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Abstract

Detailed cycle-accurate simulation is a critical component of pro-
cessor design. However, with the increasing complexity of mod-
ern processors and application workloads, full detailed simulation
is prohibitively slow and thereby severely limits design space ex-
ploration. Sampled simulation techniques eliminate the need for
full simulation by simulating in detail a very small but represen-
tative subset of a target application’s overall execution. Two ef-
fective and accurate sampling techniques are phase-based simula-
tion and small-sample simulation. Both of these techniques have
been adopted by the architecture design and simulation commu-
nities for research. However, both techniques were derived using
a single benchmark evaluation suite and promote the same sam-
pling method for all applications. Alternatively, an execution-aware
sampling-based simulation technique can adapt during execution
characteristics of the individual application being simulated and
achieve the most efficient and accurate simulation acceleration.

To evaluate the impact of application characteristics on simula-
tion approaches, we compare several simulation techniques using
the Spec2000 benchmark suite. Our results yield key conclusions
about combining the strengths of previous simulation techniques
into a single approach: (PGSS) Phase-Guided Small-Sample Sim-
ulation. PGSS adapts sampling to the characteristics of the applica-
tion, thereby achieving high sampling accuracy and requiring an or-
der of magnitude less detailed simulation time than previous tech-
niques.

1. Introduction

Cycle-accurate architectural simulation is a vital tool in exploring
potential designs of modern processors. However, as processor de-
signs become more complex, modeling and simulation become pro-
gressively slower. Detailed architectural simulation remains several
orders of magnitude slower than native execution despite gains in
processor performance. This problem is further compounded by the
emergence of the ever larger and more complex benchmarks, such
as the Spec2006 suite ([14]). A full, detailed, cycle-accurate sim-
ulation of a modern benchmark suite on even a small number of
potential processor alternatives can require months of simulation
time.

One approach to remedying reducing simulation time is to use
sampled simulation, where only a very small, but representative,
portion of a benchmark is simulated in detail. Results from these
samples are then extrapolated to estimate performance or other
design information for the entire execution of evaluated applica-
tion. Two sampling methodologies, SMARTS ([16]) and SimPoint
([11]) are commonly used for exploring architecture designs that
have gained wide acceptance in the simulation community. Fig-
ure 1 illustrates the overall operation of the SMARTS and Sim-
Points techniques in addition to Phase-Guided, Small Sample Sim-
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Figure 1. Illustration of SMARTS, SimPoints, and Phase-Guided,
Small-Sample Simulation. SMARTS takes small, periodic samples
regardless of phase. SimPoints takes a single, large sample in each
phase. PGSS-Sim uses phase information to determine where small
samples should be taken, thereby reducing the amount of detailed
simulation.
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ulation or PGSS-Sim technique proposed in this paper. As illus-
trated, SMARTS relies on very short periodic samples across the
whole execution of a program. Conversely, SimPoints uses a longer
representative sample of detailed simulation but only in each dis-
tinct application phase. PGSS-Sim combines these techniques by
using phase information to guide when small samples are taken.
This results in a technique which avoids the short-comings of both
SMARTS and SimPoint while capitalizing on their strengths.

Although both SMARTS and SimPoints methods have been in-
dependently shown to be accurate and effective ([18]), both gener-
ate a single model used by all benchmarks being simulated. As both
techniques were derived during the same time frame using the same
benchmark suite, it is important to identify whether the simulation
conclusions are specific to a set of applications. Previous work [19]
demonstrated a similar concept of drift of characteristics that oc-
curs between different generations of compilers and benchmarks.
Thus the inherent characteristics of applications and their influence
on simulation techniques is important to identifying robust simula-
tion methods.

In this paper, the strengths of both approaches are combined
into a technique called Phase-Guided, Small-Sample Simulation or
PGSS-Sim. By tracking phase behavior during simulation, intelli-
gent decisions can be made as to where to perform short periods
of detailed simulation. Run-time phase change detection avoids
the necessity of static binaries and limitations of clustering that
limit SimPoints and takes into account the phase behaviors which



SMARTS ignores. Overall, the new PGSS phase detection proper-
ties greatly reduce the amount of detailed simulation needed over
either technique by over an order of magnitude.

The remainder of the paper is organized as follows. Section 3
explains in detail the PGSS-Sim technique and compares it to
existing techniques. Section 4 goes into detail as to what constitutes
a new phase change in PGSS. Section 5 compares the results from
PGSS against previous sampling methods. Section 6 compares the
simulation times of the tested techniques and, finally, Section 7
outlines conclusions and future work.

2. Background and Motivation
2.1 SimPoints: Simulation Sampling

The SimPoints system ([6, 4, 7, 10, 11]) exploits the repetitive na-
ture of most programs to find representative samples of program
execution. Most programs exhibit a small number of unique behav-
iors called phases. SimPoints works by finding the contribution of
each phase to the overall program performance and a representative
sample from each phase to be simulated in detail. Figure 1 demon-
strates the SimPoints approach by showing a single interval of de-
tailed simulation for each of the identified program phases 1,2,3,
and 4.

SimPoints identifies phases by gathering performance data with
respect to the execution of program code points through the Basic
Block Vector or BBV. Frequency counters for each program basic
block track the execution of the functional simulation of a program.
A hardware implementation [8] was also proposed to collect BBV
information for real hardware systems. SimPoints uses a clustering
algorithm to group clusters of BBVs with similar sample behavior
and partitions the benchmark execution into phases based on the
clusters. The simulation sample closest to the center of the cluster
is used to represent the entire phase and is simulated in detail.
Estimating overall program performance is then simply a matter of
calculating a weighted sum of the performance of each simulation
point multiplied by the contribution of that phase.

The SimPoints system has two underlying limitations. First,
SimPoints requires that the BBV be collected for the entire exe-
cution of a program. This requirement means that the BBV data
collection and clustering analysis must be repeated for each version
of a program as well as each input variation to the program. Sec-
ond, the computational complexity and high memory demands of
most clustering algorithms limits the number of BBVs that can be
collected for a given binary. For example, for the iterative k-means
clustering algorithm used by SimPoints, each sample must be com-
pared to each cluster during each iteration, which scales linearly,
but the number of iterations needed to reach a stable clustering also
increases. A more indirect effect is that since each sample is com-
pared to the clusters with each iteration, they all must be kept as
high as possible in the memory hierarchy. A clustering of millions
of samples will easily overrun even the largest of cache hierarchies.
As such, phase behavior cannot be examined at a very fine granu-
larity as it would produce an prohibitive number of BBVs to be
clustered. Additionally, larger workloads, such as Spec2006, cre-
ate millions of BBVs even at relatively coarse granularity. Thus for
larger workloads the SimPoints clustering process is prohibitively
slow.

Since SimPoints relies on clustering, there is a limitation in how
small the samples can be. By using large samples, fine-grained be-
haviors can easily be missed by a SimPoints type analysis. Figure
2 illustrates the IPC versus completed operations of the Spec2000
benchmark /64.gzip in a simulated environment. The IPC is mea-
sured over periods ranging from one hundred thousand to one hun-
dred million operations. Although the benchmark shows periods of
wild variations in IPC at very small measurement periods, this be-
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Figure 2. IPC versus Completed instructions for 164.gzip for dif-
ferent sampling periods. For clarity only the first 500 million in-
structions are shown.

havior is averaged out, and therefore invisible when the sampling
period is large. The very methodology used specifically to identify
and isolate program phases makes it impossible to identify recog-
nize fine-grained phases. Additionally, the detailed simulation of a
phase must capture the invisible, finer-grained behaviors so that it is
necessary to simulate a large number of instructions in each phase
in order to gain an accurate picture of the behavior or behaviors of
within that phase.

2.2 SMARTS: Small-Sample Simulation

Small-sample simulation was first proposed in [2] and was ex-
panded in the SMARTS system ([16]). Very short, periodic sam-
ples of detailed simulation on the order of a thousand instructions
are interleaved with longer periods, on the order of one million in-
structions, of functional simulation of the processor core. Figure 1
demonstrates the many small samples of SMARTS, uniformly oc-
curring over the program simulation. Within SMARTS, a fast mode
of simulation is used to keep the long-lifetime cache and branch-
predictors warm. Additionally, each detailed simulation period is
immediately preceded by an interval of three or four thousand in-
structions of detailed simulation in which statistics are not mea-
sured. This pre-sample simulation is used to warm up short-lifetime
structures of the processor and greatly reduces the amount of over-
all detailed simulation needed. By taking a very large number of
samples and looking at the variation among them, it is possible
to statistically estimate the error induced by the sampling process.
In fact, by using checkpoints and simulating samples in a random
order, it is possible to estimate the overall performance within sta-
tistical confidence bounds by detailed simulation of only a small
number of the samples ([15]).

The fundamental weakness of the SMARTS system is that it ig-
nores program phase. SMARTS assumes that performance during
the detailed simulation is representative of the entire fast forward-
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Figure 3. IPC versus time and distribution of IPC on a Pentium-4 execution of 168.wupwise. For clarity, only the first 120 billion cycles of
execution are shown, but the distribution is for the entire execution of approximately 420 billion cycles.

ing period. If the detailed simulation occurs immediately before
a phase change, the sample will not be representative of a duration
since it reflects a transition time. SMARTS works around this prob-
lem by taking samples very frequently and, as such, collects a very
large number of samples. The statistical analysis used to determine
the confidence intervals assumes that the population of samples is
unimodal. That is, the samples follow a Gaussian distribution cen-
tered around a single value. As most programs exhibit phases, the
distribution of samples typically follows a polymodal distribution
around one value for each phase. Figure 3 illustrates this behavior
through time-variant but repetitive nature of the Spec2000 bench-
mark /68.wupwise. Included with the time variation of IPC is The
distribution of the approximate number of cycles spent in each IPC
bin. The results clearly show a non-Gaussian distribution of IPC.
By assuming that the distribution is a single Gaussian, perfor-
mance variation is overestimated. If a small, randomly-chosen set
of the samples is used to estimate performance, a larger number of
samples would be needed to meet confidence bounds because the
variations between samples looks very large. Additionally, in this
benchmark or any benchmark which shows wide variations in per-
formance, phases that show very different performance may be over
represented or not represented at all in a random sampling, lead-
ing to inaccurate results even if confidence bounds had been met.
However, if phase behavior is considered, only a very small number
of samples are needed from each phase to characterize that phase.
The total number of samples needed across all phases is likely to be
less than the number needed without phase distinction. It has been
shown in [17] that by taking phase behavior into account in the
SMARTS system, the number of samples needed can be reduced
by over forty times over full SMARTS simulation. However, this
work also points out the limitations of clustering that make it im-

possible to select proper samples at the fine granularity needed for
SMARTS.

3. Methodology

Phase-Guided, Small-Sample Simulation brings together the strengths
of the SMARTS ([16]) and the SimPoints ([11]) methodologies.
SMARTS takes periodic, short samples without any regard to
phase. SimPoints is based solely on phase data, but because of
the need for offline data clustering, is limited to a very coarse gran-
ularity. By combining the techniques of SMARTS with those used
in [12] for determining phase in order to guide run-time optimiza-
tions, it is possible to improve upon both techniques.

In [12], Sherwood et al. proposed hardware for tracking ba-
sic block execution frequencies in real time. This hardware tracks
program phases at very large time scales as execution occurs.
This technique avoids the troublesome limitations of clustering in
SimPoints-style phase analysis and eliminates the need for offline
analysis all together. Although the authors intended their ideas to
be implemented in hardware and be used at a very coarse granular-
ity on the order of one hundred million operations per sample, it is
very easy to implement the algorithm in software and use it to track
phase behaviors at a much finer granularity. We propose using the
BBV information to guide a SMARTS style sampling method in
PGSS-Sim.

Figure 4 illustrates the basic block frequency algorithm. Ev-
ery time that a taken branch is encountered, the address of the
branch and the number of retired operations since the last com-
pleted branch are recorded. The branch address is sent through a
hash function which simply selects five bits from the address and
concatenates them into an index for a register file. The five bits
are chosen at random, but remain constant throughout the simula-
tion. The entry at that index is then incremented by the number of
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Figure 4. A hardware illustration of the algorithm used to track
phase changes in Phase-Guided, Small-Sample Simulation. When
a taken branch is encountered, five random bits from the address
are taken from the branch’s address (the hash block) and used to
address into a small register file. The register is incremented by the
number of completed operations since the last taken branch.

retired operations. After each sampling period, the data in the reg-
isters are compiled into a BBV. The BBV is then compared against
the data from previous samples to see if it has similar execution
patterns to previous samples, that is, is it in the same phase. The
data is normalized so that the vector has a L2-norm of one. The
vectors can then be compared using a simple dot product which
will yield the cosine of the angle between them. This avoids the
problems of slightly different length samples and having to find ab-
solute differences as in the Manhattan distances used in SimPoints.
The threshold can be left in terms of the cosine of the angle as the
angle cannot be more than 7 and therefore, there is a one-to-one
correlation between the angle and the cosine of the angle. Thresh-
old determination is a very important aspect of phase detection as
the threshold must be customized for each evaluated program. Sec-
tion 4 explores the evaluation of phase threshold in the PGSS-Sim
system.

Figure 5 illustrates the overall process of PGSS-Sim. The de-
tailed warm-up and simulation occur just as they do in SMARTS.
The only differences in the fast-forwarding step are that its length
is shorter (one hundred thousand instructions rather than one mil-
lion) and that the basic block frequencies are estimated as described
above. The shorter fast forwarding periods allow for detection of
very fine-grained phase information. The BBV is first compared to
the last BBV since it is most likely that no phase change occurred.
If the change in BBV is below some threshold, the performance and
BBV data are added to the current phase’s profile. If not, the BBV
is compared against all phases encountered to see if it falls within
the threshold value of any previous phase. If it does not match a
previous phase, a new phase is created. The next step is to see if
the collected data from the phase falls within confidence bounds
and detailed simulation of that phase can stop. Detailed simulation
is skipped and another fast-forwarding period is started. If further
data is needed on the phase, there is a check if the last detailed
sample in this phase occurred within the last million instructions.
This check aims to spread the samples across the occurrences of
the phase in order to capture any temporal variation.
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Figure 5. A flow chart of the PGSS-Sim technique. The detailed
warm-up and simulation follow the SMARTS methodology. The
one addition to the fast-forwarding technique is that basic-block
information is recorded.

PGSS-Sim most closely resembles the work of Pereira et al.
([9]) in which BBV are tracked on-line for creating traces for em-
bedded systems. The important difference is that phase behavior
is tracked on a coarser granularity and only one, large sample is
taken for each phase. Thus the phase change of the program must
be predicted. Although simple models have been shown effective in
predicting phase change, the process of detecting phases changes
often requires detailed simulation of architecture components, thus
requiring simulation overhead. Nevertheless, accurate phase detec-
tion is necessary to avoid long sampling periods in which phase
intervals may have passed by the time thet are detected. Further, be-
cause detailed trace generation is done for a large period of millions
of instructions, phase detection can incur large overhead if per-



formed each time a sample is taken. If a new phase is predicted but
does not occur, overhead is incurred without reward. Since PGSS-
Sim tracks BBV behavior at a very small granularity, it is possible
to respond to phase changes very quickly.

The operation of PGSS-Sim is illustrated in Figure 1 and of-
fers several advantages over prior techniques. First, since only a
very small amount of detailed execution are simulated at each sam-
ple, even if a sample is taken unnecessarily in a phase which has
already been characterized, only a very small overhead is paid.
Second, PGSS-Sim requires no complex phase prediction model.
Additionally, the prior work assumes that the first occurrence of a
given phase is representative of the phase a whole. However, it is
very possible that the first occurrence of a phase is subject to warm-
ing effects and therefore not be highly representative of the phase.
In contrast, PGSS-Sim takes many samples throughout the occur-
rences of a phase to reduce this potential source of error. Finally,
the prior work, much as the offline SimPoints methodology, uses
the same amount of detailed simulation for each phase regardless of
how often the phase occurs or how stable the phase’s performance.
PGSS-Sim automatically takes more samples in phases which oc-
cur a great deal or have a high amount of variance in performance
and fewer samples in phases which are rarer or more stable. As
such, PGSS-Sim outperforms prior work in terms of accuracy and
requires significantly less detailed simulation as demonstrated in
Section 5.

4. Determining a Phase Threshold

The most difficult and important consideration for the PGSS-Sim
technique is where to set the BBV difference threshold. The thresh-
old must be set so any change above the threshold corresponds to a
significant change in performance and at the same time BBV differ-
ences below the threshold correspond to very similar performance.
Having an absolute IPC change threshold makes comparisons be-
tween benchmarks impossible. An IPC change of .1 is fairly in-
significant for a program with an IPC of 2.5, but is quite significant
if the IPC is .5. Similarly, a percent change is difficult to charac-
terize as it tends to over emphasize low IPC periods. For instance,
if a program goes through a period of very low IPC, it will likely
show large percentage swings in IPC in percentage terms even if the
performance is relatively stable. In order to compare data between
benchmarks, all IPC changes are compared to the standard devia-
tion of all samples across the benchmark illustrating the percentage
of the total variation across the benchmark.

The changes between consecutive samples can be plotted on a
simple two-dimensional graph where the X-axis corresponds to the
change in BBV, expressed as an angle, and the Y-axis corresponds
to the absolute change in IPC. The graph can be segmented first
into two horizontal regions, one corresponding to IPC changes of
interest and one to low IPC changes. Similarly, the graph can be
segmented vertically into samples with BBV changes above and
below the threshold. This is illustrated in Figure 6. The graph is
divided into four regions. The goal is to decide on a BBV threshold
that maximizes the number of samples which fall into the regions of
detected phase changes (Region 2 in the figure) and small changes
which are not above the threshold (Region 3 in the figure). At the
same time, the number of samples which are undetected changes
(Region 1) and false positives (Region 4) must be minimized.

Figure 7 shows the distribution of one-hundred thousand in-
struction samples for ten of the Spec2000 benchmarks. The shade
of each point indicates the percentage of samples which demon-
strated that level of BBV change and that level of IPC change. For
each benchmark, the IPC change is measured versus the standard
deviation across all samples so that samples can be meaningfully
compared against data from other benchmarks. All benchmarks are
weighted equally so shorter benchmarks are equally weighted to
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Figure 6. An illustration of how a given sample can be treated de-
pending on what basic-block vector and IPC changes are consid-
ered to be significant.

longer benchmarks. It is evident from this graph that BBV changes
greater than approximately .057 radians typically correspond to a
large change in IPC for the included benchmarks.

Another view of this data is shown in Figure 8. The graphs
show what percentage of changes of various IPC levels are detected
for various thresholds. In terms of Figures 6 and 7, this is the
number of samples in Region 2 divided by the sum of the number
of samples in regions 1 and 2. As expected, there is a knee in the
curve around .057 radians. Performance is better for larger IPC
changes because small IPC changes often correspond to very small
changes in BBV which may be very subtle phase changes or simply
variations within a phase.

Figure 9 illustrates the percentage of detected phase changes
which did not correspond to a large change in IPC. In Figure 6,
this would be the number of samples in Region 4 divided by the
number of samples in Region 2 and Region 4 combined. False
positives are detrimental because they cause excess samples to
be taken by creating a new phase where there is no difference in
performance. False positives should be minimized by setting the
threshold as high as possible, but not at the expense of missing
important performance changes.

Although general conclusions about the effectiveness of differ-
ent thresholds can be gained by looking at data in a larger con-
text, the direct effects must also be investigated. The effectiveness
of PGSS-Sim at reducing the amount of detailed simulation will
be dependent on how many unique phases are detected, the sta-
bility of each phase, and how often phase transitions occur. Fig-
ure 10 illustrates these statistics for different thresholds for the
Spec2000 benchmark 300.twolf. The standard deviation of all sam-
ples of 300.twolf is very small (.055) and 300.twolf has fairly weak
phase behavior, especially at coarse granularity. However, at a fine
granularity, 300.twolf shows periodic, short periods of abnormally
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Figure 7. A two-dimensional distribution plot of IPC and basic-
block vector changes between 100,000 operation samples across
10 Spec2000 Benchmarks.

high and low performance. The number of detected phases quickly
drops as the threshold increases, but the variation in each phase
raises quickly. Clearly the choice of threshold will have a large ef-
fect on the effectiveness of PGSS-Sim at both reducing the amount
of detailed simulation and producing accurate results.

Threshold (* pi)

Figure 8. The percentage distribution of significant IPC changes
detected for different basic-block vector changes.

5. Results

Ten of the Spec2000 [13] benchmarks were tested with PGSS sim-
ulation with various parameter values. The first reference input was
used for each benchmark. Additionally, the SimPoints ([3]), an on-
line SimPoints variation ([9]), SMARTS ([16]), and TurboSmarts
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Figure 9. The percentage distribution of detected phase changes
that are false positives for various threshold levels.

([15]) systems were tested for comparison. The simulation environ-
ment used is based on the IMPACT compiler tool chain ([1]). The
processor simulated is a 4-wide issue, super-scaler, in order pro-
cessor. This is attached to a two-level cache hierarchy consisting of
a split first level (4-way associative, 64-kilobyte each for data and
instruction) and a 1 megabyte unified Level2 cache. Although only
one core was used in this experiment, this is meant to be roughly
representative of a single core on a modern chip multiprocessor
(CMP) system.

The performance of PGSS simulation is highly dependent on the
values of certain parameters. The most important is the value of the
BBYV threshold, as discussed in Section 4, and the sampling period
of the BBV. Figure 11 illustrates the sampling error for the ten
tested benchmarks for various combinations of these parameters.
The accuracy of PGSS-Sim varies widely between benchmarks and
with changes in the parameters. Overall, PGSS-Sim needs long,
stable phase intervals to be effective. This is dependent on both
the nature of the program and how the phases are measured. When
the BBV sampling is too short or the threshold value too low, the
phase changes occurs too frequently and there are too many phases
to accurately characterize, as many phases will only have a very
small number of samples taken in them. If the threshold is too
high, changes in performance may not be captured by the changing
phase. If the sampling period is too long, then fine-grained phase
behavior may become averaged out and mixed in with surrounding
phases.

The difficult factor in setting these parameters is that they ef-
fect different benchmarks by unequal amounts. Although each
benchmark performed best with a different set of parameters, us-
ing a sampling period of one million instructions coupled with a
tight threshold of .057 yielded the best overall results. Conversely,
sampling of the benchmarks 7/79.art and 181.mcf performed very
poorly at short BBV sampling periods. First, both benchmarks have
very low IPC which inflated the error number when measured in
percentage terms. Second, both exhibit high frequency variations
in performance on the order of forty to fifty thousand operations.
Since these behaviors are in no way synchronized with the BBV
sampling, at high sampling frequencies, they tend to occur over
two sampling periods. This means that many periods consist of
two or three unique behaviors in different amounts. Even if another
period encompasses the same micro-phases, it will likely contain

different amounts of them, as such, be characterized differently.
More alarmingly, the detailed simulation taken at the beginning of
the sampling period will not be indicative the period as a whole.
On the other hand, if a larger period is used, a more coarse-grained
picture is obtained where each period contains these small-scale
behaviors at the same proportion as other periods and as the larger
program interval. Although the small samples taken at the begin-
ning are still not necessarily representative, as many of periods are
grouped together into a phase, the constituent behaviors are rep-
resented in proportion and a more accurate picture of the phase is
acquired.

The effectiveness of PGSS-Sim compares very well with other
prevailing sampling techniques. The results are illustrated in Fig-
ure 12. The first technique tested is based on SMARTS ([16]). This
is a very simple technique in that it relies only on periodic sam-
ples evenly spaced across the benchmark. Despite it’s simplicity, it
is very accurate, estimating the performance of most of the bench-
marks tested within two percent accuracy. The trade off SMARTS
makes however is that it uses a large number of samples. The Tur-
boSMARTS ([15]) extension to SMARTS specifically addresses
this issue by testing samples in a random order until they con-
verge within certain statistical error bounds. The bounds used in
this experiment were 3% accuracy with 99.7 confidence. However,
this assumes a Gaussian distribution of samples, which is not the
case with most programs. As such, the absolute error typically falls
well outside these bounds, as it did in most of our experiments.
In counting the amount of detailed simulation used for SMARTS,
TurboSMARTS, and PGSS-Sim, the number of instructions exe-
cuted in detailed warming and detailed simulation were counted.
This was done because detailed warming is necessary before each
sample and is just as slow as detailed simulation. This totals ap-
proximately four thousand instructions per sample.

The SimPoints ([3]) methodology was tested by performing an
off-line clustering of the reduced BBV data from PGSS simula-
tion. Different sampling periods of one, ten, and one hundred mil-
lion instructions were tested and clusterings of five, ten, and twenty
clusters were tested for each sample size. Additionally, thirty clus-
ters of ten million instruction samples and three hundred clusters of
one million instructions were tried for a total of eleven tests of each
benchmark. Shown in Figure 12 are the sampling error for both the
best clustering of each benchmark and the best-performing cluster-
ing overall (ten clusters and a sample size of one hundred million
instructions). Since SimPoints details one period from each phase,
the amount of detailed simulation is simply the sample size times
the number of phases. Like SMARTS, SimPoints demonstrated ex-
tremely accurate sampling, but also required a very large amount of
detailed simulation. An online version of SimPoints as outlined in
[9] was also tested for various thresholds and sample sizes. For sim-
plicity, a perfect phase predictor was simulated, that is, the phase
profile was known prior to the actual simulation. Shown are both
the overall best configuration (a sample size of one hundred mil-
lion instructions and a threshold of .17) and the average of the best
performing configuration for each benchmark is shown.

For PGSS-Sim, all of the tests from Figure 11 were compared
to the SMARTS and SimPoints results. Shown in Figure 12 are
the best configuration for each benchmark as well as the best per-
forming overall configuration (a sample size of one million instruc-
tions and a threshold of .057). Although the accuracy numbers of
PGSS are not as good as SMARTS or SimPoints, they are still
very good and outperform TurboSMARTS. Additionally, PGSS-
Sim achieves this accuracy with significantly less detailed simu-
lation than TurboSMARTS, approximately an order of magnitude
less than SMARTS, and two to three orders of magnitude less than
SimPoints for both the online and offline phase analysis.
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6. Simulation Time

An important aspect of the performance of a sampling methodol-
ogy is the reduction in simulation time. For PGSS-Sim, there are
two factors which determine this performance. First, the overhead
of the BBV tracking and second, the reduction in detailed simula-
tion. As was seen in Figure 12, PGSS-Sim has at least an eight-fold
reduction in detailed simulation over any of the other techniques
tested. With regards to overhead, tracking of BBV data has a min-
imal impact on both detailed simulation, warming, and functional
fast-forwarding. Functional fast-forwarding is non-cycle-accurate
simulation which still keeps the cache hierarchy and branch pre-
dictors warm, which is necessary for SMARTS and PGSS-Sim.
For functional fast-forwarding, no reduction in simulation time was
observed. Because functional fast-forwarding tracks branch behav-
ior in order to keep branch predictors warm, the added overhead
of tracking them for BBV calculations is negligible. Similarly, the
overhead for detailed warming and simulation was approximately
one percent, which is well within the run-to-run noise in simulation
rates. The exact simulation rates for the various levels of simulation
the overall simulation times for the tested techniques are shown in
Figure 13. In the figure, no checkpointing effects are taken into
consideration. That is, it is assumed that no previous analysis of
the benchmark has taken place. By using checkpointing in with a
consistent binary, it would be possible to eliminated the need for
fast forwarding in each of the techniques. Checkpoints for small-
sample simultaion can be made very small so that a very large
nubmer can be stored as was demonstrated in [15]. Although the
overhead of loading checkpoints would still be present, overall the
simulation time would be dominated by detailed simulation, where
PGSS-Sim excels. In our simulator, PGSS-Sim requires only about
three hundred, eighty seconds in total combined detailed warming
and simulation time for the entirity of the ten benchmarks tested.

The reason why PGSS-Sim does not show very large simula-
tion time advantages over the other techniques is the nature of our
simulator. Fast-forwarding is only approximately four times faster
than detailed simulation in our simulator. Two reasons exist for this.
First, the simulator is execution driven on a non-native language
meaning that our functional simulator is necessarily slow. Second,
our detailed simulator is highly optimized and comparatively sim-
ple due to its RISC architecture and in-order design. In most simu-
lators, there is a much wider disparity in performance between pure
functional and detailed, cycle-accurate simulation meaning that re-
ductions in detailed simulation will have a much larger effect on
overall simulation time.

7. Conclusions and Future Work

By taking simulation-time phase information into account to guide
small-sample simulation, it is possible to use a very small amount
of detailed simulation to represent an entire program. PGSS-Sim
requires the detailed simulation of an order of magnitude fewer in-
structions than SMARTS and two orders of magnitude less than
SimPoints. Additionally, PGSS-Sim requires less detailed simula-
tion and is more accurate than TurboSMARTS. These promising re-
sults open up several avenues of continued research. The livepoints
used in [15] could easily be used accelerate PGSS. Work is ongoing
to extend PGSS to multithreaded and multicore processors. Since
the optimal parameters for PGSS-Sim vary between benchmarks,
these parameters must be automatically adjusted to each bench-
mark either in some sort of offline analysis of the benchmark or
ideally, the algorithm would adapt at runtime to program charac-
teristics. More accurately tracking exact phase transition points, as
was proposed in [5], would both increase accuracy and reduce sim-
ulation time by more accurately capturing phase behavior. Finally,
refinement of the technique would allow PGSS to match or at least
approach the accuracy of SMARTS and SimPoints.
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