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Abstract

Recent studies have shown that most SPEC CPU2K
benchmarks exhibit strong phase behavior, and the Cycles
per Instruction (CPI) performance metric can be
accurately predicted based on program’s control-flow
behavior, by simply observing the sequencing of the
program counters, or extended instruction pointers (EIPS).
One motivation of this paper is to see if server workloads
also exhibit such phase behavior. In particular, can EIPs
effectively predict CPI in server workloads? We propose
using regression trees to measure the theoretical upper
bound on the accuracy of predicting the CPI using EIPs,
where accuracy is measure by the explained variance of
CPI with EIPs. Our results show that for most server
workloads and, surprisingly, even for CPU2K
benchmarks, the accuracy of predicting CPI from EIPs
varies widely. We classify the benchmarks into four
quadrants based on their CPI variance and predictability
of CPI using EIPs. Our results indicate that no single
sampling technique can be broadly applied to a large
class of applications. We propose a new methodology that
selects the best-suited sampling technique to accurately
capture the program behavior.

1. Introduction

Several recent studies [11][25][27][28][32] have
shown that many SPEC CPU2K benchmarks have a strong
relationship between control flow behavior and observed
performance. Control flow is usually characterized by the
sequence of program counters or basic blocks, while
performance is typically characterized by average Cycles
per Instruction (CPI) metric. These studies also showed
that there are only a few dominant phase behaviors in most
SPEC CPU2K benchmarks and, hence, simulating only
one representative sample from each phase can improve
simulation speed without unduly sacrificing accuracy.

Server class applications, such as On-Line
Transaction Processing (OLTP) and Decision Support
Systems (DSS), are crucial benchmarks for the design and
performance analysis of server processors. Previous
studies on server workloads [8][9][14][20] showed that
there are significant differences between SPEC and server
workloads. For instance, server workloads are
multithreaded, have much larger data and instruction foot
prints, contain non-loopy code, incur significant OS
activity, and suffer from higher cache miss rates, branch
mispredictions and frequent context switches [14].

Our research focuses on analyzing server workloads
and using the insights gained from the analysis to innovate
microarchitecture techniques to improve server processor
designs. Hence, the natural question arises: do server
workloads also exhibit similar phase behavior in spite of
their differences from SPEC? In this research our primary
goal is to quantify how well the program counter predicts
CPI. The program counter is called Extended Instruction
Pointer (EIP) in Intel architectures; in this paper we use
EIP to mean program counter. We employ regression trees
to precisely quantify the relationship between EIPs and
CPI; regression trees allow us to measure the theoretical
upper bound on the accuracy of predicting CPI using EIPs.

Using regression trees this paper presents a
thorough analysis of the predictability of CPI from EIPs
for three commercial workloads: an OLTP workload
called the Oracle Database Benchmark-C (ODB-C) [15]",
a DSS workload called the Oracle Database Benchmark-H
(ODB-H) [2]' and SPECjAppServer (SjAS) [4]. Our
results show that for ODB-C and SjAS that suffer
significant number of L3 misses, miss penalty
overshadows stalls due to other microarchitectural
bottlenecks. Hence, CPI is primarily determined by L3
misses and is independent of the EIPs. Other benchmarks,
such as query Q13 in ODB-H, execute a small code
segment repeatedly and predictably over a large data set
and exhibit cyclic phase behavior where CPI can be
determined by observing EIPs.

Using CPI variance and CPI predictability we
classify the benchmarks into four quadrants. We show that
the predictability across benchmarks varies widely and
there is a fuzzy boundary between phase and no-phase
behavior. Hence, no single sampling technique can be
broadly applied to a large class of workloads. We propose
using quadrant based classification to better understand the
wide range of workload behaviors and select the best-
suited sampling technique to accurately capture the
program behavior for each workload.

The rest of this paper is organized as follows.
Section 2 describes the setup and tuning of the three server
workloads. Section 3 describes the data capture process.
Section 4 introduces regression tree concept, which is the

! ODB-C and ODB-H are not compliant TPC-C and TPC-H

Benchmarks™, even though there may be similarities in the database
schema and the transactions in the workload. Any results presented here
should not be interpreted as or compared to any published TPC
Benchmark results. TPC-C and TPC-H Benchmarks are trademarks of
Transaction Processing Performance Council (TPC).
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heart of our methodology that quantifies the CPI and EIP
relationship. The results from the analysis are presented in
Section 5 and Section 6. Section 7 describes the quadrant
classification, and explains which sampling techniques are
best suited for each quadrant. Section 8 briefly describes
relevant prior work. We conclude in Section 9.

2. Workload Setup and Tuning

For this research, we use three commercial grade
server workloads: an OLTP workload, a DSS workload
(both based on the Oracle database server), and the SjAS
application server workload. For the purpose of
comparison, in Section 7 we also present interesting and
contrasting results from the SPEC CPU2K benchmarks.

2.1  Server Workload Description

The OLTP workload used in this study is the
Oracle® Database Benchmark-C (ODB-C), which is
derived from the Oracle 10g RDBMS. ODB-C simulates
an order-entry business where clients execute transactions
against a database. A more detailed description of ODB-C
can be found in [15].

The DSS workload used in this study is called
Oracle Database Benchmark-H (ODB-H). ODB-H also
uses the Oracle 10g RDBMS as the underlying database
server. ODB-H consists of 22 business oriented read-only
queries similar to those in TPC-H [2]. These queries
examine large volumes of data, perform complex
computations, and give answers to critical business
questions. In our setup all the queries are run sequentially
and individual query performance is separately measured.

SPECjAppServer (SjAS) [4] is designed to measure
the performance of Java 2 Enterprise Edition (J2EE) [5] on
application servers. This workload emulates supply chain
management, manufacturing, and order/inventory systems
of a large corporation. SjAS comprises of four
components. (1) The driver models customer orders that
induce transactions into the system. (2) The supplier
emulator models the supplier domain of the system. (3)
The database provides the repository capabilities for the
corporate, orders, manufacturing and supplier transaction
data. (4) The application server models the middle-tier that
handles the presentation logic, which serves the driver and
supplier emulator. It implements the business rules,
prepares the information for the presentation logic, and
queries the database. In this study we focus only on the
application server built on top of BEA™ Weblogic
Platform JRockit™ JVM version 8.1. The backend
database server is built using Oracle 91 Release 2 RDBMS.

2.2  Hardware Configuration

All our workloads, except SjAS, are run entirely on
an Intel® Itanium® 2 processor based system. The

™ BEA, Weblogic Platform and jRockit are trademarks of BEA Systems
Inc.

experimental system has four 900 MHz Itanium 2
processors running Red Hat Linux Advanced Server 2.1
using the kernel 2.4.9-e.10smp. The processor has three
levels of caches. The first level has a 64 KB split
instruction and data cache, while the second and third
levels have unified caches of 256 KB and 3 MB,
respectively. Our system is populated with 16 GB of
PC200 DDR memory and has 34 Ultra320 SCSI drives,
each with 73 GB of capacity. In our SjAS setup, the Intel
Itanium 2 processor based system is used as the
application server. An Intel Xeon based 4-way server is
used as the database backend. The driver and supplier
emulator are also run on the same backend database
server, thereby emulating the three-tier system on a two-
tier physical system. Since we focus only on the
application server of SjAS, combining database and client
layers does not impact our results.

2.3  Workload Tuning

Server workloads typically have numerous
configuration parameters that can influence their execution
behavior. For ODB-C, we use 14 GB as the System Global
Area (SGA). SGA is the main memory buffer cache
managed by the Oracle database server, which is intended
to hold as much of the database working set as possible in
memory. The results presented in this paper use an 800
warehouse ODB-C configuration with 56 clients. The data
is striped across 32 disks, one disk is used as a log disk
and one disk is used for OS. The CPU utilization for our
ODB-C run is near 95%.

ODB-H uses a 30 GB (similar to a TPC-H scaling
factor of 30) database that is striped across 32 disks and 1
disk is used as log disk. Oracle does not use as much SGA
when running ODB-H and hence the SGA is set to 2 GB.

The SjAS workload tuning is done in several steps.
In the first step, the backend database server is tuned using
a process similar to the process used for ODB-C. In the
second step, the application server is tuned by setting the
heap size for the JVM appropriately so as to reduce
frequent garbage collection invocation. In our setup we
used 1.5 GB as the heap size with parallel garbage
collection algorithm. We used an injection rate of 100 with
18 threads. Injection rate is the number of business
transactions requests per second that are injected by the
driver application into the application server.

3. Data Collection Methodology

This section describes the tools and framework used
to capture data and analyze phase behavior of programs
running on native hardware. Our analysis tool is built on
top of VTune [1], a commercially available software
performance analyzer for Intel architectures. It has the
ability to non-intrusively analyze any program, along with
the OS, running on native hardware, including
multithreaded programs running on multiprocessors.
These features are essential to analyze multithreaded

YF]',F.

COMPUTER
SOCIETY

Proceedings of the 37th International Symposium on Microarchitecture (MICRO-37 2004)
1072-4451/04 $20.00 © 2004 IEEE



server programs, which are neither amenable for code
instrumentation nor recompilation (due to the lack of
source code). Our tool uses a multi-step process to analyze
the relationship between CPI and EIPs. In this section we
describe the first two steps that collect the raw data and
format the raw data for regression tree analysis. Detailed
description of our data collection methodology and our
tool infrastructure is presented in our previous work [32].

3.1 Data Collection Using VTune

In the first step, the tool uses the underlying VTune
driver to monitor a large number of performance/code
execution attributes stored in the embedded event counters
of the Intel processors while a program is being executed
on a physical system. It collects information, such as EIPs
and clock ticks, which are used in the later steps for
regression tree analysis and validation. VTune interrupts
execution at regular intervals (as measured by the number
of retired instructions) and records the EIP at the point of
interruption and event counter totals (e.g. clocktick count,
instruction count). Sampling at high frequency can
increase execution overhead. Conversely, too low a
sampling frequency will lead to sparse data. Based on our
previous study [32], we sampled all benchmarks once
every one million retired instructions, and sampled SjAS
once every 100,000 retired instructions. SjAS is sampled
at higher rate to capture any short dynamic code changes
due to JIT compilation. The worst case VTune overhead is
5% for SjAS, and at the one million sampling rate the
typical overhead of using VTune is about 2%.

3.2 Creating EIP Vectors (EIPVs)

The VTune samples from the first step are combined
to form EIP vectors. The execution of a program is divided
into equal intervals each of length 100 million instructions.
Each interval is represented by a vector that corresponds to
the histogram of EIPs collected during that interval. Let N
be the total number of unique EIPs recorded by VTune
during a complete run of a benchmark. The j* interval of
100 million instructions is then represented by the one-
dimensional vector VeCy j = [Xij; Xzj; ...; XNJ-]T, where X;j is
the total number of times the i" unique EIP has been
sampled by VTune during the j™ interval. If VTune is set
to sample code execution at its default rate of once every
million instructions executed, then each histogram vector
is computed on the basis of 100 consecutive samples. We
call vec, j the j™ EIPV. For each sampling interval we
subtract the time stamp counter value at the beginning of
the sampling from the time stamp counter value at the end
of the sampling period. The difference divided by the
number of instruction retired in that sample period gives
the instantaneous CPI. The average instantaneous CPI
EIPV interval can then be computed by averaging the
instantaneous values of all the samples in that interval.

3.3 EIPVs versus BBVs

While the main purpose of this work is to identify
the relationship between EIPs and CPI using regression

trees, our tool is capable of doing machine independent
phase detection using k-means clustering of EIPVs,
similar to the basic block vector (BBV) clustering
approach used in [27]. Note that in [27] the authors
collected BBVs by tracking the execution of every basic
block using full code profiling. Due to the limitations in
our data collection methodology, it is not feasible to
collect EIPs at such a high frequency. Furthermore, VTune
driver associates an EIP with every sample rather than a
basic block. Hence we used EIPVs in this study. While we
believe that VTune has adequately sampled code
execution to capture all the necessary information for
phase analysis [32], a direct comparison with BBVs is
beyond the scope of this paper.

4. Regression Tree Analysis of EIPVs

One objective of this paper is to quantify the
relationship between CPI and EIPs across a broad range of
workloads. In other words, how accurately can one predict
the CPI using only EIPs? To quantify this relationship we
use regression trees [6][7]. This section introduces the
concept of regression trees and describes how they can be
used to quantify this relationship.

4.1 Building a Regression Tree

The input to the regression tree build algorithm is a
collection of data points (X)y), formed by a
multidimensional input X (EIPV in our case), and an one-
dimensional output y (in our case, CPl). Regression trees
optimally and recursively subdivide the X space with
“walls”, portions of linear subspaces, so that the resulting
“chambers” contain input points whose corresponding Yy
values are as homogeneous as possible. Intuitively, in our
setup the EIPV space is recursively subdivided into
groups, such that the CPIs of all the EIPVs in each group
have the theoretically smallest possible variance.

In this section we first describe the algorithm for
building the root node of a regression tree, and then
describe how the algorithm recursively builds the entire
tree. The algorithm chooses the first unique EIP (say,
EIPy) as a tentative candidate for the root node and forms a
corresponding collection of tuples, tupgpo = [(Ny, CPIy);
(ny, CPLy); ...;( Ny, CPly)], where m is the total number of
execution intervals (of 100 million instructions), n; is the
number of times EIP, is executed in the it interval, and
CPl; is the instantaneous CPI of that interval.

The tupeipo is first Split into tUp_|E|p0 and tUp_rE|p01
based on the EIP, execution count n;. The execution count
of EIP, in each of the tuples in tup_lgpo is less than or
equal to n; and those in tup_rgpo is greater than n;, The
algorithm then computes CPI variances of the tup_lgpo and
tup_rgipo, and computes the weighted sum (weighted by
the number of tuples) of the two CPI variances. The
algorithm then repeats this same split process for each
unique n;, i.e. Ny, N... Ny It then chooses the split value n;
that minimizes CPI variance. In other words, of all the
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possible two-way splits of tupgpo, the split that reduces the
CPI variance most is selected as the optimal split for EIP,.

The algorithm then repeats the above process for all
the N unique EIPs, and for each EIP it selects the optimal
split. Finally, (EIP,y0, Nior) 1 picked as the root node,
where the EIP,.,; minimizes the CPI variance over all the
EIPs and n,, is the corresponding split value. Intuitively,
the algorithm chooses an EIP that most closely tracks the
CPI variance as the root node of the tree.

After the initial split, all the EIPVs are separated
into two groups depending on the number of times EIP,,
is executed in each vector. The algorithm then recursively
splits each of the sub population of EIPVs to form a
binary regression tree.

4.2  Regression Tree Example

In this section we use data from Table 1 as inputto a
hypothetical example to explain the regression tree
building process. In this example the program has 3
unique EIPs (EIP,, EIP;, and EIP,) and is divided into
eight execution intervals. The EIPV for each interval
shows the number of times each unique EIP occurs during
that interval (in Millions); the CPI during that interval is
also shown in Table 1.

CPI EIP, | EIP, | EIP;

EIPV, | 1.0 100 0 0
EIPV, | 11 80 0 20
EIPV, | 2.6 0 20 80
EIPV; | 0.6 80 20 0

EIPV, 2.0 20 20 60
EIPV;s 2.1 20 20 60
EIPVs 2.5 20 0 80
EIPV; 0.7 80 20 0

Table 1 Example EIPV Table

EIPo<=20 EIP, > 20

EIP, >0

EIP; <=0

EIP, <= 60, EIP, > 60

EIPV,, 2.0
EIPVs, 2.1

EIPV,, 2.6
EIPVg, 2.5

EIPVy, 1.0
EIPVy, 1.1

EIPV3, 0.6
EIPV7, 0.7

4 Chambers (k=4)
Figure 1 Example Regression Tree with 4 Chambers

The regression tree algorithm first selects EIP, as a
tentative candidate for the root node and forms a
corresponding tuple collection, tupgpy. Each tuple contains
the number of times EIP, is executed in an interval along
with the CPI in that interval. The tupgp, is then split into
two, tup lgpe and tup rgpg, so as to minimize the CPI
variance. In this example an execution count of 20 is used
for the split and hence the tup lgpy contains EIPV,,
EIPV,, EIPV;, and EIPVg; and tup rgpy contains EIPV,
EIPV,, EIPV;, and EIPV,. Similarly, EIP; and EIP, are

next considered as potential choices for the root node. For
each choice of root node the reduction in CPI variance is
noted. After comparing the CPI variance reduction of the
three EIPs, EIP, is selected as the root node, since that
split reduces CPI variance more than splitting based on
any other EIP.

The root node is marked as (EIP,, 20). All EIPVs in
which EIP, is executed for no more than 20 times are
placed in left subtree, and those EIPVs in which EIP, is
executed for more than 20 times are placed in the right
subtree. Hence, EIPV,, EIPV,, EIPVs, and EIPV, are
placed in the left subtree; and EIPV,, EIPV,, EIPV;, and
EIPV; are placed in the right subtree. The regression tree
is further split recursively. Both the left subtree and the
right subtree are divided into two nodes to form a
regression tree with 4 leaf nodes, as shown in Figure 1.

4.3  Managing Complexity

Note that it is possible to keep subdividing the
EIPVs with walls until each chamber contains just one
data point (one EIPV). Obviously, in such an extreme case
the intra-chamber CPI variance goes to zero when there is
only one CPI associated with an EIPV. For practical
considerations, however, it is necessary to compromise
between the precision of the model, i.e. the overall
homogeneity of chambers, and the complexity of the tree,
i.e. the number of final chambers. In our model we chose
to restrict the maximum number of chambers to be no
more than 50 (1<=k<=50), since for most of our
applications going beyond 50 chambers does not reduce
the per chamber CPI variance. For each k, we seek the
optimal tree T_k that has k chambers.

For each chamber C of a tree T_k, we compute the
mean CPI value vc from the CPI value associated with
each EIPV in that chamber. Finally, we use cross-
validation [6], a well known technique to determine tree
complexity, to select a k value that strikes the balance
between precision and complexity. An intuitive and
simplified description of this technique is presented now.

4.4  Cross Validation Algorithm

The cross validation algorithm divides the input data
set, (EIPV, CPI), into 10 parts. A regression tree is built
using nine out of the ten parts (i.e. 90% of the input data)
and the remaining 10% of the data set (EIPV, CPI) is
subsequently inserted in the chambers of the regression
tree. For each EIPV inserted, its estimated CPI is the mean
CPI of the chamber (vc) where it is inserted. The sum of
the squared difference between estimated CPI and the
EIPV’s computed instantaneous CPI is called the cross
validation error. Intuitively, cross validation error gives us
an upper bound on the predictability of CPI using EIPs.

For the cross-validation process, let us first start
with k=1, the number of chambers in the tree equals 1. We
then repeat the following process for all k (1<=k<=50).
The input data set (D), namely (EIPV, CPI) pairs, is
randomly subdivided into 10 equal parts D; (j=1,...,10).
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We remove the " part D; (10% of the EIPVs and their
associated CPI values) from the data set and use the
remaining 90% of the data to build a regression tree Ty, as
described in Section 4.1. We repeatedly remove one of the
10 parts and build a regression tree using the remaining
nine parts. Using all possible combinations of nine out of
the 10 parts, 10 different regression trees are built. Thus,
any tree Ty is built using only 90% of the input data and
has k chambers (leaf nodes).

For a tree Ty, we first choose one EIPV (say p) from
the 10% data that was left out from building that tree, and
place p in the most appropriate chamber in that tree. For
instance, if the root node of Ty is marked (EIP,qo, No0r) We
look for the number of times EIP,, is executed in p.
Remember that each EIPV contains one execution count
entry for each unique EIP in the program, even if the count
is zero. If the value is less than or equal to n,,, we traverse
the left node of the tree, otherwise we visit the right node.
We recursively traverse the tree until we reach the leaf
chamber, C,, where p is placed. Then the CPI for p is
predicted as Vcp, the mean CPI of that chamber computed
from the 90% of the data as described before. The squared
difference between the computed instantaneous CPI
associated with p and the predicted CPI is Ey, - (CPI(p)-
vcp)z. We then repeatedly compute the squared difference
for each EIPV in the remaining 10% of the data. We
compute the sum of all the squared differences to form Ej;
(i=1,...,10) for a given regression tree Ty. We compute Ey;
corresponding to each of the 10 regression trees that were
built using 90% of the data.

The above procedure is repeated for each of the ten
trees, for a given k. The partial sums of errors for the 10
trees are summed together and averaged over 10, the
number of trees,

The relative error is then considered for all k
(number of leaf nodes) as

where E is the variance of the total CPI population. The
asymptotic value for the relative cross validation error
REj-, gives us an upper bound on predicting CPI using
just EIPs. In this paper, we consider RE,,, to be a good
approximation of RE,-,, if the relative error REyqy is
within 0.5% of RE,-,. Note that in this framework, we
have repeatedly attempted to predict the behavior in CPI
space of 10% of our data by using the behavior in the
remaining 90% of the data, which is commonly considered
as a good approximation of the tradeoff between precision
and model complexity.

4.5 Interpreting Regression Tree Results

Before using the regression tree methodology, it is
important to first look at the CPI variance of the sampled
data. If the variance (E) is small to begin with, indicating a
uniform CPI throughout execution, there is often no need
to build elaborate regression functions for predicting CPI.
A simple average is often enough; note that a regression
tree with a single leaf and no split corresponds to the
simple average estimator. On the other hand, if variance is
sufficiently large, then the value of REy-,, provides many
useful insights into the program behavior. It represents the
amount of information the EIPVs provide for predicting
CPL. For instance, REy-,=0.15 means that 85% (1-RE,-,)
of the CPI variance can be explained by the EIPVs.
Furthermore, if the small RE,_, is reached with a small
number of chambers, say K,,<20, then the workload
behavior exhibits a small number of dominant phases. On
the other hand, when RE,_,~1 then EIPVs have no
relationship with CPI, or CPI cannot be predicted using
only EIPVs. Finally, irrespective of the value RE—, if this
error limit is reached only with a large number of
chambers, then it indicates that the relationship between
EIPVs and CPI is not regulated by few dominant phases,
and hence, it is unlikely that using a few samples will
accurately represent the whole program behavior.

A comprehensive treatment of the regression tree
technique is presented in [6]. In our implementation we
use rpart from the R programming environment [7].

4.6 Regression Tree versus K-means Clustering

It is interesting to note the similarities and
differences of regression trees with previously proposed
clustering algorithms. In previous approaches EIPVs (or
an equivalent control flow representation, e.g. BBVs [27])
are subdivided into “clusters” using K-means clustering
algorithm. The fundamental difference between regression
and K-means clustering lies in the amount of information
used to compute the phases or clusters. With K-means
clustering, the phases are determined solely using the
EIPVs; in particular, CPI values are not used in
determining the clusters. Thus, in K-means, it is assumed,
rather than proven, that the points belonging to the same
cluster have very similar CPL.

Since CPI does not drive the clustering process in
K-means, it is possible that some clusters have high CPI
variance although the EIPVs in the cluster are similar. To
overcome this problem, recently stratified sampling [25]
has been proposed, which uses more than one sample from
those phases that have high CPI variance. Although
stratified sampling does reduce the CPI variance, the
fundamental assumption in k-means remains the same:
CPI can be accurately predicted using just EIPVs.

When using regression trees, the “clustering” (i.e.
the partitioning of the EIPV space into chambers) is driven
by CPI variations between EIPV points being grouped into
the same chamber. Therefore, by construction, the EIPVs
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that ended up in the same chamber will have similar CPI
values. In other words, the difference between the two
approaches is that, in regression trees, CPI optimally
drives the subdivision of EIPVs into chambers and, hence,
can show the inherent limitation in predicting CPI with
just EIPVs. The grouping of EIPVs into chambers in the
regression tree is conceptually similar to grouping EIPVs
into K-means clusters.

In order to quantify these differences, we compare
the regression tree clustering to the K-means clustering for
all of our workloads. We choose k-values independently
from both schemes, where the k value is less than 50 and
the performance predictability is minimized for each
algorithm respectively. On average, the regression trees
improve CPI predictability by 80% compared to K-means.
Even though they both are clustered on EIP execution
behavior, the lack of CPI information may hamper the
performance of the K-means algorithm. The major focus
of this research is not to compare regression trees to K-
means, and hence the rest of this paper demonstrates the
correlation between code flow and performance
predictability.

5. ODB-C and SPECjAppServer

This section presents the results from regression tree
analysis of transaction intensive server workloads ODB-C
and SjAS. We show how the relative error (REy) for a
regression tree Ty changes with increasing k, the number
of chambers in the tree, and analyze the reasons for the
observed behavior.

Figure 2 shows how relative error changes by
increasing the number of chambers (k) in the regression
trees for ODB-C and SjAS. For ODB-C, as the number of
chambers in the regression tree increases, the relative cross
validation error increases above one. For SjAS, as the
number of chambers in the regression tree increases, the
relative error remains flat at approximately 0.96, and the
minimum error, RE, is about 0.8 when k=3. In ODB-C
EIPVs are entirely inadequate to explain CPI variance,
while only 20% of the CPI variance in SjAS can be
explained by EIPVs. Note that the regression trees are
built using 90% of the data and the error is computed
using the remaining 10% of the data. If the relationship
between EIPVs and CPI is entirely random, any “optimal
split” decision made on 90% of the data may not
generalize when using the remaining 10% of the data. This
can lead in some cases to more complex models
performing worse than simple ones (RE>1)!

To understand the reasons for large relative errors in
Figure 2, we present the EIP spread with time and CPI
variations with time, in Figure 3, for a 60 second interval
during the steady state execution of ODB-C and SjAS.
Compared to SPEC CPU2K benchmarks, ODB-C and
SjAS execute a large number of unique instructions that

of unique EIP samples collected by VTune (Y-axis in EIP
spread graphs) in the 60 second interval is 23,891 in ODB-
C and 31,478 in SjAS. On the other hand, the mcf
benchmark from CPU2K suite has only 646 unique EIP
samples in a 200 second interval. Furthermore, the CPI
variance is only 0.01 for ODB-C and even for SjAS it is
0.03. The small CPI variance for the large number of
unique EIPs indicates that the performance is independent
of the code.
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5.1 CPI Breakdown

To explain why CPI is independent of the code, we
breakdown the instantancous CPI into four components:
time to execute instructions (WORK), I-cache and branch
misprediction stalls (FE), D-cache miss stalls mostly due
to L3 misses (EXE), and all the remaining backend stalls
(OTHER). The embedded counters in an Intel Itanium 2
processor can measure the stall times and hence the CPI
breakdown presented here is precise. Figure 4 and Figure
5 show the CPI breakdown for ODB-C and SjAS,
respectively. In ODB-C, L3 cache miss stalls are
responsible for more than 50% of the total CPI through out
the entire execution interval. In SjAS also, L3 cache miss
stalls account for 30-40% of the total CPI. Since L3 misses
occur frequently and uniformly throughout the execution,

are rather uniformly distributed. For instance, the number CPI variations caused by other microarchitectural
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