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Workload execution in virtualized machines is rapidly becoming
commonplace while support for self-virtualization is alreadsilabsle in
mass market processors. From a performance analysis andtipredic
standpoint, virtualization introduces new sources of uncertainty in
reasoning about the factors that impact overall system penfioerend
efficiency. This paper describes a general methodology foitipgothe
vertical software and hardware stack of a virtualizedfqriat A key
contribution of this paper is an instrumentation approach that esforc
alignment between measurements of potentially correlatedrdacto
that statistical analysis technigues such as regression inpaan be
used effectively against the data. The paper shows, through thef use
preliminary examples, how one can use such instrumentation dam obt
decompositions of the CPI (cycles-per-instruction) metric foo tw
workloads when each is executed first on native hardware anéhthen
identically configured virtual machine.

1 Introduction

In recent years a trend toward virtualization of machines has acedlaranterprise data centers
and other high volume processing environments [21]. This trend is driven irpktdey

business needs to transcend such rigidities of static deploymgruwess space, and thermal
footprints, while minimizing wasteful energy use by redistributing execwtimong fewer
machines than are needed during peak demand periods [18, 21]. Vendors of popudaorgoce
have delivered architectural support for processor self-virtuaizhy removing the need for
software based execution shadowing or emulation, further acceletasingend [1].

With virtualization entering the mainstream, it has become important tactbeaze its effects on
workload performance, so that machines can be configured aptly and optiarizetiuglized
execution. It is also necessary to obtain profiles of platform behavides vintualized execution
so that future modifications of software and hardware can take due accéastors that limit
the performance of software when it is deployed inside virtual machines.

In particular, because virtualization gives rise to additional pressur micro-architectural
resources and introduces new types of behavior that affect performtas@ssential to identify
the hardware and software factors whose impacts dominate perforamaht®calibrate those
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impacts. For instance, the ability to relate increases in vimaahine instances on a given
physical platform to changes in the demands upon the resources of thelgigtiman helps
identify efficient load balancing policies when an ensemble of virtaghimes is scheduled
across a collection of physical machines. Similarly, a detailed dioeakof the overheads that
arise when a workload’s execution is virtualized provides an opportonifgtimize the
workload, perhaps along with hardware configuration, so that the overheads@aveder
reduced.

For non-virtualized - or native - execution, well matured performance profilgiguimentations
at multiple levels of the hardware and software hierarchy, supported bgiaraiy modeling
techniques, has provided a rich source of understanding for workloadiere8inulations of
instruction traces from native execution have been another source foirmptaitical modeling
parameters such as per instruction overheads arising from dynamidarentliat generate
execution stalls. By comparison, instrumentation and analysis technigquasualized
execution are significantly more incipient. Ironically, becauseaiization introduces many
dynamic behaviors - some through new usages of hardware such as co-execution of
heterogeneous operating systems - its performance characterizatiordddrigg resolution yet
minimally intrusive instrumentation. Likewise, its simulation regsia much broader range of
instruction traces than what would be considered sufficiently repraserftatcapturing native
execution behavior.

This paper describes an approach for bridging the profiling instrumentafidregaeen native
and virtualized execution, and shows by example a preliminary method fomigdte key
contributors of performance overhead in both native and virtualized maockiaaces. As a first
step, weapply workloads with single state behaviors in this study, but the metigydativanced
in this paper is designed to apply equally to behaviors that are not sieadime. An aligned
collection of hardware monitored as well as hypervisor (also known &4rthal Machine
Monitor) instrumented event counts is achieved with hypervisor embeddedwhere the width
of a single interval of event collection can be based on time, insinexunt, or some other unit
such as numbers of branches retired or intrinsic application phasesigfjbes are
programmatically generated either from the processor, or from withinatéoad that is of
interest. Instrumentation efficiency is obtained by keeping control witkihypervisor to the
maximum extent possible. This frugality and flexibility makgsossible to get fine grained
intervals of hardware and software event data where the stdtisi@tionships among events are
captured within the interval boundaries. Each interval contains evésticsegathered from the
hardware, the Virtual Machine Monitor, the Kernel and possibly thecagpialn itself. The paper
illustrates how regression techniques can be applied to this data to gaisights in the effects
of virtualization on workload performance. We also demonstrate how theatatse used to
guantify how the occurrence of various micro-architectural and virtualizatvents affects
virtualization overhead.

2 Background

Virtualization has been used in various forms for several decades. Rebenmttnewed interest
in virtualization produced two dominant moddtsira-VirtualizationandHardware
Virtualization[21]. Para-Virtualizationruns on unmodified hardware and relies on the Virtual
Machine Monitor (VMM) to manage the memory, allocate resource, andeisb&avarious guest
kernels. It works by replacing critical calls in guest kernels withd’paalls to VMM
equivalents. The VMM is then responsible for guaranteeing thataathply with system
policies and that guests are protected from failures by other guests.



Hardware Virtualization delegates many of the functions of the idlkhe processor. Guest
kernels no longer need to be modified and can operate as if they are ramuiedicated
hardware. The guest kernel runs at slightly limited CPLO, the sarde/du ring that native
kernels execute within, while a new, root privilege is createchiohypervisor. The processor is
designed to trap into hypervisor whenever one of a limited subset of opsriatattempted from
non-root privilege level, in order to prevent guest kernels from piercaglistraction of the
processor that is presented to them by the hypervisor, or to affeabltt®is of other co-
executing kernels. Such traps, generally referred to as VT exitscansmaon source of overhead
in many of the early implementations of hardware virtualization, and theraferthe target of
considerable optimization through successive generations of processemanjztions and
hypervisor algorithms. Virtualization of hardware requires viraaion of activities on the 1/O
path as well.

The primary difficulty that arises in fine-grained performanceilumgfin a virtualized context is
in achieving completeness of performance state capture. A typicahsyatehave multiple
autonomous privilege domains in concurrent execution, where guest kermelisedert direct
control over each other (for profiling purposes) or over the processor. Adtlkid/the only
software component with control over the entire system hardware and yngpace, it is the
logical choice for basing a whole system profiler; yet, the VMM sihiadoes not have sufficient
visibility into guest encapsulated software performance state, @ahweffective profiler must
operate from the VMM where it has complete and direct access podbessor’s profiling
features; and, its operation depends upon accurately allocating and aliggmitgjtevtheir
appropriate domains. Guest kernel cooperation —even if to a very limitee dalgeneeds to be
built-in so that guests can participate efficiently in triggering pacing profile data collection
and align activities at the workload level with performance datai@ the VMM at the
desired granularity.

Finally, since the VMM is a major system level component, it®astwill affect the overall
workload behavior and the effects of that behavior on the processor. leifothémportant to
include the VMM’s events as part of the whole system profile. In othatsyty capture a
comprehensive snapshot of the system’s behavior for any given execuwgiwalint is important
to gather data from the processor, VMM, guest kernels, and executinigacbrk the next
section we present our proposed system design for a whole virtualized pysfier that
addresses these challenges.

3 Virtualization Enabled Profiling

In this section we describe a profiling system we built to capturdetttzéhavioral snapshots of
the entire hardware and software stack of a system —whether in nativiializéd execution.
Subsection 3.1 presents the data model for our system, while subsection 3il2esi&ser
profiling infrastructure. We describe our experimental methodology and seteption 4.

3.1 Data Model
CPI PMC data Hypervisor data Guest Kernel data

Interval, | CPL, [PMCy| ... |[PMGn| VTinm VTom | OSm| ... OSnm

Table 1: Data collection model for vertical virtualization profiling

The basic unit of data in our system is an execution interval; a sequeansgaftion delimited
by an arbitrarily defined event. Intervals can be defined based on time siiogser of retired



instructions, or other micro-architectural or workload events. In thisrpapeuse intervals of
equal number of retired processor instructions.

Each interval includes counters for events derived from three primaryesoberdware
performance monitoring counters (PMC), guest kernels, and the hypelisadata model is
depicted in Table 1. The system insures that events are synchronizeidjaed tal the intervals
during which they were collected. Events are normalized to the numbeired iastructions.

The collection of data at the granularity of an execution intervabtssated by the studies that
demonstrate potential presence of varying performance behaviors défieéngndiparts of a
workload’s execution [22]. By collecting the data at the granularitynaflsntervals (millions of
retired instructions), we are able to capture and account for themerifbehaviors. For a longer
discussion on the rationale behind this method of data collection, the eagferied to [19, 20].

3.2 Virtualized Profiling System Design

To support the data model in Table 1, we developed a utility that achievisldowing
minimum objectives: aligned data collection from software and hardsearrees, low overhead,
and low application perturbation. The utility design is shown in Figure 1.

The system’s primary controls are located within the hypervisor. Tleegsponsible for
configuring, starting, stopping, and reading all the various profiling agentsc@hiroller
receives a “recipe” from the user — a plan for an entire profiliagiae. This minimizes the need
for any communication between the user’s control system and the lowepiefiihg
components during the profiling session. After configuring the various profijegts, the
controller synchronously starts profiling at all levels and waits fotripger to end an interval.
Upon receipt of the trigger, the controller again stops all the prgfgents in synchrony and
reads the current event counts. These counts are stored in almifferstatically allocated
within the hypervisor’'s address space to avoid data transfer duringkladis execution. It is
important to note that the stopping and reading of the profiling agentsyusclirs during a VT
exit event so the guests are suspended anyway. We try to group these proélatenance
activities with other normally occurring VT exit events. This miziesi workload perturbation,
since those VT exits are a “normal” part of virtualized system exacut

If the memory buffer for storing event frequencies fills up, a virtualinpeis raised which is
handled by the user level control utility. This causes a transferafroat the hypervisor space
to the user space, but it generally only occurs a few times —and only durigthaion of really
long workloads.

The PMC drivers are written to achieve maximum flexibility, effickeand low overhead.
Virtualization events (such as VT exits, fault injections, etc.allected through an interface
with Xentrace [25]. Presently we capture counts of events, and wéoptapture more detailed
information about specific events such as interrupt types and Vieasibns in the future.
Profiling agents that operate from guest kernels and capture guest pederstate in synchrony
will also be added to this framework in the near future.

Since guest kernels are in fact executing on virtual CPUs, a tempapplg of virtual to
physical CPUs is maintained for the purpose of proper designation of eiatateperformance
events. Virtualization events collected are valid for the enggtem, since they are effects of the
hypervisor, a system wide component.

The native profiling version of our system is very similar to the aldeggn except that the
controller is located in the kernel instead of the hypervisor.
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Figure 1: Virtual Profiler overall system design

4 Experimental Methodology

Architectural Events Page Walks [PAGE_WALKS

L1 Instruction Cache Miss¢t1l_MISSEY Conditional Branch Mispredictions
L1 Data Cache Misses [L1D_MISSEY [BR_MISPREDQ

L2 Cache Misses[L2_MISSES

% Load Instructions [LOADS] Virtualization Events

% Store Instructions [STORES VT Domain Transitions

% Branch Instructions [BR_RETIREQ VT Interrupt Events

% Multiply Instructions MUL_OPY VT Scheduling Events

%Divide InstructiongDIV_OPS] VT Page Fault

DTLB Misses [DTLB_MISSEY VT I/O Event

ITLB Misses [ITLB_MISSE]

Table 2: Profiled Events

For this study, we collect 12 architectural events and 5 virtualizevients. The events collected
are listed in Table 2. Full descriptions of the architecturahts/are available in [12]. We run 10
benchmarks from the Dacapo java suite [4] release 2006-10-MR2 on the Suri®sgvat™
Client Virtual Machine (build 1.4.2_16-b05), and a custom benchmark consistingdfidpthe
Linux kernel image following random source file touches. Using the linux lkeongpilation

and randomizing the source files that are compiled creates a workloageities process
creation and computation in some balance. Descriptions of the benchneapks\aded in Table
3. Each benchmark is executed on a native platform based on SUSE SLES10 SR1® 64-bi
operating system and a virtualized platform based on the Xen hypervisor [3] and ramning
identical Linux guest kernel to the one in the native setup. Both the gdetteamative kernel
are configured with identical available memory, swap space and numbebsf Tiie physical
configurations are listed in Table 4.



Dacapo
antlr Parse a grammar and generate a parser and lexical analyzer
bloat Optimize and analyze Java byte code
eclipse Execute JDT performance tests for the Eclipse IDE
fop Parse, format and generate a PDF file
hsqldb Execute a number of queries against an in memory database
jython Interpret a Python benchmark
luindex Use lucene to index some books
lusearch Use lucene to text search some keywords against a data set
pmd Analyze a set of Java classes for a range of code problems
xalan Transform XML documents into HTML

Linux Build Touch several random source files and build a bzImage

Table 3: Benchmark Descriptions

VT platform Native Platform
Kernel Linux 2.6.16.46-0.12
Hypervisor N/A Xen 3.0.4_13138-0.40
Available Processors 2 Physical CPU 2 Virtual CPU
Physical Memory 1024MB (System limited)
Swap file size 1024MB

Intel® Core™ 2 Duo (dual-core) 2.66 GHz,

Hardware Platform 2 GB Main Memory, 4 MB L2 Cache,
32 KB L1 and 32 KB L2 cache

Table 4: Experimental Setup

Due to the fact that there are only two reconfigurable performancgerswon the Intel® Core™
2 Duo, we use multiplexing as a technique for collecting more events tharatearounters
available. We group our events into sets that could be collectedamolisly. We then divide
our desired interval width by the number of such sets, and use this new suli-imigttvéor the
actual collection. We then switch the PMC collected events among theedifsets at the end of
every sub-interval. Finally we scale the collected PMC accounts balc& full desired interval
width. Software events are not multiplexed but collected across thatotdler of sub-intervals
that span an interval. For this study, we set the full interval width to 6@mi#tired
instructions, and with six counter sets, the sub-intervals were set tdlibd neitired instructions.

5 Results and Analysis

Based on the understanding of the system level operation of a virtualizedrplatie can think
of the performance as being impacted by two distinct — yet crossenmegrf factors: additional
architectural events due to virtualization, along with a potentiatase in their costs, and
additional virtualization (hypervisor) related events. Both factoiisnerease the Cycles per
Instruction (CPI) metric, while the second factor will also increasedtielength (the number of
instructions per unit of work). In this paper we focus on the CPI and plan to kauhggact on
increased path length in future work.



In the remainder of this section, we describe several analytipedaches that can be used to
gain insights into which factors contribute to virtualization overheadlae extent of their
impact. Note that the actual values and relative weights presentedriexhsubsections are very
specific to the processor micro-architecture as well as hypersigboperating system versions,
and will very likely decline rapidly as processor vendors delivénit@etural improvements to
reduce the cost and frequency of hypervisor transitions and interruptierizelisve, however,
that our methodology and analytical basis are broadly applicable to theofttidyalization
under any processor architecture, hypervisor, and guest kernel.

5.1 CPI Decomposition with Multi Linear Regression

Event Categories Events Linux/N Linux/VT Java/N alsim

Instruction Cache | IL1_MISSES 1.36% 5.65% 4.419 %al7
DL1_MISSES

Data Cache 1.62% 5.15% 1.23% 2.88%
L2_MISSES

) LOADS

Load/Store Unit 19.93% 24.72% 33.57% 25.29%
STORES
ITLB_MISSES

TLB group DTLB_MISSES 16.48% 4.56% 7.71% 2.15%
PAGE_WALKS
BR_MISPRED
BR_RETIRED

Other DIV_OPS 60.62% 30.06% 54.07% 56.27%
MUL_OPS
CPIO0 (constant coefficient

VT scheduling VM Wake 0% 5.49% 0 1.39%
VM Enter

VT transitions 0% 20.69% 0% 5.04%
VM Exit

VT Page Fault

) VT Page Fault Inject
VT interrupts 0% 6.12 0% 0%
VT Exception Inject

VT Interrupt

Table5: Grouping of Eventsand their relative contributions

In this section, we describe a simple analytical approach to studylizaticsn overhead. It is
based on the idea of CPI decomposition; that is to use regression anateistioally divide
the CPI in its various components: e.g., core CPI, cache misses, branchiotisprellB
misses and so on. This CPI decomposition is performed for both the native aalizeidt
execution. CPI decomposition also gives an estimate of how various VE suehtas exits into
the hypervisor affect the program execution time by contributing to an iedr€&. The



comparison between these two decompositions yields valuable insightteimtvirtualization
changes the cost (in terms of CPI overhead) of micro-architects@inces.

We decompose the CPI by applying multi-linear regression with the Cié dependent
variable, and the various architectural and virtualization eventeasdependent variables.

Y=CPI=CP}+ a Xj+aXo+...+aX,:bVi+ b Vo+ ...+ b,V

where { X;,X,...,Xp} and { V1,V,,...,Vn, } are the different micro-architectural and VT events ,
respectively. As expected, no virtualization event is used to fietiression equation for native
execution. The events used in this study are listed in Table 1. Terddueffects of multi-
colinearity, we bundle the independent variables in groups of related éygntg LB misses and
page walks). The groupings and CPI contributions of individual events are shaiolén5.

Figure 2 presents a visualization of the CPI decomposition for both the aatiwirtualized

cases of the Linux build benchmark. By decomposing the CPI into the constituent component
we can observe the relative change due to virtualization and estiovat®uch of the overhead

is due to the different events.

1.8
1.6
1.4+ O VT interrupt related
12- H VT transitions
| B VT sched
cpl 1
M Instruction Cache
0.8
O Data caches
0.67 O Other
0.4 B Load Store Units
0.2 @ TLB group
0
Native VT

Figure 2: CPI Inflation and Decomposition for Native and Virtualized Execution of Linux Build

It is evident from the figure that for the Linux kernel build, virtualizedogition generates a
significant overhead. CPI for virtualized execution has an average oal.72, while the native
case has an average CPI of only 1.03. Such large increase is undersfandaisie/orkload as
the build activity is process creation intensive, and gives rise todargbers of address space
setup and teardown activities. This leads to many transitions to thevisppes a result of copy-
on-write fault handling. Hardware assisted memaory virtualization sheaidve the majority of
such transitions in future processors.

The figure also indicates some of the key contributors to the arcinékictcrease in CPI. It is
clear that the load/store operations are having a much higher implaetaase of virtualized
execution than in the native case. This is not surprising since \dgtiah can increase resource



pressures and result in these operations experiencing increased cathB amidses. Among
the VT events, it is clear that VT transitions have a sigmigapact on the performance of this
workload. In fact, more than 20% of the overall workload execution time (areltddslf of the
VT overhead) is attributable to this event.

1.8
1.6
1.4 1 O VT interrupt relatgd
1.2 - B VT transitions
1 B VT sched
CPI _
05 - B [nstruction Cache
O Data caches
0.6 -
O Other
0.4 7 B Load Store Units
0.2 1 OTLB group
0
Native VT

Figure 3: Inflation and Decomposition for Native and Virtualized Execution of Dacapo Suite

In a similar way, Figure 3 provides the native and VT CPI decompositidghddacapo suite
benchmark. For this workload, virtualization has a relatively low oe&rhenly 9%. The figure
indicates that this overhead is mainly due to VT transitions and sagediMe can also observe
a change in the relative distribution of architectural contributiohedPl, with an increase in
pressure on the data caches, and an increase in the base CPI (the TOtipgr" g

The main drawback of multi-linear regression is that it can sfrffer low accuracy since it
cannot account for the non linear interaction between the independabtes To assess the
validity of the conclusions, we evaluate the different performaromiets using two main
accuracy metrics:

a. The correlation coefficient between the predicted and actual CPl value
b. The average absolute error: difference between actual and predicted CPI

As shown in Table 5, the native and virtualizations models for both benchgigekencouraging
accuracy numbers. In the next sub-section, we introduce the use of Mod&itieEemechanism
to gain insight into the difference between performance under native aralizéd executions.
We are currently investigating the usefulness of Model trees and odihession techniques to
perform a detailed CPI decomposition.

This section demonstrated how simple multi-linear regression can théousesess VT overhead
to determine the most important micro-architectural and virtualizavents causing this
overhead for a particular workload. In the next subsection we apply a non-liabais
technique, Model Trees, to evaluate the relative importance iotigarirtualization and
architectural factors in predicting the CPI metric.



Model Correlation Coefficient Average Absolute Error
Linux Native 83% 6.0%

Linux Virtualization 88% 8.72%

Dacapo Native 75.6% 10.72%

Dacapo Virtualization 80.91 10.09%

Table 6: Models Accuracy

5.2 Model Tree analysis for VT CPI Estimation

In this section, we apply Model Tree analysis [19, 20] to assess thes @ffeatualization on
workload performance. This approach allows for handling non-lineaaatiens between the
different independent variables. To apply Model trees, we merge the tweet(aative and VT
execution). The VT events that are available for virtualizedugi@tare replaced with a single
“VT” variable, which is either 0 or 1, respectively to indicate ket given data point comes
from the native or virtualized execution. This modification was able tomradeetter
convergence for the models. In future work we will investigate the ojpgeta@f virtualization
events that can produce a converging Model Tree with high accuracy.

There are two main components to the generated Model Trees: the Mazl@bélfeand a set of
linear equations at the leaf nodes of the tree. Figure 4 presenesetifier tthe Linux build
benchmark. In this tree, the first split event in the tree is index=WT variable (VT > 0.5 simply
indicates that virtualization was enabled). This means thaatherfthat has the most effects on
the CPI for this workload is weather this was a virtualized el@tuthe fact that the model
clearly splits the data into distinct groups also indicates that peafare models for native and
virtualized executions are inherently different even when evaluatedsi using micro-
architectural events. This empirically confirms our researchvatitin; namely of the need for
building new performance and projection models for VT. In the Model Treénda equations
can be found at the leaf level nodes labeled as LMO1, LMO2 ... etc. For redspase, the
linear model equations have been left out of this omitted and only thegyavelrd and the
representation within the data sample are included for each linear grouping.

VT <= 0.5 [ 50% MEAN CPI =1. 032]
| I TLB_M SSES <= 0. 000258 [ 34% MEAN CPI =0. 973]
| | DIV.OPS <= 0.000022 [ 10% MEAN CPI =0. 875]
| | | ~L2_MSSES <= 0.000034 [2% MEAN CPl=0.724]-------- LMD1
| | | L2_MSSES > 0.000034 [8% MEAN CPl=0.913]-------- LMD2
| | DIV.OPS > 0.000022 [ 24% MEAN CPI =1.015] -------- LMD3
| 1 TLB_M SSES > 0.000258 [ 16% MEAN CPI =1.157] -------- LMD4
VT > 0.5 [ 50% MEAN CPI =1. 723]
|  DILB nisses <= 0.0045855 [ 32% MEAN CPI =1.454] -------- LMD5
|  DILB nisses > 0.0045855 [ 18% MEAN CPI =2. 196]
| | DV.OPS <= 0.0005335 [5% MEAN CPI=1.860]
| | | ITLB_M SSES <=0.002224 [3% MEAN CPl=1.662]-------- LMD6
| | | ITLB_MSSES > 0.00222 [2% MEAN CPl=2.142]-------- LMD7
| | DV.OPS > 0.0005335 [ 13% MEAN CPI =2. 331]
| | | L2_MSSES <= 0.0007365 [9% MEAN CPI =2. 230]
| | | | ~ L2_M SSES<=0.000314[ 2% MEAN CP|=2.037]-------- LMVD8
| | | | L2_MSSES> 0.000314[7% MEAN CPl=2.280]-------- LMD
| | | L2_MSSES > 0.0007365 [4% MEAN CPl| =2. 486]
| | | | Loads <= 0.24908 [1% MNEAN CPl=2.295]-------- LMLO
| | | | Loads > 0.24908 [3% MEAN CPl=2.573]-------- LML1

Figure4: Model Treefor the Linux Build

L1l _M SSES <= 0. 0004695 [41% MEAN CPI =0. 880]
| “Store <= 0.1375 [11% NEAN CPI =0. 688] ------=--==--c2-mcommeomcaoao- LMD1
| Store > 0.1375 [30% MNEAN CPI =0. 949]

| | L1l_MSSES <= 0.0000011 [7% MEAN CPI =0. 817]




DTLB_ni sses <= 0. 00008445 [5% MEAN CPI =0. 768]

I

| | BR RETI RED <= 0.1765 [1% MEAN CPl =0.623]--------------- LMD2
| | BR RETIRED > 0.1765 [4% MEAN CPI =0. 808]

| | | L1D M SSES <= 0.00279 [2% MEAN CPI0.858]----------- LMD3
| | | L1D M SSES > 0.00279 [2% MEAN CPl=0.752] ---------- LMD4
| DTLB misses > 0.00008445 [2% MEAN CPl=0.928]-------------- LMD5

L1l _M SSES > 0.0000011 [23% MEAN CPI =0. 992]
DTLB_ni sses <= 0. 0003075 [17% MEAN CPI =0. 962]

I _

| | BRRETIRED <= 0.1885 [6% MEAN CPIl =1.017]

| | | PAGE_WALKS <= 0.00035 [1% MNEAN CP| =0.858] ---------- LMD6
| | | PAGE_WALKS > 0.00035 [5% MEAN CPl =1. 056]

| | | | L1D_MSSES <= 0.000426 [2% MNEAN CPl=1.113]

| | | | | Loads <= 0.404 [1% MEAN CPl=1.03]---------- LMD7
| | | | | Loads > 0.404 [2% MNEAN CPl=1.165]--------- LMDS
| | | | L1IDMSSES > 0.000426 [3% MEAN CPI=1.001]

| | | | | Loads <= 0.365 [1% MEAN CPl=1.112]--------- LMD9
| | | | | Loads > 0.365 [2% MEAN CPl=0.92]---------- LMLO
| | BRRETIRED > 0.1885 [10% MEAN CPI =0. 929]

| | | BR.MSPRED <= 0.00561 [4% MNEAN CPl=0.913]---------- LML1
| | | BRMSPRED > 0.00561 [6% MEAN CPI=0.939]

| | | | MIL_OPS <= 0.0007005 [2% MNEAN CPI0.884]-------- LML2
| | | | MIL_OPS > 0.0007005 [4% NEAN CPI=0.972]------- LML3
| DTLB misses > 0.0003075 [6% NEAN CPI =1.080]

| | BRRETIRED <= 0.2115 [5% MNEAN CPI =1.119]

| | | Loads <= 0.3975 [4% NEAN CPl=1.164]------=-----=--- LML4
| | | Loads > 0.3975 [1% NEAN CPl=0.958] - -----=-----=--- LML5
| | BRRETIRED > 0.2115 [1% MEAN CPl=0.930] -----------=--- LML6

L1l _M SSES > 0.0004695 [59% MEAN CPl =1.139]
PAGE_WALKS <= 0.002755 [43% MEAN CPl =1.073]
Store <= 0.2005 [13% MEAN CPI=1.015]

| MJUL_OPS <= 0. 0004145 [5% MNEAN CPl=0.874]---------n--nmmummn- LML7
MUL_OPS > 0.0004145 [8% MEAN CPI =1. 094]
| L1l _M SSES <= 0.001335 [2% MEAN CPI =0.989]------------- LMLS
| L1l _M SSES > 0.001335 [6% MEAN CPl=1.135]------------- LML

ore > 0.2005 [30% MNEAN CPI=1.099]
L1l _M SSES <= 0.007505 [24% MEAN CPl =1.073]
BR_RETI RED <= 0.1875 [12% MEAN CPI =1. 105]
| ~ L1D_M SSES <= 0.002565 [9% MEAN CPI =1. 085]
| Loads <= 0.4105 [4% MEAN CPl=1.042]------------ LM2O
|  Loads > 0.4105 [5% MEAN CPl=1.130]
| | L1D M SSES <= 0.000359 [3% MEAN CPl=1.162]- LM1
|  L1D M SSES > 0.000359 [2% MEAN CPl=1.083]- LM2
L1D M SSES > 0.002565 [4% MEAN CPI =1. 152]

I
|
I
|
|
| | BRRETIRED > 0.1595 [3% MNEAN CPl=1.088]------- LMVR4
B
|

| BR_RETI RED <= 0. 1595 [1% MEAN CPI=1.31]-------- LMe3
R _RETIRED > 0.1875 [11% MEAN CPI =1. 039]

MJL_OPS <= 0. 0009685 [4% MEAN CPI=1.034]----------- LMR5

MJL_OPS > 0.0009685 [7% MEAN CPI=1.042]----------- LM26

|
I
|
I
|
I
|
I
|
I
|
I
|
I
|
I
|
I
| L1l _M SSES > 0.007505 [6% MEAN CPI=1.200]
|

I

|

|

I

|

|

|
I
|
St
|
I
|
I
|
I
|
I
|
I
|
I
|
I
|
I
|
|
I
|
I

| L2_M SSES <= 0.000306 [5% MEAN CPl=1.163]

| | DIV_OPS <= 0.0001895 [3% MNEAN CPI=1.179]

| | | ~BRRETIRED <= 0.1595 [1% MEAN CPl=1.315] ------ LMR7

| | | BRRETIRED > 0.1595 [2% MNEAN CPI=1.142]

| | | | DIV_OPS <= 0.00001065 [1% MEAN CPl=1.073]-- LM28

| | | | DIV.OPS> 0.00001065 [1% MEAN CPl=1.16]--- LM29

| | DIV.OPS > 0.0001895 [2% MNEAN CPl=1.135] ---------- LMBO

| L2_MSSES > 0.000306 [1% MEAN CPI=1.348]--------=----- LMB1
PAGE_WALKS > 0.002755 [16% MEAN CPl=1.315]----==---zzzccczommcuz- LMVB2

Figure5: Model Treefor the Dacapo Suite

Another use of this Model tree analysis is to provide an alternative wayiobéng the average
VT overhead: this can easily be done by determining the difference in thgea@®abetween



the sub-tree on the left and the one on the right of the root node. Since thentpdeskes micro-
architectural events, it can also be used to estimate how much of theaw/es attributable to
the way virtualized execution exercises micro-architectural ress\jexplained using the
variables in the sub-tree for virtualization) and how much can only be explariacluding VT
events. The later part could be viewed as dependent on VT architecture.

We also applied Model Trees to analyze to the Dacapo suite benchmarkutahtenodel is
shown in Figure 5. Unlike the Linux benchmark, the VT dummy variable does not aplear
root of the tree. In fact, it does not show up as a split variable. Indtepgears in all the linear
equations with different coefficients in the different models. Liikeltinux benchmark model,
the Dacapo Model Tree indicates that virtualization is assdorth a statistical degradation in
performance: that is, the coefficient in front of the VT dummyalze is strictly positive in all
the linear models.

6 Related Work

Several previous studies have examined specific impacts of virtiaiza system performance.
[2] studies the network processing slowdown due to virtualization with While [7] examines
the overheads from I/O processing in the hypervisor due to requests frafic siréeal

machines. [16] analyzes the cross interference of concurrentlytegguests and [26]
evaluates the impact of Xen based paravirtualization on the messagegpaterface and
process execution in communication intensive High-Performance-Computi) @y&tems.

Current studies in virtualization often rely on execution samplingdiesilor extensions to native
systems. Xenoprof is a Xen profiling utility based on the popular Oproftesyused for native
UNIX based systems [17]. Xenoprof extends the profiling capabiliti€pobfile by distributing
measured performance counter data to the corresponding guest systemsofXgmopgh
extended Oprofile utilities, then assigns performance events toispadé regions from the
kernel and the application. Perfctr and PAPI [5] are two additional egililbmmonly used for
performance counter measurements and correlations. Neither gustgrbrts virtualized
platforms. Xentrace [25], Xentop [9], and XenMon [10] provide instrumemanplemented
with the Xen system for counting hypervisor events and for tracing of hgperWe utilize
Xentrace to collect hypervisor events in addition to the events wetcoben the hardware PMC
and the guest kernels. In addition to the facilities provided by theseestilite also collect a
synchronized vertical profile of the execution stream including theeestdftware and hardware
stack. In this respect our approach is similar to the Vertical PigpBlystem described in [11] for
the Jikes Java Virtual Machine.

As hardware and software systems become increasingly complexicstiatishniques for
performance modeling [13, 23, 14, 20, 19] have become invaluable design and optimization tools
for gaining insights into performance critical factors. Sevetaliss also propose performance
models to reduce the number of simulations required to explore the design spacessiqusoc

and other systems on chip. [23] presents a model for representing perfornegince as a linear
function of micro-architectural events and uses it to improve the ggatalesign space

exploration for embedded processors. Recently more complex analyticabrhadelbeen

applied to benchmark performance analysis. [13] proposes a model basedioialAxgfural

Networks. [14] uses a non-linear model based on radial basis function netid@8fkompares

five machine-learning regression algorithms applied to PMU datadabset of SPEC CPU2006.



Model trees were found to perform as well as artificial neural netwéikbls) and support
vector machines (SVMs) and had the advantage of interpretability d¢20fibes the application
of Model trees for charactering benchmark performance.

Finally, [6] proposed a benchmarking suite for evaluating and comparing Mitachine
Monitors. There study is an important step towards standardizing ttseireseent criteria for
comparing hypervisor performance. The methodology and instrumentation appehakiev
advanced in this paper can aid exploring in detail the performance @l virachine monitors
and to asses the architectural and system level impacts of waticaii under such a
benchmarking suite.

7 Conclusion

We described an analysis approach that allows one to break down the cyatssrpetian (CPI)
performance metric for a workload using statistical regression. gduifis challenge our
approach addresses is that of obtaining the performance measureméinis gitzanularity of
sampling, such that factors of interest in software and hardwacewanted in unison and at very
low perturbation to the system. We demonstrated by example how such insttionexitawed
us to deconstruct the CPI metric for two different workloads, using tvereiift regression
algorithms: first, a multi-linear fit against performance adtine whole workload level, and
next, a Model-tree characterization of the workloads using fine grainedathtxred at the
granularity of several million instructions. Our work is particularlyfulse the context of
execution in virtual machines because it removes the need to assuressitegbehaviors over
long intervals of time in order to relate CPI to its factors.

This work is a first step on a path to building more complex and detailed prediuiiiels for
workload performance. Our next steps are to extend the instrumentation amethibeology so
that resource utilization under homogenous and heterogeneous consolidation odagckn be
measured accurately and used in statistical prediction of overdioad performance.
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