Impact of Die-to-Die and With

in-Die Parameter Variations

on the Throughput Distribution of Multi-Core Processors

Keith A. Bowman, Alaa R. Alameldeen, Srikanth T. Srinivasan, and Chris B. Wilkerson

Microprocessor Technology Lab, Intel Corporation, Hillsboro, OR
keith.a.bowman@intel.com

Abstract

A statistical performance simulator is develope@xplore the
impact of die-to-die (D2D) and within-die (WID) maneter
variations on the distributions of maximum clockedquency
(FMAX) and throughput for multi-core processors anfuture
22nm technology. The simulator integrates a compaalytical
throughput model, which captures the key dependsnai multi-
core processors, into a statistical simulation revork that models
the effects of D2D and WID parameter variationscatical path
delays across a die€The salient contributions from this paper are:
(1) Product-level variation analysis for multi-copgocessors must
focus on throughput, rather than just FMAX, and K&)lti-core
processors are inherently more variation toleramarn single-core
processors due to the larger impact of memory @ateand
bandwidth on overall throughputTo elucidate these two points,
multi-core and single-core processors have a gintlap-level
FMAX distribution (mean degradation of 9% and stmad
deviation of 5%) for multi-threaded application$n contrast to
single-core processors, memory latency and banbwveiohstraints
significantly limit the throughput dependency on AKlin multi-
core processors, thus reducing the throughput nodegmadation
and standard deviation by 50%. Since single-tle@abplications
running on a multi-core processor can execute erfahtest core,
mean FMAX and throughput gains of 4% are achievedhfthe
nominal design target.

Categories & Subject Description:

B.8.0 [Performance and Reliability]: General
General Terms: Design, performance, reliability

Keywords. Multi-core, FMAX distribution, throughput
distribution, parameter fluctuations, parameterateoms

1. Introduction
Power consumption is the number one challenge dayts

high-performance microprocessor designs [1]-[3]rguably, the
second most significant design challenge is mangagihe
variability in device and circuit parameters [3]:[6 As process
technology scales to 65nm and beyond, the impaca@tions on
the maximum clock frequency (FMAX) and power of
microprocessor is expected to worsen. Paramet&tieas can be
classified into two categories: Die-to-die (D2D)dakVithin-die
(WID). D2D variations, resulting from lot-to-lotyafer-to-wafer,
and a portion of the within-wafer variations, affed! transistors
and interconnects on a die equally. ConverselyD Wariations
consisting of random and systematic componentscimdlifferent
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electrical characteristics across a die [7]. A d@m-WID
parameter variation fluctuates randomly and inddpatly from
device to device (i.e., device-to-device correlatis zero). A
systematic-WID parameter variation results fromepeatable and
governing principle, where the device-to-device relation is
empirically determined as a function of the distabetween the
devices. Although systematic-WID variations exhibicorrelated
behavior, the profile of these variations can ranlyachange from
die to die. From a designer's perspective, systienvdlD
variations behave as continuous and smooth coeceleandom-
WID variations [7]-[9].

Multi-core processors are emerging as a powerieffic
approach to designing high-performance micropragsss In
contrast to large single-core processors, multecprocessors
employ a number of less complex cores on a dierevte number
of cores and core complexity is a key design tmaffle-Multi-core
processors can achieve better performance on higtibllel multi-
threaded applications by executing the threadssactbe cores
while operating at a lower clock frequency and lopawer.

In  designing high-performance  microprocessors, the
importance of accurately estimating the impact afrapeter
variations on product-level performance directlyates to the
overall revenue of a company. An overestimatiameases design
complexity, possibly leading to an increase in giesiime, an
increase in die size, rejection of otherwise goedigh options,
and even missed market windows [7]. Conversely,

underestimation can compromise product performamckeoverall

yield as well as increase the silicon debug time Th summary,

overestimating variations impacts the design effoend

underestimating variations impacts the manufactueifort.

an

Previous works evaluated the impact of D2D and WID
parameter variations on the FMAX distribution ohgle-core
processors [4], [10], [11]. In addition, the effeaf parameter
variations on the product-level power distributives been studied
for single-core processors [10], [11]. The impattparameter
variations on power, where leakage is the dominartation
component, does not fundamentally change from singte to
multi-core processors. A multi-core processor reagble much
finer granularity in placing portions of the chiptd a sleep state.
When all transistors on the chip are in an opemationode,
however, the effect of D2D and WID parameter véaiia on the
leakage is expected to be similar between single-emd multi-
core processors, assuming an equal number of starsi \6p, etc.

This work explores the impact of D2D and WID paréene
variations on FMAX and throughput distributions miulti-core
processors through a newly developed statisticafopeance
simulator. A key component of the simulator is empact
analytical throughput model, enabling accurate qmipns of
multi-core throughput for parallel applications Vehiretaining
runtime efficiency. The throughput metric reprdsetine actual
microprocessor performance, thus providing an #chire-level
perspective of device and circuit parameter valitgbi



2. Statistical Performance Simulator

A statistical performance simulator is develope@xplore the
impact of D2D and WID parameter variations on th@AX and
throughput distributions for multi-core processortn Fig. 1, a
flowchart illustrates the simulation methodologkirst, statistical
SPICE-equivalent [12] circuit simulations are pemied in a 65nm
process technology [13] on speed-limiting paths anhigh-
performance microprocessor to generate individuiical path
delay distributions for separate contributions d&Dand WID
variations. The primary inputs to the statisticatuit simulator
include: (i) D2D and WID transistor and interconnearameter
variation models, (ii) process file, and (iii) écél path netlists.

Since D2D variations affect transistors and intererts
equally, the D2D standard deviation to mean ratiotfie critical
path delay is similar from path to path. Systec®¥iiD variations
affect transistors and interconnects equally fgpash contained
within a small region, and random-WID variation®eege across
the number of logic stages in a path [4], [14].e3& effects result
in systematic-WID variations dominating the WID timél path
delay variability [4], where the WID standard deiga to mean
ratio for the critical path delay is similar fronath to path. To
demonstrate these effects, the path delay standiewétion to
mean ratio is plotted in Fig. 2 across a varietypath types for
separate contributions of D2D and WID variationBath delay
sensitivities to either D2D or WID variations appeealatively
consistent. Although the normalized WID path delayiability
can differ from path to path when comparing traosigelay
dominated paths with wiring RC-delay dominated pathe vast
majority of critical paths in a microprocessor aransistor-delay
dominated. This directly results from traditiomalcroprocessor
design methodologies that ensure FMAX scaling &s ptocess
matures [15]. If the FMAX is limited by RC delathen the
FMAX would not benefit from transistor process impements.
As an example of these design methodologies, thed&&y
portion of a path is intentionally penalized duritiming analysis
by increasing the interconnect resistance by 30%nore [15].
Furthermore, additional pipelining and repeateeitisn is applied
to long distance paths to reduce the effect ofngiRC delay.

Using the critical path delay statistics, D2D andD\tlelay
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distributions of a typical critical path are constied by averaging
the standard deviation to mean ratios across thalaied critical
paths for D2D and WID variations separately. Sisgstematic-
WID variations contain a spatial correlation, catli path delays
have a distance dependent correlation. Assumiclg edtical path
traverses a fixed distance in a 65nm technologyulsitions are
performed with paths separated in x and y direstimnextract the
spatial critical path delay correlation. The tyicritical path
delay statistics are inputs to the statistical grenince simulator.

In determining the number of critical paths peregdhe path
delay correlation provides guidance. In today'sigk-core
microprocessors, 100's to 1000’s of critical pa#te uniformly
spread across the die. For critical paths locatetbse proximity,
the paths are highly correlated such that theidigion of one
critical path is a close approximation of the masxmcritical path
delay distribution for the collection of criticabths. Based on the
extracted path delay correlation statistics, a lyigtorrelated
region can be approximated to an area of 0.02¢he, 141m x
141um). Assuming the critical paths are uniformly smteacross
the core, the number of critical paths per coreleégermined by
dividing the core area by the highly correlatedigagpf 0.02mm.
The path delay correlation for critical paths irpa&te highly
correlated regions is modeled. The path delayetations are a
salient feature of this simulation approach, emaplihe core
FMAX correlations to be captured spatially acrdesdie.

The statistical performance simulator performs 1906f
Monte Carlo runs per multi-core design. For eaeh, @ delay
sample is generated for each critical path. Theest critical path
for each core determines the FMAX for the corel cékes in the
multi-core processor are assumed to have the sdwbalglock
frequency. For highly parallel multi-threaded (Mapplications,
where all cores execute instructions, the sloweste &FMAX
determines the FMAX of the microprocessor. Fogleirthreaded
(ST) applications, the fastest core determinesRNAX. The
corresponding MT and ST FMAX values are inputshe multi-
core throughput model, which is described in Sect® to
calculate the corresponding MT and ST throughpliiesa After
performing 1000’s of Monte Carlo runs, the simutagenerates
FMAX and throughput distributions for MT and ST éipations.
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8-stage, fan-out of 3, 3-input NOR gate path

22-stage, inverter & mux combination path
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Fig. 1. Flowchart describing the statistical simulation methodology for
generating FM AX and throughput distributions for multi-core processors.
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Fig. 2: Path delay standard deviation to mean ratio

for D2D and WID variations versus path type.



3. Multi-Core Throughput Model
A key component of the statistical performance $atau is a
tightly integrated multi-core throughput model. n& 1000’s of
Monte Carlo runs are performed per multi-core desig
computationally efficient analytical model is se&gt to enable
accurate projections of average performance forude sof
Recognition, Mining, and Synthesis (RMS) applicati¢16]. The
multi-core processor die areaqé\is separated into three parts:
Adie = Acore T ALy + Ao (1)
Acore iS the total core area, where each core is asstionedntain
private L1 instruction and data caches.,@ is the total L2 cache
area with N cores sharing the cachey #s the area reserved for
external memory controllers and I/O pads. FonemiA ) and
area of a 1 MB cache {fg), which is determined by process
technology, the L2 cache size in units of MB i<oddted as:
Sty = ALZ(N)/AIMB (2
For a given workload, the cycles per instructiorP)Cof a
single in-order blocking core is modeled as:
CPI(l) = CPlcom + Mrale (SLZ(l))Lmiss (Fclk) (3)
CPl,om the computation component of CPI, is the core @E an
infinite L2 cache.
frequency (ky)-
misses per instruction for a cache size @i LmisdFei), the miss
penalty, is the average number of cycles per Lzheamiss.
LmisdFci) is a function of . The product of M(S2q) and

CR{m is independent of the processor clock
MiadSi2). the miss rate, is the number of

registers (MSHRs), bus queues).;wF.x) is calculated as the
average number of cycles for an off-chip memory easc
Liink(Fei) is separated into two components as:

Liinic(Foi) = L (o) + Lg(Fe) (7)
The parameters (F) and Ly(F.) are the service and queuing
latencies per cache miss, respectively(Fd) is the physical off-
chip link latency for data to traverse across timk lfrom the
processor to the DRAM chip and back, where no trégson
errors are assumed. 4(Eq) is computed as the mean queuing
latency. Definingh as memory requests per cycleis computed
asA=IPC(N)XM 4 dSi21)). Using Little’s law, the link utilization
(V) is defined as UxL(F.y). Assuming the physical off-chip link
to memory represents an M/D/1 queue (Markoviarvalniate of
requests with a deterministic service time andnéinite number of
request sources), the response latency is caldudate

ULS(Fclk) - )\(Ls(Fclk))z (8)
201-u 2- AL, (F,)

The IPC for the entire multi-core system is caltedafrom (3), (6),
and (8) as N/CPI(1) [17]:

IPC(N) =

Lyinkc (For) = Lo (Feg) + Lo (Fa) +

N

Lmem(FcIk) )\(Ls(Fclk))Z
CPlcom + Mrate(SLZ(l)) [ Npr + Ls(FcIk) + m
Since A is a function of IPC(N), IPC(N) in (9) reduces &
quadratic equation, where the roots of the equatésult in an
explicit IPC(N) expression. The pb{Fo) and  L(Few)

Lmis{Fci) represents the memory latency and memory banbwidtgependencies on . are simply modeled as hn(Fer)=

components of CPI. &, is the effective L2 cache size for one | " yxF  /F

core. If the cores do not share code or dataenctithe, then the
average cache size per core is L/i0f the entire L2 cache size

clk,nom and I-S(Fclk)st(Fclk,nom)chIk/FcIk,nom
where Fy nom iS the nominal processor clock frequency. Assigmin
all N cores have the same clock frequency, theabvérroughput

(Sz@w=Si2vy/N).  For applications that share code or data, th§Tp) in instructions per second for a multi-coreoqassor is

working set size is adjusted by the average nurgitbgg.d of cores
that share an L2 cache line, whergNN) is a function of N. The
average cache size for a single core is calcukdd7]:

S = SLZ(N)/(N ~Ngpare (N) + 1) 4)

To project the miss rate for caches of differemésj the square
root rule of thumb is applied, which models thelmamiss rate as:

Mrate(SLZ(l)) = Mrate(lMB)/\/SLz(l) (5)
For some applications, the square-root model ins(fss accurate
than the working set model, where the miss rateanesnconstant
as cache size increases until the working setititthe cache;
subsequently the miss rate sharply falls off. Hawme simulations
across a variety of applications, the square ramehprovides the
most accurate approximation of the average miss rat

To model instructions per cycle (IPC) for the muglire
system, the effects of limited off-chip memory bastdth is
captured by separating,k{Fcx) into two components:

Lniss (Fai) = Lm%(':dk) + Ly (Fe)
pr

Lmen{Fci), the off-chip DRAM memory latency, is calculated
the average number of cycles spent in the DRAMyatwaobtain
data, where there is no distinction between hitaricopen page
versus a closed page or hits to the same row verslifferent row
in the DRAM array. In modeling out-of-order norebking cores
that exploit memory-level parallelism (MLP),,Lo{Fci) is divided

(6)

calculated as IPC(MJ:
_ N
TP(N) - Cplcom + CPImemjal(Fclk) + CPImem,bw(FcIk)
Fclk Fclk Fclk
CPlyem iafFei)/Fek @nd CPlem ol Fe)/Fek are the memory latency
and bandwidth components of throughput, which aodeted as:

Cleem,lat(l:clk)

(10)

Lnem (Feiknom)
=M (S ) ) mem\" clknom (11)
Fclk e H I:clk,nomNpr
1- 1( Fclk)\ Ls(Fclk,nom)J
Cleem,bw(l:clk) =M (S ) Ls(Fclk,nom) 2 Fclk,nom (12)
— Wrate \=L2(1]
Fe @ FC'KHO'“ 1- Fclk)\Ls(Fclk‘nom)
Fclk,nom

Additional assumptions are applied to trade-offusacy for
runtime efficiency: (i) benchmark applications aperfectly
parallelizable (i.e., the serial portion of a pkslaprogram is not
accurately modeled); (ii) average benchmark peréme is an
appropriate metric for evaluating general trends] &ii) inter-
thread interactions and operating system coopératie ignored.

In validating the analytical model in (9) for STpdipations, a
comparison of total system IPC is performed withimdustrial
cycle-accurate simulator for different core typesl @ache sizes.
Although the model primarily targets the performaraf highly
parallel MT applications, the analytical model &ssi#y modified

by the average number ¢\ of parallel memory requests since for ST applications, where one core has acceshecehtire L2

each request on average blocks the processor ffaction of the
total memory latency [18]. For in-order blockingres, N=1.
Link(Fei), the total link latency, includes the latencyttoé physical
off-chip link and the queuing latency (e.g., Migatss handling

cache, by adjusting the miss rate fromul¥s »1)) t0 Miad Sion))-

In the comparison, IPC is evaluated across a sé6@fworkloads,
consisting of server, multi-media, games, SPEC2kd affice
productivity applications, where the average eisat%.
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Fig. 3: Comparison of IPC model projectionsin (9) with Asim
[19] for avariety of RM S benchmar ks ver sus number of cores.

In validating the model for MT applications, theahical
model of total system IPC in (9) is compared withsim
simulations [19] in Fig. 3 for a variety of RMS laéyimarks across
the number of cores contained in the multi-corecessor. These
RMS benchmarks focus on the basic building blocksnatrix-
oriented data manipulation and calculations that iacreasingly
being utilized to model and process complex systgis The
benchmarks include: (i) ADAt, (ii) dense_mmm, (kineans, (iv)
sparse_mvm, and (v) sparse_mvm_sym. The Asim aiou]19]
evaluates each workload while capturing the effedtsnultiple
cores, shared L2 cache, and the interconnect nlethetiveen the
L2 cache and off-chip DRAM memory. The simulatardals a 2-
wide in-order core. The comparison in Fig. 3 ides a 32 MB L2
cache, 128 byte cache line size, and 200 cycle meifatency.
The only workload specific inputs to the analyticabdel are:
MadSi21)) and CPl, For three of the benchmarks (ADAL,
dense_mmm, and kmeans), the square-root cacheragssnodel
in (5) is applied. For the other two benchmarkmfse_mvm and
sparse_mvm_sym), the working set model is usedstinate the
cache miss rate. For the ADAt, dense_mmm, kmeans,
sparse_mvm benchmarks, the analytical model agtessly with
Asim simulations, where the worst-case error is tean 5%. The
sparse_mvm_sym benchmark contains large sectionsenél
execution, leading to a worst-case model error2862 Although
the model is less accurate for MT applications éitge portions
of serial execution, the multi-core throughput moagrees well
with Asim simulations for both MT applications witkarge
sections of parallel execution and ST applications.

4. Results

In exploring the impact of D2D and WID parameteriaons
on the FMAX and throughput of multi-core processatzee
separate multi-core processors are evaluated. eThhsee
processors contain either small, medium, or largeex to
investigate a range of multi-core design optioria. addition, a
traditional single-core processor, containing a alitimc core, is
simulated as a baseline comparison. The smalliumednd large
cores are based on the Ifft@entiunt P54C (in-order), the Intél
Pentiun? 1l (out-of-order), and the Int&] CORE™“2-Dud”

24 28 32

(advanced out-of-order) microprocessors, respdgtivén Fig. 4,
the product introduction technology generationecarea, average
Fex, Normalized average Specint throughput, cache ¥%igg and
core power for each core type are summarized basdustorical
data [20]-[23]. Note that the core area exclutiesl.f2 cache area.

Using the historical data in Fig. 4 and traditiosehling trends,
the area, nominalf, Vpp, and power for the three cores in Fig. 4
are extrapolated from the core introductory techgplnode to a
22nm technology in Fig. 5. The monolithic coreFig. 5 is based
on historical trends of single-core microarchiteetperformance
improvements to scale the single-core performance &5nm
microprocessor to 22nm. Key throughput model patars (e.g.,
CPlom MadSi2), Ny are generated from an industrial cycle-
accurate simulator for each of the four core desigBystem-level
parameters represent an aggressive target forplegnid desktop
microprocessor products at the 22nm technology hnindéuding:

(i) cache density of 0.5MB/mm(ii) memory latency of 40ns and
memory bandwidth of 50GB/s, (iii) die area allochte cores and
cache of 70mfm(excluding I/0), and (iv) power budget of 100W.

Since there is uncertainty in forecasting deviced an
interconnect variability for the 22nm generatiospecially since
the device structure is still being defined, anrojgtic assumption
is made by applying the normalized D2D and WIDicait path
delay statistics from simulations performed on ragustrial 65nm
process technology [13]. In bounding the behasfaall four core
types in Fig. 5, the two extreme core types (smadl monolithic)
are initially compared. Since the effect of sysiimWID
parameter variations on processor FMAX and througldepends
on the die area allocated to the cores, the maig-@and single-
core processors are designed with an equivalept & 35mnf,
corresponding to 70 small cores for the multi-cprecessor and
one monolithic core for the single-core procesd®oth processors
contain an L2 cache area of 35fmin evaluating the multi-core
processor, two modes of operation are consideréd:M{T
applications, where all cores execute instructishde sharing the
L2 cache, and (ii) ST applications, where only anee executes
instructions while having access to the entire &éhe.

In Fig. 6(a), the normalized FMAX distributions grietted for
the multi-core processor with small cores and tltomalithic-core
processor. The multi-core processor contains spaate FMAX
distributions that correspond to MT and ST appi@s. The x-
axis FMAX values are normalized to the nominal klfrequency
for each separate processor (e.g., 3GHz for theti-garike
processor and 4GHz for the monolithic-core procgssstatistical
simulation results indicate that multi-core and giéncore
processors both have an FMAX mean degradation ofafiéfban
FMAX standard deviation of 5% for MT application$revious
work revealed that WID variations primarily impatte FMAX
mean and D2D variations primarily impact the FMAXriance
[4]. From this perspective, the FMAX distributiofer the two
separate processors are equally affected by both &l WID
parameter variations. As discussed in SectiongiZ3aall cores in
the multi-core processor are assumed to have the giobal clock

Core |Technology| Core Area AvErage Nzrvn;ra:gzeed Cache Size| Vpp, | Core Power Core Type Co(,r:,:zr)ea NOTéLazl)FCIk \6%3 Core(v’\’l‘;we"
2 clk
Type| (m) Mm% | iz [ specintte | KB} M| W)
Small 0.5 3.0]0.90 1.3
Small 500 148 120 1 1000] 3.30 12
Med 1.5 4.010.90 35
Med 180 60 730 10 256]1.70 22
Large 5.0 4.010.90 9.6
Large 65 35 2250 70 4000/ 1.33 35
Monolithic 35.0 4.010.90 75.0

Fig. 4: Historical data for small, medium, and large cores.

Fig. 5: Coreprojectionsfor a 22nm technology generation.
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for multi-threaded (M T) and single-threaded (ST) applications.
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Fig. 7: Normalized throughput (TP) sensitivity to FMAX
versus number of cores.

frequency. Since both processors have an equal ama which
effectively corresponds to a similar number of icait paths
affected by systematic-WID variations, the maximanitical path
delay distribution is similar between the two presmrs for MT
applications, leading to an equal percentage of nmERIAX

degradation.  Since ST applications running on dtivoore

processor can execute on the fastest core pesidialation results
indicate a 4% mean FMAX gain from the nominal dedayget.

In Fig. 6(b), the normalized throughput distribasoare plotted
for the corresponding FMAX distributions in Fig.a§( Similar to
Fig. 6(a), the x-axis throughput values are norredli to the
nominal throughput for each separate processor sewhrate
application. Comparing the distributions in Figapand Fig. 6(b),
the throughput distribution of the monolithic-congrocessor
closely tracks the corresponding FMAX distribution.The
throughput distribution of the multi-core processéor MT
applications, however, exhibits a 50% reductiorb@th the mean
degradation and standard deviation as compared te t
corresponding FMAX distribution

To provide physical insight for this drastic redant in
throughput variability, the normalized throughpunsitivity to
FMAX for the multi-core processor is plotted versis number of
cores in Fig. 7. The throughput sensitivity to FXIgradually
decreases as the number of cores increases fron6@, &and then
exponentially reduces as the number of cores isesheyond 60.
As described in Section 3, the overall throughputains three
main components: (i) computation, (i) memory latgnand (iii)
memory bandwidth.  Observing (10)-(12), the compoma
component depends linearly ogcRvhile the memory latency and
memory bandwidth components are largely insensttivg,,. In
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Fig. 8 Contribution of memory latency (CPlmemiar) and
bandwidth (CPI ,empw) to total CPI versus number of cores.

Fig. 8, the contribution of memory latency and meyrtmandwidth
to the total CPI is plotted versus the number agEsdn a multi-
core processor. Initially, for only a few corebe tcomputation
component of CPl dominates the total CPI, resulting a
throughput sensitivity to FMAX of unity. In thisegion, the
throughput distribution closely tracks the FMAX tiilsution as
illustrated in Fig. 6 for the monolithic-core preser. Thus, an
analysis of FMAX is sufficient for analyzing proddevel
variability in single-core processors. As the nemiof cores
increases, the L2 cache size allocated to eachreduees, thereby
increasing the cache miss rate per core as dedcirbg). This
directly increases the contributions of memory rate and
bandwidth to CPI as modeled in (11)-(12) and itat&d in Fig. 8.
Therefore, multi-core processors are inherently enmariation
tolerant than single-core processors due to theydarimpact of
memory latency and bandwidth on overall throughpuhich
reduces the throughput sensitivity to FMAX. Fumthere, this
result highlights the importance of evaluating ttteoughput
metric, rather than just FMAX, for product-levelriaion analysis
of multi-core processors

Since the computation component of multi-core tgtgaut
dominates for ST applications, the throughput itiation closely
follows the FMAX distribution as illustrated in Fi¢. In Fig. 9,
the mean FMAX and throughput change from nomingblctted
versus the processors with the four core types sanmmed in Fig. 5
for MT and ST applications. For each simulatiohe tarea
dedicated to cores is 35rmand the L2 cache area is 35fMm
corresponding to one monolithic core, 7 large coB#s medium
cores, and 70 small cores. From Fig. 9, the variablerance in
throughput for MT applications improves as the d$enatores are
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Fig. 9: Mean throughput and FMAX change from nominal versus pro
and (b) single-threaded (ST) applications.

used, which directly corresponds to the reducedbutjinput @
sensitivity to FMAX as described in Figs. 7 and [8ote that the 1]
reduction in the throughput standard deviationofei a similar
trend. For ST applications, the relative mean FMAXd 2]
throughput also improves as smaller cores are wsediting from
the relationship between the systematic-WID critipath delay  [3]
correlation and the number of spatially separatgds: In contrast
to the MT applications, the throughput standardiaten for ST  [4]
applications is primarily unaffected by the corpey
5. Conclusion (5]
A statistical performance simulator is developedeti@mine
the impact of die-to-die (D2D) and within-die (WIparameter (el
variations on the distributions of maximum clockedquency
(FMAX) and throughput for multi-core processors anfuture (7]
22nm technology. The simulator integrates an dicaly (8]
throughput model for multi-core processors into tatistical
simulation framework that models the effects of Dabd WID 9]
parameter variations on critical path delays acrasdie. The
analytical throughput model captures the key depecigs of a
multi-core system as compared with rigorous cycledsate [10]
simulators for both single-threaded (ST) and nthiteaded (MT)
applications. Statistical simulation results irdecthat both multi-
core and single-core processors with an equivateat core area [11]
have an FMAX mean degradation of 9% and an FMAXdxiad
deviation of 5% for MT applications. Although thleroughput  [12]
distribution of the single-core processor closehacks the (13]
corresponding FMAX distribution, the throughputtdisution of
the multi-core processor exhibits a 50% reductiorboth mean [14]
degradation and standard deviation as compared he t
corresponding FMAX distribution. This variatioriécance for the
multi-core processor results from the large infeerf memory [15]
latency and memory bandwidth on overall throughpuhich
reduces the throughput sensitivity to FMAX. Theref multi-  [16]
core processors are inherently more tolerant toarpater
variations than single-core processors. Moreovhis result
highlights the importance of examining the throughpnetric,  [17]
rather than just FMAX, for product-level variaticanalysis of
multi-core processors. Since ST applications mgrin a multi-  [18]
core processor can execute on the fastest corey FdaAX and
throughput gains of 4% are obtained from the nomiesign (19]
target. These large improvements in the througlisttibution
for both MT and ST applications reveal that mutii& processors 20]
could drastically reduce the product design and ces® 1]
development complexities due to parameter variatascompared [22]
to single-core processors, enabling faster timmaoket for high- 23]

performance microprocessor products.

10
B ST Throughput

- 8 B ST FMAX
S
= 6 s
© Small
S 4 F
£ Medium
z 2F s
c |:- Large Monolithic
c 0 .
S ol i
o
3
s 4r
o
c -6
©
[
= 8 F

-10

(b)

cessor s with various core types for (a) multi-threaded (MT)

References

P. Gelsinger, “Microprocessors for the New Millemi Challenges,
Opportunities, and New Frontiers,”IBEE ISSCCFeb. 2001, pp. 22-25.

M. Horowitz and W. Dally, “How Scaling Will Chang®rocessor
Architecture,” inEEE ISSCCFeb. 2004, pp. 132-133.

M. Horowitz, et al., “Scaling, Power, and the Fataf CMOS,” inlEEE
IEDM, Dec. 2005, pp. 11-17.

K. Bowman, S. Duvall, and J. Meindl, “Impact of B@Die and Within-
Die Parameter Fluctuations on the Maximum Clockjieacy Distribution
for Gigascale Integration|EEE JSSCpp. 183-190, Feb. 2002.
International  Technology Roadmap for Semiconductafi§ RS)
Semiconductor Industry Association, www.itrs.neD&

S. Borkar, et al., “Parameter Variations and Impaat Circuits and
Microarchitecture,” ild0" DAC Proc, June 2003, pp. 338-342.

S. Duvall, “Statistical Circuit Modeling and Optiration,” in 5" Intl.
Workshop Statistical Metrologgune 2000, pp. 56—63.

H. Masuda, et al., “Challenge: Variability Chargetgion and Modeling for
65- to 90-nm Processes,"IIEEE CICG Sept. 2005, pp. 593-600.

S. Samaan, “The Impact of Device Parameter Vamatim the Frequency
and Performance of Microprocessor Circuits,” MEEE ISSCC
Microprocessor Circuit Design Forurfreb. 2004.

J. Tschanz, et al., “Adaptive Body Bias for Redgdmpacts of Die-to-Die
and Within-Die Parameter Variations on MicroprooesSrequency and
Leakage, 1EEE JSSCpp. 1396-1402, Nov. 2002.

Y. Abulafia and A. Kornfeld, “Estimation of FMAX ah ISB in
Microprocessors |EEE Trans. VLS| Syspp. 1205-1209, Oct. 2005.
HSPICE User's ManuaMeta-Software Inc., Mar. 1995.

P. Bai, et al., “A 65nm Logic Technology FeaturlBghm Gate Lengths,
Enhanced Channel Strain, 8 Cu Interconnect Layers:k ILD and 0.57
um? SRAM Cell,” inIEEE IEDM, Dec. 2004, pp. 657-660.

M. Eisele, et al., “The Impact of Intra-Die Deviearameter Variations on
Path Delays and on the Design for Yield of Low &gt Digital Circuits,”
IEEE Trans. VLSI Syspp. 360-368, Dec. 1997.

J. Schutz and C. Webb, “A Scalable X86 CPU Desig@@nm Process,” in
|IEEE ISSCCFeb. 2004, pp. 62-63.

P. Dubey, “A Platform 2015 Model: Recognition, Migiand Synthesis
Moves Computers to the Era of Tera,” Intel Corpgb.F 2005,
download.intel.com/technology/computing/archinntaifprm2015/download/RMS. pdf

A. Alameldeen, Using Compression to Improve Chip Multiprocessor
PerformancePhD Thesis, University of Wisconsin, 2006.

T. Karkhanis and J. Smith, “A First-Order SupegscBrocessor Model,” in
Proc. of 3% Annual Intl. Symp. Comp. Arctiune 2004, pp. 338-349.

J. Emer, et al., “ASIM: A Performance Model Framew/dEEE Computer
pp. 68-76, Feb. 2002.

Microprocessor Quick Reference
www.intel.com/pressroom/kits/quickrefyr.ntm.
SPEC BenchmarkSystems Performance Evaluation Corp., www.Sfgec.or
J. Doweck, “Inside the COREMicroarchitecture,” irHotChips Aug. 2006.
S. Rusu, et al., “A Dual-Core Multi-Threaded Xeandessor with 16MB
L3 Cache,” iInEEE ISSCCFeb. 2006, pp. 102-103.

Guide Intel Corp.,



