








26 Computer

as memory reference reuse latency12 or by constructing
a particular hardware state from a generic stored hard-
ware state. As an example, constructing cache state from
the state of a larger cache is both easy to do and accu-
rate.11 These recent contributions make producing both
accurate and fast results from these sampling techniques
possible.13

Uniprocessor simulation has been the target for most
of this sampled simulation research, yet little research
has been directed toward multiprocessor and multi-
threaded system simulation. Researchers must investi-
gate sampling techniques because extending the
uniprocessor’s efficient architecture and hardware state
construction techniques to multiprocessor and multi-
threaded system simulation is especially challenging.

BENCHMARKING
Ideally, a benchmark suite collectively represents the

commonly used programs in a particular application
space, such as general-purpose, online-transaction-pro-
cessing, scientific, multimedia, and embedded applica-
tions. However, as is the case for simulators, potential

problems might either limit the utility of those bench-
marks or, worse yet, result in misleading conclusions.

Representativeness and subsetting suites
The more serious of the two benchmarking problems

is the uncertainty in the representativeness of typical
benchmark suites. More specifically, while certain
benchmark suites are not necessarily more representative
than others, the representativeness of most benchmark
suites is unknown. For example, the question is not
whether the benchmarks in the Standard Performance
Evaluation Corporation (SPEC) CPU 2006 benchmark
suite—the current de facto standard for general-purpose
computing—are evenly distributed over the entire appli-
cation space or have similar characteristics. Rather, it is
that the representativeness of the SPEC CPU 2006
benchmark suite is unknown.

A related problem is the subsetting of benchmark
suites for simulation. The key questions are not whether
researchers are subsetting benchmark suites or whether
they should be subsetted, but rather are they subsetting
benchmarks in a justifiable way, is the resulting subset
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Sampling is an established method for representing a data
set using a fraction of the data. A sample is a contiguous
interval of dynamic instructions during program execution.

Sampling techniques are split into two general types—
statistical sampling and representative sampling. Statistical
sampling samples the execution in a random or systematic
pattern without special consideration of the sample selec-
tion. Representative sampling involves carefully choosing
samples to uniquely represent repetitive patterns in a pro-
gram’s execution.

Statistical sampling
Computer architecture researchers have proposed sev-

eral different sampling techniques to estimate a program’s
behavior. Statistical sampling has a rigorous mathematical
foundation based on the central limit theorem.

Subhasis Laha and colleagues1 introduced the use of ran-
dom sampling to evaluate cache memory performance.They
compared the sampled mean’s accuracy and examined the
distribution of random sampling to show that it matched
that of the real trace.

Thomas Conte2 pioneered the use of statistical sampling
in processor simulation. He applied sampling methods to
cache and instruction traces with good accuracy. In more
recent work, Conte and colleagues3 provided a framework
that took random samples from the execution.They com-

puted the samples’ statistical metrics such as standard devi-
ation, probabilistic error, and confidence bounds to predict
the estimated results’ accuracy, and statistically analyzed the
metric of interest such as instructions per cycle.

Conte and colleagues specified two sources of error in
their sampling technique—nonsampling bias and sampling
bias. Nonsampling bias results from improperly warming up
the processor. Sampling bias, on the other hand, is fundamen-
tal to the samples, since it quantifies how accurately the
sample average represents the overall average.Two major
parameters influence this error—the number of samples and
the size of each sample in instructions.

The sample size in processor simulation is the number of
dynamic instructions that a sample encompasses.The smaller
the sample size, the faster the potential simulation time, but
this comes at the cost of increased overhead and complexity
because of the need for accurate sample warm-up.4

To determine the amount of samples to take, the user
determines a particular accuracy level for estimating the
metric of interest. The benchmark is then simulated and N
samples are collected, N being an initial value for the num-
ber of samples. Error and confidence bounds are com-
puted for the samples, and, if they satisfy the accuracy
limit, this estimate is good. Otherwise, more samples (> N)
must be collected, and the error and confidence bounds
must be recomputed for each collected sample set until
the accuracy threshold is satisfied. The SMARTS5 frame-
work proposes an automated approach for applying this
sampling technique.
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However, due to the tremendous speed difference
between native execution and simulation, simulating a
complete benchmark takes several orders of magnitude
longer than hardware execution, which makes simulating
the entire benchmark suite impossible for most studies.
On the other hand, some benchmarks might be too abbre-
viated if they exclude the initialization and clean-up sec-
tions of the code, and it is important
to have representative samples from
all phases of a program’s execution.

To reduce the simulation time of
industry-standard benchmarks to a
tractable level, we again recommend
using sampling-based techniques
such as SimPoint and SMARTS.

SIMULATION METHODOLOGY
Broadly, simulation methodology

is defined as the specific steps of set-
ting up and running simulations, and then analyzing 
the results. Using poor simulation methodology might
affect simulation results or limit the insight gained from
simulations.

Ad hoc simulation
The first problem with current simulation methodology

is often ad hoc simulation. For example, when evaluating
the efficacy of a processor enhancement, the architecture
researcher must choose processor and memory parame-
ters to configure the simulator, select a subset of bench-
marks, use a reduced-time simulation technique to
minimize the overall simulation time, and analyze the rea-
sons for any observed improvements. At best, however,
researchers typically neglect to describe the justification
for these decisions or state their underlying assumptions;
at worst, they choose parameters and a subset of bench-
marks haphazardly or do not characterize their results in
a systematic or statistically rigorous manner. 

In addition to having the potential of significantly
skewing the simulation results—for example, by choos-
ing a poor set of parameters—ad hoc simulation
methodology might also obscure important conclusions.
In a similar vein, inadequately documenting or justify-
ing the simulation methodology makes independent
replication of simulation results—and improvements to
the original work—difficult, if not impossible.

To address the problem of ad hoc simulation method-
ology, computer architecture researchers must add more
scientific rigor to their studies. In particular, the two spe-
cific recommendations are to comprehensively docu-
ment and justify the simulation methodology and to
make it more statistically rigorous.  Carefully docu-
menting the simulation methodology ensures repro-
ducibility of results, and providing justification for the
choices offers additional insight into the researcher’s
thought processes.

Further, by incorporating statistical rigor into simu-
lation methodology, the researcher can run simulations
efficiently, reduce the errors in the simulation method-
ology, and gain insight into the behavior of the proces-
sor enhancement being evaluated. Researchers are
developing more statistically rigorous approaches to
choosing processor and memory parameters, efficiently

reducing the design space, charac-
terizing and classifying benchmarks,
and analyzing the effects of enhance-
ments.14,15

Simulation workloads
Researchers often use a wide range

of processor and memory subsystem
configurations for their simulations.
Consequently, the large number of
benchmarks, data sets, simulation
techniques such as truncated execu-

tion and reduced input sets, and benchmark suite sub-
setting techniques lead to wide variation in the workloads
that architecture researchers use for their simulations.
Regardless of whether the processor and memory con-
figurations are “realistic” or if the researcher selects the
most “appropriate” workload, directly comparing the
results from two different simulation studies is difficult
when using a wide range of configurations and work-
loads. Therefore, reproducibility and comparability are
key problems with current simulation methodology.

To address these issues, the research community must
try to achieve consensus on well-balanced processor and
memory hierarchy configurations, common subsets of
benchmarks, and common data sets. In addition, mak-
ing available checkpoints and traces of benchmark exe-
cution ensures that the same application-level behavior
occurs during simulation for reproducible results.7

However, it is important to include future applications
in the subset of benchmarks to ensure that future appli-
cation characteristics are well represented.

C urrently, simulation is the approach of choice for
quantitatively evaluating computer architecture
performance. However, problems with the current

simulation infrastructure, benchmarking, and simulation
methodology can affect simulation accuracy or the time
required for simulation, which might potentially affect
the conclusions drawn.

We make five key recommendations. First, the state of
simulation technology must improve further to allow for
efficient multiprocessor and multithreaded simulation and
the simulation of popular operating systems and applica-
tions. Second, researchers must propose more efficient
simulation methods and continue to extend sampling-
based simulation techniques for multiprocessor and mul-
tithreaded simulations. Third, architects should use
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