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Abstract

This paper developsand validatesan e cient analytical model for evaluating the performance
of shared memory architectures with ILP processors. First, we instrument the SimOS simulator
to measure the parameters for sucha model, and we nd a surprisingly high degree of processor
memory requestheterogeneity in the workloads. Examining the model parameters providesinsight
into application behaviorsand howthey interact with the system. Second, we create a madel that
captures suchheterogen@us processorbehavior, which is important for analyzingmemory system
designtraden s. Highly bursty memory requesttra c and lock contention are also modelal in a
signi ¢ antly more robustway than in previouswork. With thesefeatures, the model is applicable
to a wide range of architectures and applications. Although the features increase the maodel
complexity, it is a useful designtool because the size of the model input parameter set remains
manageble, and the model is still seveal orders of magnitude quicker to solve than detailed
simulation.

Validation resultsshowthat the madel is highly accurate, producing heterogenaus per-processor
throughputsthat are geneally within 5% and, for the workloads validated, alwayswithin 13% of
the valuesmeasured by detailed simulation with SImOS. Severl examplesil lustrate applications
of the model to studying architectural designissuesand the interactions between the architecture
and the application workloads.
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1 Intro duction

Computer architects traditionally usedetailed simulation to evaluate architecture performance
trade-o s. Detailed simulation of parallel architectures with complex modern processorsusually
entails a cycle-hy-cycle simulation of ead processorthat precisely capturessigni cant behavior,
such as out-of-order instruction issue and speculative instruction execution, that can greatly
a ect systemperformance[13]. Detailed simulation, howewer, is time-consuming. For example,
detailed simulation of an 8-processorsharedmemory architecture, running a single parallel FFT
code with a small input dataset, can take hours on a Sun UltraSPARC system, even though
only secondsof the system execution time are actually simulated.

To designa given memory system architecture, one would like to evaluate alternative mem-
ory system architectures for dozensif not hundreds of commercial applications and workloads
that might be expected to run on the system. Thus, more e cient evaluation methods that
can aid in culling the system design spaceare highly desirable. Analytical models o er the
possibility of e cien tly computing performance estimatesthat can be useful in identifying the
most promising regionsof the architectural designspace,which canthen be explored more fully
using the detailed simulation approad. The key issueis devising an analytical model that is
su cien tly accuratefor this purp ose,over the range of workloads of interest. If such a model can
be constructed, it also o ers the opportunity to explore how the memory system architecture
performs for hypothetical changesin the memory request behavior of the executing workload.
Experiencedsystem architects may be interested in exploring such issues,which is di cult to
do with simulation of speci c bendhmarks.

Three recert papers have dewveloped analytical models that cortain some of the signi cant
features of complex, modern, shared memory multipro cessorarchitectures [3, 21, 17]. Of these
models, the previous \SM-ILP" model [17] is the only model that (1) includes the impact of
instruction window size and dependencesbetween memory accesseswhich causea processor
to block after a dynamically changing number of memory requests,and (2) has beenvalidated
againstsimulations of applications running on a parallel sharedmemory architecture. The model
has a number of signi cant features. First, it is basedon a relatively small set of input param-
eters that are sensitive to changesin the processorand ass&iated cade architecture, but are
insensitive to changesin the rest of the memory system architecture. Second,the model cap-
tures the key characteristics of a complex modern processorarchitecture which are important
for memory system design, such as speculative memory requestsand complex processorblock-
ing behavior. Third, the SM-ILP model producesresults for ead alternative memory system
architecture in a few seconds,and these results were shavn to predict processorthroughput,
measuredin instructions per cycle (IPC), within 1-12%of the detailed simulation estimatesfor



seweral Splash-2applications [23] running on the RSIM architecture [12)].
This paper extendsthe SM-ILP model in the following ways, in order to create a complete
model of system behavior:

Measuremeits of sewveral SPMD applications running on RSIM showed that ead proces-
sor is statistically identical with respect to memory request behavior, and that, for eath
processor,its remote memory requestsare approximately equally likely to visit ead of the
remote memory modules[17]. This paper measuresthe parametersfor someof the same
SPMD applications as well as other Splash-2applications using SimOS, which has been
usedin sewral previous architecture, OS, and workload studies [19, 20, 4] and includes
the operating systemworkload as well as the application workload. The SimOS measure-
merts show that, although the SGI IRIX operating system executesuniformly acrossall

of the processorshoth the SPMD and the other Splash-2applications have highly hetero-
geneousmemory requestbehavior. Measuredparametersprovided in this paper illustrate

the typesof heterogeneiy that occur in the workloads that are simulated using SimOS.
More detailed measuresare provided to understand the sewral causesof the obsened
heterogeneiy.

The new model provides parametersfor specifying heterogeneousaswell ashomogeneous,
memory request behavior. That is, ead processorcan have di erent meantime between
memory requests, distribution of the number of outstanding requestswhen the processor
blocks, and so forth. Moreover, the memory requestsfrom ead processorcan have a
di erent distribution of destinations for requeststo remote nodes. Since heterogeneous
memory requestbehavior can have a disproportionate impact on systemthroughput, dueto
non-linear queueinge ects in the memory system, it is important for a model that supports
memory system designto capture such behavior. The extensionsto the SM-ILP model
that are neededto solve the heterogeneoussystem models are relatively straightforward.
One key open question addressedin this work is whether the model remains tractable,
both from a programming e ort standpoint and a solution-time/convergencestandpoint,
when the memory requestheterogeneiy is represened. Another key open questionis how
well the heterogeneousnodel validates with respect to individual processorthroughput
estimatesand with respect to estimated mean queueingdelays in the memory system.

The SM-ILP parameter measuremelts revealedthat memory requestsfrom modern pro-
cessorswith non-blocking cacdes are highly bursty, and that this burstiness can have a
signi cant impact on the queueingtimes in the memory systems[17]. The SM-ILP model
used a simple analytic approac to represeting the performance impact of the bursty



requestswhich was reasonably accurate for estimating overall system throughput, but it
overestimated processorutilization and underestimated bus waiting times in the RSIM
architecture. Recen work [5] dewelops new analytic methods that more accurately esti-
mate sener utilizations and meanwaiting times in simple two-queuenetworks with bursty
departures from one of the queues. The key issuesaddressedin this paper are how to
parameterizethe new analytic methods in [5] for the context of bursty memory requestsin
shared memory system architectures, and whether the new methods are accurate in this
more complex cortext.

The SM-ILP model computestotal application running time from measuredaveragelock
waiting times aswell as analytic estimatesof the processingrate when the processorsare
not waiting for locks. Sincelock contention delays are a ected by delays in the memory
system,the averagelock waiting time input parameteris, in general,dependert on the out-
put valuesof the model. This paper developsa submodel that accurately estimatesmean
lock accesddelays from fundamertal input parametersthat are independert of changesin
the memory system architecture (below the processorcade hierarchy).

With the above extensions,the model preseried and validated in this paper is signi cantly
more complete than the SM-ILP model. Moreover, the input parametersthemseles provide
new understanding of application behavior. While modeling the additional behaviors increases
the model's sizeand complexity over that of the SM-ILP model, the model solution time is still
on the order of a couple of seconds. The number of input parametersis increased,but is still
manageable.

The model extensionsdevelopedin this paper could easilybe applied to the RSIM architecture.
The new application to the systemarchitecture simulated by SimOShastwo signi cant bene ts.
First, the new application tests the robustnessof the basic analytic approad for a signi cant
change in the memory system architecture, including a di erent memory consistency model.
Second,the measuredinput parametersfor the model show that the SimOS workloads, which
include operating system processing,have quite di erent behavior than RSIM workloads with
respect to the memory system.

Validations in this paper shav that the new model predicts heterogeneougprocessorperfor-
mancethat agreeswith detailed SimOSestimatesfor a setof bendhmark applications running on
the SimOSarchitecture. The percertage di erence betweenthe throughput estimatescomputed
by the model and the throughput reported by SimOS for ead processoris typically within 5%
and always lessthan 13% over the workloads studied in this work. The validation results and
example model applications also shav that modeling heterogeneiy is important for achieving
high model accuracy Thus, this capability is essetial both to adchieving wider applicability of
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the model and for increasingcon dence in using the model to nd the promising regionsof the
memory systemarchitecture designspacethat should be investigated using detailed simulation.

Three examplesare provided to illustrate the useof the new model. One exampleillustrates
the use of the model to ewaluate alternative memory system designsunder a heterogeneous
workload. The two other examplesprovide estimatesof the (maximum) performancegainsthat
can be achieved if applications are \tuned" to remove the heterogeneiy that is obsened in the
measuredparametersfor the applications.

Like the previous analytic model, the new model input parametersare derived from a detailed
simulation of an application or workload running on a given parallel processorarchitecture.
Howewer, the model input parameters have been carefully chosenso as to be insensitive to
large changesin the memory system latency below the processorcadce hierarchy. Thus, as
shavn in [17], the analytic model can accurately predict system performance when various
memory systemcomponerts below the processorcade hierarchy aremodi ed. Consequetly, the
analytic model can be usedto quickly cull the designspacefor this part of the memory system,
for both measuredworkload parameters and hypothetical variations in the measuredworkload
parameters, thereby greatly extending the region of the design spacethat can be ewvaluated
as well as reducing the size of the design spacethat needsto be explored using simulation.
More detailed exploration of the promising regions of the designspacecan be performed using
full system simulators, detailed models of cades(e.g., [2, 15, 22]) and/or statistical simulation
approacdies[11] to obtain additional insights.

The rest of this paper is organized as follows. Section 2 describesthe system that will be
modeled. Section 3 explains the model parametersand provides measuredapplication parame-
ters that illustrate the typesof heterogeneiy that occur in the SimOS bendhmarks. Section 4
discusseghe model and dewvelops new modeling approadesfor bursty trac and syndroniza-
tion in sharedmemory multipro cessors.Section 5 preseris the model validations, and Section 6
discussespplications of the model. Finally, Section7 summarizesthe paper and discusseguture
researd.

2 System Arc hitecture

The system architecture of interest in this paper is the architecture modeled by SimOS [14].
This architecture, which is similar to that of the Stanford FLASH [7] and the SGI Origin [§],
is a cathe-coherem, sequetiially consistert shared-memory multipro cessorsystem, as showvn
in Figure 1. Dierences betweenthis architecture and the RSIM architecture [12] previously
modeled in the SM-ILP model, are pointed out in the description of the SIimOS architecture
below.
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Figure 1. System Architecture

The MIPS R10000processormodeledby SIimOS'sMXS simulator, is an aggressie implemen-
tation of sequetial consistency(SC) that exploits instruction level parallelism using multiple
functional units, out-of-order execution, non-blocking loads, and speculative execution. Instruc-
tions are fetched into the instruction window, and they are issuedto the functional units after
all of their input data dependencesare satis ed. Speculative executionis usedfor (temporarily)
unresoled cortrol dependencedor up to four branch instructions. The instructions are fetched
into and retired from the window in program order, but they may be issuedto the functional
units out of program order.

An instruction canretire from the instruction window only after it completesexecution. A key
implication of this requiremert is that when a load reachesthe top of the instruction window,
retirement must stall if the data has not yet returned. SimOSdi ers from RSIM in that, since
SimOS models a sequetially consistent architecture, storesin SimOSonly issueto the memory
systemwhen they reac the top of the instruction window.

The cades use miss status holding registers (MSHRS) to track the status of all outstanding
misses[6]. Missesto the samecade line are coalesed in the MSHRS; only one memory request
is generatedfor sudh coalescednisses.

As shawvn in the gure, all trac to or from aremote node goesthrough the directory cortroller
(DC). SimOS models the memory bus and the interconnection network using xed latencies
that account for servicetime as well as estimated contention delay. In contrast to the RSIM
architecture, trac into the node that only requires accessingthe directory and memory does
not require use of the bus. SimOS also di ers from RSIM in that it doesnot model a separate
network interface sincethe DC senesthat purpose.

Cadhe coherenceis maintained by a fairly standard three-state (MSI) directory-based invali-



parameter | description value
N number of nodes

m memory modules per node 1
M hw number of MSHRs 8
Shus bus latency 15
Sbc short directory cortroller (DC) latency 5
SD Ciong long directory cortroller latency 20
Shet averagenetwork traversal latency 30

Table 1. System Architecture Parameters

dation protocol. Unlike the RSIM architecture, cace-to-cadie transfers require 4 hops instead
of 3; the homenode is responsiblefor collecting invalidations beforeadnowledging a requestfor

exclusive permission.

3 Parameters

In this section, we describe the input parameters for the model. These parametersinclude
the systemarchitecture parametersand the application parameters. Then we show that the ap-
plication parametersexhibit heterogeneiy acrossthe processorsand we explain seeral sources
of this heterogeneiy.

3.1 SystemAr chitecture Parameters

Table 1 de nes the system architecture parameters,including the valuesthat are usedin the
validation experiments in Section 5. Latencies are in units of CPU cycles for the 200 MHz
R10000processor. Note that memory accesss overlapped with directory accessthus, there is
just one parameter for that accesdatency, Spc,,, -

3.2 Application Parameters

The application parameters,for a given processor,are summarizedin Table 2. These param-
eters characterize the memory request behavior (between any two barriers) of an application
running on the architecture. For a homogeneousnodel, the parameter values are the sameat
all processors,but this will not be true of the heterogeneousmodel. The rst three param-
eters characterize the rate of requeststo the memory system, the burstiness in the memory
interrequest times, and the number of outstanding requestswhen the processorblocks due to a
memory requestthat cannot be retired. Note that the distribution f ) accouns for the impact
of speculative (as well as nonspeculative) memory requestson processorblocking behavior. The
rest of the parameters characterize the typesof requeststhat are being issuedto the memory
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Parameter

Description

Averagetime betweenread, write, or upgrade requeststo memory, not court-
ing the time when the processoris completely stalled or is spin-waiting on a

syndironization event

Cv Coe cien t of Variation of

fm Fraction of processorstalls that occur with M = 1;2;::: outstanding requests
in the MSHRs

Pread; Pwrite ; Pupgrade| Probability that a memory requestis a read, write, or upgrade

Pwb Probability that a read or write requestcausesa writeback of a cade block

PLix Probability directory is local for a type x transaction; x=read, write, upgrade,
writeback

P jxy Probability home memory can supply the data for a type x; y request;

x=read, write; y=lo cal home, remote home

Panopjx&not memory Probability that a requestof type x to a remote home is forwarded to a cace

at a third node;
x=read,write

X Averagenumber of invalidates causedby a write or upgradeto a cleanline

Table 2. Application Parameters

system. Sorin et al. obsene that theseinput parameters are sensitive to instruction window
size, processorarchitecture, organization and size of the processorcace hierarchy, and various
aspects of the application code and compiler, but are relatively insensitive to memory system
latenciesbelow the processorcade hierarchy [17].

3.3 Heterogeneityin Application Parameters

The homogeneousSM-ILP model assumesthat all processorshave statistically similar ap-
plication behavior with respect to the memory system and that ead processor'slocal/remote
memory accessesre uniformly distributed acrossthe local/remote memory modules. In the
homogeneousmodel, eat processorhasthe sameinput parameters, as shovn in Table 2, and
no input parametersare neededfor frequenciesof accesso eadr memory module.

Figures 2, 3, and 4 illustrate the processorheterogeneiy in seweral key parametersfor par-
ticular barriers (i.e., inter-barrier phases)of a few SPLASH-2 bendimarks [23], as measuredby
SimOS. The bencdhmark name is followed by the number of processorse.g, FFT-8 is an eight
processorrun of the FFT benchmark. For ead input parameter shown, the eight bars repre-
sent the valuesof that parameter for ead of the eight processorsdivided by the value of that
parameter when measuredover all eight processors.The heterogeneiy in various measuresfor
particular barriers is also summarizedin Table 3.

The degreeof parameter heterogeneit, such asin the measuresof and P (Ljw) in the gures
and Table 3, is perhaps higher than might be expected. Some (irregular) applications, suc as
Radiosity, are inherently heterogeneousand thus the per-processormemory request measures
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Figure 3. Parameter Heterogeneity of Radiosity-4, Barrier 7
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Figure 4. Parameter Heterogeneity of Radix-8, Barrier 2

bendhmark | barrier | parameter | mean | min | max | CV
FFT-8 2 60| 42 78| .15
3 P(Lju) A3 .01 .30 .73
Radiosity-4 | 3 78| 48| 122| .35
7 P (4hopr) .66 | 53| .78| .14
Radix-8 1 P(Ljw) A2 01| .33|1.17
3 103| 31| 210| .45
4 P(Ljr) A3 | 04| 25| .47

Table 3. Examples of Parameter Heterogeneity

simply quartify the degreeof memory request heterogeneiy that occurs in those applications.
Howewer, ascan be seenfrom the gures and the table, signi cant memory requestheterogeneiy
is alsopresern for SPMD applications, such asFFT and Radix, that are generally thought to be
homogeneousand were obsened to have homogeneousnemory requestbehavior in RSIM [12].
It is particularly surprising to obsene the heterogeneiy in the statistics for systemswith small
numbers of processors,and it is relevant since SMPs with 4 or 8 processorsare prevalent in
industry. We are not aware of any prior work that shows that SPMD applications have a high

degreeof statistical heterogenei.

In an attempt to determinethe sourceof the processormemory requestheterogeneiy for these
SPMD applications on SImOS, we separatedthe statistics into application and kernel statistics
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for ead processor.For example,the number of memory requestsper processorfor the transpose
phase(barrier 2) of FFT-4 is shown in Table 4. As expected, the number of memory requests
that are issuedwhen a processoris executing the application are quite homogeneousacrossthe
processorswith a coe cien t of variation of 0.02. What is perhaps surprising is both the high
numbers of memory requeststhat are issuedin kernel mode (larger, in fact, than the numbers
of application requests)as well asthe heterogeneiy in this number acrossprocessorsas shavn
by a coe cient of variation of 0.27. For the SPMD applications, other parameterslike CV ,
exhibit similar heterogeneiy in the kernel while remaining homogeneousn the application.?

A key point is that the kernel executesuniformly acrossthe processorsn the SimOSarchitec-
ture, and thus the kernel memory requeststatistics are fairly homogeneousacrossthe processors
if measuredover alongtime interval, such asthe executiontime for the ertire application. How-
ewver, the memory requestheterogeneiy obsened in the measuredintervals betweenead barrier
will impact memory system performance, and, therefore, the heterogeneiy in this timeframe
must be measuredand represerted in the inputs to the model.

cpuO |cpul|cpu2|cpul
overall 461 613 781 787
application | 216 219 231 219
kernel 245 394 | 550 568

Table 4. Memory Requests for FFT-4 Barrier 2

Beyond the heterogeneiy inherent in someapplications or causedby kernel behavior, some
applications can exhibit heterogeneousbehavior if they have not been\tuned” to run on a
particular architecture and runtime system, which occurs frequertly in practice. Heterogeneiy
in the measuredmodel input parameterscan point to the needfor such tuning, and evenindicate
what typesof tuning are needed. For example,in barrier 1 of FFT-8, three processordhave small
relative valuesof when the application is executing, indicating that they have especially high
level 2 cache missrates. Those sameprocessorgand one additional processor)have a relatively
low probability of local memory accesdor read and/or write requests. Thus, examining the data
layout or comparing the code that runs on those three processorsagainst the code that runs
on the other v e processors)ooking for di erences that might causethesee ects, may lead to
someinsight about how to improve performance. Similarly, the heterogeneiy in the probability
that a write requestis local for Radix suggeststhat data layout should be examined for that

application aswell.

!Note that in Table 4, the number of memory requests appearsto be correlated with the processornumber,
but this correlation is just coincidental and did not occur with any higher than random frequency in the results
that we obtained for di erent barriers in the FFT application and for di eren t applications.
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In general,although there may be intuition that particular applications will exhibit heteroge-
neousbehavior of someform, intuition aloneis generally insu cien t to estimate the magnitude
of the heterogeneiy in particular statistics of interest, its magnitude relative to the heterogeneiy
induced by kernel activity, or the extent to which performancemight be improved by particular
typesof application tuning. Measuremets of heterogeneiy, and the use of modelsthat capture
its performanceimpacts, can provide answersto suc questions.

The gures and the table indicate that heterogeneiy occursin practice for every model input
parameter. Two parameters, though, have notably lessextreme heterogeneiy: (1) the average
of the fy, distribution (i.e., the averagenumber of memory requeststhat are outstanding when
the processorblocks becausea load or store cannot be retired) and (2) the probability that a
remote read request for a dirty block requires invalidating or downgrading the line in a cace
at another remote node (Panopjr). HOowever, system performance can be sensitive to the values
of these parameters. Thus, the model extensionsfor processorheterogeneiy will allow eadh
processorto have its own value for ead of the input parameters.

3.4 Methodologyfor Obtaining the Application Parameters

As mertioned in Section 3.2, previouswork hasshown that the homogeneousnodel input pa-
rametersare,to rst order, insensitive to changesin memory systemlatency below the processor
cache hierarchy. For the new model developed in this paper, we usethe sameinput parameters
for eadh processor,but allow ead processorto have a di erent value for ead parameter. Thus,
theseinput parameterswill alsobe insensitive (to rst order) to changesin the memory system
latencies below the processor-calge hierarchy. One question is whether these parameters are
su cien t for accurately computing processorthroughputs and mean delays in the memory sys-
tem for heterogeneousvorkloads. This questionwill be investigated by comparing the estimates
against the performancemeasuresthat are given by SimOS.

The set of parametersfor a given application/w orkload of interest executing on a given pro-
cessorand cade architecture of interest are obtained through simulation of the application on a
single memory and interconnection network architecture (e.g., an idealized constart latency in-
terconnect) with memory accesdatenciesthat are within a small constart factor of the latencies
in the memory architectures to be evaluated with the model. Currently, as shown in [17], the
most accurate way to estimate these parametersis to use the detailed simulator (e.g., SImOS)
that will be usedto further ewvaluate the promising memory system architectures identi ed by
the analytic model. 2

2Faster methods might be developed to obtain some of the parameters, as was investigated for the SM-ILP
model, but those parameters have sofar beenlessaccurate than the parameters from the detailed simulator, and
improvemerts in the faster simulation methods are beyond the scope of this paper.
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A key point in this methodology is that the detailed simulator is run once for eat workload
and a given processor/catie architecture to obtain the analytic model parameters. The analytic
model is then usedto evaluate many candidate memory and interconnection network architec-
tures, asillustrated in Section 6 of the paper. The detailed simulator is then usedto evaluate
further details of the most promising memory/in terconnect architectures. Becausethe detailed
simulator is neededfor detailed analysisof the more promising architectures, the onerun needed
per application to obtain the parameters for the analytic model does not add signi cantly to
the total time neededto ewaluate the architectures. Conversely the analytic model is more
easily modi ed for alternative memory/interconnect architectures than the simulator (because
the analytic model is more abstract and the equations ead have one of seweral possibleforms),

and it can signi cantly speedup ewaluation of the alternativ e architectures.

4 Analytical Mo del

In this section, we dewvelope the extended analytical model for the SimOS architecture. The
principal output measurecomputed by the model is the systemthroughput, measuredin instruc-
tions retired per cycle (IPC). This throughput, aswell as meanwaiting time and utilization of
ead memory systemresource,is computed as a function of the input parametersthat charac-
terize the workload and the memory architecture.

For simplicity in the exposition of the model equations, we rst presen the homogeneous
model in Section4.1, and then presen the extensionsfor the heterogeneousnodel in Section4.2.
In Section4.3, we dewvelop the techniquesfor modeling bursty memorytra c andlock contention.

4.1 Homogeneousvodel

As in the previous SM-ILP model [17] we dewelop a customized Approximate Mean Value
Analysis (AMV A) model of homogeneousnorkloads running on the SimOS architecture. Our
experience is that, as claimed in that paper, it is not dicult to modify the basic AMVA
equationsin the previous model [18] for other sharedmemory multipro cessorarchitectures. The
most signi cant issuein deweloping the new model was how to model the dierent memory
consistencymodel in the SimOS architecture. Unlike the SM-ILP model which iterated between
two submodelsto accourt for two typesof processorblocking behavior in the releaseconsistent
(RC) RSIM architecture, the model of the sequetially consistert (SC) SimOS architecture
deweloped below is a single model that accourts for all typesof blocking behavior.

The processorand cade subsystemare modeled as a black box that - when not completely
stalled - issuesmemory requestsat a given rate (1/ ) and with a given coe cien t of variation
in interrequest times (CV ). The model computesthe overall mean system residencetime for
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a memory request, including mean delays and servicetimes at the directory cortrollers (DCs),
split-transaction memory buses,and in the interconnection network.

For readability, we have adopted the following notation of subscripts and superscripts for the
variables in the model. The resourceis always the rst subscript on a variable, whether it is
mean residencetime (R), mean waiting time (W), mean utilization (U), or mean servicetime
(S). For example, Rqc is the meanresidencetime at the directory cortroller. For many terms,
there is a subscript of loc or rem to indicate whether the resourceis at the local node for a
given processoror a remote node. The subscript variable y denotesthe transaction type (such
asread or write). We rst presern the equationsfor the casethat f\y = 1 for a particular but
arbitrary value of M lessthan or equalto the number of MSHRs. In this caseeadh processoras
M customersthat ead alternately visit the processorfor averagetime and then visit various
resourcesin the memory system, re ecting (statistically) the memory requestbehavior from the
processor.Later we discusshow to model the more generaldistribution for f .

The following equation is for the total mean residencetime of a customer for one cycle
from the processor,through the memory system, and badk to the processor. This includes the
mean residencetimes at the processor,buses(both local and remote), network, and directory
cortrollers.

R = Rpe+ Rbus+ Rnet + Rdc

Eadch of theseterms is derived from lower level equations. For example, the mean residence
time at the directory cortrollers is equalto the sum of the meanresidencetime at the local DC
and at the remote DCs.

Rdc = RdcIoc + Rdcrem

The meanresidencetime at the local (remote) DC is equal to the sum of the weighted mean
residencetime for ead transaction typey at the local (remote) DC, weighted by the probability
that the transaction is of typey.

X
RdCloc = RdCloc;y
y

X
RdCr em — RdCr emyy
y

The weighted meanresidencetime of a transaction of typey at the local (remote) DC is equal
to the probability of transaction y times the average number of visits the type y transaction
makesto the local (remote) DC (Vdirmy) times the sum of the waiting time at the local (remote)
DC (Wyg,, ) and the servicetime at a DC.

14



quoc;y = Pdec|OCy(Wdc|OC + Sdc)

RdCrem;y = PdeCremy(WdCrem + SdC)

Note that the averagenumber of visits to the local (remote) DC is computed for the transac-
tion type using the other probabilities given in Table 2.

All of the terms in the above equations are inputs except the waiting times. Wqc . consists
of the waiting time at the local DC due to requestsfrom the local node (W('jglic) and due to
requestsfrom remote nodes (Wgs™).

Wdcloc = wloc 4 yyrem

dCioc dcioc

The waiting time at the local DC due to requestsfrom the local node equalsthe sum of the
waiting times over all transaction typesy that causewaiting.
X .
Wloc _ Wloc,y

dCoc ~ dCioc

wrem — X Wy emy

dCloc

Wy, .n CONsistsof the waiting time due to remote customersthat are not from that remote
node (W3e's) and thosethat are from that remote node (W™ ).

— others rem
WdCr em Wd + Wd

Crem Crem
X
others _ other s;y
dcrem dcrem
y

W rem _ X remy
dcrem dcrem
y

The following equationsare for the meanwaiting times due to waiting for speci ¢ transaction
types. For example, wc',gjcy is the mean waiting time at the local DC due to local requests
of transaction type y. Mean waiting time for a single other customer equals R‘k% Udcicy
(the probability that a customeris in the queuebut not in service)times the servicetime, plus

Udco, (the probability that a customeris in service)times the meanresidual life of a customer
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in service. Therefore, to get the total mean waiting time, we multiply by the number of local
customerswho could causean arriving local customerto wait, M 1.

| Reoe. Sde

locy _ doc: :

dezcy =M 1) % Udcloc;y Sdc * UdC'OC?y 2C
Raceemy S

Wé(?l:z Vo= M (N 1) UdCr emyy Sdc + UdCr em;y

R 2

d T ems; S
Wager™ = [M 1+ M(N - 2J(—5™  Udaramy )Sdo * (Udoremy ()]
remy _ dqocy Sdc
WdCr em M [( Udcloc;y )SdC + (Udcloc;y )( 7)]

Lastly, we have the utilization equations. The rst equationis the meanutilization of a DC by

a local customer, and the secondequation is the meanutilization of a DC by a remote customer.

P
quoc;y = Ey(vdqoc;y Sdc)

P
UdCrem;y = Ey(vdcrem;y SdC)

A key questionin deweloping the analytic model is how to compute throughput as a function
of the dynamically changing number of outstanding memory requeststhat can be issuedbefore
the processormust stall waiting for data to return from memory. The SM-ILP model resoled
this issueby solving the model for ead value of M and then taking a weighted averageof the
results. As will be explained in the next section, a di erent solution will be necessaryfor a
heterogeneousnodel.

4.2 Modeling Heterogeneity

Given that (1) processorheterogeneiy (and memory accessnon-uniformity) occur quite fre-
quertly in practice, and (2) the heterogeneiy can be expectedto have a non-linear impact on
gueueing and memory system performance, this section extends the model above for hetero-
geneousworkloads. Results in Section 5 will show that modeling heterogeneiy is critical for
achieving accurate results.

Three features are neededin order to model heterogeneousprocessorbehavior. First, new
model inputs are required. Speci cally, ead of the model input parametersin Table 2 is mea-
sured for ead processor. Also, modeling memory accessnon-uniformity requires additional
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ProcessorThroughput (IPC)

application | f1 | fo fa| fa| fs| fg| f7 | fg | Maye || weighted | ave M actual
erlel6| 65| .17|.09|.08| O 0 0 0| 1.64 1.35 1.40 1.45
t-optle | .42 | .17 0 0.3 O 0 0| 2.72 1.53 1.61 1.58
t16 | .53 | .47 0 0 0 0 0 0| 1.47 1.46 1.46 1.39
lu-opt8 | .12 | .06 | .06|.06| .06 | .06 | .07 | .49 | 5.83 2.46 2.19 2.41

lug | .51 | .49 0 0 0 0 0 0| 1.50 1.96 1.91 1.91

radix8 | .99 | .01 0 0 0 0 0 0| 1.01 1.76 1.74 1.64
waterl6 | .73 | .25| .01 0 0 0 0 0| 1.33 1.87 1.62 1.74

Table 5. Accurac y of Processor Throughput Estimates for Weighted Sum vs Average M

parametersthat specify, for eat processorand type of remote memory request, the probability
that the requestwill be directed to ead other node.

Second,we require a new model of the varying number of outstanding requests,M , that are
issuedby the processorbeforethe processorblocks waiting for a memory systemresponse. The
SM-ILP model computes systemthroughput for ead possiblevalue of M with the samevalue
of M at ewvery processor,and then computes a weighted sum of these throughputs, where the
weights are computed from the measureddistribution of M, fy,. This weighted sum approacd
may bevalid if the processorggenerally have the samevalue of M at the sametime, asmight be
true for the homogeneousSPMD applications that were modeledin [17]. Howewer, the weighted
sum technique is di cult to apply in the casewhere di erent nodeshave di erent distributions
of M. Computing the throughput for every possiblecombination of M valuesat the dierent
processorsas well as computing the weighting factor for ead sud throughput, is prohibitiv ely
complex. An alternate approad is to usethe averagevalue of M at eat node. The drawback
of using the averagevalue is that it may fail to capture the non-linear e ects of varying M ; thus
it may not capture a broad distribution of M accurately.

In Table 5, we comparethe accuracy of the estimated processorthroughput for the weighted
sum approac against simply solving the model once for the average value of M for some of
the homogeneousapplications that were simulated using RSIM. These results provide some
evidencethat, for current window sizesand applications, the average M approad achieves
similar accuracy to the weighted sum approach. We compute averageM from the measured
fm, where the fy are measuredassumingan in nite  number of MSHRs, and we allow ead
processorto have its own averagevalue of M which is limited by the number of MSHRS, M .

The third changeis to modify the model equations[18, 16] to compute performancemetrics at
ead resourcewithin the memory systemfor heterogeneougprocessoroads. With homogeneous
behavior, it is only necessaryto compute performance metrics for a single generic resourceof
typei and a singlegenericprocessoroad; the total utilization of the particular memory resource,
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for example, can then be obtained simply by multiplying by the number of processors. This

leads to model complexity on the order of the number of types of resources,as was seenin

the equations in Section 4.1. For heterogeneousprocessorloads, in cortrast, ead processor
may have di ering memory referencingbehavior and thus may cortribute to di ering extents to

utilization and cortention at ead resource. Computing the N 2 interactions of eat processor
on eadh memory systemresourceincreaseshe complexity of the model equationshby a factor of

N 2, which leadsto a key question about whether the iterative model will corvergein practice.

This issueis addressedin Section5. E cien t coding methods (for both the homogeneousand

heterogeneousmodel) limit the size of the model (measuredin C++ code), though, to only

about twice that of the homogeneousnodel. The accuracyimprovemerts that may be obtained

by accurately modeling heterogeneousmemory request behavior when it exists, rather than

assuminghomogeneiy, are alsoillustrated in Section5.

At a high level, the heterogeneousquationshave form similar to the homogeneousquations.
Terms require extra indices (given in brackets) to indicate the node of the customer and/or
the destination. Thus, a utilization term suc as Uq,, (the mean utilization of the local DC)
becomesUyqc,,. [iI] (the mean utilization of the DC of node i by local customers)to re ect the
fact that the utilization of the local DC is di erent for di erent nodes. The probabilities of the
transaction types(e.g., local read or 4-hop write) usean index in a similar fashion. For example,
we now have that the probability of transaction y at nodei is Py[i]. So,the total meanresidence
time for a customer from node i, RJi], is equal to the sum of its mean residencetimes at the
processor(pe), buses,network, and directory cortrollers (dc).

R[] = Rpelil + Rpus[i] + Rnet[i] + Racli]

Examining the DC portion of this equation highlights the di erences in the equationsbetween
the heterogeneousand homogeneousmodels. Mean DC residencetime is equal to the mean
residencetime at the local DC plus the meanresidencetime at the DCs of the other nodes.

Racli] = Racg, [11+ X Recrem [0 ]
jjei
Only focusing on the mean residencetime at the remote DC, it is the sum of the mean
residencetimes over the di erent typesof transactions, denoted by a subscript of y.

. . x . .
RdCrem [I][I ] = RdCrem;y [I][I ]
y

The mean residencetimes of individual transaction typesare equal to the probability of the
transaction type (Py[i]) times the visit count (VdCremy [i1H D times the sum of the mean waiting
time (Wqc, ., [1]I]) and the servicetime at the DC (Sqc):
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Rdceemy 1101 = PyliVac,em, (10 1{(Wc em [1101+ Sac)

All of the terms in the above equation are inputs exceptfor the waiting times. The equation

for mean waiting time at a remote directory is as follows:
Wa, o 1161 = WEer TG T+ WeET, 0]

ngrhfmrs[i][j] is the meanwaiting time of a nodei customerat the DC of nodej dueto trac

from all nodesother than nodej. W§ST [i][j] is the meanwaiting time of anode i customerat

the DC of nodej dueto trac from nodej. Only breaking down W ¢™ [i][j] further, we have
that

X :
Wiga [111=" W [i16]
y

The following equations are for the mean waiting times of speci ¢ transaction types. Thus,

W ¥[i][j] is the mean waiting time by a node i customer at node j's DC due to node j

trac for transactions of type y. Mean waiting time due to a single node j customer equals

Rdcloc;y []]
R

the servicetime, plus Ugg,, [I] (the probability that a customeris in service)times the mean

Udceey [I] (the probability that a customeris in the queuebut not in service) times

residual life of a customerin service. Therefore, to get the total meanwaiting time, we multiply
by the number of node j customers,M[j ].

! #
N . Rdcey [ . .S
WE™ ] = MO —2252" Udgey i1 Suc+ Udgeey i1 =
R[] 2
Lastly, we have the equation for the mean utilization of nodei's DC by a local customer.
_ Py[i] ,
Udgeey [11= Ry—[i](vdqoc;y [11Sdc)

Modeling the other resourcesin the systemis similar to what has beenshown here for the
DC. All of the details of the heterogeneousAMV A equations can be found in [16)].

4.3 Modeling Bursty Memory Requestsand Lock Contention

In this section, we preser two further model extensions. In Section 4.3.1, we adapt the new
AMV A techniquesproposedin [5] to model bursty memory requesttra ¢ obsenedin the SImOS
workload measures.In Section 4.3.2, we develop a method for computing lock syndironization

from basic model input parameters.

19



4.3.1 Burstiness

In the previous SM-ILP model, the meanresiduallinfe of a\customer in service"at the processor
(i.e., amemory requestabout to be generated)is computed using an intuitiv ely motivated ad hoc
interpolation. In this paper, we instead employ a new and signi cantly more accurate AMV A
technique (called \AMV A-decomp") [5] for computing mean residencetime at the processor
gueue. In addition, we adapt the new AMV A techniquesin [5] for computing the meanwait at
the \downstream" queue(i.e., the local DC in the SimOSarchitecture) which hasbursty arrivals
from the local processor,and thus increasedaveragequeueingdelay comparedwith the random
arrivals assumedin the standard AMV A equations.

The use of these new simple AMV A techniquesis motivated by the fact that they represen
a very favorable balance betweenaccuracy e ciency, and robustness. Most importantly, they
are basedon a small number of input parametersfor which reliable valuesare relatively easyto
obtain. Furthermore, the solution method is easyto implement and doesnot add appreciable
complexity to the overall AMV A model solution. Finally, the technique is shown in [5] to have
very high accuracy over a wide range of system parameters, including parameter values for
which it might be expected to have high inaccuracy More detailed models of the processor
servicetimes, with correspondingly more detailed models of the DC arrival process,could be
constructed, but such models would require more detailed input parameters that would be
more dicult to estimate reliably. The more detailed model would also be more complex to
implemenrt, and thus would only be justi ed if an appreciableincreasein model accuracy could
be expected. However, mean delays and systemthroughput for closedsystemsare not sensitive
to the details of the service distributions (i.e., higher momerts of the distribution than the
rst or secondmomert) at the various resourcesin the system|[9, 10]. Thus, a more detailed
model of the processorservicetime distribution is not desirable. Validation results later in the
paper con rm that, for the purposesof computing system throughput for alternative memory
systemarchitectures, the simple AMV A techniquesoutlined below, capture the bursty behavior
in su cien t detail to predict systemthroughput quite accurately.

The AMV A-decomp technique assumesthat the serer that hasthe bursty departures (i.e.,
the processomodesin the SimOSarchitecture) can be modeledwith a 2-stagehyperexponertial
distribution of servicetimes. That is, with probability p a given customer has a \small" mean
service time, 4, and with probability 1  p the customer has a \large" mean service time,

m Where < pand = pa+ (1 p)p The key question in applying this technique
for the processorsin the heterogeneousmodel is how to obtain the parameters of a suitable
hyperexponertial distribution. Two constraints on the distribution are the measured mean
servicetime ( ) and the coe cien t of variation in the servicetime (CV ). Howewer, this is an
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underconstrainedproblem. To apply this technique to modeling heterogeneousbursty processors,
we de ne athird parameterfor eat processor, 5, that is equalto the minimum measuredvalue
of 3 Using ,CV,and ,, wesolefor pandp.

In the model of bursty requestsat the downstream queues,there are bursts of arrivals and
intervals betweenbursts in which there are no arrivals. This scenariois characterized by three
parameters:

k, the averagenumber of customer arrivals within a burst,
Ii, the meaninterarrival time within a burst, and
I o, the meantime betweenbursts.

In applying the bursty request model to the local DCs in the SimOS architecture, the key
guestion again is how to map the requisite parametersto obsenable quartities in the system.
There are two constraints in determining valuesfor thesethree parameters. First, the coe cien t
of variation in the interarrival time is determined by the coe cien t of variation in the service
time at the processor. Second,the throughput at the downstream queue, and thus the mean
interarrival time, is determined during the AMV A solution. We create a third constraint by
setting I; equalto the value of ,, sinceit is reasonableto assumethat interarrival time during a
burst would be similar to the value of a short servicetime at the processor.We alsoassumethat
downstream burstinessis only causedby requestsfrom the local processor. The superposition
of requestsfrom other processorswill, on average,be lessbursty.

Solving the model with the burstiness equationsinitially led to somecornvergenceproblems.
Ensuring that the model corvergesrequires some careful choices of initial values and bounds
on the input parametersto make sure that values produced during the iterativ e solutions are
reasonable. For example, k cannot be allowed to be larger than the total number of local

customers.

4.3.2 Lock Contention

The previous SM-ILP model measuredaverage lock waiting times, which are a ected by the
memory system architecture, instead of computing these performance measuresfrom more ba-
sic parameters that are independert of the memory system architecture. In this paper, lock
syndironization e ects are computed from basicinputs with a separatelock contention model.

Contention for a particular lock is most naturally modeled by a queuein which the sener is
the lock and the servicetime is the lock holding time. The challengein constucting this queue

3Note that other choicesto ., such as a small constart times the minimum measured value of , are also
possible. What's neededis a value that is approximately correct. We chooseto set , to a measuredvalue and
allow , to be computed from , becausethe best value of the \small* mean is likely to be near the measured
minimum value of , while there is no measuredvalue that corresponds well to . Moreover, the model is more
sensitive to the value of , than to that of ,, especially in the high variance caseswhere 5 << .
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for the memory systemarchitecture workloadsis that the customers(i.e., application processes)
queuefor the lock while in serviceat the processor. Furthermore, while holding the lock, the

customer may queuefor memory systemresourcesand then for further useof the processor.In

addition, the program can releasethe lock while still holding the processorand it can complete
serviceat a memory system resourceor processorwhile still holding the lock. To model these
various behaviors, we initially assumethat only onelock is held at a time, and then relax this

assumption.

Lock contention is modeledin a separatequeueingnetwork with one queueper lock that has
non-negligible contention and a delay certer which represerts mean time betweenreleasinga
lock and requesting another lock. An example lock queueing model is shown in Figure 5. N
customersin the network represen the processorghat are vying for the locks. The parameters
for meantime at the delay certer and mean servicetime at the lock queue(i.e., meantime the
lock is held) are computed from the memory architecture model.

no-lock execution time

— ——

lock 1

lock 2 :
—_— - ==

lock L

),

Figure 5. Example Lock Contention Model

The basic parametersusedto characterize lock behavior in the example are the following:
L: number of locks that have non-negligible contention
Inolock;j - averagenumber of memory accessesnade by processorj betweenlock requests
Piockj - Probability that a lock requestfrom processorj is for lock i
lock;j - averagenumber of memory requestsby processorj while holding lock i

Toincorporate the e ects of lock cortention in the architecture model, we iterate betweenthe
memory architecture model and the lock contention model. The mean servicetime at ead lock
queueis setequalto rigck; times the meantotal round trip time for processorj in the memory
architecture model (R[j]). The meantime at the delay certer in the lock contention model for
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customer j is set equal to rpgockj times R[j]. The mean servicetime at the processorin the
architecture model is in ated (i.e., increasedto j + j=rpgiock;j), t0 include meanlock waiting
time computed from the lock model. The iterativ e solution again increasesthe complexity of
the model, an issuethat will be addressedin Section5. It also causessolution time to increase
slightly, but solution time is still on the order of seconds. Moreover, this iterativ e technique
can be generalizedfor speci ¢ casesof nestedlock requestsbhy having a separatelock contention
model for the locks at ead level of the lock hierarchy and iterativ ely solving the lock models
along with the architecture model. The details of the lock contention equations can be found
in [16].

5 Mo del Validation

In this section, we presert the results of validation experimerts that assesshe accuracyof the
analytic model that is deweloped in this paper. The validations are performed against SimOS,
using SimOS' detailed MXS processorsimulator and its NUMA memory system simulator.
SimOS runs IRIX 5.3, and all bendimark results include OS behavior that occurred while
the bendhmark was running. Thus, we measure analytic model inputs and estimate system
performancefor the complete system behavior, instead of for the application alone.

The validation experiments include FFT, LU, Radiosity, and Radix from the Splash-2suite [23].
Table 6 shows the data setsusedfor ead application. We attempted to obtain SimOSresults for
the rest of the Splash-2bencmark suite, but these applications would not run successfullyon
the version of the SImOS MXS processorsimulator usedin this study. (This versionof the MXS
simulator was one of the rst versionsto be releasedfor useoutside of the researt group that
deweloped and initially usedthe simulator for architectural studies. Thus, various stepsneeded
to get the other applications to run may have beenmissing from the available documertation.)
Similarly, we were unable to make this version of the SImOS MXS simulator produce results for
greaterthan 8 processors.Although the number of benchmarks that ran successfullyis small, the
memory accesscharacteristics captured in the model input parametersvary greatly acrossthese
applications aswell asin the di erent periods betweenbarriers in a given application, and thus
the analytical model is exercisedover a non-trivial region of the input parameter space.Tables3
and 5 illustrate someof the variety in the memory requestbehavior acrossthe applications. As
we will show later, the processorthroughput variesfrom 0.1to 2.4 instructions per cycle across
the application barriers against which we were able to validate, indicating that the di erences in
memory requestbehavior amongthesebendmarks is signi cant. The low processorthroughput
estimates also indicate that, although the number of processorsis relatively small, signi cant
contention occurs in the memory system (particularly at the directory cortrollers), and thus
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app input size

FFT -16 -n1024

LU 512x512array, 16x16 blocks
Radiosity | -batch

Radix 1M integers, radix 1024

Table 6. Benchmark Data Sets

the ability of the analytic model to accurately estimate queueingdelays is also exercised. This
is con rmed by the measuredmean queueingdelays reported by SimOS for these applications
(with the architectural parametersin Table 1).

The validation results for model input parameter valuesthat exhibited the greatest degrees
of heterogeneiy in processorperformanceare shovn in Figures 6, 7, and 8. Theseresults are
for speci ¢ barriers (i.e., inter-barrier phases)of FFT, Radix, and Radiosity, running on 8-node
and 4-node versions of SImOS. Each graph gives the throughput (in IPC) for ead processor
estimated by the new heterogeneousystem model as well asthe averagethroughput estimated
by the homogeneouanodel. Results for other barriers of the FFT, LU, Radix, and Radiosity
bendhmarks (both 8-node and 4-node) are presered in Table 7. The column numbers in the
table correspond to node numbers. For eadh pair of rows, the rst row is the IPC reported
by SimOS, and the secondrow is the IPC predicted by the model. The rightmost column
corresponds to a homogeneousmodel using the average statistics, where the rst row is the
averageIPC acrossall nodesreported by SimOS, and the secondrow is the IPC predicted by
the previous homogeneousnodel using input parametersthat are averagedacrossall nodes.

Theseresults shaw that the analytic estimatesof per-processorthroughput agreequite closely
with the SIimOS measuremets, even when ead processorthroughput is remarkably di erent.
The model achieves accurate performanceestimatesalthough memory requestbehavior is mod-
eled statistically and at a high level of abstraction. As mertioned before,the complexity of the
new analytic model makesits tractabilit y a key question. In validating the model, however, we
discovered no caseswhere the model did not converge to a solution within a matter of a few
seconds,in spite of strong heterogeneiy in the model inputs and in the estimated per-processor
throughputs.

Although the homogeneousanalytic model is also often accurate in estimating the average
processorthroughput, the new estimates of per-processorthroughput from the heterogeneous
model are crucial to accurately estimating the impact of the memory system architecture on
application execution times, becausefor applications employing barriers, the barrier only com-
pletes execution when the slowest processorreacesthe barrier. Moreover, there are examples,

such as LU-4 barrier 4, for which the homogeneousmodel is not even accurate with respect to
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app 1 2 3 4 5 6 7 8 | average
FFT-4 (b1) 0.12] 0.14 | 0.15| 0.17 0.15
0.11] 0.13| 0.15| 0.17 0.16
FFT-4 (b2) 0.68| 0.73| 1.06| 0.91 0.82
0.61] 0.66 | 0.99| 0.82 0.74
FFT-4 (b3) 0.47 ] 0.48| 0.55| 0.62 0.52
0.43] 0.43| 0.50| 0.57 0.47
FFT-8 (b1) 0.14 ] 0.16 | 0.42| 0.61| 0.41| 0.13| 0.33| 0.48 0.40
0.16 0.17| 0.41| 0.59| 0.41| 0.14| 0.33| 0.49 0.41
FFT-8 (b3) 0.52 | 0.56| 0.52| 0.53|0.39| 0.43| 0.47| 0.50 0.50
0.51]0.55|0.55|052|0.39|0.42| 0.48| 0.49 0.50
LU-4 (b2) 1.27]1 059|059 1.43 0.82
1.40| 0.61| 0.62 | 1.37 0.91
LU-4 (b3) 2171 1.79|1.92)| 2.22 1.96
2.37|1.88| 2.06| 2.50 2.13
LU-4 (b4) 0.85]1.09|0.81| 1.20 1.06
0.89] 1.14| 0.72| 1.22 1.32
Radix-4 (b2) 0.43] 0.46 | 0.63| 0.48 0.49
0.45] 0.44 | 0.69| 0.50 0.51
Radix-4 (b6) 0.30| 0.36 | 0.26 | 0.45 0.36
0.321 0.39| 0.26| 0.48 0.39
Radix-8 (b1) 0.64| 0.64| 0.62| 0.64| 0.61| 0.61| 0.61| 0.63 0.62
0.68| 0.64| 0.61| 0.64| 0.62 | 0.61| 0.60| 0.63 0.62
Radix-8 (b3) 0.90| 0.70| 0.68| 0.64 | 0.56 | 0.50| 0.42| 0.45 0.69
0.87| 0.67| 0.67| 0.63| 0.58 | 0.52| 0.47| 0.46 0.69
Radiosity-4 (b9) | 0.49| 0.78 | 0.93 | 0.35 0.63
0.47]0.80| 0.95| 0.34 0.62

Table 7. Validation

Results: Processor Throughput (IPC) Estimates
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FFT-8, Barrier 1

BSimOs
Emodel

CPU

Figure 6. Validation of FFT-8, Barrier 1

the average node behavior reported by SimOS. This is due to the fact that heterogeneiy can
have non-linear e ects on queueingdelays in the memory system, and these non-linear e ects
are only captured in the heterogeneousnodel.

Validation of the lock syndchronization modeling wasdi cult in that none of the benchmarks
that succeededn running on the MXS simulator in our version of SimOS exhibited signi cant
lock contention. Instead, we implemerted the \Sieve of Eratosthenes" algorithm for nding
prime numbers, and found that executing this application on SimOS exhibited signi cant lock
contention. The accuracy of the analytic model with complemertary servicetime in ation for
lock contention, as compared with SimOS measuresfor the application, is illustrated by the
results in Figures 9 and 10. The application's heavy lock cortention is revealed by the high
mean lock waiting times reported in Figure 9. The mean lock waiting times and processor
throughputs (measuredin memory requestsper cycle) estimated by the analytic model agree
reasonablywell with the measuredvalues, even in this extreme case.

6 Applications of the Mo del

The model dewveloped in this paper can be applied to e cien tly obtain initial answers to
numerous questionsabout architectural designsand the interactions between applications and
the architecture. Recall that the memory systemparameters(below the L2 cade) can be varied
to explorethe designspacewithout having to re-run the detailed simulator to obtain new input
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parameters. The model can reveal performancebottlenedks at speci ¢ systemresourcesdue to
heterogeneousand bursty memory requesttrac. This sectionillustrates three applications of
the model to such issues,pointing out casesin which the previous homogeneousnodel provides

inaccurate results.
6.1 Decouplingthe Network Interface from the Dir ectory Controller

As discussedin Section 2, the SimOS architecture requiresall trac into and out of a node
to passthrough the directory cortroller (DC). The DC e ectiv ely assumeshe responsibility of
being the network interface (NI) for all trac, including trac that doesnot require useof the
directory. This coupling of the DC and NI may, in somecasescreate a bottleneck, especially as
processorspeedincreasesrelative to memory speed.

An interesting architectural question that can be quickly assessedvith the model is the
performancegain that could be achieved by decouplingthe NI from the DC, given that the DC
is twice as slow relative to the processorspeed as comparedto the default valuesin Table 1.
Figure 11 shows that, for an 8-way parallel execution of Radix (barrier 2), decoupling the NI
and the DC reducesthe cycle cournt of the barrier from 163k to 124k and movesthe bottleneck
from CPU 3 to CPU 7.

The rightmost pair of bars shows the performanceimpact predicted by the homogeneous
model, and there are two key inaccuraciesworth noting. Quantitativ ely, the homogeneous
model predicts barrier cycle counts 30% lessthan those predicted by the heterogeneousmodel.
Qualitativ ely, the homogeneousnodel fails to capture the shift in the bottleneck.

6.2 Importance of Data Layout

The model input parameter valuesfor a given application or workload can be useful in iden-
tifying opportunities for tuning the application (or kernel). For example, the input parameters
that characterize where memory requestsfrom ead processorare directed reveal insight into
data layout issues.More speci cally, good data layout schemesmaximize the fraction of requests
that can be servicedlocally. That is, for a given application, if one layout scheme has a higher
probability of servicinga memory requestlocally than another scheme,then it will likely have
better performance,sincelocal requestshave lower latency than remote requests.

For barrier 3 of LU-4, Figure 12 illustrates the performance gains that can be achieved for
a hypothetical 50% increasein the probability that a requestis satis ed locally. Of interest is
the reduction in execution time that is achieved by the hypothetical tuning at the bottleneck
processor(i.e., CPU 3 in the gure). The magnitude of the decreasein execution time guides
how much e ort should be expendedin looking for opportunities to increasedata locality in the
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Figure 11. Impact of Decoupling DC and NI

LU code.

As shown in the gure, the homogeneousmodel predicts a decreasein average processor
execution time that is similar in magnitude (although larger in percertage) to the decrease
in execution time for the bottlenedk processor. Howewer, the decreasein average processor

executiontime is not generally a reliable estimate for what will occur at the bottleneck certer.
6.3 Tuning the Operating System

As discussedin Section 3.3, the operating system causesthe memory request heterogeneit
that is obsened in workloads with applications that are generally consideredhomogeneous.For
example, Table 4 shows that barrier 2 of FFT-4 is heterogeneousn  becauseof the kernel.
To determine the performancegain that could be achieved by hypothetically tuning the kernel
for homogeneiy, we comparedthe performanceof this barrier against the performance of the
samebarrier with homogeneousernel behavior. The OS parametersat ead node are assumed
to be equal to their averagesacrossall four nodes. Figure 13 reveals that if the OS can be
tuned for greater uniformity in processorusagewithin the time that the application executes
betweenbarriers, rather than on a much coarsertime scale,this would lead to a 20% reduction
in cycle court for this barrier. Clearly, this study could not have been performed without a
heterogeneougnodel.
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7 Conclusions

We have deweloped and validated a new analytical model for evaluating the performance of
shared memory multipro cessorswith ILP processorsand heterogeneousprocessorworkloads.
This work extends prior researt in this areain three ways: (1) adapting and validating the
model for a di erent architecture than that consideredin previous work, (2) modeling heteroge-
neousnode behavior that wasreported by SimOSeven when running homogeneouspplications,
and (3) applying newtechniquesfor modeling bursty memory requestsand deweloping techniques
for modeling lock syndironization. Despite the complexity of modeling processorheterogene-
ity and non-uniform memory accessprobabilities, bursty memory trac, and lock contention,
the model corvergesquickly, is still seweral orders of magnitude faster to solve than detailed
simulation, and the number of input parameters remains manageable. The model validates
extremely well for individual processorthroughput estimates, over a range of Splash-2bend-
marks that have a wide variety of memory request behaviors, which leadsto a wide range of
obsened processorthroughputs. Examplesin Section 6 shav how the model can be usedto
study architectural designissuesas well asto study interactions betweenthe architecture and
the application. Moreover, the examplesshaw that insight can be gained simply from looking
at the input parameter valuesthat are measuredfor a particular workload. Model parameters
reveal application behavior and, in turn, opportunities for architectural and application opti-
mizations that target the bottlenedcks revealed by the behavior (sudh as not enough parallelism
in the requestsissuedto memory).

The model is being made available for useby othersin the POEMS ernvironment [1]. The real
test of the modelis how it performsin a commercialarchitecture designcontext, for which public
data is unavailable. Perhapsin making the model available to commercial systemsdesigners,
feedba& can be obtained about its accuracyin a real systemdesignsetting. Resultsfor systems
with more nodeswould also be interesting, since the model's speed advantage over simulation
would be ewven greater. Future researt topics also include investigating methods of coupling
the architectural model with a more abstract model of the communication and synchronization
behavior in the application.
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