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Abstract

Due to growing complexity and costs of hardware systems, computer architects traditionally rely on

software simulation to evaluate new designs. Although software simulation excels in convenience and

flexibility, it suffers from prohibitively long turnaround time. Researchers are constantly searching for

methods to accelerate software simulations. SMARTS is a framework that uses rigorous statistical sam-

pling to accelerate simulation time without sacrificing accuracy. Its turnaround time is limited by the speed

of the functional warming mode, which updates architectural state and select microarchitectural structures.

This paper presents direct warming as an efficient technique for accelerating functional warming.

Direct warming extends direct execution, in which the simulated program code is executed natively on the

host machine hardware rather than through emulation. To achieve identical simulation behavior to func-

tional warming, direct warming integrates instrumentation code for record generation into the direct execu-

tion code. In this paper, we investigate and analyze several implementation alternatives to maximize the

performance of direct warming by evaluating a collection of benchmarks on the RSIM simulator. On aver-

age, Direct SMARTS achieves a 96x speedup over full detailed simulation, with a maximum speedup of

134x. In addition, with the Direct SMARTS framework, we achieve an average error of 0.4%, with an

upper bound of 0.7%.
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1 Introduction

Software simulation is necessary for microprocessor system design and analysis. Not only does soft-

ware allow for the easy implementation of new ideas, but it facilitates the testing of new designs on many

different configurations. Many times, a simple change in the configuration file or the initialization of a

variable to a different value is sufficient. Unfortunately, the drawback to this design methodology is that

simulation with software is orders of magnitude slower than the native runtime of the program on the

actual hardware systems. The more detailed and accurate the simulator, the longer the total simulation time

compared to native execution. With the complexity of current microprocessors growing dramatically and

the instruction counts of common benchmark suites increasing with each new release, the execution time

for accurate simulation of these microprocessors becomes progressively longer. It has become impractical

to run full detailed simulations on the benchmark suites to model newly developed designs. Depending on

the scale of the tested benchmarks, researchers can spend days and even weeks waiting for simulations to

conclude.

As a result, researchers are constantly attempting to find alternative methods to shorten the runtimes of

their software simulations. These methods, which include using truncated simulation runs and input sets

that allow for smaller memory footprints, often lead to inaccurate measurements and misrepresented con-

clusions about the tested design [9]. Recently, proposals utilizing either statistical or trace-driven tech-

niques have been introduced [3][12][15][7]. These techniques use functional simulation to skip to

strategically chosen sections, or "sampling units," of the benchmark for measurements. Functional simula-

tion emulates program behavior by updating the architectural state of the simulator and only necessary

microarchitecture structures. By performing detailed simulation only on the chosen sampling units,

researchers can reduce runtime considerably, while maintaining measurement accuracy. One techilique,

called the Sanapling Microarchitecture Simulation (SMARTS) framework, has shown significant speedup



with minimal error by applying systematic statistical sampling. However, the SMARTS simulation time is

limited by the runtime of the functional simulator.

This thesis introduces a straightforward method for accelerating the functional simulation portion of

the SMARTS simulator, called direct warming. The contributions of this thesis are as follows:

¯ Direct Warming. We explore a method of integrating direct execution in the functional warming mode

of the SMARTS framework to further improve simulation turnaround time. Different schemes to opti-

mize for performance and memory space are explored and evaluated.

¯ General and Applicable. This thesis presents results from integrating the SMARTS framework into

another simulator with a different architecture and warming technique, verifying that the technique is

general and applicable to different simulators.

1.1 Related Work

A simple and common technique used for dealing with prohibitively slow simulation times is to collect

results based on abbreviated execution runs. In this technique, researchers bypass the initialization phase of

the benchmark (e.g. usually 100 million instructions), which does not represent a program’s typical behav-

ior. Then, they continue with detailed simulation of the benchmark for a large number of instructions (e.g.

500 million instructions). However, drawing conclusions based on a single snapshot of the benchmark exe-

cution may be erroneous and misleading. Many programs go through different phases of execution, where

each phase is repeated throughout the benchmark run. The behavior of a single phase of the benclnmark

may be vastly different from the other phases. More importantly, the observed behavior from the snapshot

may not be representative of the program as a whole.

An alternative technique is to use reduced data sets. For example, the Spec2000 benchmark suite [11]

provides test inputs, which have execution times that are a fraction of the reference input sets. However,

the execution paths of these input sets are sometimes very different from those taken by the reference input

sets. Therefore, behavior observed from the test inputs may not be representative of the reference input



behavior. Hsu, et al. [9] report that test inputs of certain benchmarks in the Spec2000 suite have up to

300% error compared to the reference inputs when measuring the benchmark IPC (instructions/cycle).

Recently, researchers use more sophisticated trace-driven simulation methods to reduce execution time

[3][12][15]. Specialized algorithms choose which instructions need to be simulated. Then, a trace is; pro-

duced for these instructions and the detailed simulator is run according to the information in the l~ace.

Since most programs have repeating phases, instructions in these phases need only be simulated once

rather than many times. Not only does this method reduce the final execution time of the simulation, but

since the traces are reusable, this method is very useful when running multiple simulations with the same

simulator configuration. However, instruction traces can be extremely large and the overhead required to

produce them prior to the actual simulation adds considerable time to the overall simulation time. Lauter-

bach [12] reduces trace creation overhead by using multiple computers to produce the traces in parallel, but

this solution is very costly and most researchers have limited computing resources~

Several direct execution simulators have also been introduced. Embra, which is part of the SimOS

project, uses dynamic binary translation to generate machine code for the native host [16]. Since machine

code is generated during simulation, workloads are determined on the fly. Fujimoto and Campbell [ 10], on

the other hand, make modifications directly to the benchmark binary by converting the binary into a higher

level intermediate language, inserting timing code, and then retranslating the intermediate code for execu-

tion on the native host.

Sherwood, et al. [15] developed a tool called SimPoint, which utilizes Basic Block Vectors to automat-

ically capture the behavior of programs over billions of instructions. Through a clustering algorithm, they

determine the minimal sections of code which need to be executed in detail. Through the use of SimPoint,

they achieve an average IPC error of 3%. Wunderlich, et al. [7] found that SimPoint implemented on Sim-

pleScalar [1] is slightly less than twice as fast as the SMARTS framework, which is presented next, on the

same simulator.
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Wunderlich, et. al. [7] introduced an on-line algorithm for accelerating simulation time, utilizing both

statistical sampling and functional warming. Functional warming is similar to functional simu][ation,

except that the former only updates architectural state, while the latter also updates long history structures

like branch predictors, caches, and TLBs. The basic concept behind this framework is to take measure-

ments on a large number of sampling units, each consisting of roughly 1000 instructions. Functional warm-

ing is performed between sampling units. Before the start of the measurement phase of each sampling unit,

only a minimal amount of detailed warming (detailed simulation with all measurement variables deacti-

vated) is perS~rmed to bring the smaller structures (e.g. the load/store queue) up to date.

Sherwood et al. [15] also suggest the use of check-pointing for the start of a simulation period. Infor-

mation about both the architectural and microarchitectural state of the simulation environment is stored in

these checkpoints. Thus, making functional warming unnecessary. Not only this, but the checkpoints are

reusable if simulator configuration is constant. However, the overhead for creating these checkpoints is

large.

1.2 Organization Outline

The remainder of this paper is organized as follows. Chapter 2 introduces background information

required to understand the problem space, including a detailed description of the SMARTS framework and

the RSIM simulator. Chapter 3 describes the components of Direct SMARTS and presents the trade-offs of

the different performance optimizations which we analyzed. Chapter 4 concludes the paper, discussing

possible extensions and future work.
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2 SMARTS Background

This chapter gives the necessary background information to understand this thesis. Section 2.1 briefly

covers the SMARTS statistical sampling framework. Section 2.2 describes the details of the modified

RSIM simulator that we use as a foundation for our work. Section 2.3 provides a proof of concept for the

SMARTS framework and evaluate the results presented in the SMARTS paper,

2.1 The SMARTS Framework

The Sampling Microarchitecture Simulation (SMARTS) framework [7] introduces an, on-line simula-

tion technique that utilizes rigorous systematic sampling to achieve fast and accurate simulation without

the overhead of creating traces with the trace-driven techniques presented in Section 1.1. Statistical sam-

pling states that information obtained from a subset of a population can be representative of the population

as a whole. Systematic sampling spaces out the sampling units at regular intervals. We use systematic sam-

pling to facilitate implementation of the framework. Well-established statistical principles are applied to

obtain measurements from this subset of instructions, which are used to estimate measurements fi~r the

entire population [ 13].

Figure 1 shows the basic functional layout of the SMARTS framework. SMARTS can accurately esti-

mate simulations by taking measurements on many small sampling units, evenly spread throughout the

U
W
N
J
k
n

sampling unit size (instructions)
detailed warming (instructions)
benchmark length (instructions) / 
beginning offset (instructions)
sampling interval (instructions)
number of sampling units

Benchmark dynamic instruction stream
0 j

Uinstructions are measured as a
sampling unit using detailed simulation

U(k- 1)- Winstructions are
functionally simulated and large
structures may be warmed

j+ 2k N

t;!i~ I ... n sampling units
+

Winstructions of detailed
simulation warm state before
each sampling unit

FIGURE 1: The SMARTS Framework. SMARTS switches between functional simulation of U(k-1) instructions
and detailed simulation of U instructions. W instructions are needed for detailed warming. Figure above is
courtesy of [7].
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duration of the benchmark. Between sampling units, the simulator emulates the microarchitectural effects

of the simulated instructions in a mode called functional warming, which we describe in the following sec-

tion.

2.1.1 Warming

The most challenging part of the framework is to determine how to recreate the proper state of the, sim-

ulator at the point immediately prior to the detailed simulation measurement period. In order to reproduce

this state, detailed warming should be applied to a finite number of instructions prior to the measurement

period. Detailed warming is equivalent to detailed simulation, without statistical counters activated. How-

ever, since detailed warming is as expensive as full detailed simulation, long intervals of detailed wa~xning

significantly add to the total simulation execution time. In addition, data structures with long histories,

such as the caches, TLBs, and branch predictors, need large amounts of detailed warming. A less expen-

sive functional warming mode executed continuously is more appropriate. Recall that functional w~rming

is similar to functional simulation in that the simulator’s architectural state is updated during emulation of

the instructions. However, unlike functional simulation, functional warming also keeps long history struc-

tures like caches, TLBs, and branch predictors updated.

Wunderlich, et al. [7] determined that with the SMARTS framework, more than 99% of instructions

are emulated in the functional warming mode, meaning that less than 1% of the instructions are executed in

detail. Thus, the speed of the SMARTS simulator is dependent on the speed of the functional warming sim-

ulator. Therefore, optimizations to the functional warming mode of the simulator are expected to sl~orten

the total execution time of the SMARTS simulator.

2.1.2 Switching

Another challenge is determining how to switch between the detailed and the functional w~a~ning

modes of the simulator. Switching from the functional warming to detailed simulation mode is trivial

because the functional warming mode executes instructions in order.
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Switching from the detailed simulation mode to the function warming mode is complex. The detailed

simulator can execute instructions out of order, which means that instructions may get reordered in the

pipeline. In addition, instructions may take multiple cycles to complete, and all instructions in the pipeline

must complete prior to the start of the functional warming mode. Thus, the entire pipeline and memory sys-

tem need to be flushed before functional warming begins. This means that at the time when the functional

simulation mode is about to begin, if there is a memory access request in the ports of the L1 data cache, the

L1 cache needs to process this request, the L2 cache could need to process this request, and the directory

may need to update an entry as well, all before the functional warming mode can begin.

2.2 The RSIM Simulator

We use the Rice Simulator for ILP Multiprocessors (RSIM) [14] in this Study. RSIM is a shared mem-

ory, directory based, multiprocessor simulator. We conduct our experiments with a single processor. This

serves as a proof of concept that the SMARTS framework is applicable to different architectures. In addi-

tion, having the SMARTS framework implemented on a multiprocessor simulator can initiate resea~rch to

tile extension of SMARTS to a multiprocessor environment without having to deal with the implementa-

tion details of’ sampling.

2.3 Applying SMARTS to RSIM

2.3.1 Machine Configuration and Benchmarks

Table 1 shows the machine configuration for RSIM used to perform testing and verification. We

choose configuration parameters similar to those used by Wunderlich, et al. [7]. By choosing similar con-

figurations, we expect to see benchmark behavior similar to the previous implementation.

We run simulations on a quad processor 480 MHz UltraSPARC-II system. Each CPU has a 16 KB L1

instruction cache, 32 KB data cache, and 8 MB L2 cache.
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Parameter 8-way Superscalar

Active List size 128

Memory System 32 KB 2 way L1 I/D, 8 MSHRs
1024 KB 4 way L2, 8 MSHRs

ITLB/DTLB 128 entries, fully associative

L1/L2tag/L2data/mem latency 1/6/12/1000 cycles

Functional Units 4 I-ALU, 2 FPUs, 4 address generation units

Branch Predictor 2 bit history, 2K tables, 11 shadowmappers

TABLE 1. RSIM Machine Configuration.

Table 2 shows the benchmarks and input data sets that we use in our experiments. These benchmarks

are from the Splash-2[8], Olden[2], and Spec2000[ 11 ] benchmark suites. The SMARTS framework is only

beneficial when benchmarks are long. Otherwise, the difference in wait times between full detailed simula-

tion and SMARTS is insignificant. The three benchmarks in Table 2 have been scaled to result in instruc-

tion counts between 1 and 10 billion instructions.

2.3.2 Verification of Optimal Parameter Values

We first need to determine the optimal sampling unit size. Figure 2 plots the coefficient of variation

(VcPi) for various sampling unit sizes for the selected benchmarks. The VCpI determines the varimace of

CPI (cycles/instruction) in a benchmark. Benchmarks with higher VcpI are harder to estimate witl~L sam-

pling because more instructions need to be executed in detail to achieve the desired accuracy. The figure

shows that VCpI starts out high, sharply decreases, and finally levels off. The cause of the sharp drop is due

Benchmark Input Data Set

Barnes Hut 4K particles

Em3d 32 nodes/thread, degree 8, 15% remote, span
8, 10000 steps

Tomcatv array size 1024, 10 iterations

TABLE 2. Benchmarks Used in Evaluation.
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