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Abstract

An essential step in designing a new computer architecture is the careful examination of dif-
ferent design options. It is critical that computer architects have ef cient means by which they
may estimate the impact of various design options on the overall machine. This task is compli-
cated by the fact that different programs, and even different parts of the same program, may have
distinct behaviors that interact with the hardware in different ways. Researchers use very detailed
simulators to estimate processor performance, which models every cycle of an executing program.
Unfortunately, simulating every cycle of areal program can take weeks or months.

To address this problem we have created atool called SimPoint that uses data clustering algo-
rithms from machine learning to automatically nd repetiti ve patternsin aprogram’s execution. By
simulating one representative of each repetitive behavior pattern, simulation time can be reduced to
minutes instead of weeks for standard benchmark programs, with very little cost in terms of accu-
racy. We describe this important problem, the data representation and preprocessing methods used
by SimPoint, the clustering algorithm at the core of SimPoint, and we evaluate different options for
tuning SimPoint.

Keywords: k-means, random projection, Bayesian information criterion, simulation, SimPoint

1. Introduction

Understanding the cycle level behavior of a processor during the execution of an applicationis cru-
cial to modern computer architecture research. To gain this understanding, researchers typicaly
employ detailed simulators that model each and every cycle of the underlying machine. Unfortu-
nately, this level of detail comes at the cost of speed. Even on the fastest simulators, modeling
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the full execution of a single benchmark can take weeks or months to complete, and nearly all in-
dustry standard benchmarks require the execution of a suite of programs. For example, the SPEC
benchmark suite consists of 26 different programs, requiring the execution of a combined total of
approximately 6 trillion instructions. Still worse, architecture researchers need to simulate each
benchmark over a variety of different architectural con gurations an d design options, to nd the
set of features that provides an appropriate trade-off between performance, complexity, area, and
power. The same program binary, with the exact same input, may be run hundreds or thousands of
times to examine how, for example, the effectiveness of a given architecture changes with its cache
size. Researchers need techniques which can reduce the number of machine-months required to
estimate the impact of an architectural modi cation without introducing an unacc eptable amount of
error or excessive simulator complexity. We present a method, distributed as a software package
called SimPoint, which can meet this need by exploiting the structured way in which individual
programs change behavior over time.

As a program executes its behavior changes. These changes are not random, but rather are
often structured as sequences of a small number of recurring behaviors, which we term phases.
Identifying this repetitive and structured behavior can be of great benet, since it means we only
need to sample each unique behavior once to create a complete representation of the program’s
execution. Thisisthe underlying philosophy of SimPoint (Sherwood et a., 2001, 2002; Perelman
et a., 2003; Biesbrouck et a., 2004; Lau et a., 2004, 2005b). SimPoint intelligently chooses a
very small set of samples from an executed program called simulation points that, when simulated
and weighted appropriately, provide an accurate picture of the complete execution of the program.
Simulating in detail only these carefully chosen simulation points can save hours of simulation time
over arandom sampling of the program, while still providing the accuracy needed to make reliable
decisions based on the outcome of the cycle level simulation.

Before we devel oped SimPoint, architecture researchers would simulate SPEC programsfor 300
million instructions from the start of execution, or fast forward 1 billion instructionsto try to get past
the initialization part of the program. These techniques can result in error rates of up to 3736% in
predicting the architecture metrics we wish to measure. SimPoint achieves very low error rates (2%
average error, 8% maximum error for the results in this paper) and on average reduces simulation
time by afactor of 1,500, compared to simply simulating the whole program. This approach is now
used by researchers in the architecture community, and companies such as Intel (Petil et al., 2004).
This paper shows how repetitive phase behavior can be found in programs through machine learning
and describes how SimPoint automatically nds these phases and picks simulatio n points.

The rest of the paper is laid out as follows. First, Section 2 describes a summary of the sim-
ulation methodology in processor architecture research. Section 3 explains the phase behavior
paradigm, and de nes terms that are essential in describing the analysis. T he correlation between
the executing code and performance of a program is described in Section 4, as well as how this
code is represented in vector format to capture program behavior. Section 5 describes the machine
learning algorithms used to automatically detect phases using the code vectors. Section 6 describes
how simulation points are picked from the phases, and the accuracy resulting from representing
the entire program execution using the simulation points. Section 7 examines parameters that sig-
ni cantly in uence the performance of the SimPoint algorithm in terms of accur acy and run-time.
Section 8 examines prior work in phase analysis that uses machine learning. Ongoing and future
work is described in Section 9 and our ndings are summarized in Section 10.

344



USING MACHINE LEARNING TO GUIDE ARCHITECTURE SIMULATION

2. The Application - Simulation

In this section we explain the tools modern computer architects use to evaluate designs and the
methods we use to evaluate our solutions.

2.1 Background

Processor architecture research quanti es the effectiveness of a d esign by executing a program on
a software model of the architecture design called an architecture simulator. It is dif cult to accu-
rately compare studies that provide results for different sets of programs. To set a standard in the
community, the Standard Performance Evaluation Corporation (SPEC) was established to provide a
collection of benchmarks to evaluate processor performance. In the same manner, the architecture
simulator needs to have a common baseline. SimpleScalar (Burger and Austin, 1997) is a cycle
level processor simulator that has become a standard model for architecture research.

2.1.1 SPEC CPU BENCHMARKS

The SPEC CPU2000 benchmark suite has 26 programs, of which 12 are integer programs (primary
execution is of integer instructions) and 14 are oating-point programs (p rimary execution is of
oating-point instructions). The benchmark suite is chosen to stress a pro cessor across its many
components in arigorous manner. Each program in the suite has 3 different inputs: test, train, and
reference, which respectively correspond to a short test, a more representative training, and a full
reference run. The test, train and reference inputs typically execute on the order of a few million,
a few billion, and hundreds of billions of instructions respectively. Tables 1 and 2 show all the
SPEC CPU2000 benchmarks, divided into integer and oating-point prog rams. The tables provide
a high level description of each benchmark, its source language, and the number of instructions
executed (in billions) with the reference and test inputs. These programs were compiled for the
Alphalnstruction Set Architecture (I1SA) with full optimizations. On average, the reference inputs
execute for 223 hillion instructions. The program par ser has the maximum instruction count at
546 billion instructions.

SPEC periodically releases abenchmark suite to evaluate current and future processors. To keep
up with the ever increasing rate of processor speeds, SPEC has signi ¢ antly increased the duration
of benchmark execution from the previous suite release in 1995 to the current release of 2000. This
is because the reference input needs to run long enough to achieve avalid timing for the benchmark
run. This means that with current and future speeds that future releases of the SPEC benchmark
suite will need to execute on the order of trillions of instructions for the reference inputs.

2.1.2 SIMPLESCALAR

SimpleScalar is a program that models the cycle level execution of a processor. It takes as input a
program-input pair and simulates the execution from beginning to end, while computing relevant
statisticsfor architecture research, such as cyclesper instruction (CPI), cache missrates, branch mis-
predictions, and power consumption. SimpleScalar has several models to represent different levels
of execution detail. At the coarsest level of detail, sim-fast models only the functional execution of
aprogram at the instruction level. A more detailed level, sim-cache, models the memory hierarchy
and computes miss rates for those structures. The level of highest detail, sim-outorder, models the
cycle-level out-of-order execution of a super-scalar processor. It is a superset of al the other mod-
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Benchmark Ref Length Test Length Language Category

bzip2 143 8.82 C Compression
crafty 191 4.26 C Game Playing: Chess
eon 80 0.09 C++ Computer Visuaization
gap 269 1.17 C Group Theory, Interpreter
gce 46 2.02 C C Programming Language Compiler
gzip 84 337 C Compression
mcf 61 0.26 C Combinatorial Optimization
parser 546 4.20 C Word Processing
perlbmk 111 20 C PERL Programming Language
twolf 346 0.26 C Place and Route Simulator
vortex 118 9.81 C Object-oriented Database
vpr 84 0.69 C FPGA Circuit placement and routing

Table 1: SPEC CPU2000 Integer Benchmarks (Iengths in billions of instructions)

Benchmark Ref Length TestLength Language Category

ammp 326 5.49 C Computational Chemistry
applu 223 0.18 Fortran 77  Parabolic/ Elliptic Partial Differential Equations
apsi 347 5.28 Fortran 77  Meteorology: Pollutant Distribution
art 41 1.48 C Image Recognition / Neural Networks
equake 131 1.44 Cc Seismic Wave Propagation Simulation
facerec 211 412 Fortran 90  Image Processing: Face Recognition
fma3d 268 0.00 Fortran 90  Finite-element Crash Simulation
galgel 409 4.34 Fortran 90 Computational Fluid Dynamics
lucas 142 371 Fortran 90  Number Theory / Primality Testing
mesa 281 2.88 C 3-D Graphics Library
mgrid 419 16.77 Fortran 77  Multi-grid Solver: 3D Potential Field
sixtrack 470 8.59 Fortran 77 High Energy Nuclear Physics Accelerator Design
swim 225 0.43 Fortran 77 Shallow Water Modeling
wupwise 349 3.63 Fortran 77 Physics/ Quantum Chromodynamics

Table 2: SPEC CPU2000 Floating-Point Benchmarks (lengths in billions of instructions)
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| Cache 16k 2-way set-associative, 32 byte blocks, 1 cycle latency
D Cache 16k 4-way set-associative, 32 byte blocks, 2 cycle latency
L2 Cache 1Meg 4-way set-associative, 32 byte blocks, 20 cycle latency

Main Memory | 150 cycle latency

Branch Pred hybrid - 8-bit gshare w/ 8k 2-bit predictors + a 8k bimodal predictor

O-0-O Issue out-of-order issue of up to 8 operations per cycle, 128 entry re-order buffer
Mem Disambig | load/store queue, loads may execute when all prior store addresses are known

Registers 32 integer, 32 oating point

Func Units 8-integer ALU, 4-load/store units, 2-FP adders, 2-integer MULT/DIV, 2-FP
MULT/DIV

Virtual Mem 8K byte pages, 30 cycle xed TLB miss latency after earlier-i ssued instructions
complete

Table 3: Basdline Simulation Model.

els and provides the highest level of execution detail. The architecture research community uses
SimpleScalar extensively, and today it is considered a standard architecture simulator.

The different modelsin SimpleScalar each have a stable execution rate. The fastest model, sim-
fast, executes on the order of tens of billion instructions per hour on a 1 GHz machine. The slowest
yet most accurate model, sim-outorder, executes on the order of hundreds of million instructions
per hour, which is severa orders of magnitude slower than the native hardware. It would take
months of computation time to simulate the entire SPEC benchmark suite with sim-outorder. What
makes matters worse is that researchers need to evaluate many different hardware con gurationsto
measure the effectiveness of a design. This enormous turnaround time for a study makes simulating
the full benchmark infeasible, and the majority of researchers only simulate a few hundred million
instructions from each benchmark.

2.2 Methodology

For this study, we performed our analysisfor the complete set of SPEC CPU2000 programsfor mul-
tiple inputs using the Alpha binaries from the SimpleScalar website. We collect all of the frequency
vector pro les, described in Section 4, using SimpleScalar. To generate o ur baseline results, we
executed all programs from start to completion using SimpleScalar, gathering the hardware metrics.
The baseline microarchitecture model is detailed in Table 3.

To examine the accuracy of our approach we provide results in terms of CPI prediction error
and k-means variance (since SimPoint uses k-means clustering). The CPI prediction error is the
percent difference between CPI predicted using only simulation points chosen by SimPoint and the
baseline (true) CPI of the complete execution of the program. The k-means variance is the sum-of-
squared distances between every clustered point and its closest center, which isthe criterion k-means
optimizes.

3. De ning Phase Behavior

Since phases are away of describing the recurring behavior of a program executing over time, we
begin by describing phase analysis with a demonstration of the time-varying behavior (Sherwood
and Calder, 1999) of two programs from the SPEC 2000 benchmark suite, gcc and gzi p. To
characterize the behavior of these programs we have simulated their complete execution from start
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Figure 1. These plots show the relationship between measured performance (CPl) and code usage
for the program gzi p- gr aphi ¢, and SimPoint’s ability to capture phase information by
only looking at what code is being executed. For each of the three plots, the horizontal
axis represents the execution of the program over time, and each point plotted represents
one 10-millioninstruction interval. Thetop plot showsthe CPI for the executing program.
The middle plot shows the distance of each interval’s basic block vector (explained in
Section 4) to the target vector , which is a basic block vector that repres ents the entire
program'’s execution. The target vector is a signature of the program’s overall average
behavior, and this plot shows how similar the code of each part of the program is to the
overall behavior of the program, lower meaning more similar. The bottom plot shows
how SimPoint classi es each interval into one of four phases. The phase transitions
correspond to changes in the CPI in the top graph, though SimPoint does not use metrics
like CPI to classify intervals.

to nish. Each program executes many billions of instructions, and gatherin g these results took
several machine-months of simulation time. The behavior of each program is shown in the top
graphs of Figures 1 and 2. Each top graph shows how the CPI rate changes for these two programs
over time. CPl is a commonly used metric in the processor architecture community for measuring
processor performance. Each point on the graph represents the average CPI taken over a window
(we cal it an interval) of 10 million executed instructions. These graphs show that programs are
fairly complex, changing behaviors frequently.

Note that not only do the behaviors of the programs change over time, they change on the
largest of time scales, and even at a large scale one can nd repeating be haviors. Programs may
have stable behavior for billions of instructions and then change suddenly. In addition to CPI, we
have found for the SPEC 95 and 2000 programs that the behavior of all of the architecture metrics
(branch prediction, cache misses, etc.) tend to change in unison, though not necessarily in the same
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Figure 2: These plots show the relationship between measured performance (CPl) and code usage
for the program gcc- 166, and SimPoint’s ability to capture phase information by only
looking at what code is being executed. For each of the three plots, the horizontal axis
represents the execution of the program over time, and each point plotted represents one
10-million instruction interval. The top plot shows the CPI for the executing program.
The middle plot shows the distance of each interval’s basic block vector to the target
vector , which is abasic block vector (explained in Section 4) that represents the entire
program'’s execution. The target vector is a signature of the program’s overall average
behavior, and this plot shows how similar the code of each part of the program is to the
overall behavior of the program, lower meaning more similar. The bottom plot shows
how SimPoint classi es each interval into one of eight phases. The phase transitions
correspond to changes in the CPI in the top graph, though SimPoint does not use metrics
like CPI to classify intervals.

direction (Sherwood and Calder, 1999; Sherwood et al., 2002). These corresponding changes are
due to underlying changes in program execution.

The underlying methodology used in this work is the ability to automatically identify these
underlying program changes without relying on architectural metrics. To ground our discussion in
a common vocabulary, the following is a list of de nitions to describe program behavior and its
automated classi cation.

Interval To perform our analysis we break a program’s execution up into non-overlapping
intervals of execution. An interval is a section of contiguous execution (a time slice) of a
program’s execution. For example, when using an interval size of 100 million instructions,
the rst interval of execution starts at instruction 0 and ends at the 100 million instruction
executed, the second interval of execution are the instructions 100 million up to 200 million
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in the program’s execution, the third interval represents instructions 200 to 300 million, etc.
For the results in thiswork al intervals are chosen to be the same length, as measured in the
number of instructions committed within an interval. Thisis usually 1, 10, or 100 million
instructions, as used by Perelman et al. (2003).

Similarity A similarity metric measures the similarity in behavior between two intervals of
aprogram’s execution, and is speci ¢ to the representation of thoseinterv als.

Phase A set of intervalswithin aprogram’s execution that al have similar be havior, regard-
less of temporal adjacency. A phase may be made up of intervals which are digjoint in time;
we would call this a phase with a repeating behavior. A well-formed phase should have
intervals with similar behavior across various architecture metrics (e.g. CPI, cache misses,
branch misprediction). In this paper we consider the terms ‘cluster’ and ‘phase’ to be equiv-
aent.

Phase Classi cation Using machine learning to group intervals from a prog ram/input pair
into phases (clusters) with similar behavior.

4. The Strong Correlation Between Code and Performance

In this section we describe how we identify phase behavior in an architecture independent fashion.

4.1 Using an Architecture-Independent Metric for Phase Classi ca tion

To nd program phases, we need a notion of how similar are two different parts of a program’s
execution. In creating this metric it is advantageous to not rely on hardware-based statistics such as
cache miss rates or performance (i.e. CPl), since using these would tie the phases to those statistics
which change depending on the architecture con guration. If such statis tics were used, the phases
would need to be re-analyzed every time there was a change to some architectural parameter (either
statically if the size of the cache changed, or dynamically if some policy changes adaptively). Thisis
not acceptable, since our goal isto nd aset of samplesthat can beused acrossan architecture design
space exploration, where many of these parameters may change. To address this, we need a metric
that is independent of any particular hardware-based statistic, but still relates to the fundamental
changes in behavior like those shown in the top graphs of Figures 1 and 2.

An effective way to design such a metric is to base it on the behavior of a program in terms
of the code that is executed over time. We have shown that there is a very strong correlation (Lau
et al., 2005b) between the set of paths executed in a program and the time-varying architectural
behavior observed. The intuition behind this is that the executed code determines the behavior of
the program. With thisideait is possible to nd the phasesin programs using only a metric related
to how the code is being exercised (i.e. both what code istouched and how often). The central idea
behind SimPoint isthat it can nd the phase behavior shown in the top graphs of Figures 1 and 2 by
examining only the frequency with which the code parts (e.g., basic blocks) are executed over time.

4.2 Basic Block Vector

The basic block vector (BBV) (Sherwood et al., 2001) is a structure designed to concisely capture
information about how a program is changing behavior over time. A basic block is a section of
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code (e.g. acontiguous set of instructions) that is executed from start to nish with one entry and

one exit. The metric we will use for comparing two time intervals in a program is based on the
differences in the execution frequencies for each basic block executed during those two intervals.
The intuition behind thisis that the behavior of the program at agiven timeis directly related to the
code it is executing during that interval, and basic block vectors provide us with this information.

A program, when run for any interval of time, will execute each basic block a certain number
of times. Knowing this information provides a code signature for that interval of execution, and
shows where the application is spending its time in the code. The basic idea is that knowing the
basic block distribution for two different intervals gives two separate signatures which we can then
compare to nd out how similar the intervals are to one ancther. If the signatur es are similar, then
the two intervals spend about the same amount of time in the same code, and the performance of
those two intervals should be similar.

We represent a basic block vector as a one-dimensiona array, with one element in the array
for each static basic block in the program. Each interval in an executed program is represented by
one BBV, and at the beginning of each interval, its corresponding BBV has all zeros. During each
interval, we count the number of times each basic block has been entered, and record that number
into the corresponding element in the vector. This number isweighted by the number of instructions
in the basic block, since we want every individual instruction to have the samein uence. Therefore,
each element in the array is the count of how many times its corresponding basic block has been
entered during an interval of execution, multiplied by the number of instructionsin that basic block.
For example, if the 50th basic block has one instruction and is executed 15 timesin aninterval, then
bbv[50] = 15 for that interval. At the end of an interval’s execution, we normalize the BBV to sum
to 1.

We call the vectors used to guide phase analysis Frequency Vectors, of which basic block vec-
tors are one type. Frequency vectors can represent basic blocks, branch edges, or any other type
of program related structure which provides a representative summary of a program’s behavior for
each interval of execution. We recently examined frequency vector structures other than basic block
vectors for the purpose of phase classi cation. We have looked at fre quency vectors for data, |oops,
procedures, register usage, instruction mix, and memory behavior (Lau et al., 2004). We found that
using register usage vectors, which smply counts for a given interval the number of times each
register is de ned and used, provides similar accuracy to using basic bloc k vectors. In addition, us-
ing only loop and procedure branch execution frequencies performs almost as well as using the full
basic block information. We also found, for SPEC 2000 programs, that creating frequency vectors
by including both code and data access patterns into the vectors did not improve classi cation over
just using code (Lau et al., 2004).

4.3 Basic Block Vector Difference

In order to nd patterns in a program we must rst have some way of compa ring the similarity
of two basic block vectors. The operation should take two basic block vectors and return a single
number corresponding to how similar (or different) they are.

There are several ways of measuring the similarity of two vectors, such astaking the dot product
between the vectors, nding the Euclidean (2-norm) distance of the conne cting vector, or Manhattan
(1-norm) distance of the connecting vector. The Euclidean distance has been shown to be effective
for off-line phase analysis (Sherwood et al., 2002; Perelman et al., 2003). The SimPoint approach
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we examine in this paper uses Euclidean distance as the metric for comparing basic block vectors,
sinceit is based on k-means. For on-the- y phase analysis (e.g. predicting phases during ¢ omputa-
tion), the Manhattan distance is more ef ciently implemented in hardware. It has been shown to be
useful in previous work in online phase prediction (Sherwood et al., 2003; Lau et a., 2005c¢).

4.4 Showing the Correlation Between Code Signatures and Performance

For a detailed study showing that there is a strong correlation between executed code and real
performance, please see Lau et a. (2005b). The top two graphs of Figure 2 give one illustration of
this correlation by showing the time-varying CPlI and BBV distance graphs next to each other for
gcc- 166. The top graph plots the CPI for each interval executed (at 10M interval length) showing
how the program’s CPI varies over time. Similarly, the BBV distance graph plots for each interval
the Manhattan distance of the BBV (code signature) for that interval from the whole program’s
target vector. The whole program’s target vector is a BBV that comes from viewing the whole
program as asingle interval. The same information is aso provided for gzi p in the top two graphs
of Figure 1. These graphs show that changesin CPI have corresponding changes in code signatures,
which is one indication of strong phase behavior for these applications.

These graphs show a strong correlation between code changes and CPI changes even for com-
plex programs like gcc. The graphs for gzi p show that phase behavior can be found even if the
intervals' CPls have small variance. This brings up an important point about classifying intervals
based on code similarity rather than based on similarity of CPI or some other hardware metric. As-
sume we have two intervals with different code signatures but they have very similar CPIs because
both of their working sets t completely in the cache. During a design space e xploration search,
as the cache size changes, their CPls may differ dramatically if one of them no longer tsinto the
cache. Thisiswhy it isimportant to perform the phase analysis by comparing the code signatures
independent of the underlying architecture. We have found that the BBV code signatures correctly
identify differences like these, which cannot be seen by looking at just the CPI.

4.5 Basic Block Similarity Matrix

Now that we have methods of comparing program execution intervals, we can use them for nding
phase-based behavior. A phase of program behavior can be de ne d in several ways. Past de nitions
were built around the idea of a phase being a contiguous interval of execution during which a
measured program metric isrelatively stable. We extend this notion of aphasetoinclude al similar
sections of execution regardless of temporal adjacency. Thus, a phase may appear severa timesin
the execution of a program.

A key observation from this paper is that the phase behavior seen in any program metric is a
function of the code being executed. Because of this we can use the comparison between the basic
block vectors to get an idea of how closely related any other metrics will be between those two
intervals.

To nd how all intervals of execution relate to one another we create a basic block similarity
matrix for a program/input pair. The similarity matrix is an upper-triangular n  n matrix, where
n is the number of intervalsin the program’s execution. An entry at (X;y) in the matrix represents
the Manhattan distance between the basic block vector at interval x and the basic block vector at
interval y.
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Figures 3 (Ieft and right) and 4 (left) showsthe similarity matricesfor gzi p, bzi p, and gcc using
the Manhattan distance. The diagonal of the matrix represents the program’s execution over time
from start to completion. The darker the points, the more similar the intervals are (the Manhattan
distance is closer to 0), and the lighter they are the more different they are (the Manhattan distance
is closer to the maximum value which is 2 since each vector isnormalizedtosumto1 ).

Consider the points along the matrix diagonal. The top left corner of each matrix is the start
of program execution (0;0), and the bottom right is the point (n  1;n 1) (end of execution).
Each interval is perfectly similar to itself, so the points on the diagonal are al dark. Starting from
a point on the diagonal, you can compare how its corresponding interval relates to its neighbors
forward (backward) in execution by tracing horizontally (vertically) from that point. For example,
to compare a given interval x with the interval at x+ m, start at the point (x;X) on the matrix and
trace to the right until you reach (x; x+ m).

Let us rst examine gzi p becauseit has behaviorsthat are evident at such alarge scale that they
are easy to see. An interval taken from 70 billion instructions into execution in Figure 3 (left) is
directly in the middle of alarge phase shown by the triangle of dark points that surround this point.
This meansthat thisinterval isvery similar to its neighbors both forward and backward in time. We
can also see that the intervals at 50 billion and 90 billion instructions are also very similar to the
program behavior at 70 billion instructions. While it may be hard to see in a printed version, the
intervals around 70 billion instructions are similar to the intervals around 10 billion and 30 billion
instructions, and even more similar to those around 50 and 90 billion instructions.

Overall, Figure 3 (left) shows that the phase behavior seen in the similarity matrix lines up quite
closely with the behavior of the program seen in the top graph of Figure 1, with 5 large regions of
self-similar behavior (the rst 2 being different from the last 3) each di vided by a small region of
self-similar behavior. All of the small self-similar regions are also very similar to each other.

The similarity matrix for bzi p (shown on the right of Figure 3) is very interesting. Bzi p has
complicated behavior, with two large parts to its execution: compression and decompression. This
can readily be seen in the gure as the large dark triangular and square p atches. The interesting
thing about bzi p isthat even within each of these sections of execution there is complex behavior.
This, aswill be shown later, makes the behavior of bzi p impossible to capture using only one small
contiguous section of execution.

An even more complex case for nding phase behavior is gcc, which is shown on the left of
Figure 4 ( the matrix on the right of that gure will be explained in more detail in S ection 5.1.1).
The left matrix shows that gcc does have regular behavior. Even for such a complex program, we
seethat there is common code shared between sections of execution, such asthe intervals around 13
billion instructions and 36 billion instructions. In fact the strong dark diagona line cutting through
the matrix indicates that there is large-scale repetition between the rst half an d second half of the
program. By analyzing the graph we can see that code at each interval x is very similar to interval
(x+23.6B instructions).

5. Automatically Finding Phase Behavior

In this section we describe the algorithms used to automatically detect patterns using the frequency
vectors described in the previous section.
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Figure 3: Basic block similarity matrix for the programgip-graphic (shown left) and
bzip-graphic (shown right). The diagonal of the matrix represents the program's exe-
cution from beginning to end, with units in billions of instructions. The darkemibints,
the more similar the intervals are (the Manhattan distance is closer to 0), andhtes lig
the points the more different they are (the Manhattan distance is closer to 2).

Figure 4: The original similarity matrix for the progragac-166 (left), and the similarity matrix
for the projection ofjcc-166 (right). The gure on the left uses the original basic block
vectors (each of which has over 100,000 dimensions), and uses thHealmndistance
for calculating the difference. The gure on the right uses the same batgyrojected
down to 15 dimensions, and uses the Euclidean distance for calculatingféreniik.
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