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Abstract

A well known performance bottleneck in computer architeets the so-called mem-
ory wall. This term refers to the huge disparity between bip-@and off-chip access
latencies. Historically speaking, the operating freqyesf@rocessors has increased at
a steady pace, while most past advances in memory technbigybeen in density,
not speed. Nowadays, the trend for ever increasing proceg&rating frequencies
has been replaced by an increasing number of CPU cores perTdiis will continue
to exacerbate the memory wall problem, as several cores e to compete for
off-chip data access. As multi-core systems pack more ane owes, it is expected
that the access latency as observed by each core will centinincrease. Although
the causes of the memory wall have changed, it is, and willicoe to be in the near
future, a very significant challenge in terms of computeh#ecture design.

Prefetching has been an important technique to amortizeftbet of the memory
wall. With prefetching, data or instructions that are expddo be used in the near
future are speculatively moved up in the memory hierarclerevthe access latency is
smaller. This dissertation focuses on hardware data ptefef at the last cache level
before memory (last level cache, LLC). Prefetching at th€lusually offers the best
performance increase, as this is where the disparity betWwite@nd miss latencies is
the largest.

Hardware prefetchers operate by examining the miss addtessm generated
by the cache and identifying patterns and correlations &éetwthe misses. Most
prefetchers divide the global miss stream in several stdausts, according to some
pre-specified criteria. This process is known as locabizatiThe benefits of local-
ization are well established: it increases the accuracyhefpredictions and helps
filtering out spurious, non-predictable misses. Howevealiaation has one important
drawback: since the misses are classified into differentsstgams, important chrono-
logical information is lost. A consequence of this is thatstnlocalizing prefetchers
issue prefetches in an untimely manner, fetching data tao tedvance. This behavior
promotes data pollution in the cache.

The first part of this thesis proposes a new class of prefetdiesed on the novel
concept of Stream Chaining. With Stream Chaining, the pchér tries to recon-
struct the chronological information lost in the procesdoafalization, while at the
same time keeping its benefits. We describe two novel Strelaang prefetching
algorithms based on two state of the art localizing prefetehPC/DC and C/DC. We



show how both prefetchers issue prefetches in a more timalyner than their non-
chaining counterparts, increasing performance by as msi&@b% (10% on average)
on a suite of sequential benchmarks, while consuming rqutfd same amount of
memory bandwidth.

In order to hide the effects of the memory wall, hardware giatfers are usually
configured to aggressively prefetch as much data as possilolwever, a highly ag-
gressive prefetcher can have negative effects on perfaen&actors such as prefetch-
ing accuracy, cache pollution and memory bandwidth consiomhave to be taken
into account. This is specially important in the context afltincore systems, where
typically each core has its own prefetching engine and tieehégh competition for
accessing memory. Several prefetch throttling and filermechanisms have been
proposed to maximize the effect of prefetching in multiecgystems. The general
strategy behind these heuristics is to promote prefetétaeste more likely to be used
and cause less interference. Traditionally these methpdeate at thesourcelevel,
i.e., directly into the prefetch engine they are assignexbturol.

In multi-core systems all prefetches are aggregated in &#Hike data structure
called the Prefetch Request Queue (PRQ), where they waé thdpatched to mem-
ory. The second part of this thesis shows that a traditio@DAFPRQ does not promote
a timely prefetching behavior and usually hinders part @f performance benefits
achieved by throttling heuristics. We propose a novel apgndo prefetch aggressive-
ness control in multi-cores that performs throttling at®#Q (i.e. global) level, using
global knowledge of the metrics of all prefetchers and imfation about the global
state of the PRQ. To do this, we introduce the Resizable telefegy Heap (RPH), a
data structure modeled after a binary heap that promotedytidispatch of prefetches
as well as fairness in the distribution of prefetching baiadlv The RPH is designed as
a drop-in replacement of traditional FIFO PRQs. We comparepooposal against a
state-of-the-art source-level throttling algorithm (HBPAn a 8-core system. Unlike
previous research, we evaluate both multiprogrammed andtihneaded (parallel)
workloads, using a modern prefetching algorithm (C/DC)r @xperimental results
show that RPH-based throttling increases the throttlirfpp@mance benefits obtained
by HPAC by as much as 148% (53.8% average) in multiprogramnogklloads and
as much as 237% (22.5% average) in parallel benchmarkse wihiisuming roughly
the same amount of memory bandwidth. When comparing thedspemver fixed de-
gree prefetching, RPH increased the average speedup of HBA7.1% to 10.9% in
multiprogrammed workloads, and from 5.1% to 7.9% in paréiachmarks.
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Chapter 1

Introduction

1.1 Motivation and Focus of this Dissertation

The term Memory Wall [15, 16] refers to the well known perfamee gap between
processor speed and memory access latency. Nowadayspffiemory requests have
a latency of a few hundred processor cycles. Historicatighhology has enabled a
steady increase in processor operating frequencies Wiglmbst significant advances
in memory technology have been related to density and n&dsghus creating an
ever widening performance gap. At the present time the ti@niticreasing operating
frequency in processors has flattened out. However, tmsl thas been exchanged for
an increasing number of cores per chip. This has the conseguwé more concurrent
memory accesses and, therefore, an increase in the avdfaggpoaccess latency as
observed by each core. As a result, even though the differeetveen processor and
memory speed has not been increasing as steeply as in thehgastemory wall is
expected to grow bigger.

Several techniques have been proposed to mask the bigikdealated to off-chip
memory access. Some try to exploit inherent InstructioneL&arallelism (ILP) in
order to keep the processor busy with work while the requiled arrives. Examples
of these techniques include out-of-order execution, tegrenaming and speculative
execution. The level of ILP varies, however, wildly acrossgrams and even between
program phases.

Prefetching is another technique historically successfuéducing the observed
memory latency. In hardware prefetching, a set of hardwaits observe the current
memory access patterns. Based on this information, dat#sthiely to be needed in
the future is fetched from memory and placed in one of the easbmory levels. In
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software prefetching, the compiler uses static prograntyaisato interleave prefetch
instructions throughout the program.

Both hardware and software prefetching have their benefdsleawbacks. In soft-
ware prefetching there are no timing constraints for thecetien of the prefetching
algorithm, allowing the application of sophisticated potion heuristics. However,
software prefetching is mostly limited by static progranalgeis. On the other hand,
hardware prefetching algorithms have access to the rua-tfiormation of the pro-
gram, which is very valuable for predicting future accessidditionally, hardware
prefetching is universally applicable (i.e., it is avallakbo every program being run),
whereas software prefetching requires recompilation deadt modification of the
program binary. By contrast to software prefetching, handprefetching algorithms
cannot be arbitrarily complex, and their run time has to fib ithe timing constraints
imposed to the hardware.

In this dissertation we will focus on hardware data prefetglnto the lowest on-
chip data cache level (typically the L2). This is in accorato most recent research.
There are three reasons for concentrating our study in #tiseclevel:

* The miss latency on higher cache levels is usually quitdlsmd processors can
tolerate them without too much degradation in performance.

* The time constraints for implementing prefetching altjoris at the lowest level
are much more lenient. This allows us to design more sophistil algorithms
that would be simply unrealistic to implement at a highehealevel

« Finally, the lowest on-chip cache level has the highessmnalty, since data
requests must use the much slower memory interface. Theréfe on this
level were a good, sophisticated prefetching algorithnxjmeeted to provide the
greatest returns on investment.

Although hardware prefetching has been shown to improvaifgigntly the per-
formance of the memory subsystem, it is not a technique witpooblems. An inac-
curate prefetcher can generate copious amounts of wastefmory traffic that will
pollute the cache and produce, in the worst case, perforend@gradation compared
to a configuration without prefetching. Simple hardwarefgihers can not capture
the complex memory access patterns present in nowadayisappis and therefore
suffer from low coverage. On the other hand, many of the moreptex prefetch-
ing algorithms proposed by previous research are too coatplil or require too many
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hardware resources to be implemented in current commeaaitectures. While
accurate prefetchers with good coverage are desirabkgnason prefetching has tra-
ditionally focused almost exclusively on these two metrgidetracking the equally
important aspect of improving prefetch timeliness (i.espdtching prefetches at the
most optimal moment). Finally, the move to multi-core syséehas emphasised the
need for good prefetch throttling algorithms that can aabét and restrict the traffic
coming from a growing number of prefetching units.

1.2 Main Contributions

1.2.1 Improving Prefetching Timeliness With Stream Chaini ng

Virtually all modern prefetching algorithms use past caafiss history information
to base their predictions. However, in its original forme thlobal stream of past
miss history contains interleaved misses from severakssui.e, different streams of
memory accesses interleaved by ILP mechanisms within thd) Chhis interleaving
usually leads to poor predictability of the global miss aine

In order to tackle the poor predictability of the global msg®am, modern prefetch-
ers usually resort to a process calledalization Localization refers to a clustering
process in which misses are classified according to somegyod he expectation is
that the resulting sub-streams, calledalized streamswill be more predictable than
the global miss stream. When a new miss is registered in #idzowaprefetcher, it is
first localized (i.e., classified) and added to its corresiiom localized stream. The
prefetcher then performs its access prediction using drdyniss information con-
tained in the localized stream. This way, in a localizingf@i@her, random or noisy
(i.e., non-predictable) accesses can be distinguishedl fegular, predictable mem-
ory access streams. Similarly, two predictable streantsagear interleaved in the
global miss stream (therefore leading to poor or no prebliity appear now in two
separate localized streams. Several criteria can be ugeftorm localization. Com-
mon strategies that have proven to work well across a vaoiefypplications include
the address of the missing instruction or the region in mgmeierred by the miss
address.

Although localization is an useful mechanism that improthes predictability of
the global miss stream, it also carries some negative sidetef In the process of
localization, important chronological information abdbié misses is lost. While lo-
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calization keeps the time ordering information for misaghin a single stream, there
is no time correlation between misses from different stieafs a consequence, cur-
rent localizing prefetchers have no way of knowing how mangses from different
streams might be interleaved between two misses that aredstonsecutively in a
given stream. Additionally, current prefetching mecharssnake use of aggressive
prefetch degrees in order to hide as much as possible thetse@iethe memory wall.
This, combined with the lack of inter-stream chronologicébrmation, leads to two
undesirable effects: 1) decreased prefetching accurady2)edecreased prefetch time-
liness. Both effects can be attributed to the same root cdheerefetcher issues too
many prefetches for a single stream, too soon in advance pfesfetcher predicts fur-
ther into the same stream, the risk of “overrunning” thesstré€i.e., predicting accesses
past the natural end of the stream) and issuing wrong prefstmcreases, therefore
lowering the overall accuracy. Furthermore, even if alf@®hes issued for a single
stream are correct predictions, they might have been issuad untimely manner
(i.e., too soon) and might pollute the cache or be replaceatiigr misses or prefetch
requests.

In order to overcome this problem, we introduce the concé@ti@am Chaining
the first main contribution of this dissertation. The goastséam chaining is to intro-
duce another layer of correlation that exposes the ordectofation of the different
miss streams as they are used by a localizing prefetches.ig dione by linking miss
streams in such a way that it reflects the core flow of missdseodpplication. In this
context, a link between two streams implies a temporal taiom between the misses
of both streams (e.qg., if streafis linked to streanB, this means that a miss local-
ized in streanA is usuallyfollowed by a streanB miss). This way, for each miss, the
prefetcher has two sources of information: intra-strearssrhistory and inter-stream
activation information. The latter allows the prefetcheptedict the stream the next
miss will belong to. This information can be used by the pfer to achieve a more
balanced and timely dispatch of prefetches, issuing regues only from the current
miss stream but also from the miss streams that are predictezlactivated next.

The key to effective stream chaining lies in finding an hdigrithat links the
streams in such a way that it reflects the common path of mfesseream activations)
caused by the application, while at the same time leavingputious misses. In this
dissertation we provide a concrete implementation of streaining we denotMiss
Graph(MG) Prefetching. MG prefetching uses past stream actimatnformation to
generate a graph of the common stream activation pathsdautient program phase.
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Furthermore, the graphs generated by MG prefetchers dtaviggght and can be stored
in hardware with low storage requirements. Therefore,esdriocalizing prefetchers
can be adapted with minimal changes to use MG prefetching. piteide details
of implementation of MG prefetching for two modern locatigiprefetchers: PC/DC
and C/DC. We name the resulting MG prefetchers PC/DC/MG aCIMG. In the
last part of this contribution we evaluate in detail the perfance of these prefetch-
ers against their non-chaining counterparts. We show heaist chaining with miss
graphs significantly improves the performance of locatizinefetchers while keeping
the complexity of the data structures involved low and wethim hardware imple-
mentation constraints.

1.2.2 Prefetching in Multi-Core Systems with Resizable Pre  fetch

Heaps

In the second part of this dissertation we explore prefagim multi-core systems.
As mentioned in the introduction, in the recent years thedifer increasing processor
frequencies has been exchanged for an increased numberesfper processor. In
virtually all multi-core architectures prefetching is fiemed on a per-core basis (i.e.,
each core has a dedicated prefetcher). This presents a heWwwceallenges for hard-
ware prefetching, one of the most prominent ones being hawiiitrate access to the
memory channel between an increasing number of indepepdefetching engines.

Past research has produced a few prefetch throttling aedritf algorithms that
regulate the aggressiveness of the prefetcher based armparfce metrics and avail-
able memory bandwidth. In spite of this, only recently thelgem of prefetching
interference and arbitration has been researched witkiedhtext of multi-core sys-
tems. Furthermore, all past research on prefetcher aibiiran multi-core systems
has focused on regulating prefetch aggressiveness abthreelevel, that is, directly
setting the prefetch degree of each prefetch engine.

We introduce the concept &esizable Prefetch HeaR@PH), a novel way of ar-
bitrating prefetches in multi-core systems at the Pref&efuest Queue (PRQ) level,
with global knowledge of the state and metrics of all prdigtg engines in the sys-
tem. In multi-core systems, the PRQ is the data structurehtblds all the prefetch
requests issued by the prefetchers that have not yet baerdisy the memory con-
troller. Traditionally, this structure is implemented a&1&O circular queue, where
prefetch requests are extracted in the same order they nszded.
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The RPH is designed as a drop-in replacement of a traditieiidD PRQ that,
by contrast, works as a priority queue. In the RPH, prefetciuests are assigned a
priority based on several metrics, both local to the isspirgjetcher and global to the
multi-core system. This priority is used by the RPH to defineoeder of extraction
of prefetch requests. As a result, the RPH is able to preerithe issue of important
prefetch requests over those not deemed as crucial or urgdditionally, instead of
regulating the prefetch aggressiveness of each prefewinestocally, we make the
decision of whether to insert or drop each prefetch requebeaRPH PRQ level.

Another feature of the RPH is its ability to change its sizegsponse to the uti-
lization of the memory bus. At times when the memory chansaaturated by de-
mand requests, the RPH seamlessly shrinks in order to nat fle® channel with
more prefetching requests. Similarly, when the memoryzatilon is low, the RPH
expands in order to be able to issue as many prefetch recqaeeptssible.

The operation of the RPH is thus defined by two heuristics: teoagsign priorities
to prefetch requests and how to resize the RPH based on ttemturemory channel
utilization. For assigning priorities, we partially baser dveuristic in the principles
behind a state-of-the-art throttling algorithm known a\@KHierarchical Prefetcher
Aggressiveness Control). We describe in detail how we coosh priority assign-
ment formula backed by some of the operating principles AEIRNe describe our
RPH resizing heuristic, which is based solely on memory nkhutilization and can
be implemented with minimal hardware modifications. Aduhally, we give imple-
mentation details and analyze the run-time complexity efrtew hardware.

In order to evaluate the performance of the RPH, we use atgelexf benchmarks
in both multi-programmed and multi-threaded configuratiolm contrast to previous
research, we use a state-of-the-art, accurate prefet€BC] that reflects the cur-
rent development of prefetching algorithms. We comparg#rérmance of the RPH
throttling against HPAC, a conventional modern throttladgorithm. We show that
throttling prefetches with the RPH improves significantig tperformance improve-
ment achieved by throttling in multi-programmed and mthtieaded configurations.

1.3 Thesis Structure

Chapter 2 provides background on the current state-o&thex prefetching. In this
chapter we introduce the basic concepts behind hardwafetghang and the metrics
used to evaluate its performance. We then survey sevefetgheng methods, from the
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fundamental and basic algorithms used in the past to themustate-of-the-art. We
describe hardware implementation details such as the laaediata structures used to
implement prefetching and the architectural organizatibprefetching in single and
multi-core systems. Additionally, we also provide infoima on the techniques used
to throttle and filter useless prefetches.

In Chapter 3 the first main contribution of this thestdfeam Chainingis intro-
duced. We start by setting the context and pointing out sagfieidncies in current lo-
calizing prefetching methods. We then introduce the geweracept of Stream Chain-
ing, and a concrete implementation for it we ddlss Graph Prefetchingn the rest of
this chapter we describe two new prefetching algorithmsubka Miss Graph Prefetch-
ing to improve the timeliness and accuracy of their prefesciPC/DC/MG and C/D-
C/MG. In Chapter 4 we evaluate the performance of Streamn@igprefetching. We
start by discussing the evaluation methodology and theluatein detail both PC/D-
C/MG and C/DC/MG against their non-chaining counterpdS/DC and C/DC.

In Chapter 5 we introduce the second main contribution «f thesis:Resizable
Prefetch Heap¢RPH). First we motivate our study by characterizing thecem of
prefetch throttling as a generalization of the well-knowaducer-consumer problem.
We also describe in detail a state-of-the-art throttlinghamism known as HPAC, on
which we will base some of the heuristics of the RPH. We erglchapter introducing
the RPH and giving detailed information about its operaaod implementation de-
tails. The performance of the RPH is evaluated in Chaptersgvigh Stream Chaining,
we start by describing our evaluation methodology. We thatuate in detail the per-
formance of RPH compared to HPAC. We introduce the conceptefetch Fairness
a metric that allows us to evaluate the variance in prefatgperformance introduced
by prefetch throttling algorithms. Lastly, we evaluate finefetch fairness of the RPH
and HPAC prefetch throttling methods.

We end this dissertation with a conclusion in Chapter 7. ,Iwé& summarize the
main findings and results presented in this thesis, as wglbad out future lines of
work and possible further research associated with the tofditer it, we provide an
Appendix with a description of all the benchmarks used ineveduation of this work
and the Bibliography referenced throughout the main text.



Chapter 2

Background

2.1 Memory Hierarchies

All but the simplest computer architectures have their mgmnsgstems composed of
several layers, forming what is calledreemory hierarchyEach layer in the hierarchy
has different characteristics regarding speed of accessityg, capacity and power
consumption. Generally speaking, the faster a memory tdagyis, the more costly it
is as well. Therefore, the capacity and speed specificatibasy memory technology
are usually inversely correlated.

Most programs tend to access only a small portion of theiresfdspace at any
given time, and they usually tend to access repeatedly tme s@t of memory lo-
cations. This property, called locality of reference, isatal for understanding the
usefulness of memory hierarchies. The aim of a memory hikyais to place the
most frequently used data objects as close as possible wdheent that is going to
consume them, the processor. For this, fast (but costly aradl}smemory layers are
put very close to the processor. As we move away from the peig core, we find
incrementally bigger (and slower) memory layers, until fineeaching the hard disk.

Another important property of memory hierarchies is thaythide most of their
implementation details to the programmer. With the exceptif the hard disk, which
usually requires the intervention of the operating systemd,the register file, which is
part of the instruction set architecture, most data flow ketwlayers of the hierarchy
is handled automatically in hardware.

Figure 2.1 shows the memory hierarchy for a conventionalpzdar architecture,
annotated with typical access latencies for each leveleohtararchy. From that figure
it can be seen that as we move further away from the processmass latencies grow
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CPU

1 cycle / Register
bank On-chip

3 cycles L1 cache(s)
Volatile

Access 20 cycles L2 cache(s)
latency

80 cycles L3 cache

400 cycles Main memory (DRAM) Off—chip

millions of
cycles

Hard disk

Figure 2.1: Standard memory hierarchy with typical access latencies.

larger. Conversely, memory capacities also increase agogrgss further down the
hierarchy. The access latency to any on-chip element is ratelg small, with laten-
cies of up to tens of cycles for the L2 cache. However, on-agmory levels do not
hold large amounts of data, with the L2 cache having capaciti the low-megabyte
order.

The main memory is the first memory level which has enough@gpto store
most (if not all) of the data needed by applications. Theeta pay for this large
capacity is a much slower access time, in the order of husdoéaycles. This is
mainly due to two factors: its off-chip placement and the ofa different memory
technology (DRAM, as opposed to SRAM), needed to achievé big capacities.
This great difference in access latency is referred to asrémory wall and it is
explained further in Section 2.2.

The last memory layer of the hierarchy shown in Figure 2.1is Tthe first non-
volatile (i.e., retains data after power-off) layer of mesmndregardless of the technol-
ogy used (magnetic, solid-state memory, etc.) its acceésadg is several orders of
magnitude greater than any of the other levels in the hibyar8imilarly, its capac-
ity is also much greater than all the other levels combingdiouthe terabyte range
nowadays.
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2.2 Prefetching

The term prefetching refers to the process of speculatielying objects (usually
instructions or data) up in the memory hierarchy before thelyreferenced by the
processor. The main idea behind prefetching is to hide avhirasipossible the latency
penalty associated by missing in one level of the memoryahehy. While at higher
levels this penalty is relatively minor (in the order of a feams of cycles nowadays)
as we move down the hierarchy it increases considerablyuf€ig.1). Of special
importance is the so-calledemory wall which refers to the big disparity between on-
chip and off-chip access latencies (i.e., to memory). Ug tettently this gap in speed
had been growing steadily, although in the recent yearsstflasten out. However,
the move to multicore processors has put new stress in gffadmmunication, and
with more accesses to memory being served concurrentlyndmory access latency
as observed by each core is expected to grow again.

Data prefetching has long been considered a successfuiigeehto overcome the
memory wall. The benefits of prefetching techniques haven beeognized at least
since the mid-sixties. Early studies of cache design [4h&tbthe advantages of
fetching adjacent lines from the main memory into the cadfds is nothing but an
early form of prefetching, where unreferenced lines arehied in the hope of taking
advantage of the spatial locality of the program. The IBM /388 (introduced in
1972) and the Amdahl 470V (introduced in 1975) were amondithearchitectures
to implement data prefetching in hardware [5].

Prefetching can be initiated either by software or hardwhardardware prefetch-
ing, a hardware module adjacent or included in the cachetorsrihe miss stream gen-
erated by the program, makes predictions about future sesesd issues prefetching
requests based on those predictions. Software prefetchimdpe achieved by insert-
ing prefetchinstructions by the compiler (inline prefetching) or by nimg prefetch
instructions in a separate thread (precomputational dhwep-thread [18]. Addition-
ally, software prefetching with helper threads can be usegketform dynamic trace
analysis and insertion of prefetch instructions in the ntlaread [54]. This is particu-
larly relevant in the context of execution optimization intwal machines, where both
trace analysis and instruction injection mechanisms adilseavailable.

Compared to software data prefetching, hardware datatphéfg has two impor-
tant advantages:

* |t works universally and without the need of modificatiorthe program. Soft-
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ware data prefetching requires recompilation of sourcecod

» Hardware data prefetching has access to runtime infoomatbout the program,
whereas inline software data prefetching is limited by ttape of static source
code analysis. Prefetching with p-threads can have acoesmie runtime in-
formation about the program but with the added difficultyt tthee prefetching
system has to always monitor the prefetching threads fargence from the
original computation path.

On the other hand, hardware data prefetchers are limitedesyiardware imple-
mentation. Since they are hardware modules, they are subjdte same constraints
in size, complexity and timing as all the other CPU composient

Prefetching is not exclusively applied to move data objécsn memory to the
last level cache. In the context of computer architecturefgbching techniques have
been used to improve the performance of instruction cac#sIfO [20] or the TLB
[9]. Moreover, data prefetching can be applied to all lewlthe memory hierarchy.
Current microprocessors have prefetching engines at eaetye level, and frequently
several specialized ones per level. However, in this dig8en we will focus on hard-
ware prefetching operating at the last level cache (theckdte before memory). The
reason for concentrating on this level is two-fold. Firsthisses from this cache level
have a higher penalty than misses from caches higher in #rarbhy, and therefore
prefetching is more important for hiding the memory laten8gcondly, operating at
the last level cache means that misses to it are less frequaking timing constraints
for the prefetcher less strict. This allows designing marghssticated prefetching
algorithms that realistically could not be implementedighler cache levels.

2.3 Basic Operation of a Hardware Data Prefetcher

The prefetch module is conceptually placed between theecatill prefetch to and
the lower memory level where misses from the cache are sehftiom. The prefetcher
is notified of the misses generated by the cacherfttss strearn The miss stream is
used by the prefetcher to look for predictable sequenceddreases. When one such
sequence is found, the prefetcher issues a humber of grefequiests to the lower
memory level. The number of prefetch requests issued is Rremtheorefetch degree
and it defines the aggressiveness of the prefetcher.
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Once the prefetched data has arrived from memory, it cantherdnserted di-
rectly into the cache or kept in a dedicated prefetch buffemproposed in [2] [7] [3].
In the latter option, any access to the cache is done in pauaih a prefetch buffer
lookup. In case of a cache miss but a prefetch buffer hit, dta & moved into the
cache. This has the advantage of reducing cache pollutsamseless prefetches (that
are never referenced) are eventually overwritten and maeee into the cache. How-
ever, for performance reasons, prefetch buffers are imgiéead as a fully-associative
memory. Therefore their size is relatively small comparethe cache and thus there
are more chances of valid prefetched data being overwditterto lack of space in the
buffer. Nowadays most microprocessors opt for insertirggiched data directly into
the cache, as it simplifies the cache and prefetcher design.

To minimize interference by the prefetcher, prefetch retgiare normally given
lower priority than demand misses from the cache. Additignthe prefetched data
are usually tagged with a prefetch bit to distinguish theomfmormal demand miss
data. A prefetch bit per cache line is kept in the cache to rivaek prefetched but not
yet used. When a prefetched block is accessed for the first airffake mis$signal
is sent to the prefetcher and the prefetch bit is cleareds fdiifies the prefetcher that
a miss would have happened had it not prefetched that blodktaf This mechanism
keeps the miss stream seen by the prefetcher intact andeindept of the amount of
data prefetched. Moreover, it allows the prefetcher to ioomet issuing prefetch re-
quests even if no real L2 misses occur (i.e., as lorgles missignals keep activating
the prefetcher).

2.4 Prefetching Metrics

Typically three metrics are used to evaluate the performana prefetcher: accuracy,
coverage and timeliness.

Accuracy measures the ratio of useful (i.e., eventuallgsehe program) prefetches
to the total number of prefetches issued.

Used Prefetches
Issued prefetches

Accuracy= (2.1)

Since it is a normalized metric, accuracy will range betw8eand 1 (or 0 and
100%). When defining this metric, the term “used prefetchess to be clarified to
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indicate whether we consider a prefetch useful from the nmdnteés issued or from
the time it reaches the cache. In the first case, we includeismtetric the portion
of prefetch requests that are used before they reach cdsbe(mwn atalf-misse}y
and therefore failed to completely cover the memory latemeythe latter case, only
prefetch requests that were in the cache at the point of hesed are accounted in the
metric. In this dissertation we use the latter definition séd prefetches (i.e., only
those which were in the cache at the time of being used) foat¢haracy metric.
Besides accuracy, another important metric to charaeterigrefetcher is its cov-
erage. The coverage of a prefetcher gives an upper bounc dfattion of misses
that could be eliminated by the prefetcher operation. Cayelis defined as the ratio
of issued prefetches to the total number of misses produgdlebprogram with no

prefetching.
Issued prefetches

Coverage= — - -
g Misses without prefetching

(2.2)

Note that prefetching can generate new misses and genetiilshange the orig-
inal miss stream of the application. Additionally the numbgprefetches issued may
be higher than the total number of misses without prefetghifor these reasons cov-
erage, unlike accuracy, does not necessarily have to ratgeen 0 and 1.

Timeliness is more difficult to quantify precisely. Untimedrefetch requests are
those that arrive too early or too late to the cache. If a pehfeequest arrives too early
it might pollute the cache, as it could replace data thatadctel needed before it. A
prefetch request issued too late will not be useful in hidmgmory latency, as it will
not return from memory in time to be used by the program. lidde said that a
timely prefetch request is one that arrives to the cachg eadugh to be useful to the
program but not as early as to provoke the eviction of blobles will be referenced
before it.

2.5 Hardware Prefetching Methods

2.5.1 Localization

One common issue all prefetchers have to deal with is higlopyin the global miss

stream, where cache misses from several sources may bleawtd randomly, lead-
ing to poor predictability. Additionally, some of these sisources might not be pre-
dictable at all, whereas others might. With aggressiveobgrder CPU cores being
the norm nowadays, misses coming from different sourceasrally interleaved and
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serviced simultaneously by the cache. Consider the foligwdode fragment for a
vector sum:

void sumV( int *A, int xB, int *result ) {
for (i=0; i < 10000; i++) {
result[i] = A[i] + B[i];

Normally accesses alone to vecfofor B) would generate a predictable stream of
missesA,A+n,A+2n,... (B,B+n,B+2n,...), for a cache block size af. However,
when both vectors are accessed the global miss stream aseibbg the prefetcher is
A,B,A+n,B+n,A+2n,B+2n, ..., which in is not as easy to predict.

In order to cope with this issue, modern prefetchers nogmedort tolocalization
With localization, misses are grouped according to sompegrtg with the expectation
that the resulting sub-streams are more predictable theagltbal miss stream. The
three main classes of localization ameecution context localizatipspatial localiza-
tion andtemporal localizatior(Figure 2.2).

Execution context localization groups misses accordirigganstructions that gen-
erated the miss. A commonly used method in this class is gngupe misses accord-
ing to the Program Counter (PC) of the missing instructiorthe above example, PC
localization of the global miss stream would result in twb-streams that are easily
predictableA,A+n,A+2n,... andB,B+n,B+ 2n,... PC localization gives good re-
sults and has been used in several popular prefetchingthige:;, such as the Stream
Prefetcher [2] [3], the Stride Prefetcher [6] and the PC/D&fgicher [10].

Spatial localization groups misses according to the memegion they point at.
Localization based on concentration zones (CZones) wasopseal in [11] as an alter-
native to PC localization in the C/DC and AC/DC prefetchdrisese prefetchers sep-
arate the stream of misses according to memory addresssrafgfge misses. C/DC
uses memory regions of fixed size whereas AC/DC adaptivelpgés the size of those
regions. The predictor in [13] also uses spatial localorati

Temporal localization was defined in [12] in the context aédtory-based shared-
memory multiprocessor systems. In this type of systemspeeat localization groups
consecutive misses based on the fact that they appear inauteeai the system at
a time period defined by the start and end of a sequena®ldrentread (i.e., to
shared memory) misses. Although it defines a way of groupiisges based on their
temporal properties, this type of localization is mostlgvant when localizing misses
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from different processing sources, such as nodes in a mudggsor system.

° Miss stream Memory Address
£ (PC:Addr) Space
F . . . . . . .
PC_A} Al PC localized streams:
AL Al ->A7 -> Al ->All -> Al -> A7
PC_B: A2 Czone 1. A2 A2 => A8 —> A2 -> A12 -> A2 —> A8
A3
PC_A! A7 Ad
PC_D: A5 :
PC_B: A8 ; AS ) ) )
CZone 2 Time localized streams:
PC_A| Al Al —> A2 —> A7 —> A5 —> A8
A6 Al -> A2 -> Ad -> A6 —> All —> Al
PC_B: A2 Al -> A2 > A7 —> A8
PC_C: A4 : A7
. CZone 3 A8
PC_E: A6 A9
‘ Al0 .
PC Al ALL : Space localized streams:
PC_B: Al2 ALL Al->A2->A1->A2->A4->A1->A2
CZone 4: AS->A6
PC_A! Al Al2 A7->A8->A7->A8
Al3 Al1->A12
PC_B: A2 : ~ Al4 B
PC_ A} A7
PC_B: A8

Line
accessed

Figure 2.2: Execution context, spatial and temporal localization.

2.5.2 Correlation

Correlation is the process by which a prefetching algorigpmadicts future misses
based on previous historical miss information. Naturdibre are several kinds of cor-
relation heuristics. Sequential methods, described inti@e2.5.2.1, utilize minimal
historical miss information and instead rely on prefetghsits of continuous memory
blocks. Complex correlation methods (Section 2.5.2.2)asee detailed historical
miss information that allows them to be more selective ontwiiney prefetch. While
prefetching more intelligently than sequential methoasnplex correlation methods
require more complex hardware implementations.

2.5.2.1 Sequential Methods

The earliest prefetch algorithms were sequential in namefetching lines consec-
utive to the one that caused the miss. In doing so, sequengtiods try to take
advantage of thepatial localityof programs, which states that if a program references
a certain memory location, it is probable that it will alséerence locations nearby.
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The simplest sequential prefetching algorithm requests, given miss, the block
adjacent consecutive to the one that caused the miss [5§.t&tinique is sometimes
called One Block Lookahead (OBL). One obvious drawback isftdchnique is that,
in the case of a purely sequential access pattern, OBL wiyl prefetch every other
miss (since itis necessary to have a miss in order to preéetother cache block). This
can be overcome tagging the prefetched blocks in the cashexm@ained in Section
2.3.

OBL prefetching might not be enough to stop a processor fitaitirgy, since only
one block of data is prefetched at a time. More complex segplanethods usually
prefetch more than one block at a time. Let us recall that threber of prefetched
blocks in a single prefetcher activation is referred to asprefetch degree (Section
2.3). One problem with prefetching with large degrees ispbgsibility of polluting
the cache with unused prefetched data blocks. This proldesspecially acute with
sequential prefetching, as they do not discriminate mudiciwblocks to prefetch. In
Section 2.7 we survey methods to adaptively change the eefjprefetching and filter
out cache polluting prefetches.

In [2], a variation of sequential prefetching is proposectveiK blocks are brought
from memory to a FIFO queue callstteam buffera specialized version off@efetch
buffer (Section 2.3). When a demand miss references the block ihghd of the
queue, it is transferred to the cache and another prefetplese is sent, to be later
enqueued at the tail of the queue. In [3] the usage of seuvteeals buffers was studied
as a possible replacement for second level caches. Theustmtlof this analysis is
that for the benchmarks evaluated, a collection of 8 stre@itscated with a LRU
policy) and a prefetch degree of 2 is sufficient to prediciveein 50% and 90% of all
the accesses to a second level cache.

The contributions in [2] and [3] form the basis of thigeam prefetchera version
of sequential prefetching with stream buffers that can belemented with a simple
FSM. A stream prefetcher can track several streams of mereteyences at the same
time. Each stream is defined by an initial miss to the cacheaadi$tance to that
miss, called theprefetch distance The prefetcher monitors misses to the cache that
fall within the range of each stream (i.e., between theahitiiss of the stream and
its prefetch distance). In case of a miss being detectedainréinge, the prefetcher
requests from memory the blocks+ P, A+P+K] ((A—P—K,A—P]in a descending
stream), wherd is the initial miss registered for that streakrepresents the prefetch
distance andP is the prefetch degree. Note that in the case of the streafetgher,
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both the prefetch distance and the prefetch degree coh&@dgressiveness.
Thanks to their simple implementation and relatively goed@grmance when deal-
ing with simple access patterns, stream prefetchers hareibglemented in several
commercial microprocessors, such as in IBM’s POWER4 [4d|ROWERS [41] mi-
croarchitectures. Of historical interest is Cray’s demisof replacing second level
caches with dedicated stream buffers and prefetchersimitBE supercomputer [39].

2.5.2.2 Complex Correlation Methods

Complex correlation prefetching methods use past cachs imigrmation to make

predictions about future misses. Most current prefetchiggrithms can be classified
as belonging to this group. One of the most straightforwkndwn as Address Cor-
relation ([10]) or Temporal Correlation ([12] [14]), keepSlimited) history of past

misses, chronologically sorted. When a new miss occurgpitbeictor looks back in

the miss history to determine if that miss has been seenddfothe affirmative case,
the miss addresses recorded in the miss history as happeftérghis address are
prefetched (Figure 2.3). Simple Address Correlation mteds only use the current
miss in order to search the miss history, whereas more dapiesd methods may use
a bigger context (past two or three misses for example) toorgthe accuracy of the
predictions at the cost of lower coverage. Address Coraglatoes a good job in cap-
turing spatially irregular miss patterns that repeat in edmtable fashion. However
one of its drawbacks is that it requires keeping a fairly Ibigjory of past misses in
order to be effective.

Last miss

Miss stream i

A2

I
R et

b = Prefetch

e LTS

Figure 2.3: Example of Address Correlation.

Markov Prefetching generalizes Address Correlation. Tdreept behind Markov
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Prefetching is that for a given miss address, sometimesrdiit correlations are pos-
sible. For example, given a miss addrésshe prefetcher will search the past miss
history and see that in the most recent case, ad@resssed the cache aftér How-
ever, the miss history also indicates that there was angtieerous miss to addregs

in which the consecutive missing address WaMarkov prefetching approaches this
situation modelling the miss history information as a Markbain, hence the name.
In case of successful correlation, for a given miss the MaFefetcher will have sev-
eral records of addresses that followed it. These addresaédd be prefetched starting
with the most recent one (Figure 2.4).

Last miss

Miss stream i

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

| AL A2(A3) A2(Ad) A4 AT AJ A3 A2

Prefetch: A2 A4 A3

Figure 2.4: Example of Markov Prefetching.

Another way of generalizing address correlation consistssong the cache tags
instead of the miss address. This idea was proposed ifetip€orrelating Prefetcher
[46]. The main principle behind Tag Correlating Prefetchismthat by using cache tags
instead of addresses in the correlation, several addrgsgisees can be generalized.
The authors show that tag miss sequences (i.e., the sequisraghe tags of the cache
misses) are highly repetitive, allowing the constructiba generalized predictor that
requires less storage for miss information than addressletion.

Constant Stride correlation [6] aims at capturing spatipliedictable miss pat-
terns. Constant Stride predictors look at the past few maigserder to see if a pattern
of constant strides is forming. If so, the prefetcher detees the stride length and
starts prefetching data situated at stride multiples ofctirveent miss address (Figure
2.5). One of the advantages of Constant Stride correlasidhait it is very simple to
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implement in hardware, as well as space efficient. The pfeifeg logic can be imple-
mented with a very simple Finite State Machine (FSM), andstbeage requirements
are minimal: two registers to store the last miss addresdlantlypothesized stride
length, and some FSM state bits per localized miss streanth&other hand, Constant
Stride predictors can only predict very simple miss addpasterns.

Last miss

Miss stream i

i Al A2 A3 A4 A5 A6 A7 A8 A9 3 Al10

Sides D1 D2 D3 D4 D4 D4 D4 D4[A10-A9==D47

YeS  prefetch A10 + D4
Prefetch A10 + 2xD4
Prefetch A10 + 3xD4

L =

Figure 2.5: Example of Constant Stride correlation.

Delta Correlation [10] generalizes Address and Markovedation methods. This
method is based on the distance prefetching for TLB entiepgsed in [9]. Like
Constant Stride correlation, Delta Correlation works iita strides (deltas) between
consecutive addresses in the miss stream. The Delta Gorreldl try to match the
last two deltas observed with the ones seen before in tha Hedtory, much in the
same way Address Correlation works. Delta Correlation rsatered a generalization
of Address and Markov correlations because it can predithalaccesses these two
methods can, plus some other patterns. The Delta Corradatoalso predict all the
patterns predicted by the Constant Stride correlator, @g dhe just a special case of
delta correlation where all the deltas are the same.

Since Delta Correlation reduces addresses to deltas, jtrealict accesses to new
areas of memory, as long as the access pattern is the same abserved before.
This situation can happen frequently. Normally a prograrh adcess data types or
objects in a predictable manner, but these objects areesedtall around memory,
depending on how or when they were allocated. Figure 2.6 stmwexample of
Delta Correlation that illustrates this point. Althougletaddres#®\10 has never been
encountered before by the prefetcher (within its miss hy3taising Delta Correlation
it is possible to match its context afidress deltas B, D3 within the miss history. As
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aresult, the Delta Correlator can predict future referete€A10+ D4), (A10+ D4+
D5) even though the strides are not homogeneous (which willusenthe Constant
Stride correlator) and the miss addréd® is new to the prefetcher (which will make
an Address Correlator fail).

Last miss
Miss stream i

Deltas / Strides D1 D2 D3| D4 D5 D5 D1 D2 D3

A2 -A1=D1

A3 -A2=D2

A4 - A3 =D3 Prefetch A10 + D4

A5 - Ad=D4 Prefetch A10 + D4 + D5

A6 - A5 = D5 Prefetch A10 + D4 + D5 + D5
A7 - A6 = D5

A8 - A7=D1

A9 - A8 =D2

A10-A9 = D3

Figure 2.6: Example of Delta correlation

2.5.3 Other Approaches to Data Prefetching

Other ways to prefetch data have been proposed besidesnsiefjaad correlation
based methods. I@ontent Based Prefetchigj7] the prefetcher scans the data blocks
brought from memory for possible addresses. Data is pitedetérom those addresses
in a recursive manner (i.e., newly brought prefetched datcanned again for more
addresses). The rationale behind content based prefgtshin provide an effective
way to prefetch pointer-chasing irregular workloads witinspredictable spatial or
temporal patterns. The content based prefetcher uses aveffdad which it queries
in order to determine if a portion of the data block refers t@kd address.
Dead-Block Correlating Prefetche®BCP) [48] aim to identify which cache
blocks will no longer be used and therefore are subject totiewi (“dead blocks”).
Furthermore, once a dead block is detected, DBCP predicishvwdache block will
replace it and prefetches it. Dead blocks are predicteddmnkiing instruction traces
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for each cache block. This is done using a fixed-size, contpeae signature based on
truncating addition. These signatures form the predidhistory, to which a scheme
similar to address correlation is applied in order to detdwn a block could be dead
(this is, when the end of a previously recorded signatureisaed again). Informa-
tion about which block succeeds the dead block is also staretlused for prefetching
once the dead block state is reached.

Lastly, recent work in [56] tackles specifically the probleftimely dispatch of
prefetch requests. In it, a new technique called Streamngnsi used to predict when
the next miss of each stream will happen. A modified stridégpecber, called Time-
Aware Stride (TAS), then schedules prefetch requests terdiit streams depending
on the predicted miss time.

2.6 Hardware Structures for Data Prefetching

In this section we describe the hardware data structuredves in hardware prefetch-
ing. In Section 2.6.1 we survey the data structures used éytéfetcher to store
and retrieve past miss history information. In Section2\8e describe the Prefetch
Request Queue (PRQ), the data structure that holds pre&jalests before being dis-
patched to memory.

2.6.1 Miss History hardware data structures

Traditionally prefetching algorithms have used tablesiplement localization of the
global miss stream. The table is accessed with a key suctegedlgram counter of
the miss instruction or the address of the miss. Each entityeiriable contains miss
information about a localized miss sub-stream. Figure Rows the table structure for
the PC/DC prefetcher.

The main benefit of using tables is their simplicity in ternfsroplementation.
They are a well understood structure that is used in othés pathe architecture such
as branch prediction. On the other hand, tables are ineffiaiethe sense that they
pre-allocate a fixed amount of history space per entry [10ddifdonally, entries in
the table that are not used frequently are at risk of becorsialg and mislead the
prefetcher into prefetching wrong data.

An alternative data structure, called the Global Historyff&u(GHB), was pro-
posed in [10] to overcome the deficiencies of storing missrimftion in tables. The
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History Table

Tag Address delta history
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algorithm
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addresses

Figure 2.7: Table structure for the PC/DC prefetcher

GHB is a FIFO-like structure that stores past cache misseasdds in chronological or-
der. It is usually implemented as a circular buffer, with algll Head Pointer pointing
to the last (i.e., most recent) element on the queue.

Each entry in the GHB contains a pointer field that allows GHBies to be con-
nected in time-ordered linked lists forming the differemtdlized miss streams. One
possible problem due to the FIFO nature of the GHB is that &1y ointer field might
point to old data that has been overwritten by newer datas iStgolved by using over-
sized pointers, where the least significant bits are useditd o other entries of the
gueue and the most significant bits are used to distinguistees old and new entries
[10] [11].

An Index Table (IT) is used to access the most recent addogssatch stream.
The IT is indexed using a key appropriate for the localizasocheme used (e.g., the
PC of the memory access instruction that generated the ,mib&3h allows for the
implementation of different localization schemes. Figi& shows an example GHB
for the PC/DC prefetcher [10].

The main advantage of the GHB lies in its FIFO queue-like bigha Since the
data structure always keeps the most recent misses andddisid entries, it solves
the problem of stale entries commonly found in table-basgdementations. Another
advantage of the GHB is its flexibility. In [10] the authorsoshhow the GHB can
be used to implement several table-based correlationtphefies such as the stride
prefetcher, Markov prefetcher or the PC/DC delta correfaprefetcher. In [11] the
authors implement two spatially-localized prefetchingoaithms also using the GHB.

One drawback of using the GHB is that accessing the elemértsross stream
takes several cycles, as the hardware must navigate thegllligt of GHB entries. This
disallows its use in prefetchers at the highest cache lewdlsre the timing constraints
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Figure 2.8: GHB for the PC/DC prefetcher.

are quite strict and the frequency of misses high. Howe\etithe between misses at
lower cache levels, and specially at the last level cach®gisnough to permit a GHB
hardware implementation [10] [11] [29].

2.6.2 The Prefetch Request Queue

In most architectures, prefetching requests are insentedai hardware data structure
called the prefetch queue (PRQ). The PRQ is located betvmeeprefetchérand the
memory controller. This data structure holds the prefetfuests until the memory
bus is free from regular memory requests, as judged by theameoontroller. In
this way, preference is given to demand memory requestsdedarence on demand
requests from prefetch requests is minimized. While cdeatetails from commercial
architectures is hard to obtain, the current consensusigtkfetch queues in current
multi-cores are organized as FIFO queues and implementedcsar buffers [42,
43, 55]. This FIFO organization is also assumed by virtuallyacademic research in
the topic of prefetching. In case of overflow, the oldestiestare dropped, and the
remaining entries are (logically, but not physically) sif to make room for the new
requests.

In Chapter 5 we introduce a new PRQ organization cdlesizable Prefetch Heaps
(RPH). The RPH PRQ assigns each prefetch request a prioaityeflects their relative

Note that in the context afulti-core systems each core usually has its own prefetgmen
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value among the pool of pending requests. The priority ofigaefetch request is then
used to make decisions at the time of dispatch to the memanyatter, as well as for
replacement in case of overflow. This effectively turns tiHRNto a logical priority
queue.

2.7 Adaptive Prefetch Throttling and Filtering

In order to hide as much as possible the effects of memorpdgtenodern proces-
sors usually resort to aggressive hardware prefetchingnigaes. While beneficial
for many applications, aggressive prefetching can leactbe pollution and wasted
bandwidth. This issue is even more relevant in multi-corgteays, where prefetch-
ing from one core can interfere and degrade the performaingegrams running on
other cores. A number of approaches have been proposeditdHese side effects,
usually in the form of prefetching throttlers (that adjust prefetching aggressiveness
depending on current conditions) and prefetch filters @hatel prefetch requests that
are unlikely to be beneficial). We review the current statiefart of these methods in
this section, paying special attention to multi-core syste We focus our discussion
on techniques that apply for Last Level Cache (LLC) datagiokiing. When we talk
about multi-core systems, we refer to a general configuraticere the LLC is shared
among all cores, and where each core has its own prefetchgigee

2.7.1 Prefetch Throttling Techniques

Prefetch Throttling refers to the adaptive mechanisms uwtieh the aggressiveness
of a prefetcher is adjusted according to a given heuristias Teuristic can factor in
several aspects of the current system status: prefetchrperhce metrics, memory
bandwidth consumption, prefetch pollution to the cache&rference to other cores
in the case of a multi-core system, etc. The general ideantgbriefetch throttling
is to increase the accuracy and benefits of prefetching hystdg its aggressiveness
to its most optimal value. Naturally this increases the wargé complexity of the
prefetch system, since not only we have to add the logic tdament the throttling
heuristic, but also now our prefetching engine has to supharamic reconfiguration
of its aggressiveness.

Prefetch throttling mechanisms have been proposed forteessimplest prefetch-
ing methods. In [21], the authors propose a throttling metdma for sequential prefetch-
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ing in shared-memory multiprocessor systems. This meshatriacks the number of
prefetches issued as well as the fraction of those that hese bsed. When the num-
ber of issued prefetches reaches a certain threshold, theerwof used prefetches is
compared to an static threshold and a new prefetch degret iBeerefore this method
relies on prefetching accuracy to set the aggressivenessaxfuential prefetcher.

More recently, [22] proposes a probabilistic techniqué tilaes the aggressiveness
of a stream prefetcher based on an estimated spatial poaditric. They work on a
setup with a stream prefetcher residing in an on-chip mercomyroller. Using a data
structure known as the Stream Length Histogram (SLH), tineyaxcterize the typical
stream length (i.e., the length of a series of referencdsatiess consecutive blocks)
for a given epoch of the running program. Then this infororais used to adjust the
stream prefetcher’s prefetch distance and degree. Umiately this technique is only
relevant to stream prefetchers.

A more general technique was proposed in [23]. This tecleignown as Feed-
back Directed Prefetching (FDP), adjusts the aggresssgenieeach core’s prefetcher
based on its accuracy and pollution side effects. The desfidfeedback Directed
Prefetching is general enough to be applied to differerfeprhing algorithms.

The Hierarchical Prefetch Aggressiveness Control (HPA@$ wroposed in [24]
as a generalization of FDP. Whereas FDP only takes into atcoatrics relevant to
each prefetcher, HPAC adds another decision layer thas tat@account global inter-
actions between prefetchers. This global feedback laie= to minimize the possible
negative side effects that prefetching in one core coule f@vother cores. This way,
HPAC is organized as a two-layer decision system, wheretfiesglobal interactions
between prefetchers are analyzed. If one prefetcher isdftmiibe impacting nega-
tively the performance of other cores (due to excessivewdatid consumption, cache
pollution) it is throttled down. In all other cases the glblager passes down control
to the local control layer, which uses metrics local to thefgicher to adapt its aggres-
siveness. This local layer can be any of other local-infdiomethrottling mechanisms
such as FDP.

2.7.2 Prefetch Filtering Techniques

Prefetch filtering is a technique that evaluates the preéstgenerated by a prefetch
engine and discards those that are unlikely to be benefiefaré they are sent to
memory. Like Prefetch Throttling, the main aim of Prefetdltelfing is to increase the
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quality of the prefetches and reduce wasted memory traffiike) Prefetch Throttling,
Prefetch Filtering acts independently of the prefetch emgnd therefore requires little
or no modifications to it.

One of the earliest prefetch filters was described in [25]e @bthors describe a
mechanism called Static Filter, which relies on a softwaodilng phase that identifies
the load instructions that are likely to trigger the mostcassful prefetches. These
loads are then put into a hardware table, which enablestphéfig only for these set
of instructions.

In [26], a filtering mechanism based on density vectors wapgsed. Density
vectors are bit vectors that track the access pattern wathiggion of memory at the
block level. These vectors can be used to measure the abilityt of spatial locality
in programs. The authors show that when used in conjunctitin 8cheduled Re-
gion Prefetcher [8], a significant fraction of all uselessfptches can be filtered out.
However, one disadvantage of this technique is that isltigitupled with the men-
tioned Scheduled Region Prefetcher and is difficult to gaieer for its use with other
prefetching techniques.

More recently, a prefetching filter was proposed in [27] tsageneral enough to
be used with most prefetching algorithms. This mechanisbas®d on history tables
that hold the recent effectiveness of the prefetch requesiag 2-bit counters that
track the number of times prefetch requests are referenéaat)any given miss, the
filtering mechanism decides whether to proceed with prbfetcor not depending
on the information contained in these tables. The autharpgse two methods of
addressing the filtering tables: by the load miss addressed?€ of the instruction that
generated the miss. Additionally, in order to improve theuaacy of the prediction,
this lookup can be combined with context information of thrarh History Register.

2.8 Prefetching in Multi-Core Systems

In this section we introduce the organization of a generittincore architecture with
focus on the prefetching system. We will base our study diepeching in multi-core
systems (Chapter 5) on this design. We consider an arahigeaiith the logical orga-
nization shown in Figure 2.9(a), where a number of cores puithate L1 caches share
a common L2 cache. Note that the physical organization naghsist of physically
distributed L2 banks, or a NUCA L2, or even some other dynauaieme for sharing
private L2 caches. Moreover, any variation in L2 accessgimeurred by such phys-
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ical organizations is secondary to our study as we focus etatige off-chip memory
access penalty.
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Figure 2.9: (a) Overall logical organization of a multi-core architecture; (b) Logical or-

ganization of L2 prefetchers.

In this system, a hardware prefetch engine is attached tbaleche and issues
prefetch requests to the memory subsystem. As in most waiés today, the prefetch
engine is logically a collection of prefetch engines, oneefach processor in the sys-
tem, as shown in Figure 2.9(b). In this way, each prefetclinengaintains a separate
miss history for its own processor and generates prefetplesss for it, which allows
each prefetcher to lock onto the individual access pattemihe application running
on its processor. Each prefetch engine is associated witfetph throttler, that limits
the rate of prefetching on each core to avoid performanceadatjon in case of bad
prefetching behavior or scarce memory bandwidth. Againne Wwith current multi-
cores, we assume that the prefetch engine feeds a prefetale quhich traditionally is
logically organized as a single linear (i.e., FIFO) quessgxplained in Section 2.6.2.
In Chapter 5 we study in depth the design of both throttletsthe prefetch queue.
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Stream Chaining

3.1 Introduction

This chapter introduces Stream Chaining, the first mainrgarton of this disserta-
tion. Stream Chaining provides a way to record chronoldgifarmation regarding
the order of activation of each miss stream in a localizirefgicher. This information
is then used to implement a more timely dispatch of prefetemel therefore increase
accuracy. Overall, Stream Chaining adds a new level of detsigt can be used to
improve current localizing prefetchers.

The rest of this chapter is organized as follows: In Secti@wa explain why cur-
rent localizing prefetchers exhibit poor timely behaviotheir prefetches. In Section
3.3 we introduce the concepts Bfream Chainingand an implementation for it that
we call Miss Graph Prefetching In Section 3.4 we introduce two new Miss Graph
prefetchers based on the popular PC/DC [10] and C/DC [1X¢fmieing algorithms .
We call these new algorithms PC/DC/MG (3.4.1) and C/DC/M&.@.

3.2 Accuracy and Timeliness in Localizing Prefetchers

As outlined in Section 2.5.1, localization is an usefultetgg for organizing past miss
history. Grouping misses according to a pre-set criteri@p$filter out spurious ac-
cesses, which in turn translates to better correlationshagier coverage ratios.

It is important to note, however, that in the process of lizga misses impor-
tant chronological information is lost. Entries from themgamiss stream are ordered
chronologically, but there is no time ordering between esslselonging to different
miss streams.

28
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To illustrate this problem let us assume a 100% correct igedietching algorithm
that uses the Program Counter (PC) for localizing misseseiWhis algorithm issues
a number of prefetching reques&é:ll, PC,Z...PQ” for a miss streanG (i.e., the set
of all misses generated by the instruction with Program @aupG), it is expected
that these pieces of data will be consumed in the order theg heen issued. That
is, PG! will be needed befor@®C?, which in turn will be needed beforieC3 and so
forth. On the other hand, due to the intrinsic nature of laedilon, there could be an
indeterminate number of cache misses between anyP@foand PC<1, as long as
these requests are localized to any miss stre@m# PG. Crucially, this means that
the time between any two misses for a given stream can beailyitarge.

As the prefetch degree increases, this problem becomesanate. Unfortunately,
prefetchers often have to resort to high prefetching degireerder to amortize high
memory latencies. In this scenario two undesirable effemtsbe observed:

» Decreased accuracySince many prefetches are issued for the same miss stream,
the risk of some of these being incorrect increases. Thefatedr can “overrun”
the actual miss stream and begin issuing incorrect predstciihis can be be-
cause the pattern of memory accesses changes at some psimipby because
the working set of the stream has been prefetched to coropleti

» Decreased timelinessEven if all the prefetches issued are correct and needed,
they might be issued too far in advance. These data can @dllatcache, evict-
ing other useful lines that will be needed before the préktand thus creating
additional misses. Even if the prefetched lines do not evsetful data, since
they will not be used for a long time, the chances of them begpjaced by
other prefetches or demand misses increases significantly.

In summary, prefetching too deep into the same miss stregmtmasult in a waste
of memory bandwidth and possible pollution to the caches il hinder the effec-
tiveness of the prefetcher and can even result in applicaiowdown compared to
setups without prefetching.

3.3 Stream Chaining

As already mentioned, the main problem with localizing eteliing schemes is that
there is no chronological information relating the miseains. This can lead to
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prefetches sometimes being triggered along streams whesem accesses appear
too far apart in time, leading to untimely (premature) ptefes. Simple localization
implementations, such as those based on tables (i.e., whehestream is stored as a
row in a table), do not store stream activation chronologye GHB (Section 2.6), a
more advanced data structure, does contain the total tirrlagjon among individual
memory accesses of all streams. However this informatiootsn a format that can
be readily used: the chronological miss information isestion the GHB FIFO data
structure, whereas each stream description is stored i ttadle. This means that in
order to obtain the recent miss stream activation ordes, fitst necessary to join the
information contained in both data structures. This is dlg@socedure that requires
at least one pass through all the GHB FIFO entries and seVetaible lookups.

To overcome this problem, we introduce the conce@todam ChainingThe idea
behind stream chaining is to link miss streams in a way plaatially reconstructs the
chronological information in the global miss stream, suwt the result corresponds
directly to thecommon path of missdsllowed by the application. Note that in this
way, what is reconstructed are sequencesgremswhich are different from the com-
plete sequence afdividual misseshat is found in the complete global miss stream.

Typically, localizing prefetchers have two levels of ofgema: a correlation heuris-
tic to predict future misses and a localization mechanisah ¢husters misses in sepa-
rate miss streams (Section 2.5). Stream Chaining adds #@moaddithird level of oper-
ation, orthogonal to the other two, that models the chrogiokd interactions between
different localized miss streams. To accommodate this egel lof operation, we ex-
tend the taxonomy introduced in [10] with a third term, st thigefetching schemes
are denoted by the triplg/Y/Z , whereX denotes the localization algorithrv,is the
correlation heuristic and the new te#his the method used to link streams into groups.

Another way of thinking about stream chaining is that it miés to predict what
miss stream will be activated next in program order. In thagyva three-level prefetcher
with stream chaining can predict not only the expected nagses from the current
miss stream but also the expected next misses from the expaekt miss streams
to be activated in program order. Thus, such a prefetcheahatra level of flex-
ibility and can adapt to situations both in which missing nogynaccesses from the
same miss stream are too far apart and in which missing acessonsecutive miss
streams in program order are too near. This additional levatiaptiveness can poten-
tially improve both timeliness and accuracy with respedtaditional deep two-level
prefetching.
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The key to reconstructing appropriate timing informatienoss streams is to pro-
vide a suitable stream chaining algorithm. Based on our ecapresults, the flow of
missing memory access instructions commonly follows stabld repeatable patterns.
These patterns can be represented by a directed graph wdaee correspond to lo-
calized miss streams and edges establish a temporal ordetiedtion between two
streams, indicating that a miss in one stream is likely todbewed by a miss in the
other stream. Figure 3.1 shows an example of stream chailminigis example, we use
the PC of the missing instruction to localize the global nsissams (Figure 3.1b). We
then show one possible chaining of them (Figure 3.1c) éipgroximateghe stream
activation order found in the global miss stream (Figure}.1

Miss stream PC localized streams Chained streams (Miss Graph)
(PCAddI’) "”””"‘ "”””"‘ "”””"‘
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Figure 3.1: Example of Stream Chaining applied to PC localization: (a) global miss
stream, (b) localized streams according to the PC of the missing instruction; and (c)

one possible chaining of the localized streams.

While simple in nature, generating graphs that representaine flow of missing
memory access instructions and excludes spurious stretairatams, either in infre-
quent control paths or that generate only occasional missemt trivial and is the
key to a good stream chaining prefetcher. In the example frgane 3.1 linking the
streams oPCa andPGg could be deemed inappropriate by the algorithm, as it corre-
sponds to an infrequent flow of misses.

Therefore, the resulting graph in a stream chaining preétdoes not contain all
the possible links from the total miss sequence informatidhe global miss stream,
but only a carefully selected set of those. Constructingcthraplete graph is both
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impractical from the point of view of storage and processing and yields too much
information that can distract the algorithm from finding thest likely miss patterns.

The fact that the memory access chaining algorithm canribshauld not keep all
links results in the graphs being disconnected or some griagimg acyclic. Note that
in this way, using the information about linked streams &dget the next miss stream
(and therefore, the next missing memory access) alongrikeriay or may not be the
same as predicting the next miss. However, with a good stoaining algorithm, we
have a fair amount of confidence in the fact that the streamtigiesl by the graph to
be activated next will in fact be activated soon enough, ispsror infrequent misses
not-withstanding.

In the example shown in figure 3.1, the given chaining of stieallows a prefetcher
on a miss fromPC, to prefetch not only the next values to be consume@@yitself
but also the next value(s) to be consumedPly (the next instruction likely to miss)
or evenPCz. Alternatively, sincePCy is in a cyclic graph, if the distance between its
consecutive instances is too large then it could simply oelya peer (such &, and
PCg) to prefetch the data it will need next.

3.4 Miss Graph Prefetching

In this section we introduce two new prefetchers that ussttieam chaining approach.
Both are based on popular localizing prefetchers: PC/D¢h@d C/DC [11]. Both
new prefetchers use the same heuristic to chain streams.al\inis heuristic Miss
Graph Prefetching (MG) and therefore, using the tripletimgnaonvention introduced
in the past section, we refer to the resulting new prefescherPC/DC/MG and C/D-
C/IMG.

We use the GHB data structure to implement both the baseléietphers (PC/DC
and C/DC) and their stream chaining counterparts (PC/DCANG C/DC/MG). The
main reason for using the GHB is its flexibility; not only cdre used to implement
different localization and correlation schemes, but imp@ating a stream chaining
algorithm on top of it requires only trivial modifications. dvkeover, in [10] and [11],
it was shown that GHB-based prefetchers outperform thelethased counterparts
thanks to better miss history management and eliminatictadé data.

Every stream chaining prefetcher has to deal with two impletation issues: how
to link streams and how to use the resulting graph to issifetphees. For PC/DC/MG,
we address these issues in Section 3.4.1 The operation @&/@VYG is very similar,
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although some aspects of the heuristic had to be modifieddonamodate for the
different behavior of C/DC. These changes are detailed ati@e3.4.2.

3.4.1 PC/DC/MG

PC/DC/MG is an extended version of the popular PC/DC algori{10]. PC/DC
uses the Program Counter of the instruction that generhgenhiss to localize misses.
Therefore each miss stream in PC/DC contains the list ofesifsat a given instruction
(identified by its PC value) has recently generated.

3.4.1.1 Graph Construction

The key to effective stream chaining is the choice of whiakdito use and which to
ignore. In fact, with a large enough GHB the complete chrogigial reconstruction of
the miss stream would result in an unmanageable graph. drséution we present a
simple scheme to stream chaining that results in relatslsll graphs that capture the
majority of miss sequences in steady-state execution. Glhense can also be easily
implemented using the GHB structure.

In GHB-based prefetchers the Index Table (IT) holds posterevery localized
stream in the GHB (Section 2.6). Thus, chaining streamsponds to linking entries
in the IT. To do this, we extend the IT by adding a new pointeeach IT entry —
NextIT — which points to the IT entry corresponding to the streant ih@&xpected
to be activated next. ThgextIT field also includes an additional bit to signal if this
pointer is valid. To identify strong (i.e., stable) linksewlso add a saturating counter
to each IT entry -€tr . We consider a link to be stable if its associa@d counter is
equal or greater than 3tfong link thresholyl and set theaturation limitof Ctr to 5
(both values have been determined experimentally). Theatipa of this counter and
the role of thestrong link thresholdandsaturation limitis explained next. Finally, we
also add a new global register to the I'PreviousIT  — which is also a pointer to an
IT entry. Figure 3.2a shows the GHB extensions in grey.

The Miss Graph algorithm builds a graph of past (temporaljetations between
localized streams as follows. InitiallilextIT is invalid andCtr is set to zero on all
entries of the IT. As misses occur, the IT and the GHB are @dpdlas described in
Section 2.6 and [10]. The nelveviousIT  pointer is left pointing to the last stream to
suffer a miss (i.e., last IT entry used). Then for a subseguéss that activates the IT
entryIT[cur] , we check the previous IT entry usififfPreviousIT] and perform
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the following operations:

/I Check the NextIT pointer of the previous IT entry
if IT[PreviousITl=NextIT is invalidthen
/[ Invalid pointer. We set it to the current entry
IT[PreviousIT}=NextIT = IT[cur]
IT[PreviousIT}-Ctr=1
else
/I Valid pointer. Adjust counters depending if miss/match
if IT[PreviousIT}—>NextIT == IT[cur] then
IT[PreviousIT}-Ctr++ (saturating increment)
else
IT[PreviousIT}-Ctr——
end if
/I If too many misspredictions, change NextIT pointer
if IT[PreviousIT}-Ctr == Othen
IT[PreviousIT}=NextIT = IT[cur]
IT[PreviousIT}-Ctr=1
end if

end if

PreviousIT = cur

By following these operations, tiNextIT pointers in the IT form a directed graph,
which can be cyclic or acyclic, can be disconnected, and iclntmere is only one out-
going edge from each node but possibly more than one incoatgg to a node. Fig-
ure 3.2a shows the state of tRhextIT pointers, theCtr counters, and thereviousIT
pointer just before the miss 4 is processed. The corresponding graph is shown
in Figure 3.2b. Note that, as explained in Section 3.4.1&dw not explicitly repre-
sent and store the graph separately; it is just shown e#tpligiFigure 3.2b for clarity.
Figure 3.3 shows two real examples of miss graphs from beadtsin which we eval-
uate PC/DC/MG (Chapter 4). These examples were taken nacdd¢ion and show a
snapshot of the IT table graph structure, with only strongdiconsidered (i.e., those
that have &tr value greater than or equal to tegong link thresholgwhich we have
empirically determined to be 3).

The graph constructed with this algorithm shows a historyoofelations between
localized miss streams (i.e., Program Counters of instmstgenerating a miss),
showing which IT entry followed which in the past. The roleloé saturating counters
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Figure 3.2: (a) PC/DC/MG extensions to the GHB. (b) Resulting Miss Graph from the

example miss stream.

Ctr is to provide hysteresis and protection from noise from agiermisses: by setting

a minimum threshold t€tr we obtain a graph with only the most stable transitions

between localized streams. Next we explain in more detail RE€/DC/MG uses the

extended GHB entries to prefetch along nodes in the graph.

3.4.1.2 Prefetch Operation

With the extended entries in the IT representing the misplgr&C/DC/MG oper-

ates as follows. First, the prefetcher identifies the cumeiss stream, which simply

involves searching the IT for an entry that matches the P@ettirrent missing mem-

ory access instruction. Here, unlike PC/DC, which wouldofelthe IT pointer into
the corresponding GHB stream, PC/DC/MG identifies the negam to prefetch for
by following theNextIT pointer in the current IT entry. So, for instance, a miss from

a memory access instruction R, in Figure 3.2 will first follow the corresponding

NextIT pointer to the stream ¢1CGy. For every stream that the prefetcher attempts to

prefetch for, it follows the IT pointer into the correspongiGHB stream and then fol-

lows the links in the GHB entries to attempt to establish aetation among the miss
addresses. PC/DC/MG, like PC/DC, usksdta correlationon the addresses. If a cor-
relation is found along the stream the prefetcher issuepmfetch along this stream.
Thus, for each stream, PC/DC/MG behaves as a PC/DC with atphedlegree of one.
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(a) (b)

Figure 3.3: PC/DC/MG Miss Graph examples from real applications: (a) bzip2 with 2MB
L2. (b) dealll with 256KB L2 (right).

After issuing a prefetch for a given stream, the prefetclyatirafollows theNextIT
pointer to the next stream to prefetch for and repeats thps $t& prefetching for this
stream. This process is repeated for a number of times eqgjtta pprefetching degree
parameter. In order to avoid following “weak” links into nestreams, we impose a
minimum threshold on th€tr value below which the prefetcher will not follow the
NextIT and will stop prefetching from further streams.

The graph construction described in Section 3.4.1.1 leadsaphs where the out-
going edge degree is no greater than one and graphs can ke tyls, starting from
some node, the chains wighrefetching degreaodes created by following the opera-
tions just described are either a linear sequence of digtimtes or a cycle. Further,
the linear sequences can either have a number of distinesrgréater than or equal to
the prefetching degree plus one, or a number of distinctsedwller than the degree
plus one (the “plus one” comes from the fact that we skip thiteeimode). Figure 3.4
shows the three possible cases of graphs.

For graphs as in Figure 3.4a the operation of the prefetchdesacribed above is
complete. For the other two cases of graphs the operatiotheusightly extended.
For graphs as in Figure 3.4b if we want to issue as many prefstas the degree
allows us, we would have to follow an edge back to some strédamshich we have
already issued a prefetch. The problem in this case is tlegbitefetcher would have
to remember, for every revisited stream, the correlaticduke last time around and
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(a) (b) (c)
Figure 3.4: PC/DC/MG Miss Graph cases: (a) non-cyclic chain longer than the prefetch
degree (8); (b) cyclic chain shorter than the prefetch degree; and (c) non-cyclic chain

shorter than the prefetch degree.

the resulting address prefetched, in order to find the ndtd dad to compute the next
address to prefetch. Instead, a simpler solution is to adekg@ss stage where we
quickly follow the “strong”NextIT pointers to identify whether the graph is cyclic or
a long enough sequential chain. Then, if the graph is cyaipearform the steps above
except that we compute the correlations and issue more taprefetch per stream,
where each stream gets an equal share of the prefetch degrem(ly equal when the
number of nodes in the chain does not divide the prefetchedgg¢gior graphs as in
Figure 3.4c we can simply convert them to the case of Figute By pretending that
there is a back edge from the end of the chain to its beginriigglly, if the graph
consists of only the entry node then instead of starting filoemnext stream (which is
unavailable) we simply prefetch for the current streamjdadly reverting to PC/DC
behavior.

The following pseudocode describes a possible implementat the prefetch op-
eration described above, using a pre-pass stage:
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deg = [PREFETCHING DEGREE]
cur = [INDEX OF THE STREAM THAT GENERATED THE MISS]
chainLen =0
visited[] // Bit array to keep track of visited streams. Set to zeraatht
i =cur
I/l Pre-pass stage to calculate the prefetch chain length
while chainLen< degAND visited[i] == falsedo
visited[i] = true
if IT[i] —Ctr < CtrThresholdhen
break// CtrThreshold is the counter threshold for valid linksvbe¢n streams
end if
chainLen = chainLen + 1
i = IT[i] —NextIT
end while
Il Prefetching stage
if chainLen == Ghen
Prefetch(cur, deg) Revert back to normal PC/DC prefetching behaviour in adsge
no stream chains
end if
degPerNode #deg/chainLen // How much to prefetch per node
totalPref = O// How much we have prefetched so far
while totalPref< degdo
cur = IT[cur]—NextIT // Advance one node
Prefetch(cur, degPerNodg)Prefetch some items for this stream
totalPref = totalPref + degPerNode

end while

Since the prefetches for the different streams are gemknmat@ single prefetcher
activation, one optimization that is possible in the cadeSigures 3.4b and 3.4c is
to issue the prefetches to the memory sub-system such #fatgres to consecutive
streams are interleaved. Thus, for instance, in the caségafd-3.4b we can order
the prefetch requests such that the first prefetch requeBCfoappears right after the
first request folPGz and the second prefetch requestP@: appears after the second
prefetch request foPGz. This ordering is likely to be a better match to the order in
which the prefetched data will be needed.

One possible advantage of three-level prefetchers wiglastichaining is that given
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a fixed prefetching degree budget one can divide this budgbfferent ways between
width — i.e., the number of streams prefetched for — dagdth— i.e., the number of
prefetches along each stream. For instance, if deepertghafg gives diminishing
returns due to too early prefetches or decreasing accuremythe prefetcher can issue
fewer prefetches from more streams. Alternatively, if ihkd between streams are too
weak then the prefetcher can issue more prefetches front &veams. Also, we only
classify links as “strong” or “weak”, but one could considerer classifications and
adapt the depth for each stream depending on the “strenfith&dinks followed.

Like with other prefetching schemes, in order to avoid pr#fed data modifying
the natural stream of misses from the program a 1-bit prefetg is added to each
cache line. This bit is set to one only in lines that come ihdache from a prefetch
request and it remains set as long as the line has not yet sednWhen such a line is
used, a “fake” miss signal is sent to the prefetcher and this béset. The prefetcher
then updates its internal data structures as if it were amésa, but no prefetch request
IS issued.

3.4.1.3 Hardware and Operation Complexity

As described here, PC/DC/MG uses an extension to the GHBtsteu The additional
storage our prefetcher requires are ilegtiT andCtr for each IT entry and a single
PreviousIT  register. As observed in [10] and in our own experience, lothl and
a GHB with 512 entries each are sufficient to capture the piefeg working set of
most applications. In this case, edgextlT and thePreviousIT — consist of 9 bits,
as do the other pointers in the original IT and GHB, including Head Pointer. Our
experiments show that small saturation limits @r are sufficient to capture stable
links between streams and we use 3 bits.

Assuming a 32 bit PC the total hardware storage requirenodiite original PC/DC
algorithm are:

 IT table: 512 entries, each with a 32 bit PC field and a 9 bit GidBter. We
can use the special PC 0 to indicate an invalid entry.-§82+ 9) = 20992 bits
(2624 bytes).

* GHB FIFO queue: 512 entries, each with a 32 bit address freddaeO bit GHB
pointer. 512« (324 9) = 20992 bits (2624 bytes).

* 9 bit GHB head pointer.
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» Total: 20992+ 20992+ 9 = 41993 bits, 5250 bytes or approximately 5.1 KB.

For PC/DC/MG, the hardware storage requirements are:

IT table: 512 entries, each with a 32 bit PC field, a 9 bit GHEnpar, a 9 bit
NextIT pointer and a 3 bit saturating counter. 5132+9+ 9+ 3) = 27136
bits (3392 bytes).

GHB FIFO queue: Same requirements as PC/DC. 512 entrigs vath a 32 bit
address field and a 9 bit GHB pointer. 54@2+ 9) = 20992 bits (2624 bytes).

9 bit GHB head pointer and 9 BreviT pointer.

Total: 27136+ 20992+ 9+ 9 = 48146 bits, 6019 bytes or approximately 5.9
KB.

Therefore, the additional storage requirements for PQMB&¢ompared to PC/DC
are less than 1KB.

One drawback of GHB-based prefetchers is the time it takéslltow links to es-
tablish a correlation. With stream chaining, a prefetcleguires following links in
multiple streams, which may further increase prefetcheraon time. The increase
in operation time in comparison with the single-stream ¢erpart will depend on
the common number of nodes in the miss graph, which in turrems on the ap-
plication. Our results suggest that the number of nodedasively small in practice
(Section 4.4.4). In case this overhead does become a lmtkewe note that it is
possible to search for correlations in some number of stseamparallel, at the cost of
replicated hardware logic. In our experiments, howeversaarched for correlations
from each stream sequentially.

3.4.2 C/DCIMG

C/DC/MG is the stream chaining modification of the C/DC ptelieng algorithm [11].
C/DC divides the memory space into equal sized regionscté&lléones. The global
miss stream is then localized according to the CZone in wtiehmisses lay. A vari-
ant of C/DC called AC/DC was proposed in [11]. AC/DC adds aidapesizing of
the CZones according to the program behavior. This hecyrigthile beneficial, is
completely orthogonal to the modifications proposed in thésertation, and is not
considered further here.
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3.4.2.1 Graph Construction

A key difference between PC and CZone localization is the bemof consecutive
misses localized to the same miss stream that can occur a@iaatytime. With PC
localization it is not common for two consecutive (chrormptally speaking) misses to
be localized in the same miss stream, since that would medratsingle instruction
has generated two consecutive misse®n the other hand, with CZone localization
having several consecutive misses belonging to the sameeCZan happen much
more frequently than with PC localization. This is due to $ipatial locality of the
program. Said in another way, if a program is accessing aicestea of memory it
is quite probable that it will access adjacent areas tooghvhormally will fall within
the same CZone. Naturally this behavior is more common aswerease the CZone
size.

Miss Stream PC localized streams CZone localized streams
(PC : Addr: CZone)

ffffffffffffffffffff

. . I h I | [ I [ I
PCA: AL :CZL | PC_AAL | | PC_BB1 ! | CZLAL | | CZ2:A2 |
PC_B-_ B1 :CZl | PC_AA2 | | PC_BB2 | CZLB1 | | CZ2:B2 |

o PC_C: Cc1 :CZl ERLEEEEEED Foemoooe- | czucl , . Cz2:C2

g| PCD:D1:CZ1 | Cz1:D1 | | CZ2:D2
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Figure 3.5: CZone transitioning problem: (a) global miss stream, PC localization and
CZone localization; (b) Miss Graphs for PC and CZone localizations using the original

PC/DC/MG graph construction algorithm.

LIn the context of a RISC instruction set. With a CISC instimtiset, instructions may have both
operands referencing memory locations. However modernCdag processors translate CISC instruc-
tions to RISC micro-ops before executing.
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While the graph construction algorithm described in Sec8at.1.1 could be ap-
plied to a C/DC prefetcher, the high frequency of conseeutivsses localized to the
same CZone would generate a graph with only trivial tramsgibetween CZones (i.e.,
from each CZone to itself). This strategy would render tmeash chaining variant
useless, with no performance gains compared to a regula€ @forithm, as there
would be effectively no stream chaining effect.

Figure 3.5 illustrates this problem. In 3.5a, an examplesmsiseam is shown,
as well as the result of performing both PC and CZone lodabizao it. In Figure
3.5b, the graph construction algorithm used for PC/DC/MGpsglied for PC and
CZone localization schemes. As explained in Section 3.4this algorithm filters
out infrequent transitions with the use of a saturating tewunWith this algorithm,
the transition between CZone 1 and CZone 2 would be considesak, since it only
happens once compared to the multiple transitions from €Zoto itself and from
CZone 2 to itself.

One possible solution for this problem could be to just usettnsitions between
different CZones to construct the graph (i.e., ignore coaes misses to the same
CZone). While this strategy effectively captures the CZtnaasition behavior, we
lose an important piece of chronological information: howny misses were as-
signed to each CZone. This information is vital, since aftkthe main difference
between CZone and PC localization is then-trivial number of consecutive same-
CZone stream activations.

The solution we propose to tackle the CZone transition gmldonsists of a small
modification of the graph construction algorithm for PC/MG (Section 3.4.1.1).
As with PC/DC/MG, we augment each GHB IT entry witiNaxtIT pointer and a
Ctr counter, which have the same meaning as in Section 3.4.1elal$g introduce
two additional counters: the Current Repetition Coun@RJ and Last Repetition
Counter [RQ. Both counters keep track of how many repetitions (i.ensecutive
misses localized to the same CZone) happen to each CZonereRga shows the
design of the GHB for C/DC/MG, with the proposed extensiangrey.

When a miss to a new CZone is registered by the prefetchetR@es initialized
to zero and th€RCis set to one. As consecutive misses localized to the samaeCZo
occur, theCRCis incremented accordingly. When a CZone transition ocues a
miss from a CZone different from the one targeted by recesses), th€RCis copied
to theLRC and then reset back to zero. The transition between diffé&ones is
treated as the transition between PCs in the PC/DC/MG dlhgori
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Figure 3.6: (a) C/DC/MG extensions to the GHB. (b) Resulting Miss Graph from the

example miss stream.

With this scheme, the graphs constructed capture both thauof repetitions
on each CZone as well as the transitions between differeoh€Z Thd.RC counter
stores how many repetitions happened to this CZone lastitimas activated. The
CRCcounter is used to guide the prefetcher in how many elemensefetch for each
CZone at any given time. The details of the operation of tleégbch mechanism are
discussed in Section 3.4.2.2.

As with PC/DC/MG, we provide a detailed specification of thaph construction
mechanism of C/DC/MG with pseudocode:
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/I Check the NextIT pointer of the previous IT entry
if IT[PreviousIT}—NextIT is invalidthen
/[ Invalid pointer. We set it to the current entry
IT[PreviousIT}=NextIT = IT[cur]
IT[PreviousIT}-Ctr=1
else
/I Check if we are in a CZone repetition phase
if PreviouslIT == cuthen
I/l Yes. Increase the CRC
IT[cur] —CRC ++
else
/I No, apply CZone transition logic
/l Save the CRC into the LRC
IT[cur]l—LRC = CRC
IT[cur]l—CRC =0
/I Adjust counters depending if miss/match
if IT[PreviousIT}=NextIT == IT[cur] then
IT[PreviousIT}-Ctr++ (saturating increment)
else
IT[PreviousIT}-Ctr——
end if
/' If too many misspredictions, change NextIT pointer
if IT[PreviousIT}-Ctr == Othen
IT[PreviousIT}—=NextIT = IT[cur]
IT[PreviousIT}-Ctr=1
end if
end if
end if

PreviousIT = cur

3.4.2.2 Prefetch Operation

C/DC/MG issues prefetches in a similar way to PC/DC/MG (8&c8.4.1.2), but tak-
ing into account th&€RCandLRC counters. The difference between ttiRCandCRC
indicates the number of CZone repetitiangectedo come for this CZone. We refer
to this as therefetch potentiabf a node. The prefetch potential of each node is used
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Figure 3.7: C/DC/MG Miss Graph examples from real applications: (a) bzip2 with 2MB
L2; (b) dealll with 256KB L2.

by the prefetcher to issue several prefetches per node. rEfietghing potential of a
chain of nodes is simply the sum of the potentials of each node

The graph construction algorithm proposed in Section 3l4g&nerates graphs
similar to those generated for PC/DC/MG (Section 3.4.1Thgrefore, there are three
main operation cases C/DC/MG has to take into account (EigL8).

214 @ 1/2 @ 0/1
0/8 @ 0/1 @ 0/1
0/2 @ 0/1 @ 0/1

(@) (b) (©)

Figure 3.8: C/DC/MG Miss Graph cases. The numbers adjacent to each node show the

CRCI/LRC counters. (a) non-cyclic chain with prefetch potential bigger than or equal to
the prefetch degree (16); (b) cyclic chain with lower prefetch potential than the prefetch

degree; and (c) non-cyclic chain with lower prefetch potential than the prefetch degree.

We assume a prefetch degree of 16, with the current misszedaio CZoneCZa.
The general case is shown in figure 3.8a. The prefetches stathe IT entry corre-
sponding to CZon€Za. Atthat entryLRC - CRC=4—2=2 prefetches are issued for
CZoneCZa. The prefetcher then jumps to the next IT entry, where it atpthe same
operation, issuing this time 4 prefetches for CZ@Zg. The operation continues up
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until CZoneCZp, where the last 2 prefetches are issued. Note that, unlikb@®G,
we do not skip the initial node unless the prefetch potertiatjual to or less than zero
(indicating that we do not expect any more misses for thisr@Zsmoon).

In 3.8b, we have a cyclic chain with less prefetching potdritian the prefetch
degree. In this case we act in a similar way to PC/DC/MG. Weaupee-pass stage
to compute the prefetching potential of the chain. We usertbimber for calculating
a multiplier for the prefetch potential of each node. In tixaraple outlined in 3.8,
the prefetch potential of the chain is 4. Since we attempssae 16 prefetches, we
prefetch 4 times as many in each node. This solution is anaktp the one used for
PC/DC/MG (Section 3.4.1.2). Similarly, we convert the cesEigure 3.8c to that in
Figure 3.8b by adding a “virtual” back edge frddp to CZa.

Lastly, in the case of no graph information, C/DC/MG revdrésk to standard
C/DC behavior.

As with PC/DC/MG, we summarise the prefetching operatiandiC/MG with
the following pseudocode:
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deg = [PREFETCHING DEGREE]
cur = [INDEX OF THE STREAM THAT GENERATED THE MISS]
prefPot = 0/ Prefetch potential
visited[] // Bit array to keep track of visited streams. Set to zeraatht
i =cur
I/l Pre-pass stage to calculate the prefetch potential
while prefPot< degAND visited[i] == falsedo
visited[i] = true
prefPot = prefPot + (IT[}>LRC - IT[i] =CRC)// Note we do not skip the first nod
in C/DC/MG
if IT[i] —Ctr < CtrThresholdhen
break// CtrThreshold is the counter threshold for valid linksvibe¢n nodes
end if
i = IT[i] —NextIT
end while

D

Il Prefetching stage
if prefPot == Othen
Prefetch(cur, deg) Revert back to normal C/DC prefetching behaviour in cds®qg
stream chains
end if
prefMult = deg / prefPot/ For cases when the prefetch potential is smaller than the
degree, prefetch more on each node
totalPref = O// How much we have prefetched so far
while totalPref< degdo
cur = IT[cur]—NextIT // Advance one node
nodePref = IT[ilLRC - IT[i] —CRC
Prefetch(cur, nodePref*prefMult)
totalPref = totalPref + nodePref
end while

3.4.2.3 Hardware and Operation Complexity

As with PC/DC/MG, we assume that a 512 entry GHB with 512 ITriestis enough
to capture the prefetching working set of most applicatioGensequently we use 9
bits to implemeniNextIT , PreviousIT  and the original GHB pointers.

From experimentation we have determined that C/DC/MG regua smalleCtr
threshold counter to capture stable CZone transitions. nk@st cases a 1 bittr
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counter performs best. The repetition behavior of each @Zmm be captured with
a CRCandLRCof 3 bits each. Additionally, we have determined that a CZsime of
64KB gives the best all-round performance in our benchmarksrefore each CZone
can be stored in 16 bits. Lastly, we have to add a valid bit &mhd T entry. This was
not needed in PC/DC(/MG) as the PC 0 could be used to signalafid entry.

The hardware storage cost for C/DC implemented using the GHB

IT Table: 512 entries, each with a 16 bit CZone field, 9 bitsfi@ GHB pointer
and a valid bit. 512 (164 9+ 1) = 13312 bits (1664 bytes).

GHB FIFO queue: 512 entries, each with a 32 bit address andbia OHB
pointer. 512« (32+9) = 20992 bits (2624 bytes)

9 bit GHB head pointer

Total: 13312+ 20992+ 9 = 34313 bits, 4290 bytes or about 4.2 KB
For C/DC/MG, the storage requirements are:

 IT Table: 512 entries, each with a 16 bit CZone field, 9 bitslie@ GHB pointer,
9 bits for theNextIT pointer, 1 bit for theCtr counter, 3 bits for th€RCcounter,
3 bits for theLRC counter and a valid bit. 51:2(16+9+1+9+3+3+1) =
21504 bits (2688 bytes)

 GHB FIFO queue: 512 entries, each with a 32 bit address andbia GHB
pointer. 512« (32+9) = 20992 bits (2624 bytes)

* 9 bit GHB head pointer and 9 reviousIT  pointer

» Total: 21504+ 20992+ 9+ 9 = 42514 bits, 5314 bytes or 5.2 KB
Therefore the storage requirements of C/DC/MG are 1 KB ntwaie C/DC.

Similar to PC/DC/MG, C/DC/MG typically correlates on seafestreams per prefetcher
activation. This increases the average operation timeeoptafetcher compared to its
non-chaining counterpart. However, in the case of C/DC/M@ time complexity of
the prefetch operation is not only determined by the sizh®stream chain but also by
how many prefetches to issue per stream: the more prefetches
C/DC/MG issues per stream, the less transitions betweearst it will perform (for
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a given prefetch degree). This translates to a lower timeheaal, since it is faster to
issue additional prefetches for the same miss stream thstartioa new correlation on
a new miss stream.

Our results show that although on average the graphs cregt€IDC/MG are
larger than the ones created by PC/DC/MG, the average nuoafbewodes in each
chain (i.e., a connected component within the graph) is, s RC/DC/MG, rela-
tively small (Section 4.5.5). This, along with the fact tiADC/MG transitions less
often between streams, contributes to an overall loweratjperal complexity than
PC/DC/MG. Lastly, as with PC/DC/MG, this operational owead can be lowered
even more at the cost of replicated hardware logic.

3.4.3 Table-based Alternative Implementations of PC/DC/M G and
C/DCIMG

In this section we discuss an alternative implementatioR€/DC/MG and C/DC/MG
that uses lookup tables instead of the GHB as the underhangware data structure.
As described in [10], all the information needed to impletm@@&/DC or C/DC can
be stored in a lookup table where the rows are indexed by thefRe operation
that generated the miss. As discussed in [10] and earlidrisnchapter, table-based
implementations have two important disadvantages: 1) dneynore prone to contain
stale miss history; and 2) they require more storage spatasmit less efficiently. On
the other hand they require a simpler hardware implememtati

3.4.3.1 Table-based Localizing Prefetchers

Figure 3.10 shows the design for a table-based implementatithe PC/DC prefetcher.
The localization mechanism only defines how to index thegtcekr table, and there-
fore this design is also applicable to the G/DC prefetcher.

The history table of the prefetcher contains a fixed numbeows, which are ad-
dressed depending on the localization mechanism. In thys tha history table is
similar to the index table of the GHB data structure. Diffigrfrom the GHB design,
the miss history is stored directly in each table row, whiah bold a predefined num-
ber of addresses. When a new miss address is to be insertddlinawv, the oldest
address is discarded.

The storage requirements of a table-based prefetcher anérdatermined by two
parameters: the number of rows in the history table and th&beu of miss addresses
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Figure 3.9: Design of a table-based PC/DC prefetcher.

stored per row. For the sake of comparison with the GHB basgiementation, we

set the number of rows in the table to 512, and use the parafetso denote the

number of miss addresses stored per row. The sludetermines how much miss
history to store per stream. This should be big enough to aBotwigh miss history

to perform correlation on the most active (in terms of miggegived) streams, even
though this means storage space is wasted on streams thaitaae active. For this

analysis, we will usé/, = 64.

3.4.3.2 Table-based PC/DC/MG

Figure 3.10 shows the extensions needed to implement PE®IBQ@n table-based
prefetcher hardware. As with the GHB data structure (Se@&id.1.1), we augment the
lookup table with thélextIT andCtr fields, and add a new global regiskeeviousIT
The working mechanism and logic behind these new registedteisame as with the
GHB based PC/DC/MG (Section 3.4.1.2), wilbxtIT andPreviousIT  referencing
rows in the history table.

The storage requirements for a table-based PC/DC/MG ingaiégtion, with 64
miss address entries per row, are as follows:

» History Table: 512 entries, 32 bit PC field, 64 32 bit addess® bits for the
NextIT field and a 3 bit€tr saturating counter. 53232+ 64%32+9+3) =
1071104 bits (133888 bytes)

* 9 bit PreviousIT  pointer.

» Total: 1071104+ 9= 1071113 bits, 133890 bytes or about 130.8KB
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Figure 3.10: (a) PC/DC/MG extensions to the history table. (b) Resulting Miss Graph

from the example miss stream.

By contrast, a table-based PC/DC implementation with theesapecifications
would require 512 (32+ 64+ 32) = 1064960 bits (133120 bytes, 130.0KB). The stor-
age overhead of a table-based PC/DC/MG is 770 bytes.

3.4.3.3 Table-based C/DC/MG

Figure 3.11 shows the hardware extensions extensionsaéeneplement C/DC/MG
on table-based prefetcher hardware. As with the tableereis PC/DC/MG, C/D-
C/MG on table-based prefetchers uses the same hardwaroaddhan its GHB-
based version (Section 3.4.2.1), and the same working (&giction 3.4.2.2).

The storage requirements for a table-based C/DC/MG impiatien, with 64
miss address entries per row, are as follows:

» History Table: 512 entries, each with a 16bit CZone field,3@4bit miss ad-
dresses, 9 bilextIT pointer, 3 bits for each of theRCandLRC counters, 1 bit
for the Ctr counter and 1 bit to indicate if the entry is in use. 526+ 32x
64+9+3+3+1+1)=1065472 bits (133184 bytes).

* 9 bit PreviousIT  pointer.

» Total: 1065472+ 9= 1065481 bits, 133186 bytes or about 130KB
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Figure 3.11: (a) C/DC/MG extensions to the history table. (b) Resulting Miss Graph

from the example miss stream.

A table-based C/DC implementation would require 526+ 6432+ 1) =
1057280 bits (132160 bytes, about 129KB). Therefore theag®overhead of C/D-
C/MG is 1026 bytes, just over one kilobyte.
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Evaluation of Stream Chaining

Prefetchers

4.1 Simulation Setup

We use SESC [30] for all our simulations. SESC is a fast cgcledrate architectural
simulator that can be extended easily thanks to a modulagrdesplemented in C++.
SESC does not provide full system simulation; programs kabe recompiled with a
customized cross-compiler that constructs tailor-madaries suitable for simulation.
System calls are trapped and executed in the host systemthgitesults sent back to
the simulation environment. Cross-compiler tools prodidethe SESC environment
allow compilation of C, C++ and Fortran 77 programs.

For evaluating stream chaining prefetchers, we simulatésaue out-of-order su-
perscalar processor with separate L1 instruction and dathes, and a unified L2
cache on chip. All simulated caches are non-blocking. Talldists the architectural
parameters of the simulated system. We simulate mainly t&vodche sizes: 256KB
and 2MB. The former is representative of the cache sharecteghén a fully loaded
multi-core setup. The latter reflects the case when only@esprocessor is active.

We fast forward each simulation by one billion instructi@msl then we simulate
in detail and collect statistics for the next one billiontmstions. Special care was
taken to confirm that the first billion instruction fast-tkas enough to skip the data
loading phases of the benchmarks, thus making sure thaeth#éedl simulation starts
in a relevant computation phase.

53
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Parameter Value
Core Frequency 5GHz
Fetch/Issue/Retire Width 6/ 4/ 4
I-Window/ROB 80/ 152
Branch Predictor 64Kbit 2BcgSkew
BTB/RAS 2K entries, 2-way/ 32 entries
Minimum misprediction 20 cycles
Ld/St queue 108
L1 ICache 64KB, 2-way, 64B lines, 2 cycles
L1 DCache 64KB, 4-way, 64B lines, 2 cycles
L1 MSHR’s 4
L1-L2 bus 64bits
L2 Cache 256KB/2048KB, 8-way, 64B lines, 13/18 cycles
L2-Memory Bus 64bits, 1.25Ghz
Main Memory 400 cycles
Prefetch degree 1/4/8/16
IT 512 entries, 1 cycle
GHB 512 entries, 5+1*hop cycles

Table 4.1: Simulated architectural parameters.

4.2 Benchmarks

For evaluating the prefetchers we use benchmarks from SHHEI2006 [31] and the
BioBench benchmark suite [32]. Due to limitations with ti@glator tools, not all of
the benchmarks can be cross-compiled for use with SESC. dlegtdescription of
the benchmarks used in this evaluation is provided in AppeaAd

All benchmarks were compiled with the GNU compiler GCC v3sing the O3
optimization level. They were run using the supplied refeeeinput data set with
the exception otlustalwfrom BioBench, for which the larger input data from the
benchmarkhmmer(also from BioBench) was used.

4.3 Benchmark Characterization

4.3.1 L2 Cache Size Sensitivity

Figure 4.1 shows the performance without prefetching foious cache sizes. Besides
256KB and 2048KB, we include results for a 512KB L2 to gairtlier insight into
the working set size of each benchmark. The performancdtseme given as IPC
(Instructions per Cycle) normalized to the IPC obtainedwan ideal L2 cache (i.e., a
cache with 100% hit rate). Figure 4.2 shows the L2 cache RédRdie (RHR) for the
same set of cache sizes. Lastly, we show in Figure 4.3 the auailaccesses (hits or
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misses) the L2 cache receives. Since this metric is faidgpendent of the L2 cache
size (results for all cache sizes evaluated here differ 1#éss1), we show results using
a perfect L2 cache.

Benchmark performance

Normalized IPC

oliw
wq|
bqy
Mmiesn|o

W 256KB L2 0512KB L2 (J2048KB L2

Figure 4.1: L2 cache size sensitivity for 256KB, 512KB and 2MB L2 caches.

For a cache size of 256KB, 3 out of the 20 benchmaskan(, fasta, phylipare
within 10% of the performance of an ideal L2. These benchmar& the less likely to
benefit from prefetching. Botsjengandfastashow a high RHR (75.4% and 84.3%),
which explains their performance close to an ideal L2. Ondtier hand, the high
performance but relatively low RHR qfhylip (55.3%) is explained by its very low
L2 usage: 31 accesses per 1K instructions, as shown in Fg8re Doubling the
cache size to 512KB only adds another benchmark to thidi§4ref), and in general
only improves the performance of two benchmarks in a conaside mannergromacs,
gobmBi. This suggest that for the scenario that a 256KB L2 cacheesepts (multi-
core environment with several processors competing fdreapace) doubling the size
of the cache helps but does not cause a radical performamprevement.

For a cache size of 2048KB, 12 benchmarks (frehinx3to phylip, in the order
shown in Figure 4.1) achieve performance within 10% of aquaitf2 cache. However,
the IPC improvement of increasing the cache from 256KB to8RmBlis below 30%
except for two benchmarkstmmer(45.1%) andsoplex(89.9%). The L2 RHR stays
above 80% for this group of benchmarks.

In 6 out of 20 benchmarksr(ilc, Ibm, libquantum, zeusmp, clustalw, perlbench
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L2 Read Hit Rate
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Figure 4.2: L2 cache Read Hit Rate for 256KB, 512KB and 2MB L2 caches.

we observe performance below 60% of an ideal cache, everawéige 2048KB L2
cache size. Naturally these benchmarks are the ones that@aeelikely to benefit
from prefetching. All these benchmarks excpptlbenchshow very low cache RHR.
Although perlbenchshows a high RHR, even for the smaller of the cache sizes, this
benchmark shows a very high number of accesses to the L2: dr9likpinstructions
executed (Figure 4.3), more than double the average ofabémchmarks (87 L2 ac-
cesses per 1K instructions). tmilc andlbmthere is little improvement in the hit rate as
we increase the size of the L2, indicating a memory footghat is not easily captured
by a cache memoryibquantum zeusmg@ndclustalwshow significant increases in hit
rates for larger L2 sizes, but even with the largest cachethiz RHR is around 10%
at best. This indicates that these benchmarks operate weltydarge working set.

4.3.2 Miss Distances

One characteristic that helps understand the behavior mfchaining and chaining
prefetch schemes is the distances between consecutivesmigsing an execution
without prefetching, we measure the number of cycles between cotigeenisses,
coming from any instructiong{obal miss distance), from the same instruction in-
struction PC miss distance) or targeting the same CZoB&dgnemiss distance). For
the latter metric we use 64KB CZones. Figures 4.4 and 4.5 shewniss distances
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L2 Accesses per 1K instructions
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Figure 4.3: Number of L2 cache accesses per 1K instructions.

grouped by ranges of number of processor cycles for 256 KB2MBI L2 cache sizes,
respectively.

From this figure we can see that often a large fraction of LZes®ccur thousands
or even hundreds of thousands of cycles apart. Moreovefrabgon of such distant
misses often increases with cache sizes. More importahéyraction of such distant
misses is significantly larger when we consider PC or CZorss mistances. Again,
these results suggest that PC/DC and C/DC with large degfga®fetching, while
still being able to eliminate some more misses, may issuk daep prefetches too
early. Lastly, CZone average distances tend to be shomerpghkr-PC distances due
to the skewing effect of CZone repetition (as explained intia 3.4.2.1), but this
distance can be much higher when transitions between CZmues.

4.4 PC/DC/IMG

4.4.1 Performance and Traffic

Figures 4.6 and 4.7 show the performance improvement (goatyop of each bar)
of PC/DC and PC/DC/MG for 256KB and 2048KB L2 caches sizespeetively. A

prefetch degree of 16 was used. Performance is given as |R@ahped to the IPC
obtained with an ideal L2 cache. Since prefetching usualylves an increase of
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memory bandwidth, we also show this metric in the same pioe (blot with right
Y axis). We measure the total bus traffic (reads and writesyneand and data chan-
nels) and plot it as a percentage of the traffic observed witbrdiguration without
prefetching.

From both graphs it can be seen that the majority of apptinatibenefit from
prefetching. The exception @mnetpp for which prefetching actually degrades per-
formance with a 256KB L2.

As expected, the configuration with a lower cache size bemafire from prefetch-
ing. However even with the large 2048KB L2 several applaadi experience large
speedups.

For a cache size of 256KB, PC/DC/MG outperforms its non strefaaining variant
in 14 out of 20 benchmarks. For tisgengbenchmark, prefetching does not improve
performance regardless of the algorithm used. PC/DC anB@®@IG both slightly
benefitfastg but being so close to the ideal L2 performance there ig litbm for im-
provement. lromnetppas mentioned before, prefetching degrades performante, w
the degradation being slightly worse with PC/DC/MG. Onlptaenchmarkdjger and
hmmer benefit more from PC/DC than from PC/DC/MG. However, thdgrerance
degradation is small: 1.1% tiger and 2.1% irhmmer

With respect to traffic, both PC/DC and PC/DC/MG have similaerhead, with
two exceptions. The benchmalitm sees a substantial decrease in memory traffic
when using PC/DC/MG. This is due to a notable reduction in kelvack traffic in
PC/DC/MG (the read traffic stays the same in PC/DC and PC/[ECiMthis case).
On the other handymnetpshows a significant increase in memory traffic when using
PC/DC/MG compared to PC/DC. With both PC/DC and PC/DC/M@fgiching in-
creases the memory traffic to about 200% percent of the nefietohing configuration,
without giving any performance benefits.

Similar to the 256KB L2 configuration, with a cache size of 2MBC/DC/MG
outperforms PC/DC in 14 out of 20 benchmarks. As it is expkceigger cache size
pushes the performance without prefetching of most apjics closer to that of an
ideal L2 cache. The benchmark64ref fastaandphylip are too close to an ideal
L2 performance to benefit from any prefetching. As with a 2Bk, the benchmark
sjengdoes not benefit from either prefetching algorithm. Différe the 256KB L2
case,omnetpfs performance is not degraded by prefetching. In this cB&DC
prefetching does not improve performance but PC/DC/MG dasging it very close
to the ideal L2 mark. Lastly, onlpmmerbenefits (very slightly) more from PC/DC
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Miss distances. 256KB L2
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Miss distances. 2048KB L2
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PC/DC vs PC/DC/MG. 256KB L2
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Figure 4.6: PC/DC (left bar) and PC/DC/MG (right bar) performance and traffic. 256KB

L2 cache.
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PC/DC vs PC/DC/MG. 2MB L2
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Figure 4.7. PC/DC (left bar) and PC/DC/MG (right bar) performance and traffic. 2MB

L2 cache.
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than from PC/DC/MG. However, the performance degradatmmpared to PC/DC is
only 0.5%.

Not surprisingly, the traffic increase due to prefetchingiggificantly lower in the
2MB L2 configuration. Lower number of L2 misses (compared 256KB L2) trans-
late into lesser prefetcher activations. Both PC/DC andD@IMG exhibit roughly
the same increase in bus traffic, with two exceptions. Hingt,benchmarlkm sees
a substantial decrease in memory traffic when PC/DC/MG id.u$his is due to the
same causes as with the 256KB L2 cache (decreased L2 wiktétaditc). Secondly,
the total traffic inh264refrises from 104% (of the non-prefetching traffic) for PC/DC
to 117% for PC/DC/MG. However, the total memory traffic gexted by this bench-
mark is already very low (thus it is very close to the ideal l2fprmance), therefore
a small number of additional prefetch requests (as is the with PC/DC/MG) will
alter the traffic increase numbers significantly.

4.4.2 Coverage and Accuracy

Figures 4.8 and 4.9 show the coverage of PC/DC and PC/DC/MfG prefetch de-
grees of 1, 4, 8 and 16. Naturally, the coverage varies atrsshmarks, but overall
PC/DC/MG often offers higher coverage for the same degrbis. ilicreased coverage
is mainly due to the cross-stream nature of PC/DC/MG. WhefDRCannot corre-
late a stream, no prefetches are generated and this loveeovénall coverage of the
prefetcher. By contrast, PC/DC/MG correlates acrossdiffestreams, increasing the
chances that at leasbmeprefetches are issued for one of the streams.

Figures 4.10 and 4.11 show the accuracy of PC/DC and PC/DGavithe same
set of prefetch degrees. In the vast majority of the caseadbracy of PC/DC/MG is
significantly higher than that of PC/DC. The accuracy of PC/MAG prefetches tends
to remain stable or decrease only slightly with increasiredgich degree. On the other
hand, PC/DC’s accuracy usually becomes worse as the gnafetiree increases.

Indeed PC/DC'’s “deep” prefetches (within a single streaemdtto have lower
accuracy and lead to wasted bandwidth. For a single prefgienation in PC/DC,
the “tail” elements to be prefetched (e.g., theHL&nd 16h prefetched blocks for a
prefetching degree of 16) will refer to data that may not berenced for a long time
(recall that an indeterminate number of misses belongingther streams may hap-
pen between two consecutive misses in the same streamorbdcsi.2). The longer
a prefetched block stays unreferenced in the cache, theibk probability that it
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Figure 4.8: Prefetching coverage of PC/DC and PC/DC/MG. 256KB L2 cache.

will be replaced by other data. Therefore, the tail prefescin PC/DC have higher
probability of being replaced before being used at all.

By contrast, PC/DC/MG issues prefetches in a much more yimahner, increas-
ing the chances of them being referenced before an evergplacement. The tall
prefetch elements of a PC/DC/MG activation will be used,asecof a correct predic-
tion, much sooner; in the best case, tite prefetched element will be used in exactly
n misses.

We can correlate the accuracy and coverage against themparioe results shown
in Figures 4.6 and 4.7. It can easily be seen that where PGIGGignificantly out-
performs PC/DC, this is due to an important increase in @gesraccuracy or indeed
both. Inlbm, libquantum dealll andgobmk PC/DC/MG shows much better accuracy
and coverage, whereas merlbenchandnamdthe lesser accuracy of PC/DC/MG is
compensated by a much larger coverage. Lastly, the PC/DO#8dts inclustalw
are due to a higher coverage while at the same time mainganoinghly the same
accuracy as PC/DC.
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Figure 4.9: Prefetching coverage of PC/DC and PC/DC/MG. 2MB L2 cache.

4.4.3 PC Stream Prediction Accuracy

For a stream chaining prefetcher to work well, it is fundatakthat it can predict
accurately the next streams to be activated. Figures 44248 show the accuracy
of the predictions made by PC/DC/MG for 256KB and 2MB L2 casizes. We show
the accuracy for various prediction windows A prediction is deemed correct if the
stream predicted is activated in the nexinisses. Naturally the accuracy increases as
w increases. We consider prediction windows of up to 4 misaeg;prediction that
does not occur after that many misses is likely to be wrongfdittle use for our
stream chaining approach.

In the 256KB L2 cache configuration the prediction accuraty?@/DC/MG is
already quite high fow = 1, with 15 out of 20 benchmarks above 80% and all except
one above 65%. This indicates that the miss graph approadeads in capturing
the most common transitions between PCs. The worst perfoistgeng with an
accuracy of 49% fow = 1. However, once we consider a window of two misses,
the prediction accuracy for all benchmarks goes above 70%,am average of 91%.
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Figure 4.10: Prefetching accuracy of PC/DC and PC/DC/MG. 256KB L2 cache.

Further increasing the prediction windowwo—= 4 results in an overall accuracy of
95%, with no benchmark going below 80%. The results for theB2AM cache are
very similar to the 256KB configuration, with the only signdnt difference being an
increase in prediction accuracy fejeng(49% to 66% fow = 1).

Overall, the largest increase in stream prediction acgusatomw = 1 tow = 2.
One important factor that helps explain this behavior isdheurrence of spurious
misses. As explained in 3.4.1.1, PC/DC/MG uses a saturatianter to avoid mod-
ifying too often the miss graph due to infrequent “noisy” s@s. When we increase
the stream prediction window frome = 1 tow = 2, we discount the effect that these
spurious misses have in stream prediction by allottingspacthem in the prediction
window.

4.4.4 Miss Graph Characterization

Here we seek to gain more insight into the behavior of a strd@aming prefetcher by
analyzing statistics about the miss graphs generated lp@®IG. Table 4.2a char-
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Figure 4.11: Prefetching accuracy of PC/DC and PC/DC/MG. 2MB L2 cache.

acterizes the graphs generated by the prefetcher. We elttiese statistics taking
snapshots of the IT table (where the miss graph structuneilig bvery 1000 prefetch
events. We also evaluated snapshots at equal intervals att¢&sses and the results
were very similar. At each snapshot we build the graph desdrby following the
IT NextlIT pointers. As explained in 3.4.1.2 we only consider thoseesdygth aCtr
value of 3 or higher. From our experiments we have found thatyesnapshot con-
tains a collection of several Connected Components (CQ3sdfare subgraphs that
are linked by edges.

In Table 4.2dJnique Subgrapheefers to the percentage of unique CC across the
observed samplesSnapshotefers to the range and average number of nodes per
snapshot (sampleC refers to the range and average number of nodes per connected
component in each graph.

The Unique Subgraphsolumn allows us to measure how stable the miss graphs
are across the execution of the program. Stable miss graphksyfor the success of a
stream chaining prefetcher. If the graphs are unstableasrgatoo often the prefetcher
will not have enough leverage to issue good, timely preffctBecause comparing
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Figure 4.12: PC/DC/MG accuracy in predicting the next PC to appear in the next w
misses. 256KB L2 Cache.

the CC subgraphs across the very large number of snapslets i& prohibitively
expensive, we use a comparison window of 30 snapshots ahkedvindow size was
determined empirically, and larger windows do not affeetbsults significantly. We
classify every CC subgraph from every snapshot as esingtar to at least one other
CC in one other snapshot in the comparison windowjigue meaning that there
is no other similar CC in the window. We deem two CC X and Y samif X is a
subgraph of Y and X’s nodes correspond to no less than 75%sofiddes, orif Y is a
subgraph of X and Y’s nodes correspond to no less than 75%sshodes. Note that
by this definition, two CC that are exactly the same will besskd as “similar”.

In columns 2 and 3 of Table 4.2 we show the fraction of uniquesGyraphs for
256KB and 2MB L2 cache sizes. The fraction of unique subgagen is very small
for most benchmarks. For a 256KB L2, only 11.8% of the obski®€ are unique
on average, with just 4 out of 20 benchmarks showing more %4 of different
subgraphs. For a 2MB L2, 16.5% of the CC are unique, with 7 lieacks having
more than 15% of unique subgraphs. The higher percentagiaredt subgraphs seen
in the 2MB L2 configuration can be explained by the buffer efeebigger cache has
on the global miss stream, capturing more of the more freitpegiuest and increasing
the entropy of the misses. In any case, both configuratioow shhigh number of
similar subgraphs. This suggests that the graphs constirbgtPC/DC/MG are stable
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Unique Nodes GHB hops
Benchmark | Subgraphs (%) Snapshot CcC PC/DC PC/DC/IMG
256KB | 2MB 256KB 2MB 256KB 2MB 256KB | 2MB | 256KB | 2MB
milc 47 30 |[2,15]17.7| [2,15]7.9| [1,7]3.6 | [1,7]3.5 43 43 55 55
Ibm 22 12 | [2,20]7.9| [2,18]6.7 | [2,18] 3.7 | [2, 18] 4.2 77 | 88| 92 | 11
libq 0.8 1.3 | [2,23]19 | [1,24]21 | [1,18]7.0|[1,18] 7.4 52 57 49 51
zeusmp 11 10 | [2,18]11 | [2,15]8.8 | [2,9]4.4 | [2,10]4.1 31 34 | 371 | 384
clustalw 1.1 7.2 | [3,1019.3| [2,9]16.7 | [2,10]8.2| [1,9]6.6 95 | 116| 31 31
perl 11 7.1 |[1,16]8.6|[2,18]19.9| [1,9]3.3 | [1,9]3.6 19 25 94 | 143
namd 21 23 | [2,8]5.8 | [2,8]6.0 | [2,8]5.0 | [2,8]5.8 37 38 | 353 | 352
soplex 2.8 12 | [1,30]12 | [1,11]6.2|[1,10] 3.6| [1, 6] 3.0 79 55 | 101 | 60
sphinx3 11 9.6 | [4,16]13 | [2,11]7.1| [1,15]5.7| [1,5]3.4 118 | 131 | 123 | 137
bzip2 5.6 15 | [1,38]20 | [1,25]13 | [1,9]3.8 | [1,7]3.7 202 | 104 | 215 | 109
tiger 5.4 6.7 | [7,41]30 | [6,34]23 | [1,18]4.2] [1, 14] 3.8 27 31 | 109 | 60
hmmer 12 9.4 |[15,50]38|[13,36]28] [1,33]5.4| [1, 26] 4.5 19 57 | 131 | 158
gromacs 15 42 | [2,25]13 | [4,13]9.8|[1,12]3.6| [1,7]4.4 76 44 86 70
sieng 45 29 | [2,13]7.7]| [2,14]8.4 | [2,13]5.1| [2,12] 5.2 64 95 | 148 | 332
dealll 6.4 43 | [1,25]14 | [1,9]4.7 |[1,11]4.1| [1,7]3.1 85 94 | 116 | 97
gobmk 20 31 |[1,10]5.2| [2,13]19.3| [1,5]3.4 | [1,9]4.5 124 | 106 | 136 | 116
omnetpp | 6.2 16 | [1,9]3.7 | [3,14]4.8| [1,4]3.0 | [1,3]1.8 306 | 55 | 313 | 67
h264ref 14 22 | [1,7]4.6 | [1,9]8.0 | [1,4]2.9 | [1,4]2.8 18 47 30 63
fasta 8.9 8.9 | [8,19]15 | [8,17]15 | [1,16]5.4| [1,9]3.9 24 12 28 14
phylip 13 37 | [8,36]26 | [8,14]11 | [1,24]5.1| [1,10] 4.6 52 49 76 44
Average 11.8 16.5 13.5 10.7 4.5 4.1 69 54 128 117
@) (b)

Table 4.2: PC/DC/MG: miss graphs statistics (a) and GHB hop counts (b).
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Figure 4.13: PC/DC/MG accuracy in predicting the next PC to appear in the next w
misses. 2MB L2 Cache.

and do not change much over time. These results are in lifetivetgood next stream
prediction accuracy shown in Section 4.4.3.

Table 4.2a also shows - in columns 4 to 7 - the average and @ngember of
nodes both per snapshot and per CC. The number of nodes jpshstzand specially,
per CC is not so large that managing the graphs - and, thusatopge the stream
chaining mechanism - becomes too expensive.

Table 4.2b shows the average number of GHB lookups (“hogsjdiired by each
prefetcher to establish delta correlations on a miss efeng prefetch degree of 16.
The number of GHB hops is larger in PC/DC/MG than in PC/DC.sT¢an be ex-
plained by the fact that PC/DC/MG visits several streamgytwee it is activated.
However, this number of hops is not large enough to hindeptdréormance of the
prefetcher and is within the time constraints offered bypadsl L2 cache.

4.5 C/DCIMG

4.5.1 Performance and Traffic

Figures 4.14 and 4.15 show the performance improvementraffet tvariation for
C/DC and C/DC/MG. As with the results for PC/DC/MG, we plotfpemance results
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normalized to the IPC obtained with an ideal L2 cache. We WdeB6CZones in
both prefetchers, since by experimentation we have fouatttiey provide the best
all-around performance in our benchmark set.

C/DC vs C/DC/MG. 256KB L2
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Figure 4.14: C/DC (left bar) and C/DC/MG (right bar) performance and traffic. 256KB

L2 cache.

For a L2 cache size of 256KB, C/DC/MG improves significantig performance
of C/DC in 9 of the 20 benchmarks. The greatest improvemeppéras in the bench-
mark soplex where C/DC achieves a normalized IPC of 0.50 and C/DC/M®rukc
a normalized IPC of 0.65, an improvement of 30.1%. Other berarks that benefit
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significantly from C/DC/MG ard¢bm (0.34 to 0.39 normalized IPC, a 16.6% improve-
ment),clustalw(0.67 to 0.75 normalized IPC, a 11.6% improvemémimer(0.75 to
0.81 normalized IPC, a 8.5% improvement). The lowest impnoent that is above
1% corresponds to theerlbenchbenchmark (2.1%). The rest of the benchmarks do
not show any significant improvement (i.e., above 1%) by giSifDC/MG instead of
C/DC. However, and unlike PC/DC/MG, C/DC/MG never degraithesperformance
compared to its non-stream chaining algorithm.

C/DC vs C/DC/MG. 2MB L2
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Figure 4.15: C/DC (left bar) and C/DC/MG (right bar) performance and traffic. 2MB L2

cache.
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For a 2MB L2 cache size, C/DC/MG improves significantly thefgenance of
C/DC in 6 of the 20 benchmarks. The highest improvement isénbenchmarkom,
where C/DC/MG improves the normalized IPC from 0.35 to 0&15.6% increase
in performance. The next two greatest improvements austalw (0.69 to 0.76,
a 9.7% improvement) anehilc (0.31 to 0.33, a 5.8% improvement). The lowest im-
provement that is above 1% happengarlbench(2.8%). Similarly to the 256KB L2
case, there is no performance penalty for using C/DC/MG. Ak RC/DC/MG, the
2MB L2 configuration pushes more benchmarks closer to thal id2 performance,
so obtaining any performance improvement in these casefficu. For example, 3
benchmarks that benefited from C/DC/MG in the 256KB confiiangsoplex hmmer
andtiger) surpass the 0.9 normalized IPC mark with C/DC prefetchirtpé 2MB L2
configuration.

Both C/DC and C/DC/MG show low traffic increase on most beratks. In the
256KB configuration the benchmark with the highest traffiréase i264ref with
122% and 124% of the original traffic with no prefetching folDC and C/DCMG
respectively. For a 2MB L2 cache the benchmark that showsigheest traffic increase
is milc, with 105% (C/DC and C/DC/MG) of the original traffic. As withC/DC and
PC/DC/MG, we observe a significant decrease in bus traffie thie¢ benchmarkom.
This is also due to a strong reduction in the L2 writebacKitraf

Overall, the results of C/DC/MG show that, in some benchmasignificant im-
provements can be achieved with stream chaining, even vagfaaal localization al-
gorithm. Spatial localization algorithms tend to group seisin such a way that there
are fewer miss stream transitions for a given period of tifff@s is due to spatial lo-
cality in the program (i.e., if a program references an afea@mory, it will tend to
reference as well nearby areas). Fewer stream transitieassrshorter miss graphs
and, therefore, less opportunities for stream chainingigrove the timeliness of the
prefetch stream.

4.5.2 Coverage and Accuracy

Figures 4.16 and 4.17 show the coverage of C/DC and C/DC/M@56KB and 2MB
L2 caches. In all benchmarks C/DC/MG'’s coverage is equat targer than C/DC.
For a 256KB cache, the most significant increases in covdragasured at prefetch-
ing degree 16) are in the benchmatkamer(60.4% to 80.9%)clustalw (54.7% to
70.6%) andsoplex(54.6% to 67.1%). In the 2MB L2 configuration, the largestarev



Chapter 4. Evaluation of Stream Chaining Prefetchers 74

Coverage of C/DC and C/DC/MG. 256KB L2
100 "
90 A
& g0 2 /4 P y
e 70 Vi ,// 4 . ((/
3 60 .4 4 Yl Fi "
o sl 4 / / Lt / P )/ 4
£ ol / - d — 4 1" /
S a0l / { o sl /4
2 4 7 /
S 201
T ——
0
% % 3 K > 5 % ©
% © % % >
% %
—+C/DC = C/DCIMG
100
90
80 A 4
& L 3 4 £ 7 A
e LA ] 4 Y/ 4 A
§1 50 / / e F4 // / 7
) A4 / A f
g o / . / /
g == // _{ {
10 / e
0 —r Catl
< 3, =X . (-3 =X 0, 3. S <,
Y % % %, S % % k: % 3
% %Q,% % % % %% % J %

Figure 4.16: Prefetching coverage of C/DC and C/DC/MG. 256KB L2 cache.

age increases happen in ttlastalw(55.1% to 69.3%)hmmer(59.7% to 72.2%) and
tiger (70.4% to 78.8%) benchmarks.

Overall the results show not only that the coverage of C/DG/slgenerally higher
than that of C/DC, but also that this increase becomes lagehe prefetch degree
increases. As with PC/DC/MG, this is due to increased oppdres for prefetch-
ing: some CZones might not have enough miss data to prediot than a small
number of misses, but with the Stream Chaining strategy wecoarelate over sev-
eral CZones. This increases the number of prefetches igmrquefetcher activation,
therefore achieving a higher coverage.

In Figures 4.18 and 4.19 we show the accuracy of both predetdior 256KB and
2MB L2 caches. Overall, the accuracy of C/DC and C/DC/MG isgidy the same,
with a few exceptions with the 256KB L2 cache. For this comiagion C/DC/MG
suffers significant accuracy degradation in the benchrha@dref (96.4% to 79.2%),
and moderate to small degradation in the benchmarkg80% to 74.4%) anttmmer
(95.3% to 91.1%). However, two of these benchmah&séref andhmmej already
perform close to an ideal L2 without prefetching. All thesnbhmarks, however,



Chapter 4. Evaluation of Stream Chaining Prefetchers 75

Coverage of C/DC and C/DC/MG. 2MB L2
100 -
90 S A
$ 0 4 / -
5 7 / Y4 i _ ] A
L 7 r Y / =3
e /4 / / L — 7 P24
£ 1/ / — & L 4 /A /
s ol/ ! = 7 4
"é 20 v’ (4 /
o o
10
0
Y 3 Z © Q L) 2. L) 9, S,
% % % % * %
%, %
- C/DC - C/DCIMG
100
90
[} 80 /
3 ) /
g 70 . o 4 -
2 60 adl r s / yd 7 / Z
5 sl L~ " / / 4 / 7
£ 1/ 4 V4 / / / 4 /
s { — t { /
s 30 1
& 20 _
4
10
0 T —
< 3, <, o -4 (= Q 3. S 0,
% % C e S 2 % 2 % %
Ll -3

Figure 4.17: Prefetching coverage of C/DC and C/DC/MG. 2MB L2 cache.

perform better with C/DC/MG than C/DC, so this decrease gueacy is compensated
by higher coverage and better prefetch timeliness.

4.5.3 CZone Transition Prediction Accuracy

In Figures 4.20 and 4.21 we show the accuracy of C/DC/MG inliptiag the next
CZone to be activated. This data refers only to transitiaween different CZones;
the accuracy of predicting consecutive misses to the sarme€ig analyzed in Section
4.5.4.

As with PC/DC/MG, we establish a windowof 1, 2 or 4 misses. In this context,
this window size refers to the number of misses to differefdies.

For a windoww = 1, 10 out of the 20 benchmarks present prediction accuracies
above 70% for a 256KB L2. With the exceptionlbm andsphinx3 the prediction re-
sults show little variation with respect to the window sig@rw = 4, 12 benchmarks
show accuracies over 70%, 4 between 40% and 70% and the iagdihave accu-
racies lower than 40%. For a 2MB cache, 9 out of the 20 bendkstave prediction
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Figure 4.18: Prefetching accuracy of C/DC and C/DC/MG. 256KB L2 cache.

accuracies above 70%. Moving to a larger window size 4, 13 benchmarks show
accuracies over 70%, 4 present accuracies in the 40% - 708¢ famd the remaining
3 show accuracies less than 40%. Like with a 256KB cachee tisdittle variability
when changing the window size with the exceptiohboh andsphinx3

Overall the prediction results show that CZone transitiares more difficult to
predict than PC transitions. This is expected, since wisettea PC miss graphs are
due to a inherently structured source (the program), then€zwiss graphs are highly
dependent on the spatial patterns of the miss address stream

4.5.4 CZone Repetition Prediction Accuracy

Figures 4.22 and 4.23 show the accuracy of the C/DC/MG inigtiad how many
consecutive misses will each CZone receive (CZone repesiti Data is given as
the frequency that the predictor is right plus or minus: {0,1,2} misses. The data
for d = 0 shows the number of occasions C/DC/MG predicted the exawtber of

We includedibquantumin this group, with av = 4 accuracy of 39.82%
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Figure 4.19: Prefetching accuracy of C/DC and C/DC/MG. 2MB L2 cache.

repetitionsd = 1 represents the data for when the prediction was off by plusious
1 miss and similarlyl = 2 represents the data for predictions that are off by 2 misses
For both cache sizes the C/DC/MG makes exact predictobasd) more than 70%
of the time in 12 out of the 20 benchmarks. For a cache size ®KB%andd = 1, 18
benchmarks show prediction accuracies above 70% and 13%uof tfave accuracies
over 90%. For a 2MB L2 cache anld= 1, 16 benchmarks have prediction accuracies
above 70% and 12 of them above 90%. The datalfer2 shows a smaller increment
in accuracy for both cache sizes, indicating that most CHD&predictions are either
right within one miss (the majority), or off by more than twasses.
As with the CZone transition predictions, the results ang/ wemilar for 256KB
and 2MB caches, suggesting that the mechanism is robusgkrowe independent
of the cache size.
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Figure 4.20: C/DC/MG accuracy in predicting the next CZone to appear in the next w
misses. 256KB L2 Cache.

4.5.5 Miss Graph Characterization

Table 4.3 characterizes the miss graphs used by C/DC/MG.i#hsRZ/DC/MG, we
calculate the percentage of unique graphsolumns 2 and 3), the average size of
the graphs on each snapshot (columns 4 and 5), the averagefdize Connected
Components (CC) of each snapshot (columns 6 and 7) and tmagavaumber of
GHB hops for C/DC and C/DC/MG (Table 4.3b).

Overall, the results show that with C/DC/MG the percentagenique graphs is
higher on average than with PC/DC/MG. Comparing the sizdefgraphs with the
CZone prediction accuracy, we can see that all the benctentlak show poor accu-
racies (i.e.Jibquantum soplex bzip2 sjengandomnetppfor a 256KB L2) have also
a high proportion of unique graphs. This indicates that esthbenchmarks there is
high variability in the structure of the graphs, and thisef$ their predictability. On
the other hand, some benchmarks with a high percentage qii@graphsgerlbench
tiger, fastaandphylip) show good CZone prediction accuracies.

The average number of nodes in each graph snapshot is muuoér hiigan with
PC/DC/MG. On the other hand, the average size of each CC igevage less than in
PC/DC/MG. This means that C/DC/MG captures more differegmditions between

2We use the same procedure described in Section 4.4.4.
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Unique Nodes GHB hops
Benchmark | Subgraphs (%) Snapshot CcC C/DC C/DC/IMG
256KB | 2MB 256KB 2MB 256KB 2MB 256KB | 2MB | 256KB | 2MB
milc 5.6 5.9 |[12, 424]336| [12, 423] 332| [2, 330] 7.6| [2, 338] 7.9 35 35 38 37
Ibm 1.9 2.1 | [4,339]271| [4,366]265| [2,42]3.3 | [2,40]3.4 56 52 72 80
libg 25 26 | [8,375]236 | [2,373]211| [2,95]3.1 | [2,72]2.9 8.8 9 30 22
zeusmp 2.8 2.2 | [10, 315] 207| [12, 383] 249| [2,42]3.2 | [2,37]3.1 33 36 63 70
clustalw 2.9 34 | [3,139]124 | [3,137]121 | [2,17]3.4 | [2,23]3.7 77 | 95| 30 43
perl 26 21 | [37,159]115 [35,86]64 | [2,99]5.1 | [2,40]2.7 47 | 41| 58 | 59
namd 16 19 | [40,122]93 | [44,109]89 | [2,22]4.0 | [2,35]5.0 39 32 42 33
soplex 19 11 [2,75]19 | [2,129]73 | [2,34]2.8 | [2,31]2.9 20 18 54 20
sphinx3 9.8 13 [8,77]57 | [8,82]57 | [2,21]2.8 | [2,21]3.5 14 16 25 28
bzip2 22 30 [7,30] 16 [7,35]20 | [2,12]2.4 | [2,19]3.0 88 | 88| 13 13
tiger 13 13 | [5,286]95 | [5,83]58 |[2,112]2.5| [2,67]6.4 39 30 63 46
hmmer 8.4 15 | [5,105]62 | [5, 101]65 | [2,44]4.6 | [2,53]6.9 16 11 24 18
gromacs 16 12 [8,42]29 | [8,77]57 | [2,17]2.8 | [2,23]3.0 68 33 90 44
sjeng 46 56 | [4,115]43 | [10,90]42 | [2,5]2.1 | [2,6]2.1 33 | 32| 33 | 32
dealll 14 17 [8,33]24 [6,120]73 | [2,13]3.1| [2,28]3.1 59 44 62 45
gobmk 33 38 [6,40]127 | [7,37]24 | [2,15]2.9 | [2,12]2.8 48 25 50 25
omnetpp | 13 17 | [82, 151] 125 [62, 307] 173| [2,28]3.3 | [2, 70] 2.6 11 60 13 64
h264ref 46 32 [6,24]14 | [11,71]144 | [2,9]25 | [2,20]2.9 27 39 38 50
fasta 23 11 [6, 43] 25 [6,72]40 | [2,9]13.3 | [2,8]3.3 40 51 41 51
phylip 25 25 [6, 43] 23 [8,53]34 | [2,20]13.2| [2,23]3.2 70 91 71 | 109
Average 18.4 18.5 97.0 105.3 3.4 3.7 30 30 41 40
@ (b)

Table 4.3: C/DC/MG: miss graphs statistics (a) and GHB hop counts (b).
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Figure 4.21: C/DC/MG accuracy in predicting the next CZone to appear in the next w
misses. 2048KB L2 Cache.

streams than PC/DC/MG, but the individual transition ckane on average shorter.
This is reflected as well on the number of GHB hops (Table 4@b¥e on average to
the GHB hop count of C/DC.

4.6 Comparison of PC/DC/MG, C/DC/MG and G/DC

Having analyzed the performance of both our Stream Chaipnefetchers against
their non-chaining counterparts, we now compare them ag&fbC. G/DC is a sim-
ple prefetcher that does not perform any localization asteed operates on the global
miss stream. As all the other prefetchers analyzed in thaptel, it uses Delta Corre-
lation for detecting memory patterns and predicting futaeanory accesses.

Since G/DC does not perform localization, all the prefesdhgenerates are based
on the global miss stream and therefore are expected to pdinely. On the other
hand, because of the lack of localization mechanisms, itvat be able to detect
interleaved memory patterns that are typical of complexherarks. By contrast, our
Stream Chaining prefetchers do support localization atiteegame time they promote
a timely dispatch of prefetches.

Figures 4.24 and 4.25 show the performance and traffic eesfilPC/DC/MG,
C/DC/MG and G/DC for 256KB and 2MB L2 caches. The first thingutde is that no
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Figure 4.22: CZone repetition accuracy. 256KB L2 cache.

prefetcher gives the best performance in all benchmarkss iSlexpected, as differ-
ent benchmarks show different memory patterns that areicapbest with different
localization schemes (or no localization).

For a 256KB L2 cache, the Stream Chaining prefetchers parfatter than G/DC
in 11 of the 20 benchmarksnilc, lbom, libquantum zeusmpclustalw perlbench so-
plex sphinx3 gromacs gobmkandomnetpp G/DC obtains better results in 2 bench-
marks:namd(1.9% over C/DC/MG) anttmmer(5.7% over PC/DC/MG). Two bench-
marks show significant and roughly equal improvements wgStream Chaining and
G/DC prefetcherstiger (19.2% over non-prefetching baseline for PC/DC/MG, 19.6%
for G/DC) anddealll (16.6% for PC/DC/MG and 14.1% for G/DC). Lastly, the 5
remaining benchmark$%ip2 sjeng h264ref fastaand phylip) show little or no im-
provement in performance with prefetching, be it Streami@hg or G/DC.

As expected, the results for a 2MB L2 cache show less bensdits prefetching.
In 7 of the 20 benchmarks our Stream Chaining Prefetchewreat better perfor-
mance improvements than G/DRilc, Ibm, libquantum zeusmpclustalw soplexand
sphinx3 G/DC performed better in two benchmarkserlbenchandnamd Lastly,
the remaining 10 benchmarkisger, hmmer gromacs sjeng dealll, gobmk omnetpp
h264ref fastaandphylip) showed small or no improvements with prefetching.
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Figure 4.23: CZone repetition accuracy. 2MB L2 cache.
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PC/DC/MG vs C/DC/MG vs G/DC. 256KB L2
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Figure 4.24: Comparison of Stream Chaining prefetchers and G/DC. 256KB L2 cache.
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PC/DC/MG vs C/DC/MG vs G/DC. 2MB L2
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Chapter 5

Resizable Prefetch Heaps

5.1 Introduction

This chapter introduces the conceptRésizable Prefetch HeagRPH), the second
main contribution of this dissertation. The RPH is a novgbmization of the Prefetch-
ing Request Queue (PRQ, Section 2.6.2) that allows pretetoltling (Section 2.7) in
multi-core systems (Section 2.8) to be performed at the RRE).I In order to do so,
prefetch requests are assigned a priority that reflectsrédative value among the pool
of pending prefetch requests. Prefetch requests are tedrrom the queue accord-
ing to their priority, effectively turning the PRQ into a liegl priority queue. In case
of overflow, requests already in the PRQ are only overwriiftéme incoming request
has greater priority (i.e., they apedgedto be more valuable). In addition to this, the
size of the RPH PRQ is adaptively changed according to threlcumemory channel
utilization.

Prefetch throttling is especially important in multi-cangstems, where each core’s
prefetcher competes with the other prefetchers for memangdwidth. Because of
this, we assume in this chapter a multi-core architectutk priefetching as described
in Section 2.8.

The rest of this chapter is organized as follows: Sectiorchatacterizes prefetch
throttling as a producer-consumer problem; Section 5.8rdess HPAC, a state-of-
the-art prefetch throttling mechanism on which we base piathe behavior of the
RPH; finally Section 5.4 introduces tRFPHPRQ and describes in detail its operation.

85
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5.2 Prefetch Throttling as Producer-Consumer Problem

The problem of prefetch throttling can be viewed as a geizatadn of the well known
producer-consumer problem. Prefetch requests are geddratone or more produc-
ers, the prefetch engines. In a simple single-core systera thill be just one producer,
while on more sophisticated systems and in multi-core systiere will be a group
of producers. On the other hand, typically we have just omsgmer: the memory
controller, although more sophisticated systems mighetmere than one memory
controller and, thus, more than one consumer. The memoryraltan is in charge
of consuming the prefetch requests generated by the proslasesoon as conditions
allow. Normally memory controllers will wait for the memobus to be idle before
dispatching any prefetch requests, as these are usuadly [giwer priority than normal
memory requests. A temporary data store called the Preftcjuest Queue (PRQ,
Section 2.6.2) sits between the consumer and the producersler to allow queueing
of pending prefetch requests.

An important difference between this setup and the tragiiproducer-consumer
problem is that not all the data items produced need to rdaelcdnsumer. In fact,
the main objective of a prefetch throttling system is to eeshat only the prefetch re-
quests that are thought to be more desirable do reach the imenrdroller. Note that
in the most general formulation of this problem, the “ddsility” of a prefetch request
is re-assessed at every time step and is measured congid#time currently pending
prefetch requests. Obviously, such ideal control is nattpzal and compromises have
to be made.

Viewed in this light, it is clear that current prefetch thholg mechanisms (Section
2.7) work only on the producer side of the problem. Be it byefitig out prefetch re-
guests or reducing the prefetch degrees, these mechanaraebefore the prefetch
has reached the PRQ, at each prefetching source (the pradwee analogy). Once a
prefetch request has passed all the filtering and throttlieghanisms, it is enqueued
in a simple linear FIFO and consumed in turn. By not tacklihng tconsumer side
of this problem, throttling mechanisms ignore two impottaspects of the producer-
consumer problem: how to consume the prefetch requests mdist effective manner
and how to discard elements in case the prefetching quesi@ill As a consequence,
most prefetch throttling algorithms err by being too causiin the type of prefetches
that they let through. Since each prefetch request thatsisried in a conventional
FIFO-like PRQ may overwrite other possibly more importaquests, or be put in
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front of more time-critical requests (disturbing their &hmess), current throttling al-
gorithms cut down prefetch requests for which there are notigh guarantees that
they will be beneficial. This binary good/no good approacteto lost opportunities
in prefetching.

In this chapter, we describe a way to throttle prefetcheas wWorks both on the
producer and consumer side of the problem. With RPH thngttleach prefetch is
graded in such a way that obviously good prefetches are aldipatched, possibly
good prefetches are dispatched if there is enough resoimicem, and bad prefetch
requests (i.e., those that clearly degrade performanediltered out. We also provide
a mechanism that manages overflow in the PRQ and discardgdfetgh requests
judged possibly less beneficial. Lastly, we include a gldbedttling down mecha-
nism that reduces the number of prefetch requests at timesewthe memory bus is
saturated, regardless of other metrics.

Before delving into the details of operation of the RPH, wstfiset the context of
prefetch throttling in the next section, describing a stdtéhe-art prefetch throttling
mechanism known as HPAC.

5.3 Case Study: The Hierarchical Prefetch Aggressive-

ness Control

Traditionally prefetch throttling algorithms have usedtrios local to the prefetcher
being throttled in order to make decisions about its aggressss. This local-metrics-
only approach may be suitable for single-core architesturet in a multi-core system
itignores importantissues such as inter-core prefetghatigtion and bandwidth shar-
ing. Only very recently there have been proposals to takieagimetrics into account.
In this chapter we describe HPAC [24] one of such prefetcbttlimg algorithms that
uses global and local metrics to make throttling decisionghen we introduce the
RPH PRQ in Section 5.4 we use some of the basic principles\ddhiPAC to build
our prefetch throttling strategy.

The HPAC throttling mechanism is tiered in two decision Igyén the first layer, a
set of rules watch for harmful interactions of prefetcheosf different cores. In such
case, the interfering prefetcher(s) is(are) throttled mdsvavoid global performance
degradation. On the other hand, if no such interferencefoaral, control is passed to
a local decision layer which runs a set of rules based on loedtics (accuracy, local
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Decision Iayer‘ ACC; ‘ BWC; ‘ POL; ‘ BWOC; ‘ Action

low - low high
low low high low
Global low high | high low Global throttle down
low - high high
high | high | high high
low high | low low
Local high | high | high low Local throttle down decision
high | low high high
Any other case Local decision

Table 5.1: HPAC decision rules

pollution, etc.) and regulates the aggressiveness of eatbtpher accordingly.

Table 5.1 summarizes the rules used in HPAC throttling. $ktf rules is eval-
uated periodically, once per core in the system. At evabdnaime, four basic metrics
are used:ACG, the accuracy of the prefetcherBWG, the bandwidth consumed by
corei; POL;, a measure of the pollution caused by prefetdherother coreg #i !
andBW OG, the sum of bandwidth needed by all coles i.

As it can be seen in table 5.1, the global and local decisipertacan spawn three
types of actions. The first group of actions, activated byglobal decision layer, is
run when HPAC detects severe inter-core interference froepoefetcher. HPAC then
reduces the aggressiveness of that prefetcher in ordeletoadk the situation. The
local decision layer can run two type of actions. The first coi@esponds to a border-
line interference scenario. In this case the local decikiger role is to avoid a given
prefetcher to transition to a severe interference scen&o this, the local decision
layer rule set is run to possibly throttle down (based onlloeztrics) but never throttle
up the prefetcher. Lastly, when there is no detectable-otes interference, the local
decision rule set is run to adjust the prefetcher aggressssebased on metrics local
to that prefetcher. HPAC us&sedback Directed Prefetchig3] as the local prefetch
control heuristics.

The throttle down and up actions lower and increase resédgtihe aggressive-
ness of a prefetcher. This is done increasing or decredsengrefetch degree, and, in
the case of thetream prefetchefSection 2.5.2.1), the prefetch distance. For practical
reasons, the values the prefetch degree can be set to ally lisuged to a reduced set

1This refers to the number of cache lines belonging to otheescthat have been evicted this core
prefetches and later referenced again.
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of possible values (for example, uniformly sampling thefauration space from the
least aggressive setting to the most). Therefore, in thigex, increasing (or decreas-
ing) the prefetch degree implies setting it to the immedyatext higher (or lower)
value from the set of degrees. Since the exact compositidheo$et of prefetching
degrees is implementation dependent, throughout thist€hae will refer only to the
throttle up or down operations and not to the particular dedhe prefetch is adjusted
to.

5.4 Resizable Prefetch Heaps

In this section we present our proposal for throttling pigfes in a multi-core. The
key idea of the proposal is to perforghobal throttling, which is achieved through a
novel organization for the prefetch queue: fResizable Prefetch Heap (RPH)he
RPH employs two new techniques for prefetch throttling:optization of prefetch
requests according to prefetch metrics and resizing of tid Rccording to available
bandwidth.

5.4.1 Introduction

The key novel infrastructure proposed in this dissertaiaachieve global throttling is
the Resizable Prefetch Heap (RPH). The RPH is designed apardreplacement for
ordinary FIFO prefetch queues. As its name suggests, thei®Baked on the binary
heap data structure, explained in Section 5.4.1.1. The R&Hsmas a priority queue,
where each prefetch request has an associated prioritye-§tidue time (performed
by the memory controller), the prefetch request with higlpemrity is selected and
extracted from the RPH.

Another property of the RPH is the ability to resize itselfaaling to the current
memory channel utilization. At times where the memory clehmn saturated by de-
mand requests from the processor cores, the RPH shrinksgnreducing the number
of prefetch requests sent to memory and acting as a glotmtlthg mechanism. The
RPH is implemented logically as a linear array of queue etgasSections 5.4.1.1 and
5.4.1.2). Therefore resizing the RPH can be done seamlegdjoring in a register
the current size of the heap, and ignoring elements in tlag g@ast this limit.



Chapter 5. Resizable Prefetch Heaps 90

(b)

Al A2 A3 A4 A5 A6 A7 A8 A9

(@)

Figure 5.1: Logical view of a binary heap: (a) as a tree; and (b) as an array.

5.4.1.1 Binary Heaps and Priority Queues

Binary heaps are well known data structures [1]. They ara@yaobjects that can be
viewed as a nearly complete binary tree (Figure 5.1a), witssibly the lowest level
incomplete. Each node in the tree corresponds to one elémtrg array. This map-
ping is done in the following way: the root of the tree is thetfelement of the array,
and for each elememft[i] in the array its two children in the tree are the array nodes
A2xi] andA[2 i+ 1] (Figure 5.1Db).

An important property of binary heaps is that, viewed in ti@en, each node is
equal to or bigger than any of its childrérffor some definition of equal to or bigger
than previously established). This property allows heagxetused as an efficient im-
plementation of priority queues. Queueing and de-queueanga heap-based priority
queue can be done efficiently@(logon) operations, whera is the size of the queue.
The basic method of insertion in a heap consists in insettiaglement at the bottom
of the heap (the lowest level of the tree) and successivedypping this element with
its parent until the heap property is restored. Extractiomfa heap-based priority
queue is done by removing the root element from the tree attohgun its place the
bottom-right (last element in the array) element of the.tréaen the new root ele-

2More precisely this defines max-heaps, where the biggasiegitin the heap is the root of the tree.
Conversely, in min-heaps the root of the tree contains tredlest value in the heap.
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IF P8 > P3 -> SWAP(P8,P3)

Priority array P1 P2 P3 P4 P5 P6 P7 P8

Satellite array

Figure 5.2: Heap array split into priority and satellite data arrays.

ment is again successively swapped with one of its childreih the heap property is
restored.

5.4.1.2 Hardware Implementation of Binary Heaps

Binary heaps are suited for hardware implementation becaltheir array represen-
tation. In hardware, a binary queue with up to a few hundrech& can be directly
implemented with just a normal array store and combindtonieuits [37]. Each item
in the array store contains two elements: a priority field ardhta field. The prior-
ity field is used to organize each item within the queue, wtikedata field contains
the satellite information associated with each elememceébinary heap operations
require swapping elements in the array, this hardware argaon might not be con-
venient if the data field is relatively large. This can be sdlby using an additional
satellite data array that holds the data. In this case the &ay only holds the prior-
ity and a pointer to the satellite data array, as shown inréi§ud.1.2. Compared to a
circular FIFO queue, the hardware overhead of binary hesapsriimal.

One possible issue with the use of binary heaps in hardwahaisnsertion and
deletion from them are no longer constant-time operatibns Jogarithmic. We do
not anticipate this to be a problem. In our proposed use, Wenaidel a queue with
a maximum of 256 entries. This would mean that insertion detote in the queue
would take a maximum aiog(256) = 8 operations. Note that, although each opera-
tion requires one comparison and one swap step, these deoessarily need to be
performed sequentially. An optimized hardware implemgoacan take advantage
of the fact that, when inserting into the heap, all compassperformed, except the
last one, have the same sign. Therefore such optimized inguigation can perform
the swap and comparison steps in parallel in one cycle, wighcaveat that when
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the comparison changes sign, the last swap was unnecessamgeds to be undone.
Thus, inserting into the queue can be done in at ragst(256) + 1 = 9 cycles, well
within the timing constraints for current L2 caches. Funthere, with this optimized
implementation, insertion operations can be pipelinectaige of having two or more
consecutive insertions into the heap, each insertion @hjsgst two cycles after the
preceding oné. Lastly, if strict constant-time insertion and deletioe aeeded, this
can be achieved by placing one set of comparators for eanteatdan the array store
and implementing a sorting network [38], which would penficall the comparison in
parallel. As with most hardware implementations, thergasrdormance/cost trade-off
that must be taken into account.

Even if a non-optimized hardware implementation is usetk tiwat binary heaps
are in fact almost-full binary trees. As such, approximaf€% of the elements of the
heap will be leaves of the tree (a full binary tree with-21 elements has"2?! leaf
nodes), and 75% of all elements are located within the firetlhattom levels of the
tree. Therefore, when inserting a new element into the hieigpikely that it will move
only a few levels upwards the heap, requiring on average rfexagr compare-swap
operations than the worst-ca®élogn).

Extraction in an unoptimized binary heap is likely to carrijoager latency than
insertion. This should not be a problem because extractsnnimore lenient timing
constraints, since the requests are being dispatched tmmiewy the memory con-
troller, which will give priority to regular cache missesawprefetch requests. Even
S0, there are some extraction optimizations that can bemeed. First, extraction can
be divided in two separate and independent tasks: 1) exiraot the value (the root
of the tree); and 2) heap rebuilding. The first task can be ¢tetegimmediately, since
the root of the tree is the first element of the heap array. &fbes the extraction proce-
dure can return a prefetch request to the memory contrallgist one cycle, with the
caveat that the next extraction can not happen until the tseragbuilt, which can take
up to 8 cycles in our case Moreover, the top two levels of the tree contain only three
elements. An optimized implementation could simply perfa parallel comparison-
swap between them in one step instead of two. This could eventended to the next
level at the cost of more complicated comparison hardware.

3A space of two cycles is needed to allow for the last swap-siteio corresponding to the preceding
operation

4Note that extraction and insertion can run in parallel, svelis no need to lock the queue while the
extraction heap rebuilding is happening.
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Memory utilization | CSR

< 30% Hardware Size (HS
<50% 0.5xHS

<70% 0.3xHS

>70% 1

Table 5.2: Memory utilization scale used to resize the RPH.

5.4.2 Prefetch Throttling with RPHs

RPHs are basically a hardware implementation of a binaaphmax-priority queue
with adaptive resizing. Extraction from the queue giveskbhe element with the
highest priority in it. Insertion in a full queue only modsidt if the priority of the
item to be inserted is greater than the lowest priority stanethe queue. Therefore,
the behavior of an RPH is governed by two main design dea@sibow to assign a
priority to each prefetch request and how to perform the idapesizing.

5.4.2.1 Adaptive Resizing

Resizing of the RPH is done by storing in a register the ctisize of the heap. We call
this the Current Size Register (CSR). The contents of the &8Fbe equal to or less
than the maximum storage size of the queue (Hardware Size,lkt®rt and extract
operations take into account CSR and do not consider arsatiques bigger than it. We
recalculate the CSR in interval windows of a million cycl@sthe end of each interval
we calculate the utilization of the memory channel and ckahg CSR according to
a scale (Table 5.2). In order to calculate the memory chamtil&tation, we count
how many misses we register during the window (not inclugirefetch requests) and
normalize it to the maximum possible number of misses duhagjperiod.

5.4.2.2 Priority Assignment

Assigning priorities to prefetch requests defines the miaiattiing behavior of the
RPH. For this, we base our prefetch control heuristics osghged by the state-of-
the-art throttling mechanism HPAC [24]. Moreover, we use shme set of rules as
HPAC (Table 5.1). However, crucially, we construct a systémrefetch priorities that
allow any prefetch request to be potentially added to our RRIQ. For this, we assign
each prefetch request a priority based on the following tdam
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(5.1)

. (32—W) — Pytr — Offset+ AccBonus  if Allow== true
Prio(W,,, Petr, Acc Allow, O f fset) =

otherwise

5 ifAcc>0.9
AccBonus=¢ 3 ifAcc>06 (5.2

0 otherwise

For any given prefetch request, we calculate its prioritgdobon five pieces of
information: W, the prefetch wave numbe®,, the prefetch activation countekcc
the accuracy of the prefetcher issuing the requiisw, a boolean variable that is fed
back from the throttling heuristics; ar@ff, an optional offset explained bellow.
Clearly not all prefetch requests should be enqueued it&RPH PRQ, no matter
how low their priority. More concretely, those prefetchesched harmful by the global
control layer should be removed. This is what &lew boolean variable implements.
This variable is fed back from the global control layer of tuottling heuristics and is
setto zero when one prefetch request is deemed harmful singgsevere interference.
We calculate prefetch request priorities using Equatiohs®bd 5.2. In the case of
Allow = 0, the prefetch request is given priority zero, which istedaas a special case
meaning that it should be ignored and not inserted in the gudihe prefetch wave
number is simply the relative ordering of a prefetch requestin a single prefetcher
activation (i.e., the set of prefetch requests issued bypogfetcher after a given miss).
For each prefetcher activation, the first prefetch issuedldvbave a wave number 1,
the next one would have a wave number 2, and so on up to thegrefegree. The
prefetch activation counteP§;) stores the total count of prefetcher activations (in any
core) in the system. Lastly the accuracy of the prefetchstioised normalized to 1.
Term by term formula analysis: Below we describe the rationale behind each

term in the priority assignment formula.

* (32— W,) — Wave ordering:In almost every prefetcher the accuracy of the
prefetch requests diminishes as the wave number increases,we are predict-
ing further and further into the future. Therefore, we satitthe wave number
from 32 (the maximum prefetch degree we consider in our e¥@ln) so that
prefetch requests with lower wave numbers have higherityititan requests
with higher wave numbers.

* —Pyr — Time ordering:In order to avoid data stalling issues, we relate each
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prefetch request to the prefetch activation number. Byragbhg this number
from the priority we achieve a gradual prioritization of etdrequests in the
queue: since this is an ever increasing counter, older stgjuell progressively
have more priority than newer requeésts

« —Offset— Prefetch classingiWe permit certain classes of prefetches to have an
overalllower priority than the rest of requests. We do so to distinguigiveen
prefetches that the throttling heuristics judge surelyetieral to other prefetches
which are onlypossibly beneficialFor the first class we use OffsetO while for
the second class we use a suitable large value (GH#4€0 in our experiments).

» AccBonus— Accuracy bonusBased on experimental results, we have deter-
mined that promoting highly accurate prefetches improkiesoverall prefetch-
ing performance of the system. For this reason we use AccBomhich is a
variable that contains a priority boost of 5, 3 or 0 dependinghe accuracy of
the given prefetcher (values determined empirically).

Overall formula behavior: The main objective of the priority assignment for-
mula is to interleave prefetching requests from severa<or such a way that, in case
of competition between prefetchers, no single prefetcharaompletely overtake all
the space in the PRQ. Within a single prefetch activationnferee the time ordering
in which the prefetch requests were generated. When two oe mrefetcher activa-
tions insert several requests into the queue, our priosgigament maintains a general
interleaving of requests while gradually promoting (andliing) older requests over
new ones. Prefetchers that show high accuracy are slightipngied over the rest,
but the effect of this promotion is limited (the maximum pitp boost of 5 means a
request can “jump” up to five places in the queue) and the géirgerleaving is still
enforced. Lastly we allow a class of “optional” prefetchuegts that have lower over-
all priority than primary requests but whose dispatch i istierleaved (within their
class) in the same way.

5.4.2.3 Integration with Throttling Heuristics

So far we have discussed how an individual prefetch is asdignpriority according
to the priority assignment formula, which in turn dependdiea signals or variables

5In order to prevent overflow, this counter should be resebatext switch time.
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‘ Decision layer | HPAC action RPH action
ReduceDjimit and possibl
Global Global throttle down fimit P P
by one step
Local Local throttle down decision Local reduceD decision
Local decision SetD andDjmit
Table 5.3: RPH throttling actions.
IID limit
| Offset = 100 |
STTT T TN ~ ;
! P R
P1 P2 P3 P4 | || P5 P6 ||+ PL i i BB i
| CizoN i N
wo=1 w =2 W,=3  Wi=4 | W-=5 W =6 I/Wn 7 M w =8>
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Allow = true

Figure 5.3: Role of D and Djm registers. W, denotes the prefetch request wave num-

ber.

(Wh, Petr, Acg Allow andOffse). In this section we describe how to integrate the HPAC
throttling heuristics with the RPH so they drive these sigha

In a conventional system throttled by HPAC heuristics, ttobagl decision layer
has the power to limit the aggressiveness of a given prefatchse it is causing ex-
cessive inter-core interference or pollution. To do thithriottles down such prefetcher
with a clear cut on the degree. Similarly, we do not allow dieharmful prefetches
in the RPH. For this we use a register call®g;;, which stores the maximum wave
number for which théllow signal is set; any other prefetch requests dilgk;; are
effectively discarded, as per the priority assignment fder(Equation 5.1). In this
aspect, both RPH throttling and conventional HPAC thnagthvork in a similar way.
Thus, unlike HPAC, we also allow for some deeper prefetcheohditionally make
it into the queue, depending on the priority values of theeptlequests already in the
PRQ. This allows for a more graceful global control. Additadly we use another reg-
ister calledD: any prefetch whose wave number is greater thaactivates théffset
signal, which marks this prefetch request as “optional” givés it a lower priority. In
summary, comparing the wave number wittandDjini; permits calculating th®ffset
andAllow signals, which in companion with tH&, counter and the accuracy metric
of the prefetcher, are sent to the priority calculation anek. Figure 5.3 illustrates
the role ofD andDyj; for setting the signals used in priority calculation.
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We modify the throttling heuristics to operate DrandD)inj; instead of actuating
directly over the prefetcher (Figure 5.3). If the globalidean layer rules are triggered,
the RPH reduces the value Dfiit (by choosing the immediate next lower value from
the prefetch degree set). If, as a result of tBiss greater tham),it, D is set back to
the same value d3;ini;. Once in the local decision layer, there are two alternatire
the borderline scenario, where the local decision rulesuar¢o possibly throttle down
a prefetcher, we reduce instead the valu®gf;i; (again, by choosing the immediate
next lower value from the degree set). Similarly to the gldager case, we res&
to Diimit If as a result of this action it would remain bigger than it.amy other case,
the local layer rules set the value Bf Dyt is in this case set to the immediate next
higher degree in the prefetch degree set.



Chapter 6

Evaluation of Resizable Prefetch

Heaps

6.1 Simulation Setup

As with the evaluation of Stream Chaining prefetchers (@éraf), we use SESC[30]
for all our simulations. We simulate a modern multi-coretegswith aggressive out-
of-order cores and an unified L2 cache. We focus our expetsy@na 8-core system
with limited bandwidth, which we consider representatif/iture multi-core designs,

where the number of cores is expected to grow more rapidly tha memory tech-

nology bandwidth. Table 6.1 summarizes the architectiaedmpeters of the simulated
system.

We skip the data loading phase of each benchmark. For the BER®nchmarks
(Section 6.2), this is done skipping until tharsec roi end segment is found. For
all the other benchmarks, this point was found inspectimgsiburce code. We then
simulate in detail and collect statistics for the next libillinstructions/core

6.2 Benchmarks

We use a mixture of workloads from the PARSEC and ALPBencleiherarks suites,
as well as a popular stand-alone parallel compression amog@pbzip2) and a purely
scientific generic workload from the NAS parallel benchnsaf€onjugate Gradient
calculationCG) . We chose these workloads for two reasons: they offer a gaotple

lIn the parallel benchmarks we actually stop simulation atribxt synchronization point after 1
billion instructions/core.

98
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Parameter Value
Core Frequency 5GHz Parameter Value
Fetch/Issue/Retire 6/4/ 4 Number of cores 8
Width L2 cache 4MB. 64B lines
I-Window/ROB 80/ 152 L2 associativity 16
Branch Predictor 64kbit 2BcgSkew L2 MSHR'’s 32
BTB/RAS 2k entries 2-way/ 32 entries Prefetch RequestFIFO, RPH
Minimum  mispredic-| 20 cycles Queue
tion PRQ size 256 slots
Ld/St queue 8 Prefetch throttling HPAC, RPH
L1 ICache 2-way, 64B lines, 2 cycles Memory latency 400 cycles
L1 DCache 64KB, 4-way, 64B lines, 2 cycles Memory bandiwth 12.5 Gbps
L1 MSHR’s 4
L1-L2 bus 64bits
Prefetch Algorithm C/DC (64KB CZones)
Prefetch degree 32
IT 512 entries, 1 cycle
GHB 512 entries, 5+1*hop cycles Access|is

mutually exclusive and preemptive: new

requests drop in-execution requests

Table 6.1: Architectural parameters: Per core (left) and system-wide (right).

of current engineering, scientific and media processindicgins in use nowadays
and they are available in parallel and sequential versions.

Because of limitations in the simulator used, some bencksrauld not be ported
to our simulation environment. Appendix A gives a detailesatiption of all the
benchmarks evaluated, as well as the reference input datass.

We consider two scenarios: parallel and multi-programmed@tion. In the par-
allel scenario we run the parallelized version of each waa#lwith 8 threads. Most
workloads were parallelized with the explicit use of a tldieg library, with the excep-
tion of bodytrack CG andfregmine which were parallelized using OpenMP directives.

To simulate the multi-programmed scenario we use 10 randoopings of 8 pro-
grams from the benchmark suites described above. Eachgmogms in sequential
mode, and therefore there is no communication or synchatinizof any kind between
cores. Table 6.2 lists the programs we run on each multirprogned workload.

6.3 Prefetch Mechanism and Throttling Strategies

Current research in throttling and filtering algorithms fea®red the Stream Prefetcher
[23, 24, 27] in their evaluations, as it is the prefetchingpaithm most frequently im-
plemented in current hardware. This is due to its simpliaitg relative good perfor-
mance. However, stream prefetchers cannot prefetch camm@mory patterns and are
prone to high cache pollution when they misspredict. On therchand, research in
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Workload | Benchmarks

MP8.1 | CG, blackscholes, ferret, fluidanimate, freqmine, stréaster, tachyon, x264
MP8.2 CG, MPGdec, MPGenc, blackscholes, dedup, ferret, fluidam@nstreamcluster
MP8.3 | blackscholes, dedup, ferret, fluidanimate, freqmineasticduster, tachyon, x264
MP84 | MPGdec, blackscholes, dedup, ferret, fregmine, streasterlutachyon, x264
MP85 | blackscholes, canneal, dedup, ferret, fluidanimate, @hsifpeamcluster, tachyg

>

MP86 | MPGdec, MPGenc, canneal, ferret, freqmine, pbzip2, swaptix264
MP87 | CG, MPGdec, MPGenc, fluidanimate, pbzip2, streamclustehyton, x264
MP88 | CG, MPGenc, canneal, fluidanimate, freqmine, pbzip2, seapttachyon

MP89 | MPGenc, blackscholes, dedup, ferret, fluidanimate, phzwaptions, tachyon

+=

MP8.10 | MPGenc, canneal, dedup, fluidanimate, freqmine, streastaluiswaptions, x26

Table 6.2: Multi-programmed workloads.

prefetching algorithms has offered a variety of more compiethods. As the transis-
tor count increases in each new processor generation, veeetat future processors
will implement more sophisticated (and more accurate)gbcking algorithms. For
this reason we use the C/DC [11] prefetcher implementedyusia Global History
Buffer [10] for our evaluation. C/DC is a modern accuratefg@ieher that is less likely
to pollute the cache than the stream prefetcher.

We implement two throttling strategies for our experimeirsour baseline throt-
tling configuration we simulate thEierarchical Prefetcher Aggressiveness Control
(HPAC, [24]) with a conventional FIFO-based PRQ. We compliseto an RPH con-
figuration with prefetch throttling enabled in the PRQ. Bsthategies are described
in detail in Chapter 5. In both cases the size of the PRQ is 2@rder to modify
prefetcher aggressiveness, HPAC can vary the prefetcleeagreach prefetcher to
one of the following values{1,4,8,16,32}. RPH throttling is run with the prefetchers
set to the most aggressive setting (degree 32), but as egdlad Section 5.4 the actual
number of prefetch requests accepted for inclusion in thid RRQ depends on their
priority.

For implementing the RPH, we simulate a hardware binary atipseparate pri-
ority/satellite arrays, pipelined insertions, and spiiraction procedure, as explained
in Section 5.4.1.2. Additionally, we collect statistics the number of comparison-
swap steps needed to insert and extract elements from the guthout the insertion
and extraction optimizations.
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6.4 Metrics

We evaluate our results against three main metrics: pedocaincrease, memory bus
traffic increase and prefetch fairness.

6.4.1 Performance

For multi-programmed workloads we measure performanckedsarmonic Speedup
of IPCsagainst a configuration with no prefetching (Equation 6.1).

HarmonicSpeedup= (6.1)

For parallel applications we measure the execution timehefdapplication be-
tween two synchronization points and calculate the speegamst a configuration
with no prefetching. We also calculate the benefits of a asdéhrottling configura-
tion (HPAC with a conventional FIFO PRQ) compared to a medaggressive fixed-
degree prefetching configuration. We then calculate thegogage increase of this

metric when we use RPH.

6.4.2 Traffic

We measure the total memory bus traffic in the several ptafedcstrategies we sim-
ulate. We then compare the increase in traffic against a agatign with prefetching
disabled.

6.4.3 Prefetch Fairness

With this metric we aim to quantify how well a prefetch deliyenechanism maintains
the benefits of prefetching for a certain processor coreearptiesence of other com-
peting prefetches for other cores. In other words, we try é&asnre the variance in
prefetching performance improvement for a given applisatn the context of other
applications running on other cores (with other prefetghengines) in a multi-core
system. Note that this is different from the metrics proplose[28], which measure
the variance in execution time of a thread in the presencbserae of other threads
that share the same cache. We discount the effect of cachegfarness in our met-
ric by measuring variance from the same multi-programmaedigoration with and
without prefetching enabled.
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To do this, we evaluate the performance (measured in nunfbeyctes needed
to execute a certain number of instructions) of a sequeagiplication running with
no prefetching in several multi-programmed configuratiGpg,,Cs, ...C,. We de-
note each timing measureméfiflp, TCNZP, TCN3P,...,Té\‘nP. Next, we measure the perfor-
mance of the same workload, this time with prefetching esdl@dcross the same multi-
programmed configurations. We denote these timing measmtsif , 75,18, ..., 78 .
We define the Prefetching Fairness of that sequential gigitas the minus standard
deviation of the set of pairwise differences between thenmeasurements with and
without prefetching. That is:

A =T T8 Vie[1n] (6.2)
PrefetchFairness= —stdeAs, Ay, Ag, ..., Ap) (6.3)

Note that the measurements used in Equation 6.2 are for disgaplication within

a multi-programmed workload. By measuring pairwise ddferes between the same
multi-programmed workload we aim to single-out the onlytéadifferent between
them: prefetching. Furthermore, by measuring the perfaneaontribution of prefetch-
ing for the same application across several multi-prograchmorkloads we aim to
isolate the effects of the prefetch delivery mechanism.

As an example to illustrate how prefetch fairness is catediaTable 6.3 shows
how to calculate this metric for the benchméltkdanimateusing samples from 5 dif-
ferent multi-programmed configurations. For each multigpammed configuration,
we obtain the number of cycles in whiflmidanimateran without prefetching (second
column), the number of cycles for HPAC throttling (third aoin), the number of cy-
cles for RPH throttling (fourth column) and the pairwisefeliences between the latter
two and the non-prefetching configuration (fifth and sixthuomns). We perform these
measurements for 5 multi-programmed configurations, akel ti’e minus standard
deviation of the pairwise differences. Note that we makesthedard deviation neg-
ative for convenience, since it is more intuitive to say tihat greater the number, the
greater the fairness is. Finally, we observe from the reghht the prefetch fairness
of RPH throttling is bigger (i.e., less negative) than thefetch fairness with HPAC
throttling.

Therefore, a prefetching mechanism that exhibits homagenhepeedups for a
given application regardless of the multi-programmed Ben context will have a
higher (i.e., less negative) Prefetch Fairness metric #ranther prefetching mecha-
nism in which the performance gains are more context depeiaael thus show higher
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i TNP THPAC TRPH AHPAC _ TNP _ THPAC [ \RPH _ TNP _ TRPH

1| 836264098 759717270 756869338 76546828 79394760

2 | 836264098 760077974 756065441 76186124 80198657

3| 841791881 784396068 772753219 57395813 69038662

4 | 823475874 750566810 747058237 72909064 76417637

5| 817074014 753770645 748542295 63303369 68531719
—stdeAy, A2, A3,04,A5) -8523860 -5597396

Table 6.3: Example Prefetch Fairness calculation.

variance. Note that although the effects of cache pollwioah interference from other
cores contribute to make the measuremagts equation 6.2 different for each multi-
programmed configuration, they remain constant across yates configurations in
which we only vary the prefetch delivery mechanism.

6.5 Benchmark Characterization

We start our study with a characterization of the paralledhenarks and multi-programmed
workloads used throughout this evaluation. In SectionlBae analyze the sensitivity

of benchmarks and workloads to the L2 cache. This is a goadatat to distinguish
which benchmarks will likely benefit more from prefetchinfe expand this analysis

in Section 6.5.2, where we show the Hit Rate of the L2, as veellsausage, measured

in number of accesses per million cycles.

6.5.1 L2 Cache-Performance Sensitivity

Figures 6.1 and 6.2 show the performance sensitivity ofirputtgrammed and parallel
workloads to the L2 cache. In both cases the performanceanitteal (i.e., 100% hit
rate) L2 cache is compared against the performance obtagied a normal L2 cache
with no prefetching. As explained in Section 6.4.1, we use liarmonic speedup
for multi-programmed workloads and a regular speedup foalfeh benchmarks. We
plot the performance speedup obtained using an ideal L2ecesimpared to that of
a regular L2 cache, with the objective of determining howl i®the performance of
each benchmark to the performance of the L2 cache.

The multi-programmed workloads show an evenly distributetye of behaviors.
The workloadsviP8 1, MP8.5 andMP8_8 are the ones that most benefit from an ideal
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Figure 6.1: Cache sensitivity in multi-programmed workloads.

cache, with harmonic speedups of 1.64 for the first two and fh6the latter. These

are the workloads that are most likely to benefit from préfietg, as their performance

is highly tied to the performance of the L2 cache. On the oside of the spectrum,

the workloadMP8_6 only achieves a 1.25 speedup when using a perfect L2 cache,
indicating less dependence to the L2 cache.

The parallel benchmarks show great variance in the perfocsnapeedup obtained
using an ideal L2 cache. The benchmadennea) streamclusterand CG benefit
greatly from using an ideal cache, with speedups of 460%%36&Ad 349%. On
the other hand, the benchmaidackscholesbodytrack x264andswaptionsare com-
pletely L2-oblivious, showing speedups of less than oneqyer The rest of the bench-
marks show a moderate dependence from the L2, with speedaogsg from 2.2%
(x264ref) to 13% fluidanimate.

6.5.2 L2 Cache Hit Rates and Usage

Figures 6.3 and 6.5 show the L2 Read Hit Rate (RHR) for muttigpammed work-
loads and parallel benchmarks respectively. We completheninformation with the
average number of accesses to the L2 per million cycles é@cshown in Figure 6.4
for multi-programmed workloads and Figure 6.6 for parddehchmarks.

For the multi-programmed workloads, we can see that in @gérnlere is a cor-
relation between the L2 RHR and the performance sensitivithe L2 cache. The
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Time ratio for ideal / non-prefetching cache

Figure 6.2: Cache sensitivity in parallel benchmarks.

exception to this is the workloddP8_5, which shows a significantly higher RHR than
other similarly performing benchmarks suchMB8.1 andMP8.8. This benchmark
however performs a high number of L2 accesses per milliokesythe second highest
for multi-programmed workloads), which explains why itgfpemance is limited by
the L2 in spite of a relatively higher RHR.
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Figure 6.3: L2 Read Hit Rate for multi-programmed workloads.
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Figure 6.4: Number of accesses to the L2 cache per million cycles for multi-programmed

workloads.

The parallel benchmarks show on average a high L2 RHR, wétletiception of the
benchmarksannea) streamclusterfluidanimateandMPGdec The higher L2 RHR
in parallel benchmarks compared to multi-programmed vead#ts can be explained
by increased data sharing in the former: most parallel egftins share a common
programming structure, replicated in each thread. In ths®ca significant portion of
the data used in computation is either shared between th(edmich reduces signifi-
cantly the memory requirements) or contiguously stored@mmory (which facilitates
caching). Multi-programmed workloads do not have the athgaof this kind of data
sharing.

The low RHRs of the benchmarlksannealand streamclusterexplain the high
speedups they obtain when using a perfect L2 cache (Figj)e Ghe benchmark
MPGenchas as well a low RHR, but this is compensated by its extretoalynumber
of accesses to the L2 per million cycles (the lowest overaltd therefore does not
make it L2-bound. Lastly, we note that the benchm@@khas a high RHR but overall
obtains the third biggest speedup when using a perfect LBeca€his is due to the
very high number of the L2 accesses it shows, the highest gmlbbenchmarks and

workloads.
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L2 Read Hit Rate

Figure 6.5: L2 Read Hit Rate for parallel benchmarks.
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Figure 6.6: Number of accesses to the L2 cache per million cycles for parallel bench-

marks.

6.6 Prefetching Performance

Figures 6.7 and 6.8 show the performance of multi-progracharel parallel bench-
marks for four prefetching strategies: fixed degree of 24djoma-aggressive prefetch-
ing, PREF29, fixed degree of 32 (aggressive prefetchiRREF33, HPAC throttling
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and RPH throttling.
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Figure 6.7: Prefetching performance of multi-programmed workloads.

From the multi-programmed workloads results we see thatemeral throttling
gives the best performance results while the aggressiWetphing configuratio®REF32
is consistently the worst performer. In five case@.1, MP8_3, MP8.5, MP8_7 and
MP8.9) fixed degree prefetching actually decreases performamogpared to a non-
prefetching configuration. We evaluate the benefits of HPAG RPH throttling us-
ing PREF24as our baseline. Conventional HPAC throttling increaseavanage the
speedup oPREF24by 7.1%, while RPH increases tiRREF24speedup by 10.9%
on average, a 53.8% increase in speedup. In 7 out of the 1Gilmamks the RPH im-
proves the performance increase of HPAC, sometimes by ab as1848% P8 8,
3.1% to 7.6%). In the remaining three benchmaM®8 4, MP8.6 andMP8_10) both
HPAC and RPH obtain similar speedups compardeR&F24

The parallel benchmarks do not benefit as much from prefétdaitling. We at-
tribute this to two main causes: a) the parallel benchmaoksal stress significantly
the L2, due to increased data sharing, as explained in 8e&t02; and b) most paral-
lel workloads are composed of similar threads that opematifterent portions of data
(i.e., threads are arranged basically in a SIMD mode of ajperg which forces similar
memory access patterns in all cores, leading to similaeprkfaccuracy, interference
and cache pollution metrics. This translates into a red@sgxdioration space where
a prefetch throttling algorithm ends up effectively adjogtthe aggressiveness of all
prefetch engines at the same time. Even so, prefetch ihgptihs a significant per-
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Figure 6.8: Prefetching performance of parallel benchmarks.

formance impact on three benchmaréledup streamclusteandCG. In dedupHPAC
increases the performancePREF24by 5.1%, while RPH does so by 7.9%, a 55.2%
increase in speedup. treamclusteHPAC increases the performanceRREF24by
17% and RPH increases it by 26.8%, a speedup increase of SZakty, the biggest
improvement of RPH over HPAC is IBG, where HPAC obtains an increase of 22.6%
over PREF24while RPH increases the baseline performance by 76.1%, %287
crease in speedup. On the other hand, RPH shows a slightdedreperformance in
fluidanimate where HPAC increases the speeduP®EF24by 5.9% and RPH does
so by 5.2%. On average RPH increases the throttling benéfitBAC by 22.6%

6.7 Bandwidth Usage

Figures 6.9 and 6.10 show the bus bandwidth increase due tdifferent prefetch-
ing strategies evaluated for multi-programmed and pdnatbekloads. For the multi-
programmed workloads it can be seen that one of the main say@sof throttling is a
considerable reduction in bandwidth usage. Both HPAC and Rirottling achieve a
similar reduction in bandwidth compared to fixed-degredgtching configurations,
with the only significant difference being in the paralleihbkemarkdedup where
HPAC shows a 48.3% increase in traffic (compared to a confiigmravith no prefetch-
ing) and RPH records a 19% increase.

In the parallel benchmarks the reduction in bus bandwidthase moderate, with
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the exception ofledup fluidanimateandstreamcluster This is expected, since most
parallel benchmarks evaluated are primarily CPU-bound.
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Figure 6.9: Prefetching bandwidth increase in multi-programmed workloads.
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Figure 6.10: Prefetching bandwidth increase in parallel benchmarks.

6.8 Prefetch Fairness

In order to gain further insight into the advantages of gaéfeéhrottling with RPHs
over conventional HPAC we evaluate the prefetch fairnesst{@ 6.4) of both throt-
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tling strategies. We evaluate the benchmarks used to peatthegcmulti-programmed
workloads, excludinglackscholesbodytrackand cannea] whose non-prefetching
performance is already under 1% of the performance obtaiitch perfect L2 cache

(CPU-bound benchmarks). Each benchmark is evaluated irfféfetht multi-programmed
configurations.
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Figure 6.11: RPH throttling prefetch fairness normalized to HPAC prefetch fairness.

In table 6.3, we show an example fairness calculation fob#rechmarkluidan-
imate From those results, we see that fairness (the minus sthgaration of the
performance variation in cycles) for this benchmark is -58% cycles when RPH
is used, and -8523860 cycles when HPAC throttling is used-idgnre 6.11 we plot
how much smaller the fairness metric is for HPAC comparedR&iRin the case of
fluidanimatethis number is 1.52, since32x (—5597396 = —8523860.

From the results it can be seen that RPH throttling promotes fair dispatch
of prefetches, with a 23% higher prefetch fairness on aetiagn conventional HPAC

throttling.
6.9 Influence of Adaptive Resizing

The two main techniques used in RPH throttling are pricatian of prefetch requests
and adaptive resizing of the prefetch request queue. Weifyutre effect of adaptive
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resizing in the overall performance of the RPH. To do this weate a new prefetch

throttling configuration called®H which essentially
adaptive resizing capabilities. Figures 6.12 and

consists of an RPH without any
6.13 steaperformance oPH

throttling compared to conventional HPAC throttling andHR#Rrottling.
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Figure 6.12: Results with and without adaptive resizing i

n multi-programmed workloads.
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Figure 6.13: Results with and without adaptive resizing in parallel benchmarks.

The results show that the contribution of adaptive resitintdpe overall RPH per-

formance improvements varies by benchmark.

In the mutig@mmed scenario,
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adaptive resizing contributes significantly in the ovepaliformance of the RPH, and
avoids performance degradation (compared to HPAC thmgitiin two casesNIP8.4
andMP8.10). In the parallel benchmarks the performanc@#bfis similar to the per-
formance ofRPH, with the exception of th€G benchmark. This is expected, since
the parallel benchmarks exercise less memory traffic arrdfitve the need for global
prefetch throttling is less pronounced.

6.10 Characterization RPH Queues

In this section we seek to gain further insight into the bédranf RPH PRQs by look-
ing at how they behave

6.10.1 Average Number of Comparisons per Queue Operation

Figures 6.14 and 6.15 show the average number of companseaed to insert or ex-
tract an element from the RPH. As described in Section 3.4td .extract or insert an
element from a binary heap, a number of comparison-swap st&gr the heap array
are performed sequentially. Furthermore, as explainecetti& 5.4.1.2, optimized
hardware implementations can perform one comparison-stegpper cycle. There-
fore the number of comparisons needed to insert or extraeteanent into the RPH
gives a good estimate of the overall run-time complexitynaf tjueue operations for
the set of benchmarks and workloads evaluated.
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Average number of comparisons per RPH operation
N}
|

Figure 6.15: Average number of comparisons per RPH insertion/extraction operation in

parallel benchmarks.

Recall that we use a 256-entry RPH queue for all the simulat{@able 6.1) and
that both insertion and extraction from the RPH take a marinadi l0og,(256) = 8
steps. However, for both multi-programmed and parallelchemarks, the average
number of comparisons needed per queue operation is mueh tban the theoretical
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maximum. This is expected. Firstly, the theoretical maxammumber of comparison-
swap steps only applies to the case of a full PRQ queue, isitutiiat does not happen
continuously. Secondly, the RPH resizes itself accordirthe utilization of the mem-
ory channel (Section 5.4.2.1), which involves a lower numfesteps to insert and
extract from the binary heap. Lastly, it can be shown thatritisn operations in a bi-
nary heap can be considered to carry an average cor@tantime complexity, since
most of the elements in the queue reside at the lower levétedfee (Section 5.4.1.2).

6.10.2 Scaling States Histogram

Table 6.10.2 shows the histogram of time spent by the RPHadh ekits four possible

sizes state: full size queue, 50% size, 30% size and 1 elejnene. The RPH scales
to one of these states depending of the global usage of themngerhannel (Chapter
5.4.2.1).

RPH size
Benchmark | 100% | 50% | 30% | 1
- canneal 0 48 | 952| 0
RPH size
streamcluster 7.4 | 92.1 0 0.5
Workload | 100% | 50% | 30% | 1
CG 80.3 | 12.7| 41 |29

MP8.1 915 | 45| 33 |07
MP8.5 85.3 | 14.2| 0.2 |03
MP8.8 786 | 143 71 | O

MP8.7 951 | 29 | 14 |06
MP8.2 78.1 | 109 | 9.7 | 1.3
MP810 | 954 | 1.7 | 0.8 | 2.1
MP8.3 969 | 23 | 08 | O

MP8.4 96.2 | 1.8 | 0.1 | 1.9
MP8.9 92.1 3 26 |22

fluidanimate| 92.0 | 55 | 25 | O
dedup 982 | 15| 03| 0
fregmine 97.4 0 26 | 0
ferret 625 | 29.2| 0 |83
tachyon 954 | 2.7 | 1.1 |08
MPGdec 100 0 0 0
MPGenc 993 | 01| 05 (0.1
X264 89.1 | 51| 2.1 |37

pbzip2 86.7 | 6.7 6 |0.6
MP8.6 99.1 | 0.9 0 0
bodytrack 100 0 0 0
blackscholes| 100 0 0
swaptions | 100 0 0

Table 6.4: Scaling states histogram for multi-programmed workloads (left) and parallel

benchmarks (right)

On both multi-programmed workloads and parallel benchsyaitke majority of
time is spent with the prefetching queue at its maximum difmvever, most parallel
benchmarks and all multi-programmed workloads resize #id R significant portion
of the time. The exception to this behavior are the paralidhmarksMPGdeg
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bodytrack blackscholesndswaptionswhich are mostly CPU-bound (Section 6.5.1)
and therefore do not saturate the memory channel.

In general, the more memory-bound a benchmark or a workkyade more usage
of the resizing capability of the RPH is observed. In the twostrmemory-bound
parallel benchmarksénnea) streamclustey, the majority of the time the queue stays
in a resized state (30% faannea) 50% forstreamclustex. This indicates frequent
periods of high memory activity. Multi-programmed workétsatend to have a more
homogeneous behavior.

Comparing the data in table 6.10.2 with the performanceinétavith and without
adaptive resizing (Section 6.9), it is clear that althouggizing is used frequently on
both configurations, only the multi-programmed workloadsdfit clearly from it on
all situations. Multi-programmed workloads tend to haverencontinuous memory
traffic than the parallel benchmarks. This is because daiding on parallel bench-
marks tends to happen at the same time on all threads (due tadhthat they are
usually composed of a collection of identically programntbeckads), whereas on
the multi-programmed workloads data loading and compurtas usually interleaved
across time, owing to its heterogeneous composition. Towereparallel benchmarks
tend to do data loading in short, intense bursts, a situattdicaptured well by the re-
sizing mechanism, as it bases its decisions on aggregagimavior in time windows.
Additionally, with the exception of the top 3 benchmarksrgbel benchmarks are
much less memory-bound than the multi-programmed world@¢8dction 6.5.1).



Chapter 7

Summary of Contributions and

Concluding Remarks

7.1 Summary of Contributions of this Thesis

In this dissertation we have explored several mechanisnmsgmve the efficiency of
hardware data prefetchers. In the first part of this thesibawe studied in detail the
behavior of state-of-the-art localizing prefetching altfons. We have established that
localizing prefetchers suffer from timeliness problemkislis because, in the process
of localization, important chronological information thralates the order of activation
of misses from different localized streams is lost. As a ltesacalizing prefetchers
tend to issue prefetch requests too far in advance, regutidecreased timeliness and
increased cache pollution. To tackle this problem we pregbs novel concept of
Stream Chaining, a new level of correlation that allow piefers to reconstruct the
chronological information lost during localization whié the same time filtering out
spurious or infrequent misses. With Stream Chaining, tbaliped miss streams are
linked in such a way that it is possible to reconstruct ¢bes flowof misses in the
application.

Based on the general concept of Stream Chaining, we proposecaete imple-
mentation called Miss Graph prefetching. Miss Graph pogieg implements Stream
Chaining using small weighted graphs that capture the covedf miss stream acti-
vations in a manageable, low-complexity way. We implemergsMsraph prefetch-
ing in two popular localizing prefetchers: PC/DC and C/DG: Wame the resulting
new prefetchers PC/DC/MG and C/DC/MG, respectively. Wevigimplementation
details for these new prefetchers. We use the Global Hidorffer as the underly-

117
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ing data structure to implement both chaining and non-chgiprefetchers. For the
Stream Chaining prefetchers we show that the hardware roatiins required are
small and feasible to do with little added logic. We justifystby giving detailed stor-
age and run-time complexity analysis. Finally we evalu&@8d/MG and C/DC/MG
against their non-chaining counterparts. We show how theseprefetchers improve
the timeliness, accuracy and coverage and therefore bperfdrmance in most cases.

In the second part of this dissertation we have focused detpteng in multi-core
systems. We concentrate our research on the topic of phdfatattling and arbitration,
a relevant issue given the growing number of cores per chig. h&ve established
that current prefetch throttling mechanisms either do aké tadvantage of the global
metrics or, the few that do, do not leverage this advantaggptaiely. We propose a
new way of performing prefetch throttling at the PRQ (PrefidRequest Queue) level,
with global knowledge of the metrics and state of each pchfeg unit in the system.
Our approach, which we call Resizable Prefetch Heaps (R&)ys prioritization
of prefetch requests based on their relative importancepeoad to other requests
in the queue. To do so, we derive a formula that assigns a ncipeority to each
prefetch request based on several local and global metiesRPH works as a priority
gqueue, extracting at each time the request with the highesitp. Additionally, we
allow the RPH to shrink and enlarge dynamically, dependimghe utilization of the
memory channel. In contrast with previous research on thie,ton our evaluation of
RPH throttling we use both multi-programmed and paralleldmenarks. We evaluate
the performance of fixed degree aggressive prefetchingte-sf-the-art conventional
throttling algorithm (HPAC) and RPH throttling. We introcksa metric for prefetch
fairness, which relates the variance in performance of tefoteer in the presence of
other competing prefetchers. We show how RPH throttlingrowes the performance
of HPAC in both multi-programmed workloads and parallel tlenarks.

7.1.1 Future Work

Since both main contributions presented in this thesisasedbin new heuristics, there
is ample space for further research into them. RegardirgaBtrChaining, the two
main areas that are more likely to produce interesting rekgasults are new heuris-
tics for chaining streams and new prefetch issuing poli@ies, how to navigate the
graph of linked streams and how many prefetches to issudneans). For the former,
further research into modelling the core flow of misses in@pliaation is needed, as
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the key for successful Stream Chaining lies into corredntifying the core repeti-
tions in miss stream activations. For the latter, reseantth more adaptive prefetch
issuing techniques is likely to improve even more the timeds of Stream Chaining
prefetchers. Although more complex heuristics are prargisone of the main chal-
lenges future research will likely face is keeping the rametiof such algorithms within
the timing constraints of the cache memory.

Regarding Resizable Prefetch Heaps, considerable furisearch can be aimed
towards priority assignment formulas. Resizable Prefetehps are versatile and can
simulate a wide range of queuing behaviors with just modgyihe priority assign-
ment formula. This opens the door to several interestingaret scenarios, such as
Quality of Service support, reconfigurable prefetch assigmt formulas and integra-
tion into the operating system process prioritization sobeFurthermore, the resizing
algorithm itself is subject to improvements and more reseaResizing the prefetch
request queue acts as a gradual global throttle to prefefahi the whole system.
Further research could tackle the problem of understandimgn is it more benefi-
cial to adjust this global throttle instead of limiting eagtefetcher individually. As
with Stream Chaining, new research should also take intouat¢he hardware timing
constraints. In this area, future research could focus asngmrity queue implemen-
tations specially designed for prefetch request queues.

7.2 Concluding Remarks

The memory wall is a well known performance limitation th#ieets past and current
hardware architectures. In the past, the memory wall wasiaheobvious due to the
great disparity in growth between processor and main memjeyating frequencies.
Nowadays, this trend for ever-increasing processor spegsibeen exchanged for an
increasing number of cores per processor. This continuegdoerbate the memory
wall problem, since now several cores have to compete forangaccess. Therefore,
although the memory wall is now an old problem, it is beconttegar that there will
be no immediate absolute remedy for it in the short-medium te

Hardware prefetching is a proven technique to alleviateetfexts of the memory
wall. On one hand, hardware prefetching, as opposed to addtprefetching, has
the advantage of being able to access run-time informafitimeoprogram, as well as
being universally applicable without the need of recontfmta On the other hand, it
is limited by the scope and complexity of the prediction Ingigs that can be feasibly
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implemented in hardware. Hardware prefetching at the élicache (i.e., the last
on-chip cache) is specially effective, since this is wheeelatency disparity between
a miss and a hit is the greatest.

In the design of hardware prefetching algorithms there isl@arent performance/-
cost trade-off. Trivial or very simple prefetching algbrits can be implemented with
minimal hardware modifications and cost. However such prkeés will not obtain
significant performance benefits on any but the simplest nmgrxess patterns. By
contrast, several very sophisticated algorithms have peapmosed previously in the
literature. These algorithms, capable of tracking conaiéid data structure access pat-
terns such as the transversal of linked lists, come at theoé@®mplicated hardware
implementations and huge storage overheads. Traditioil#é industry has favored
prefetching algorithms closer to the simple but easy to @m@nt end of the spectrum,
opting to use the increasing number of transistors yieldedriproved manufactur-
ing technology to build bigger cache memories. Academiathenother hand, has
typically concentrated on the more sophisticated, but roeassarily practical, type of
prefetching algorithms. A medium ground must be found thabfs the development
of more efficient and complex prefetching methods, whilehat4ame time making
sense from the return-on-investment perspective. Throwigthis dissertation | have
focused on technologies and algorithms that | believe lagisymiddle ground.

Another pressing issue in the research of hardware prefetatgorithms has been
the move to multi-core architectures. The problem of po#fet coordination in such
environments has become, in my opinion, as important as ¢kelapbment of new
prefetching heuristics. The effects of a badly behavinfgbcling engine on just a sin-
gle core can degrade the performance of the whole systera.igeven more relevant
as we are - slowly but surely - migrating from a traditionalquential programming
perspective to a multi-threaded/multi-programmed thhguug-computing paradigm.
In this scenario, obtaining modest but consistent perfacaamprovements over the
whole system will become clearly much more valuable thaneaahy irregular high
sequential speedups.
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Benchmark Descriptions

A.1 SPEC CPU2006 benchmarks

SPEC CPU is a collection of CPU and memory intensive benckerfeom the Stan-
dard Performance Evaluation Corporation (SPEC), a nofitpmganization formed
by hardware and software vendors, universities, reseasthutions and other repre-
sentatives of industry and academia. SPEC periodicalasgls updated versions of
its benchmark suite, named after the year the release was. rimetthis dissertation we
evaluate a selection of benchmarks from the latest releasstbn: SPEC CPU2006.

All SPEC CPU benchmarks are written in C, C++ or Fortran. Bemarks are
typically broadly classified according to the functionaittiney stress the most (integer
or floating point). SPEC CPU does not include synthetic berarks, and therefore all
its benchmarks come from applications and workloads fourttie real world. Each
benchmark consists of a customized (and usually strippedifiversion of a program
representative of workloads found in scientific or commarcomputing.

Below is a list of all the SPEC benchmarks used for the evalnaalong with a
brief description of their purpose and the data used in tfezgace input. We list for
each benchmark its SPEC code as well as its mnemonic.

A.1.1 Integer Benchmarks.

400.perlbench: Workload consisting of a cut-down version of the popular Per
interpreter (v. 5.8.7). This benchmark also includes sdwvbird party modules. The
main part of the workload performs text processing and pgr&@pam filtering, HTML
parsing, message-digest calculation, string manipulaéte.). Source code written in
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C.

401.bzip2: Benchmark for performing lossless data compression. Ténsttimark
consists of a modified version of Julian Sewaltiy§p2program. All processing is done
in main memory and no file 1/O is done other than reading theafilthe beginning
of the execution. The reference input set contains sevandklof data files: JPEG
images, a program binary, program source code and HTML &oirce code written
in C.

429.mcf: Combinatorial optimization program. This workload is aesinlined
version of the MCF program by Andreas Lobel. MCF optimiziegle depot vehicle
scheduling in public mass transport systems. It implem#r@svell-known simplex
algorithm. The reference input set contains a large vebadieduling problem. Source
code written in C.

445.gobmk: Artificial intelligence / Game theory simulation. This bémcark
evaluates and plays several games of Go. Based on the p&@NlaGo engine. The
reference input file contains a series of Go game descriptiml several commands
to evaluate and play the next move. Source code written in C.

458.sjeng:Artificial intelligence / Game theory simulation. This wéokd is based
on the Sjeng chess engine v. 11.2. It uses a combination o ga® search (alpha-
beta search with several pruning and priority heuristics) pattern recognition tech-
niques to evaluate several chess moves. The code has bediredéat SPEC to
better reflect the workloads found nowadays in game theguiicgtions. Source code
written in C.

462.libquantum: Quantum computing simulation benchmark. This workload is
implemented using the libquantum library by Bjorn Butschad Hendrik Weimer.
libquantum is a library to simulate quantum computers. Tference input set sim-
ulates the Shor’s factoring algorithm for quantum machirésurce code written in
C.

464.h264ref: Video compression benchmark based on the reference H.2@4 vi
codec implementation by Karsten Suhriegal. The benchmark compresses video to
the H.264 format. The reference input set contains two upressed sequences, one
from real life video at 176x144 resolution and another fromdeo game at 520x320
resolution. Source code written in C.

471.omnetpp: Benchmark that performs network simulations. This wordloa
based on the OMNeT++ discrete event simulation system byasidarga and Omnest
Global Inc. The reference workload simulates a large E#tdsackbone with several
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ancillary LANs connected to it. The model simulated corgabout 8000 computers,
900 switches and hubs and several Ethernet technologiesg&®, 100MB half/full
duplex, Gigabit, etc.). Source code written in C++.

A.1.2 Floating Point Benchmarks

433.milc: Physics simulation program, for use in qguantum chromodyos&nT his
workload is a serial version of the su3imp program by Stevettli@b from Indiana
University. This code is in use extensively (millions of meldours) at the United States
Department of Energy and National Science Foundation sopgsuters. All the input
sets refer to the same problem, with different grid sizesir&ocode written in C.

434.zeusmp:Computational fluid dynamics code based on ZEUS-MP, deeelop
by the Laboratory for Computational Astrophysics (part @$R) at the University of
lllinois - Urbana Champaign. The reference input set scdv@d blast-wave simulated
along the presence of a magnetic field. Source code WrittEoriman 77.

435.gromacs:Molecular dynamics chemistry simulation workload. Dedfeom
the popular molecular dynamics package GROMACS. All SPHflitisets simulate
the same scenario: the protein Lysozyme in a solution ofveate ions, with the only
difference being the number of simulation steps perforn&a0Q for the reference
input set). Source code written mostly in C, with the inn@gda@omputation written
in Fortran 77.

444 .namd: This workload isolates the serial inner loop of the NAMD plala
program, used for the simulation of large biomolecularexsyst. All the input data
sets use the same simulation scenario, with the only difterdeing the number of
simulation iterations (38 for the reference input set).8ewode written in C++.

447 .dealll: Partial differential equation solver using the Adaptiveitd Element
Method. This benchmark uses the deal.ll library of equasiolvers, which in turn
uses state of the art C++ programming paradigms and teadsiigncluding the pop-
ular Boost library of data structures and algorithms. THeremce input data set is
generated on the fly by the program, and solves a Helmhgbiz-¢guation, which of-
ten arises in the study of physics problems that involveigadtfferential equations.
Source code written in C++.

450.soplex:Linear programming workload, based on the SoPlex prograsiomre
2.1 by Roland Wunderling, Thorsten Koch and Tobias Achteyrbk: uses the Simplex
Method to solve a linear programming problem. Due to theneatfithe problem, sev-
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eral computational algebra algorithms for sparse matecesised. In particular sparse
LU factorization and algorithms for triangular equatiorstgms are used extensively.
The reference input set uses the test case “rail2586” framétlib package. Source
code written in C++

470.lbm: Computational fluid dynamics benchmark based on the codeewiby
Thomas Pohl. This program implements the “Lattice Boltzmitethod” (LBM) for
simulation of incompressible fluids. The reference inpuadzet simulates the shear
flow driven by a “sliding wall” boundary condition for 30001iesteps. Source code
written in C.

482.sphinx3:Speech recognition benchmark based on the popular Sphpreth
recognition package from Carnegie Mellon University. Th&rence input set con-
tains several audio files in raw format to be processed bybech recognition engine.
Source code written in C.

A.2 BioBench Benchmarks

BioBench [32] is a benchmark suite for Bioinformatics apations. Bioinformatics
is a composite research field that encompasses InformBimsgy and Medicine. It
uses computationally intensive techniques to gain bettderstanding of biological
and biochemical processes. Data-mining, pattern redognénd machine learning
techniques are commonly used in Bioinformatics, with thgedence that the backing
database from which they operate models some kind of bicébgrocess or structure.

Biobench was created as the result of a collaboration of thigddsity of Mary-
land with Intel Corporation in 2006. It consists of a repreaéve set of data-mining
algorithms and applications currently relevant in the fafi@ioinformatics.

Due to limitations in our simulation environment, it was possible to compile the
BLASTandmummeitbenchmarks. The rest of the BioBench workloads are destribe
below.

clustalw: Multiple sequence alignment benchmark based on the CLU S3atdk-
age. Multiple sequence alignment is the process of aligmaoge than two nucleotide
sequences to find regions of similarity. We use the input setdrom the benchmark
hmmer described below. Source code written in C.

tiger: This workload is the TIGR assembler suite v.2 from the logtitfor Ge-
nomic Research, Rockville. Sequence assembly is a technised to generate full
sequence data from small overlapping partial sequencesiped by DNA sequencing
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hardware. The reference input file contains 24190 partiahRdguences frorRicea
sitchensisSource code written in C.

hmmer: Sequence profile search benchmark based on the HMMER seftiaan
the Washington University in St. Louis. This workload usedd¢n Markov Models
(HMM) to search for similarities in a DNA database. The refere input data searches
a collection of small protein sequences against the SwiS3RiRotein database. Source
code written in C.

phylip: Phylogenetic analysis benchmark based on the PROTPAR$ toolthe
PHYLIP software package (University of Washington). Plggoetic analysis tries
to find out how a group of related protein sequences were eifom a common
ancestor. In order to do this, the program uses a hieratalféta structure called the
Phylogenetic tree. Source code written in C.

fasta: Sequence similarity search based on University of VirggniASTA suite
v.3.4t21. Similarity search looks for similarities betwed@NA or protein sequences,
or search for certain subsequences in large sequence skesabBhe reference input
data set consists of two databases: a 170MB DNA databaseNi©Bi GeneBank
and the entire SwissPROT protein database (70MB), alonly théir corresponding
search sequences. Source code written in C.

A.3 Parallel Benchmarks

For the evaluation of Resizable Prefetch Heaps (SectioneG)se benchmarks from
the PARSEC [33] and ALPBench [34] benchmark suites, as veethe stand-alone
parallel programspbzip2 a parallel compression program that processes files using
the populaibzip2compression algorithm ar@G, a synthetic scientific workload.

For each benchmark we give a short description about itsgserpa description
of the input data set used, how the program was parallelizddwnat language is the
source code written in. Most benchmarks were parallelizgulicitly, that is, with
the explicit creation of threads and use of (POSIX) syncization primitives. We
include, however, three benchmarks which were paraliélizglicitly with the use
of OpenMP directiveshodytrack fregmineand CG), and one benchmark that, while
using standard thread creation primitives, it uses atorpérations and therefore has
no synchronizationoqannea).
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A.3.1 PARSEC benchmarks

Due to limitations in our simulation environment, the PARSBenchmark$acesim
raytrace and vips could not be cross-compiled. This is because these benkbmar
have strong dependencies to external libraries that wepessible to cross-compile
or mock, such as the X-Windows library.

We use thesimlargeinput data sets, the largest ones that can be feasibly be used
for architectural simulation.

blackscholes:Financial benchmark from the Intel Financial Services Aggilon
Benchmarks. Computes the prices of a portfolio of stockamstiusing the Black-
Scholes patrtial differential equation. The reference irgata consists of 65,536 op-
tions, which are loaded into memory before any computattartss Explicit paral-
lelization with standard synchronization primitives. micode written in C.

bodytrack: Computer vision benchmark from the Intel RMS (Recognitigin-
ing and Synthesis) program [36]. Tracks the pose of a traelssrhuman body in 3D,
using an annealed particle filter to detect edges and the bitfiyuette. The input
data set consists of 4 frames from 4 cameras, 4,000 partiol@$ annealing layers.
Parallelized with OpenMP directives. Source code writte@++.

canneal: Chip routing benchmark. Developed by Princetown Univgrsituses
cache-aware simulated annealing to optimize the routing oiip design. The al-
gorithm employed performs random swaps between chip elenaerd evaluates the
resulting routing. The input data sets optimizes routing #00,000 netlist, perform-
ing 15,000 swaps per temperature step and starting with jpetieture of 2,000°. This
benchmark uses fine grained parallelism, performing elésweaps atomically and in
a lock-free manner. Source code written in C++.

dedup: Deduplication and compression benchmark, based on a keéeneloped
by Princetown University. Deduplication is a method useldankup and large storage
systems where multiple copies of data are replaced by refeseto an unique copy.
The reference input data set consist of an archive of 184Mig¢hvcontains diverse
types of files. Parallelized explicitly with standard syraization primitives Source
code written in C.

ferret: Benchmark for content-based similarity search in largatuiee-rich mul-
timedia databases. Based on fesret toolkit, developed by Princetown University.
The reference input data set consists of a database of 3i@g#es, on which 256
queries to find the top 10 most similar images are done. EHpligarallelized with
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standard synchronization primitives. Source code wriithe@.

fluidanimate: Fluid dynamics simulation benchmark part of Intel RMS suitee
input data set consists of 300,000 particles, which are lsited for 5 frames. Par-
allelized explicitly with standard synchronization prtimés. Source code written in
C++.

fregmine: Data mining benchmark originally developed by Concordia/ersity.
This benchmarks implemeni&equent Itemset Miningwhich is the basis oAsso-
ciation Rule Mining a common data mining problem which aims to learn relations
between variables in large databases. Association Rulenlylisa used in diverse fields
such as bioinformatics, financial data mining or log analy3ihe input data set con-
sists of an anonymized webserver logfile from a Hungariansngevrtal, containing
990,000 click streams. Parallelized with OpenMP direstiv&ritten in C++.

streamcluster: Computing kernel developed by Princetown University tvsdhe
online clusteringoroblem: for a stream of input points, find a pre-establisimaaber
of median points in such a way that every point of the streads &p associated to its
nearest median point. The input data set consists of 16,384limensional points,
for which 10 to 20 median points are sought. Parallelizediey with standard
synchronization primitives. Source code written in C++.

swaptions: Financial analysis benchmark part of the Intel RMS workbatt ap-
plies the Heath-Jarrow-Morton framework to set the prica pmrtfolio of swaptions.
A swaption is a type of financial option which grants its owte right to perform a
financial swap operation. The input data set consists of @&psans, on which 20,000
simulations are performed. Parallelized explicitly witaredard synchronization prim-
itives. Source code written in C++.

x264: Parallel H.264 video encoder. The input data set is a 84860 pixels
movie with 128 frames. Parallelized explicitly with standlaynchronization primi-
tives. Source code written in C++.

A.3.2 ALP Benchmarks

The ALPBench[34] benchmark suite is a collection of multiti@eoriented parallel

benchmarks developed by the University of Illinois at Udd@hampaign with support
from Intel, AMD and the National Science Foundation. All bemarks are explicitly

parallelized using standard POSIX synchronization piue#. Due to limitations in

our simulation environment, tigpeechRelbenchmark could not be compiled.



Appendix A. Benchmark Descriptions 128

MPGdec: MPEG-2 decoding benchmark. This is a parallel version ofrédie
erence implementation provided by the MPEG Software SitiarigGroup (MSSG).
The input data set consists of a HDTV 144080 pixels public domain video stream
(http://www.archive.org/details/ligouHDR-HC1_japan ). Parallelized explic-
itly with standard synchronization primitives. Source eaditten in C.

MPGenc: MPEG-2 encoding benchmark. LiKdPGdeg this is a parallelized
version of the original reference implementation providigdthe MSSG. The input
data set is the decoded stream used irMR&decbhenchmark. Source code written in
C.

Raytrace/tachyon: Ray-tracing benchmark. This benchmark is the Tachyon par-
allel raytracer Ifttp://jedi.ks.uiuc.edu/"johns/raytracer/ ) unmodified. The
input data set is the sample input file (bundled with the sdaodeB20spheres.dat
concatenated 35 times for a total of 28,700 objects to rendarallelized explicitly
with standard synchronization primitives. Source codétemiin C.

A.3.3 Standalone programs

CG: Synthetic scientific benchmark part of NASAs NAS parallenichmarks
suite [35]. Computes the conjugate gradient of a given mairhe input used is the
“C” synthetic data set. Parallelized implicitly with OpefMlirectives. Source code
written in C.

pbzip2: Parallel compression program that uses the popadgr2algorithm. To
parallelize the compression, the input data is dividedssctbe threads. Synchroniza-
tion in the master thread enforces that the compresseddatéten back in the correct
order. The input data to compress is the same used HOhdzip2ZSPEC2006 bench-
mark (Section A.1.1). Parallelized explicitly with stamdaynchronization primitives.
Source code written in C.
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