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ABSTRACT

In recent years, the increasing number of processor coctiran

ited increases in main memory bandwidth have led to the prob-
lem of thebandwidth wall where memory bandwidth is becom-
ing a performance bottleneck. This is especially true foemm
ing latency-insensitive, bandwidth-sensitive applimasi. Design-
ing the memory hierarchy for a platform with an emphasis orR-ma
imizing bandwidth within a fixed power budget becomes one of
the key challenges. To facilitate architects to quickly lexp the
design space of memory hierarchies, we propose an andlyéica
formance model called Moguls. The Moguls model estimates th
performance of an application on a system, using the bardwid
demand of the application for a range of cache capacitiegtend
bandwidth provided by the system with those capacities. Nadevs
how to extend this model with appropriate approximationsyt-
mize a cache hierarchy under a power constraint. The reshdts
how many levels of cache should be designed, and what the-capa
ity, bandwidth, and technology of each level should be. Wiitaah,

we study memory hierarchy design with hybrid memory tectnol
gies, which shows the benefits of using multiple techno®die
future computing systems.
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1. INTRODUCTION

Recently, the importance of applications that are bandwsansi-
tive and latency-insensitive has increased significaAtiyhe same
time, the growth rate of the computation abilities of a psswe has
continued to outstrip the growth rate of main memory banthwid
This has led to ®andwidth wall

A key subset of bandwidth-sensitive and latency-insereskip-
plications is known as throughput computing applicatioftsough-
put computing refers to trading off single thread perforneafor
higher overall computational throughput. Throughput catimy
applications span many domains and are already critical va a
riety of platforms, including high-performance computi@igPC)
machines (e.g., molecular dynamics simulations [1]), cenuial
servers (e.g., database query processing [2]), and cliaohimes
(e.g., imagel/video processing [3]). Memory bandwidth isaal
to many throughput computing applications because of twim ma
reasons:

e Throughput computing applications inherently have gemesm-

ounts of parallelism that processors can take advantageaof v
multi-threading and single-instruction-multiple-da@lNID) ex-
ecution; thus, hardware can consume data at high rateserSyst
designed to perform well on throughput computing applarai
achieve high performance by exploiting their inherent fheliam.
These systems support large numbers of threads and/or dee wi
SIMD execution (e.g., Sun’s Niagara [4] and nVidia's Te€§,[
which puts a lot of pressure on the memory system. In through-
put computing, memory latency is typically not a bottlensitice

the latency can be hidden via multithreading (e.g., for GRus
hardware prefetching (e.g., for CPUs). However, bandwisita
potential bottleneck.

Many throughput computing applications have inherenthgda
working sets (e.g., tens to hundreds of MB), which are uhlike
to fit in conventional on-die SRAM caches for the foreseeéible
ture. Further, unlike more traditional workloads (e.gash simi-

lar to TPC benchmarks), some throughput computing apmicat
show a sharp drop in performance once caches are too small to
hold their working sets - we refer to this as a performanci. cli
Thus, these applications are likely to be bandwidth-bounmaan
memory unless some significant changes are made to the mem-
ory hierarchy. Even in the general-purpose computing commu
nity, memory bandwidth was predicted to become a performanc
bottleneck [6], for example, due to reduced bandwidth efficy
from overly-aggressive hardware prefetching.



Throughput computing can be conducted on either CPU-based ories, we find the optimal memory hierarchy design with eshau

or GPU-based systems. CPUs historically have used mubi-le
cache hierarchies to reduce average latency and reducevioidmd

demands on larger capacity levels. GPUs have so far relied on

shallow hierarchies—they hide latency with multithreadémd use
much higher bandwidth in main memory than CPUs (i.e., GDDR
vs. DDR). The common wisdom is that the GPU approach is bet-
ter for throughput computing applications. While this maytiue,
GPUs are designed primarily for graphics. Consequentighere
GPUs nor CPUs have a memory hierarchy designed specifically f
throughput computing with an emphasis on bandwidth improve
ment. There are a few simple techniques to improve bandweidth
ficiency of a system [7], but they are insufficient for the Ek@mnd-
width requirements of some throughput computing applecesti
We also cannot rely on ever-increasing main memory bantwidt
to meet the needs of throughput computing. For exampley®da
systems that tout good performance for throughput comguatp:
plications (e.g., nVidia’s Tesla) do so by providing largaimmem-

ory bandwidth via the use of GDDR rather than improving band-
width efficiency. However, GDDR has fairly strict capacitgits
and is much more power hungry than conventional DRAM mod-
ules, which reduces its desirability for throughput conmpmtand
makes it an unfavorable choice for general-purpose systgms
ing to improve their throughput computing performance. tifremr
more, technology trends indicate that growth in bandwidtimand
outpaces growth in bandwidth supply for all DRAM-based mem-
ory. (For example, historically processor throughput hasvg by

a factor of 1.5x per year, while DRAM bandwidth has grown by
only 1.3x per year [8]). Consequently, it is necessary tdysthe
memory hierarchy design for throughput computing platfwmith

an emphasis on bandwidth improvement.

Our Contribution. Architects would like to optimize the mem-
ory hierarchy design with bandwidth improvements as thé gitis
ority design goal and try to find out (1) the number of levels in
the optimal cache hierarchy, (2) the capacity and bandwidth
each level, and (3) the appropriate memory technology (SRAM
eDRAM, or other emerging memory technologies) of each level
To help computer architects quickly explore the design sgac
memory hierarchies to improve bandwidth, this paper makes t
following contributions.

e Ananalytical model called Moguls is proposed to quicklyreate
the performance for applications on specific memory hidnarc
designs.The model is based on thndwidth demanaf an ap-
plication and theébandwidth providecby the memory hierarchy
design. The bandwidth demand/provided is defined at all rmgemo
capacities, and is described asapacity-bandwidth (CBgurve
(Section 2). The CB curve can facilitate a quick estimatién o
whether the bandwidth provided by the memory hierarchy can
satisfy the bandwidth demand, and guide design improvesment
(for example, estimating the impact of changing the capaufit
existing levels of memory, or of adding extra levels of mey)or

e The usefulness and the effectiveness of the model is deatedst
by exploring the memory hierarchy design for multi-prograed
workloads running on a high throughput processéiirst-order
approximations are proposed to help us quantitativelyrdetes:
(a) the most energy-efficient capacity and bandwidth of ¢évels
in the cache hierarchy, (b) the optimal number of cache $eye)
potential performance benefits of multiple levels of memasy
suming a fixed power budget. That is, given a power budget, our
model and theories suggest the best memory hierarchy (imster
of capacity and bandwidth provided). We also explore how to
choose the optimal levels, capacity, and bandwidth whettipteil
memory technologies are provided. In order to validate bar t

tive simulations for real cases. We show that our theoriegima
experimental results.

2. MOGULS MEMORY MODEL

Designing a memory hierarchy to maximize performance and
minimize power consumption is very challenging. How many le
els of cache should we have? What capacities should they?have
What bandwidths should they provide? On which memory tech-
nology should they based? To help solve this complex opéititn
problem, we first propose a way to analytically model a memory
system’s specifications and an application’s memory reguénts.

We later show how to use this model to design an optimal memory
hierarchy.

2.1 Problem Description

BR(T)
Provided BW BW demand
ep, < IR

- 8Ry(T)

e,
¥ BR,(T)

Main memory

Figure 1: Bandwidth requirements of the memory hierarchy.

Figure 1 shows a computing system with multiple cores and a
multi-level memory hierarchy. The hierarchy hatevels of shared
cache (1 to M,,). Each level of cache can provide bandwidth
BP; to the next higher level of cache. Main memory provides
bandwidthB,,. The system runs an application with a peak in-
struction throughput of". This results in an aggregate bandwidth
requirement from the core® Rc. Each level of cache filters out
some of the requests, reducing the bandwidth requirememnfou
level i to (BR;). In order to actually achieve a throughputBf
the bandwidth requirement of each level must be met by thel lev
below:

BRc(T)<BPy;

@)

If the bandwidth requirement out of a level is greater tharithnd-

width provided by the level below, the application is bandhiv
bound and the achieved throughput (i.e., performance)dsvutbe
system’s peak.

Similar reasoning applies for systems with private cacheaches
shared by only a subset of cores—the bandwidth requirenfent o
each core (or subset of cores) must be separately satisfieeeto
peak throughput. Consequently, we discuss only sharecesach
but our conclusions can be extended to cover other typescbica
hierarchies.

2.2 Moguls Memory Model

We now use the concepts from Figure 2 to construct a model,
called Moguls to reason about memory systems considering the

BR;(T)<BP; 1 (1<i<n); BRn(T)<Bpy
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Figure 2: CB curves from the Moguls model: (a) the provided CBcurve of a system; (b) the demand CB curve of an application;d)
two demand CB curves of the same application at different coqputing throughputs.
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Figure 3: (a) A demand CB curve is satisfied by a provided CB cure; (b) a demand CB curve is NOT satisfied by a provided CB
curve; (c) ademand CB curve is satisfied by a provided CB curvby adding an extra level of cache.

bandwidth requirements. The Moguls model maps a computing in the figure on the y axis. Note that since the scale is logtlogy-

system and an application’s characteristics to capaehgtvidth (CB) axis isnotat a cache capacity of zero; thu3R¢ is slightly above

coordinates, as shown in Figure 2. For each point in CB-spihee the y-intercept of the demand CB curvBR¢ (7)) is a function of

y-axis represents the required/provided bandwidth of acalel, the cores’ throughput, as previously described. In Fig(cg 2wo

and thex-axis represents the capacity of the cache level. In the demand CB curves are shown for the same application fordiffe

Moguls model, twaCB curvesare used to estimate the throughput computing throughputs—a larger computing throughput nadigu

of an application running on a system: (1) the system’s plexyi results in a higher bandwidth requirement.

CB curve, (2) the application’s demand CB curve. Figure 3 shows how we combine the provided and demand CB
The provided CB curves defined by the capacity and the ef- curves to determine whether the application bandwidth irequ

fective bandwidth provided by each level of a system’s mgmor ments are satisfied. In Figure 3(a), the provided CB curveitly

hierarchy, and typically forms a “stair-case” shape. Thedvadth above the demand CB curve—each level of the memory hierarchy
a system provides at a given capacity is determined by thed lev can satisfy the bandwidth requirement from the level abaseaje-

of the memory hierarchy with that capacity, or the next latga- fined in Equation (1) In Figure 3(b), however, the provided CB
pacity if no level exists with that capacity. Figure 2(a) wkoan curve dips below the demand CB curve. Consequently, thendeco
example of a provided CB curve (the boundary of the shaded por level cache cannot satisfy the bandwidth requirement fioerfitst
tion) for a system with two levels of cache—one is relativatyall level cache; thus, the system fails to achieve througfijputith the
but with high bandwidth, and the other is relatively large Wwith example two-level cache design.

low bandwidth. Note that the origin of the coordinate systethe

point (Co, Bar), whereCo represents the minimum capacity of a A

cache design that is available, aBd, is the bandwidth provided

by main memory. (C,, BP,)

The demand CB curveepresents an application’s capacity and
bandwidth requirements—if those requirements are megpipé-
cation sees the same performance it would on a memory system
with infinite capacity and bandwidth. The demand curve isnaefi
by an application’s working set sizes and the rate of exenutif
loads and stores. It can be derived from what is commonly re-
ferred to as a working set plot, which shows cache miss rate vs
cache capacity. The working set plot is then scaled to factor Demand CB curve under T,
the rate that the application’s loads and stores are ex@qutine
underlying hardware (assuming infinite bandwidth prov)dédg-

BRc(T,)

Provided CB curve
(C,. BP;)

Bandwidth (log scale)

] (G4, BP;)

(G, BP,)

ure 2(b) gives an example demand CB curve. The p@ht B;) (Co, By ) Cache Capacity (log scale) -
on the curve representgiiven a cache with capacit¢,, the re- oM
quired bandwidth to the next level down in the memory hiédmais Figure 4: Generating a provided CB curve from a given de-

B,. The bandwidth requirement of the cordsRc(T'), is shown mand CB curve.



In the example, we can modify the two level hierarchy in three
ways to satisfyEquation (1) (1) increase the bandwidth of the
larger, lower bandwidth level, (2) increase the capacitjefsmaller,
higher bandwidth level, or (3) add one or more new levels ¢diih
erarchy with bandwidths and capacities between the twdiegis
levels. Figure 3(c) illustrates the latter option.

We call our model the Moguls model because if we view the
provided CB curve as a ski slope, a hierarchy with many |evats

is also shown for comparison. Since the data is plotted omga lo
log scale, the 2-ta/2 curve is a straight line with slope%. This
line is a reasonable first-order approximation of the meas@B
curves.

In reality, across all workloads, we expect to see a divessefs
demand CB curves. Therefore, this approximation will be iImuc
better for some workloads than others. We address the agcofa
this approximation in Section 5.

many bumps (corners), known as moguls. A memory hierarchyapproximation-2 The accespower of a cache is approximately

with smaller bumps (i.e., more graceful bandwidth degriadt
is likely to provide higher performance, just as a ski slogéhw
smaller bumps allows for faster skiing.

2.3 Generation of Provided CB curve

pv/Capacity x Bandwidth.
To quantitatively reason about energy efficiency, we must in
troduce a relationship between power, bandwidth, and dgpac
the Moguls model. We use a first-order approximation thatsec

We now describe how to generate a provided CB curve to match power consumption to a cache level is proportional to theaszju
a given demand CB curve (i.e., how to design a cache hierarchy root of its capacity times its bandwidth, i.pqwer o /Capacity x

to just meet an application’s bandwidth requirements). ddehe
capacities are chosen arbitrarily here; later, we will addrhow to
choose optimal capacities.

e Step 1The first level cache must provide bandwidth of at least
BRc(T) to satisfy the cores’ requirements. As shown in Fig-
ure 4, we choose the poiftCy, BP;) for the first level cache.
The point(C1, BP:) represents a cache level with capadity
and can provide bandwidtB P; .

e Step 2After choosing the capacity and bandwidth for a level, we
draw a vertical line from the point representing the cachatti
hits the demand CB curve. Thecoordinate of this intersection
point is the bandwidth requirement of that cache; thus,défines
the bandwidth provided for the next level. For example, thi@p
(C2, BP,) in Figure 4 is chosen as the next level. Note that the
corner point(C1, BP-) is on the demand CB curve.

e Step 3Step 2 is repeated till the bandwidth requirement is no more
thanB),. The provided CB curve is obtained by connecting these
points together, as shown in Figure 4.

3. DESIGNING A MEMORY HIERARCHY
WITH MOGULS

In this section, we show how to apply the Moguls model to help
design a memory hierarchy optimized for power and perfogaan
The model itself is a tool to help us analyze behavior of aifipec
well-understood workload for different points in the memeys-
tem design space. To design an energy-efficient memoryrbigra
for a large workload domain, we first augment the model witheso
assumptions about (a) the workload characteristics, angaflver
consumption of memory.

3.1 Approximations Used to Apply the Moguls
Model

Approximation-1 The demand CB curve is represented as a straight
line with slope—% in log-log space.

Since it may be impractical to collect the detailed memory re
quirements of even one workload of interest (not to mentiahale
workload domain), we approximate them. We represent target-
loads with a single demand CB curve that follows the so-dale
to-v/2 rule [9]. This rule of thumb says that for complex workloads,
cache miss rate varies with cache size according to an epexser
law, where the power is-0.5—if cache size is doubled, miss rate
drops by a factor of/2. Studies have shown that the power ac-
tually lies between-0.3 and —0.7 [9]. Figure 5(a) illustrates the
cache miss rates of several multi-programmed workloadsdnr
ous cache capacities. An idealized 2+t@-curve (the dashed line)

Bandwidth. The rationale for this approximation is that the power
consumed in transporting data from/to memory cells doramtte
total power of a cache, especially for large capacities.rdfoee,
two factors affect the power consumption: the data transfer
and the transfer distance from/to the memory cells. Thetdats-
fer rate is proportional to the bandwidth, while the diseatie data
travels is proportional to the physical dimension of the ragnar-
ray, i.e., the square root of capacity.

p is a constant determined by the process technology and some
features of the cache design such as number of ports and numbe
of banks. In the rest of this section, we assysris constant, and
the same for all levels of cache. We relax this assumptioater |
sections.

Figure 5(b) shows the results of this approximation. We bse t
well-known cache simulator CACTI [10] to collect data on & se
of cache configurations with different capacities and badths,
but the same power. These data are represented with thélsd-ca
iso-power curven CB coordinates. This iso-power curve closely
matches the reference dashed line with sIey%e showing that this
approximation is reasonable. The most deviation occurksardil
region of the iso-power line, when the cache capacity islatigan
128MB. This is an effect of leakage power, which decreases th
slope of the iso-power line as cache capacity increaseskagea
power’s impact depends on its fraction of the total powed #nis
increases with capacity. However, the results in Sectiohdvs
that, for bandwidth-intensive computing systems, the Highd-
width usage promises that dynamic power consumption withielo
nate. For SRAM caches smaller than 128MB, leakage power con-
sumption has little impact on the quality of our iso-powaeliap-
proximation. In addition, we introduce some memory techgias
with relatively low leakage power in Section 4. Includingesie
memory technologies as options when designing the cacharhie
chy makes our approximation more accurate for caches wigje la
capacities.

3.2 Cache Hierarchy Optimized for Energy-
Efficiency

Using the two approximations, we can use the Moguls model
to analytically derive the most energy-efficient memoryrhiehy
(number of cache levels and the capacity and bandwidth fcr)ea
for a given core bandwidth requireme® R¢).

Figure 6(a) and 6(b) give an example demand CB curve defined
by BRc(T) and the 2-toy'2 rule. They also show two different
provided CB curves that meet the bandwidth requirementgh Bo
have two levels: one is defined lg¢'1, BP;) and(C2, BPs), and
the other by(C?, BP{) and (C5, BP5). If a larger capacity first
level cache €7 > C,) is chosen, the bandwidth requirement to
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the second level cache can be reducBd’{ < BP,). Although
both designs provide the same throughput, they may hawereiift
power consumptions.

Let us assume a two-level hierarchy, as in Figure 6(c), détiye
(C1, BP1) and(C>, BP). The total power consumption of these
two levels is

P = PV C1BP, + PV CoBP> (2)
The y-intercept of the demand CB curve(iSo, Bs), and the x-

intercept is(Co(BB—]fI)27 Bir) because the slope is0.5. The fol-
lowing equations are obtained based on the Moguls model,

BS 2‘ B BS 2
B—Pg)’ C2—CO(BM)

If we substitute these into Eq. (2), we get

BP1 = BRc(T); Cl = Co(

B B
P = pv/Co——BRe(T) + pv/Co—BPs
BP, Bu

To find the B P, that minimize the power consumption, we need to

dP_ _ :
solve 55 = 0. We find

BP, = \/BRc¢(T)Bum (3

A key property is that the provided bandwidth of the secordlle
cache is thegeometricmidpoint betweenBR¢(T") and By, the
bandwidth requirement of the cores and the provided barttiveid
main memory. Furthermore, both levels of the cache constme t

same amount of power as,/Co Bs %M(T). That is, the two

levels of cache are on an iso-power line (i.e., have the sawem
consumption).

4

The results for a minimum power consumption of a two-level
hierarchy can be extendedtdevels of cache. Specifically, for an
n-level cache design, each level has identical power consamp
in order to minimize total power consumption. In other woralé
points representing the caches are on the same iso-poweblire
to page constraints, we describe the induction proof visbas
follows:

1 Assume we have-levels of caches.

2 Assume the second to theth levels will be on an iso power line,
but we have the flexibility to give more power or less powethi® t
first-level cache.

When we give more power to the first-level cache (say, higher
capacity), we can use less power for the rest of the levelatto s
isfy the throughput constraints. Alternatively, when weegiess
power to the first-level cache, we have to use more power #or th
rest of the levels.

In order to minimize the overall power, using a similar dation

to that shown earlier, we find that the first-level cache sthailgo

be on the same iso power line with the rest of the levels.

Thus, we prove our point that every level must on the same iso-
power line. Furthermore, the bandwidth and capacity of éaa
will be evenly distributed in log-log space. The overall gavwon-
sumption will be

+/BRc(T)
4

Bt 4)

Based on the results of minimum power oflevels, we can

also calculate the optimal levels to further improve thergype
efficiency, by setting% to zero. The optimal number of levels

P =npV/CoBsgs



nopr = In 20T Note thatBrari, = 255 represents the

ratio of the coAr/Ies’ bandwidth requirement to memory’s pded

ferent memory technologies. For example, the last leveheat
Power7 is composed of embedded DRAM (eDRAM) [11]. Com-

bandwidth. This means that as the bandwidth gap between thepared to a traditional SRAM cache, eDRAM has a slower access
cores and main memory increases, more levels of cache are respeed, higher density, and lower power consumption. Thansie

quired to achieve the most energy-efficient cache hierar@ims
matches the historical trend, which has seen the numbewvelsle
of cache increase over time.

3.3 Throughput with Power Consumption Bud-
get
We now add a power budget constraint to our optimizationprob
lem. While we've shown how to determine the most energy-iefiitc
cache hierarchy that satisfies a given throughput requinenttas

that eDRAM is more energy-efficient when used as a large eapac
ity, lower bandwidth cache—in other words, when used as alow
level cache. Recently, more emerging memory technologiel s
as MRAM, RRAM, and PRAM have been proposed as potential
candidates for future memory hierarchy designs [12, 13, B4}
brid systems employing one or more of these technologiesamay
vide the best solution, so we consider them here.

Figure 8(a) shows iso-power lines for various memory tettino
gies. While we form lines by connecting iso-power pointsririne

hierarchy may consume more than the allowed power budget. Insame memory technologgll points on the graph represent con-

this case, any memory hierarchy within the budget will haweer
throughput than desired. THeR¢(T") and the demand CB curve
scale approximately linearly with throughput—as instimcthrough-

figurations with the same power consumption. One intergstin
servation is that the iso-power lines cross each other. &mple,
iso-power lines for SRAM and MRAM cross at the point where

put reduces, loads and stores execute at a lower rate. Thus, £ache capacity is about 64MB. It means that SRAM has a lgwer

throughput reduction results in a parallel downward sHithe de-
mand CB curve in log-log space. Let the throughput reducioch
the power budget be and Pz, respectively. The following equa-
tion should be satisfied, in which..,; is the realized throughput.

Pp = np\/Co(aBs) } %;
Bu
BRC(Tr'eal) = QBRC(T); Trear = T (5)
3.4 Throughput with Peak Bandwidth Con-

straint

In the previous discussion, we assumed that for a givere can
build a cache with any capacity and bandwidth. In realitg, de-
sign space may be limited. Figure 7(a) shows a Moguls moade! pl
with an extra line labeled “peak-bandwidth curve.” Thisiogades
a maximum possible bandwidth at each capacity. In the exampl
the most energy-efficient cache hierarchy has two leveladfie.
However, the provided bandwidths of both caches exceeddhk p
bandwidth constraint. Thus, this optimal hierarchy caroebuilt.

Figure 7(b) shows how we can provide the desired throughput b
adding an extra level of cache. The extra level increasepdiver
budget, reducing the energy efficiency of the memory systém.
the power budget is violated, we must reduce the througHfigt.
ure 7(c) shows a sub-optimal two-level hierarchy that idimithe
power budget and doesn't violate the peak bandwidth cdnstra

Alternatively, we can change the peak bandwidth constiant
altering the cache design or moving to a different procedsnal-
ogy (i.e., by alteringp). For example, the peak bandwidth of a

cache can be improved by adding an access port. However, the

area of the cache is greatly increased with the extra poris ifih
directly increases the access energy, increasiegd therefore the
power consumption of the hierarchy. Thus, there is a trdfleen
tween the peak bandwidth constraint and energy efficiendyerw/
designing a memory hierarchy, one could feed charactesist
different cache designs into the Moguls model.

4. MEMORY HIERARCHY DESIGN WITH
HYBRID TECHNOLOGIES

The factorp has a big impact on the optimal memory hierarchy.
We've shown that for a fixed cache organization and process te
nology, we can approximate as a fixed parameter in the Moguls
model. However, in realityy may not be constant over the full
range of capacities and bandwidths of interest. This is eaean
why real memory hierarchies use multiple levels composaetifof

than MRAM when cache capacity is less than 64MB, but MRAM
has a lowerp when the cache capacity is larger than 64MB. Be-
cause it takes more energy to access an MRAM cell than to sicces
an SRAM cell, the power consumption of an SRAM cache is lower
than that of an MRAM cache for small capacities. However,as ¢
pacity increases, the energy consumed at the wire connsdbie-
comes more important. Because MRAM has a much higher density
than SRAM, the wire connections of an MRAM cache are much
smaller than that of an SRAM cache, and thus consume lesgpowe
Consequently, when the capacity is large enough, the snaaille
ergy consumption of wire connections for MRAM offsets thewrv
head of higher energy consumption of cell accesses and MRAM
caches have a lowexr.

The cross points of iso-power lines of different memory tech
nologies depend not only on the process technologies artftecac
organization, but also on workload behavior. For exampleytrite
access energies for PRAM and MRAM are much higher than their
read access energies. For the same access intensity tcea ifdoh
percentage of writes is higher, the energy-efficiency of RRad
MRAM is lower. On the contrary, for memory technologies sash
SRAM and eDRAM, write operations burn a similar amount of en-
ergy as read operations. Consequently, iso-power linadifferent
memory technologies will cross at different points in CBapéor
different workloads. For the example shown in Figure 8(apuad
10% of the operations are writes.

In order to explore the benefits of using hybrid memory tetno
gies in memory hierarchy design, we extend the Moguls maxlel t
support hybrid technologies, as shown in Figure 8(b). Frben t
conclusion of the single level memory technology, the mimim
power consumption of the left-hand-side technology arft+igand-
side technology are

ny | BRc(T
Priin1 = n1p1vVCoBs %S
n B‘L
Prin2 = n2p2vVCqaBg B (6)
M

where the left-hand-side technology haslevels, the right-hand-
side technology has: levels, andy/CoBs = v/CyBg. The total
power of the memory hierarchy iB = Pnin1 + Pmin2. The
goal is to find the values foti;, n2, and B, that minimize over-
all power consumption. The procedure to solve this systeasis
follows:

1 Find B, such that7> = 0, assumingu, andn. are fixed.
2 Findn; such thatZ>

T = 0, assumingr = n1 + na.
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3 Findn, wheren = n; + n2, such thatiZ
two steps above.

Intuitively, when the capacity cross-over poifl; is closer to the
right hand siden; tends to be larger than,. Conversely, when
the cross-over point is closer to the left-hand-side tends to be
smaller thanns. This is because we should implement the larger
number of levels using the technology that is more efficieetr @
larger part of CB space.

= 0, by iterating the

5. EXPERIMENTS AND VALIDATION

We now validate the Moguls model in two sets of experiments.
(1) We use Moguls to derive the most energy-efficient cache hi
archy for a workload, and compare that design to others vieta s
of exhaustive simulations. (2) We use Moguls to derive tiyhést
throughput cache hierarchy under a fixed power budget, amd co
pare that to the throughput of other iso-power designs ydarthe
design space, again via simulation. For most workloads \aé ev
uate, Moguls helps us derive the optimal cache hierarchydor
close to it). In addition, we quantify the throughput impeavent
achieved by using multiple memory technologies.

5.1 Experimental Setup

We collect the parameters of different cache configurations
from a version of CACTI that we extended to support multiple
memory technologies. We also extend the cache model withd@ mo
to process requests in a pipelined manner to estimate thebped-
width requirement. The detailed cache configurations atediin
Table 9. For our experiments, we focus on validating our rhode

Read/Write port:1, 64B Cache line, 4-Way

Cache process technology 45nm
Cache rapacity range 512KB to 512MB
Memory technologies SRAM, eDRAM, MRAM
PRAM, RRAM
Level one cache 256KB (fixed)
Possible extra cache level 0to3
Cache policy Inclusive

Figure 9: Cache configurations and design space.

current on-die caches and main memory. We seed the memory hi-
erarchy with a 256KB cache that can meet the cores’ bandwidth
requirements at that capacity. In our experiments, we densid-
ditional levels of cache between this one and main memotyidu
not alter the 256KB cache in any way. Therefore, the “coredban
width requirement” we feed to the model is actually the baidtiwv
requirement of this 256KB cache. The other levels of caclke ar
determined either by the Moguls model or are predetermined b
us (e.g., when we do an exhaustive search). In practicey exer
ditional level of cache carries overhead such as a commimrca
interface and buffers. Consequently, the total number cfiedev-

els should be limited. In this work, we consider designs with
more than three additional levels (i.e., besides the 256&dhe).

We use the ZESTO [15] simulator to measure performance. It
is configured to model an eight-core processor. Each coiieis s
lar to Intel’s Core i7. The simulator captures data addefsen
all loads, stores, and prefetch operations. We use thisniation
to calculate the memory access intensity, and use that tpuem
the energy consumption of the cache hierarchy. We scalerd¢he f
quency of the cores to control the processor’s total pedkuicison

and methodology for a subset of the memory hierarchy between throughput (i.e., assuming it is not bandwidth bound). Talgt



memory hierarchies for future computing systems, we eteljpia-
cessors with total instruction throughput of 32, 64, 128] ab6
billion instructions per second. The average bandwidttviges
by main memory is assumed to B&B/S [16].

For our first set of experiments, we explore all reasonabilet®o
in the entire cache hierarchy design space (exhaustivdations).
That is, we consider all possible hierarchies in terms of memof
levels (from 0-3 levels) and capacity of each level (256 KEGIB),
although we restrict capacities to powers-of-two, and iregihat
capacity increases as we move down the hierarchy. In thems-ex
iments, we choose the bandwidth for each cache to just meet th
bandwidth requirements of the workload being evaluatedoun
second set of experiments, we use the configuration detechiiy
the Moguls model as a starting point, and evaluate a set dfecac
hierarchies that modify that configuration in certain wagsy(,
have twice the cache capacity). For those experiments, vee ca
fully choose the cache bandwidths to keep all of the hiefascat
a fixed power budget. For both sets of experiments, we simulat
the workloads on all candidate sets of cache hierarchiesdn
ing the Moguls-derived hierarchy, and report performanue/a
power statistics.

Since we focus on a subset of the memory hierarchy close to
main memory, we select workloads that are bandwidth-imnens

Table 1: Optimized cache levels: Moguls estimation vs Simat
tions.

instruction Pattern-1 Pattern-2
throughput | Moguls | Simulation | Moguls | Simulation
32 billion/s 0 0 1 1

64 billion/s 1 1 2 2

128 billion/s 1 1 2 2
256 billion/s 2 2 3 3

256KB cache as our starting point. In other words, we need onl
measure the MPKI out of the 256KB cache, and then apply tloe 2-t
V2 rule, to estimate a workload’s demand CB curve. This simple
method is reasonable for designing future systems, edlyasizen

the memory design space is very large and it is not feasibielto
lect the real demand CB curves through simulation. Our tesuill
validate that this simple approximation method is sufficfenour
case study. We discuss other modeling methods in the neitisec

5.2 Validation of Moguls Model

Our first set of experiments validates thretten optimizing for
energy efficiency, the Moguls model provides the best configu
ration. All configurations considered meet the throughput require-
ments of the processor (from 32 to 256 billion instructions gec-

at main memory on modern systems. Our workloads are sets ofoNd), and thus give the same performance. However, theyiowns

multiprogrammed benchmarks from SPEC2006 and PARSEC [17].
We randomly choose benchmarks from the full set to help usere
a diverse set of demand CB curves.

Our goal has two folds: (1) to validate the Moguls model ftsel
and (2) to validate our methodology for applying the Mogutsdel
to cache hierarchy design, as described in Section 3. Tdrerdbr
our experiments when applying the Moguls model, we assuate th
we do not have the actual demand CB curves for our workloadbs, a
must approximate them. Our methodology approximates thgesh
of a demand CB curve using the 244 rule. We first demonstrate
how well this fits our workloads.

We examined the real demand CB curves of hundreds of work-
loads and identified the most common patterns (i.e., shapbe o

curves). Figure 10 shows examples of the two most common pat-

terns. We also show the approximated demand CB curvesgfstrai
dash lines) for comparison. We show cache misses per thoirsan
structions (MPKI) vs. capacity curves—these can be coedetd
bandwidth vs. capacity by multiplying the MPKI by the ingttion
throughput and cache line size (a constant factor). The @to p
terns shown cover more th&% of the workloads we examined.
In pattern-1, the demand CB curve is relatively close to the |
generated from the 2-t¢2 rule. In pattern-2, the real demand CB
curve follows the 2-toy’2 rule quite well for low capacities. How-
ever, the MPKI levels off at some point, often due to stregndiata
(i.e., data accessed only once, and so not captured in eviafi-an
nite capacity cache). This pattern normally exists in waekls that
have higher MPKIs, compared to those with pattern-1. Theathp
of different patterns on the accuracy of the Moguls modealither
discussed later with experimental results. We defer digonsof
workloads that fall outside these two patterns to later.

different amounts of power.

We start by looking at the number of levels in the best hierar-
chy vs. the hierarchy derived from Moguls. For Moguls, thism
ber is derived fromB,.q.;, (See Section 3.B), or the ratio of core
bandwidth required to main memory bandwidth provided. @abl
shows the estimated best number of levels (labeled “MoYyalst
the best number found through our exhaustive simulatiaiz(eéd
“Simulation”). The table shows results from a represewatiork-
load (shown in Figure 10) from each of the two key patterneaf r
demand CB curves.

The Moguls estimates exactly match the simulation resoits f
the representative workloads because their real demandiGBs
are close enough to the approximation we use. Further, we eva
uated hundreds of workloads in this manner, and for mostfihat
the two key demand CB curve patterns, the results calculaged
the Moguls model match well with those obtained from simula-
tion. Overall, 92% of the workloads have an exact match betwe
the Moguls estimate and simulation results.

We can make some additional observations. As computingjfiro
putincreases, the number of levels in the most energy-&fiitiier-
archy increases. This matches our expectation: increasegute
throughput means a larger bandwidth gap between the cae’s r
quirements and what main memory provides; consequentlye mo
cache levels should be added to the cache hierarchy in aoder t
maximize energy efficiency. Similarly, the representativerk-
load from pattern-2 requires more levels than the worklgachf
pattern-1 because it has a larger MPKI (i.e., higher banthariet
quirement).

We next validate that the cache capacities selected by tlgrilglo
model match those from the optimal cache hierarchy. Tatdg 2(

To estimate a demand CB curve, we need more than the shape of10Ws the detailed cache configurations for the same repiative

the curve. While the 2-ta/2 rule provides a first order approxima-
tion of the shape (a straight line with slop#.5 in log-log space),

we still need a starting point (e.g., y-intercept) for theveu Fur-
ther, since this exercise is intended to mimic a real desigogss,

we should limit ourselves to a simple process to obtain thgisg
point. In this case study, we use a fixed 256KB cache in the mem-
ory hierarchy, and seek to design the levels between thhecaud
memory. Therefore, we can use the bandwidth requiremeriteof t

workloads. The Moguls model assumes that cache capacity is a
continuous quantity. Therefore, when applying it to reateyn
design, we need to round the cache capacities that it geseiat

the closest available buildable capacity. In our experisiewe
assume that the capacity of cache is limited to integer powér
two!. Consequently, we round the Moguls-generated capaaities t

A real designer may have more flexibility in capacities he/san
choose, and can pick something closer to what Moguls gerterat
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Figure 10: Two primary patterns of demanded CB curves and theapproximation in Moguls. MPKI (y-axis) vs Capacity (x-axis).

Table 2: Capacity of each cache level: Moguls estimation vsir8ulation results.
(a) Experimental results of workload for pattern-1

Throughput (Billion/s) 256 128 64 32
Cache level Moguls | Sim. | Moguls | Sim. | Moguls | Sim. | Moguls | Sim.
Level 1(MB) 1.6 (2) 2 2.8(2) 2 0.77 (1) 1 0 0
Level 2(MB) 10.4(8) | 8 0 0 0 0 0 0
(b) Experimental results of workload for pattern-2
Throughput (Billion/s) 256 128 64 32
Cache level Moguls | Sim. | Moguls | Sim. | Moguls | Sim. | Moguls | Sim.
Level 1(MB) 1.04 (1) 2 1.7(2) 2 0.84 (1) 1 0.70 (1) 1
Level 2(MB) 449(4) | 16 | 12.7(16) | 16 | 3.3(4) 4 0 0
Level 3(MB) 19.6(16) | 32 0 0 0 0 0 0

the closest integer power of two (shown in the parenthesi&)rb
comparing to the simulation results.

For the workload with pattern-1, the cache capacity resxts
actly match the simulation results. This is because the ddrG
curve of the workload is a good fit to the Moguls approximation
For the workload with pattern-2, the cache capacities tatled by
the model match the simulation results for instruction tgtgputs
of 32, 64, and 128 billion instructions per second, but domatch
at the highest instruction throughput, 256 billion instroes per
second. The reason can be found in the tail region of the déman
CB curve shown in Figure 10(b). The cache miss rate flattehs ou
at a capacity of 16MB, creating a tail to the demand CB curee. F
lower throughput requirements, the model still generatesopti-
mal hierarchy because it does not attempt to pick a cacheawith
capacity in the tail region. However, for very high throughpe-
quirements, the optimal hierarchy has more levels, and btieem
is in the tail region. For all workloads in our study, the Mégu
model achieves abo®0% accuracy of calculating both optimal
cache level and optimal cache capacity.

Our second set of experiments validates tivaen designing
under a fixed power budget, Moguls chooses the cache hierar-
chy with highest performance. All cache configurations consid-
ered have the same power consumption.

We use the following procedure to generate and evaluateathe v
ious cache configurations. First, for each workload, théaedwer-
archy derived from the Moguls model is adopted in the sinoulat

Second, we measure the maximum throughput of this cache hier

archy under the chosen power budget through simulationrdThi
the cache hierarchy is replaced with different configuratiorhese
configurations have their capacities based on the Mogulstoa-
tion, as explained below. We evaluate all possible configuma to
find the maximum computing throughput for caches with tha@se c
pacities under the power budget. Note that the power consomp
budget needs to be carefully chosen for each workload sdtikat
computing throughput is controlled in a reasonable range fikid
the minimum power consumption required to achieve a threugh

put of 128 billion instructions per second for each workload, and
this minimum power consumption is set as the power consampti
budget.

Table 3: Cache capacities of different configurations.

Moguls | Casel | Case2 | Case3| Case4
Level 1(MB) M1 0.5*M1 M1 2*M1 M1
Level 2(MB) M2 M2 0.5*M2 M2 2* M2

Figure 11(a) compares the computing throughput (norndlize
of the workload in Figure 10(b) for different cache configioas.
The first result (labeled with “Moguls™) uses the cache higng
derived from the Moguls model. The other cache configuration
are modifications of the Moguls hierarchy. Table 3 gives tee d
tails. For our two representative workloads, the Mogulsvee
configurations are the most energy efficient. Therefore pther
configurations are all lower performance—in some caseg haee
much lower performance.

In Figure 11(b), the average results of computing througtpar-
malized) are compared for all workloads. The first bar is tlaem
imum computing throughput that can be achieved. Recallwieat
perform exhaustive simulations for each workload to deteerthe
minimum power needed to achieve 128 billion instructionssee-
ond. Thus, our “target” throughput is 128 billion instrusts per
second. The second bar in the graph shows the average tprdugh
across all workloads when using the Moguls-derived hiénratm-
der the power budget. On average, the Moguls-derived loieies
achieved2.3% of the maximum computing throughput.

5.3 The Analysis of 2-tov2 Approximation

Although the 2-toy/2 approximation for demand CB curves fits
most of our workloads, for about 8% of them, this approxiorati
is not a good fit. These workloads fit a third pattern of demaBd C
curve shape. Figure 12(a) shows three example workloadl§ittha
this pattern. As can be seen in the figure, this shape is ngt ver
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Figure 11: (a) The throughput under a power consumption budgt (the example workload with pattern-2); (b) Average throughput
achieved using the Moguls configuration normalized to the tayet throughput.

Table 4: Cache configurations.

Moguls [ O-1 0-2 | O-3
Level 1(MB) 2M 512K M M
Level 2(MB) 16M 32M 16M | 8M

close to a line with slope-0.5. Therefore, the demand CB curve
estimated via the method in subsection 5.1 has significant er

This shape of demand CB curve has a distinct “knee.” The MPKI
does not decrease much as we add cache capacity until wehit th
knee. This pattern is very common in applications with alsing
dominant working set—until the cache can hold the entirekinor
set, there is little benefit to increasing capacity, and dheeentire
working setdoesfit, there is little benefit to any further increases in
capacity. Multi-programmed workloads can also exhibis tiape
of demand CB curve when their component applications hame si
ilar working set sizes. For example, if we run eight copieshef
same application with the same input on a processor, it ishig
possible that the real demand CB curve fits pattern-3. For-a de
mand CB curve with this shape, we often cannot derive thengpti
cache hierarchy from the Moguls model. The differences betw
the Moguls-derived hierarchy and the optimal hierarchycaresed
by the knee. If a cache level is chosen with a capacity close to
the knee, the real bandwidth requirement may be much langer t
that calculated by the approximated demand CB curve. Thigis
source of most of the differences between the Moguls reanits
the best results from exhaustive simulations.

When designing real systems, we will typically not targetra s
gle workload so that the error of our approximation is mitéga
We demonstrate this experimentally as follows. Assume wet wa
to design a system that will run all three workloads in Figl@éa),
and we want a single demand CB curve to represent all three. Th
figure shows the real demand CB curve for each of the three-work
loads. We choose our estimated demand CB curve to be a/2to-
line starting from the geometric mean of the MPKIs of the ¢hre

workloads at 256KB. The figure shows this as a dashed line. We

with a straight line, the Moguls hierarchy is within 3% of thest
hierarchy, “0-2."

5.4 Improvements from Hybrid Memory Tech-

nologies

As discussed earlier, the energy efficiency of the memomahie
chy may be improved by using multiple memory technologies. |
this subsection, we evaluate the benefits of using a hyberhhi
chy. As shown in Figure 8(a), the iso-power lines of these orgm
technologies cross at different points in CB space, whishiltén
different benefits.

For example. iso-power lines of SRAM and eDRAM cross at the
point where the cache capacity is about 16MB. This suggkats t
caches larger than 16MB should be implemented with eDRAM to
improve power efficiency. Using this 16MB threshold, we fihdtt
across all of our workloads|, 7% of the individual caches levels
should be implemented with eDRAM. We re-perform exhaustive
simulations on our workloads (using the fixed power budganfr
earlier in this section), allowing for cache hierarchieghgsboth
SRAM and eDRAM caches. The average throughput improves by
5% when eDRAM is available.

Using the similar method, we evaluate the combination of us-
ing SRAM with MRAM/RRAM/PRAM. The results show that the
throughput can be improved kiy % when RRAM is available. For
MRAM and PRAM, the improvement of throughput is less than
3%. Due to the high write access energy, the caches implemented
from these two technologies are more energy-efficient thaset
from SRAM only when the cache capacity is very large§4MB
for most workloads). In the future, as working set sizesease
with larger inputs, we believe that the benefits for hybrichmey
hierarchies will also increase since many of the altereatiem-
ory technologies are energy efficient for large caches, tusmall
ones.

6. FUTURE WORK

then use this demand CB curve and the Moguls model to derive a We believe that the Moguls model can serve as a universallmode

cache hierarchy.

to accelerate the memory hierarchy design process forefaim-

In Figure 12(b), we compare the average throughput achieved puting systems. We demonstrate that using some first-oqer a

by different cache configurations across all three worldpaoh-
der a power consumption constraint. The detailed cacheg:onfi
urations are listed in Table 4. The label “Moguls” indicatae
cache hierarchy derived from the Moguls model. “O-1", “Q-2"
and “O-3" represent the cache hierarchies optimized foh exdc
the three workloads, respectively, as determined throudlates-
tive simulation. Despite approximating these demand CBesir

proximations, the model can help designers quickly narrowrd
the huge set of design choices they are faced with when hieginn
their work. While our evaluation focuses on caches, we belike
model can be applied to other parts of the storage hierastity
as main memory or even hard disk drives.

There are some additional issues that, if addressed, woalke m
the model even more valuable.
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Cost: Adding levels to a cache hierarchy may increase the num-

ing 3D chip technology enables stacking caches on top ofssmr

ber of physical components in a system (e.g., number of die or cores to provide high memory bandwidth [24, 13]. Besides BRA

physical packages). This has a direct impact on manufactaost.
It would be valuable to model not only a power budget for aeyst
but a cost budget as well.

I/O Power: Our model assumes that the relative power of differ-
ent memories is determined solely by capacity and bandwitfh
ignore 1/0 power for off-chip memories, in part becauseétisiso
much variance among the options (e.g., die stacking vst-Bioie
bus).

Cache Policies:Multi-level cache hierarchies can enforce an in-
clusion property, an exclusion property, or something itwieen.
Our model assumes inclusion between all levels, which lyrsizmh-
plifies some of the math involved. Most (but not all) curreyg-s
tems enforce inclusion between all levels in the hierarddgw-
ever, this wastes some capacity compared to an exclusieyo

based caches, new memory technologies are explored todfade
between latency, bandwidth, and cost. Wu et al. explorepdiaer
and performance implications of building an L3 cache usiag-v
ous memory technologies [12], including SRAM, eDRAM [25],
magnetic RAM (MRAM) [13], and PRAM. These studies mainly
focus on reducing the latency gap between L2 cache and ektern
memory and do not examine bandwidth. Recently, PRAM was pro-
posed as a DRAM alternative [26, 27] or for on-chip cache$.[12
PRAM offers much higher density than DRAM with higher ac-
cess latency. To mitigate the higher latency, Lee et al. qoeg
buffer reorganization [26], and Qureshi et al. evaluated/larid
PRAM memory with a small DRAM buffer attached [27]. Unlike
our study, they focus mainly on reducing the access time &NVR
Most of their applications are not bandwidth-intensiveingefar

Also, our model assumes that all memories have the same cachdrom bandwidth-bound. Also, those studies assume the powdr

line size and associativity and that all use an LRU replaceipel-
icy; alternative policies may result in slightly differgmovided CB
curves and iso-power lines.

7. RELATED WORK

There has been much research in identifying memory bandwidt
as a future performance bottleneck. In the early 90’s, Qhste
concluded that memory bandwidth contributes to non-sdéiabf
operating systems and predicted that future machineslkaaly tio
be memory bandwidth-bound due to the speed gap betweersproce
sors and memory [18]. This gap is also well cited as the “Mgmaor
Wall” [19], addressing both latency and bandwidth gaps betw
future processors and memories.

Burger et al. argued that memory bandwidth will become tie pr
mary memory system bottleneck due to limited off-chip baidithv
and aggressive latency hiding techniques for uniprocessbitec-
tures [6]. Later, Huh et al. identified off-chip bandwidthedgmiter
for scaling the number of cores in a CMP [20]. Other reseascine
the mid-90’s found that memory bandwidth limits performerar
vector machines as well [21, 19]. Multiple levels of on-dachke
alleviated this bandwidth problem in the past. In this paperar-
gue that memory bandwidth is rapidly becoming a key perfoicea
bottleneck with the rise of bandwidth-intensive applioat [22],
high density compute integration, and lower bandwidtleampute
ratio [23].

To bridge the bandwidth gap, researchers investigatechgddi
memory levels beyond the current last-level SRAM cachesergm

get will increase to accommodate a new level of memory, whée
explore what should be done within a fixed power budget.

Besides adding additional levels of memory, several achit
ture techniques were proposed to improve bandwidth effigien
Compression techniques were evaluated to amplify botlctafée
cache size [28] and effective link bandwidth [29]. Varialie size
caches [30] and sectored caches [31] were proposed to sectiea
utilization of cache lines by bringing only useful data eatlthan
the entire cache line. Rogers et al. summarized variouswidtid
saving techniques and showed how the techniques can impoose
scaling [7]. Our study focuses on analytically finding theimmal
cache hierarchy; architecture techniques to save bankdwait be
applied to our model complementarily.

8. CONCLUSIONS

The bandwidth gap between processing cores and off-chip-mem
ory is increasing, especially with the emergence of thrpughom-
puting systems. Traditional cache hierarchies with onlyapte
levels cannot bridge the gap efficiently. In addition, comists
such as a power budget aggravate the problem. Thus, menesry hi
archy design should be re-thought for future throughputpmaing
systems. We propose a model to estimate performance otjparti
ular designs, and show how with some first-order approxonati
we can use the model to quickly estimate the optimal point in a
complex design space that includes multiple memory teciyies.
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