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Abstract

Many embedded real world applications are intellett
property, and vendors hesitate to share these petgy
applications with computer architects and designerbhis

that a customer cares about was used to project the
performance of an embedded microprocessor, it waidd
tremendously increase the customer's confidence nwhe
making purchasing decisions. However, many ofdtikcal

real world embedded applications are proprietaryd an

poses a serious problem for embedded microprocessorcustomers hesitate to share them with third pasiyputer
designers — how do they customize the design af the architects and designers.

microprocessor to provide optimal performance farlass of
target customer applications? In this paper, ev@lore a
technique that can automatically extract key perfance
attributes of a real world application and cloneeth into a
synthetic benchmark.
benchmark clone is that it hides functional meanaighe
code but exhibits similar performance charactecistas the
target application.  Unlike previously proposed ridoad
synthesis techniques, we only model microarchiteetu
independent performance attributes into the syithdone.
By using a set of embedded benchmarks from
MediaBench and MiBench suites, we demonstrate tthet
performance and power consumption of the synthatine
correlates well with that of the original applicati across a
wide range of microarchitecture configurations.

1. Introduction

Embedded microprocessors, unlike
microprocessors that are targeted for general perpo
workstation, and server class of applications, typcally
designed to provide optimal performance for a vesyrow
spectrum of applications.  Also, the objective ihet
embedded space is to design a microprocessor \whistides
the necessary performance for a given class ofcgtigins at
the lowest cost; in contrast to the objective ofximézing
performance for a given cost, in the general puwpasd
workstation class of microprocessors. In ordeadbieve this
objective, it is extremely important for architectnd
designers to understand the workload charactesistfcthe
specific applications, used by targeted custonfersyhich
the embedded microprocessor is being designed. widuld
be possible to make a real world customer workkaadlable
to architects and designers, design tradeoffs cbaeldnade
with higher confidence. Moreover, if a real wodgplication

The advantage of the synotheti

the

The absence of such real world embedded
applications makes it extremely challenging to afgly
benchmark microprocessors used in embedded systems.
Unfortunately, there have not been good benchméoks
embedded systems. Traditionally, most of the emibed
microprocessor designers have used workstationhipesuds
such as Standard Performance Evaluation Corporation
(SPEC) CPU benchmarks [36] and synthetic benchnsartis
as Dhrystone [26] to make design tradeoffs. Altfothese
benchmarks measure specific aspects of a microgsoce

theperformance, it is difficult to extrapolate the foemance of

the microprocessor for a specific embedded customer
application. The arrival of the EDN Embedded
Microprocessor Benchmarking Consortium (EEMBC)
benchmarks [35], comprising of core algorithms used
wide range of embedded applications has, to sontengx
alleviated the problem of embedded microprocessor
performance evaluation and benchmarking. However,
embedded microprocessor designers believe that till
extremely important to evaluate the performance aof
embedded microprocessor design in the context @irget
customer application when making design tradeaffshie
middle and end phase of the design process [37].

The objective of this paper is to explore an appho
which will make it possible to share real world erdted
applications with architects and designers without
compromising on the proprietary nature of such iapfibns.

In order to achieve this we propose a technigegformance
cloning, which extracts key performance characteristica of
real world application and then models them intyathetic
benchmark — effectively creating a synthetic pragrelone
with similar performance characteristics as thegioal
application, but with entirely different source eod The
synthetic benchmark clone comprises of C-code with



embedded assembly language statements usingashe synthesis. In section 3 we provide an overviewttod
construct. The advantage of the synthetic bendhoiane is performance cloning approach and the new microgctire-
that it provides code abstraction capabilisy., it hides the independent approaches that we have developed tkelmo
functional meaning of the code used in the original memory access patterns and branch predictabiliy the
application but exhibits similar performance chéedstics as synthetic benchmark clone. In section 4 we outlthe
the real application. This ability to clone perfance makes  experimental setup and the benchmarks used istilndy. In
it possible to disseminate a proprietary real wayighlication section 5 we evaluate the performance cloning amtrand
as a synthetic benchmark that can be used by ecthiand present results from our experiments. In sectieveaiscuss

designers, in lieu of the original application. opportunities for improving the usefulness of tleefprmance
Our technique of performance cloning is similar to cloning technique. Finally, in section 7 we summaihe key
the concept of automatic workload synthesis propdseBell results from this paper and the contributions afwaork.

et al. [24] to reduce simulation time of long running
benchmark programs. However, the primary objective 2. Prior Work

performance cloning is to disseminate real worldtemer  gstatistical Simulation: Oskin et al. [21], Eeckhoutet al.

applications as benchmarks, and not to reduce atiool 18], and Nussbaunet al. [28] introduced the idea of
time. Also, the performance cloning approach th&  gtatistical simulation which forms the foundatiohsgnthetic
propose overcomes an important shortcoming of xitieg workload generation. The approach used in stadistic

workload synthesis technique — the memory acceisrpa  simulation is to generate a short synthetic tragenfa
and control flow behavior in existing workload syesis  statistical profile of workload attributes such leasic block
techniques are modeled using microarchitecturesttbg®  sjze distribution, branch misprediction rate, dasfuction
attributesi.e., the synthetic workload is generated to match a cache miss rate, instruction mix, dependency distsyetc.,
target metric such as cache miss rate and branchand then simulate the synthetic trace using a stital
misprediction rate. As a result, the workloads egated  sjmulator. Eeckhoutet al. [18] improved statistical
using microarchitecture-dependent attributes yigidge simulation by profiling the workload attributes at basic
errors when the cache and branch configurationsteaeged  pjock granularity using statistical flow graphs. urfRer
[24]. Instead, in the performance cloning techeigwe  jmprovements include more accurate memory data flow
model the memory access pattern and branch behatiar  modeling for statistical simulation [9]. The impamt benefit
real world application into the synthetic benchmatkne  of statistical simulation is that the syntheticctrds extremely

using microarchitecture-independent workload charéstics. short in comparison to real workload traces — llionil
Consequently, as we show in our evaluation, thehsyit  synthetically generated instructions are typicallyfficient.
benchmark clone shows good correlation with theiwai Moreover, various studies have demonstrated tlwistital
application across a wide range of cache, braneldigtor, simulation is capable of identifying a region ofeirest in the
and other microarchitecture configurations. early stages of the microprocessor design cyclelewhi
Specifically, we make the following contributions this considering both performance and power consumptiés.
paper: such, the important application for statistical @iation is to

1) We propose to apply a workload synthesis technique cy|| a large design space in limited time in sedozha region
to address the problem of making real world of interest.
proprietary embedded applications available to Constructing Synthetic Workloads: Several approaches [7]
architects and designers. [13] [17] have been proposed to construct a syiuttuive
2) We develop a model using only microarchitecture- \yorkload that is representative of a real worklaauler a
independent attributes to mimic the data access multiprogramming  system. In these techniques, the
pattern of a real application in a synthetic beratkm  characteristics of the real workload are obtainexinf the
clone. system accounting data, and a synthetic set of poies
3) We develop a model using only microarchitecture- constructed that places similar demands on theemyst
independent attributes to replicate the controWflo  resources. Hsiett al.[3] developed a technique to construct
predictability of an application into a synthetic assembly programs that, when executed, exhibitstmae
benchmark clone. power consumption signature as the original apfdina
4) We apply the performance cloning technique to sorenson et al. [11] evaluate various approaches to
generate synthetic benchmark clones for twentyethre generating synthetic traces using locality surfada®ng and
programs from the MiBench and MediaBench \orris [33] use the hit-ratio in fully associatizaches as the
embedded benchmark suite, and show that theymain criteria for the design of synthetic workloadghey also
provide good correlation with the original benchknar  yse a process akplication and repetition for constructing
programs across a wide range of microarchitecture programs to simulate a desired level of localityaofarget
configurations. application.
The remainder of this paper is organized asloIn The work most closely related to our approachés th
section 2 we summarize prior research work in voaél one proposed by Bell and John [24]. They present a



framework for the automatic synthesis of miniature
benchmarks from actual application executables.e Kay
idea of this technique is to capture the essestiatture of a
program using statistical simulation theory, andegate C-
code with assembly instructions that accurately ehdtie
workload attributes. Our performance cloning téghe
significantly improves the usefulness of this wodd
synthesis technique by developing microarchiteeture
independent models to capture locality and conflol
predictability of a program into synthetic worklead

Workload Synthesis in Other Computer Systems:
Approaches to generate synthetic workloads haven bee
investigated for performance evaluation of I/O gsbams,
file system, networks, and servers [12] [15] [28#]. The
central idea in these approaches is to model thelead
attributes using a probability distribution suchzigf’s law,
binomial distribution etc., and use these distributions to
generate a synthetic workload.

3. Performance Cloning Framework

Figure 1 illustrates the performance cloning
framework that we explore in this paper for geriegat
synthetic benchmark clones from a real world ajgili.
The process comprises of two steps: 1) Profiling thal
world proprietary workload to measure a collectiohits
inherent microarchitecture-independent workloaditattes,
and 2) Modeling the measured workload attributes ia
synthetic program.

In the first step we characterize the applicatign b
measuring its key microarchitecture-independent kigad
characteristics that can impact performance. Nhudé these
characteristics are related only to the functicopération of
the program’s instructions and are independent tod t
microarchitecture on which the program executeatoatic
workload synthesis techniques that have been pusljio
proposed [24] have typically used a combination of
microarchitecture-independent and microarchiteeture
dependent workload attributes to characterize atigtion.
Typically, these techniques model the memory acpasiern
and branch behavior in the synthetic workload using
microarchitecture-dependent attributes such as ecanfss
rates and branch misprediction rates., the synthetic
workload is generated to match a target cache ratssor a
branch misprediction rate.

memory access and branching models that
microarchitecture-independent workload attributesapture
the inherent locality and control flow predictatyiliof a real
world application into the synthetic benchmark eon

use
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Figure 1. Performance Cloning framework for constructing
synthetic benchmark clones.

After characterizing the real application, the seto
step is to construct a synthetic program with simil
microarchitecture-independent attributes as thegiral
application. Theoretically, if all the key micraaitecture-
independent characteristics of the real applicatiare
successfully replicated into the synthetic benchmaone,
the synthetic benchmark should exhibit similar perfance
as the original application across a wide range
microarchitecture configurations. The charactiesgsthat we
model in this study are a subset of all the miarbiecture-
independent characteristics that can be potentrabigeled,
but we believe that we model all the important neme¢
characteristics that impact a program’s performartbe
results from evaluation of the synthetic benchnadnes in
this paper in fact show that this is the casegastl for the

of

Consequently, the synthetic workloads generated €mbedded application domain we target in this papEne

from these models yield large errors when the caahe
branch configurations are changed [24]. As a tefubne

generated synthetic benchmark clone comprises obde-
with low-level assembly instructions instantiated asm

were to construct a synthetic benchmark clone usingsStatements. The synthetic benchmark clone carobwpited

microarchitecture-dependent attributes, it wouldhbeessary
to construct separate clones for all branch predand cache
configurations of interest. This severely limite tusefulness
of the synthetic benchmark clone. In additions thiso
implies that workload profiles need to be computadevery
cache hierarchy and branch predictor of interesh A
important contribution of this paper is that we elep

and used in lieu of the original application forkimg design
tradeoffs.

The details of the memory access model, branching
model, and other microarchitecture-independent lsark
attributes that we use for profiling a real worldphcations
and the procedure for modeling them into the syitthe
benchmark clone are described in the followingisact



3.1 Microarchitecture-Independent Workload
Profiling
In this step we characterize the real applicatign b
measuring its inherent, or microarchitecture-inaejsat,
workload characteristics. In this paper we meaghese
characteristics using a functional simulator. Heereinstead
of simulation, when using a customer production kiaad

application, it is possible to efficiently measuthese

characteristics using a binary instrumentation teoth as : !{ >

ATOM [1] or PIN [4]. The microarchitecture-indamgent
characteristics that we measure are fairly broadl @ver a >
wide range of important program characteristicatesl to the
instruction mix, control flow behavior, instructicand data

locality, and instruction level parallelism (ILP). Figure 2. Example statistical flow graph used to capture the
control flow structure of the program.

A\A 4

3.1.1 Control Flow Behavior

It has been well observed that the instructionsin  3.1.2 |Instruction Mix
program exhibit a property terméatality of reference The The instruction mix of a program measures the
locality of reference is widely observed in theeralf thumb  relative frequency of various operations perforniedthe
often called the 90/10 rule, which states that egmm program; namely the percentage of integer arittonetteger

spends 90% of the execution time only in 10% of static multiplication, integer division, floating-point igimetic,
program code. In order to model this program priype a floating-point  multiplication,  floating-point  divien
synthetic benchmark clone it is essential to captthe  operations, load, store, and branch instructioribérdynamic

program structuré.e., a map of how the basic blocks are instruction stream of the program.
traversed and how branch instructions alter thection of

control flow in the instruction stream. During thetistical 3.1.3 Data Dependency Distance Distribution

profiling phase, we propose to capture this infdfamusing Dependency distance is defined as the total number
the statistical flow graphs described in [18]. tAtistical flow  of instructions in the dynamic instruction streaetvieen the
graph is a profile of the dynamic execution freqries of  production (write) and consumption (read) of a sesgi and
each unique basic block in the program, along wtéir  memory location. The goal of measuring these data
transition probabilities to their successor badiacks. In dependency distance distributions is very usefudapturing
addition, during the profiling phase, we also aamteach  the inherent ILP of the program. We classify tepehdency
node (representing a unique basic block) in thechalsck distance into six categories: percentage of tatpleddencies

map with its size.Figure 2 shows an example statistical flow hat have a distance of 1 instruction, and the greege of

graph that is generated by profiling the executmna  total dependencies that have a distance of up 40 &, 8, 16,
program. The probabilities marked on the edgesaith 32, and greater than 32 instructions.

basic block indicate the transition probabilitiesg., the
control flow transfer probability frorBasic Block 1 to Basic 3.1.4 Data Locality
Block 2 is 70%, ifBasic Block 1 was executed. Note that this

is analogous to a control flow graph of the prognaith the recognized for its importance in determining anlipgions

edges annotated with transition probabilities. o _ performance. Instead of quantifying temporal apatial
We measure the workload characteristics descr'bEdIocality by a single number or a simple distribaticour

below, instruction mix, data dependency distans&idution,
and data locality characteristics for a unique pair
predecessor and successor basic blocks in theotdlaw

The principle of data locality is well known and

approach for mimicking the data locality of a pagris to
identify the streams (regular sequences of arititmet
| ; X progressions) in a program, their length, and hdweyt
graph e.g., instead of measuring a single workload jntermingle with each other. Once these streamibates

characteristics profile forBasic Block 4, ~we maintain  paye peen correctly identified and instantiatedo irthe
separate workload characteristic profiles for the instances synthetic benchmark clone, the resulting prograrouth

whereBasic Block 2 and Basic Block 3 are predecessors of  ghow  similar inherent temporal and spatial locality
Basic Block 4. Gathering the workload characteristics at this .naracteristics [29].

granularity improves the modeling accuracy becatrse One may not be able to easily identify such stride
performance of a basic block depends on the coirtexhich sequences when observing the global data accessTsiof
it was executed. the program. This is because several streamsisbiexhe

program and are generally interleaved with eacterothin
order to identify the streams and their relatediattes, we



profile every static load and store instructionidentify the
stride with which it accesses data. This is basadthe
hypothesis (which we validate) that the memory sasce
pattern in typical embedded applications would ajppaore
regular when viewed at a finer granularity of statiemory
access instructions (load/store), rather than atoarser
granularity of the global access stream. We [gofa set of
embedded benchmark programs (described
measured the most frequently used stride valueefary
static load and store in the program. Then, basedhe
frequency of each static load or store instructionthe

with a stride value obtained from this workload

characterization.

3.1.5 Control Flow Predictability

In  order to incorporate synthetic branch
predictability it is essential to understand theparty of
branches that makes them predictable. The préuilityaof

later) andoranches stems from two sources: most branchebigingy

biased towards one directiore., the branch is taken or not-
taken for 80-90% of the time, and the outcome aheso
branches that are close together in the source ewmde

program, we computed the percentage of the dynamicdependent or related. Examples of highly biasedlitional

references that will be accounted for if one were t
approximate every static memory access instrucitothe
program with a single stride value. Figure 3 shows the
percentage of dynamic memory references that ebdnitiride
pattern with a single stride value. From this twa¥ observe
that the embedded benchmark programs are fairlyl wel
behaved and modeling each static memory accessdtieh
as one stream of access accounts for at least J08eo
dynamic memory references for each program. Fastmab
the programs the value is greater than 95%. 3higests
that in all these programs almost all load/storgrirctions
originate from a stride pattern with a single strnidilue.
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Figure 3. Percentage of dynamic memory references that
exhibit a stride pattern with a single stride value.

Based on the results of these characterizationtimes that it is executed.

experiments we propose a first-order model to gemer
access patterns in the synthetic benchmark cl@he. goal is

to keep microarchitecture-independent workload rhode
simple, so that it provides us with the flexibilitp study
“what-if” scenarios (by altering the memory accpagtern of
the program), which is almost impossible with a enor
complex model. When constructing the statistittav
graph, described in section 3.1.1, we record thestmo
frequently used stride value for every static megmaecess
instruction in every node in the statistical flowagh. Also,
we find the average value of the length of eackastr —
calculated by averaging the length of each uniquweam
across all the unique stream pools in the programhen
constructing a synthetic benchmark clone or a stith
memory address trace we approximate each statitZskoae
instruction in the program as accessing a fixedtlerstream

branches include loop exit branches, function calsl
returns, exceptional conditions used in user-inglidation,
system call return values, and data structureairgttion.

In order to capture the inherent branch behaviar i
program, the most popular microarchitecture-indepen
metric is to measure the percentage of taken besnchthe
program or the taken rate for a static braneh fraction of
the times that a static branch was taken duringctmaplete
run of the program. Branches that have a very biglow
taken-rate are biased towards one direction and
considered to be highly predictable. However, iyeusing
the taken-rate of branches is insufficient to aftueapture
the inherent branch behavior. If a static branati & taken-
rate of 50% one can create a synthetic branch l@hswch
that a branch is taken half the time and not-tdketthe other
half. But the predictability of the branch depgndore on
the sequence of taken and not-taken directions jingtnthe
taken-ratei.e., a long sequence of taken followed by an
equally long sequence of not-taken is easier tdipr¢han a
sequence where the taken and not-taken branchidie@re
randomly distributed and the taken-rate is 50%.

Therefore, in our control flow predictability mdde
we also measure an attribute called transition, rdte to
Haungset al. [20], for capturing the branch behavior in
programs. Transition rate of a static branch fndd as the
number of times it switches between taken and ala#n
directions as it is executed, divided by the totamber of
By definition, the rorhes with
low transition rates are always biased towardseitaken or
not-taken. It has been well observed that suchdhes are
easy to predict. Also, the branches with a vegh hiansition
rate always toggle between taken and not-takewtibires and
are also highly predictable. However, branchesttiaasition
between taken and not-taken sequences at a modataiare
relatively more difficult to predict. In order tacorporate
synthetic branch predictability we annotate evesgenin the
statistical flow graph with its transition rate. hé&h generating
the synthetic benchmark clone we ensure that thteilglition
of the transition rates for static branches in Hyathetic
stream of instructions is similar to that of theigoral
program. We achieve this by configuring each bhkick in
the synthetic stream of instructions to alternaevieen taken
and not-taken directions, such that the branchbé&shthe
desired transition rate. Typically, when a braigdtruction

are



does not have a very high or very low transitiote rae use a
divide operation (that performs modulo operatiooijofved

by a conditional branch to control whether a sytithigranch
will be taken or not-taken. The algorithm for geaiing the
synthetic benchmark program in the next sectioeriless the
details of this mechanism.

3.2 Synthetic Benchmark Clone Generation
The next step is to generate a synthetic benchmark
clone by modeling all the microarchitecture-indegemt
workload characteristics, generated in the worklpeafiling
phase, into a synthetic program. The basic streotd the
algorithm used to generate the synthetic benchipergram
is similar to the one proposed by Bellal[24]. However the
memory and branching model is replaced with the
microarchitecture-independent models described ectian
3.1

The following algorithm describes the details ofwh
the synthetic benchmark clone is generated fromvibr&load
characteristics:

(1) Generate a random number in the interval [0, 1] sl
this value to select a node in the statistical fignaph
(using the cumulative distribution function basedtbe
occurrence frequency of each node).

Use the instruction mix statistics for each nodehe
statistical flow graph to populate the basic blagkh
instructions; the last instruction should always &e
conditional branch instruction.

For each instruction, a dependency distance ig@sdi
to satisfy the data dependency distance distribufoo
the node.

For each static load and store instruction in thsid
block assign a stream value — the most frequersthdu
stride value for that load or store operation frime
workload profile. Essentially, each static loadl &tore
instruction is modeled as a congruence class witted
stride value.

A modulo operation using a logical left shift (die)
instruction is inserted in basic blocks where the
transition rate is not very high or very low. The
outcome of the modulo operation causes the comaitio
branch to be either taken or not taken dependinthen
number of the iteration (the entire sequence ofcbas
blocks generated using this algorithm are execirea
loop). This mechanism is used to satisfy the ftims
rate of every basic block in the program, effedjive
capturing the control flow predictability into the
synthetic benchmark clone.

The occurrence of that node in the statistical fipaph

is then decremented.

Increment the count of the total number of basacksé
generated.

A cumulative distribution function based on the
probabilities of the outgoing edges of the nodethésn
used to determine the next basic block to instentiaf

(2)

(3)

(4)

()

(6)
(7)
(8)

optimization.
embedded application domains that they represdmor the

functional

a node does not have any outgoing edges, go td.step

If the target number of basic blocks has been geedr

go to step 10, otherwise go to step 1.

(10) All the architected register usages in the syntheti
benchmark are assigned to each instruction in the
program, such that the data dependencies in stae 3
satisfied. The specifics of how the registerssmiected
and assigned are similar to the register assignment
procedure outlined in [24].

(11) The generated sequence of instructions is madeopart
one big loop. Controlling the number of iteratiaighe
loop effectively controls the number of dynamic
instructions in the program. Each static loadéstor
instruction in the program is configured to acceéized
length stream with a stride value obtained frons thi
workload characterization. Also, after a certaimber
of iterations of the program (depending on the eaifi
the stride length), each static load or store imsitbn
resets to the first element sequence of stridedsscand
re-walks the entire stream. The size of the dad#pfint
can be controlled by varying the number of itenadio
after which the stride walk is to be reset.

(12) A code generator takes the set of representative
instructions and generates a C-code with embedded
assembly instruction using thasm construct. The
instructions are targeted towards a specific ISphain
our case. However, the code generator can be imddif
to emit instructions for a RISC ISA of interest.hel
code is encompassed in raain header andmalloc
library call is used to statically allocate memdoy the
data streams. The usewailatile directive for eaclasm
statement prevents the compiler from optimizing thet
machine instructions in the program.

(9)

The synthetic benchmark clone does not have a a&epar
input data set. The characteristics of the in@ia et used
by the real application are manifested in the wuafl
characterization from which the synthetic benchmeidne
has been generated. Therefore, one can thinkedhffut set
being assimilated into the synthetic benchmark elorThe

synthetic benchmark clone generated from this stap be
compiled and executed on an execution driven sitowlar

real hardware.

4. Experimental Setup

We used embedded benchmark programs from the
MiBench and MediaBench benchmark suite to evaluate the
proposed performance cloning methodology. Alldbenark
programs were compiled on aklpha machine using the
native Compagcc v6.3-025 compiler with-O3 compiler
Table 1 shows the benchmarks and the

benchmarks from the MiBench suite, we used the ldnalit

sets.

We used a modified version of the SimpleScalar
simulator sim-safe to measure the workload



characteristics of the programs. However, as moret
earlier, using a binary instrumentation tool woblel a more
efficient method to perform microarchitecture-indagent
workload characterization of a real world applioati
program. In order to evaluate and compare thipeance
characteristics of the real benchmark and its gfitttclone,
we used simulators from ttgmpleScalar Toolset. In order
to measure the power characteristics of the bendtzmae
used thavattch simulator [5].

objective of the synthetic benchmark clone is toabée to
make design decisions and tradeoffs; where relaogiracy
is of primary importance. We quantify the relataecuracy
for the synthetic benchmark clones using the Pe&rdimear
correlation coefficient between the misses-pemimtston
metric for the 27 different cache configurationsitige to the
256 Byte direct-mapped cache configuration - fer dhiginal
benchmark and the synthetic benchmark clone. ifsgsly,

the Pearson’s correlation coefficient is given By:= Sy /

We used the technique described in the previous (Sx. Sy), where X and Y respectively refer to the misses-p

section to construct a workload profile for eactdiamark
and then use it to generate a synthetic benchnanie.c The
advantage of our performance cloning techniquéhds the
synthetic clone is generated
independent program characteristics, and can lbagess a
wide range of microarchitecture configurations. ohder to

from microarchitecture

instruction of the synthetic benchmark clone arel dhiginal
benchmark relative to the 256 Byte direct-mappedhea
configuration. The value of correlation, R, cange from -1
to 1. The Pearson’s correlation coefficient rafidoow well
the synthetic benchmark clone tracks the changesadhe
configurations — a high positive correlation indesathat the

evaluate our technique we compared the cache, ranc synthetic benchmark clone tracks the actual changasses-

predictor, and overall performance in terms of rungions-
Per-Cycle (IPC) of the real benchmark program witth
synthetic clone.

per-instructionj.e. perfect relative accuracy.

1.00

0.90 - - M — M
080 H 4 4HHHHHHHHHHAHF<-AHHHHHHHHHH
oo HHHHHHHHHHHHHHHHHHHHHHHHH
060 H 4 HHHHHHHHHHHHHHHHHHHHHHH
0.50 4

o0 HAHMHHHHHHHHHHHHHHHHHHHHHH

Pearson' Correlation Coefficient

0.30 4
020 Hi4AHH4AHHHHHHHHHHHHHHHHHHH

010 Hi4H4AHHHHHHHHHHHHHHHH HHH

0.00

it
m
eg
ia
it
h

<

a
o
n

8

dijkstra
g
i
patri
ast
rsyn
U

2 =

basicmath
bitcount
rawaudi

2 o
c

Table 1. Embedded benchmark programs used for the
evaluation.

Program Application Domain
basicmath, gsort, bitcount, susan Automotive
crc32, dijkstra, patricia Networking
fft, gsm Telecommunication
ghostscript, rsynth, stringsearch Office
jpeg, typeset Consumer
cjpeg, djpeg, g721-decode,
ghostscript, mpeg, rasta, rawaudio, Media
texgen, unepic

5. Evaluation

We now evaluate whether the synthetic benchmark
indeed

clones generated using the proposed approach
correlate well with the application from which thaeyere
generated. We perform our evaluation by chandiegcache
configurations and various aspects of
microarchitecture, and by comparing how well thatkgtic
benchmark clone correlates with the difference
performance exhibited by the real benchmark.

5.1. Tracking Changes Across Cache
Configurations

In order to evaluate the model for incorporating

synthetic data locality we used 28 different L1 &xloes with
sizes ranging from 256 Bytes to 16 KB with direcpped,
2-way set-associative, 4-way set-associative, antly f
associative configurations.
replacement policy was used for all the cache gonditions,

and the cache line size was set to 32 bytes. Welaied the
real benchmark program and the synthetic clonesadttese
28 different cache configurations and measuredtimeber of
misses-per-instruction.  As described earlier, prenary

the pipeline

The Least Recently dUse

Figure 4. Pearson Correlation coefficient showing the efficacy
of the synthetic benchmark clones in tracking the design
changes across 28 different cache configurations.
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Figure 5. Scatter plot showing ranking of the cache
configuration estimated by the synthetic benchmark clone
and the real benchmark.

Figure 4 shows the Pearson’s correlation coefficient
for each benchmark program. The average correlatio
coefficient is 0.93, indicating very high corretati between
the synthetic benchmark clone and the original bevark
application across all the applications. The beratk
typeset shows the smallest correlation (0.80) of all the
benchmark suites. A plausible explanation for this
observation is that thaeypeset benchmark needed 66



different unique streams to model its stride betwvin
compared to an average of 18 unique streams footiner
benchmark program. This suggests that progransehaire
a larger number of unique stream values to captbee
inherent data locality characteristics of a proggamtroduce
larger errors in the synthetic clone. This is pghdue to the
fact that having a large number of streams creatémger
number of possibilities of how the streams inteigténwith
each other, which is probably not accurately cagutury our
first-order synthetic benchmark generation method.

Functional Units 2 Integer ALU, 1 FP

Multiplication Unit, 1

FP ALU
Reorder Buffer 16 entries
Load Store Queue 8 entries
Memory (Bus Width, First| 8 B, 40 cycles

Block Latency)

When comparing the benchmark clone and the
original benchmark program on the base configunatie

Figure 5 shows a scatter plot of the average rankings only considered the absolute performance/power igtied

(cache with smallest misses-per-instruction is eankhe
highest) of the 28 cache configurations predicted tie
synthetic benchmark clones and the ones obtainied) tise
real benchmark programs. Each point in the scatter
represents a cache configuration. If the synthegimchmarks
accurately predicted all the rankings of the 28 heac
configurations, all the points in the scatter pldt be along a
line that passes through the origin and makes gte af 45
degrees with the axes. From the chart it is evidbat
rankings predicted by the synthetic benchmark cland
those of the real benchmark are high correlatdg¢ahts are
close to the 45 degree line passing through origin)

As such, based on the resultsFigures 4 and5, we
can conclude that the synthetic benchmark clowepsble of
tracking changes in cache sizes and associativéties can be
effectively used as a proxy for the real appligafio order to
perform cache design studies.

5.2. Performance and Power Correlation Across
Microarchitecture Changes

First, we compare the performance and power
characteristics of the real benchmark and the syiatitlone
on a base configuration. Table 2 shows the base
microarchitecture configuration that we used foris th
experiment. We simulated the original benchmaré #dre
synthetic benchmark clone on this configuration and
measured the performance in terms of the InstmstiRer-
Cycle (IPC) and the total power consumefigures 6 and 7
respectively show the absolute IPC and power copam
of the original benchmark program and the synthetic
benchmark. The average absolute error for thehstint
benchmark clone across all the benchmark configursitis
8.73% for IPC and 6.44% for power consumption.

Table 2. Base Configuration used to evaluate the
performance and power characteristics exhibited by the
synthetic benchmark clone.

L1 I-cache
L1 D-cache
L2 Unified cache

Fetch, Decode, and Issu€g
Width

Fetch Queue
Branch Predictor

16 KB/2-way/32 B
16 KB/2-way/32 B
64 KB/4-way/64 B
1-wide out-of-order

8 entry
2-level GAp predictor

accuracy so fai,e., the error in one design point. However,
as mentioned before, for computer architects arsigders
the relative accuracy or the ability to predict erfprmance
trend is often of primary importance. To evaludhe
synthetic benchmark clone in this perspective welysthow
the synthetic benchmark clone tracks performancepanver
trends by successively altering various architedtur
parameters with respect to the base configuration.
Specifically, we performed the following 5 experimg (1)
Doubled the number of entries in the reorder budfed load
store queus.e., from 16 and 8 entries to 32 and 16 entries
respectively, (2) Reduced the L1-D cache size 16 ia,
from 16 KB to 8 KB, (3) Doubled the fetch, decodmd
issue width, (4) Changed the branch predictor feo@tlevel
GAp predictor to an always not-taken branch predjcand
(5) Changed the instruction issue policy from olitaer to
in-order. For each of these configurations weutated the
original and the synthetic benchmark clone anddhginal
benchmark.

For each experiment we measure the relative
accuracy of the synthetic benchmark clone as:ix RE My,
dMY, s— MY,R/MX, Rl / (MY,R/MX, R), where REk is the relative
error when moving from design point Y (base configion
in our case) to design point X (each of the 5 depigints), M
is the target metric of interest (IPC or power eongtion in
our case), and R refers to the real benchmark Sarefers to
the synthetic clone.

@ Original Benchmark

1 | ® Synthetic Clone
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Figure 6. Comparison of the IPC of the original benchmark
and the synthetic benchmark clone on the base configuration.
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Figure 7. Comparison of the power consumed by the original
benchmark and the synthetic benchmark clone on the base
configuration.

Table 3 shows the relative error in IPC and power
consumption of the synthetic clone for the 5 desiganges
described. The relative accuracy has been avermgeds all
the benchmark programs. We observe that in gendral
relative errors across the 5 design changes aen@verage
4.49 % (worst case 6.51%) for IPC and 2.28% for grow
(worst case 4.59%). The design change of doubtlimy
fetch, decode, and issue width, resulted in theyelstr
averaged speedup (1.72) across all the real bemkbma
Therefore, as an example, we illustrate the cham¢feC and
power consumption exhibited by the benchmarks fos t
design change. Figures 8 and 9 respectively show the

basicmath

Figure 8. Relative speedup in IPC for real and synthetic
benchmarks in response to the design change of doubling the
fetch, decode, and issue width.

Figure 9. Relative increase in power consumption for real
and synthetic benchmarks in response to the design change

speedup in IPC and the relative increase in power Of doubling the fetch, decode, and issue width.

consumption for each real benchmark and its cooredipg
synthetic clone. It is encouraging that the re&grrors are
typically smaller than the absolute errors. Thalserrors in
relative error in IPC and power consumption sugtiest the
synthetic benchmark clone can be effectively usednake
design decisions, in lieu of the original applioatprogram.

Table 3. Average Relative Error in IPC and Power for the
synthetic benchmark clone in response to 5 design changes.

Design Change Average| Average
Relative Relative
Errorin Errorin
IPC Power
Double the number of | 5.81% 3.41%
entries in the reorder
buffer and load store
gqueue
Reduce the L1 cache | 1.48% 0.39%
size to half
Double the fetch, 5.41% 4.59%
decode, and issue
width
Change the predictor | 6.51% 1.80%
from a 2-level to a not-
taken predictor
Change the instruction| 3.26% 1.22%
issue policy to in-order

6. Discussion

As mentioned before, the advantage of the perfocman
cloning approach proposed in this paper as comp#&sed
previously proposed workload synthesis technigedhat all
the workload characteristics modeled into the sstith
benchmark clone are microarchitecture-independefhis
makes the benchmarks portable across a wide rafge o
microarchitecture configurations. However, a lirtida of the
proposed technique is that the synthetic benchrolarke is
dependent on the compiler technology that was used
compile the real workload binary. Therefore, tlenerated
synthetic benchmark clone may have limited appbcato
the compiler community for studying the effectswafrious
compiler optimizations on a benchmark.

A second note that we would like to make is that t
synthetic benchmark clones that we generate contain
instruction set architecture (ISA) specific assgmbl
instructions embedded in C-code. Therefore, a ragpa
benchmark clone would have to be synthesized falaedet
embedded architectures.§, ARM, PowerPC, etc) of
interest. Typically, every embedded microprocesksigner
would be interested only in his particular architee and
therefore this may not be a severe problem in jmect
However, if the synthetic benchmark clone is torizele truly
portable across ISAs, it would be important to addrthis
concern. One possibility could be to generatesyrghetic
benchmark clone using a virtual instruction sethaecture



that can then be consumed by compilers for diffet€As.
Another possibility would be to binary translate tynthetic
benchmark clone binary to the ISA of interest. elstigating
this issue is a part of our ongoing research work.

A final note is that the abstract workload model

presented in this paper is fairly simple by corcdtan, i.e.,
the characteristics that serve as input to the heyiat
benchmark generation, such as the branching modktte
data locality model, are far from being complicat8this was
our intention: we wanted to build a model thatimme, yet
accurate enough for predicting performance trends f
embedded workloads on embedded processors. Howeser
anticipate that applying this approach to geneuappse
workloads with more complex control flow behavioidadata
locality behavior could result in less accuratefgrenance
predictions. Just to name one example, the datavioe
associated with code that applies pointer chadingugh a
linked list cannot be modeled using a stride madalve do in
this paper. As such, as part of our future work, plan to
further extend this framework in order to be ablatcurately
model more complex workloads.

7. Conclusions

In this paper we explored a workload synthesisrtiegle
that can be used to clone a real-world proprietqplication
into a synthetic benchmark clone that can be madédahle
to architects and designers. The synthetic bendheiane
has similar performance/power characteristics asotiginal

application but generates a very different streaim o

dynamically executed instructions. By consequertbe,
synthetic clone does not compromise on the prapsiet
nature of the application. In order to developyatlsetic
clone using pure microarchitecture-independent {oawk
characteristics, we develop memory access and hiranc
models to capture the inherent data locality anatrob flow
predictability of the program into the syntheticnbbemark
clone. We developed synthetic benchmark clones fest of

benchmarks from the MiBench and MediaBench benckmar

suites, and showed that the synthetic benchmarkeslo
exhibit good accuracy in tracking design changessac28
different cache configurations and 5 microarchitextdesign
changes.

The technique proposed in this paper will benefit

embedded architects and designers to gain accessato
world applications, in the form of synthetic benerin
clones, when making design decisions.
synthetic benchmark clones will help the vendorsriake
informed purchase decisions, because they woule@ hae
ability to benchmark an embedded microprocessarguan
application of their interest.
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