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Abstract 
 

Workload characterization has been essential ingredients 
for the design of computer systems. As computer architecture 
becomes adaptive and reconfigurable, its efficiency increas-
ingly depends on the dynamic behavior of workloads. 

Program execution manifests wildly varied changes at run 
time. As software becomes large and sophisticated, such varia-
tion can span a wide range of time scales. As current workload 
characterization methodologies have paid less attention to the 
scaling behavior of program, we are often at a loss as to how 
to interpret and forecast the changing of workload dynamics 
over time. To address this issue, we advocate a multiscale 
workload characterization methodology that can capture the 
dynamic nature of workloads across different time scales. 

We apply this technique to study the scaling properties of 
the SPEC2000 integer benchmarks. The on-line program scal-
ing estimator proposed in this paper allows one to capture 
both short-term and long-term execution characteristics of 
large program in-flight. 
 
1. Introduction 
 

Workload characterization is at the foundation of computer 
architecture design and optimization. By understanding work-
load behavior, both hardware and systems can be tuned to bet-
ter suit the needs of the applications. There have been many 
studies [1, 2, 3, 4] that evaluated the performance of work-
loads and attempted to characterize it with various architec-
tural features. A majority of these studies use aggregate met-
rics (e.g., average IPC, total cache misses) to represent the 
specific architectural characteristics for the entire program 
execution. 

As computer architecture becomes adaptive and reconfigur-
able, its efficiency increasingly depends on the workload dy-
namic behavior. For example, reconfigurable microarchitec-
ture periodically profiles program execution characteristics 
and uses them as the feedbacks to adapt its resource (e.g. in-
struction queues, branch predictors and caches) to meet the 
need of applications. Previous studies [5, 6] revealed that pro-
gram execution manifests wildly varied changes at run time. 
As software becomes large and sophisticated, such variation 
can span a wide range of time scales. Current workload char-
acterization methodologies, however, have paid less attention 
to reveal how the workload characteristics change across dif-
ferent time scales. As a result, we are often at a loss as to how 
to interpret and forecast the changes in workload behavior over 
time. Such limitations can become serious with the increasing 
workload execution time.  

A better understanding of program multiscale behavior can 
benefit computer architecture design and performance evalua-
tion in many aspects. For example, reconfigurable architecture 
can exploit program scaling properties that capture both small 
time period and large time period characteristics to fine-tune 
its multi-configuration hardware units across various time 
scales. In another scenario, for a program that shows the well-
defined scaling properties (e.g., self-similarity), its large time 
scale behavior can be accurately projected by using its small 
time scale behavior. 

The goal of this paper is to improve our current understand-
ing of the changing nature of the workload dynamics over 
time. Differing from the previously proposed methodologies 
[1, 5] (e.g., aggregate measurement, phase characterization), 
this paper introduces the using of multiscale models and met-
rics to describe program dynamics. The discrete wavelet trans-
forms are used to discover program behavior at multiresolution 
levels. The proposed multiscale workload characterization 
methodology allows one to “zoom in” and “zoom out” over a 
wide range of program execution periods to capture the work-
load dynamic behavior. This paper proposes an on-line pro-
gram scaling estimator that allows one to capture both short-
term and long-term execution characteristics of large software 
in-flight without storing huge traces. The proposed estimator 
can be integrated with current performance monitoring sys-
tems. 

The remainder of this paper is organized as follows. Section 
2 introduces the basic scaling models and metrics. Section 3 
presents a wavelet-based scaling analysis method. Section 4 
describes the experimental setup. Observations from the pro-
gram scaling analysis are presented and discussed in Section 5. 
We first look at program second-order scaling statistics and 
then study its high-order scaling properties. Section 6 presents 
an on-line program scaling estimator that allows the perform-
ance monitoring systems to discover the changes in workload 
behavior on the long-run programs. Section 7 discusses the 
related work. We conclude this paper and point out some di-
rections of our future work in the Section 8. 

 

2. Background: Scaling Models 
 

The notion of scaling can be loosely defined as the absence 
of special characteristic time or space scales. As a result, the 
whole and its parts can not be statistically distinguished from 
each other. As a critical phenomenon in the nature, scaling 
manifests itself in many real world objects (e.g. complex forms 
and patterns such as clouds, mountains and coastlines) [7]. 

Since our main focus in this paper is to characterize the scal-
ing of workload behavior in the time domain, we present vari-



ous scaling models in the context of time series in the follow-
ing subsections. 
 

2.1 Self-similarity 
 

The purest formal framework for scaling is that of exact 
self-similarity. Self-similarity means that the sample paths of 
the process )(tX and those of a rescaled version )/( ctXcH , ob-
tained by simultaneously dilating the time axis by a fac-
tor 0>c , and the amplitude axis by a factor Hc , can not be sta-
tistically distinguished from each other (Figure 1). The Hurst 
parameter H , is used to measure the degree of self-similarity. 
The closer H  is to 1, the stronger self-similarity the process 
exhibits. 

 

Figure 1 Self-similarity: a dilated portion of the sample 
path of a process can not be statistically distinguished 
from the whole. 

 
Exact self-similarity fulfils the intuition of scaling in a per-

fect way. However, the model is overly rigid. The remainder 
of this section details more flexible models that enable some 
deviations from the exact self-similarity. 
 

2.2 Long-Range Dependence 
 

For a time series )(tx  contains the data of interest, the basic 
features of this process are its mean ][xEux = , variance 

])[( 22
xx uxE −=σ , and correlation function 

)])()()([()( xxx utxuktxEkr −−+= . The process )(tx displays 
long-range dependence (LRD) if its correlation function 

)(krx  behaves like a power-law of the time lag k , i.e. 

22~)( −H
rx kckr   as  ∞→k   

where rc is  a positive constant and the Hurst parameter 
121 << H . In such a case, the correlations decay so slowly 

that they sum to infinity. When the Hurst parameter 2/1=H , 
the process manifests short-range dependence (SRD). The 
SRD is characterized by quickly decaying correlations. 
 
3. Scaling Analysis Techniques 

In this section, we introduce a wavelet-based methodology 
as the key tool for scaling discovery. The wavelet analysis [8] 
acts as a mathematical “microscope” which allows one to 
zoom in on fine structures of a signal or, alternatively, to re-
veal large scale structures by zooming out. 

3.1 Discrete Wavelet Transform (DWT) 
 

Consider a series ,...,2,1,0,,0 =kX k at the finest level of time 
scale resolution n−2 . This time series might represent the 
measured workload dynamic characteristics (e.g., the number 
of instructions retired per cycle, cache misses per thousand 
cycles etc.) during each sampling interval. We can coarsen this 
event series by averaging (with a slightly unusual normaliza-
tion factor) over non-overlapping blocks of size two 

)(
2

1
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and generates a new time series 1X , which represents a coarser 
granularity picture of the original series 0X . The difference 
between the two, known as details, is 

)(
2

1
12,02,0,1 +−= kkk XXd  (2). 

Note that the original time series 0X can be reconstructed 
from its coarser representation 1X by simply adding in the de-
tails 1d ; i.e., )(2 11

2/1
0 dXX += − . We can repeat this process (i.e., 

write 1X  as the sum of yet a coarser version 2X  of 0X  and the 
details 2d , and iterate) for as many scale as are present in the 
original time series 

1
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We refer to the collection of details kjd ,  as the discrete 
wavelet coefficients. Note that for the purpose of illustration 
simplicity, we choose the Harr wavelet as the mother function 
here. The calculations of all kjd , , which can be  done itera-
tively using the equations 1 and 2, make up the so called dis-
crete wavelet transform (DWT).  

As wavelet transform divides data into a low-pass approxi-
mation and a high-pass detail at any level of resolution and 
analyzes each component with a resolution matched to its 
scale, the coefficients of wavelet decomposition can be di-
rectly used to study the scale dependent properties of the data. 
In the following subsections, we describe a set of wavelet-
based scaling analysis techniques. 
 
3.2 Energy Function and Logscale Diagram 

 
Given a time series ,...,2,1,0,,0 =kX k  and its discrete wavelet 

coefficients ,.)( jd X , the average energy at resolution level j2 is 
then defined as:  

∑
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where jn is the number of wavelet coefficients. The log-scale 
diagram (LD) is the plot of jE as a function of resolution level 

j2 (together with the confidence intervals) on a 22 loglog − scale; 
i.e., )(log2 jj Ey =  as a function of scale j . Asymptotically, the 

 



energy function is expected to be linear with time scale j  for 
self-similar processes, i.e. 

)(log 02 Ejy j +=α , where 12 −= Hα  

The slope of the LD plot provides an estimate of the Hurst 
parameter H . If 5.0=H , 0=α  (a flat slope points to a short-
range dependent process) while 5.0>H yields 0>α (a positive 
slope indicates a long-range dependent process).  

Therefore, the LD plot allows the detection of scaling 
through observation of strict alignment (linear trend) of the 
confidence interval of the jy within some octave range. If a 
strict alignment is detected, the scaling parameters can be es-
timated. The LD is a second-order statistics (sample variance) 
of the wavelet coefficients, hence it does not capture the 
higher-order properties of the processes. 
 
3.3 Partition Function and Multiscale Diagram 
 

Multifractal analysis compares the scaling of different wave-
let moments q  to estimate the local regularity in processes. Its 
main tool is the wavelet partition function ),( jqS , a generaliza-
tion of the wavelet energy function (3), defined as 

q

k
X

j kjdjqS ∑ −= ),(2),( 2/ (4). 

By computing the partition function, one can characterize 
the statistics of the local behavior of workload dynamics. This 
is because a wavelet is an oscillating function and the values of 
the wavelet coefficients are proportional to the size of the ir-
regularity. The partition function raises the wavelet coeffi-
cients to an exponent and magnifies the importance of the 
largest coefficients that arise due to a local irregularity. On the 
contrary, it reduces the importance of small coefficients. 
Therefore, the smaller the wavelet coefficients for the scale j , 
the smaller the value of the partition function for ),( jqS for 
large q . This permits to study the importance of the local ir-
regularities at time scale j .  

The multi-scale diagram (MD) is the plot of ),( jqS as a 
function of resolution level j2 on a 22 loglog − scale; i.e., 

)),((log2 jqS  as a function of scale j , for a range of values of 
the moments q . 

A relatively smooth process (second-order process) that 
shows no particularly large local irregularity will have values 
of the )),2((log2 jS  larger than )),((log2 jqS (for 2>q ). On the 
opposite, an irregular process (high-order process) will tend to 
have larger values of )),((log2 jqS for values of 2>q .  
 
4. Experimental Setup 
 

In this paper, we demonstrate the using of wavelet-based 
multiscaling analysis techniques to characterize the changing 
nature of workload dynamics over time. This section describes 
the experimental methodology, including the simulated ma-
chine architecture, the studied workloads and the collected 

benchmark traces. An on-line estimator without requiring the 
off-line trace analysis will be described in Section 6. 

 
4.1 Machine Configuration 
 

The statistics of workload dynamics are measured on the 
SimpleScalar 3.0 [9] sim-outorder simulator. The simulated 
microarchitecture configuration in this study is an 8-way su-
perscalar model. The details of the machine configurations are 
summarized in Table 1. 

 
Table 1 Processor configurations 

Parameter Configuration 
Processor Width  8 
ITLB 128 entries, 4-way, 200 cycle miss 

Branch Prediction combined 8K tables, 10 cycle mispre-
diction, 2 predictions/cycle 

BTB 2K entries, 4-way 
Return Address Stack 32 entries 

L1 Instruction Cache 32K, 2-way, 32 Byte/line, 2 ports, 4 
MSHR, 1 cycle access 

RUU Size 128 entries 
Load/ Store Queue 64 entries 
Store Buffer 16 entries 
Integer ALU 4 I-ALU, 2 I-MUL/DIV
FP ALU 2 FP-ALU, 1FP-MUL/DIV
DTLB 256 entries, 4-way, 200 cycle miss 

L1 Data Cache 64KB, 4-way, 64 Byte/line, 2 ports, 8 
MSHR, 1 cycle access

L1 Cache unified 1MB, 4-way, 128 Byte/line, 12 
cycle access 

Memory Access  100 cycles 
 

4.2 Program Traces 
 

We use the twelve SPEC2000 integer programs as the ex-
perimented workloads. To analyze the workload dynamics at 
large time scales, we use the reference input data sets and 
simulate 9 out of 12 workloads until completion. Benchmarks 
mcf, parser and twolf take extremely long time to complete. 
For these three benchmarks, we stop the simulation after the 
benchmark execution cycles reach the time scales that are 
comparable to those of other completely simulated bench-
marks.  

During the simulations, the statistics of the architectural 
characteristics of interest are collected and recorded in traces. 
The instructions-per-cycle (IPC) metric, which indicates how 
efficiently a microprocessor performs its functions, is mainly 
used in this study. Each collected trace contains a sequence 
representing the program IPC rate measured on every ten-
thousand elapsed cycles. The program traces statistics are 
summarized in Table 2. One can see that these collected traces 
allow the study of the changing nature of workload dynamics 
over a period of hundreds of billion cycles.  

 
5. Characterizing Program Scaling Behavior 
 

This section provides a detailed characterization of the 
SPEC2000 integer benchmarks scaling behavior using the 
methodology described in Section 3. 



Table 2 Benchmark traces description 
Benchmark Input Duration (Cycles) 
mcf /ref/inp.in 570,689,841,862
gcc /ref/166.i 33,578,085,795
crafty /ref/crafty.in 337,250,101,460
gzip /ref/input.graphic 52,867,265,321
bzip2 /ref/input.source 70,644,828,028
eon /ref/chair.cook.ppm 93,485,005,275
gap /ref/ref.in 355,758,277,267
parser /ref/ref.in 247,035,615,983
perlbmk /ref/splitmail.pl 49,931,474,883
twolf /ref/ref 274,987,890,000
vortex /ref/lendian1.raw 93,677,830,341
vpr /ref/net.in 122,267,820,515

5.1 Visualization of the Traces 
 

We begin our analysis of multiscaling characteristics with a 
demonstration of the time-varying behavior of two programs 
from SPEC2000, crafty and gzip. Figure 2 visualizes the traces 
across 5 orders of magnitude of time scales. Each plot within 
the figure represents the IPC rate, enumerated as the number of 
instructions retired per time unit. Successive plots are refine-
ments of the previous plots; the top plot in each column has a 
time unit of 710096.4 × cycles, the second of 61012.5 × cy-
cles, and so one. The left column illustrates the IPC dynamics 
of benchmark gzip, and the right column illustrates the IPC 
dynamics of benchmark crafty. 
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  (a) gzip  (b) crafty 
 
Figure 2 Visualization of the IPC dynamics: programs IPC per unit time (or “bucket”) are plotted for 5 increasingly 
refined time units, varying by a total factor of 4,096. Column (a) shows benchmark gzip, and column (b) shows 
benchmark crafty. The x-axis of all graphs is the number of buckets; the y-axis shows the IPC during that bucket.  
  

One can see that the IPC dynamics of both programs change 
across different time scales. For the gzip trace, the pronounced 
phases occur at fine time granularities ( 4101× and 4108×  

cycle buckets). For coarse granularities ( 5104.6 × cycle 
bucket), the trace manifests very bursty and unpredictable 
behavior. On the large time scales ( 61012.5 × and 



710096.4 × cycle buckets), the trace becomes extremely 
smooth, although a small number of spikes can be seen to in-
terrupt this smoothness. Therefore, the workload dynamics of 
gzip changes over its execution time. Characteristics observed 
at small time scales will not represent those at large time 
scales.  

The IPC dynamics on benchmark crafty, on the other hand, 
appears bursty at all time scales, although the burstiness ap-

pears to smooth out at coarser time granularities. A closer in-
vestigation reveals that the trace exhibits scale invariance, i.e. 
the workload dynamics appear to be similar at all time scales. 
Viewing the collected traces as time series, we then use the 
multiresolution analysis techniques described in the Section 3 
to investigate the program scaling behavior. 
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Figure 3 the LD plots of SPEC2000 integer benchmark traces 

 

mcf gcc crafty 

bzip2 gzip eon 

gap parser perlbmk 

twolf vortex vpr 



5.2 Second-order Scaling Analysis 
In this section, we study the second-order scaling properties 

of the experimented workloads. The second-order scaling 
properties over the total length of the traces are analyzed. 

Figure 3 presents the LD plots for the SPEC 2000 integer 
benchmarks. The x-axis shows time scales, varied from fine to 
coarse resolutions. The vertical bars at each octave give the 
95% confidence intervals for the jy . Confidence intervals 
about the jy increase monotonically with j as one moves to 
larger and larger scales, as seen in each of the diagram in Fig-
ure 3.  

A property of the LD concerns the theoretical possibility to 
distinguish the type of process present within some octave 
range based on the value of the slope of the logscale diagram. 
As described in Section 3, asymptotically self-similar (or, 
equivalently, long-range dependence) will result in a linear 
relation between jy  and the scale j . If the trace is exactly self-
similar, a plot of jy vs. j  will show a linear relationship for all 
scales. 

Looking at Figure 3, one can see that the SPEC2000 integer 
programs show heterogeneous scaling characteristics. For 
benchmarks crafty, vpr, and parser, there is a clear evidence of 
strict scaling across all octaves, i.e. the traces of these bench-
marks exhibit self-similarity. More frequently, one sees the LD 
plots with scaling over a limited range of time scales, two or 
multiple different scaling regions, a flat slope regions and dips. 
A flat slope region in the LD plots indicates that the program 
dynamics statistics look like the uncorrelated “white noise” 
across the spanned time scales. A dip in the LD plots implies a 
periodic component. This is because the highly regular or pe-
riodic structures (e.g. loops) in time series reveal themselves in 
terms of small wavelet coefficients and subsequently the low 
values of the energy function. 

For small time scales between octaves 1 and 6, the studied 
workloads seem to exhibit various characteristics. For exam-
ple, periodicity occurs on benchmarks mcf and gcc by showing 
the dips in their LD plots. Octaves in [2,4] for twolf and oc-
taves in [3,6] for vortex show evidence of SRD.  
For time scales between octaves 6 and 16, the linear relation 
between jy and scale j  are observed on the majority of the 
studied workloads, implying that the corresponding traces are 
consistent with self-similarity or long-range dependence. Typi-
cal scaling regions extend several orders of magnitudes, with 
upper cutoffs that vary from one benchmark to another. Mcf, 
gzip, eon and twolf lack LRD characteristics on these time 
sales. For these benchmarks, the linear scaling properties are 
interrupted by the dips due to periodic execution spanned a-
cross these time scales. 

Note that benchmark vortex trace, with some “bumps” 
around scales 9-11, exhibits some indications for departure 
from exact LRD. The perlbmk trace shows this departure much 
clearer: a non-trivial scaling behavior for small time scales 
(octaves below 10) and a distinctly different large-time scaling 
behavior (octaves above 13), with a “change-region” that 
shows up very clearly as a pronounced “knee” in the graphs, 
approximately at scales [10,13]. 

It is observed that the dips at large time scales occur on 
benchmarks mcf, gzip, bzip2, eon, gap and twolf, indicating the 
those programs contain periodic structures even at very large 
time scales. In general, the time-varying slope of the LD’s on 
Figure 3 for the largest time scales (octave in [16 20]) reveal 
that these time-scales contain a mix of correlation and scaling. 
5.3 High-order Scaling Analysis 
 

To discover the high-order scaling properties of the col-
lected traces, we use the partition function and multiscale dia-
gram described in subsection 3.3. While the LD reveals the 
energy (variance) of the increments of a process, the partition 
function and MD give information about the distribution of 
large and small wavelet coefficients at each time scale. We 
plot )),(log( jqS as a function of the scale j , for a range of the 
moments q ( 81 ≤≤ q ). Discriminating between second-order 
(smooth) and high-order (irregular) process can be done by 
determining for which values of q  the )),(log( jqS  is the larg-
est. A second-order process will have larger )),(log( jqS  for 

2≤q  while a high-order process for 2>q . 
Figure 4 presents the logarithm of the partition function 

)),(log( jqS  for all benchmarks. It shows that at large time 
scales, most of the studied benchmarks show the second-order 
scaling behavior ( )),2(log()),(log( jSjqS <  for 2>q ). This indi-
cates that the second-order scaling properties are sufficient to 
describe the workload dynamic behavior at large time scales. 
Benchmarks gcc, parser, perlbmk, and vortex have large ir-
regularities at small time scales. This implies that these traces 
contain large wavelet coefficients at small time scales, hence 
large irregularities. Bzip2 and gap contain irregularities even at 
coarser time scales. For those programs, although at large time 
scales, all traces are second-order processes, for the short time 
scales behavior of workloads, multiplicative processes de-
scribed it well. 
6. On-line Program Scaling Estimation 

 

So far, our workload dynamics scaling analysis has heavily 
relied on the trace collection and off-line processing. The de-
mand on huge trace storage and off-line processing makes this 
method incapable of handling large programs that run long 
time. Moreover, for many applications, such as resource allo-
cation/adaptation and performance monitoring/prediction, run-
time program scaling measurement is necessary. 

The Hurst parameter H , which measures the degree of self-
similarity, holds a central place in the description of scaling 
behavior. Its accurate measurement is therefore of considerable 
importance. In this section, we present an on-line program 
scaling estimator that allows one to characterize program scal-
ing behavior in-flight. 

To calculate H , (1) a discrete wavelet transform (DWT) of 
the input data is first performed to generate the details kjd ,  
over the time scales. (2) Then, at each fixed octave j , the de-
tails are squared and averaged across time k  to produce the 
energy function jE . (3) Finally, the Hurst parameter H is de-
termined from the scaling regions in the LD plot. 
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Figure 4 the MD plots 
 

 
6.1 DWT and Filter-banks Design 
 

The on-line discrete wavelet transform plays the key role in 
scaling estimation. Steps (2) and (3) are trivial once the details 
are computed. As described in Section 3, the DWT can be 
viewed as the multiresolution decomposition of an input se-
quence. The decomposition processes is implemented with two 
digital filters: high-pass filter G and low-pass filter H. After 
the process of filtering, downsampling operation is used to 

decimate half of the filtered results. To achieve multiresolution 
decomposition, the multilevel DWT can be implemented by 
the Mallat’s pyramid algorithm [10]. Figure 5 shows the steps 
of Mallat’s pyramid algorithm for DWT computation. 

Figure 6 shows a three-level DTW using the pyramid algo-
rithm and filter-banks. The output coefficients at each resolu-
tion level are calculated by using the low-pass coefficients of 
the previous level and are decimated by two. 
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Figure 5 Mallat’s pyramid algorithm for  

DWT computation 
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Figure 6 A three resolution level wavelet decomposi-
tion. At each level in the recursive structure, the high-
pass filter (G) output dx(j, .) and the low-pass filter (H) 
output cx(j., ), occur at half the rate of the low-pass filter 
input cx(j-1, .) 
 

All filters in the pyramid tree shown in Figure 7 are con-
structed using FIR filters [11]. The structure of a FIR filter of 
length N is shown in Figure 7. As can be seen, each filter tap 
consists of a delay element, an adder, and a multiplier.  

 
DD D D D......

......

D

h(0) h(1) h(2) h(3) h(4) h(N-1)

x(n)

y(n)

h(.): one delay register : filter coefficients

: multiplier : adder

 
Figure 7 FIR Filter Structure 

The filter coefficients are derived from the scaling functions 
of the corresponding wavelets. In this study, we use Daube-
chies wavelets to implement the DWT. This wavelet type is 
known for its excellent special and spectral localities [12]. The 
coefficients of the 3 wavelets from the Daubechies wavelets 
family are summarized in Table 3. 

The Daubechies filters have the following relationship be-
tween its low-pass filter and high-pass filter coefficients: 

i
i

iM hg )1(1 −=−−   )2( >M  

In this study, we use Daubechies 6-tap wavelet as the filter 
coefficients.  

 

Table 3 Filter Coefficients of Daubechies Wavelets 

Daubechies Wavelets
Coefficients i M=6 M=8 M=10
i=0 h(0) 0.332671 0.230378 0.160102
i=1 h(1) 0.806892 0.714847 0.603829
i=2 h(2) 0.459878 0.630881 0.724309
i=3 h(3) -0.135011 -0.027984 0.138428
i=4 h(4) -0.085441 -0.187305 -0.242295
i=5 h(5) 0.035226 0.030841 -0.032245
i=6 h(6) 0.032883 0.077571
i=7 h(7) -0.010597 -0.006241
i=8 h(8)  -0.012581
i=9 h(9)  0.003336

∑ )(nh  1.85118 1.865446 2.000938 

})(max{ nh 0.806892 0.714847 0.724309 
 

6.2 Scaling Estimation Methodology 
 

In a system designed to measure program dynamics on-line, 
there are two key components: the workload dynamics capture 
process and the on-line estimation itself.  

Figure 8 illustrates the overall structure of scaling estimation 
and the interface between CPU and the modules. As can be 
see, performance counters and clock are used to generate the 
events of interest during program execution. The on-line esti-
mator can be integrated into the operating system kernel or 
mapped with the highly efficient VISI architecture [23].  For 
the simulation based studies, the one-line scaling estimation 
module can be integrated into architectural simulators to pro-
vide estimates. In this work, we have integrated the proposed 
estimator into the SimpleScalar sim-outorder simulator.  
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Figure 8 Overall Structure of Scaling Estimation 

 
6.3 Performance 

 

The performance of the estimator as a function of the length 
of data processed is demonstrated using execution driven 
simulations on the machine model described in Section 4. The 
IPC of program for every ten thousands elapsed cycles, gener-
ated by the sim-outorder simulator, is piped to the on-line es-
timator one at a time. The interval chosen between the actual 
estimations of H is every 82 data points.  

Figure 9 shows the three examples of on-line estimation. 
The graphs illustrate typical behavior of the estimator in time. 
The dashed line shows the true Hurst parameter while the solid 
lines show examples of the one-line Hurst parameter estimates. 
As can be seen, there is a warm up period at the beginning of 



the measurement run to wait for the octaves required for the 
analysis to become available. Figure 9 shows that the on-line 
estimator can accurately estimate the program scaling behav-
ior. 
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Figure 9 Three examples of on-line estimation. The 
dashed lines show the true Hurst parameter while the 
solid lines show examples of the on-line Hurst parame-
ter estimates.  
 
7. Related Work 

 

The analysis of workload dynamic/phases behavior and then 
apply to run-time optimizations have recently received consid-
erable attention [5, 6, 13, 14, 15]. For example, the SimPoint 
framework proposed by Sherwood and Calder [5] uses a set of 
representative instruction chunks to represent the entire pro-
gram execution. In [24], variable length intervals are used to 
study hierarchical phase behavior of programs. Scaling models 

have been applied in the past to diverse fields, such as the 
study of strange attractors of certain dynamic systems [16] and 
modeling of traffic in modern communication networks [17]. 
Self-similarity, long-range dependence, and multifractal be-
havior have been studied and convincingly matched to real 
network traffic [18, 19, 20]. In [21], the authors present a first 
study to apply wavelet analysis to the computer architecture 
field. The VLSI architectures for implementing the DWT are 
summarized in [22, 23]. 

 
8. Conclusions and Future Work 
 

The efficiency of advanced hardware and system optimiza-
tions increasingly depend on the dynamic behavior of work-
loads. Program execution manifests changing nature at run 
time. As software execution cycles become larger, such varia-
tion can span across a wide range of time scales. Understand-
ing and characterizing the time-varying behavior of workload 
dynamics lays a foundation for an informed investigation on 
these long-run systems. Moreover, knowledge of program 
scaling properties is important to support tasks such as re-
source adaptation, performance monitoring, and anomaly de-
tection at different time periods.  

We show in this paper that various scaling properties (e.g., 
self-similarity, long-range dependence, and multiscaling) and 
metrics (e.g., energy and partition functions), combined with a 
wavelet-based analysis technique, can be used as a useful tool 
for unraveling the program dynamics over different time peri-
ods. We then apply this methodology to study the scaling be-
havior of SPEC2000 integer benchmarks, that is, to identify 
regions where the scaling property holds, to detect changes in 
scaling behavior, and to find ranges of time scales with more 
complex scaling patterns. An on-line program scaling estima-
tor of the Hurst parameter is developed to allow the measuring 
of program scaling properties at run-time.  

The compact and parsimonious models that exploit scaling 
phenomena can capture both long-term and short-term pro-
gram behavior. In the future work, we plan to investigate the 
feasibility of using scaling models for benchmark statistics 
simulations and benchmark synthesis. The using of program 
scaling properties for resource adaptation, performance predic-
tion, QoS control, and bottleneck and anomaly detections will 
also be investigated. 
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