
Proceedings for  
The Eleventh Workshop on Computer Architecture Evaluation using 

Commercial Workloads (CAECW-11)  

Immediately preceding the 14th International Symposium on High Performance 
Computer Architecture (HPCA-14)  

Salt Lake City, Utah  
February 17th, 2008 

 
 
The function of this workshop is the discussion of work-in-progress that utilizes commercial 
workloads for the evaluation of computer architectures.  By discussing this ongoing research, the 
workshop will expose participants to the characteristics of commercial workload behavior, 
provide an understanding of how commercial workloads exercise computer systems and help 
establish methodologies for measuring, modeling and analyzing the execution time 
characteristics of these workloads.   

 
Final Program 

8:00 – 8:30 am 

Registration 

8:30 am - 8:40 am 

Opening Remarks 

8:40 am - 9:30 am 

Session 1: Keynote 

Commercial Computing and High Performance Computing: How different are they? 
Abstract: This talk provides an overview of application characteristics and the decision criteria 
for commercial computing and HPC. It covers general conceptions for HPC and commercial and 
why those are gross generalizations. It then compares and contrasts the different segments for 
each pointing out which segments have similarities and also the differences between those 
segments. It concludes by showing how systems that are designed for HPC can do well in the 
commercial space. 

Don DeSota 
IBM  

  

1



9:30 am - 10:00 am  

Coffee Break  

10:00 am – 11:00 am 

Session 2: Workload Characterization  

Trends in Legacy and Emerging Commercial Workloads 
Bill Maron, Bret Olszewski, Mala Anand, Steve Kunkel, and Thomas Chen  

IBM  

Understanding the Working Sets of Data Mining Applications  
Kelly A. Shaw 

University of Richmond 

11:00 am – 12:00 pm 

Session 3: Systems Modeling and Architecture  

Write Update Optimizations for CC-NUMA Systems 
Liqun Cheng and John B. Carter 

Intel and University of Utah  

An M/G/1 Queue Model for Multiple Applications on Storage Area Networks 
Emmanuel Arzuaga and David Kaeli 

Northeastern University 

12:00 am - 1:30 pm  

Lunch  

1:30 pm – 3:00 pm  

Session 4: Sensitivity and Scalability  

Varying Memory Size with TPC-C: Performance and Resource Effects  
Jay Veazey and Blaine Gaither 

Hewlett-Packard  

An Analysis of the Sensitivity of SPECjAppServer2004 to the Memory Sub-System 
Rajeev Garg, Kumar Shiv, Andrew Sun, Mahesh Bhat, and Michael Jones 

Intel  

2



Scalability Study of a Java Application Server on Two Multi-core Systems  
Yohei Ueda, Hideaki Komatsu, and Toshio Nakatani 

IBM Toyko Research Laboratory 

3:00 pm - 3:30 pm  

Coffee Break  

3:30 pm - 5:00 pm  

Session 5: Memory Characterization  

Memory Characterization of Emerging Recognition-Mining-Synthesis Workloads for Multi-
Core Processors 

Yu Chen, Aamer Jaleel, Wenlong Li, Junmin Lin, and Zhizhong Tang 
Tsinghua University, Beijing, China and Intel 

Characterizing Memory Behavior of XML Data Querying on CMP  
Hong Liu, Rubao Li, Qiang Gao, Bihui Duan, and Taoying Liu 

Graduate School of the Chinese Academy of Sciences, Beijing, China 

Memory Characterization of SPEC CPU2006 Benchmark Suite  
Junmin Lin, Aamer Jaleel, Yu Chen, Wenlong Li, and Zhizhong Tang  

Tsinghua University, Beijing, China and Intel 

5:00 pm  

Participant Feedback  

Closing Remarks 

 
Workshop Organizers 

• Adrian Moga, Intel (adrian.c.moga@intel.com)  
• Russell Clapp, AMD (russell.clapp@amd.com)  

 
 
  

3



 

4



Trends in Legacy and Emerging Commercial Workloads 
 

Bill Maron    Bret Olszewski    Mala Anand   Steve Kunkel   Thomas Chen 

 

IBM Corp. 

Austin, TX 

 

 

 

Throughout the history of computing the confluence 

of hardware and software trends has produced 

inflection points which proceeded changes in the 

information industry ecosystems.  After a period of 

relative stability, an explosion of new hardware 

capabilities, software techniques, and business 

imperatives are spawning a more diverse set of 

applications. This paper examines some emerging 

workloads, their characteristics, and their 

relationships to traditional workloads. 

 

1. Introduction 

 

Each historic shift in application environment has 

been preceded by improving hardware performance 

and cost performance.  These underlying trends have 

enabled environments such as wide-spread Java-

based application infrastructures, which would have 

been unthinkable twenty years previous.  Today’s 

application emphasis points are no longer focused 

on improving the performance of simple, 

transactional tasks.  Rather, focus has been placed 

on three primary areas: 

 

• Reducing the cost of application 

development, delivery, and operation. 

• Improving access and delivery of information. 

• Leveraging existing information in 

optimization of business processes. 

 

At the same time, the trend of ever increasing, complex 

single core microprocessors is at an end.  Realities of 

technology scaling and power consumption have forced 

a rethink of priorities in hardware development.  How 

should emerging workloads affect future system design? 

 

2. Hardware development trade-off processes 

 

Processor development has long used models to optimize 

proposed designs for performance, cost, power, chip area, 

schedule, complexity and resources [8].  However, it is 

obvious that these models are no better than the input 

with which they are driven.  Hence, there is great interest 

in understanding new and emerging workloads.  Because 

the processor development process takes several years 

and that there are usually derivative designs that ship for 

several years after the initial design, the performance 

modeler would like to understand workloads many years 

in the future.  This poses a serious problem because 

emerging workloads usually are understood only a few 

years in advance and often workloads don’t even exist 

for emerging market segments.  Industry standard 

benchmarks take years longer to become available. 

 

Normally, traces or full system simulators are used to 

drive processor performance models.  These provide a 

wealth of information to accurately drive the models of 

the caches, pipelines, and multiprocessor memory nest.  

However, these require a representative workload to 

execute.  Often a representative, executable workload is 

not available.  In this case, the characteristics of what is 

available can be compared to known workloads to find 

ways in which the emerging workload is more stressful  

or to find a surrogate workload that can be used (perhaps 

with some adjustments)[6].  If the emerging workload is 

not more stressful than known workloads, a robust 

design can still be achieved.  If a surrogate workload can 

be found it can be weighted more heavily in the 

optimization process[7]. 

 

3. Methodology 

 

While detailed instruction and data reference traces are 

irreplaceable for making low-level hardware decisions, 

they are expensive to collect and maintain currency.  

Additionally,  they  are frequently impractical to collect 

on customer systems.  Those, coupled with the fact that 

trade-off’s are easier to make with a small set of 

representative traces, leads to the obvious conclusion 

that a higher level filtering of workload characteristics is 

a necessity to cover a wide range of market segments 

and application domains.   

 

Our approach collected detailed hardware performance 

monitor data on POWER5 systems which includes both 

micro-architecture “dependent” characteristics such as 

cache misses, as well as some of the “independent” 

characteristics such as number of loads/stores/branches 

of the instruction mix etc., of the workloads.  This 

allowed efficient collection on a wide-variety of industry 

standard workloads, independent software vendor 

workloads, customer workloads and emerging workloads.  
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Following are a list of Micro-architecture dependent and 

independent characteristics collected for each workload: 

 
� CPI – Cycles Per Instruction, measured at the 

hardware thread.  As there are two threads per 

core, the core CPI is approximately one-half of 

this value, depending on utilization 

� IL1 – Instruction cache misses from the L1 cache 

per 100 instructions executed.  The L1 instruction 

cache size is 64kB on POWER5 

� DL1 – Data cache misses from the L1 cache per 

100 instructions executed.  The L1 data cache size 

is 32kB on POWER5 

� IERAT – Instruction ERAT (Effective to Real 

Address Translation) misses per 100 instructions 

executed 

� DERAT – Data ERAT (Effective to Real Address 

Translation) misses per 100 instructions executed 

� ITLB – Instruction TLB (Translation Look-aside 

Buffer) misses per 100 instructions executed 

� DTLB – Data TLB misses per 100 instructions 

executed 

� Branch Misprediction Condition Register – The 

number of branches dispatched which are miss 

predicted on the basis of condition register values 

per 100 instructions executed.  

� Branch Misprediction Target Address – The 

number of branches dispatched which are  

mispredicted  on the basis of target address values 

per 100 instructions executed. 

� Branch Instructions Dispatched  – The number of 

branches dispatched per 100 instructions executed.  
ƒ Note:  this metric as well as branch 

Misprediction due to Condition Register 

and  branch Misprediction Target Address 

over count the actual completed instruction 

values due to speculation 

� Instructions per group – The number of 

instructions per completed group.  The POWER5 

architecture can complete 1 to 5 instructions per 

group.  Groups do not necessarily complete each 

cycle 

� IL2 – Instruction cache misses from the L2 cache 

per 100 instructions executed.  The L2 cache is 

shared between instructions and data on 

POWER5 and is 1.9MB in size.  Additionally, the 

L2 cache is shared between the two cores on each 

chip. 

� DL2 – Data cache misses from the L2 cache per 

100 instructions executed 

� MM – Accesses to memory (local+remote) per 100 

instructions executed.  Since POWER5 systems 

have external L3 caches, the rate of memory 

accesses is less than the number of L2 cache 

misses 

� Loads – Number of loads dispatched per 100 

instructions executed 

� Stores – Number of stores dispatched per 100 

instructions executed 

 

4. Trends 

 

This paper compares some emerging workloads to 

legacy ones, allowing us latitude to determine if the 

emerging workloads are fundamentally different than the 

current workloads used for hardware development trade-

offs. 

 

The categorization used for the collected workloads falls 

in one of the following segmentations: 

• Application server - This group includes Java-

based application serving solutions.  The IBM 

Websphere product family is heavily 

represented in this segment. 

• Business intelligence – This group includes 

both DB2-based TPC-H queries as well as other 

ISV solutions. 

• OLTP database – This section includes 

traditional OLTP solutions from several major 

database vendors, including IBM’s DB2. 

• ERP – This group includes solutions from a 

number of ISV’s, running quite a range of 

solutions from CRM, ERP, to hospital 

management.   

• Infrastructure - This group includes webserving, 

file serving, mail serving, and a customer portal. 

• Other – This group includes a traditional UNIX 

workload, a stand-along Java benchmark, and 

IBM storage microcode. 

• PHP – This group includes several PHP 

applications. 

• Search – Indexing a search operations from 

IBM and 3
rd

 parties. 

• SOA – This group includes early service 

oriented architecture solution applications 

developed at IBM. 

• SPECint_2006 – This group includes the 

individual workloads from the SPECcpu2006 

suite.  These measurements were not 

specifically tuned for POWER5. 

• XML – XML parsing and database operations. 

 

This paper addresses only commercial application 

segments and does not include high performance 

computing (HPC) applications. 

  

5. Comparisons  

 
The diverse set of workloads that are analyzed in this 

study spans from application servers to XML workloads. 

To map all the workloads in a single domain, a single 

property that encompasses many of the workload 

characteristic namely CPI (Cycles per Instructions) is 

used.  As shown in Figure 1, the workload domain 

consists of applications that have a wide range of CPI at 
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the same time some of the workloads clustered around 

similar CPI levels. 

 

  Industry Standard Benchmark SPECcpu2006 suite has 

the lowest and the highest point in the workload domain 

space covering a wide range of CPI.  This indicates that 

SPECcpu2006 does represent a wide range of 

commercial workloads.  

 

The emerging PHP workloads tend to have fairly low 

CPIs, XML based workloads cover wide ranges of CPI 

and application servers, SOA and infrastructure 

workloads tend to be at the upper end of the CPI range. 

 

Figure 1 - Diversity of Workloads
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The CPI metric is just the tip of the iceberg with respect 

to variations in workload characteristics.  Figure 2 shows 

that the range measured across our tracked 

characteristics is often on the order of two orders of 

magnitude.  However, CPI experiences only a range of 

approximately one half order of magnitude.  Thus, it is 

necessary to drill down much deeper than just CPI to 

identify characteristic similarity and dissimilarity. 

 

In current hardware implementations, some workload 

characteristics such as instruction and data L1 cache 

misses may have small overall impacts to CPI if low 

latency L2 and L3 caches shield the processor from 

memory latency.  Other characteristics, such as the 

average instruction level parallelism, as evidenced by 

instructions per group completed, tend to have a narrow 

range on POWER5. 

 

 

Figure 2 - Characteristic ranges on 

POWER5
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6.  PHP, scripting languages and Web 2.0 

 

The term Web 2.0 is clearly ill-defined and overused, 

however it is impossible to ignore the explosion in the 

workloads created around open source software.  While 

a diversity of software is available, the largest population 

of users engages the so-called LAMP stack which 

includes Linux, Apache, MySQL, and PHP.  In LAMP 

based implementations, the bulk of the CPU usage is in 

applications designed and implemented with the PHP 

scripting language. 

 

Grasping the nature of PHP applications requires 

confronting the confounding permutations of the stack.  

Table 1 shows some of the variables considered during 

measurement and analysis on POWER.  Interestingly, 

the factors of PHP level, operating environment, and 

compiler turned out to be mostly irrelevant from the 

perspective of characteristics of the workload on the 

hardware.  However, significant differences occur 

between non-accelerated PHP and accelerated PHP.  As 

a general rule accelerated PHP results in higher event 

rates and higher CPI.  This is partially a consequence of 

that accelerated PHP spent more execution time in the 

operating system and memory management. 

 

Application PHP 

level 

Accelerator Operating 

environment 

Compiler 

ezPublish 

Wikipedia 

PHP4 

PHP5 

None 

Xcache 

eAccelerator 

APC 

Zend 

Linux 

AIX 

gcc 

IBM 

XLC/C++ 

Table 1 – PHP application permutations 
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A rich variety of other scripting languages also 

participate in this space, including Python, Ruby, and 

Perl.  We haven’t had time to explore these with the 

level of detail applied to PHP. 

 

7. Do emerging workloads have unique 

characteristics? 

 

An item of interest in workloads is their effective 

footprint in cache.  Given the reasonably generous on-

chip L2 cache of POWER5, the L2 instruction miss rate 

is fairly indicative of code footprint size.  Figure 3 shows 

that our application serving and SOA applications have 

consistently high L2 instruction cache miss rates.  The 

database oriented XML applications also have relatively 

large code footprints.  PHP and search have fairly low 

L2 instruction cache miss rates and the SPECint rate 

2006 applications have negligible L2 instruction cache 

miss rates.   

 

Figure 3 - Instruction L2 miss rates
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Interestingly, instruction L2 miss rates are not 

necessarily a good predictor of branch prediction 

complexity.  Figure 4 shows that the application serving 

segment tends to have high branch misprediction rates, 

but so does PHP, which had very low instruction L2 

miss rates.  Also, while most of the SPECint 2006 suite 

has good branch prediction performance on POWER5, a 

few programs are problematic.  

 

The L2 data cache miss rate for an application tends to 

have more distinct triggers than the instruction cache 

footprint.  Diverse factors including data footprint, data 

access pattern, and context switch rate can all come into 

play.  Figure 5 shows the L2 data cache miss rates for 

our workload samples.  The highest point is represented 

by the SPECint rate 2006 mcf1 program.  As expected, 

OLTP also drives relatively high rates, a result of the 

high multiprogramming levels and context switches for 

I/O.  Also interestingly, high volume webserving 

infrastructure based Java servlet also can push high miss 

rates. 

Figure 4 - Branches mispredicted/instructions 
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Figure 5 - Data L2 miss rates
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Memory accesses on POWER5 are filtered by the 

36MB per chip L3 cache.  Generally, workloads that 

have high memory hit ranges on POWER5 have either 

very large footprints or very little cache reuse.  Figure 6 

shows the memory hit rates for our workload samples.  

Interestingly, the same SPECint 2006 code that afflicted 

the data L2 miss rate samples, mcf1 has by far the 

highest memory access rate.  Clearly, if systems are 

designed to the most pathological cases, the memory 

bandwidth required for a system with a POWER5 sized 

L2 would be about 50% higher than required for any of 

the other samples.  The situation is even worse for the 

larger 36MB cache, with the peak memory bandwidth 

being more than thrice the requirements of any other 

workload sample.  Not surprisingly, OLTP, Search, and 

Business intelligence demand relatively more bandwidth 

than the other workload sets. 
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Figure 6 - Memory hit rates
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Figure 7 shows a comparison of low, average, and high 

values across a set of our workload characteristics for the 

fifty-one legacy and thirteen emerging workloads used 

for this study.  Bounding by categories by low and high 

values we find that legacy workloads have more extreme 

characteristics than the emerging workloads evaluated in 

every category but two.  And those categories, the high 

values for emerging workloads on DTLB misses and 

branch miss predict for target addresses are not much 

higher than the highest legacy values.  Table 2 

summarizes the difference in average values for the 

emerging workloads compared to the legacy workloads.  

Though averages are very difficult to use profitably, it 

appears that emerging workloads instruction footprints 

and branch behavior are generating higher event rates 

than on the legacy workloads.  However, the memory 

bandwidth requirements of the emerging workloads is 

less than legacy workloads. 

 

Metric Average %change in 

emerging workloads 

CPI -7.44% 

IL1 +21.73% 

DL1 -9.87% 

ILTB +22.11% 

DTLB -14.82% 

BR Mpred CR +10.97% 

BR Mpred TA +58.62% 

IL2 +31.43% 

DL2 -15.66% 

MM -39.45% 

Table 2 – Change in average metrics 

 

 

Figure 7 - Bounding Legacy and Emerging Workloads
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Though we must remain vigilant, it appears that for the 

time being the legacy workloads we’ve been using to 

evaluate future systems are more or less relevant to the 

emerging workloads we’ve investigated. 

 

8. Virtualization Technologies 

 

   Characterization of workloads in a virtualized 

environment  using technologies such as Advanced 

Power Virtualization (APV) [1,4]  and AIX workload 

partitions [5] (WPAR) brings out a diverse set of 

additional properties which in turn highlights a different 

set of system requirements. APV allows multiple 

partitions to time share the underlying microprocessors, 

cache, memory, and I/O subsystems. WPAR 

virtualization is done at Operating System level (AIX) 

and  enables multiple workload partitions to share a 

single operating system image that manages the 

underlying hardware resources. In both cases, the 

context switching of workloads on the microprocessors 

leads to less reuse of cache and a corresponding increase 

in cache misses.  However with WPAR virtualization, 

the single operating system image leads to some natural 

sharing of pages across multiple workloads, reducing the 

impact of context switches.  

  Figure 8 compares the increase in each of the 

measured hardware events when seven homogenous 

workloads are consolidated first using APV and then 

WPAR technologies over single workload  

measurements on a single system image.  For these 

measurements, we did not enable direct sharing of pages 

between APV partitions and did not share middleware 

9



and workload code among WPAR partitions. This 

approach was primarily to understand impacts to 

heterogeneous workload environments.  In the APV case, 

every measured hardware event is increased and the rate 

of completed instructions reduced. It is interesting to 

note that in WPAR case, consolidated workloads cause a 

decrease in L1 instruction and data cache misses, 

translation cost and the branch prediction cost while L2 

caches misses and memory accesses are increased.   The 

access patterns of the application serving Trade6 

workload on seven Workload partitions (WPAR) affect 

the MRU ranking of the lines in the L1 cache leading to 

a reduction in the L1 miss rates. However, this change in 

MRU ranking is not reflected in the L2 and L3 caches. 

Also, partitions lead to more distinct (less sharing) data 

working sets increasing L2 and L3 miss rates.  Therefore 

L2 cache misses increase even though L1 misses are 

reduced. As the number of workloads are increased the 

pressure on L2, L3 caches increases in both cases 

resolving misses in memory. For brevity reasons data 

from one to seven partitions incremental data is not 

shown here.  Even though the L2 and L3 on POWER5 

are reasonably large, the large footprint workloads, and 

its access patterns could fill up the caches quickly at 

every partition switch causing memory access to 

increase. Moreover POWER5 has shared L2 and L3 

caches shard by both the threads and cores in the chip 

which exacerbate the pressure on these caches. 

   

Figure 8: Trade6 in Virtualized Environment 
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Figure 9 characterizes a PHP workload in both 

virtualization technologies.  PHP which is a low 

instruction footprint workload shows higher cache miss 

rates both instruction and data in virtualized environment. 

It is interesting to note that instruction misses are higher 

in both L1 and L2 but the memory access is lower in 

case of WPAR indicating L3 is the point of resolution 

for most of the L2 misses. That is, the workload’s 

instruction footprint is still contained within the caches 

for WPARs, but less so for APV.  This again points out 

that WPAR shared pages have an edge over non-shared 

page model.   Most importantly, both forms of 

virtualization tend to increase the memory bandwidth 

required of systems, something critical to consider in 

system design. 

 

Figure 9: PHP in Virtualized Environment
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9. Conclusion 

 

This paper has shown a way to grasp the characteristics 

of emerging workloads during their early evolution by 

taking advantage of some of the key components of the 

CPI stack. This provides a great deal of insight into the 

system level behavior of these workloads at a fraction of 

the investment of the long drawn process of simulation 

and modeling which is impossible or non-existent.   The 

emerging workloads examined run a gamut of 

characteristics, however they are fairly well bounded by 

legacy workloads, allowing surrogate workload 

strategies for future system evaluation.  A bigger factor 

in future system design is likely the impact of various 

virtualization technologies, which will present a heavier 

load on memory subsystems. 
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Abstract

Data mining applications discover useful information or
patterns in large sets of data. Because they can be highly
parallelizable and computationally intensive, data mining
applications have the potential to take advantage of the
large numbers of processors predicted for future multi-core
systems. However, the potential performance of these ap-
plications on this emerging platform is likely to be impeded
by their intensive memory usage. In addition to accessing
memory frequently, some of these applications exhibit ex-
ceedingly large working set sizes. Storing these large work-
ing sets on chip in their entirety may be prohibitively ex-
pensive or infeasible as these working set sizes continue to
grow with problem size. Greater insight into the character-
istics of these working sets is needed in order to determine
alternative approaches to storing the entire working set on-
chip.

In this paper, we examine the memory system character-
istics of a set of applications from the MineBench data min-
ing suite. We analyze these applications in an architecture
independent manner in order to gain greater understand-
ing into the composition of the data working set; in par-
ticular, we document the duration and frequency of active
and idle periods for working set data. We find that working
set data may be reused repeatedly throughout a program’s
execution, but each use is for a short period of time. The re-
sulting long idle periods may enable alternate techniques to
be used instead of caching in order to obtain good memory
performance. We show that for several of these applica-
tions, simple prefetching schemes may alleviate the need to
cache the large working sets.

1. Introduction

As the quantity of data collected each year has grown,
the importance of data mining applications, which extract
patterns from this data, has grown correspondingly. Data
mining technology can be found in a wide variety of fields

including medicine, marketing, finance, entertainment, and
security. Data mining applications interest computer archi-
tects not only because of their growing relevance, but be-
cause they exhibit characteristics that distinguish them from
existing workloads including integer (SPEC INT), floating
point (SPEC FP), multimedia (MediaBench), and decision
support (TPC-H) applications [8]. In general, data mining
applications are unique because they combine high data de-
mands with high computational demands.

Given that data mining applications exhibit these unique
characteristics, the demands they will place on the resources
of future chips, specifically multi-core chips, cannot easily
be predicted. Consequently, recent work analyzes the differ-
ent demands created by these applications in greater depth.
Two of these studies, [3] and [5], conclude that these ap-
plications require large lower level caches to compensate
for large, data working set sizes (32MB or more). How-
ever, this brute force approach to memory organization for
data mining applications is not scalable given that working
set sizes can be expected to continue to grow with problem
size. Additionally, storing large quantities of data on-chip
may not be feasible for systems where power is an impor-
tant concern.

In this paper, we examine how data in the working
set is used over program execution for a set of applica-
tions from the MineBench [7] data mining benchmark suite.
MineBench consists of complete applications exhibiting a
variety of algorithms used to learn from data sets ranging
from grocery purchases to DNA sequences, with each al-
gorithm potentially exhibiting different resource demands.
Our goal is to better understand how data is used in order to
suggest alternative memory organizations and/or data man-
agement policies to extremely large capacity, lower level
caches. We use an architecture independent approach to
show that while data may be reused throughout the major-
ity of a program’s execution, most data will be used for a
small period of time (hundreds to thousands of instructions)
before remaining unused for extended periods (millions or
tens of millions of instructions). Thus, data usage is not
exactly streaming in that data will be reused over a pro-
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gram’s lifetime, but the brief periods of active use suggest
that there is little benefit to storing data beyond short pe-
riods of time if the entire working set cannot be retained.
We show that some, but not all, of these applications are
amenable to data prefetching as a mechanism for reduc-
ing latency and reducing storage capacity, assuming suffi-
cient off-chip bandwidth. These results suggest that exist-
ing techniques may potentially be deployed to obtain good
memory performance for data mining applications on chips
with smaller on-chip storage capacities.

This paper proceeds by first discussing recent work on
characterizing the resource demands of data mining appli-
cations. Section 3 then describes the methodology used for
our analysis. We analyze how working set data is used in
Section 4, analyze the potential uses of prefetching in Sec-
tion 5, and then conclude.

2. Related work

The growing importance of data mining workloads has
instigated examination of the hardware demands exhibited
by these applications, particularly on shared memory multi-
processor systems. As part of this process, Narayanan et
al. have provided a data mining application suite called
MineBench [7]. The fifteen applications in this suite in-
clude algorithms for clustering, classification, association
rule mining, optimization, and structured learning.

Several studies characterizing the resource demands of
data mining applications established that these applications
are both compute and memory intensive. Zambreno et al.
found that most of the applications in MineBench execute
a significantly high number of floating point operations [9].
Ghoting et al. similarly showed that the applications they
studied were compute intensive, either issuing high num-
bers of floating point or integer operations [2]. These stud-
ies also found that these applications experience high level
two data cache miss rates, primarily due to the use of large
data sets. Ozisikyilmaz et al. show that this combination
of high compute and memory intensity results in a cluster-
ing algorithm distinguishing data mining applications from
existing workloads, including SPECInt, SPECFP, Media-
Bench, and TPC-H [8]. Additionally, they show that there
is high variability in the characteristics displayed by the
MineBench applications.

Although Choudhary et al. explore creating special hard-
ware to handle the compute intensity of these applications
[1], most subsequent studies have explored the implications
of data mining applications’ memory demands. The use of
large data sets which cause high level two data cache miss
rates resulted in Ghoting et al. concluding that data mining
applications exhibit poor temporal locality [2]. Jaleel et al.
discovered that temporal locality across threads could po-
tentially be exploited to increase cache hit rates by increas-

ing the total storage capacity of a system through the use of
shared versus private caches [3]. Similarly, Li et al. used
cache sensitivity analysis to show that cache hit rates can be
improved by creating very large, lower level caches that can
contain the very large working set sizes (up to 256MB) for
these applications [5]. Finally, Ghoting and Li conclude that
good spatial locality enables performance improvement via
hardware prefetching for some data mining applications.

The work in this paper builds on prior work characteriz-
ing memory demands. Using architecture independent anal-
ysis, we reconcile the discrepancy between [2] and [3] and
[5] regarding temporal locality. Specifically, we show that
although temporal locality exists in these applications’ data
working sets, most data experience very short periods of
use separated by very long idle periods; consequently, these
applications can appear to have streaming access patterns,
meaning little temporal locality, if the memory system can-
not capture enough of the working set. We also consider
whether prefetching can potentially be used instead of high
capacity, on-chip storage to maintain good memory perfor-
mance; our architecture independent analysis removes the
specific system bandwidth availability issues experienced
in earlier work from impacting this analysis.

3. Methodology

3.1. Simulator

Pin [6] is used to dynamically instrument the binaries
used in this study. In order to characterize memory access
behavior, we have Pin pass instruction addresses, memory
access types, effective addresses, and data sizes to a Pin tool
we created; this is done for user-level instructions executed
by the application. This Pin tool accumulates access statis-
tics for 64B memory lines in order to allow an architecture
independent analysis of how data is used.

3.2. Workload

We have chosen to study eight of the applications in the
MineBench suite compiled with gcc4.2. Table 1 specifies
the applications and the parameters used. This subset in-
cludes applications that perform clustering, classification,
and association rule mining. 1

Although most of the MineBench applications can be run
with multiple threads via OpenMP pragmas, we have lim-
ited our study to examining memory behaviors when only a
single thread is executed. While this decision prevents ob-
servation of data sharing across threads, it makes it possible
to understand the demands created by individual threads.

1This subset was chosen for run time considerations; the non-studied
applications have run times an order of magnitude longer than these eight.
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Application Parameters
Apriori -i data.ntrans 1000.tlen 10.nitems 1.npats 2000.patlen 6 f offset file 1000 10 1 P1.txt

-s 0.0075 -n 1
Bayesian -d F26-A64-D250K bayes.dom F26-A64-D250K bayes.tab F26-A64-D250K bayes.nbc
Eclat -i ntrans 2000.tlen 20.nitems 1.npats 2000.patlen 6 -e 30 -s 0.0075
HOP 61440 particles 0 64 64 16 -1 1
K-means -i edge -b -o -p 1
ScalParC F26-A32-D250K.tab 250000 32 2 1
SVM-RFE outData.txt 253 15154 30
Utility real data aa binary real data aa binary P1.txt product price binary 0.01 1

Table 1. Application execution parameters
Although individual threads in parallelized executions of
these applications my work on smaller portions of the data
set than a thread in a single-threaded version, we expect in-
dividual threads’ data sets to grow as problem sizes grow.

4. Working set characterization

In order to gain a deeper understanding of how data is
used throughout a program’s lifetime, we examine memory
usage patterns without considering a specific memory sys-
tem. Table 4 confirms the data intensity of these applica-
tions shown in similar studies. For these applications, the
average number of data references per instruction ranges
from 0.29 to 0.73. While the division of these memory ref-
erences between stack and non-stack locations varies, read
accesses of non-stack data dominate write accesses (3-93
times as many reads as writes).

Application Stack Non-stack Memory
(R/W) (R/W) (MB)

Apriori 0.21 / 0.09 0.32 / 0.06 100.4
Bayesian 0.25 / 0.18 0.12 / 0.02 0.07
Eclat 0.33 / 0.06 0.30 / 0.04 22.6
HOP 0.17 / 0.04 0.13 / 0.02 3.4
K-means 0.12 / 0.04 0.25 / 0.11 1.5
ScalParC 0.25 / 0.15 0.12 / 0.04 113.3
SVM-RFE 0.04 / 0.02 0.23 / 0.002 44.9
Utility 0.15 / 0.10 0.22 / 0.004 503.0

Table 2. References/instruction and memory
footprints

Table 4 also shows the memory footprints for these ap-
plications. The sizes vary greatly for these applications with
the Bayesian application using less than 0.07MB of mem-
ory while the Utility application usage exceeds 500MB.

4.1. Working set sizes

We obtain an understanding of how the working set size
compares to the total memory footprint by examining how

long non-stack data are used during program execution.
(The number of memory blocks used for stack data is min-
imal, so we do not analyze stack data use.) To determine
the length of time data is used throughout a program, called
its lifetime, we track the time between the data’s first and
last access. Figure 1(a) shows a chart of the percentiles of
data lifetimes. For each application, we normalize the per-
centiles to the program duration. For ScalParC, the data
lifetime for the 25th percentile is 72% of the program’s ex-
ecution, the 50th is 82%, the 75th percentile is 89%, and the
100th percentile is 99%. This means that more than 75% of
the non-stack data in ScalParC is used for more than 72%
of the program’s duration.

From Figure 1(a), we observe that K-means, ScalParC,
and SVM-RFE use more than 75% of their non-stack data
for more than 70% of each program’s duration. The work-
ing set sizes for these applications would therefore be nearly
as large as the total memory footprint for these applica-
tions. In contrast, Apriori, Bayesian, Eclat, and HOP ex-
hibit a great deal of selectivity in how long data continues
to be used throughout program execution. For example,
more than 25% (but less than 50%) of the non-stack data
in the Bayesian application have lifetimes that span most of
the program’s execution while a separate 25% or more of
the data have lifetimes that persist for less than 1% of the
program’s execution. Consequently, these applications will
have working set sizes significantly smaller than their total
memory footprints and working set sizes which will poten-
tially change over time. Finally, most of the data in the
Utility application have exceptionally short lifetimes with a
small percentage persisting for the program’s entirety; this
application exhibits the memory characteristics of a stream-
ing memory application where data is used briefly and then
discarded.

This architecture independent analysis confirms that
temporal locality does exist for this subset of MineBench
applications. It also shows that several of these applications
have very large working set sizes. If we combine infor-
mation about total memory footprint sizes and working set
sizes, we observe that some applications like ScalParC and
SVM-RFE have large working sets. Despite their selectiv-
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Figure 1. Data lifetimes(a) and total active use(b)
ity, Apriori and Eclat will have moderately large working
set sizes. In contrast, Utility will have a small working set
size despite its large memory footprint. Thus, some of these
applications, but not all, can benefit from large capacity, on-
chip storage.

4.2. Active Data Usage

In the previous section, we showed that each of these ap-
plications has a set of non-stack data that is used throughout
the entire program execution. Depending on the applica-
tion, the size of this set varies from a small portion of the
non-stack data to practically all of the non-stack data ac-
cessed by the program. This data contributes directly to the
working set size calculated when cache sizes are continu-
ally increased until no benefits are accrued from increased
cache size as in [5]. However, this data may not be actively
used throughout the program’s lifetime; it may remain idle
for long periods, using valuable storage resources. In this
section, we examine the duration and frequency of periods
of active use of working set data.

In order to quantify how data is used throughout a
lengthy lifetime, we calculate the amount of time data is
actively used before it remains idle for periods of 1 million
cycles or longer. 2 For example, if data is accessed at times
1000; 30,000; 2,000,000; and 2,001,000, we would calcu-
late its non-idle time as being (30,000 - 1000) + (2,001,000
-2,000,000) = 30,000 cycles. In contrast, if data is repeat-
edly used every 10,000 cycles starting at time 2,000 until
time 3,000,000, it’s non-idle time would be (3,000,000 -
2,000) = 2,998,000 cycles. This metric, therefore, allows
us to distinguish data that is used continuously throughout

2This interval length was chosen based on results in [4] showing that
using a 1024K cycle cache decay interval did not severely impact level two
cache miss rates.

its lifetime from data that is used repeatedly but for brief
periods of time.

Figure 1(b) shows the percentiles of non-stack data’s
non-idle time as a fraction of total program execution time.
For example, less than 25% of the data in HOP is used for
the entire HOP program’s lifetime; 50% of the data is used
for between 0.008% and 0.01% of the program lifetime and
the remaining data is used for less than 0.008% of the pro-
gram lifetime. For all of the applications except Bayesian,
we observe that less than 25% of the data are used contin-
uously throughout the program lifetime. Most data remain
idle for the majority of their lifetimes.

This non-idle time is actually spread over a number of
reuses for most of the data with long lifetimes in these pro-
grams. Figure 2(a) shows the number of idle periods (pe-
riods of longer than 1 million cycles of data not being ac-
cessed) experienced by data. Again, the figure shows the
percentiles for the number of idle periods experienced by
non-stack data. More than 75% of the data in K-means
experience approximately the same number of more than
3,200 idle periods. In contrast, less than 25% of the data in
Apriori experience more than 2 idle periods while more than
50% of Apriori’s data experience 2 idle periods. For some
applications like Eclat, K-means, ScalParC, and SVM-RFE,
large portions of the working set data will be repeatedly
used. Depending on the length of time between these reuses
of the data, it may or may not be worthwhile in a system to
store this data on-chip to exploit this temporal locality.

We show the length of time of these idle periods in Fig-
ure 2(b). The chart shows the total percentage of idle peri-
ods lasting more than 1, 5, 10, 50, and 100 million cycles.
(Note that all idle periods last at least 1 million cycles.) For
applications like K-means and SVM-RFE, we see that long
idle periods of more than 10 million cycles exist between
the reuse of data. Given the long lifetimes of most data in
these applications, most data in these applications remain
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Figure 2. Frequency(a) and duration(b) of idle periods
idle for long periods. Since most data in ScalParC have long
lifetimes, similar observations can be made although a frac-
tion of idle periods last less than 5 million cycles. For ap-
plications like Apriori where some data is repeatedly reused
over the program lifetime while other data is discarded af-
ter a small number of reuses, we observe a sharp drop in
the number of idle periods lasting more than 1 million cy-
cles but less than 5 million cycles and a stable fraction of
idle periods lasting long periods of time. Thus, data that
are reused in Apriori are reused before 5 million idle cycles
and data that are not reused remain idle for extended periods
of time. Similarly, more than 50% of idle periods in Util-
ity persist for more than 100 million cycles because only a
small set of data has long lifetimes; they are used and then
remain idle for the remainder of the program.

4.3. Discussion

By examining the lifetimes and non-idle periods of non-
stack data, we discover a complicated picture of how data
are used in these data mining applications. While large por-
tions of the total data accessed by some of these programs
continue to be reused throughout the entire program, data
lifetimes can be decomposed into short periods of use sep-
arated by potentially long idle periods. Given the number
of idle periods experienced by data and the total non-idle
times, we can calculate the average periods of non-idle pe-
riods lasting hundreds to thousands of cycles compared to
idle periods of millions to tens of millions of cycles.

While the repeated use of data over the program life-
times may encourage storing the entire working set in on-
chip storage, the relatively short periods of active use re-
quire reconsideration of whether this approach is the best
approach for data mining applications. There are negative
consequences of storing idle data for long periods of time.
As the working set sizes of data mining applications con-

tinue to grow, this solution will have trouble scaling. Ad-
ditionally, as data centers become increasingly concerned
about power consumption, having large on-chip storage ca-
pacity may be infeasible. Cache decay algorithms like [4]
which decay lines after some preset number of idle cycles
can have large negative impacts on the level two cache miss
rates of these applications.

Given these concerns about the quantity of storage ca-
pacity needed by these applications’ working sets and
power consumption, it might be not be possible to retain
the entire working set in a large on-chip cache. Techniques
that can prefetch data to reduce latency will be necessary.
In the next section, we analyze the predictability of mem-
ory accesses for these data mining applications.

5. Prefetching

In order to determine the likelihood that prefetching can
be used successfully without modeling a specific memory
hierarchy, we collect statistics for every instruction about
the distances between subsequent non-stack memory ref-
erences. If the distance between two memory references
is repeated between the next two memory references, we
consider the previous distance a correct predictor for what
should be prefetched; the distance is the stride. If instruc-
tions frequently have the same stride, simple prefetching
schemes may be useful in reducing cache miss rates.

For every instruction, we retain the frequency of its exe-
cution, the frequency of accesses to the same memory block
as the previous memory access, the number of correct stride
predictions (previous distance equals the next distance), and
the total number of unique strides observed for that instruc-
tion. Contiguous accesses to the same data block represent
a measure of spatial locality.

Figure 3(a) shows prediction accuracies for instructions
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Figure 3. Prefetch accuracy(a) and time before use after prefetch(b)
that access non-stack data. We calculate a single prediction
accuracy number by weighting each instruction’s prediction
accuracy by its frequency. For each application, we show
the prediction accuracy when consecutive accesses to the
same data block are not included in correctness or frequency
counts (No-Spatial) and when they are (Spatial). Because
we are interested in determining how useful prefetching will
be for instructions that access the large quantity of working
set data, Figure 3(a) includes information about instructions
that access large numbers of different data blocks (Select).
Specifically, the 10% of instructions that access the largest
number of unique non-stack data blocks are included. These
instructions are expected to frequently access different data
blocks and are therefore more likely to increase storage ca-
pacity needs. For comparison, we also show prediction ac-
curacies when all instructions that access non-stack mem-
ory blocks are included (All).

Comparison of corresponding No-Spatial and Spatial
bars in Figure 3(a) shows that all of the applications will
benefit from spatial locality gained by an instruction succes-
sively accessing the same data block. However, not all ap-
plications have instructions with infrequently changing data
access strides. ScalParC, SVM-RFE, K-means, and Util-
ity exhibit strong prediction accuracies according to Select-
Spatial, but Apriori, Bayesian, and Eclat do not. Conse-
quently, a simple hardware prefetching scheme that uses a
stride prediction table may be useful for some applications
but not others.

Given that prediction accuracies for all instructions are
similar to prediction accuracies for select instructions for all
but two of the applications when spatial locality is included,
simple prefetch hardware that prefetches on all memory re-
quests should be sufficient. In the cases of HOP and Utility,
prediction for all instructions is less accurate than the set
of select instructions because slightly more than 10% of in-

structions access a large number of unique memory blocks.
A selective prefetching scheme which prefetches memory
only for specific instructions might therefore be beneficial.

Prefetching can only reduce latency if there is adequate
time between initiation of a prefetch request and the re-
quested data’s use. For the same two sets of instructions
analyzed above, we determine the average amount of time
between accesses of different memory blocks by a given in-
struction. Figure 3(b) shows the weighted averages (based
on instruction frequency) of these times for these applica-
tions. For all of these applications, these times are 1,000
instructions or greater, both when select and all instruc-
tions are examined; this implies that sufficient time may
exist in these applications for prefetching to hide memory
latency. Consequently, it may be possible to use prefetch-
ing for some of these applications as an alternative to storing
large working sets on-chip.

6. Conclusions

The increasing importance of data mining applications
requires future chips to be able to handle these computa-
tionally and memory intensive workloads. This paper ex-
amines the characteristics of the large data working sets
documented in earlier studies. We show that data experi-
ence long idle periods, separated by brief periods of use.
These long idle periods provide opportunities for handling
data in ways that require smaller on-chip storage capacity
than approaches that attempt to store entire working sets in
large lower level on-chip caches. We also show that several
of these applications are amenable to using simple stride
prefetchers as one such alternative. These results suggest
that structures like stream buffers for multimedia process-
ing may be useful for improving the memory performance
of these applications.
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Abstract

Conventional CC-NUMA machines employ write-
invalidate protocols, which induce read misses to ensure
coherence. Previous research has shown that an update
protocol can be much more efficient than invalidation
when the data is in predictable patterns. However, update
protocols are difficult to build on a scalable interconnect
and often generate excessive network traffic.

We propose a speculative sequentially consistent write-
update mechanism on top of a write-invalidate protocol. To
ensure correctness, a processor wishing to write obtains
exclusive ownership through a traditional write-invalidate
protocol. To improve performance, the writing processor
can later self-downgrade the modified block and flush it
back to its home node, which forwards the latest value to
processors that are likely to consume the data. We also
present two hardware-efficient mechanisms to detect access
patterns that benefit from the update optimization, stable
reader set and stream.

We evaluate our update mechanisms on a wide range of
scientific benchmarks and commercial applications. Using
a cycle-accurate execution-driven simulator of a future 16-
node SGI multiprocessor, we find that the mechanisms pro-
posed in this paper reduce the average remote miss rate by
30%, reduce network traffic by 15%, and improve perfor-
mance by 10%.

1 Introduction

Advances in semiconductor technology have led to a
tremendous increase in the clock speed and transistor counts
of single-chip devices. However, decreases in interproces-
sor communication and memory latency have not kept pace
with increases in processor speed. This growing proces-
sor/memory performance gap has a significant impact on
shared memory multiprocessor, where a coherence miss of-
ten requires traversing multiple cache hierarchies and incurs
several round trip message latencies.

Existing CC-NUMA systems maintain coherence using
directory-based write-invalidate protocols. Write-invalidate

protocols are efficient for situations where data is used
exclusively by a single processor or mostly read-shared,
but is inefficient for other sharing patterns, like producer-
consumer and widely-shared data. For example, many sci-
entific applications use successive over-relaxation (SOR),
in which a large array is partitioned amongst cooperating
processors. During alternating iterations of the SOR al-
gorithm, the boundary data elements are modified by one
processor and subsequently consumed by neighboring pro-
cessor(s). When a consumer accesses the data, it incurs an
expensive 3-hop miss: (1) a message to the home node (2) a
snoop message from the home node to the producer node (3)
a data forward message from the producer to the consumer.

We propose a lightweight write-update mechanism on
top of a traditional write-invalidate protocol to reduce the
number of remote misses. Our speculative write-update
optimization works as follows. In the above SOR exam-
ple, when the producer wishes to modify a boundary ele-
ment, it obtains an exclusive ownership through a traditional
write-invalidate protocol. Meanwhile, the home node deter-
mines whether the data being written should be forwarded
to (likely) consumers before they suffer a read miss. If
the home node determines that this write should trigger the
speculative update mechanism, it indicates this as part of its
response to the producer. Upon receiving this response, the
producer write-through the new value by delayed interven-
tion, which first downgrades the new contents of the cache
line, then writes back the data to the home node. Finally, the
home node can send speculative update messages to nodes
that it predicts are likely to consume the data.

Traditional write-update protocols often send updates
that are no longer useful. Excessive updates lead to se-
rious performance problems by consuming precious inter-
connect bandwidth. To mitigate this problem, we employ
simple hardware mechanisms to detect two access patterns
likely to benefit from updates, stable reader set and stream.
Recent research has shown that update protocols can im-
prove the performance of the producer-consumer sharing
pattern [3, 20]. Our stable reader set detects when the
data is accessed in a producer-consumer fashion, even when
there are multiple producers. Other recent research iden-
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tifies sets of cache blocks that are accessed in consistent
streams [17, 19, 20]. Data in the same stream often exhibit
similar sharing behavior, so if one block benefits from an
update protocol, the rest are likely to benefit also.

2 Protocol Implementation

2.1 Write Update Framework

We decouple coherence into a (write-invalidate) correct-
ness substrate and a (speculative write-update) performance
substrate. The correctness substrate employs the write-
invalidate protocol to guarantee coherency invariants like
write atomicity. The performance substrate exploits the
write-update protocol to push (write through) modified data
to where it is likely to be consumed. The decision to employ
update optimization is determined by the home node.

2.1.1 Delayed Intervention

In collaboration with SGI, we are investigating performance
optimizations that can be deployed in near-term commercial
systems. Therefore, we only consider designs that require
no processor modifications. This restriction makes it tricky
to initiate updates. To get around this problem, we employ a
delayed intervention mechanism. Figure 1(a) shows the co-
herence operations induced by the producer-consumer shar-
ing pattern in a traditional write-invalidate protocol, where
both the producer and consumer incur 3-hop misses. Fig-
ure 1(b) shows the coherence operations after we introduce
delayed interventions. New coherence messages are indi-
cated with bold lines and coherence messages eliminated
are indicated with dashed gray lines. When the producer
wishes to modify a cache line, it acquires the exclusive own-
ership using the baseline write-invalidate protocol. How-
ever, if the home node chooses to trigger the write-update
optimization upon receiving the read exclusive request, its
reply to the requesting node includes a delayed interven-
tion flag. Upon receiving the reply message, the producer’s
memory controller treats it as an exclusive reply, but also
registers a delayed intervention. After the producer’s mem-
ory controller collects all acknowledgement messages and
grants the processor exclusive ownership, it activates the de-
layed intervention operation, which entails waiting a short
period and then sending an downgrade intervention request
to the processor. In response to the local intervention mes-
sage, the producer downgrades the cache line from exclu-
sive to shared state and sends an implicit write back (IWB)
message to the home node with the cache line’s new con-
tents. Subsequently, when consumers read the data, the
home node can serve the request directly without snooping
the producer.

2.1.2 Speculative Updates
When the home node receives the data written back from the
producer node, it can use speculative updates to propagate
the data to where it is likely to be used. If we correctly push
data to where it will be consumed, the consumer will suffer
a local miss instead of an expensive remote miss. To sup-
port speculative updates, we need to first provide a means to
push unrequested data to a processor, then determine when
and where to push the data (Section 2.2). Researchers often
assume the ability to push data into processor caches, but
this capability is not supported by modern processors. To
support pushing unrequested data, we augment each node
with a remote access cache (RAC). In our design, RACs
can hold victimized remote data [10], but are primarily used
as a target for remote pushes.

Figure 1(c) shows the flow of speculative updates. Bold
lines represent new coherence messages sent in the spec-
ulative update protocol that are not present in the baseline
protocol. Solid gray lines represent messages saved com-
pared to employing only the delayed intervention mecha-
nism. Dotted gray lines together represent coherence mes-
sages saved compared with the baseline write-invalidate
protocol. The protocol is identical to the delayed interven-
tion (only) design until the home node receives the IWB
message, at which time it forwards the data to the RACs on
nodes where the data is likely to be consumed. The home
node keeps track of the set of nodes to which it has pushed
the data by adding them to the corresponding sharing vec-
tor. If the home node correctly predicts which node(s) sub-
sequently consume the data, the consumers read the shared
copy directly from their local RACs.

2.1.3 Verification
We used the Murphi model checker [5] to verify that our
performance optimizations do not violate any coherence
correctness invariants. We extended the DASH protocol
model provided as part of the Murphi release and performed
an exhaustive reachability analysis for a small configura-
tion. We found that none of the invariants provided in the
DASH model are violated by our changes. Moreover, we
extended our architecture (performance) simulator to check
two invariants, single writer exists and consistency within
the directory, at the completion of each transaction that in-
curs a L2 miss. These invariants held for all of our experi-
ments.

2.2 Determining When/Where to Push Updates

2.2.1 Stable Reader Set
Adaptive coherence protocols have been proposed to op-
timize migratory [4, 18], producer-consumer [3], and
wide [9] sharing. However, many applications have multi-
ple dominant signatures that tend to fool adaptive protocols
designed to identify specific access patterns. Unstructured
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Figure 1. Flow of base case (a) , delayed intervention (b), and speculative update (c).
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Figure 2. Format of directory cache entries

is a computational fluid dynamics (CFD) application that
models an airplane wing using an unstructured mesh. Its
access pattern oscillates between migratory and producer-
consumer sharing. To exploit this pattern, we propose a
hardware mechanism to detect a stable reader set.

We define stable reader set sharing as a repetitive pattern
wherein multiple processors belonging to a stable set can
write and/or read the block arbitrarily, which corresponds
to the following regular expression:

...(Wi)(R∀j:j 6=i)
+(Wk)(R∀m:m6=k)+...i, j, k, m ∈ S (1)

Ri and Wi represent read and write operations by processor
i, respectively.

To detect stable reader sets, we extend each node’s di-
rectory controller to track the access histories. We mini-
mize space overhead by only tracking the access histories of
blocks whose directory entries reside in the directory cache.
A typical directory cache might contain 8K directory en-
tries. We find that tracking only their access histories de-
tects the majority of the available sharing patterns, which
agrees with similar results reported by Martin [12].

We add two fields to each directory cache entry: a reader
set and a stable counter, as shown in Figure 2. This ex-
tra state is not saved if the directory entry is evicted and
flushed to main memory. The reader set field employs the
same data structure as the sharing vector, a full bitmap struc-
ture. Figure 3 shows an example in which processors 1, 2,
and 3 share the data at address A. Each processor modifies
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Figure 3. Stable reader set prediction process
the data in turn, and each modification is immediately con-
sumed by the other two processors. When a processor is
added to the sharing vector, it is also added to the reader
set. However, when a processor writes the data, e.g., step 4
in Figure 3, the sharing vector is overwritten by the current
owner’s ID, while the reader set is not modified. Thus, the
reader set is always a superset of the sharing vector. The sta-
ble counter is a 3-bit saturating counter that is incremented
each time the home receives a new request from a node in
the current reader set and decremented each time it receives
a request from a node not in the current reader set. A mem-
ory block is regarded as having a stable reader set whenever
the stable counter is saturated. When the home node re-
ceives a read exclusive request while the block has a stable
reader set, it sets the delayed intervention bit in the reply
message. When the newly written data is flushed from the
producer (processor 1 in this case), the home node pushes
the data to the RACs of all other processors in the reader
set (processor 2 and 3), as described above.

2.2.2 Streaming
Memory accesses in commercial benchmarks display less
temporal and spatial locality and cannot be accurately pre-
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Figure 4. Streaming prediction process

dicted based on the access history of a single block. Re-
cent research advocates fetching data in the form of streams,
sequences of blocks that are accessed in a correlated fash-
ion [17, 19, 20].

To detect streams, we add a Last Address Table (LAT)
to each directory controller to track the address of the last
write request from each processor and augment each di-
rectory cache entry with a next address field that points
to the next element in the current stream. Figure 4 de-
picts the operations involved in detecting stable streams.
In this example, processor P1 produces a stream {A, B,
C} that will be consumed by processor P3. Meanwhile,
P2 produces another stream P, Q. These two streams are
interleaved, and arrive at the home node in the order:
W1A,W2P, W1B, W2Q,W1C... When the home node re-
ceives the read exclusive request of address A from P1, it
first checks its LAT. As there is no previous write request
from P1, the directory controller updates P1’s LAT entry
with address A (step 1). Then, the home node receives a
second write request from P1, this time asking for address
B. Since the directory controller knows that the address of
the last write request from P1 is A, it sets the next address
field in A’s directory cache entry to B and updates the LAT
(step 3). After receiving two more write requests, W2Q

and W1C, the directory controller has built two linked lists
that record two independent streams, {A, B, C} and {P, Q}
(step 5). However, the value of stable counter of all direc-
tory entries remains 0 to indicate that these streams have not
repeated, and thus are not stable.

The value of the stable counter is updated when the same
address is re-requested by a particular processor, e.g., when
P1 re-requests address A (step N).

A stream is considered stable if all of its elements have
saturated their stable counters. If a processor reads data be-
longing to a stable stream, we predict that it will request

Parameter Value

Processor 4-issue, 48-entry active list, 2GHz
L1 I-cache 2-way, 32KB, 64B lines, 1-cycle lat.
L1 D-cache 2-way, 32KB, 32B lines, 2-cycle lat.
L2 cache 4-way, 2MB, 128B lines, 10-cycle lat.
DRAM 200 processor cycles latency
Network 100 processor cycles latency per hop

Table 1. System configuration.

other data in the stream in the near future. In the previous
example, when P3 requests address A (the start of stable
stream {A,B,C}), the home node adds P3 to the reader set
of A, B, and C. It then sends request that the current owner
(P1) self-downgrades and flushes any elements of the sta-
ble stream that it has cached. After the home node receives
the written-back data, it pushes the data into P3’s RAC. In
our current design, we limit the length of a stream to 4, as
suggested by previous work [20]. An important area of fu-
ture work is to study the latency/bandwidth tradeoff with
streams of varying length.

3 Evaluation
3.1 Simulator Environment

We evaluate our update mechanisms on a wide selection
of benchmarks (19 scientific applications and 3 commer-
cial application) using two simulators, UVSIM and Sim-
ics. UVSIM is a cycle-accurate execution-driven simula-
tor [22]. It models a hypothetical 16 node future-generation
SGI Altix architecture that we are investigating along with
researchers from SGI. Table 1 summarizes the major pa-
rameters of our simulated system.

Among the 19 scientific applications, Barnes, Ocean,
FMM, Waternsq, Waterspa, Cholesky, FFT, Radio, Radix
and Volrend are from the SPLASH-2 benchmark suite [21];
EM3D is a shared-memory implementation of the Split-
C benchmark [7]; Unstructured is a computational fluid
dynamics application; Gauss, ASP and TC were used by
Kaxiras to evaluate wide sharing sharing [9]; Appbt, CG,
LU, MG, are from the NAS Parallel Benchmark suite
(NPBs) [6].

To study commercial workloads, we model the processor
described in Table 1 with the Virtutech Simics full system
execution-driven simulator [11] and GEMS timing infras-
tructure [13].

3.2 Results

Figure 5 presents the execution time speedup, and Fig-
ure 6 presents the network message reduction. For each
application, we also show the results for a baseline write-
invalidate (only) with no RAC, a write-invalidate (only) sys-
tem with a 32KB RAC, a system with a 32KB RAC that
employs our write update optimization, and a system with
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Figure 5. Application Speedup

0%

20%

40%

60%

80%

100%

120%

sp
ecw

eb tpc
h

ap
ach

e
ap

pb
t

ba
rne

s cg
em

3d fft mg
oc

ea
n

un
str

uct
ure fm
m

wate
rns

q
wate

rsp
a

as
p

ch
ole

sky lu
ga

uss rad
io

rad
ix tc

vo
lre

nd
ge

om
ea

n

Base no-RAC 32KB RAC 32KB RAC Update 1MB RAC Update 

Figure 6. Network Traffic

a 1MB RAC that employs our write update optimization.
All results are normalized to the baseline system’s perfor-
mance. Other than the baseline and RAC-only systems, the
results include both write-update performance policies: sta-
ble reader set and stream.

Rather than report the results of only the subset of ap-
plications that demonstrate large benefit, we report on all
of the programs that we ran on our simulator. Our specu-
lative update mechanisms never hurt performance, even in
the few instances where they increased network traffic, and
often led to significant performance benefits.

Our results corroborate previously published results [16]
showing that scientific applications exhibit stable and
highly repetitive sharing patterns. Some applications dis-
play one dominant signature like migratory (Cholesky, Wa-
ter), producer-consumer (Barnes, Ocean, LU, CG, Appbt,
Em3d, Mg) or wide sharing (Tc, Asp, Gauss). Others, e.g.,
Unstructured, exhibit different dominant signatures during
different program phases. The stable reader set mechanism
can detect these patterns and trigger updates when data is
produced. Generally speaking, for applications with stable
sharing patterns, the more often we detected opportunities
to employ updates, the more remote misses we were able to
eliminate and the better the performance speedup.

The percentage of data that can benefit from update op-
timization, and thus the required size of RACs to exploit
our design, is application-dependent. In some applications,
only boundary elements benefit from updates. Since the
percentage of boundary elements are usually small relative
to overall data size, a small RAC is able to achieve good
performance for these applications. For example, for LU we
only need a 32KB RAC to reduce remote misses by 22%,
reduce network traffic by 30%, and improve performance
by 39% when we employ updates. However, other appli-
cations, like Appbt, have a large number of blocks that can
benefit from the updates. For these applications, a small
RAC cache is able to capture only a fraction of the perfor-
mance benefit of the large configuration. For Appbt, using
a 32KB RAC limits the benefits of using updates to a 10%
reduction in remote misses and 5% performance improve-
ment. Increasing the RAC size to 1MB improves the per-
formance benefit to 29% and eliminates an additional 26%
of remote misses.

For commercial workloads, our proposed mechanisms
reduce the number of remote misses by 5%-10% while in-
creasing network traffic by 2% to 16%, which results in an
performance improvement ranging from 2% to 6%.
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4 Related Work
Write-update and hybrid update-invalidate protocols

have been extensively studied [1, 15]. Producer-initiated
communication and prefetching are two commonly used
techniques to hide long miss latencies [2]. To guarantee
write atomicity and write serialization, researchers often as-
sume a weak/relaxed memory consistency model or rely on
a bus interconnect to provide a total order.

Recent research has advocated decoupled coherence pro-
tocols. Token coherence [14] breaks a protocol into separate
performance and correctness protocols. Coherence decou-
pling [8] breaks a protocol into speculative and correctness
protocols. Similarly, we employ a write-invalidate correct-
ness substrate and a speculative write-update performance
substrate.

A different approach to reducing coherence overhead is
to support speculative coherence operations, which can be
classified into directory value prediction [16] and coherence
operation prediction [9]. All of these techniques require
changes to the processor core. In contrast, our simple, and
likely less accurate, predictor can be implemented in an ex-
ternal directory controller with little hardware overhead.

Stream detection can enable sequences of blocks that
are accessed in consistent orders to be streamed between
nodes [19, 20, 17]. Streaming increases the accuracy of co-
herence prediction by correlating a recurring sequence of
addresses. However, previously proposed stream detectors
require significant storage overhead in the form of large his-
tory tables and/or processor modifications. To meet our de-
sign constraints, we propose a simple hardware mechanism
to detect streams that uses only information available in the
directory controller.

5 Conclusions and Future Work
There are many ways to extend and improve our work.

We plan to investigate the value of more sophisticated
predictors, like spatial streaming and temporal streaming.
In addition, we plan to investigate the potential perfor-
mance benefits of non-sequentially consistent versions of
our mechanisms.
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Abstract

Storage Area Networks (SAN) have become one of the

most widely used solution for high performance enterprise

storage applications. However, the infrastructures of SANs

are very complex and varied among different vendors. It is

important to understand the behavior of these SANs in or-

der of enhancing performance of the applications that run

on them. The main idea of this paper is to understand the

behavior of a server-SAN system that manages multiple ap-

plications stored in the same volume. We aim at modeling a

typical workload of a small company which consists of one

license of a database system software and shares that same

license for multiple databases. These multiple databases

may be used potentially for diverse applications. The ob-

jective is then to see how the system would behave when

managing queries from different types of databases at the

same time. In this paper we will use an M/G/1 Queueing

Model to analyze the system and will report our first set of

experiments which are composed of two different database

workloads based on the TPC-C and TPC-H benchmarks.

We show that the model can be used to anticipate the im-

pact of growth in the arrival rate on the behavior of the sys-

tem. This model has the potential of predicting the system

behavior when adding more workloads to the mix.

1. Introduction

SANs typically consist of large disk arrays controlled

by local storage processors (SPs) and made available to the

server as different virtual partitions or logical unit numbers

(LUN) through a fast attached media such as fibre channel.

In these experiments we want to address the lack of char-

acterization of concurrent workloads running on a server

system. A considerable amount research has focused tra-

ditionally in characterizing the behavior of streaming data

(video/audio) or servers dedicated completely for a single

type of application [1]. In real life this may not necessarily

be the common case. Due to high cost of database software

licensing, small companies often use same licenses to create

multiple databases that they will need. For example, com-

panies may have a Web Server that handles online trans-

action processing (OLTP) type transactions and also inter-

nally may need to process decision support systems (DSS)

type queries. One possible implementation of their system

could be thought as a set of workloads consisting of multi-

ple applications interacting with a single database system.

In order of enhancing performance for this type of services,

there is the need to fully understand the characteristics of

these multiple instance workloads running both single and

concurrently.

Analytical Modeling aims at describing a collection of

measured and calculated behavior of different computer

system components such as workloads, hardware, software,

cpu and the storage medium. The measurements are done

in a finite period of time, thus we would like this time win-

dow to capture the behavior we are interested in. Analytical

models can be built for different purposes. Some models

are created as a basis for prediction of behavior of certain

elements within a system. The impact of moving to faster or

slower hardware, for example, can be measured by chang-

ing different parameters of each component into the model.

Other models, as in our case, are mainly built to gain an un-

derstanding of the current activity on the system of interest.

We can then measure performance and analyze the behavior

of the workloads and the hardware within it.

In this paper we will use an M/G/1 Queueing Model

to characterize our multiple application system. We can

take the advantage that Queueing Theory can be applied

to evaluate the efficiency of a computer system that han-

dles requests and provides services. Figure 1 depicts such

scheme. The implemented workloads are based on TPC-

C (OLTP) and TPC-H (DSS) benchmarks. These bench-

marks are specified by the Transaction Processing Council

[2]. We used our model with combination of these two types
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of workloads as well as each running separately. The rest of

Figure 1. Example of a Queueing System

the paper is organized as follows. In section 2 we start with

a description of the M/G/1 model. Section 3 will then

discuss the characteristics of the implemented workloads.

Results of the model simulation and a comparison with real

data will be covered in section 4. Section 5 will analyze the

results . Section 6 will cover some related work in the area.

Then section 7 presents the conclusions and will propose

future work.

2. M/G/1 Queueing Model

There has been a considerable amount of work analyzing

the M/G/1 queue system [3, 4, 5, 6].The M/G/1 queue

has customers or transactions arriving according to a Pois-

son process with rate λ, but with service times having a

general distribution. This provides us with a more general

case when comparing it to the M/M/1 queue which has

Poisson arrival rates and exponential service times. There

is a drawback though: the M/G/1 queue does not have a

general, closed form distribution for the number of trans-

actions in the queue in steady state. However, it provides

a generalization based on average values. That is, it gives

a general solution for the average number of transactions

in the queue, and the application of Little’s Theorem pro-

vides us the corresponding result for the average time spent

in the queue. Collectively, these results are known as the

Pollaczek-Khinchin (P-K) formula:

TW =
ρ(1 + C2

S
)

2(1 − ρ)
TS (1)

Where ρ = λTS is the utilization of the system, defined

in terms of arrival rate λ and TS , the average service time.

TW is the average waiting time and C2

S
is the coefficient of

variation squared of TS . The P-K formula for the M/G/1
queue assumes first come first served (FCFS) policy. Using

the P-K formula, the average number of transactions in the

system QL is:

QL = ρ + ρ2
(1 + C2

S
)

2(1 − ρ)
(2)

Table 1. OLTP vs DSS Comparison

Characteristic OLTP DSS

Description Transaction Informational

Processing Processing

Orientation Transactions Analysis

Function Day to day Decision Support,

operations Long-Term

informational

requirements

Data Up to date Consistency

maintained

over time

Accesses Read/Write Read (mostly)

Operations Index/hash on Large amount

primary key of scans

Performance metric Transaction Throughput Query Throughput,

response time

and the average waiting line size QW is:

QW = QL − ρ (3)

= ρ2
(1 + C2

S
)

2(1 − ρ)
(4)

With these equations, we can build a model that captures

the behavior of a system composed of a server attached to a

SAN which manages multiple applications in the same vol-

ume. We can use input parameters λ, TS and C2

S
to estimate

system average queue length, utilization and average wait-

ing time. We can then characterize the performance of the

system based on these model output.

3. Workload Characteristics

We are using in our experiments two types of workloads;

an OLTP and DSS system. These workloads were imple-

mented based on TPC-C and TPC-H [2]. Table 1 shows a

comparison of both types of workloads. TPC-C models a

wholesale supplier managing orders. Order-entry provides

a conceptual model for the benchmark with the underlying

components being typical of any OLTP system. The work-

load consists of five transaction types. Table 2 shows the

transaction types and their read/write characteristics. The

transactions operate against a relational database composed

of 9 tables. These are: Warehouse, District, Customer, His-

tory, Order, New-order, Order-Line, Stock, and Item. Trans-

actions will make reads, writes, and rollbacks. The appli-

cation uses primary and secondary key access. Our OLTP

workload consists of warehouses each containing 10 termi-

nals as the TPC-C specification states. The terminal inter-

face consists of a Linux terminal that displays information

about the current transaction being performed. The deliv-

ery transaction is executed as any other transaction so there

is no deferred mode. The TPC-H workload is a complex
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Table 2. OLTP Transactions
Name Access Pattern

New-order read/write

Payment read/write

Delivery read/write

Order-status read

Stock-level read

Decision Support workload. TPC-H Benchmark models ad

hoc queries. The benchmark consists of queries that per-

form read accesses to the database and a pair of database

update functions (add, delete). The database size is deter-

mined from fixed Scale Factors (SF): 1, 10, 30, 100, 300,

1000, 3000 which correspond to the nominal database size

in GB. For example, SF 10 means a database with a size of

approximately 10 GB. Tools for generating data and queries

for the database are provided with the benchmark specifica-

tion: DBGEN and QGEN. The use of these tools is strongly

recommended and if not used, the mechanism for creating

the data and queries must produce exactly the same output

as those tools. TPC-H contains 22 well defined queries.

Our DSS workload uses 17 out of the 22 queries. Sequen-

tial execution of these queries produce a query stream. The

used queries are: q1-q16 and q19. Refresh functions per-

form database update between tests. The workload consists

of three parts: Load Test, Power Test and Throughput Test.

The Load Test just measures the time it takes for the system

under test to build the database. The Power Test performs

a pair of refresh functions and queries submitted in a sin-

gle query stream. The test is performed sequentially (i.e.,

no concurrency). The Throughput Test performs multiple

concurrent query streams and refresh functions.

4. Experiments

4.1. Single Class Model

The experiment consisted on running the workloads in

a Data Center Server-SAN attached system using a same

volume and DBMS. The implementation was done using

a MYSQL 5.0 DBMS [7], C++ and MYSQL++ [8] tools.

The experimental setup for this experiment depicted in

Figure 2. The server is a DELL PowerEdge 1950 server

with dual processor, dual-core, 2.0 GHz Intel Xeon EM64T

processors with 8GB memory configuration connected to

an EMC CLARiiON CX300 storage array via fibre channel

with Red Hat Enterprise 4 (Linux 2.6.9-34.ELsmp, 64-bit

kernel). The fibre channel connection is made through

a using a McData Sphereon 1440 fibre channel switch.

The server has a dedicated LUN of 1 TB consisting of

7 HDDs with a RAID 5 configuration. OLTP and DSS

Figure 2. Experimental Setup

Table 3. OLTP workload description
Warehouse Number of

Number Terminals

10 100

implementations have the configuration shown in Tables 3

and 4. The databases were previously created and loaded.

We decided to keep the applications size small to capture

transaction behavior without stressing the system, specially

when running concurrently. In the case of the DSS system

we ran a complete Power and Throughput test sequence.

We collected disk I/O information of execution using linux

command iostat [9] and EMC Navisphere CLI application

[10]. These commands return information about the SAN

treating it as a large disk. In this paper we will follow the

same approach. We selected our model input data after the

first 10 minutes of execution to allow time for the system

to arrive at a near to steady-state condition. From this time

interval, We will obtain the input parameters for our model

such as average service time and arrival rate and compare

the output of the model with the real results measured by

Table 4. DSS workload description
Scale Factor Throughput

Streams

1 10
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Figure 3. OLTP Queue Length Estimated by
model vs Measured
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Figure 4. DSS Queue Length Estimated by

model vs Measured

these tools. The procedure is as follows:

1. Select a steady-state region in our simulation time (mid-

dle). We will collect the average service times, arrival rates,

and response times.

2. Construct our model inputs, with these values and with

the estimation of the coefficient of variance C2

S
.

3. Estimate our model outputs, the average queue length

QL and average waiting time TW .

We will display the estimated values of QL and TW
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Figure 5. OLTP and DSS Queue Length Esti-
mated by model vs Measured
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Figure 6. OLTP Queue Waiting Time Esti-

mated vs Measured

using our model and their respective measured results ob-

tained during simulation.

Table 5 shows basic characteristics of the workloads.

From these results, we can see that the multiple applica-

tion (OLTP & DSS) is dominated mostly by the behavior

of the DSS workload which has an I/O activity much larger

than OLTP. This I/O activity is due to writes performed in

the update functions. We can see from Figures 3 to 5 that

the M/G/1 model predicts the average queue length with

high accuracy. The error between measured results and the

model estimates range from 0.01% to 4.26%. In the case of
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Figure 7. DSS Queue Waiting Time Estimated

vs Measured
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Figure 8. OLTP and DSS concurrent Queue

Waiting Time Estimated vs Measured

the average waiting time, (Figures 6 to 8) the behavior is the

same with error ranges from 0.03 to 16%. The 16% error

is from DSS and is associated with the fact that few disk

I/Os were generated with it. In the case of the concurrent

the maximum error was 3.42% and OLTP error was 4.26%.

The previous results give us confidence that the model has

captured the behavior of the system. In the case of the mul-

tiple application results (Figures 5 and 8), we only have ag-

gregated values at this moment, so we would have to model

it with a single class model. In the next section we will an-

alyze this model and how it behaves in terms of modifying

these components to create a two class model.

Table 5. Workloads I/O Characteristics
Workload R/W % reads % writes total

ratio IOps

OLTP 0.461 0.316 0.684 4,254.2

DSS 0.001 0.001 0.999 35,392

OLTP & DSS 0.005 0.005 0.995 34,309

4.2. Two Class Model

The application of the previous models following a sin-

gle class model approach produced excellent results. How-

ever, to fully understand the contribution of each workload,

the multiple application experiment had to be modeled us-

ing a two class approach. Each input parameter represent-

ing the load of the classes were taken from the measured

values (total). They were split in a manner such that the ag-

gregation of both components resulted in the total measured

values, that is, λ = λOLTP + λDSS , ρ = ρOLTP + ρDSS

and so on. We selected λOLTP to be around 20% the size

of λ in order of satisfying the proportion we observed from

Table 5. The service times (TSOLT P
and TSDSS

) of this two

class model are independent of each other. For simplicity

we chose both to have the same average value, which was

the measured one. We computed C2

SOLT P
and C2

SDSS
. The

output of our model will be the sum of the two components,

that is: QL = QLOLTP
+ QLDSS

. Since time values have

the same average value, TWOLT P
= TWDSS

= TW . The

output of this model is the same as shown in figures 5 and 8

so we are confident that this approach can be used to ana-

lyze each component independently.

5. Analysis of Results

After validating our model, we can then proceed to ana-

lyze it. In this case we have selected a time interval inside

the steady state region. The first step was to select similar

measured values of TS and their corresponding calculated

C2

SOLT P
and C2

SDSS
. QL values were calculated using the

selected (TS,C2

S
) pairs and varying ρ. ρ values were se-

lected from 0-1 range so that we can see system behavior

when modifying the load of each application component.

The two class model was the only model used for this anal-

ysis. We split the model into the two components and draw

the graphs of ρ vs QL. We also provide results from both

components as a whole.

Figure 9 shows the obtained results. In (a) there is

the OLTP component on the model. In this graph we let

λOLTP >> λDSS , specifically λOLTP = 0.9 ∗ λ. The

graph shows a saturation point at around ρ = 0.6, QL = 30.

Looking at the measured data for the single OLTP execu-

tion, we found two values with the same TS for this anal-

29



0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

20

40

60

80

100

120

140

Utilization

M
e

a
n

 Q
u

e
u

e
 L

e
n

g
th

OLTP Component Model

Model Estimation

Measured

(a) λOLTP >> λDSS
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(b) λDSS >> λOLTP
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(c) Unmodified Model

Figure 9. M/G/1 Two-Class Model: TS = 0.40

ms

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

20

40

60

80

100

120

140

Utilization

M
e

a
n

 Q
u

e
u

e
 L

e
n

g
th

OLTP Component Model

 

 

Model Estimation

Measured

(a) λOLTP >> λDSS
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(b) λDSS >> λOLTP
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ysis. When the values for the measured ρ and QL are

plot, they fall inside the model graph. Figure 9 (b) shows

the same type of plot associated with the DSS compo-

nent of the two class M/G/1 model. In this case, we let

λDSS >> λOLTP , with λDSS = 0.8 ∗ λ. This compo-

nent behaves very different than the OLTP component. The

saturation point is located at around ρ = 0.8, QL = 50,

which shows that this component saturates at a later utiliza-

tion than that of the OLTP. Data values from the DSS single

execution were also found and superimposed in the graph.

We can see that the values from the DSS single experiments

fit in the model’s ρ vs QL curve. Finally, in (c) we have

graphed both components of the model with values from

the measured OLTP-DSS simulation. These values are also

inside the model path as expected.

Figure 10 shows the same experiments but with differ-

ent a value of TS. The purpose of this figure is to ana-

lyze how the model behaves when the overall utilization is

higher, specifically larger than 50%. We can see that also

in this case, the model provides results that are close to the

measured data. When analyzing both figures, we note that

the combined two class model shows a behavior similar to

that of DSS which is consistent with the measured results

summarized in Table 5. This makes sense since DSS is the

larger contributor in the mix. This analysis suggests that

the two class model can be used to predict system behav-

ior with certain similarity of actual measured data. In other

words, the analysis shows that there is a contribution of each

workload to the total mix and that these contributions can

be separated while maintaining their respective behavioral

attributes.

6. Related Work

The study of Storage Area Networks has gained popular-

ity as this technology has emerged as one of the most com-

monly deployed storage solutions. Our work implements a

queue model and uses it to model a particular system using

obtained measurements. We are interested in modeling mul-

tiple complex database applications running concurrently.

Most of the previous efforts for SAN research have been

in introducing theoretical models. Chao, Li-zhu and Chun-

xiao [11] proposed the use of an M/M/Q model for Per-

formance simulation of SANs. The authors construct a soft-

ware simulator and show how this model is general enough

to be fitted to different SAN systems. Their work shows an

error of around 10%. Zhu, Zhu and Xiong [12], presented a

Queueing Network Model to analyze SAN structures. They

create a theoretical model that details all mayor components

of a SAN as a network of queues. Besides the theoretical

model, the authors provide analysis for the host server, fi-

bre channel network, disk array subsystem, fibre channel

protocol and disk units. Molero et al [13] developed a tool

for the design and evaluation of fibre channel SANs. This

tool is based on the CSIM C/C++ [14] extension to create

simulations.

Menasc, Pentakalos and Yesha [15] present an analytical

Queueing Network Model for mass storage systems. They

consider both host attached and network attached devices.

They provide a modified Mean Value Analysis (MVA) al-

gorithm that can handle multiple classes of requests for a

striped RAID array. Their workloads were a set of ftp get

and put for a ten day period. Nijim, Xie and Qin [16] pro-

pose the use of an analytical model to model the perfor-

mance of a self-managing computer systems under mixed

workloads conditions. They perform a trace driven simula-

tion where their workload mix consisted of one cpu inten-

sive and one I/O intensive. Urgaonkar et al [17] present an

analytical Queueing Model for multi-tier Internet applica-

tions. Their model predicted average response times within

the 95% confidence intervals of the observed average re-

sponse times.

7. Conclusions

In this paper we have shown results from modeling a sin-

gle server connected to a SAN. We used a single M/G/1
Queueing Model. The experiments deal with characteriz-

ing the behavior of multiple workloads running in the same

system. The results show how the model manages to repre-

sent the system of interest. This model is able of generating

output parameters that yield low error when compared to

experimental data. We learned that the two class M/G/1
model is able of predicting system behavior that is actually

similar to measured data. The model can be used to antici-

pate the impact of growth in the arrival rate on the behavior

of the system. In the case of adding more workloads to the

mix, the model has the potential of predicting the system

behavior once the new mix has been characterized.

As future work, we plan to extend these experiments by

both increasing the workload number and size. We are also

interested on quantifying the impact of each instance in-

dependently as a component of the whole disk utilization.

This will require us to extend the model to a multi (more

than two) class model. This would help us understand bet-

ter the overall performance of the system given a particular

set of desired applications to be run concurrently. The use

of Queueing Network Models to characterize the complete

system in terms of its components components as the fibre-

channel switch, the storage processors and host bus adapters

is the long term goal. This approach will provide an even

greater level of understanding of all the characteristics this

server-SAN system has.
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Abstract 
 
Using TPC-C™ as an evaluation tool, we examine the 
effects of varying memory size on throughput, I/O rate, 
bus utilization and cache utilization.  Unexpected 
relationships between memory size and resource 
utilizations are revealed and quantified.  The platform 
studied was an HP Integrity rx6600 with two dual-core 
Itanium 2 CPUs, running at 1.6 GHz with 24 Mbytes 
cache memory per socket. 
 
1. Introduction and Background 
 

It’s general knowledge that increasing memory size 
in a server can improve performance.  However, it’s a 
long way from this “general knowledge” to 
quantifying the gain in performance, much less to an 
understanding of the underlying cause-and-effect 
relationships between memory size and throughput. 

The question of how much memory to design into a 
server is an important consideration for R&D teams, 
involving as it does scheduling, parts cost, board 
layout, thermal and power tradeoffs, as well as 
performance. 

In this paper, we will quantify this gain in 
performance and discuss the changes in resource 
utilizations associated with varying memory size.  The 
workload used is TPC-C [1], the DBMS is SQLServer, 
and the server is an HP Integrity rx6600 with 2 CPUs. 

TPC-C, for those unfamiliar with it, is a commercial 
benchmark developed by the Transaction Processing 
Council.  It represents an on-line transaction 
procession (OLTP) environment.  As the Transaction 
Processing Council website 
(http://www.tpc.org/tpcc/detail.asp) describes it: 

“As an OLTP system benchmark, TPC-C simulates a complete 
environment where a population of terminal operators 
executes transactions against a database. The benchmark is 
centered around the principal activities (transactions) of an 
order-entry environment. These transactions include entering 
and delivering orders, recording payments, checking the status 
of orders, and monitoring the level of stock at the warehouses. 

However, it should be stressed that it is not the intent of TPC-
C to specify how to best implement an Order-Entry system. 
While the benchmark portrays the activity of a wholesale 
supplier, TPC-C is not limited to the activity of any particular 
business segment, but, rather, represents any industry that 
must manage, sell, or distribute a product or service.” [2] 

When properly implemented, TPC-C will heavily 
stress system resources.  For example, CPU utilization 
usually approaches 100%, and the I/O workload is 
similarly intense---even a small server may require 
hundreds of disk spindles.  For example, an rx6600 
with 4 CPUs---Itanium 9050s---requires 766 disk 
spindles, as detailed in 
http://www.tpc.org/results/individual_results/HP/hp_sq
lsapphire_win64_exsum.pdf 

TPC-C rules require that the initial size of the 
database be scaled in proportion to throughput----that 
is, the faster the system, the larger the database 
required.  For example, the system cited above has an 
initial database size of 2,433 GBytes, with a 
throughput of 344,928 tpmC, while the system 
described in 
www.tpc.org/results/FDR/TPCC/hp_sqldiablo_win64_
060327_fdr.pdf achieves a throughput of 290,644 
tpmC and has an initial database size of 2,036 GBytes.  
However, this system also had 766 disk drives 
configured, despite the smaller database.  (The links 
above include “Fair Use” data on price-performance 
and availability.) 

The capacity of the I/O subsystem, in GBytes, is 
usually much larger than the TPC-C rules require.  
Extra disk spindles are needed to achieve maximum 
throughput while satisfying the response time 
requirements.  In the case of the system detailed in 
http://www.tpc.org/results/individual_results/HP/hp_sq
lsapphire_win64_exsum.pdf , 8.965 GBytes are 
required (including capacity for 60 days of database 
growth), while the disk array contains 25.642 GBytes 
of formatted space. 

The exact ratio of total disk space to space used is a 
matter of engineering judgment. 
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The system used in these experiments was an 
rx6600 with 2 Itanium-2 9050 CPUs.  The I/O system 
contained approximately 750 disk drives. 

 
2. Data and Analysis 
 

The memory configuration was varied in these 
experiments from 32 GBytes to 192 GBytes, the latter 
being the maximum system capacity.  These were lab 
experiments and all results are unofficial.  The goal 
here was to determine the effect of memory size on: 

 
• Throughput; in particular, to find the memory 

configuration that yielded maximum performance. 
• Resource utilization, including I/O rates, cache 

miss rates, and memory bandwidth. 
• OS behavior, particularly the effect on OS 

scheduling and context switching. 
 
Figure 1 shows the effect of adding memory on 

throughput. 
 

Throughput vs Memory Size -- TPC-C SQL

120000

140000

160000

180000

200000

220000

240000

0 32 64 96 128 160 192 224 256

GBytes Memory

th
ro

ug
hp

ut

 
 

Figure 1. Throughput vs. memory 
 

While it may seem intuitive that increasing memory 
would increase performance, exactly what resource or 
resources are conserved by additional memory?  What 
precisely causes this improvement?   

This is a question of practical importance---in 
designing new servers, we are frequently confronted 
with choices between design strategies.  To take a 
single example, should we optimize a given system for 
memory latency, or for memory capacity?  In other 
words, are faster memory accesses more valuable than 
greater memory capacity?  The “more valuable” 
qualifier is critical---everyone in the industry seems to 

have an opinion, and these opinions are often valuable 
so far as they go----but they are seldom quantified 
beyond the precision of a “rule of thumb,” and without 
quantification we cannot make economically rational 
design tradeoffs. 

In this case, one underlying mechanism is that 
increasing memory reduces the number of physical 
I/Os.  Physical I/Os do not cause the CPU to fall idle, 
unless the benchmarking team has set up too few 
concurrent threads or too few disk drives, but they do 
require a significant number of instructions to execute.  
On this platform, each I/O requires about 18K 
instructions.  The exact relationship between I/O rate 
and memory size is detailed in [3]. 

Table 1 details CPU utilization and the effect of 
decreasing I/O on pathlength. 

 
Table 1. Disk I/O and CPU utilization 

 

GB 
Mem thruput 

CPU 
Util. 

I/Os / 
sec 

Relative 
thruput 

approx. 
% 

insts. 
devoted 
to I/O 

32 149,934 99.7% 71,068 1.00 31% 
64 173,017 99.0% 58,907 1.15 24% 
96 184,716 99.7% 50,574 1.23 20% 

128 196,521 99.5% 44,397 1.31 17% 
192 221,289 99.9% 29,422 1.48 11% 

 
The reader will note that a decrease of instructions 

devoted to I/O---the rightmost column—is equivalent 
to a decrease in total pathlength of 20%, as we proceed 
from 32 GBytes to 192 GBytes.  But relative 
performance increases by 48% over the same interval.  
We conclude that reduced I/O pathlength accounts for 
about 42% of the performance benefit. 

What factors account for the other 58%?  In general 
terms, a CPU-intensive application will run faster in 
two cases: when the instructions per transaction is 
reduced, or when there’s an increase in the instructions 
per second executed.   

Since CPU utilization is already 100%, instructions 
executed per second can be increased only be reducing 
CPI (cycles per second).  Leaving aside for the 
moment the issue of how CPI is reduced, Figure 2 
shows the effect of adding memory on CPI.  
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Figure 2. CPI vs. memory 
 

CPI is sensitive to several factors, including CPU 
micro-architecture, compiler optimizations and cache 
design, but most of these are constant for the data in 
this study.  One factor that isn’t constant is memory 
latency.  Whenever a load instruction stalls awaiting a 
memory access, overall CPI increases. 

Figure 3 shows that memory bandwidth decreases 
as memory as added, by about 15% from 32 GBytes to 
192 GBytes, despite a 48% increase in performance.  
Some of this decrease in bus bandwidth is due to less 
I/O.  Disk I/O requires DMA, and in a system that uses 
a snoopy cache coherency scheme, the memory 
controller queries the caches to ensure that memory 
and caches have the same copy of the data.  
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Figure 3. Bus bandwidth as a function of 
memory size 

 

However, less than 20% of the reduction in bus 
bandwidth is due to a decrease in DMA-related 
coherency traffic.  Most of the effect is due to a 
reduction in cache activity---the caches stabilize as 
memory is added.  Table 2 details cache activity.  Note 
that cache accesses are normalized per CPU per second 
per tpmC.  The “per tpmC” normalization is 
particularly important, allowing us to focus on cache 
activity per unit of throughput. 

 
Table 2. Cache activity as function of memory 
 

memory 
L1 

accesses 
L1 

misses 
L2 

misses L3 misses 
32 6901 1549 183 22 
64 6219 1377 155 19 
96 5943 1297 139 17 

128 5683 1232 127 16 
192 5122 1095 109 14 

 
Units in Table 2 are accesses (or misses) / sec / 

CPU / tpmC. 
(The Itanium 2 9050 has an L1 cache that is split 

between instruction and data; likewise for the L2.  The 
unified L3 cache is 12 Mbytes.  The L1 cache is 
closest to the CPU, while the L3 interfaces with the 
front-side bus.) 

Note that the L1 access rate falls by 26% as 
memory size is increased to 192 GBytes.  This implies 
that the register set is stabilized by the addition of 
memory. 

The most obvious explanation for the stabilization 
of the cache hierarchy and register set is that OS thread 
switches are reduced with additional memory, as 
shown in Figure 4. 
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Figure 4. Thread Switches vs. Memory 
 

Operating systems make context switches (either of 
OS threads or processes---whatever the unit of multi-
programming may be), either because the current 
thread can no longer execute or as a result of fairness 
scheduling policies, such as time-slicing.   

For TPC-C, time-slicing is unimportant.  A thread 
will need to do I/O long before it would be time-sliced 
out. 

Thread switches are positively correlated with L1 
accesses (correlation coefficient = .996).  While 
correlation does not necessarily prove causation, it 
seems highly probable in this case that the decline in 

thread switches causes the register set (and with it, the 
cache hierarchy), to stabilize. 
 
3. Conclusion 
 

The addition of memory to a system running TPC-C 
increases performance significantly.  More memory 
results in less I/O, as more data and code are cached in 
memory.  Less I/O implies a shorter instruction 
pathlength, as well as fewer context switches.  The 
decline in context switches stabilizes the cache 
hierarchy, resulting in fewer memory accesses and 
lower CPI. 
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Abstract 
The performance of application servers and other such 

memory-bound applications is limited by the memory 

sub-system, which is improving at a much slower rate 

than the processor sub-system.  Until recently, most 

research was in the area of instruction-level 

parallelism and methods to extract more performance 

from the processor.  To truly enjoy the benefits of 

processor architectural improvements, an application 

and system level understanding is required.  

Specifically, insight into the sensitivity to memory sub-

system can lead to better decisions and trade-offs in 

system and processor design.  In this paper, we present 

a methodology to gain a deeper understanding of the 

sensitivity to the performance of the memory sub-

system.  We then use this trace-simulation based 

method to understand the implications of memory sub-

system performance to the leading industry-standard 

application server benchmark, SPECjAppServer2004
1
.  

We define and measure stall-factor, the portion of 

memory latency that stalls the processor across several 

dimensions including cache size, cache sharing, 

memory latency, code read miss rate, data read miss 

rate, and data write miss rate. 

. 

1. Introduction 

 

Various trends in computer architecture have 

resulted in a growing imbalance between the 

performance of the processor sub-system and the 

performance of the memory sub-system.  This has been 

exacerbated lately by the push to the multi-core 

architecture as a way to utilize the ever increasing 

number of transistors available; thanks to Moore’s law.  

The larger number of transistors has also resulted in 

larger caches as a way to alleviate the pressure on the 

memory, but the effect of the memory sub-system on 

the system performance continues to worsen.  Because 

of this, architects and designers have been paying a lot 

                                                 
1
 SPECjAppServer is a registered trademark of the Standard 

Performance Evaluation Corporation (SPEC) 

of attention on ways to mitigate this.  Their job is made 

more difficult by the fact that memory affects the 

performance and cost of the system in different ways 

for different applications.  Thus, having a good 

understanding of the effect of the memory sub-system 

on a large suite of applications is vital for optimal 

design of future systems. 

 

In this paper, we study the industry-standard 

Enterprise Java benchmark SPECjAppServer2004.  In 

particular, we characterize the benchmark performance 

on current multi-core systems and then investigate the 

effects of various components of memory traffic.  For 

example, we study the impact on processor CPI (cycles 

per instruction) of code misses in the last-level cache 

(LLC).   

 

SPECjAppServer2004 is a good proxy for a large 

class of enterprise middleware applications.  It is a 3-

tier workload.  Figure 1 shows a representative 

configuration.  It is an end-to-end application, which 

exercises all major J2EE technologies implemented by 

compliant application servers including the web 

container, servlets and JSPs, the EJB container, EJB2.0 

Container Managed Persistence, JMS and Message 

Driven Beans, transaction management, and database 

connectivity.   It heavily exercises all parts of the 

underlying infrastructure that makes up the application 

environment, including hardware, JVM software, 

database software, JDBC drivers, and the system 

network. The benchmark metric is JOPS, Java 

operations per second.   

 

The application has a large total code footprint of 

several hundred megabytes, and is made up of 

approximately 10,000 Java methods.  The methods are 

very small, and call chains are very deep.  The usage 

profile is flat with no method consuming more than 2% 

of application time.  However, in spite of this, the 

footprint of frequently used code is not very big.  The 

data footprint for a Java workload is artificially 

imposed by the prescribed heap size, and is about 2GB.  

The workload has significant network traffic between 

the 3 tiers. 
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In the next section, we describe our methodology.  

In the third section, we present measurement data on 

current systems to provide us with a baseline. Section 4 

presents the results of simulations using traces.  Section 

5 provides a discussion of essential next-steps, and in 

the final section we provide our concluding thoughts. 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 1: Typical SPECjAppServer2004 

configuration 

2. Methodology 

 

We first use measurement data on current systems 

to provide us a firm foundation for our work.  We then 

use a well-tested and validated suite of traces with cycle 

accurate simulators to carry out a wide sweep of 

simulations.  On the general observation that the effect 

of the memory sub-system is unlikely to be uniform and 

constant for all types of memory traffic, we then 

attempt to deduce the individual impact each memory 

transaction type has on the system performance.  

Parameters of interest include LLC size, effective 

memory latency, the number of processors (hardware 

threads) sharing a cache, the code miss rate, the data 

read miss rate, and the data write miss rate.  We do this 

by holding several of the parameters fixed and varying 

the others in a controlled way in a suite of simulations.  

The parameter values that are fixed are set to 

appropriate values derived from our baseline data.  In 

each case, we compute a stall factor, which is the 

portion of the relevant memory latency that actually 

affects the application CPI.  This factor is between 0 

and 1, and a higher value would indicate a greater 

impact on the CPI of each memory request of that type. 

3. Measurement Data 

 

Figure 2 presents measurement data from a 2-

socket Core 2 Duo based system.  The pie chart shows 

the components of cache misses for a platform with 4M 

cache per socket.  It can be seen that cache misses 

respond well to cache size increase, but that there are 

substantial cache misses due to object creation 

(compulsory) and coherence (increase with cache 

size).The ~5% increase in pathlength in 4M case is 

within run-to-run variation limit.  

 
System Level Metrics 2S4C-1M 2S4C-2M 2S4C-4M

Relative Performance (JOPS) 1 1.24 1.46

Total CPU Utilization 94% 84% 79%

Interrupts/JOP 26 21 20

CtxRate/JOP 52 55 53

Allocation Rate (KB/JOP) 737 757 798

Performance Metrics 2S4C-1M 2S4C-2M 2S4C-4M

CPI 4.4 3.17 2.89

Pathlength 6557163 6533215 6808556

MPI 0.0148 0.0088 0.0056

HIT 0.0133 0.0051 0.0030

HITM 0.0008 0.0010 0.0010

LLC Read Miss Latency (core clocks) 404 350 327  
SPECjAppServer2004

Code

20%
Object Creation

39%

Coherence

10%

Other Misses

31%

 
Figure 2: SPECjAppServer2004 Baseline Data – 

Core 2 Duo Systems 
 

 
Figure 3: Data Usage Rate and Object Lifetime 

Profiles 
Figure 3 profiles the data usage rate and lifetimes. 

“Reused Data” is the data accessed in a 2M instruction 

interval that is also been accessed in all the previous 
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intervals. “Created Data” is the data accessed in a 2M 

instruction interval that is never been accessed before. 

As evident from the upper graph of Figure 3, the 

application creates data at a constant rate. Also, the 

amount of reused data remains between 800 KB – 

1000KB. This shows that the created data does not have 

long life; otherwise, the amount of reused data would 

have increased with the number of instruction retired. 

The lower graph shows that 60% of objects/data are 

short-lived. Figure 4 shows that while total footprint is 

large, most accesses are to a small footprint.  
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Figure 4: Code and Data Footprint Usage 

4. Trace-based Simulations 

 

Code read, data read, and data write misses have 

different impact on the application performance. Code 

and data read misses can be expected to stall the 

pipeline more aggressively (stall factor is higher) as 

compared to data write misses. This is especially true 

for server applications, which write significant amount 

data that is never read again, and, therefore, have no 

dependencies. For such applications, hardware can be 

optimized in a number of ways – for example, 

streaming writes, allocating cache line as least recently 

used, and optimizing for memory reads - to exploit the 

differences.  Therefore, it becomes essential to study 

the effects of each type of cache miss. In this section, 

we discuss the performance impact of each miss type 

on SPECjAppServer2004 performance. All the results 

presented are based on the trace-driven cycle accurate 

simulation model. 

4.1 Code Miss Sensitivity 

 

Even though SPECjAppServer2004 has a very 

small code footprint (90% of accesses are to less than 

256KB of code), 30 software threads per hardware 

thread and a constant rate of newly created objects 

drives out the code lines from the cache. This is 

especially true at cache sizes less than 4MB. For larger 

caches, the older objects become least recently used and 

are, instead, replaced to bring in the new objects, but 

even here 20% of all cache misses are code misses.  
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Figure 5: Code Read Miss Impact 

 

Multiple threads sharing a large cache perform 

better as compared to smaller private caches per thread 

because all threads share the same code. The stall factor 

for code misses is very high (0.5 – 0.7), which indicates 

high performance sensitivity to the code misses.  This is 

not surprising given the way code is laid out for this 

application by JVMs.  The total code footprint is many 

times larger than the hot-code footprint.  Code misses 

thus tend to be scattered around the address space 

limiting the advantage of hardware prefetchers.  Very 

little of the penalty can therefore be hidden by 

prefetching.  Additionally, since Java methods used in 

this benchmark tend to be very small, there are fewer 

code-misses simultaneously outstanding to memory, 

which again inflates the stall factor. This suggests that 

systems with smaller caches should optimize the code 

read data path.  Code inlining by the compiler will help, 

and hints provided by the hardware to allow profile 

guided optimizations will be desirable. The stall factor 

decreases with the increase in the number of misses per 

instruction because of memory level parallelism (MLP), 

which reduces the average latency in the presence of 

multiple outstanding miss requests.  Even though the 

stall factor decreases with the increase in miss rate, the 

CPI increases. This is due to the fact that the decrease 

in stall factor is overshadowed by the increase in miss 

rate.                                                                                                    

39



4.2 Data Read Miss Sensitivity 

 

As evident from the high stall factor (0.7 – 0.9) 

in figure 6, SPECjAppServer2004 performance is 

highly sensitive to the data read misses per 

instructions (DRMPI). At lower DRMPI, the stall 

factor is around 0.9, which indicates that 90% of the 

memory access time will be exposed as pipeline 

stalls. Due to a highly random access pattern, 

traditional stride-based prefetchers are not effective 

in hiding the miss latencies. Therefore, it becomes 

imperative to design more intelligent prefetchers 

and/or optimize the data read path. Misses drops 

sharply with the cache size and reaches an asymptote, 

indicating a certain fraction of compulsory misses. In 

addition to this, a shared cache performs much better 

than a private cache - 8 threads sharing a 16M cache 

have a quarter of the misses as compared to a 1 

thread having its own 2M cache. This shows 

significant sharing of data among software threads. 

Again, due to MLP, stall factor decreases with the 

increase in miss rates.  
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Figure 6: Data Read Miss Impact 

4.3 Data Write Miss Sensitivity 

 

Figure 7 shows the impact of the data write 

misses. The application performance is least sensitive 

to the data write misses (stall factor is between 0.4 

and 0.5).  Also, the data write misses quickly reaches 

an asymptote of 0.0015 misses per instructions. This 

is because of the constant object creation rate of 

~100KB per million instructions. A newly created 

object in the Java heap causes compulsory misses, 

have very short lifetimes, and tend to perturb the 

caches acting almost like a streaming workload. A 

replacement policy that brings these lines as less than 

most recently used would, probably, reduce the 

perturbation and decrease the DRMPI and IRMPI. 
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Figure 7: Data Write Miss Impact 

5. Analysis 

 

  MPI % MPI SF 

IR MPI 0.00225 36% 0.55 

DR MPI 0.00214 35% 0.83 

DW MPI 0.00181 29% 0.40 

      

Weighted SF   0.60 

Actual SF 0.00620 100% 0.56 

Table 1: Memory Access Overlap Effect  
 

Analysis of cache misses per instruction (MPI) 

sensitivity and stall factor allows us to predict 

SPECjAppServer2004 behavior on future platforms 

and provides guidance to architects on what factors to 

optimize.  Our simulation-based method has allowed 

us some insight into the impact of the memory sub-

system.  However, the methodology needs to be 

improved and more simulations done to refine the 

stall factor since code read, data read, and data write 

MPI overlap with each other.   

 

Table 1 shows the impact of MPI overlap.  For 

this configuration we have the MPI breakdown with 

the associated stall-factors (from section 4). If we 
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take a simplistic approach, we can try taking the 

weighted sum of the stall-factors and see if it matches 

the overall stall-factor.  We see from Table 1 that the 

actual stall factor is lower than the weighted stall 

factor by a difference of 4%.  This is because of the 

fact that the different types of cache miss overlap 

with each other.   When cache accesses overlap, the 

stall factor decreases since the effective stall time 

goes down.  In the example shown in Figure 8, the 

first case with back to back accesses will have 100% 

stall factor.  The full latency of memory access is 

exposed to CPI.  In the second case with parallel 

access, the stall time is cut roughly in half, and the 

stall factor is closer to 50%. 

 

 
 

Figure 8: Memory Access Overlap Effect 
 

The interaction of different memory access types 

is complex.  In order to predict stall factors for future 

platforms, we propose to run additional simulations 

with different MPI mixes and curve-fit the stall factor 

to the simulated result.  

6. Conclusions and Future Work 

 

In this paper, we have presented trace-simulation 

based methodology to understand the impact of the 

memory sub-system on application performance.  We 

have used our technique to characterize 

SPECjAppServer2004 and noted the effects of 

memory latency, cache size, cache sharing, code 

misses, data-read misses, and data-write misses on 

application performance.  Our results indicate that 

our method needs to be improved to handle memory-

level parallelism between different types of memory 

requests.  For future work, we propose to first 

improve the methodology in that regard and then 

apply our method to a wide suite of applications so as 

to provide the research community with a rich data-

set related to memory sensitivity.  
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Abstract 
To improve scalability of Java application servers, 

multiple JVM instances are often used on a single 

machine in production environments.  In this paper, we 

studied scalability of a Java application server, SAP 

EP-ESS benchmark, on the two multi-core systems, 

Sun’s single-socket 8-core Niagara system and Intel’s 

dual-socket quad-core Clovertown system, with three 

configurations of 1, 2, and 4 JVMs. On the Niagara 

system, 2 JVMs achieved the highest throughput. In 

contrast, On the Clovertown system, 4 JVMs achieved 

the highest throughput. We investigated the micro-

architectural performance data, and we concluded that 

this is due to the smaller cache of Niagara. 

1. Introduction 
To meet the increasing demands on throughput and 

overcome power constraints, multi-core processors are 

the most promising approach for the design of future 

server systems. IBM shipped the first dual-core 

processors in 2001 [1]. Lately Intel and AMD shipped 

4-core processors [2][3], while Sun Microsystems 

already shipped 8-core processors [4][5]. Several 

manufacturers have plans to advance this trend further 

by increasing the scale of chip multi-processing (CMP) 

and simultaneous multi-threading (SMT).  When we 

shift from single-core processors to multi-core 

processors, we encounter various scalability problems. 

There is a design choice to adopt either simple cores 

or complex cores [6] for the design of the multi-core 

processors.  A simple core typically has a lower clock 

rate and in-order pipelines with smaller cache 

memories. For example, Sun’s UltraSPARC T1 

(Niagara) and UltraSPARC T2 (Niagara 2) are such 

multi-core processors with simple cores. A complex 

core typically has a higher clock rate and out-of-order 

pipelines with larger cache memories.  For example, 

IBM POWER5 and POWER6, Intel Xeon 5300 Series 

(Clovertown) and 5400 Series (Harpertown), and 

AMD Opteron 8300 Series (Barcelona) are such multi-

core processors with complex cores. 

To archive good scalability of Java application 

servers on a single multiprocessor system, multiple 

JVMs are widely used in production environments.  

We can avoid typical bottlenecks such as lock 

contention with multiple JVMs. Some studies have 

been made for scalability analysis of Java workloads 

on multi-core systems [7][8], but their main focus has 

been on the scalability of a single JVM. In contrast, our 

focus is on studying the scalability of multiple JVMs 

on multi-core systems. For our experiments, we chose 

a Java Web application server, SAP EP-ESS 

benchmark, as a representative commercial workload 

and ran it on Sun’s Niagara and Intel’s Clovertown 

systems to understand its scalability on both systems. 

With a single JVM, we observed heavy lock 

contention on both Niagara and Clovertown, and thus 

we used multiple JVMs to alleviate this lock contention.  

The results show that 2 JVMs achieved the best 

throughput on Niagara, whereas 4 JVMs achieved the 

best throughput on Clovertown. The performance 

degradation on Niagara was due to increased cache 

pressure.  The smaller cache memories of Niagara 

cannot contain the memory footprint of 4 JVMs. 

To achieve better scalability on simple cores, a Java 

application must be scalable on a single JVM.  In the 

case of the EP-ESS benchmark, the bottleneck lies on 

high lock contention in accessing a hash table in the 

application. After we reduced lock contention using 

Java concurrent library, the throughput scaled almost 

linearly even on a single JVM on Niagara. 

The rest of this paper is organized as follows. In 

Section 2, we describe the benchmark we used to 
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Figure 1: 2-tier configuration of the EP-ESS Benchmark 
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measure performance on the two multi-core systems.  

In Section 3, the experimental environments are 

described.  We present the performance results and 

analysis in Section 4.  We discuss how we improved 

scalability of the application server in Section 5. 

Finally, we conclude this paper in Section 6. 

2. Benchmark Overview 
The SAP Employee Self-Service Portal (EP-ESS) 

benchmark [9] is the only Java benchmark for SAP’s 

application platform (SAP NetWeaver) [10]. It 

provides Web interfaces to human resource 

information including work time recording and 

personal information updating. Other SAP benchmarks 

are written in SAP’s proprietary language ABAP 

(Advanced Business Application Programming).   

In the benchmark runs, the Web traffic to the 

application server tier is generated by a driver program 

running on an external machine.  It simulates the Web 

transactions of multiple client users and records their 

response times.  The benchmark score is based on how 

many client users can be served while meeting a QoS 

requirement in the average response time that should 

be within 2 seconds. 

Each user submits the following Web transactions: 

(1) log on, (2) choose work time, (3) choose leave 

request, (4) choose leave request overview, (5) choose 

personal information, (6) choose address, (7) choose 

bank information, (8) choose benefits and payment, 

and (9) log off.  The seven transactions from steps 2 to 

8 are submitted in a loop, and the loop is repeated.  The 

user think time is 10 seconds, so each loop takes at 

least 70 seconds.  A benchmark run consists of a ramp 

up phase, a warm up phase, a steady state phase, and a 

ramp down phase.  The response times are recorded 

only during the steady state phase. 

Figure 1 shows the software configuration of the 

application server machine for the SAP-EP ESS 

benchmark, where multiple instances of the server 

JVM handle these requests forwarded by the dispatcher 

JVM. The back-end database is collocated with the 

server JVMs on the same machine. 

3. System Setup 
3.1. Hardware 

To compare the performance differences between 

the two multi-core systems, we used Sun UltraSPARC 

T1 (Niagara) as the simple core processor, and Intel 

Xeon E5345 (Clovertown) as the complex core 

processor. Table 1 shows the specification of the 

Niagara and Clovertown processors in more detail. 

The Niagara system is a Sun Fire T2000 with a 

single 8-core 1.2GHz UltraSPARC T1 processor. Each 

core has four hardware threads, which share a 16 KB 

L1 instruction cache and an 8 KB L1 data cache.  All 

eight cores share a 3 MB L2 unified cache. The 

Niagara system has 32 GB of DDR2-533 SDRAM for 

main memory, 10,000 RPM SAS hard disks, and 

Gigabit Ethernet ports. 

The Clovertown system is an IBM BladeCenter 

HS21 XM with two quad-core 2.33 GHz Xeon E5345 

processors. Each core has only a single hardware 

thread, which has a 32 KB L1 instruction and a 32 KB 

L1 data cache. Two cores share a 4 MB L2 unified 

cache.  A single Clovertown processor has 2 L2 caches, 

so it has 8 MB L2 cache. A single socket supports 4 

hardware threads, and our dual-socket machine totally 

supports 8 hardware threads.  The Clovertown system 

has 16 GB of DDR2-667 SDRAM for main memory, a 

10,000 RPM SAS hard disk, and Gigabit Ethernet ports. 

For both Niagara and Clovertown, we used the same 

Intel machine as the driver of the benchmark, and the 

application server machines and the driver machine are 

connected via a Gigabit Ethernet network. 

3.2. Software 
We used SAP NetWeaver 7.0 (2004s) for the 

application server and IBM DB2 Universal Database 

V8.2 for the database. We used a two-tier 

configuration. That is, both the application server and 

the database were located on the same machine.  

According to the documentation provided by SAP, 

database activities in the steady state of benchmark 

runs are almost negligible, allowing us to use this two-

tier configuration. 

Table 1: Processor Specifications 

 Niagara Clovertown 

CPU UltraSPARC T1 Xeon E5345 

Clock  1.2 GHz 2.33 GHz 

Socket 1 2 

Core 8 cores / socket 4 cores / socket 

SMT 4 HW threads / core 1 HW thread / core 

L1 

cache 

Inst: 16 KB / core 

Data: 8 KB / core 

Inst: 32 KB / core 

Data: 32 KB / core 

L2 

cache 

Unified: 3 MB/socket Unified: 8 MB / socket  

ITLB  64 entries / core 128 entries / core 

DTLB 64 entries / core L0: 16 entries / core 

L1: 256 entries / core 

 

Table 2: JVM configurations 

 Niagara Clovertown 

JVM Sun HotSpot 

JVM 1.4.2 

IBM J9 JVM 

1.4.2 

GC Policy ParNewGC gencon 

Page Size 4 MB 4 KB 

Java Heap Size 8GB total 8GB total 
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SAP NetWeaver supports multiple instances of 

application server JVMs, which run with the dispatcher 

JVM on the same machine. The dispatcher JVM 

receives Web requests from clients and then forwards 

them to one of the application server JVMs.  Even if 

only a single instance of the application server JVM is 

used, a dispatcher JVM must be used. 

In the Niagara system, we used Solaris 10 and Sun 

HotSpot Java VM 1.4.2 (64 bit). This JVM was not the 

latest version, but it was required for SAP NetWeaver 

2004s. Table 2 shows the JVM configurations we used. 

We used an 8 GB Java heap, 25% of which was 

assigned for the young space and the rest was assigned 

for the old space for the generational garbage 

collection. We specified the large pages. That is, 4 MB 

memory pages were used for the Java heap.  When 

multiple JVM instances were used, we used the same 

total size of Java heaps among the JVMs as the case for 

a single JVM. That is, we used 4 GB Java heaps for 

each of the 2 JVMs, while 2 GB Java heaps for each of 

the 4 JVMs. For performance monitoring tools, we 

used vmstat for OS-level system usages, busstat for 

memory traffic, nicstat for network load, and cpustat 

for hardware performance counters for the Niagara 

system [11]. 

In the Clovertown system, we used Red Hat 

Enterprise Linux 5 with Linux kernel 2.6.18 and the 

IBM J9 Java VM 1.4.2 (64 bit).  Sun does not provide 

a 64-bit HotSpot JVM of this version for Linux, so we 

used the J9 JVM instead.  The specified options for 

Java heap and garbage collection were the same as 

those used for the Niagara system except for the large 

page support. This version of the J9 Java VM does not 

support large pages in Linux, so default 4 KB memory 

pages were used for the Java heap. For performance 

monitoring tools, we used vmstat for OS-level system 

usages, nmon [12] for the usage of various resources, 

and oprofile for the hardware performance counters for 

the Clovertown system. 

4. Performance Results 
First we measured scalability in the throughput 

while increasing the number of cores. On the Niagara 

system, all four hardware threads were used for each 

core. Then we measured scalability in the throughput 

while increasing the number of hardware threads per 

core on the Niagara system.  Thread scalability was not 

measured on the Clovertown system because it does 

not have multiple hardware threads per core. Finally 

we measured performance improvement on Niagara, 

when we eliminated the hottest lock by using the Java 

concurrent library [13].  Throughout these 

measurements, we collected system usage and micro-

architectural performance data such as CPI and cache 

misses. 

4.1. Core Scalability 
Figure 2 shows the throughput of the EP-ESS 

benchmark on the Niagara and Clovertown systems, 

both with 1, 2, 4, 6, and 8 cores.  On the Niagara 

system, all four hardware threads are used in each core.  

On the Clovertown system, 1 socket was used for the 

measurements with 1, 2, and 4 cores, and 2 sockets 

were used with 6 and 8 cores. We ran the benchmark 

with 1, 2, and 4 application server JVMs. 

In the single JVM configuration, the throughput 

started to saturate from 6 cores on Niagara and 4 cores 

on Clovertown.  Figure 3 shows the CPU utilization of 

both systems. On the Niagara system, we observed 

relatively high percentage of both system and idle CPU 
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Figure 3: CPU Utilization 
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times on 4, 6, and 8 cores.  On the Clovertown system, 

we observed a relatively high percentage of idle CPU 

time on 6 and 8 cores.  We believe this is why the 

single JVM showed limited scalability.  

We analyzed the Java thread stack dumps and 

execution profiles, and concluded that accessing a hash 

table caused heavy lock contention.  This is a instance 

of java.util.Hashtable and every access to a Hashtable 

object requires synchronization.  We also analyzed the 

Clovertown results and found similar contention on a 

hash table. 

We measured 1, 2, and 4 JVM configurations on 

both systems, as described in Figure 2.  On Niagara, 2 

JVMs achieved almost linear scaling. Although 4 

JVMs also scaled well, 2 JVMs had the best 

throughput for Niagara. 

To find out the cause of performance degradation 

using 4 JVMs on Niagara, we analyzed the micro-

architectural performance data from Figure 4.  We 

looked into both per-instruction metrics, such as cycles 

per instruction (CPI), and per-request metrics, such as 

million cycles per request.  The per-instruction metrics 

will be improved when the application has more lock 

contention.  This is because spending more time in a 

spin lock will improve the code and data locality 

without doing any useful work. For this reason, we use 

per-request metrics for measuring cache and TLB 

misses. 

In the single JVM case, the cycles per request 

became worse when the number of cores increased, 

and the instructions per request also became worse. 

The cycles per request of 2 JVMs were better than 

those of 4 JVMs, while the instructions per request of 2 

and 4 JVMs were very close.  This degradation with 4 

JVMs was caused by increased cache pressure, as we 

can see in the graphs of L2 I- and D-cache misses and 

DTLB misses in Figure 4. Niagara has smaller cache 

memories and TLB, where a larger memory footprint 

of more Java processes caused significant performance 

degradation. The L2 I-cache misses with 4 JVMs were 

twice as frequent as those of 1 JVM. The L2 D-cache 

misses with 4 JVMs were 50% more frequent than 

those of 1 JVM.  Even though we use 4 MB large 

pages for the Java heap, the DTLB misses with 4 JVMs 

were twice as frequent as those of 2 JVMs. The 

increased cache pressure was caused by the increased 

memory footprint of 4 JVMs, where every JVM 

executes the same set of Java methods independently 

without sharing any code and data. 

In contrast to the results on Niagara, 4 JVMs had 

the best throughput for Clovertown.1 Figure 5 shows 

the micro-architectural performance data on 

Clovertown. Both cycles and instructions per request 

were improved when multiple JVMs were used. This is 

mainly due to reduction in lock contention in accessing 

the hash table.  Cache thrashing did not occur on 

Clovertown. However, the throughput was saturated 

                                                           
1 Additional experimentation on Clovertown confirmed 

that the throughput with 8 JVMs was worse than that 

with 4 JVMs. 
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Figure 4: Micro-architectural performance on Niagara 
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around 6 cores, and using 8 cores did not improve the 

throughput very much.  

4.2. Thread Scalability 
Figure 6 shows scalability in the throughput 

performance when we increased the number of 

hardware threads per core while using all 8 cores on 

the Niagara system.  For the 1-JVM configuration, the 

throughput was saturated at 3 hardware threads per 

core, and 4 hardware threads degraded the performance. 

This was due to the lock contention problem described 

earlier. With 3 hardware threads, the peak performance 

was 2.2 times better than the single thread performance. 

We also measured scalability in the throughput 

performance using 2 JVMs, which was the best 

configuration on Niagara. In this case, 4 hardware 

threads performed better than 3 hardware threads per 

core. This is because lock contention was alleviated 

with 2 JVMs. The peak performance was 3.0 times 

better than single thread performance. In other word, it 

performed at 74% of the theoretical peak performance 

with 4 hardware threads. 

5. Scalability Improvement 
There are two approaches in improving scalability with 

simple cores. One approach is to improve single-JVM 

scalability by reducing lock contention in the 

application. The other approach is to improve multiple-

JVM scalability by assigning processor affinity. 

5.1. Single-JVM Scalability 
In general, reducing lock contention can improve the 

throughput of the application. We identified a highly 

contended lock in accessing a hash table in the SAP 

EP-ESS benchmark. We used a bytecode rewriting tool 

called Javassist [14], to replace the java.util.Hashtable 

object with java.concurrent.ConcurrentHashMap from 

the Java concurrent library. 

Figure 7 shows the original result with 1 JVM and 

the result using the concurrent library with 1 JVM. 

Before rewriting the source code, the throughput was 

saturated on 6 cores. After rewriting, it scaled well on 

up to 8 cores. As a result, we achieved 15% throughput 

improvement by using the concurrent library [13]. 

5.2. Multiple-JVM Scalability 
In general, assigning processor affinity (that is, 

assigning each process to a set of the hardware threads) 

can improve memory locality and thus scalability of 

the application. For our experiment, we used the psrset 

command available for Solaris to bind each JVM to a 

set of dedicated hardware threads.  

Figure 8 shows the utilization of hardware threads 

when we used 4 JVMs, each of which is bound to 1 

and 3/4 cores.  For example, the hardware threads 1, 2, 

and 3 of the first core, and 4, 5, 6, and 7 of the second 
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Figure 5: Micro-architectural performance on Clovertown 

Throughput As Threads per Core Increased (Niagara)

0

20

40

60

80

100

120

0 1 2 3 4

Number of HW threads per core

(8 cores used)

P
a
g
e
s
 /
 s
e
c
o
n
d

1 JVM

2 JVMs

 
Figure 6: Throughput as threads per core increased 
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Figure 7: Comparison between results without and 

with concurrent library 
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core were used for the first application server JVM. 

The other processes, such as the dispatcher JVM, DB 

processes, and OS processes, ran on the remaining 

hardware threads on 4 different cores. That is, they ran 

on the hardware threads 0, 8 16, and 24. This binding 

improved the throughput of 4 JVMs by 7% over that of 

4 JVMs with no affinity. This configuration archived 

the best throughput among all the configurations we 

tested with 4 JVMs. However, we still observed a large 

idle CPU time on the hardware threads 0, 8, 16, and 24. 

Reducing the number of these hardware threads from 4 

to 3 did not improve the throughput. In fact, this best 

throughput with 4 JVMs was still 8% lower than that 

of 2JVMs. Assigning affinity did not improve the 

throughput of 2 JVMs. 

We also used processor affinity on Clovertown 

using taskset command available for Linux to bind 

JVMs to the cores. However, assigning affinity did not 

improve the throughput of 4 JVMs. 

5.3. Potential Area for Improving Multiple-

JVM Scalability 
To reduce the memory footprint of the multiple-

JVM configuration, we need to increase data sharing 

among JVMs as well as reducing memory usage of 

each JVM.  A JVM needs various metadata such as 

class information outside the Java heap. The latest 

version of IBM J9 JVM can share class files among 

JVMs. This feature may help reduce L2 D-cache 

misses. To reduce I-cache misses, we need to share 

binary code compiled by the Just-In-Time compiler. 

Sharing JIT-compiled code among JVMs remains an 

interesting challenge. 

6. Conclusions 
This paper describes our performance analysis of 

the SAP EP-ESS benchmark on the two multi-core 

systems: the Sun Niagara and Intel Clovertown 

systems.   For a single JVM, lock contention was 

observed on more than 4 cores in both systems. For 

multiple JVMs, 2 JVMs achieved the highest 

throughput on Niagara, while 4 JVMs achieved the 

highest throughput on Clovertown. This is because 

Niagara comes with smaller caches and TLB, whereas 

Clovertown comes with larger caches and TLB. 

To achieve better scalability on Niagara, the 

application must be more scalable with a single JVM. 

We confirmed this by reducing lock contention by 

using a Java concurrent library. As a result, we 

obtained a 15% performance gain on Niagara, and the 

throughput scaled almost linearly. 
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Abstract 
 

The wide spread use of XML storage and web 
services increases the demand for querying and 
processing XML data. XQuery is rapidly emerging as 
the standard for querying XML data. Since XQuery 
applications usually have large data sets and appear to 
have little data reuse, they are expected to be memory-
intensive and have poor cache performance. 
Furthermore, the heavy memory traffic may lead to the 
memory wall problem on multi-core platforms. 
However, few studies have been done on this topic. In 
this paper, we measure the memory performance of 
XQuery workloads on two representative systems with 
multi-core processors, Intel’s Xeon and Sun’s T1. Our 
experiments show that a moderately-sized cache can 
achieve high hit rate but a large shared last-level 
cache provides little further help. Furthermore, on the 
Intel’s Xeon server, we measure the effect of hardware 
prefetching. We find that prefetching does improve 
throughput but its effect is limited by the memory 
bandwidth.  
1. Introduction 
 

Data management is entering a new era. On the one 
hand, from the viewpoint of applications, XQuery [1], 
the standard XML query language, is more and more 
popular in various data management scenarios. 
Although the execution of XQuery shares many 
common concepts with SQL, its memory access pattern 
is based on path navigation in the Document Object 
Model (DOM)  [2] tree, which is totally different with 
the iterator-model tuple processing in traditional 
Database Management Systems (DBMS) [3]. On the 
other hand, from the viewpoint of the underlying 
hardware, the integration of multiple cores in a single 
die with shared last-level cache (LLC) provides new 
opportunities for multi-threaded applications to utilize 
constructive data sharing [4] in LLC to hide memory 
access latencies. 

Early studies [5] [6] on characterizing DBMS’s 
memory access behaviors indicate that optimizing L2 
cache data placement to hide off-chip access latencies 
is the key to improve overall performance; But recent 
research [7] shows that when running concurrent 
database workloads on Chip Multiprocessors (CMP), 
the performance bottleneck is the on-chip L2 hit 
latency since these workloads exhibit significant 
sharing between cores. However, it is unclear whether 
the XQuery workload also follows these conclusions 
considering its unique memory access pattern and 
unknown working set size.  

In our previous paper [8], we examined 
architectural characteristics of single-threaded XQuery 
execution on several different CPUs including AMD 
Sempron and Intel P4. In this paper, we try to answer 
the following questions by examining concurrent 
XQuery workloads on multi-core systems: 

 What are the memory reference characteristics 
of XQuery execution? 

 How well does the cache hierarchy perform 
when running concurrent XQuery executions? 

 What is the effect of hardware prefetching if 
there is heavy traffic between on-chip cache 
and main memory? Does it succeed in 
decreasing L2 cache misses, or does it just 
unnecessarily consume bandwidth?   

This paper makes the following three contributions:  
 We present memory references characteristics 

of XQuery workloads and compare them with 
characteristics of SPECint [9] 2006. Compared 
to the results of SPECint, the XQuery 
workloads have less data memory references 
per instruction and higher L1 cache hit rates. 

 We measure the memory behavior of 
concurrent XQuery workloads on two servers 
based on Intel’s Xeon and Sun’s T1 
respectively. Our results show that both L1 and 
L2 cache miss rates do not change significantly 
when the concurrency rises. The large shared 
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L2 cache does not yield significant benefit on 
reducing the L2 cache misses. 

 We evaluate the impact of Xeon’s hardware 
prefetching technology on the memory 
performance of XQuery. Our results show that 
the combination of the L2 streaming 
prefetching and the Data Prefetching Logic 
prefetching has better effect than the Data 
Prefetching Logic prefetching alone. We 
conclude that prefetching does improve 
throughput but its effect is limited by the 
memory bandwidth. 

The rest of this paper is organized as follows. In the 
following section we provide a background overview 
of the XQuery and CMP cache hierarchy. In Section 3, 
we discuss the details of the XQuery workloads used in 
this paper. Section 4 describes our methodology. 
Section 5 presents our results and analysis. Section 6 
concludes the paper. 
 
2. Background and related works 
 
2.1 XQuery 
 
   XQuery is an XML query language based on the 
XPath [10] data model. In brief, the execution of an 
XQuery query consists of two stages. First, the target 
XML file is parsed to a DOM tree or a tree-like object 
that stays in main memory. Second, corresponding 
query algorithms are used to fetch necessary nodes in 
the tree by path navigation and to execute involved 
calculations on fetched nodes. We summarize the 
memory characteristics of XQuery applications as 
follows: 

 Memory consuming: Compared to the original 
XML file, the parsed DOM tree resident in 
memory is extremely large. The dominant 
factor for XQuery processing is not the disk 
accesses like in DBMS but the all-in-memory 
executions. 

 Non-sequential memory access: The path 
navigation in the DOM tree consists of a series 
of memory accesses. However, the pattern of 
such memory access is not sequential as 
processing successive tuples in a DBMS. 
Under this situation, it is unclear what kind of 
locality exists. 

 
2.2 Multi-core cache hierarchy 
 

Compared to traditional symmetric multiprocessors, 
the multi-core system is able to reduce off-chip 
communication costs between cores. However, the 

tightly integrated design often exerts higher pressure 
on communication to the off-chip memory. Thus the 
memory system can be the bottleneck. In general, the 
cache hierarchy is the most significant solution to this 
problem. 

To efficiently organize the cache hierarchy, one key 
issue is whether or not to use a shared last-level cache 
(LLC). Each approach has its pros and cons. The 
private LLC architecture can reduce access latency and 
bus contention, while the shared LLC architecture may 
increase the cache hit rate for some workloads.  Since 
the tradeoff exists, there is a large solution space 
between the two extreme approaches. 

In our test, we selected two servers which have 
distinct cache designs. One server is Sun UltraSPARC 
T1000 which has an UltraSPARC T1 CPU with 8 cores, 
and the other is a Dell 1900 which includes dual Intel 
Xeon 5310 CPUs (each CPU has 4 cores). In the T1 
based system, a high-speed, low-latency crossbar 
connects and synchronizes all eight on-chip cores and 
shared L2 cache memory banks. The Intel Xeon’s 
cache hierarchy is organized in a hybrid model. Two 
cores share an L2 cache and the Front-Side Bus 
connects all eight cores in two CPUs. It is unclear 
which cache hierarchy suits the XQuery applications 
better.  
 
2.3 Related work 
 

Few prior works specifically studied XML 
(XQuery) processing from the viewpoint of computer 
architecture. The paper [11] reported the architectural 
characteristics of XML processing on an Intel Xeon 
platform. In [12], the authors in Intel measured the 
performance of XML data parsing and introduced an 
accelerating approach. We believe that the information 
presented in this paper will be useful in understanding 
XQuery workloads and optimizing XQuery processors 
on multi-core systems. 

 
3. XQuery workloads design 
 
3.1 Dataset 
 

Our dataset is based on the Digital Bibliography & 
Library Project (DBLP) [13] xml file. This file 
includes bibliographic information on the major 
journals and proceedings of various conferences about 
computer science. The file size is growing and was 
about 409MB in October, 2007.  

Figure 1 shows the file’s structure. Under the root 
node, there is a collection of child nodes, each of 
which represents a category of articles, books or papers, 
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etc. The leaf nodes contain elements such as years, 
authors, and other metadata information. 

 

dblp

article procedings books …...

 
Figure 1: DBLP dataset’s structure 

 
To avoid the impact of page swapping in our 

experiments, we define two subsets of data whose sizes 
are 39MB and 73MB separately. This is achieved by 
only selecting top conference papers. The test results 
on these two datasets are similar. However, on a server 
with 4GB main memory, we can only run four 
concurrent XQuery processing threads on the 73MB 
dataset without any page swapping. Therefore we 
choose the 39MB subset in this paper. The size is big 
enough to reflect some architectural metrics while is 
small enough to let at least eight concurrent XQuery 
processing threads be resident in the 4GB main 
memory. 

 
3.2 Queries 
 

We built an XQuery-based web server for querying 
the DBLP data set and put it online for about half a 
year. Referring to the trace of our website, we choose 
eighteen queries which can be classified into three 
categories: 
1) Query for exact matching: These queries need 

exact string matching with specified path 
expressions (Q1 - Q4). 

2) Query for aggregation: These queries have 
aggregation operations in their bodies. (Q5 - Q12). 

3) Query for sorting. These queries require their 
result must be ordered. (Q13 - Q18). 

 
Table1. Selected queries of the workload 

Q1 Lists all articles written by a specified author 
within a certain time period 

Q5 Returns the number of the articles in a 
specified conference’s proceedings within a 
certain time period 

Q13 Lists all articles that contain a specified key 
word, sorted by date 

In table 1, we list three typical queries, each of 
which represents a category. 

 
4. Methodology  
 

This section describes the software tools and 
hardware platforms used to measure the memory 
performance of XQuery workloads. 

 
4.1 Software 
 

Our experiment program is the Nux [14] XQuery 
processor. It uses Xerces [15] to build DOM trees and 
Saxon [16] to execute the query. The Java VM used in 
our experiments is the jre1.6.0. 

We use the VTune [17] performance analyzer and 
Solaris’s [18] cputrack to monitor the architectural 
behavior on the X86 architecture and SPARC 
processors respectively. We calculate the following 
metrics:  

 L1 Data cache miss per instruction 
 L2 Data cache miss per instruction 
 Cycles per instruction (CPI) 
 Memory bandwidth 

 Table 2 lists these performance metrics and the way 
to calculate them. 

 
4.2 Hardware 
 

Our experiments are mainly performed on two 
servers in our evaluation. One is a DELL 1900 server 
that consists of two Intel Xeon E5310 processors and 
4096MB DDR2 667 RAM. Its operating system is the 
RedHat Enterprise Linux server 5; the kernel version is 
2.6.18. The other is a Sun Fire T1000 Server with 8 
cores and 8192MB DDR2 800 RAM. Its operating 
system is Solaris 10. Table 3 gives the detailed 
information of the CPUs on these servers. 

We also used a server with dual Opteron 248 
processors. The Opteron 248 has 64KB L1 data cache 
and 1MB L2 cache. The operating system on this 
server is also the RedHat Enterprise Linux server 5. 
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Table 2. Performance metrics 

 

Table 3. Detail information of CPUs  
Characteristic Intel Xeon E5310 Sun Ultra-SPARC T1 
L1 cache organization Split instruction/data caches Split instruction/data caches 
L1 cache size per core 32KB instruction cache, 32KB data 

cache 
16KB instruction cache,8KB data cache 

L1 cache associative 2-way associative 4-way set associative 
L1 block size 32 bytes 32 bytes(instruction cache),16 bytes(data 

cache) 
L2 cache organization Unified(instruction and data) Unified(instruction and data) 
L2 cache size 4MB×2(two cores share one L2 cache) 3MB(shared by cores) 
L2 cache associative 16-way set associative 12-way set associative 
L2 block size 64 bytes 64 bytes 
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5 Results and analysis 
 
5.1 Memory references characteristics 
 

First, because the XQuery program has a very large 
data set, we expect that it is memory-intensive. We 
choose the data memory reference per instruction as a 
metric to measure whether it is memory-intensive. A 
higher value indicates the higher demand on the 
memory subsystem (in general, including the cache 
subsystem). 

We measure the data memory reference per 
instruction of three typical queries, Q1, Q5 and Q13 
separately. We also measure the value of the other 15 
queries and the results are similar. Then we compare 
the results with the results of two SPECint 2006 

programs: 403.gcc and 473.astar, whose results are in a 
middle position among all SPECint programs. 

 Figure 2 shows that the data memory reference per 
instruction of XQuery is even less than the value of 
two SPECint 2006 programs. It means that the XQuery 
program is not such a memory-intensive program as 
we expect. Another important question is how well the 
cache hierarchy performs. We compare the cache miss 
per instruction of XQuery programs with two 
programs of SPECint 2006. Although we also measure 
other data such as instruction cache misses and TLB 
misses, these metrics do not show significant 
difference between XQuery and SPECint.  

In order to show the cache performance under 
different cache configurations, we perform XQuery 
workloads on systems with T1, Xeon or Operton. Our 
results show that the XQuery workloads’ L1 cache 

 Intel Xeon5310 Ultra-SPARC T1 
L1 Dcache Miss per Instruction L1 Data Lines Allocated / Instructions Retired DC_miss/Instr_cnt 
L2 Miss per Instruction Ratio  L2 Lines Allocated/ Instructions Retired L2_dmiss_ld/Instr_cnt 
CPI CPU_CYCLES/ Instructions Retired Cycle_cnt/Instr_cnt 
Bus utilization  BUS_TRANS_ANY * 2 /CPU_CLK_UNHALTED Do not know 
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miss per instruction values vary wildly and the L2 
cache miss per instruction values are almost the same. 
Compared to the SPECint programs running on Xeon, 
the L1 cache miss rate is much lower. 

We find that the XQuery execution has the 
following features: 

 Frequent data reuse in a medium working set. 
The XQuery algorithm is a typical divide-and-
conquer algorithm and performs a 
considerable amount of computation on sub-
trees. In DBLP, most sub-trees include less 
than 1000 nodes and consequently their sizes 
are less than 100KB. 

 Little data reuse across the medium working 
sets. Once the operations on a sub-tree are 
finished, the sub-tree’s data is seldom reused. 

These features make the XQuery’s working set fit 
in a moderately-size cache. Therefore the Xeon’s 
32KB L1 cache can achieve high hit rate but its 4M L2 
cache is less effective. Moreover, T1’s 8KB L1 cache 
is somewhat small in our experiments. 

 
5.2 Fundamental performance metrics of 
concurrent querying 
 

In this section, we measure the fundamental 
performance metrics of concurrent query executions. 
Our test program starts multiple threads and each 
thread executes the 18 queries in different order by 
random permutation. These threads share a single 
parsed DOM tree and the DOM tree parsing process is 
not included in our experiments.  

Because T1 has cut off some performance counters, 
we do not know the way to calculate the bus utilization 

on it. However, using Solaris’s [18] busstat, we can 
estimate that the T1 based system is roughly 
transferring about 4 Gigabytes per second on bus when 
there are 32 threads. The T1’s specification claims that 
the four on-chip memory controllers can support over 
20 Gigabytes per second memory bandwidth, so we 
believe that T1’s memory system is far from saturation.  

The Figures 5, 6 and 7 show that as the thread 
number increases the Xeon based system’s 
performance rolls off. At the same time, the bus 
utilization is above normal (40%) and CPI also 
increases rapidly. The T1 based system has nearly 
linear speedup. 

 
5.3 Cache hierarchy’s performance of 
concurrent querying 
 

The results of fundamental performance metrics 
indicate that the Xeon based system may encounter a 
typical trouble caused by the Memory Wall. Then, 
what is the role of the memory hierarchy? We present 
the measurement of L1 data cache misses and L2 cache 
misses below. Figure 8 and Figure 9 show the L1 and 
L2 cache misses per instruction of Xeon and T1. 
Figure 10 shows the local miss rate of L2 cache that 
indicates the effect of L2 cache. The results show that 
on Xeon, the L2 cache itself has poor hit rate. In 
addition, not only on Xeon, whose cache is shared by 
two threads, but also on T1, whose cache is shared by 
up to 32 threads, the shared L2 cache does not yield 
significant benefit on the L2 cache’s hit rate 

. 
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Figure 11. Comparison L2 misses  

 
5.4 Effect of hardware prefetching  
 

Hardware prefetching is an effective approach to 
reducing the cache miss rate. The Intel Core 
architecture provides two prefetch mechanisms, 
namely the Data Prefetch Logic (DPL) and L2 
Streaming Prefetch. The DPL prefetch mechanism 
fetches streams of instructions and data from memory 
to the L2 cache when a stride in the memory access 
pattern is detected. L2 Streaming Prefetcher fetches the 
adjacent 64-byte cache line for each memory access. 
By default, the DPL prefetch mechanism is enabled 
and L2 Streaming Prefetcher is disabled. We evaluate 
the following three configurations: 

 Disabling both prefetching 
 Enabling DPL (default) 
 Enabling both prefetching 

Figure 12 shows that both prefetching mechanisms 
together can increase the system’s throughput by 50% 
when the bus utilization is below a threshold (referring 
to Figure 6, about 40%). However, as the thread 

number increases, its advantage diminishes. As such, 
for eight threads, the configuration that disables all 
prefetching has the best throughput.  

The reasons can be found in Figure 11. 
L2_LINES_IN event is used to count the number of 
cache lines allocated in the L2 cache. The left picture 
of Figure 11 presents all L2_LINES_IN events number 
per instruction; the middle picture shows the demand 
L2_LINES_IN events number per instruction and the 
right one demonstrates the prefetched L2_LINES_IN 
events number per instruction on each configuration. 
We find that when both DPL prefetching and L2 
streaming prefetching are enabled, the demand 
request’s number decreases. However, the number of 
cache lines allocated in the L2 cache is twice as much 
as it is on the configuration that disables all prefetching. 
Moreover, when the bus is busy, the prefetching will 
reduce the throughput. In addition, Figure 12 indicates 
that the combination of both types of prefetching 
produces a better result than the DPL prefetching alone. 
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Figure 12. Comparison of throughput 

 
5. Conclusions and future work 

This paper presents a detailed characterization of 
the memory behavior of XQuery workloads on 
different multi-core platforms. Out of our expectation, 
a moderately-size cache can achieve high hit rate but a 
large shared L2 cache can not yield considerable 
benefit. Furthermore, both L1 and L2 cache miss rate 
only vary slightly when the concurrency rises. Our 
experiments also show that although L2 data 
prefetching does improve throughput, its effect is 
limited by memory bandwidth on highly-concurrent 
workloads. Our future work is to develop shared-
cache-optimized XQuery processors. We think a staged 
query engine design [19] could be an attractive 
solution for exploiting a shared last level cache. 
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Abstract 
 
SPEC CPU2006 benchmark suite has been released to 

measure the performance across various computer systems. 
Understanding the memory requirements of workloads 
from the SPEC CPU2006 suite is essential in understand-
ing the performance results and evaluating the efficiency 
of the memory system. This paper conducts a detailed 
memory characterization of the CPU2006 suite via full run 
simulation. We study the working set size and streaming 
behavior, which show the temporal and spatial locality 
respectively. In general, SPEC CPU2006 comprises of 
many memory-intensive workloads that require more than 
4MB of cache size for better cache performance. Cache 
size sensitivity study indicates many workloads have poor 
temporal locality, and large DRAM cache may serve as a 
good candidate. Meanwhile, a large portion of workloads 
show large amount of streaming behavior, indicating good 
spatial locality. Large cache lines or prefetching can util-
ize this streaming behavior to improve the memory per-
formance. 

 
1. Introduction 

 
The SPEC CPU benchmarks are widely used for per-

formance measurement across various computer systems in 
both industry and academia. The latest released SPEC 
CPU2006  [1] [7] suite is much more compute-intensive 
than the prior suite, and continues to exert pressure on the 
memory system. Understanding the memory requirements 
of these workloads is essential in evaluating the perform-
ance of a computer’s memory system. Gove studied the 
memory footprint of CPU2006 suite  [6] and compared 
CPU2006 to CPU2000. Sair et al. studied the memory be-
havior of SPEC CPU2000 suite  [14]. Earlier versions of 
SPEC were evaluated in  [3] [5]. 

This paper studies the memory behavior of the full-run 
applications of SPEC CPU2006 suite with binary instru-

                                                      

* Supported in part by the National Natural Science Foundation of China 
under Grant No. 60573100,60773149 

mentation-driven simulation, in terms of working set size 
and streaming behavior. Our study makes the following 
contributions: 

 A detailed cache sensitivity study (by varying the 
cache size from 64KB to 128MB) reveals that most of 
them require more than 4MB of cache size to fit, and 
in particular, 11 workloads have working set size ex-
ceeding 128MB. Such large working set sizes indi-
cates the need for large caches. Since large SRAM 
based cache organizations can be expensive to build, 
alternative cache organizations using DRAM (e.g. 
embedded DRAM, off-die DRAM caches, or 3D 
die-stacking) can be useful to reduce the latency and 
bandwidth to main memory. 

 A streaming behavior study reveals that 21 of the 35 
integer workloads and 14 of 21 floating point work-
loads show strong streaming behavior, and among 
them, more than 50% memory accesses form streams. 
This indicates that these workloads have good spatial 
locality and highly predictable access patterns. There-
fore, both large cache lines and hardware stride pre-
fetchers should provide better cache performance for 
these workloads. 

 
2. Characteristics and Methodology 
 
2.1. Characteristics 
 
We characterize the memory behavior of SPEC CPU2006 
benchmarks by focusing on the following two characteris-
tics: 
(i) Working Set Size: The working set  [4] size of a 

workload indicates its temporal locality. Whether an 
important working set fit in the cache or not can have 
a significant impact on the cache performance. By 
evaluating the cache performance versus cache size, 
we can understand how large the cache should be de-
signed to hold the total working set. 

(ii) Streaming Behavior: Streaming access pattern indi-
cates the spatial locality of a workload. This is an im-
portant property when designing the memory subsys-
tem. For example, for a workload with significant 
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streaming behavior, hardware prefetcher can be ex-
pected to work well. For such case, larger cache line 
can also provide better cache performance by reducing 
compulsory misses. In addition, we found that 32 
stream detection engines can capture most streams 
from these workloads. 

 
2.2. Experimental Methodology 

 
In this paper, we use instrumentation driven simulation 

(IDS)  [10] [15] to conduct memory system studies, for its 
advantages of fast, robust, simple and supporting full run 
of applications. Specifically, we use CMP$im  [8], an in-
strumentation driven memory system simulator based on 
Pin [10]. All workloads from the SPEC CPU2006 suite are 
run to completion using their reference input sets. We also 
collect CPI numbers using performance counters on an 
Intel® Xeon® 3.33 GHz system with 32KB L1 data cache 
and 1MB L2 unified cache. All workloads are compiled 
with -O3 optimization level on a Red Hat 32-bit Linux 
system using Intel’s C/C++/Fortran compilers.  

For each workload, we conduct a cache sensitivity 

analysis using the stack distance  [11] approach to simulate 
multiple cache sizes in one run. We model a 2048-way 
128MB data cache. Thus the simulated cache sizes are 
direct mapped 64KB, 2-way 128KB, 4-way 256KB, and so 
on. For our caches, we use 64B line size and LRU re-
placement policy. 

For streaming behavior, we implement the same 
mechanism as that in  [13] to detect streams with unit and 
non-unit strides. We use 32 stream detection engines to 
collect the streaming characteristics on the missed L1 data 
cache requests. That means our stream detection engine 
lies in between L1 and L2, and it detects streams on the L2 
cache requests (the data locality has been filtered by the L1 
cache, and the minimum stride value is one cache line size, 
i.e., 64 bytes). As there is no PC information for the 
missed L1 data cache request, we implement the address 
based stream detector. To simulate hardware prefetching in 
most commercial processors, when reaching page bound-
ary, we stop streams at page boundary, and re-train them in 
the next memory page. 
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Figure 1: Instruction Count of SPEC CPU2006 Workloads. 
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Figure 2: Instruction Profile of SPEC CPU2006 Workloads. The figure shows the instruction count and instruction mix 
of the applications. MEM_NONE: instructions that do not reference memory (ALU operations only); MEM_R: instructions 
that have one or more source operands in memory; MEM_W: instructions whose destination operand is in memory; 
MEM_RW: instructions whose source and destination operands are in memory. 
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3. Overview of SPEC CPU2006 
 
The SPEC CPU2006 suite consists of 12 integer pro-

grams and 18 floating point programs. With all reference 
input sets, the number of corresponding workloads is 35 
and 21, respectively. Compared to earlier versions, it is 
more compute-intensive and time consuming. Most of the 
workloads are also memory intensive, continuing to stress 
the memory hierarchy. In this section, we present basic 
characteristics of the SPEC CPU2006 benchmarks, in-
cluding application instruction profile and the overall per-
formance. 
 
3.1. Application Instruction Profile 

 
The average instruction count for the SPEC CPU2006 

benchmark suite is 1276 billion. Figure 1 shows the total 
instruction count for each workload in the suite. For appli-
cations with large run lengths, full-run simulation is more 
valuable than only simulating small regions of applications, 
as it supports varying phase behavior and helps choosing 
representative regions for detailed simulation. However, it 
presents a challenge to simulation speeds. Since IDS 
methodology allows for quick full-run exploratory studies 
of applications, it is adopted in the following study. 

To understand the contribution of instructions that ref-
erence memory, as Figure 2 shows, we classify the instruc-
tions into four categories: MEM none, MEM read, MEM 
write, MEM read and write. On average, roughly half of 
the instructions reference memory. Of the instructions that 
reference memory, very few (< 1%) both read from and 
write to memory while 20% of total memory instructions 
write to memory. 

 
3.2. Processor Performance 
 

As shown in Figure 3, the average CPI of the SPEC 
CPU2006 workloads is 2.94. By the CPI values, the pri-
mary memory bound workloads (with CPIs greater than 5) 

are identified as follows: gcc (g23 input), mcf, libquantum, 
omnetpp, astar (BigLakes2048 input), bwaves, milc, les-
lie3d, soplex, GemsFDTD, lbm and wrf. We also present 
the misses per one thousand instructions (MPKI) collected 
on the target machine in Figure 3. We observe that appli-
cations with high CPI values have high last level cache 
misses. For example, The CPI is 18.6 for lbm,12.7 for mcf, 
while the MPKI reaches 32.1 and 40.5 respectively. We 
further examine the relationship between the CPI and 
MPKI values, and find that the correlation coefficient is as 
high as 0.918. This implies that the memory system re-
quirements of the workloads may have significant impact 
on the overall performance. To understand the memory 
system requirements of these workloads, the next section 
presents workload sensitivity to different cache sizes. 
 
 

4. Working Set 
 

We perform working set analysis of the workloads by 
evaluating their cache performance with different cache 
sizes. The cache misses per thousand instructions versus 
cache size curve can provide us with insights into how 
much temporal locality each program has, as well as how 
effective caches will be at reducing bandwidth usage to the 
next level of the memory hierarchy. Typically, applications 
have multiple working sets because different data struc-
tures in the application have different temporal locality. 
 
4.1. Working Set Size 

 
First, we show that SPEC CPU2006 workloads have 

very different working set size, varying from 256KB to 
more than 128MB. Figure 4 presents the cache sensitivity 
studies with cache size in megabytes (MB) on a logarith-
mic x-axis and misses per one thousand (MPKI) instruc-
tions on the y-axis. Note that the y-axis varies significantly 
between different workloads.  

We observe that 11 of the 56 SPEC CPU2006 work-
loads have total memory footprint greater than 128MB. 
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Figure 3: Performance of SPEC CPU2006 Workloads. The figure shows the CPI values gathered using performance 
counters on a 3.33GHz Xeon system.
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With the stack distance approach, we can not only obtain 
the cache performance for multiple cache sizes but also 
know the total memory footprint of each workload. For 
example, if the workload has a total data footprint that is 
smaller than the simulated large cache, the amount of valid 
data in the cache (assuming the cache is invalid at simula-
tion start) represents the total memory footprint of the 
workload. This information is represented on the cache 
sensitivity graphs for workloads where the last x-axis 
co-ordinate ends before the simulated large cache size 
(128MB in our experiment). For example, the last 
x-coordinate data cache point for sphinx3 occurs at 8MB, 
implying that it has a total data memory footprint size of 
approximately 8MB. However, for workloads such as 
bwaves, milc where misses occur even in a 128MB cache, 
the footprint size of these workloads is greater than or 
equal to 128MB. 

 
The data cache sensitivity study also reveals that dif-

ferent workloads may have totally different cache friendly 
behavior—consistent friendly or sometimes unfriendly. As 
shown in Figure 4, most of the workloads exhibit cache 
friendly behavior—incremental increases in cache size 
yields incremental improvements in cache performance. 
Such behavior is observed when the cache miss rate shows 
a smooth decreasing behavior with increasing cache sizes 
(e.g. bzip2). However, there are some workloads where 
incrementally increasing the cache size provides no im-
provements in cache performance until a particular cache 
size is reached. At this cache size suddenly significant im-
provement in cache performance is observed, e.g., lib-
quantum and sphinx3. This behavior implies that the re-
spective workloads have a working set that is of the same 
cache size as where the drops occur. Some workloads like 
gcc illustrate multiple drops in the cache miss rate function 
implying that they have multiple working set sizes. 

Since the SPEC CPU2006 workloads operate on a very 
large working set, the future memory systems are expected 
to provide high bandwidth and low latency to achieve high 
performance. The large DRAM cache is a promising tech-
nique to achieve this goal. The DRAM cache can be en-
abled either through 3D stacking or by the use of a multi-
ple-chip package, and its benefits are two-fold: (a) it re-
duces the bandwidth requirement on external memory and 
(b) the latency to and from the DRAM cache is only a 
fraction of that of external memory. Of course, the benefits 
of the DRAM cache are largely a function of the miss rate 
that it provides. When increasing the cache size from 1MB 
to 128 MB, the average cache miss per 1000 instructions 
(MPKI) drops significantly. Among these workloads, the 

MPKI drops from 10.1 to 0.19 for gcc.g23, 46.3 to 12.5 for 
mcf, 13.6 to nearly zero for libquantum, 10.9 to nearly zero 
for omnetpp, 8.35 to 0.01 astar (BigLakes2048 input), 17.1 
to 12.8 for GemsFDTD. Reduction in MPKI can be trans-
lated into reduced bandwidth demands beyond the last 
level cache (LLC). Based on the data for mcf, there are 
nearly 4-fold decreases when we use a large DRAM cache. 
 
4.2. Sensitivity to Different Input Sets 
 

Different input sets may have various impacts on the 
working sets of an application, as shown in Figure 4. Input 
sets that have the highest MPKI are considered more 
memory intensive than others. For example, for the astar 
benchmark, the BigLakes2048 input is more data memory 
intensive of the two. Since some input sets may have 
significant impact on the working sets of an application, 
we should choose the representative input sets carefully for 
memory behavior study. 
 

5. Streaming Behavior 
 
In this section, we characterize the spatial locality of 

CPU2006 workloads by examining their streaming behav-
ior. 

 
5.1. Basic Characterization 

 
In this work, we define Stream as a sequence of mem-

ory accesses with a constant non-zero difference between 
any two adjacent addresses in the sequence  [12] [13], 
namely strided accesses. Stream is one important metric to 
represent memory access characteristics, and many mem-
ory subsystem optimizations have been proposed to target 
such kind of memory accesses pattern, such as hardware 
prefetching  [2], streaming buffer  [13], and profile-driven 
optimizations  [12], etc. 

Figure 5 (a) and (b) show the access distribution on 
stream length and stream stride. The non-streaming means 
the memory access doesn’t belong to any streams. The 
training represents the memory access that recognizes a 
stream. The rest represents the memory access that hits a 
steady stream. In our implementation, unit stride stream 
requires one element for training, while non-unit stride 
stream needs two elements for recognizing a stream. As we 
don’t detect streams across page boundary, the maximum 
stream length is 64 (the size of page divided by stream 
stride, i.e., 4KB / 64B). 
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Figure 4: Cache Performance of SPEC CPU2006 Workloads as a Function of Cache Size 
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All workloads fall into three categories according to 
their streaming degree exposed in Figure 5 (a): (1) strong 
streaming – more than 60% memory accesses are to long 
streams (streams with length larger than 16), (2) moderate 
streaming – more than 50% memory accesses are to 
streams, but the accesses to long streams are moderate, and 
(3) more than 50% memory accesses are non-streaming. 
The first two categories may benefit from hardware pre-
fetching, while the third category may not. From Figure 5 
(a), seven integer workloads (gcc.c-typeck, gcc.cp-decl, 
gcc.expr, gcc.expr2, hmmer.nph3, hmmer.retro and lib-
quantum.ref) and four floating-point workloads 
(bwaves.bwaves, dealII.ref, tonto.tonto and wrf.rsl) are in 
the first category. 14 integer workloads and 10 floating 
point workloads are in the second category. These two 
classes of workloads expose significant streaming behavior, 
with more than 50% memory accesses in streams. Finally, 
as many as 21 workloads are in the third category. In 
summary, the SPEC CPU2006 programs exhibit highly 
predictive memory access patterns, and they are good can-
didates for prefetchers that can detect these patterns accu-
rately. 

Most streams of the SPEC CPU2006 workloads have 
unit stride value as shown in Figure 5 (b). The dominant 
unit-stride streaming memory access pattern indicates that 

these workloads have good spatial locality, thus larger 
cache line could provide better cache performance by re-
ducing the compulsory misses. To know the potential im-
pact of streaming behavior on memory subsystem design, 
we evaluate the performance of large cache line size and 
hardware prefetching in the following subsections. 

 
5.2. Varying Cache Line Size 

 
Figure 6 presents cache performance of workloads 

with varying cache line size on 4 MB simulated cache. All 
workloads except perlbench.checkspam and astar.rivers 
achieve better cache performance when the cache line size 
is scaled. We can see that for workloads exposing good 
streaming behavior with dominant unit-strides and having 
large working sets, the cache performance is greatly im-
proved with large cache line size. For example, in the 
strong streaming category specified in Section  5.1, eight 
workloads (gcc.c-typeck, gcc.cp-decl, gcc.expr, gcc.expr2, 
libquantum.ref, bwaves.bwaves, dealII.ref, and wrf.rsl) 
have working set size larger than 8MB. Their cache misses 
are all reduced with 128B and 256B cache line sizes. On 
the other hand, there are a few workloads that have large 
working sets but gain little (even degrade) cache perform-
ance improvement from large cache line sizes, such as 
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(b) Access Distribution on Stream Stride 

Figure 5: Streaming Behavior of SPEC CPU2006 Workloads. stream length: the number of elements in a stream. stream 
stride: the constant distance in memory address between any two adjacent elements of a stream. 
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sjeng.ref, astar.rivers, astar.BigLakes2048, and om-
netpp.omnetpp. We can see from Figure 5 (b) that these 
workloads have high portion of non-streaming access and 
insignificant long-streaming accesses, thus increasing 
cache line size may increase conflict misses. The penalties 
in these workloads outweigh the benefits from the limited 
spatial locality and worsen the cache performance. In gen-
eral, a cache with scaled line sizes could utilize the large 
portion of unit-stride streaming access pattern in SPEC 
CPU2006 to provide better cache performance. 

 
5.3. Prefetching 

 
Figure 7 presents the performance benefit from hard-

ware prefetching measured on a real Xeon system. We can 
see that for workloads which expose good streaming be-
havior and have large working sets, hardware prefetching 
can improve the performance significantly. For example, 
eight workloads in the strong streaming category specified 
in Section  5.1, receive performance gains ranging from 
34% to 179%. On the other side, there are a few workloads 
that have large working set size but hardly gain any per-
formance improvement from hardware prefetching, in-

cluding sjeng.ref, omnetpp.omnetpp, astar.BigLakes2048, 
and astar.river. Due to the poor streaming behaviors of 
these workloads, the on chip hardware prefetchers could 
catch little predictable access pattern on them. In general, 
we observe an average of 28.8% performance improve-
ment on SPEC CPU2006 workloads, indicating that the 
high portion of streaming access pattern exhibited from 
these workloads can be well utilized by hardware pre-
fetcher to improve the memory performance. 

 
5.4. Varying Stream Detection Engine 
Number 

 
To understand how the identified streaming behavior is 

sensitive to the number of stream detection engines on 
SPEC2006 benchmarks, we also present data for 8, 16 and 
1024 stream detection engines respectively. As shown in 
Figure 8, most streaming characteristics captured by 32 
stream detection engines can also be recognized with 8 and 
16 engines, except for catusADM.benchADM and lbm.lbm. 
These two programs have too many concurrent short 
streams, requiring a large stream table. In general, 32 
stream detection engines are good enough to capture most 
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Figure 6: Performance of 4MB L2 with Different Cache Line Sizes for SPEC CPU2006 Workloads. For better readability, 

we draw two graphs with different scales. 
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of the streaming behavior for SPEC CPU2006 workloads 
at a modest hardware cost. 

 
6. Conclusion 

 
This paper presents the memory system requirements 

of SPEC CPU2006 benchmarks suite. We show that most 
of the SPEC CPU2006 workloads are memory intensive 
and have large working sets. Large DRAM cache can be a 
good candidate to provide better cache performance. In 
addition, a large portion of workloads exhibit significant 
streaming behavior, indicating good spatial locality and 
highly predictable access pattern. We further examine the 
effect of large cache line and hardware prefetching, and 
demonstrate that they can utilize the spatial locality to im-
prove the performance of memory subsystem. 
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Figure 8: Streaming Coverage with Varying Number of Detection Engines. This figure shows the ratio of the accesses 
that are in streams with 8, 16, 32 and 1024 detection engines. 
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