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Abstract— Sequentiality of reference is an ubiquitous ac- study cache algorithms for a storage controller wherein
cess pattern dating back at least to Multics. Sequentiafast, but relatively expensive, random access memory
workloads lend themselves to highly accurate prediction andg ;seq as a cache for slow, but relatively inexpensive,
prefetching. In spite of the simplicity of the workload, de- . \ .
sign and analysis of a good sequential prefetching algorithnp'SkS'_ A mod_ern storage controllers cache typically
and associated cache replacement policy turns out to bgontains volatile memory used asread cache and a
surprisingly intricate. As first contribution, we uncover and nhon-volatile memory used asvarite cache.

remedy an anomaly (akin to famous Belady's anomaly) that The effectiveness of read cache depends upion

plagues sequential prefetching when integrated with CaChingratio, that is, the fraction of requests that are served

Typical ki i ix of ial . o . L
ypical workloads contain a mix of sequential and randorr\]\}crom the cache without necessitating a disk trig<s).

streams. As second contribution, we design a self-tuning, lo ) -
overhead, simple to implement, locally adaptive, novel caché/Ve shall focus on improving the performance of the
management policBARC that dynamically and adaptively read cache that is increasing the hit ratio or equivalently

partitions the cache space amongst sequential and randopinimizing the miss ratio. Typically, cache is managed
streams so as to reduce the read misses. As third contrlbutlori1n uniformly sized units callegages.

we implementedSARC along with two popular state-of-the-
art LRU variants on hardware for IBM’s flagship storage
controller Shark. On Shark hardware wihGB cache and

16 RAID-5 arrays that is serving a workload akin to Storage Demand paging is a classical assumption used to

Performance Council's widely adopted SPC-1 benChmark,study and design cache algorithms [2] wherein a page

SARC consistently and dramatically outperforms the two is brought in from the slower memory to the cache onl
LRU variants shifting the throughput-response time curve to 9 y y

the right and thus fundamentally increasing the capacity oo a_miss. Demand paging preclud_es speculatively p.re-
the system. As anecdotal evidence, at the peak throughpuf€tching pages. Under demand paging, the only question
SARC has average response timeft8ms as compared to  of interest is: When the cache is full, and a new page

33.35ms andg.92ms for the twolLRU variants. must be inserted in the cache, which page should be

replaced? The best, offline cache replacement policy is

Belady’'sMIN that replaces the page whose next access
Moore’s law indicates that processor speed growss farthest in the future [3]. In practice, variantsldRU

at an astounding 60% yearly rate. In contrast, diskshat replaces the least recently used page [4], [5], [6]

which are electro-mechanical devices have improvedare often used. For a recent detailed survey of cache

their access times at a comparatively meager annual rateplacement policies, see [7], [8].

of about 8%. Moreover, disk capacity grows 100 times ]

per decade, implying fewer available spindles for theC. Prefetching

same amount of storage [1]. These trends dictate that a A deeper dent can be made in I/O latency by specula-

processor must wait for increasingly larger number oftively prefetching or prestaging pages even before they

cycles for a disk read/write to complete. A huge amountare requested [9].

of performance literature has focused on hiding this I/O  To prefetch, a prediction of likely future data accesses

latency for disk bound applications. based on past accesses is needed. The accuracy of

) prediction plays an important role in reducing cache

A. Caching pollution and in increasing the utility of prefetching.
Caching is a fundamental technique in hiding 1/0 The accuracy is generally dependent upon the amount

latency and is widely used in storage controllers (IBM of history that can be maintained and mined on-line,

Shark, EMC Symmetrix, Hitachi Lightning), databasesand on the stationarity of the access patterns.

(IBM DB2, Oracle, SQL Server), file systems (NTFS, A number of papers have focused on predictive

EXT3, NFS, CIFS), and operating systems (UNIX approaches to prefetching, for example, [10] used re-

variants and Windows). SNIA (www.snhia.org) defines alationship graph models, [11] used a prediction scheme

cache as “A high speed memory or storage device usedased on classical information-theoretic Lempel-Ziv

to reduce the effective time required to read data from omlgorithm, [12] used a scheme based on associative

write data to a lower speed memory or device.” We shallmemory, and [13] used a scheme based on partitioned

B. Demand Paging

. INTRODUCTION



context modeling. Commercial systems have rarely useéhformation, and can attain nearly 100% predictive ac-
very sophisticated prediction schemes. There are severaliracy. An important trend is that sequential bandwidth
reasons for this gap between research and practicef the disk has been increasing at a respectable annual
To be effective, sophisticated prediction schemes needate of 40% while seek time have improving only at
extensive history of page accesses which is cumbera meager annual rate of 8%. This implies that the
some and expensive to maintain for real-life systemsadditional cost of read-ahead on a seek is becoming pro-
For example, a high-end storage controller may servgressively smaller. For these reasons, all UNIX variants
many tens of thousands of I/Os per second. Recordin§26], most modern day file systems [27], [28], databases
and mining such data online and in real-time is asuch as DB2 [29] and Oracle [30], and high-end storage
non-trivial challenge. Furthermore, to be effective acontrollers such as IBM Shark [31], EMC Symmetrix
prefetch must complete before the predicted requestll employ sequential detection and prefetching.
This requires sufficient prior notice. However, long-
term predictive accuracy is generally very low to begin
with and becomes worse with interleaving of a largeE. Our Contributions
number of different workloads. A further degradation o )
in predictive accuracy happens if the workloads do. We make_several contrlbu'qons towards design _and
not exhibit stationarity which is the founding axiom IMplementation of a self-tuning, low overhead, high
behind many predictive approaches. Finally, for a diskPerformance cache replacement algorithm for a real-
subsystem operating near its peak capacity, averagi€ System that deploys sequential prefetchlng._For a
response time increases drastically with the increasin?eem!ngly much studied, well understood, and “simple
number of disk fetches. Thus, low accuracy predictivel®Chnique, design and analysis of a good sequential
prefetching, which results in an increased number ofPrefetching algorithm and associated cache replacement
disk fetches, can in fact worsen the performance. policy tgrns out to be_surprlsmgly trlcky. We summarize
In a well-known paper, [14] proposed an approach®Ur main novel contributions, and outline the paper:

to significantly increase the predictive accuracy of 1) (Section Il) For a class of state-of-the-art se-

prefetching by letting applications disclose their knowl- guential prefetching schemes that uUseU, we
edge of future accesses to enable informed caching point out an anomaly akin to Belady’s anomaly
and prefetching. Building on [14], [15] utilized idle that results in more misses when larger cache
processor cycles while an application is stalled on 1/O is allocated. We propose a simple technique to
to speculatively pre-execute application’s code to garner eliminate the anomaly.

information about its future read accesses. 2) (Section Ill) It is common to separate sequential

) i data and random data into twdrU lists. We de-

D. Sequential Prefetching velop elegant analytical and empirical models for

Sequentiality is a characteristic of workloads which dynamically and adaptively trading cache space
reference consecutively numbered pages in ascending  between the two lists with the goal of maxi-
order without gaps. Sequential file accesses have been  mizing the overall hit ratio and, consequently,
known at least since Multics [16]. Sequentiality natu- minimizing the average response time. Towards
rally arises in video-on-demand, database scans, copy, this end, we synthesize a new algorithm, namely,
backup, and recovery that may read a large number Sequential Prefetching in Adaptive Replacement

of files sequentially. Evidence of sequentiality abounds Cache SARC), that is self-tuning, low overhead,

in database workloads, for example, [17], [18], [19], and simple to implementSARC improves per-
[20], [21]. The world of database and storage sys- formance for a wide range of workloads that may
tems performance is largely dominated by benchmarks. have a varying mix of sequential and random
The Transaction Processing Performance Council (TPC) data streams and may possess varying temporal
benchmarks TPC-D [21], [22] and TPC-H exhibit a sig- locality of the random data streams.

nificant amount of sequentiality. Similarly, more recent 3) (Section 1IV) Shark is IBM's flagship high-end
Storage Performance Council (SPC)’s first benchmark storage controller [31]. We implement&ZARC
SPC-1 is designed to be a mix of random and sequential and two commonly usedRU variants on Shark

workloads [23], [24]. The importance of sequential (Model 800) hardware. On a widely adopted
access patterns is further underscored by the fact that = SPC-1 storage benchmarBARC convincingly
forthcoming SPC-2 benchmark will focus entirely on outperforms the twd_RU variants. As anecdotal
many concurrent sequential clients [25]. evidence, at the same throughp@ARC has
In contrast to sophisticated forecasting methods, de- average response time dfl8ms as compared to

tecting sequentiality is easy, requiring very little histo 33.35ms andg.92ms for the twoLRU variants.!



Il. SEQUENTIAL PREFETCHING number of sequential misses decrease with increasing

The goal of sequential read-ahead is to keep thé™: if (i) all the read-ahead tracks are accessed and (i)
cache pre-loaded and ready with data for upcomingl"'c’t discarded before they are accessed. Consider the
/O operations, thus preventing potential misses. weVell known OBL (one block look-ahead) scheme [20]
outline a state-of-the-art sequential prefetching schemat usesm = 1. This scheme reduces the number
whose variants are used in many commercial system®f sequential misses by /2. Generalizing, withm
for example, DB2 [29], Oracle [30], and Shark [32]. We track look-ahead, number of sequential misses decrease
also point out an anomaly akin to Belady’s anomaly [3]PY 1/(m + 1). To eliminate misses purely by using
that plagues such sequential prefetching schemes whefynchronous prefetchingy needs to become infinite.

used in conjunction witi.RU-based caching. We also This is impractical, since prefetching too far in advance,
offer a simple and elegant remedy. will cause cache pollution, and will ultimately degrade

We manage the lists in the cache in termrafks, performance. Also, depending upon the amount of cache
where a track is a set of up to eight 4iéges. space available to sequential data, not all tracks can be

Before a sequential prefetching policy can be de-Used before they are evicted. Hence, by simply increas-

ployed, sequential access must be deteatehow. ing m, it is not always possible to drive the number of
In many mainframe type applications, the client oftenSeduential misses to zero. The behavior of sequential

indicates sequential accesses. In the absence of sulSSes for synchronous prefetching is illustrated in the
hints, a necessary first step is to effectively detecf€ft-hand panel of Figure 1. .
sequences. Next, we discuss one such detection scheme;T0  effectively —eradicate misses, ~asynchronous

if desired, other schemes can be readily substitute®efetches can be used [29], [32]. Aasynchronous
without changing the essence of our analysis. prefetch is carried out in the absence of a sequential

miss, typically, on a hit. The basic idea is to read-ahead
A. Sequential Detection a first group of tracks synchronously, and after that

The goal of sequential detection is to automaticallywhen a preset fraction of the prefetched group of tracks
uncover a sequential access pattern. Such a pattern i§ accessedsynchronously (meaning in the absence of
not obvious to discover because of possible interleavingt S€quential miss) read-ahead next group of tracks, and
between various sequential streams and pauses betweg forth and so on. Typically, asynchronous prefetching
consecutive requests by a single stream, namely, this done on arasynchronous trigger, namely, a special
think time between requests. track in a prefetched group of tracks. When the

The basic idea is to maintain a sequential detec@Synchronous trigger track is accessed, the next group
counter with every track, and to use a parameter of tracks is asynchronously read-ahead and a new
gThreshold that can be set differently depending upon asynchronous trigger is set. The intent is to exploit
whether aggressive or conservative sequential detectiopeduential structure to continuously stage tracks ahead
is desired. The counter is updated as follows. On a hiff their access without incurring a single additional
or miss to trackn whose counter is uninitialized, if Miss other than the initial sequential miss. A good
trackn — 1 is present in the cache, then set the counte@nalogy is that of an on-going relay race where each
of track n to minimum of seqThreshold or one plus ~ 9roup of tracks passes the baton on to the next group
the counter value for track — 1. If track n — 1 is not ~ Of tracks and so on.
present in the cache, set the counter for tracto 1. To summarize, in state-of-the-art sequential prefetch-
Once initialized, the counter value for a track is notind, synchronous prefetching is used initially when the
changed unless it reenters the cache after an evictiofequence is first detected. After this bootstrapping stage,
When the counter equalseqThreshold, the track is ~@synchronous prefetching can sustain itself as long as
termed as aequential track. If a track gets designated all the tracks within the current prefetched group are
as a sequential track on a miss, then we say that gccessed before they are evicted. As a corollary, the

sequential miss has occurred. asynchronous trigger track will also be accessed, and
_ in turn, will prefetch the next group of tracks amongst
B. Synchronous and Asynchronous Prefetching which will also be the next asynchronous trigger.

The simplest sequential read-ahead strateggyiis
chronous prefetching which on a sequential miss on
track n simply brings tracks: throughn + m into the
cache, wheren is known as the degree of sequential So far, we have discussed two crucial aspects of
read-ahead and is a tunable parameter [33]. As mersequential prefetching: (i) What to prefetch? and (ii)
tioned in the introduction, the additional cost of read- When to prefetch? We now turn our attention to the next
ahead on a seek is becoming progressively smaller. Thissue, namely, management of prefetched data in the

C. Combining Caching and Prefetching for Sequential
Data
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Fig. 1. Both of the above graphs were obtained via a simuldtipa single sequential stream. The left-hand panel depétatior of sequential
misses for synchronous prefetching. The lower most hyperisalive corresponds to an idealized situation with an irfidiégree of read-ahead.
It can be seen that for a fixed, finite degree of read-aheadequential misses initially follow the hyperbolic curveadathen become constant.
Moreover, higher the degree of read-ahead, the smaller thenomim constant attained. The right-hand panel depicts behafi sequential
misses for synchronous+asynchronous prefetching with atitbwt an anomaly. The anomalous curve initially follows thgdrbolic curve,
but has a bump before going to zero.

cache. Given a fixed amount of cache, prefetched datalgorithm [2]. Quite surprisingly, whenLRU-based
cannot be kept forever and must eventually be replacectaching is used along with the above prefetching strat-
Prefetching and caching are intertwined, and cannot begy, the resulting algorithm violates the stack property.
studied in isolation. As a result, when the amount of cache space given to
In practice, the most widely used online policy for sequentially prefetched data increases, sequential snisse
cache management isRU that maintains a doubly- do not necessarily decrease. This anomaly is illustrated
linked list of tracks according to recency of access. Inin the right-hand panel of Figure 1. As will be seen in
the context of sequential prefetching, when tracks ardhe sequel, a stack property is a crucial ingredient in
prefetched or accessed, they are placed atMiRy  our algorithm.
(most recently used) end of the list. And, for cache At the cost of increasing sequential misses, both
replacement, tracks are evicted from thBU end of  of the above problems can be hidden if (i) only
the list. synchronous prefetching is used or (i) both syn-
We now describe an interesting situation that ariseshronous+asynchronous prefetching are used and the
when the above described synchronous+asynchronousynchronous trigger is always set to be the last track
prefetching strategy is used along with thBU-based in a prefetched group. The first approach amounts to a
caching. Suppose that the asynchronous trigger track irelapse in which we forego all potential benefits of asyn-
a currently active group of prefetched tracks is accessed:hronous prefetching. The second approach is attractive
This will cause an asynchronous prefetch of the nexin principle; however, if the track being prefetched is
group of tracks. In arLRU-based cache, these newly accessed before it is in the cache, then the resulting
fetched group of tracks along with the asynchronoussequential miss will not be avoided. To avoid this
trigger track will be placed at thBIRU end of the list.  sequential miss, in real life, the asynchronous trigger
The unaccessed tracks within the current prefetch grouprack is set sufficiently before the last prefetched track
remain where they were in theRU list, and, hence, so that the next prefetched group arrives in cache before
in some cases, could be near thRU end of the list. it is actually accessed.
However, observe that these unaccessed tracks within Unlike the above two approaches, we are interested

the current prefetch group will be accessed before then fixing the anomalous behavior without incurring
tracks in the newly prefetched group. Hence, dependingdditional sequential misses. To this end, we now pro-
upon the amount of cache space available for sequentigiose a simple to implement and elegant algorithmic
data, it can happen that some of these unaccessed trackghancement. As mentioned above, in l&RU-based
may be evicted from the cache before they are accessegche, the newly prefetched group of tracks along with
reSUlting in a Sequential miss. FUrthermore, this mawthe asynchronous trigger track in the current group
happen repeatedly, thus defeating the purpose of enyf tracks are placed at theIRU end of the list. We
ploying asynchronous prefetching. This observation ispropose, in addition, to also move all unaccessed tracks
related to “Do No Harm” rule of [34] in the context of in the current group of tracks to tHdRU end of the
offline policies for integrated caching and prefetching. jist. As can be seen in the right-hand panel of Figure 1,
In a purely demand-paging contextRU is astack  this enhancement retains all benefits of asynchronous



prefetching while ridding it of its anomalous behavior. (ARC). In particular, the idea of two adaptive lists in
SARC is inspired byARC. There are several differ-
ADAPTIVE REPLACEMENT CAGHE ences between the two algorithms:AIRC is applicable
) ) L only in a demand paging scenario, whereéa&RC
So far, we have focused primarily on designing anqq nhines caching along with sequential prefetching.
effective sequential prefetching strategy along with anjjy whijle ARC maintains a history of recently evicted

_LrRL.J—based caching policy for ho_using sequent.ial datapages,SARC does not need history and is also simpler
ypical workloads contain a mix of sequential and to implement.

random streams. We now turn our attention to designing

an integrated cache replacement policy that manages tH&d Our Approach

cache space amongst both of these classes of workloads

s0 as to minimize the overall miss rate. RANDOM SEQ

A. Prior Work MRU MRU

A number of approaches have been proposed for
integrated caching of sequential and random data. Al-
most all of them employ ahRU variant. One simple
approach [20] that we callRU-Top is to maintain a
single LRU list for both sequential and random data,

IIl. SARC: SEQUENTIAL PREFETCHING IN

and whenever tracks are prefetched or accessed, they DESIRED SIZE
are placed at th&RU end of the list. The tracks are 7

evicted from theLRU end of the list. Another approach Lru Y ) seeeoTom
[35], [36] that we callLRU-Bottom is to maintain a

single LRU list for both sequential and random data; s

N L 3 RANDOM BOTTOM
however, while random data is inserted at ti&kU LRU §E

end of the list, sequential data is inserted nearlReJ Fig. 2. SARC separates sequential and random data into two lists,

end. For another interestingRU variant, see [37]. [1]  and maintains a desired size parameter for the sequentialTtist

suggested holding sequential data for a fixed amoungesired size is continually adapted in response to a dynaiménging

- - - : workload. Specifically, if the bottom portion GEQ list is found to
of time, while [29] SqueSted giving Sequentlal data abe more valuable than the bottom portionRANDOM list, then the

fixed, predetermined portion of the cache space. [34}iesired size is increased; otherwise, the desired sizecieaeed.
studied offline, optimal policies for integrated caching
and prefetching. In a recent work, [38] focused on We shall develop an adaptive, self-tuning, low over-
general demand prepaging and noted that the amourtead algorithm that dynamically partitions the amount
of cache space devoted to prefetched data is “criticalpf cache space amongst sequential and random data so
and its ideal value depends not only on the predictoras to minimize the overall miss rate. Given the radically
and the degree, but also on the main memory size, thdifferent nature of sequentially prefetched pages and the
application, and the reference behavior of the processtfandom data, it is natural to separate these two types of
In other words, no strategy that is independent ofdata. As shown in Figure 2, we will manage each class
the workload characteristics is likely to be universally in separatd.RU lists: RANDOM andSEQ. One of our
useful. goals is to avoidhrashing [34] that happens when more

In the context of demand paging, in addition to precious demand-paged random pages are replaced with
LRU, a number of cache replacement policies havdess precious prefetched pages (cache pollution) or when
been studied, see, for exampl&U, FBR, LRU-2, 2Q, prefetched pages are replaced too early before they are
MQ, LRFU, andARC. For a detailed overview of these used.
algorithms, see [7], [8]. Our context is different than that A key idea in our algorithm is to maintain a desired
of these algorithms, since we are interested in integratedize (see Figure 2) foBEQ list. The tracks are evicted
policies for caching and prefetching. Previously, [14] from theLRU end of SEQ, if its size (in pages) is larger
have considered adaptively balancing cache amongshan the desired size; otherwise, the tracks are evicted
three partitionsLRU cache, hinted cache, and prefetch from the LRU end of RANDOM. The desired size
cache. It is not clear how to efficiently extend the is continuously adapted. We now explain the intuition
algorithm in [14] in presence of potentially a very large behind this adaptation.
number of sequential streams. Assuming that both the lists satisfy thdrU stack

Our algorithm, namely, Sequential Prefetching inproperty (see Section II-C), the optimum partition is
Adaptive Replacement Cach&ARC), is closely re- one that equalizes the marginal utility of allocating
lated to—but distinct from—Adaptive Replacement Cacheadditional cache space to each list. We desidacally



adaptive algorithm that starts from any given cache rate is inversely proportional to the degree of read-
partitioning and gradually and dynamically tweaks it ahead. If, however, the read-ahead are discarded before
to gear it towards the optimum. As an important stepthey are accessed, theffective degree of read-ahead
towards this goal, we first derive an elegant analyticaldecreases. Whenever he effective degree of read-ahead
model for computing the marginal utility of allocating is less than the actual degree, it is proportional to the
additional cache space to sequentially prefetched dataemporal length of the list. Hence, we have that
In other words, how does the number of sequential

misses experienced BEQ change as the size of the o — (constan)T’ 0<T <Ty

list changes. Similarly, as a second step, we empirically 1 55 T <T,

estimate the marginal utility of allocating additional

cache space to random data. Finally, as the third step/yheresf > 0 is the smallest attainable rate of sequential
if during a certain time interval the marginal utility of misses (which is inversely proportional to the actual
SEQ list is higher than that )RANDOM list, then the  degree of read-ahead) and is the smallest tempo-

desired size is increased; otherwise, the desired size i@l length that attains;. As previously discussed in
decreased. Section |I-B and depicted in Figure 3} drops to zero

when s; flattens out:

@)

C. Sngle Sequential Stream

L . <T<

For simplicity, assume that there is only one request 58 = {81 0<T<h (2)
to each track. Multiple consecutive requests do not 0 Ti<T
change the final algorithm in any way. . )

Every track in cache has a time stamp that is updatet'ﬂzor later use, we define the curvg as:
with the current time whenever the track is placed at the ,

o . . —-T(s5)/(Ty) 0<T<T

MRU position of either list. Lefl" denote thaemporal sh = {31 (s1)/(T1) ==t 3)
length, that is, the time difference between tMRU 0 I <T.

anS LtRU time dstaamp;s OStEQih ; ¢ tial Observe that the curve| distributes the discontinuity
€l s1 and s; denole Ine rales of sequential ¢ s§ throughout the interval0, 71].

misses of one stream when synchronous and syn-
chronous+asynchronous prefetching, respectively, arg) Marginal Utility of SEQ

employed.
When we have multiple streams, their think times

x 10° will in general be different. Also, in general, each client
will have different number of accesses to each track
before moving onto the next track. Fortunately, these
differences do not enter our analysis below.

Let us suppose that there drstreams. The parameter
£ will not appear anywhere in our algorithm. Lef,
1 < ¢ < ¢, denote the rate of sequential misses of stream
i for synchronous+asynchronous prefetching. Observe
that these individual numbers are generally not easily
observable. However, their sum

s=) s 4)

is simple to observe in a real system.
Let L denote the length of the liSBEQ in num-
Fig. 3. Via simulation for a single sequential stream, we débav-  ber of 4K pages. To compute the marginal utility of

ior of s1 (rate of sequential misses for synchronous prefetchisfp), SEQ, we examine how the overall rate of sequential
(rate of sequential misses for synchronous+asynchronedistphing), !

ands (an approximation ta¢). The hyperbolic curve; flattens out misses changes, namelys, in response to a small
at point (71, s7). changeAL in L. By the stack property o8EQ, as L
increases (respectively, decreases)ecreases (respec-
Figure 3 displays the behavior af and s{ as the tively, increases). Hence\s/AL is always negative.
temporal length varies. As discussed in Section II-B,The marginal utility is measured by the magnitude
under synchronous prefetching, sequential misses or itsf this quantity. We shall lower bound this negative

w
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T T
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guantity, and, in turn, upper bound the marginal utility. the lower bound follows from (5). In other words, the
As AT As marginal utility lies somewhere betweepi. and2s/L,
= but closer to latter in practice. In this paper, we have

AL AL AT ) . -
’ chosen2s/L to approximate the marginal utility of
(@ AT Asf SEQ.
AL — AT
Y E. Marginal Utility of RANDOM
) AT Asl . . .
> N A g The RANDOM list contains essentially only demand-
L i=1 T paged, non-sequential data. For demand paged data,
© AT 4 As: 5 LRU is a stack algorithm. In other words, increasing
= AL ZI(T <T;)- (AI: - %) (respectively, decreasing) the length of the list leads to
; i . .
i=1 smaller (respectively, larger) number of misses.
@ AT ¢ s; si (T 2 Let » denote the rate of cache missesRANDOM.
- AL ZI(T <T)- T T (f) To compute the marginal utility oRANDOM, we
i=1 g

examiner changes, namelyAr, changes in response
© AT < ( 23‘?) to a small chang@\ L in L. By the stack property, ab

\Y
|

AL 4 T increases (respectively, decreasesjecreases (respec-
P tively, increases). Henceir/AL is always negative.
) AT s ) e .
= _QET The marginal utility is measured by the magnitude
LAT s of this quantity. UnlikeSEQ list where an analytical
= _2mf model was necessary, for tRANDOM list the quantity
) s Ar/AL can be estimated directly from real-time cache

—27, (5)  introspection.

We will monitor AL cache space at the bottom of
RANDOM list (see Figure 2), and observe rate of hits
Ar in this region. A bottom hit is an indication that
a miss has been saved due to the cache space at the
bottom of RANDOM. In other words, if cache space
AL at the bottom was not allocated RRANDOM, then
the rate of misses would increase byAr. We assume
. that Ar/AL is a constant in a small region (generall
zeros} is also zero; (f) follows from (4); and (g) follows much s/maller than eveA L) at the bottgm of(gthe Iisty

since, in practice, there is linear relationship betwéen i : : .
o where our locally adaptive algorithm is active. Hence,
andT. In other words, as the length of the list increases y P 9

(respectively, decreases) the time difference betweeﬁS a corollary, if a small amount of cache space were
’ i o dded toRANDOM, then the misses would decrease in
the MRU and LRU time stamps of the list increases

: . . roportion toAr/AL.
\(Arliflfligtcljvely, decreases) proportionately for any g|verP However, allocating more cache spaceRANDOM

Let T;, 1 < i < ¢, denote the times at which various will take away equal amount frorBEQ, and, hence,

i . . n refully weighed. Th imum i in
streams attain zero misses (see Figure 3). Mathemau—eedS to be carefully weighed. The optimum is attained

cally, the above chain of inequalities is valid at all pointsWhen marginal utilities of both the lists are equalized.
in [0,00) exceptatl;, 1 <i < ¢, since all;, As{/ATis  F Equalizing Marginal Utilities
not defined. However, our choice of the approximating
curves’ is such that it cleverly distributes the magnitude :

v the size ofRANDOM bottom AL to a small constant

of the drop ins¢ at T; evenly throughout the interval . . .
b ns; ! Y 9 o fraction of the cache size. The essence of the algorithm
[0,T;), and, hence, in practice, the inequalities are ap-
; . S is to compare the absolutalues of
plicable. This approximation smoothes out the changes

where (a) follows from (4); (b) follows since, by defini-
tions in (2) and (3)s; that is steeper thasf throughout
the continuous regiof0, T;); (c) follows from (3) and
1 is the indicator function that takes value or 0
depending upon whethél < T; or not; (d) follows
from (1); (e) follows sincel’ < T; and the indicator
function I(T < T;) can be removed since whehis

Figure 2 depicts the structure of our algorithm. Fix

in As in relation toA L at the discontinuities and paves As (25 and Ar
the way for designing a locally adaptive algorithm such AL\~ L AL’
as ours.

If (2s)/L is larger than the magnitude dfr /AL, then
it is more advantageous to transfer cache space from
8 As _9% the bottom ofRANDOM to the bottom ofSEQ and
L~AL~ "L hence we increase the desired sizeS&Q; otherwise,
where the upper bound follows from (1) and (2) andwe decrease the desired sizeSEQ.

We now have the following bounds



So far, the time interval for sampling the ratds-  of tracks and is used to demarcate the asynchronous
and s has not been fixed. The smaller the time intervaltrigger; LargeRatio (line 13) is a threshold, sayo0,
the more adaptive the algorithm, while larger the timeto indicate that theatio has become much larger than
interval the smoother and slower the adaptation. Our; and FreeQThreshold (line 52) denotes the desired
algorithm implicitly selects a time interval based on size of the FreeQ. Shark uses RAID arrays (either
cache hits. Thus, the rate of adaptation is derived fronRAID-5 or RAID-10) at the back-end. Our machine (see
and adapts to the workload itself. Specifically, we seleciSection IV-B) was configured with RAID-5 (6 data disks
the time interval to be the time difference between two+ parity disk + spare disk) meaning that= 6. RAID
successive hits in the bottom of tiRANDOM list. In allows for parallel reads since logical data is striped
this case, Ar is just a constant, and we measure  across the physical data disks. To leverage this, setting
during the same interval. Thus, we now need to simplym as a multiple ofg is meaningful. We setn = 24.

compare Finally, we choseriggerOffset to be 3.
9.5 . 2. 5-AL The algorithm is self-explanatory. We now briefly
—7 and =, or, equivalenty,—— and1. explain important portions of the algorithm in Figure 4

(6) in a line-by-line fashion.
Lines 1-3 are used during the initialization phase

G. SARC only. The counterseqMiss tracks the number of se-

We now weave together the above analysis and inguential misses between two consecutive bottom hits
sights into a concrete, adaptive (self-tuning) algorithmin RANDOM, and is initialized to zero. The variable
that dynamically balances the cache space allocategesiredSeqListSize is the desired size oBEQ, and
to RANDOM and SEQ data under different condi- s jnitially set to zero meaning adaptation is shut off.
tions such as different number of sequential/randomrhe adaptation will start only afteBEQ is populated
streams, different data layout strategies, differentkhin (see lines 69-73). The variabledapt determines the
times of sequential/random streams, different cachemstantaneous magnitude and direction of the adaptation
sensitivities/footprints of random streams, and différen tg desiredSeqListSize.
I/O intensities. The complete algorithm is displayed in  Lines 4-50 describe the cache management policy.
Figure 4.SARC is extremely simple to implement and The quantityratio in line 4 is derived from (6). Lines
has virtually no computational/space overhead over am-10 deal with the case when a trackRANDOM is hit.
LRU-based implementation. If the hit is in the bottom portion of thRANDOM list

In our experiments, we have satl to be2% of the  (line 6), thenseqMiss is reset to zero (line 7) since we
cache space. Any other small fraction would work asare interested in number of sequential misses between

well. two successive hits in the bottom BANDOM. Line
In the algorithm, we will need to determine if a g sets the variable

hit in one of the lists was actually in its bottom (see 2. seqMiss - AL

lines 6 and 12). Of course, one could maintain separate adapt= ——F— — 1.

L

I/Iv)i(tehd aSr:Z:de bt(())f/tv(;r:d I's;[is;n f(?irﬁ t;(i?hntgi d“?:t;n H&‘gggﬁ;lNote that in the steady state the rate of new tracks
y S pimicatio P being added to any cache is the same as the rate of

efficiency, we now describe a time-based approximationold tracks being demoted from the cache. This rate

to achieve nearly the same effect. We now describe hovy ! )
L o N th te at which th f
to determine if the a hit IBEQ lies in its bottomA L. S an upper bound on the rate at whic € siz€ 0

) either SEQ or RANDOM can change while keepin
Let Tiyry @andTiry denote the time stamp of tidRU ither SEQ or change wh ping

. . the total number of tracks in the cache constant. Since
andLRU tracks, respectively, iSEQ. Let L denote the

) , ) adapt is used to change thdesiredSeqListSize, it is
size of SEQ in pages. Lefjyr denote the time Stamp . otore not allowed to exceador be less than-1
of the hit track. Now, if i

Observe that by the test prescribed in (6),aifapt

(Tt — Tiry) < ﬁ(TMRU ~ Tiru), is greater than zero, then we would like to increase

L desiredSeqListSize, else we would like to decrease it.
then we say that a bottom hit has occurred. The sam@&his increase or decrease is executed in line 70. Also,
calculation can also be used for determining the bottonobserve that when the inequality between the marginal

hits in RANDOM. utilities of SEQ andRANDOM is larger, the magnitude
The algorithm uses the following constants:(lines  of adapt is larger, and, hence, a faster rate of adaptation
18 and 32) denotes the degree of synchronous ani$ adopted, whereas when the two marginal utilities are

asynchronous read-aheagllines 18 and 32) denotes nearly equaladapt will be close to zero, and a slower
the number of disks in a RAID groupriggerOffset (line  rate of adaptation is adopted. Finally, observe that line
49) is the offset from the end of a prefetched group70 (which carries out the actual adaptation) is executed



INITIALIZATION : Set the adaptation variables to 0.

1:
2:
3:

SetseqMiss to 0
Setadapt to 0
SetdesiredSeqListSize to 0

CACHE MANAGEMENT PoLICY:

Track z is requested:

4.

5
6
7.
8
9
1

11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:

24
25:
26:
27:

28:
29:
30:
31:
32:
33:
34
35:
36:

37:
38:
39:
40:

0:

Setratio = (2 - seqMiss - AL)/seqListSize

case i: € RANDOM (HIT)

if € RANDOM BOTTOM then
ResetseqMiss = 0
Setadapt = max( -1, min(ratio - 1, 1) )
endif
Mru(z, RANDOM)

caseii: x € SEQ (HIT)

if - € SEQ BOTTOM then
if (ratio > LargeRatio) then
Setadapt = 1
endif
endif
if 2 is AsyncTrigger then
ReadAndMru(f + 1, z +m — 2%g], SEQ)
endif
Mru(z, SEQ)
if track (z — 1) € (SEQ |J RANDOM) then
if (seqCounter(z — 1) == 0) then
SetseqCounter(z) = max GeqThreshold,
seqCounter(z — 1) + 1)
endif
else
SetseqCounter(z) = 1
endif

case iii: = ¢ (SEQ |J RANDOM) (MISS)

if (z—1) € (SEQ |J RANDOM) then
if seqCounter(z — 1) == seqThreshold then
seqMiss++
ReadAndMru(f, = + m — 2%g], SEQ)
SetseqCounter(z) = seqThreshold
else
ReadAndMruf, x|, RANDOM)

SetseqCounter(z) =
seqCounter(z — 1) +1
endif
else
SetseqCounter(z) = 1
endif

CACHE MANAGEMENT POLICY (CONTINUED):

ReadAndMru( §tart, end], listType )
41: foreach trackt in [start, end]; do

42:
43:

44

45:
46:

47

48:
49:
50: endif

if t ¢ (SEQ |J RANDOM) then
grab a free track frorrreeQ
read track from disk

Mru(t, listType)

if (listType ==SEQ)
SetAsyncTrigger as (end — triggerOffset)

FREE QUEUE MANAGEMENT:

FreeQThread()
51: while (true) do

52: if lengthfFreeQ) < FreeQThreshold then
53: if (seqListSize < AL

or randomListSize < AL) then
54. if (Iru track of SEQ is older than

Iru track of RANDOM) then

55: EvictLruTrackAndAdap®EQ)
56: else
57: EvictLruTrackAndAdapfRANDOM)
58: endif
59: else
60: if (seqListSize > desiredSeqListSize) then
61: EvictLruTrackAndAdap®EQ)
62: else
63: EvictLruTrackAndAdapRANDOM)
64: endif
65: endif
66:
67: endwhile

EvictLruTrackAndAdapt( listType )

68:
69:
70:
71:
72:
73:

evict Iru track in listType and add it tBreeQ
if (desiredSeqListSize > 0) then
SetdesiredSeqListSize += adapt / 2

SetdesiredSeqListSize = seqlListSize

Fig

. 4. Algorithm for Sequential Prefetching Adaptive Re-

placement Cache. This algorithm is completely self-contained,
and can directly be used as a basis for an implementation. The
algorithm starts from an empty cache.



only when a track is actually evicted from one of the compare the performance SARC to theLRU variants

lists. In a steady state, tracks are evicted from the cachen an SPC-1 Like benchmark workload in different

at the rate of cache misses. Hence, a larger (respectivelgpnfigurations.

a smaller) rate of misses will effect a faster (respectively

a slower) rate of adaptation. Henc®ARC adapts not A Shark

only the sizes of the two lists, but also the rate at which

the sizes are adapted. el
Lines 11-27 deal with the case when a traclSIBEQ Con e [ ea | e w w Cn [ v [ on v [ | e

is hit. If the hit is in the bottom portion of th&EQ

list (line 12) andratio has become large (line 13), in [E&

other words, no hit has been observed in the bottom ¢

the RANDOM list while comparatively large number

of sequential misses have been seen on3kE€) list,

then setadapt to 1 (line 14) meaning that increase

desiredSeqListSize at the fastest rate possible. Now,

if the hit track is an asynchronous trigger track (line DA DEVICE ABAFTER

17), then asynchronously read-ahead the next sequentic s AT

group of tracks (line 18). Lines 21-27 describe hOWFlg 5. A conceptual representation of IBM Shark (EntegB$orage

the sequential detection mechanism in Section II-A iSserver 800) [39].

implemented.

Lines 28-40 deal with a cache miss. For a sequential Figure 5 outlines the architecture of Shark. The
miss (lines 29-31), synchronously read-ahead a sequeRyrchitecture can support upto 16 host adapters (HA)
tial group of tracks (line 32). The remaining lines deal jn four host adapter bays. The host adapters can have
with sequential detection mechanism in Section II-A. fiber channel, ESCON, or SCSI ports. Shark has two

Lines 41-50 (i) read the missing tracks from a given active cluster processors with symmetrical multiproces-
range of tracks; (i) places all tracks in the given range aisors (SMP) for performance, reliability, and availability
theMRU position; and (iii) set the asynchronous trigger. Each host adapter is connected to both the SMP clusters

Lines 51-73 implement the cache replacement policyia the Common Parts Interconnect (CPI). Either cluster
and carry out the adaptation. As is typical in multi- js able to handle 10s from any host adapter. Both the
threaded systems, we assume that these lines run @jlusters have multiple SMPs in processor drawers and
a separate thread (line 51). If the size of the freehave an I/0O drawer which provide PCI connections for
queue drops below some predetermined threshold (lingccess to non-volatile, battery-backed memory (denoted
52), then tracks are evicted fro®EQ if it exceeds as NVS in the figure) and the device adapters (denoted
desiredSeqListSize and tracks are evicted frolRAN-  as DA in the figure). The processor drawer also contains
DOM otherwise. In either case, the evicted tracks areyp to 32GB cache per cluster. For read data, the host
placed on the free queue. Observe tBARC becomes  adapter directs the request to the appropriate cluster. For
active (lines 60-64) only if the sizes of both tlEQ  write data, the data is written to both the clusters: on
and theRANDOM list exceedA L. Otherwise, a simple  one it resides in the SMP RAM and on the other cluster
LRU eviction (lines 54-58) is done. Whenever the utility it resides in the NVS memory. At the back-end, Shark
of one of the two lists becomes so small when compare@ises RAID arrays (or arrays) that can be configured

to the utility of the other list that its size eventually ags RAID-5 or RAID-10. For further details on Shark,
drops belowAL, we do not want to waste evefAL please see [31], [39].

amount of cache, and revert back t&®U. Whenever

both list sizes exceech L, SARC takes over. Finally, B. Our Experimental Setup

lines 68-73 evict thdLRU track from the desired list, Our Shark was equipped witt8 GB cache (per
and effect an adaption as already described above. cluster),2 GB NVS (per cluster), fous00 MHz Pow-

Our description ofSARC is now complete. erPC/RS641V CPUs (per cluster), and RAID-5 (6 +
parity + spare) arrays withi2 GB, 10K rpm drives. We
use only one cluster since enhancements provided by
dual cluster are not necessary to study effectiveness of

We implementedSARC and two well knownLRU cache algorithms. In a single cluster mode, the behavior
variants, namely,LRU Top and LRU Bottom (see of our experimental software on Shark does not change
Section 1lI-A), on IBM Shark (formally, TotalStorage other than the fact that writes now go to both the NVS
Enterprise Storage Server Model 800) hardware. Wenemory as well as the SMP RAM in the same cluster.

IV. SYSTEM IMPLEMENTATION, WORKLOAD, AND
RESULTS



Warm-up Measurement

Phase Phase
Time (in minutes) 120 30 30 30 30 30 30
Load (percentages) 100 100 97.5 95 80 50 10

High Load (scaled IOPS 25000 | 25000 23750 22500 20000 12500 2500
Low Load (scaled IOPS) 11364 | 11364 10795 10227 9091 5682 1136

TABLE |. The structure of the SPC-1 Like benchmark on two differend$o&or both loads, the warm-up phase is runif2® minutes followed
by 6 measurement phases 8 minutes each. The purpose of the warm-up phase is to fill-up dchecand to brings it to a steady-state.
Observe that in the measurement phase, we gradually decheakmd in proportiori00%, 97.5%, 95%, 80%, 50%, and10%, where100%,
represents the highest load. This allows studying the behat the storage controller under a wide range of load diom.

The essence of our results does not change with a larger Read Write| All
or a smaller cache size. Random 29 32 61

As a client, we use a powerful AIX host with the Sequential 11 28 39
following configuration: 16 GB RAM, 2-way SMP with Al 40 60 | 100
1GHz PowerPC/Power4 CPUs. The host is connectedhe workload is scaled by using more BSUs that in
to the Shark through two fiber channel cards whicheffect increases the number of users being simulated.
can support more than sufficient bandwidth for our all In this paper, due to the commercial nature of the
experiments. system involved, we will not use IOPS, but rather use
scaled IOPS which are obtained by multiplying the true
IOPS by a constant (a non-integer rational number) that
is not revealed in the paper.
SPC-1 is a synthetic, but sophisticated and fairly re- We shall use two different load schedules for SPC-1

alistic, performance measurement workload for storagd-iKe in Table I.
subsystems l_Jsed in business crltlca_l applications. ThB Footprint of the Workload
benchmark simulates real world environments as seen

by on-line, non-volatile storage in a typical server class While modern storage controllers can make available
computer system. SPC-1 measures the performance ¢hmense amount of space, in a real-life scenario, work-
a storage subsystem by presenting to it a set of |/doads actively use only a fraction of the total available
operations that are typical for business critical applica-Storage space known as tftprint. Generally speak-
tions like OLTP systems, database systems and maing, for random workloads, for a given cache size, the
server applications. For extensive details on SPC-1larger the footprint, the smaller the hit ratio, and vice
please see: [23], [24]. We used SPC-1 Like that is arversa. In this paper, we will use the following two
earlier prototype implementation of SPC-1 benchmarkdifferent back-end configurations in conjunction with
by Bruce McNutt who was one of the chief architects the SPC-1 Like workload:

C. SPC-1 Like Workload

of the official SPC-1 benchmark. ASU-1 ASU-2 ASU-3
The SPC-1 Like workload synthesizes a community (percentages) 45 45 10
of users targeting 1/Os to the storage that is logically cache-sensitive (GB) 45 45 10

organized in the form of three Application Storage cache-insensitive (GB) 1443 1443 320
Units (ASU). ASU-1 represents a “Data Store”, ASU- o
2 represents a “User Store”, and ASU-3 represents & Data Layout: Striping
“Log/Sequential Write”. Of the total amount of avail-  RAID stripes data across its constituent disks. In
able back-end storage, 45% is assigned to ASU-1, 45%ddition, our AIX host permits striping data across
is assigned to ASU-2, and remaining 10% is assigneRAID arrays. There are essentially three striping mod-
to ASU-3 as per SPC-1 specifications. We shall furnishels: (i) wide striping; (i) narrow striping; and (iii) no
more details on sizes of various ASUs in Section IV-D. striping. Wide striping lays out contiguous data across
The SPC-1 Like workload is specified in units of all the arrays whereas narrow striping lays out data
Business Scaling Units (BSU). One BSU correspondsacross only a subset of the arrays. For a detailed study
to a community of users who collectively generate upcomparing wide striping to narrow striping, please see
to 50 IOPS. The overall composition of a BSU, and, [40]. For a very useful practical introduction to the
that of SPC-1 Like, is specified by the following simple mechanics of implementing striping, please see [41].
matrix, where all numbers are in percentages: For random streams, striping is useful in reducing “hot




spots” (points of contention) leading to a reduction inwhen compared td_.RU Top. Hence, LRU Bottom
the average response time for random seeks. performs better thanRU Top in the cache-sensitive
While wide striping is extremely useful for random configuration whereRANDOM list has more utility,
clients, it is not friendly to sequential clients. Becausewhereas, the reverse is true in the cache-insensitive
striping is done at the host level and is not visible toconfiguration. However, in both the cas&ARC sig-
Shark, when wide striped, each sequential access streanificantly and dramatically outperforms both th&U
could appear as multiple, although slower, sequential acvariants by judiciously and dynamically partitioning the
cess streams. Narrow striping is likely to have moderatecache space amongst the two lists. Due to its self-
number of hot spots for random clients, but is friendlier tuning nature SARC achieves this without ang priori
to sequential clients. In this paper, we have used narronowledge of the different workloads resulting from
striping that stripes acrogsRAID arrays. Our insights, different configurations and load levels. For the cache-
analysis, and algorithm do not change with wide stripingsensitive configuration (resp. cache-insensitive), at the

or with no striping. peak throughput, the overall average response times for
LRU Top, LRU Bottom, and, SARC are, respectively,
F. Results 33.35ms, 8.92ms, and5.18ms (resp8.62ms, 15.26ms,
We now compare performance GARC to two  and6.87ms).
state-of-the-artLRU variants, namelyLRU Top and To facilitate a more detailed analysis of the perfor-

LRU Bottom (see Section llI-A), using the SPC-1 mance improvements due ®ARC, Table Il provides
Like benchmark on Shark hardware that is running ourthe break-up of overall average response time into read
experimental software implementations. and write components. At the peak throughput in the
SARC minimizes the number of misses. The effect cache-sensitive configuratioBARC provides 83.7%
of such minimization can be studied from two per- and39.0% read response time reduction ovd&rU Top
spectives, namely, that of the client and that of theand LRU Bottom, respectively. Even for the cache-
storage controller. To a client, at a fixed load, theinsensitive configuration at the peak through@ARC
most important metric is the average response timeprovidesl6.1% and46.9% read response time reduction
To study the performance seen by a client over a larg@ver LRU Top and LRU Bottom, respectively.
spectrum of real-life operating scenarios, for the SPC-1 SARC improves read response times directly by
Like benchmark, we compare throughput versus averageeducing the misses, serendipitously, the resultant reduc
response time curves for all the three algorithms. To dion in the back-end load also improves the performance
storage controller, a crucial metric is the internal loadfor the concurrent writes. At the peak throughput in the
on the RAID arrays. Within Shark, we measure the ratecache-sensitive configuratioBARC provides 85.2%
of tracks being staged to the cache due to read requestsnd44.8% write response time reduction oueRU Top
(both random and sequential). We will demonstrate howand LRU Bottom, respectively. Once again, even for
SARC convincingly outperforms both the LRU variants the cache-insensitive configuration at peak throughput,
from the perspective of the client as well as the storageSARC provides28.6% and66.7% write response time
controller. reduction ovet. RU Top andLRU Bottom, respectively.
1) Throughput vs. Response Time: The two plots in  Also observe in Table Il that although none of theU
the left column of Figure 6 show the throughput (in strategies works well in both cache-sensitive and cache-
scaled IOPS) versus average response time (in ms) fansensitive configuration§SARC outperforms the better
all three algorithms by using the SPC-1 Like workload. of the two LRU variants fairly consistently across all
Each displayed data point is an averag@ohumbers, load levels for both reads and writes.
each number being an overall response time average 2) Power of the Sorage Controller: We now pro-
for read and write requests over a minute. Accordingvide an alternate viewpoint for studying the throughput
to SPC-1 specification, the numbers corresponding twersus average response time curves. Typically, at a
the first three minutes of a measurement phase arw (resp. high) throughput one observes a low (resp.
discarded. high) response time. Thus, there is a trade-off between
The top, left plot is obtained on a cache-sensitivethe two quantities. [42] combined them into a single
configuration (see Section IV-D) for which, due to rel- performance measungower that is defined as the ra-
atively high cache hit ratio, a High Load schedule (seetio of throughput to average response time. The two
Table 1) is required to saturate the machine. The bottomplots in the middle column of Figure 6 display overall
left plot is observed on a cache-insensitive configuratiorthroughput versus power for the three algorithms. The
for which, due to relatively low cache hit ratio, a Low visualization helps us observe the relative performance
Load schedule is sufficienttRU Bottom generally of the algorithms even at low load levels, where the
allocates more cache spaceRANDOM than toSEQ  throughput-response time plots may seem to overlap. In
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Fig. 6. A comparison o£RU Top, LRU Bottom, andSARC. The top (resp. bottom) three panels correspond to SPC-1lihikache-sensitive

(resp. cache-insensitive) configuration. For both the goméditions, the left column displays throughput versus dvexerage response times,
the middle column displays throughput versus power, and ti golumn displays the evolution of the rate of tracks stagedache. The

vertical lines demarcate the load schedules in Table I.

High Load Schedule with
Cache-seaditaick-end configuration

Low Load Schedule with
Cache-insensitive back-end configuration

Scaled|| LRU-Top | LRU-Bottom SARC Scaled|| LRU-Top | LRU-Bottom | SARC
IOPS read/write read/write read/write IOPS read/write read/write read/write
1136 5.300.18 5.15/0.18 5.210.18 2500 2.510.19 1.53/0.19 1.540.19
5682 6.710.26 6.77/0.27 6.45/0.26 12500 3.00/0.41 1.79/0.38 | 1.76/0.35
9091 8.620.92 9.74/1.64 8.58/0.95 20000 5.22/1.96 3.20/1.58 | 2.38/0.89
10227 || 11.13/2.45| 13.98/4.39 | 8.86/1.37 22500 || 12.71/7.18 4.95/2.92 | 3.34/1.60
10795 || 13.23/3.81| 14.79/5.07 | 10.15/2.15 23750 || 24.84/16.00| 7.32/4.69 | 4.06/2.17
11364 || 14.36/4.79| 22.72/10.28 | 12.05/3.42 25000 || 41.70/27.78| 11.10/7.46 | 6.77/4.12

TABLE 1l. A comparison of average read/write response timed. Rld Top, LRU Bottom, andSARC. The left (resp. right) table corresponds
to cache-insensitive (resp. cache-sensitive) configamathll the response time numbers are in ms. The best numbersdbriead point are in

bold.



15 SCALED | OPS =25000 25000 23750 22500 20000 12500 2500

both configurations, the power of the storage controller i SARC

with the SARC algorithm envelopes the power from the --- LRU Top
other algorithms. - —— LRU Bottom
3) Rate of Sages to Cache: The two plots in the 110 WWMMWW

[
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right column of Figure 6 display the rate (per second) of
tracks being brought (or staged) to the cache in response
to read misses or sequential prefetches. In the cache:
sensitive configuration (top right), we observe thRU

Top is better thanLRU Bottom for the higher load
levels, while the opposite is true for the lighter load
levels. In contrastSARC is consistently better than éj ”””””””””””””””” L’”

both theLRU variants for all load levels. 0 5000 10000 15000
Time in Seconds

The Quantity: (2.S.AL)/L
o

To understand the importance of this metric, note
that from a client's perspective, in the cache-sensitiverig. 8. A comparison of the quantii2 - s - AL)/L for LRU Top,
configuration, as seen in the top, left panel of Figure 6,.RU Bottom, and SARC for the SPC-1 Like workload in cache-
LRU Bottom consistently outperforméRU Top by zgﬁziéiallee icnor_;_g%tlgaltion. The vertical lines demarcate thgh Hoad
delivering a lower average response time. However, '
from a storage controller’s perspectivieRU Bottom
outperformsLRU Top for lower loads while the con- The Figure 8 plots the quantit2 - s- AL)/L for the
verse is true for higher loads. In contrasSARC  three algorithms. This quantity is denoted by variable
consistently outperforms both tHeRU variants from  ratio in line 4 of the algorithm in Figure 4. It can
both the perspectives. In other words, not only doese seen that folLRU Bottom keepsratio too large
SARC deliver a better performance to a client, it doeSmeaning that it would benefit by further increase in
so without unduly stressing the server. cache space devoted to sequential data. SimilaRy)

Similar observations also hold for the cache-Top keepsratio too small meaning that it would benefit
insensitive configuration, albeit, to a smaller extent. by a decrease in cache space devoted to sequential data.

. WhereasSARC keepsratio to roughly the idealized
10X 1®eueo s 2000 2so00 za7s0 22500 20000 12500 2500 value of 1 meaning that it essentially gets very close
to the optimum. In other word§ARC will not benefit

sl N by further trading of cache space betweSBQ and
VY RANDOM, whereas the other two algorithms would.
6 SARC: ACCEL SIZE This plot clearly explains whysARC outperforms the
— LRU Top: ACCEL SIZE LRU variants in the top three panels of Figure 7.
—— LRU Bottom: ACCEL SIZE

Furthermore, quite importantly, this plot also indicates

Cache Size in 4K Segments

¢ that any other algorithm that does not directly attempt to
ol drive ratio to 1 asSARC does will not be competitive
with SARC. For example, any algorithm that keeps
o b TV P ITURTR sequential data in the cache for a fixed time [1] or
5000 10000 15000 allocates a fixed, constant amount of space to sequential

Time in Seconds

data [29], cannot in general outperfol®ARC.
Fig. 7. A comparison of cache space allocatedSteQ list by
LRU Top, LRU Bottom, an(_jSARC for th_e SP_C—l Like Workloa_d i Remark 1V.1 For heavy sequential workloadSARC
cache-sensitive configuration. The vertical lines demartia¢ high L
load schedule in Table I. keeps SEQ list just as large enough as useful and
does not starve the random workload if present. If
4) Adaptive nature of SARC: The Figure 7 plots there is no random workload then the entire cache
the sizes of theSEQ list versus the time (in seconds) will be devoted to the sequential workload and vice
for all the three algorithms. It can be seen th&U versa. When both heavy sequential and heavy random
Top allocates too much cache spaceSBQ list, LRU workloads are presen§ARC computes the marginal
Bottom allocates too little cache space 8EQ list, utility to dynamically divide the cache between the two
while SARC adaptively allocates just the right amount workloads.
of cache space t®SEQ so as improve the overall
performance. It can also be seen tB#RC adapts to
the evolving workload and selects a different size for We have designed a powerful sequential prefetch-
the SEQ list at different loads. ing strategy that combines virtues of synchronous and

V. CONCLUSIONS
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