 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 thesc traces are virtual addresses
and are independent of the architecture of the T1 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 (ASHB86). 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




Table 1.2. ATUM Trace Descriptions

Acronvimi Description

Category

DECO DECSIM, a behavioral simulator
FORA Fortran compiler

FORF Fortran compiler

FSX77 File check program

IVEX Interconnect Verify, checks net hsts in a VLSI chip
LINP LINPACK. a numerical benchnjark

LISP LISP runs of BOYER, the thecrem prover

MACR An assembly level compiler

MEMXX Description not available

PASC PASCAL compiler of a microcode parser

SAVEC Part of a €' compiler

SPIC SPICE simulating a 2-input tri-state NAND buffer
UEQ2 UNIX emulator

traces, these traces contain operat‘ing system routines at an average user Lo svstem ratio of 4 to
1. They also comain stack references which also are not present in the Explorer traces. Little 1s
known about the programs that produced the ATUM traces, but they are generally accepted as

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

Symbolic
Symbolic
Symbolic
Numeric
Symbolic
Numeric
Symbolic
Symbolic

Symbolic
Symbolic
Numeric
Numeric

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

1.6 Other Resources

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

GNUPlot.
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1. Context of the Research

2.1 Introduction

This chapter outlines the past efforts 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 Compuicr Memory

Memory in a computer is designed to be hierarchical with the smallest and fastest memory
at the 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 exceptions) occur when the program refers to a reference that is
not in the main meniory. In order to get the reference, the operating system has to load that
page from the disk. Page faults slow down the exccution of programs and the rate of their

occurrance 1s a measure of the efficiency of the memory management systens.

cache hit A cache hit occurs when a reference is found in the cache. A cache miss occurs when
the reference is not 1m 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 programns the computer has been running. lu 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 svstem is altered to record the virtual address of each reference as
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.




2.3 The Search for a Model of Memory Referencing Behawvior

Research into memory referencing behavior has proceeded on two levels. The first level s
page fault analysis where attempts have been made to model the paging behavior of programs. A
more recent effort has been at the cache level where mmodeling 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 thesc 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 working set using 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 snphisticated statistical techniques
to model page fault behavior (1.S73). They measured. from address traces, the interval hetween
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 nuimber reference traces. Spirn showed how these
distance strings could be used to validate memory referencing behavior (MRB) nodels (Spi77).
He showed how “goodness™ in a model could be demonstrated by comparing temporal distance
histograms and auto-correlograms derived from actual trace data 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 formala derived from a Markov chain.
They demonstrated how benchmark address traces could be synthesized using the hit rate functions

of several traces.

2.3.3 Markov Models Although a number 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 mode] the cache miss rate. The references that concern this model are
initially loaded during a transition in a program’s execution { NHH39) (Their model is shown
Figure 2.2). In this model, the R1 represcnted the initial loading of a single reference. The R2
state represented the initial loading of the second consecutive reference and so on. The transition
probability fin is thus the probability that a cache miss would occur after the wmitial loading of a
reference. They observed that these initially loaded references helonged in two categories: singular
references which were loaded intermittently between calls to veferences already in the cache, and
nonsingular references which were loaded cousecutively and are sequentially addressed. They noted
that a two-state model separating the singular and nonsingular references is a good approximation

of this behavior since the nonsingular references seemed to be mvimoryless.

2.3.4 Measurig Lecality Part of the problem in modeling memory referencing behavier 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 (BNM34). They contend
that previous applications of this distribution. the nuinber 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.

2.8.5 Structural Locality As mentioned earlier, structural locality is a fairly new concept
which has not been the foéus 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




Figure 2.2. Agarwal’s MRB Model

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

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

2.3.6 Variations in Localify 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 matrix
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 an
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




(Kurd6). Transitions were recognized in the traces as page lault clusters and phases as page fault
lulls. Murphy and Bunt found no diflerence hetween the locality tn the phases and locality during
transitions. The locality of the phases and transitions were both higher than for the overall program
which they attributed to the “locality disrupting effects of aggregation (MB88)". This meant that
the locality present within a phase or transition tended 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 mstructions. Many rescarchers have separated the
address trace into instruction, read data, and write data traces on the idea that the localities that
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 tendency 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, Hbrowit,z, 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 (FR91). Their model, which was based on the

source referencing behavior of the benchmark Kernel-3 of Lawrence Livermore, described memory




referencing behavior by an elementary reference followed by asequence of repeated references based
on the elementary reference and a locality variable. Fricker and Robert contend that this model

gives the right amount of randonmess without destroving the locality of the behavior being modeled.

2.4 Hobart’s Work

The research done by Hobart serves as a starting point for this thesis. The MRB model, that
1s the focus of this research. is a refinement of the model 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 temporal distance, while an old reference has a temporal
distance that is less than or equal to the size to 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 Pvssp. 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 imto instruction, read data, and
write data traces. From this data, Hobart concluded a need for further refinements in his model to

include structural locality behavior. The remaining chapters will explain these refinements.
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HI. Structural Locality Measurement Methods

3.1 Introduction

This chapter discusses the techniques that 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 MRB model to show how well the model captures the characteristics of

structural locality.

3.2 Defining Structural 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.

S = (I mod L)*L+-I1{- (3.1)

S s the stack distance.

I is the ith consecutive reference.




L 15 the length of the dimension (row or column) of the mmatrix previously traversed.

I s the dimension presently being traversed.

Hobart’s research showed that a large proportion of references in the temporal strings had
the same stack distance as their neighbors. This led to his definition of structural locality as the
SSD type of access. The other two types of accesses discussed are also present in the data used in
this research. However, the measurements by Hobart show that the SSD access is the dominant
forn of structural locality (Hob89). Therefore structural locality will be measured and modeled by

considering only SSD accesses.

3.3 The Run Distributions 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 (AHH89). They realized that consecutive new

references stem from different sources. The runs consist of interleaved streams of instructions as

3-2




well as data from the stack and the heap. To counter this interlcaving, Agarwal ot al sorted the
references by their block addresses. They also stipulated that the consecutive references had to
he contiguous in memory so that they could then assume that the resulting runs were the initial
access of a structure. The new references runs defined here still contain this imerleaving and are
not necessarily sequentially addressed so the assumnption that these runs are the initial access of a

structure is not valid.

Each temporal string has specific distributions of runs of different leagths. Run distributions

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 distributions (SW88). Two versions of the test
were used. The first (3.2) compares an actual distribution against the expected distribution. The

second (3.3) compares two actual distributions.

o N; —ny 2
=3 (—n'—)) (3.2)

N, the number of actual occurrences of event 7.

n; the number of expected occurrences of event i.

2_ (S R)?
X° = Z R +S; (3.3)

i
R; the number of actual occurrences of event 7 in the first distribution.

S; the number of actual occurrences of event 7 in the second distribution.

Event 1 is defined in this research as a run of length . 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?|v) 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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that the sum of the squares of v random normal variables of unit variance will be greater than \*.
Q(\*|v) is thus the probability that the two distributions were drawn from the same set. If this
probability is close to zero. then the differences between the two distributions are significant. This
test is used 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
the equations 3.5 and 3.5. The “likeness” among the traces in the set can be determined by testing
each of the traces’ run distribution with this expected distribution. A Q(\”|v) other than zero
waould 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.

N O,
Zi:l T,k
A.'

Q(L)* Ty (3.5)

(3.4)

Q
=
|
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I

Pe(L) is the expected probability of the occurrence of a run of length L.
(L) is the average normalized occurrence of runs of length L.

O;, is the number of occurrences of runs of length L in trace distribution 7.
N is the number of traces in the set.

T: is the total number of runs in trace distribution 1.
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T4 is the total number of runs of the actual distribution.

The chi-square test shows the amount of difference hetween distributions but it does not
reveal where those distributions differ. For this. the difference, [D(1). between the combined cumu-
lative distribution histogram. and the individual cumulative histogram. 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 distribution and positive I)(L)s would

indicate a larger fraction.

O
D(L) =~ ~ QL) (3.6)

3.4 The Entropy Method

Hammerstrom and Davidson propused using entropy to estimate the information content of
address traces (HD77). 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 (Shad48). 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 log,(2) = 1. Just as with Hammerstrom and Davidson’s research, the N-gram
method was used to estimate entropy. This method is outlined by Shannon (Sha50). Entropy

is estimated by calculating the probability of the occurrence of blocks of symbols. These blocks




overlap in the sequence. For example, for a block size of 2 symbols, the first and second symbol
would be block 1 and the second and third svmbol would be block 2. The probabilities of the

occurrence of these blocks are fed into equation 3.7:

Fn = -ZI’(bisj)log'sz.-(j)
4]
= = plbi.j)log.p(bi. i)+ Y _ p(b;) logs p(bs) (3.7)
ij i

N is the order of entropy and the size of the block of svmbols.
b; is a block of N — 1 symbols.

J 1s an arbitrary symbol following b;.

p(b:, 7) is the probability of the occurrence of N-gram b;, j.

m,(J) 1s the conditional probability of the occurrence of symbol j after the block 6;.

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, Fy gets closer to the absolute entropy H as seen in

equation 3.8.

H =IJIITI Fn _ (3.8)

—00

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 Pssp.
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which consists of the number of same stack distances divided by the number of references, can be

used 1o indicate whether the entropy stems from the presence of or the lack of locality.

2.5 Conclusions

llach of these measurements serve a different purpose in this research. Run distributions are
used to characterize structural locality and new referencing in the temporal string of the different
traces. The chi-square test is used to compare these amounts between traces. The transition proba-
bilities also serve as 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 entropy shows the predictability

of the first-time referencing beliavior.




IV, Structural Locality Measurement Results

4.1 Iatroductlion

This chapter discusses the results of the structural locality measurements. The focus of these
measurements is to determine how well the locality 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 Structural Locality Predictable? The assumption is that structural locality can 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 1s dominant enough to allow structural

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 Structural 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 diflerent 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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and between the sets are determined. The differences between the sets are especiatly important to
determine if the measnrements will be corrupted by distortions in the traces caused by things such
as the collection technique and architectural differences of the host computers. The predictability
issne 1s addressed next. Structural locality is then characterized by the run disributions of data
sets decreasing 1o scope with the inherency issue addressed first, then program specific behavior,

and finally the local behavior.

4.2 Characterizing Structural Localily and First-Time Referencing Bchavior

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 distribution 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 can be seen, the FFT and BIASLisp traces have a larger proportion of longer runs in the
istruction traces and a larger proportion of short runs in the read. write, data. and overall traces.
This difference is also reflected in the new run distributions.

e

Figures .11 through .20 show how the ATUM traces differ from their combined distribu-
tions. Here, with the exception of the LINP trace, no traces stood out, »lth ugh it did seem that

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

4.3 Comparisons between ATUM and Erplorer traces

Another necessary item to resolve are the differences between the ATUM and Explorer trace
sets. To do this. the normal distributions of the two sets of traces were compared. Figures 4 3
and 4.4 show how the Explorer set .liffered from the ATUM set. As can bhe 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 data 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 diflerences were plotted between the BIASLisp, I'FT,
Compile-RB, Dec0.0, 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.11 to D.20. As can bhe 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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proportion of singular references in the read. data and overall traces and longer rons in the write
traces. In summary, the Explorer set shows more of a symbolic type of behavior than the ATUM
set. This may be explained i two ways. First. the ATUM set does have more numeric traces
than the Explorer set which could have affected 1= distributions. Second, the Explorer operating
system is designed to run Al programs, which means that the compiler for the Explorer could
emphasize the symbolic behavior in the Explorer traces, while the VAX compilers and assemblers

could emphasize numeric behavior in the ATUM traces.

4.4 Predictability

The structural and state entropy of the Explorer traces was measured to determine the
predictability of structural locality. The entropy was estimated 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 ihe 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
cdecreasing 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




had less variation. The low entropy in the LINP trace a~ compared to the other traces suggests a
relationship between structural entropy and program complexity. since the LINPACK benchmark

wlhich generated this trace consists of a simple loop.

4.5 Program Dependence

The variations in the structural entropy curves in the previous section seem to suggest that
the distribution of SSD run lengths in a trace is not inherent. This section will attempt to determine
the significance of these variations. H the chi-square test indicates that the run distributions of each
mdividual trace have no likeness to the combined distribution of all the traces, then the distribution
of SSD run lengths in memory referencing behavior is not inherent. All the traces within each set
were combined as explained in Chapter 3. '[he 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 \* 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 (Pssp) 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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greater than L. L was then varied to see a1l what length Q(\*|v) would no longer be zero. The

result= showed that Q(y\*|rr) was untformly 0.0 even down to two degrees of freedom which had
one bin for singular or -SSD references and one hin for non-singular or SSD references. Another
binning scheme that produced unsatisfactory results had the bin size increasing exponentially. For
example, for a base 3 binning scheme. the first bin 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(\*|v) was uniformily zero even as the exponential base was increased until the degrees of freedom
reached 2. ‘The only binning scheme that had non-zero Q(y?|r) was linearly based, with bins of an
equal size. The results are shown in Figures 4.5 and 4.6. The new run distributions showed some
likeness in all types of traces, although the dara and overall traces didu’t show likeness until a bin
size of 72 and the write traces had only a slight Q(\*|¢) at a bin size of 38. On the other hand,
the SSD run distributions did 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 1 consisted of the IVEX, LISP, and FSXZZ
traces which registered a non-zero Q(x”|v) for some of the bin sizes in the data and overall traces.
Subset 2 added DECO which registered a non-zero Q(\2|7) with IVEX in the read trace, and FORF
which registered a non-zero Q(x*|v) in the overall trace. The results are shown in Figures 4.9 and
4.10. They show an improvement in Q(x*|v) suggesting that these traces share some commonality

in their SSD run distributions.
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Average Chi-Square Probabilities for the ATUM Subset 1 SSD Distributions
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Table 4.1. Explorer Traces Overall Chi-square Test Results (Inter-Trace)

New Runs SSD Runs

Trace Average Average

Type \C v QIx*lv) | \? v Q(\*v)
Instruction | 86.14 69  0.428 9186.46 201  0.000
Read 1591.65 55 0.000 16.778.90 91 0.000
Write 4290.45 51 0.000 4536.18 57 0.000
Data 3045.30 80 0.000 11,810.71 93  0.000
All 3131.30 34 0.000 29.563.92 83 0.000

‘Table 4.2. ATUM Traces Overall Chi-square Test Results (Inter-Trace)

New Runs SSD Runs

Trace Average Average

Type \? v QKXPlv) [\ v QW)
Instruction | 18141 168  0.303 5940.78 681 0.000
Read 1946.42 65  0.000 ¥212.32 236 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 Varability Within Programs

The next step was to combine multiple samples of each trace. A zero Q(x*|v) 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 muitiple 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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The entropy was measured for every 10.000 references in a trace. This window is the same size
as the reference window Agarwal. Horowitz, and Hennessy used in their analytical cache model
measurements. They determined the size of their window, which they called the time granule 7,
by observing the cache nnss rate at the siart of the program. They decided on 10.000 Fecause this
was the smallest size that did not cause large variatious in the miss rate at start up (See Appendix

A in (AHHS89)).

Figures E.1 through E.9 show the intra-trace chi-square probabilities and Figures .10 throngh
E.13 show the 4th order structural entropy versus time in references. The Explorer set could be
subdivided by comparing these graphs. The GLISP-Pay, Compile, and QSIM did not have non-zero
Q(\*]v) until a bin size of 12 up to 43. These traces also showed major phase variations in their 4th
order structural entropy plots. The other traces had non-zero Q(x2|v) for bin sizes down to 1 and
2. FFT 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(v?|v) bin size. QSIM also had reoccurring variations of the same magnitude as GLISP-Comp
but with a much larger period (1,300,000 references) which led to a large non-zero Q(>|v) bin size.
BIASLisp, Boyer, Reducer, TMYCIN had less 4th order variations in entropy and small non-zero
Q(x*|v) bin sizes. In summary, the distribution of SSD run lengths does depend on the 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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predictable as was seen by comparing the state entropy with the structural entropy nieasurements.
The distribntion of new run lengths was also more inherent than the distribution of SSD run
tengths. although overall, neither behavior had more than a slight chance of inherency. The ATUM
set had several traces that seemed to share the same distribution of SSD run lengths. and some of
the Explorer traces also seemed to have a constant distribution of SSD run lengths between the
450.000 sized samples. A correlation also existed between the likeness among the samples and the
variation in 4th order structural entropy which suggested that the distribution of SSD run lengths
varied with major phases and transitions of the programs. In summary, the measurements do not
support the idea of being able to model structural locality with a fixed distribution of run lengths.

How well this model does match this behavior is answered in the next chapter.
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V. Memory Referencing Behavior Model

3.1 Introduction

This chapter explains the proposed refinements to the MRB model. The refinements are
proposed and correlations are made to the results in Chapter 4. Then two validation techniques

are proposed and findings are discussed.

5.2 Proposed Refinements to the Memory Referencing Behavior MRB Model

As was discussed in Chapter 2, Hobart's original model described memory referencing behav-
jor in terms of two states; the “new” state where previously unreferenced memory locations 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 i1s to determune if structural locality behavior can be modeled as constant state
for some finite duration. A certain amount of memory has to be 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 Pyyp, and Pssp, , 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. MRB 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. However, developing this model could reveal some additional characteristics of

structural locality behavior that have not heen revealed by the measurements already discussed.

5.3 The Number 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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or both sides of the model. The bhest approach to resolve this issue is this proposed “general case
MRB" model (See Figuire 5.8). As can be seen. the parameters L and A/ describe how many states
are added to each side. These two parameters can thus be adjusted to fit the structural locahy
characteristics of any 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 M. The average new run length wy is given by.

o~
j NN
wy = (1 — Pyng, ) * _;_ Pl = ——A (5.1
( i Af) = ,'VI\M 1 _ PN'NA,, )

Where Pyn,, is the probability of a new-new transition given that there have been at least
M consecutive new -new transitions as shown in Figure 5.6. Likewise, the average SSD run length

is given by

)
i P
wo = (1 — Psp,) * Z PéD,_ = -i-_—s;))—:l—)— (5.2)
SDy

i=0

The rest of the transition probabilities for the constant states L and M are then derived from
the average and a ratio of Qg7 and On7 which are the number of old and new terminated SSD

rumns.

Pnoy = 1.0—= Pnny, ' (5.3)
Oor
P, — 29T ,(10-P .
00, Oor + Ont (1.0~ Psp,) (5.4)
Pon, = 1.0-Psp, — Poo, (5.5)




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 all the state probabilities should equal one.

L M
Y " Po,Pon, = ) Pw,Pno; (5.6)
i=0 j=0
L
Poy_,Pspx_, = Z Po,(Poo, + Pon,) (5.7)
i=zK
M
Pry_,Puny_, = 3 Pn,Pno, (5.8)
i=T
L M
Y Po,+d Pn;, = 10 (5.9)
1=0 i=0

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

a SSD run of length 7 or longer.

Pp; 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.
Psp, is the probability of an old—old transition with the same stack distance from the old state 1.

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

Pon, is the probability of an old-new transition from the old state 1.

Pnn; is the probability of an new-new transition from the new state j.




Pno, 1s the probability of an new-old transition from the new state j.

Figure 5.6. General Case Markov MRB Model

5.4 The MRB Model and Entropy Estimations

This MRB model mplicitly 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 validation
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 the trace. although
the estimation order NV 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 Resulls

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 Characteristics of Madelled Traces

Trace Structural Locality Characteristics

Boyer Short runs and a high structural entropy

IVEX One of the ATUM traces which showed romunonality in the SSD run distributions
QSIM SSD Run distributions influenced by major changes in phase

Reducer  SSD Run distributions consistent throughout the trace and low structural entropy

Table 5.2. Boyer Syuthesized Trace Chi-square Probabilities

Instructions Read Write Data Overall

M 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 0.349 0.000 | 0.000 0.000 [ 0.000 0.000 | 0.000 0.000 | 0.000 0.000
0 9 0.362 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 3} 0.000 ©0.561 { 0.000 0.000 | 0.000 0.000
2 4 0.772 0.000 | 0.006 0.000 [ 0.865 0.000 | 0.000 0.000 | 0.000 0.000
2 15 1 0.440 0.000 | 0.000 0.000 | 0.8366 0.587 | 0.000 0.000 | 0.000 0.000
4 4 0.8379 0.000 | 0.563 0.000 § 0.620 0.000 | 0.788 0.000 | 0.694 0.000
4 151 0537 0.000 | 0.778 0.000 | 0.621 0.589 | 0.841 0.000 | 0.679 0.000
15 1510433 0.0001{ 0572 0.000{0.621 05891 0961 0.0001{ 0572 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| 0.433 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 Ms 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

[nstructions 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 1] 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 3 06.000 0.000 | 0.000 0.000} 0.000 0.663 | 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 | 6.000 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 0.77 0.000 0.721
4 4 0.000 0.000 [ 0.000 0.000 | 0.008 0.000 [ 0.000 0.000 [ 6.000 0.000
4 151 0.000 0.000 | 6.000 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 | 0937 0.695 | 0.684 0587 | 0.894 0.870 | 0.002 0.590
15 24 ] 0.007 00001 0936 0616 | 0.682 0.521 | 0.898 0.874 { 0.003 0.565
19 1910110 0.000 0979 069310935 05310994 0.8374 | 0.003 0.641
19 24 | 0.06% 0.000 | 0.979 0613|0933 0461 | 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 ¢t 0.009 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 1 6.001 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 | 0.0006 0.000
4 151 0.000 0.000 { 0.000 0.000 | 0.000 0.410{ 0.000 0.000 | 0.000 0.000
15 1570917 0000 )| 0.8390 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 0972 0.0001]0.725 0000|0924 0528 | 0.951 0.000 | 0.000 0.000
19 1910993 0.000 | 0.167 0.000 [ 0.861 0.358 | 0.957 0.000 | 0.000 0.000
19 24| 0978 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 |0000 0.000} 0.000 0.000]0.000 0.00010.000 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 ©.000 ]| 0.000 0.000 | 0.000 0.000
2 15 { 0.006 0.000 | 0.000 0.000 | 0.000 0.000 { 0.000 0.000 | 0.000 0.000
4 4 |0.001 00000078 0.000! 0000 0000 0.000 0.000} 0.000 0.000
4 151 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 2410956 0.178 | 0.999 0.000 { 0.000 ©.000 | 0.000 0.000 | 0.000 0.000
19 1910996 0.089 | 0.996 0.000| 0.000 0.000 ] 0.000 0.000 | 0.000 0.000
19 2410999 0.222 ] 0999 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. showed the syvuthesis deviating from the
actual trace anyvwhere from the 2nd to 5th order. Models with more thau 16 SSD states did 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 SST) access assumed for this
research and that after a threshold of about 16 states, any additional states will not improve the
model. IL Is interesting to note that most of the synthesized traces experienced a drop in entropy
at the higher orders, indicating that the model captures some high order type of predictiveness in

addition to the SSD runs.

In summary, the entropy results were the opposite ol the chi-square test results. The chi-
square test favored those traces with shorter runs which the models could encompass. The entropy
results 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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Figure 5.11. QSIM Synthesized Instruction Traces Structural Entropy
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Figure 5.12. QSIM Synthesized Overall Traces Structural Entropy
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VI Conclusions

6.1 The Findings of this Research

The measurements in this research have quantified and characterized the structural Jocality
first suggested by Thazhuthaveetil 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
SSD 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 had enough states to encompass all of the SSD
run lengths. The ATUM set contained a number of traces that showed some cominonality 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 particular class of programs. The measurements also show the




amount of history needed to optimally model the stack distance. This knowledge could be used
to design dyvnamic structural localiy caches (SLCs) such as the one suggested in (Hob89) which
would prefetch a data structure out of the LRU cache. The size of the prefetch block would be

deteriined by the hit rate of the SLC which is a good mechanisin to predict the presence of a run.

6.3 Suggestions for Further Research

Follow on research should develop an MRB model to characterize the structural locality
quantified in this rescarcli. A possible 1s model shown in Figure 6.1. In this model each state
represents a group of run lengths. The new transition probabilities Prgo, and Prsy, are added to
the model to show the next reference staying within the run group. This exploits the commonality
observed during the chi-square test when the run lengths were grouped. It also allows the model
to encompass all of the 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 run 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.

6.3.2 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 mea-
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 techinique 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. Tie 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




and program structure. This will also determine whether a relationship cxists between program

complexity and structural locality.

6.4 Conclusions

This research further refined the MRB model to better capture the nature of structural
locality by modeling the inherent locality in meinory 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 phasc 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.

6-4




Appendix A. Sample Calculutions

A0 Introduction

The following 1s a sample of the calculations used to perform structural locality measurements

on a temporal string.

A2 The Temporal String

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.

A3 Traunsitional Probability Calculations

The transitional probabilities are calculated using equations A.2.

O¢
P - ! Al
58Dy Or, + OzTt, + Onr, (A1)
Ozt
Pon — ! A2
ON: Or, +Oz71, + ONT, (A-2)
Poo, = 1- Pssp, — Pon, (A.3)
Onn
Pyn, = ——N1 A4
Nw: Onn, + Oor, (A-4)
Pno, = 1- Py, (A.5)
(A.6)

Oy, Number of SSD runs longer than length 1.

Ozr, Number of SSD runs of length ! with a new termination.
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Table A.1. Sample Temporal String
State Structural
LRU Stack Entropy Entropy
Index Distance Syvmbol  Symbol

0

26

28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45

[
w
QGU‘-&MNNMMOOOHOOQHOHMOOGG'JANMOOOOJOOCOO

= et et e e
OGN GO NN

0
0
0
0
1
0
0
0
1
1
1
1
1
0
0
1
1
0
1
1
0
0
1
0
0
0
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

RO OO OO0 0RO SO0~ 0000 OO0 O e OO = o —

—
o
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Table A.2. Run Distributions and Transitional Probabilities
Run Length  Oor, Pnn,  Ozr, Ont, Pssp, Poc

1 1 0.833 4 6 0375 037
2 2 0.600 | 3 0.333  0.500
3 2 0333 O 0 1.006  0.000
4 0 1.000 © 0 1.000  0.000
b 1 0.000 0 ! 0.500  0.500
B | 0.000 0 1 0.000 1.000

Table A.3. Structural Entropy NGram Distributions
NGram  3rd Order 2nd Order  1st Order

0 5 1 21

I 6 10 23

2 § 10 !
3 4 12

4 6

O 4

6 1

T T

Total 42 43 44

Oxr, Number of SS  runs of length I with an old termination.
On~, Numnber of new runs longer than length {.

OoT, Number of new runs of length {.

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

A.4 Sample Eniropy Calculalion

Table A.3 shows the lgrams, 2grams, and 3grams that were tabulated from the structural
entropy sample string in Table A.1. The NGrams are labeled with the rightmost bit the least

significant.

Table A.4 shows the calculations for the sample string. The probability sumn:ation is the

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

The state entropy calculations use the same algorithm with a different symbol set.




Table A4, Structural Entropy Caleulations

Probability
Order  Swimation  Entropy
i -0.9985 U.9985
2 -1.9958 0.9972
3 -2.9687 0.9273

Fy ==Y p(bi,j)logs p(bi,j) + Y plbi) log, p(h:)

ij i
N s the order of entropy and the size of the block of symbols.
b, 15 a block of N — 1 symbols.
J 15 an arbitrary symbol following b;.

p(hi. 7) is the probability of the occurrenc.: of N-gram: &, 5.




Appendix B. Frplorer Results

B.1 Introduction

This is the supplementary data for Chapter 4. The graphs are the structurai locality mea-

surments performed on the Explorer set of traces.

B-1




Figure B.1. State Entropy of the Explorer Instruction Traces
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Figure B.2. State Eutropy of the Explorer Read Traces
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Figure B.3. State Entropy of the Explorer Write Traces
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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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Figure B.6. Structural Entropy of the Explorer Instruction Traces
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Figure B.8. Structural Entropy of the Explorer Write Traces
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Figure B.9. Structural Entropy of the Explorer Data Traces
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Explorer Overall Traces Structural Entropy

Figure B.10. Structural Fntropy of the Explorer Overall Traces
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Figure B.11. Differences in the New Distributions of the Explorer Instruction Traces
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Figure B.12. Diterences i the New Distributions of the Explorer Read Traces
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Figure B.14. Differences in the New Distributions of the Lxplorer Data "Traces
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Figure B.15. Differences in the New Distributions of the Explorer Overall Traces
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Figure B.16. Differences in the SSD Distributions of the Explorer Instruction Traces
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Figure B.17. Differences in the SSD Distributions of the Explorer Read Traces
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igure B8, Differences in the SSD Distributions of the Explorer Write Traces
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Figure B.19. Differences in the SSD Distributions of the b
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Figure B.20. Differences in the SSD Distributions of the Explorer Overall Traces
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Appendix C. ATUM Results

C. 1 Introduction

This is the supplementary data for chapter 4. ‘The graphs are the structural locality measur-

ments performed on the ATUM =et of traces.




State Entropy of the ATUM Instruction Traces

Figure C1.
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State Entropy of the ATUM Read Traces
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Figure (".3. State Entropy of the ATUM Write Traces
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Fignre C.4. State Entropy of the ATUM Data Traces
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Figure C.5. State Entropy of the ATUM Overall Traces
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Figure €6, Structural Entropy of the ATUM Instruction Traces
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Figure C.7. Structural Entropy of the ATUM Read Traces
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Figure (1.8, Structural Entropy of the ATUM Write Traces
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ATUM Data Traces Structural Entropy

Figure €9 Structural Entropy of the ATUM Data Traces
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TUM Overall Traces
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Differences in the New Distributions of the ATUM Instruetion Traces

Figure C11
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Figure C.12. Differences in the New Distributions of the ATUM Read ‘Iraces
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Figure C.13. Differences in the New Distributions of the ATUM Write Traces
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Iigure C.14. Differences in the New Distributions of the ATUNM Data Traces
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Figure C.15. Differences in the New Distributions of the ATUAL Overall Traces
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Figure C.16. Dilferences in the SSD Distributions of the ATUN Instruction Traces
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Figure C.17. Differences in the SSD Distributions of the ATUM Read Traces
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Figure C.18. Differences 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. [Inter-sel Comparision Resulls

D.1 Introduction

This is the supplementary Jata for chapter 4. These curves compare the sample trace distri-

butions from both the ATUM and Explorer Sets with the average distribution of the other set.
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Differences in New Distributions between the ATUM s¢t and some Lxplorer Read

ITaces

Figure D.2.
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Differences in New Distributions between the ATUM set aud some Explorer Write

Traces

Figure D.3.
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Differences in New Distributions between the ATUM set and some Explorer Data

Traces

Figure D.4.
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Differences in New Distributions between the ATUM set and some Explorer Overall

Traces

Figure D.5.
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Differences in SSD Distributions hetween the A'TUAI set and some Explorer Instruc-

tion Traces

Figure D.6.
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ATUAM set and some Explorer Read

Differences in SSD Distributions beiween the

Traces

Figure D.7.
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Differences in SSD Distributions between the ATUM sc¢t and some Explorer Write

Traces

Figure D8,
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Differences in SSD Distributions between the ATUM set and some Explorer Data

Traces

Figure D.9.
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Differences in SSD Distributions between the ATUM set and some Explorer Overall

Traces

Figure D.10.
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Figure D.11.

yiSuay uny
0z 8l 91 14l 4 01

(> o]
\O
-
o

1 I I I | I I I 1

--%- (duij sa 1a10[dxg

~-y- 0'dur] sA NN LY
...... - 0dsif sa 1a101dxg

| 8- 0dsisA WNLY
=== ()°099p SA 1aro1dxy

—o- (0°0%9P SANNLY

1 1 | 1 1 1 1 I 1

$30L1 |, UOTIONIISU] (813G 1310[dX puR NN LV US3MI3q S30URJJI(] UOHNQLISI UNY MIN dAgnWN,)

0

0

20U213)J1(] UONNQLISI(]

D-12




Differences in New Iistributions between the Explorer set and some ATUM Read

Traces

Figure D.12.

Y3uag uny
0¢ 81 91 14 cl 01 8 9 14 [4
I I I ] R I 1 I I
-
-
"
X
AR

--x- ¢duij sa 1a10]dxg
—- (rdul sA LY
...... x- dsif sa yar0jdxg
--8- sl sA WNLY
——- ('099p sA 1210]dx]
—o- 0'099P SANN1LY

| | I 1 i 1 I 1 1|

$0RI [, PEIY 519 Ja101dXT pue AN LY U39M1aq SIOUIJJI(] UONINQLISICT UMY MIN dATIB[NWNY)

§0°0

0USIIYJIY UONNQLASIY

D-13




Differences in New Distributions between the Explorer set and some ATUM Write
l

Traces

Figure D.13.

3uag uny

0¢ 81 91 14 4! 01 8 9 14 [4
T T T T T | T T T 80
4
- 1 90-
i
ih
¥
N
K
i .
- i1 v0

.

il

- % 0duij sa sai0jdxg
~-g- ('duif sa WNLY
..... x- ('dsi] sa 1a10]dxg
--@- 0'dsipsa WNLY
——+- °009p SA Jat0jdxg
—o- 0°099p SA (1LY

| i 1 1 [} L 1 1 i NO
moom._..—. AUM “m._om ._o._o_n_xm— pue NNLVY U3amiaq wooco._vt_ﬁ_ :OZ:D_.Sw_Q uny] maN o>ﬁw~=E=U

90UIIYJI] UONNqQLUISICY

D-14



xplorer set and some ATUM Data

Differences in New Distributions between the F

Traces

“igure D14,

0¢

8l

91

vl

4

y13ud uny
0l 8 9 14 [4

i

! L I I | i

--x- (duij sa 1a10[dxy _.
- Odul sANNLY _.
..... x- ()dst] sA 1a101dxg _
8- 0dsty sa ALY ._
- Q03P $A Ja101dx7
—o- 0°093p SA NLV

| I ! 1 1 1 I 1 1

SA0BLJ, vIR(Q 819§ 1210]dXT pue W LY U99MIIQ S30UIJIJ LONNGLISIC] UNY MAN dANR[AWR)

£0

LAY

20Ul UONNQLASI

D-15




Differences in New Distributions between the Explorer set and some ATUM Overall

Traces

igure D.15.

0¢

ydua uny
81 91 14 4| 01 8 9 14 [/

T T T T T T T T T 0

-

- x- o-dur sa 1a10dxg ._.
~5- Orduip sa NOLY ,.
...... x- ('dsI[ sA 1a10[dxg 1] ¥0
~-g- 0'dsi|sA WALY ._
=== (/093P sA 1101dx7 .

! 1 | | l ] L ]

—o= 0099 sA ALY \dﬂ
. $0

ORI [[BIAQ :$19S Ja10]dX pue (LY UI9M1aq $UIIJJI(] UOHNQLISI(] UNY MIN SATIR[AWN)

ouAIRYIQ uonnqLusiq

D-16




Differences in SSD Distributions between the Explorer set and some ATUM Instruc-
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Figure D.16.
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Differences in SSD Distributions between the Explorer set and soine ATUM Overall

Traces

Figure D.20.
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Appendix E. Intra-Trace Results

FE.1 Introduction

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

measurements of the Explorer traces.
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Figure E.1. Chi-Synare Probability versus Bin Size :
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Figure E.2. Chi-Square Probability versus Bin Size :
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v versus Bin Size
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Figure E 4. Chi-Square Probability versus Bin Size -
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Average Chi-Square Probabilities for the GLISP-Comp SSD Distributions

Figure £.5. Chi-Square Probability versus Bin Size : GLISP-Comp
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: GLISP-Pay

Figure 1..6. Chi-Square Probability versus Bin Size
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. Chi-Square Probability versus Bin Size

Figure E.
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Figure E.8. Chi-Square Probability versus Bin Size : Reducer
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Figure E.2. Chi-Square Probability versus Bin Size
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Ath Order Structural Entropy versus Time Overall Trace © Compile

Figure I2.12.
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Ath Order Structural Entropy versus Time Overall Trace :

Figure E.13.
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4th Order Structural Entropy versus Time Overall Trace : GLISP-Comp

Figure E.1.1.
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Hth Order Structural Entiopy versus Time Overall Trace

Figure FL16.
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4th Order Structural Entropy versus Time Overall Trace :

Figure E.17.
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Ath Order Structural Entropy versus Time Overall Trace :

Figure EC18.
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