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Abstract

Multicore processor architectures evolved and became dominant in recent

years. It is mainly due to the diminishing returns from the efforts to increase the

performance with single execution core on the chip. However multicore archi-

tectures involve sharing of resources especially the memory hierarchy resources

such as processor caches, prefetchers and bus among the cores. This sharing

may cause performance degradation of the programs co-running on multicore

processors as compared to their solo run performance.

In the literature attempts to solve this problem proposed analytical models,

which are very complex and difficult for use in real systems. Many of the

previous works proposed specialized support from processor hardware, which

may take time to become available in future generations of multicore processors.

It is observed that programs running simultaneously on different cores of a

multicore processor, have complex interactions due to the use of shared memory

hierarchy resources. In this work, we take up a unique approach for modeling

the performance implications of such interactions by applying machine learning

techniques. Machine learning techniques focus on methods that learn to rec-

ognize complex patterns from data. Here we give emphasis to empirical model

building.

The work demonstrates the application of machine learning techniques to

build models for characterization and performance prediction on multicore pro-

cessor based systems. By characterization, we mean to characterize program

memory behavior especially with respect to utilization of shared caches on

multicore processors. The model developed for the program memory behavior

characterization is later-on used for improving the process scheduling (i.e. CPU

scheduling) on multicore processors. We also developed methodology to build a

model that predicts performance on multicore processors. Such methodologies

can further be utilized in performance oriented research on multicores. We de-

scribe the application of the built model for improving the multicore simulation

in the AKULA tool-set. AKULA has been recently developed by researchers

for rapid prototyping and evaluation of scheduling algorithms for multicore

processors.

The efficacy of the developed methodologies to build the models, was val-

idated using existing commodity multicore processor based systems. We ob-

served that machine learning techniques are helpful in performance related stud-

ies on multicore processor based computing systems. We observed performance

improvement up to 76% for 4-cores and 54% for 8-cores as compared to default

linux kernel process scheduler on our experimental multicore platform by im-
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proving process scheduling. The process scheduling was improved by utilizing

the model developed using machine learning techniques, so that the interfer-

ence among the co-running programs due to usage of resources shared among

the cores is mitigated. The approximate average cost of the model was about

0.00075% of the total time (i.e. 7-8 cycles per million cycles), as observed in the

experiments. Thus here we demonstrate that machine learning methods have

been effective in building program performance models on existing commodity

multicore based platforms.
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Chapter 1

Introduction

This thesis is concerned with the interactions of software and emerging proces-

sor architecture, particularly multicore architecture. The cores present on mul-

ticore processors share various memory hierarchy resources such as processor

caches, prefetchers and bus. The sharing of memory hierarchy resources among

programs simultaneously running on different cores of a multicore processor,

causes those programs to have complex interactions. These interactions may

result in severe performance degradations. The thesis work involves modeling

the performance implications of such interactions.

Previous research works (details of the previous works are given in chapter 2)

proposed analytical models for program behavior with respect to use of memory

hierarchy resources (especially caches). These models are fairly complex to be

used in real systems. Some of the previous works proposed specialized support

from processor hardware for this purpose. It may take time for such specialized

support to become available on commodity multicore processors.

The thesis work uses machine learning techniques for modeling the perfor-

mance implications of shared memory hierarchy resources in multicore comput-

ing systems. The discipline of machine learning provides techniques, which can

be applied to automatically learn the complex patterns and make intelligent

decisions based on data.

We measure how a selection of workloads perform on multicore processors

and investigate how data driven methods such as machine learning techniques

can be effectively utilized to build models for some of the performance critical

aspects of computing systems based on these processors. As part of the study,

we also explore the utilization of the built models for improving the process

(i.e. CPU) schedule on multicores and simulation of multicore processors.

The chapter is organized as follows: Section 1.1 provides the motivation

behind the work carried-out in the thesis. In section 1.2, we state the research

1



objectives and the problem statement. In section 1.3, we mention the research

contributions of the thesis. Section 1.4 provides organization of the thesis.

1.1 Motivation

The motivation for the work basically comes from the developments in processor

architecture and associated performance studies. Some of which, especially by

Herescu et al. [1] and Fedorova et al. [2] identified the performance issues with

emerging multicore architectures. We begin with an overview of the evolution of

processor architecture in section 1.1.1. The architectural developments induce

new research avenues, involving performance evaluations and characterization

of the new upcoming systems. Section 1.1.2 provides a brief description of

performance and characterization studies, which have been associated with the

evolution of the processor architecture. Section 1.1.3 provides information on

some of the commodity multicore processors available in the market that reflects

the trend towards growth in number of cores.

1.1.1 Evolution of Processor Architecture

In this section, a review of developments in the processor architecture is given.

We begin with the single-core processor architecture and describe the evolution

towards multicores. We also mention the reasons, why the multicore archi-

tecture became prevalent and why they seem to be the computing engines for

future platforms.

The first microprocessor that became commercially available was Intel 4004

[3]. It was released in year 1971. Over the past four decades, the microproces-

sor industry has seen consistent gains in application performance as a result of

multiplicative effect of growth in transistor count and higher clock frequencies.

The growth in transistor count has been the result of Moore’s law. Gordon

Moore predicted in the year 1975, that the number of transistors on an inte-

grated circuit would double every two years [4]. This actually was a revision of

his earlier prediction made in the year 1965, according to that the number of

transistors would double every year [5]. The advances in the integrated circuit

manufacturing technology made it possible to shrink the circuit elements, which

allowed more and more transistors to be placed in a single microprocessor.

The three main areas, which contributed to performance gains in the past

are clock speed, execution optimization and cache [6]. Increasing the processor

clock speed resulted in getting more cycles, which increased the speed at which
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the central processing unit (CPU) performed the work. Optimizing execution

flow is about doing more work per cycle. It includes having more powerful

instructions as well as various other optimizations like pipelining, branch pre-

diction, making the pipelines deep and superscalar architectures [7]. Pipelining

involves executing different sub-steps of sequential instructions simultaneously.

Branch prediction allows processors to fetch and execute instructions without

waiting for a branch to be resolved. Increasing the depth of pipeline (also

called superpipelining) means using a longer pipeline with more stages. It was

introduced to have architecture with more stages, where each stage does less

work so that the processor can be scaled to higher clock frequency. Superscalar

architectures include parallel execution units, which can execute instructions

simultaneously. Processors were provided with bigger and multiple level of

caches so that frequently accessed instructions and data can be kept in the

fast accessed caches. This reduced the latency caused due to frequent memory

access.

Out of order processing involves executing instructions in an order different

from the order they appear in the program. It emerged as an execution opti-

mization technique for execution efficiency to utilize the CPU while it stalled on

memory. Out of order execution strove for instruction-level parallelism (ILP)

within a sequence of instructions, or thread of control. It required knowing what

instruction the program will execute in the future. Programs have branches and

CPU needs to predict which instructions will be executed after the branch and

predicting the future is difficult. The reliance on a single thread of control to

find instruction-level parallelism limits the parallelism available for many ap-

plications, and the cost of extracting parallelism from a single thread became

prohibitive due to large increase in overall complexity.

The performance scaling in the single core processors largely through in-

creasing clock speed almost touched its limit. As the chip geometries shrink

and clock speeds rise, the transistor leakage current increases, which leads to ex-

cessive power consumption and heat. The advantages of increased clock speed

are also negated by memory latency, as the memory access speeds are not scal-

ing on par with processor clock speeds. There is large and growing mismatch

between the processor (CPU) and off-chip main memory in terms of speed as

well as bandwidth. Many researchers have referred to this problem as “memory

/ bandwidth wall” in their works [8] [9] [10].

Another paradigm emerged to improve utilization of CPU resources by

leveraging on thread and process level parallelism. A single physical processor

can have one or multiple cores and each core can have one or multiple hard-
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ware threads. A single core processor with multiple hardware threads is called

multithreaded processor while a multicore processor having multiple hardware

threads per core is also called multicore-multithreaded or chip-multithreaded

processor. The multicore or chip-multiprocessing architectures provide a way to

scale the performance, while keeping the heat dissipation and power consump-

tion under limit [11]. Some of the approaches that emerged on the architecture

front to exploit the parallelism are described as follows:

1. Multithreading (MT): The processor allows more than one thread of

execution to exist on the CPU at the same time. It maintains hardware

state (program counters and registers) for several threads. Some of the

methods used to achieve multi-threading are mentioned as follows:

• Fine-grained Multithreading – In one cycle the processor exe-

cutes instructions from one of the threads. On the next cycle it

switches to context of different thread and executes instructions from

the new thread [12].

• Coarse-grained Multithreading – Here a single context (thread)

utilizes all the processor resources until it reaches a long-latency

operation such as accessing memory due to cache miss, at that point

the processor switches to another context (thread) [13].

• Interleaving – A variant of fine-grained multithreading, where is-

suing of instructions is switched every cycle in round-robin manner

between available contexts. Whenever a context encounters a long-

latency operation, it becomes unavailable, in such case the processor

squashes only those instructions in the pipeline which belong to the

unavailable context [14][15].

• Simultaneous Multithreading – It combines hardware features

of wide-issue superscalars and multithreaded processors. It has the

ability to issue multiple instructions each cycle like superscalars and

it maintains hardware state for several programs (threads). Hence

this processor can issue multiple instructions from multiple threads

each cycle. It exploits both instruction-level and thread-level paral-

lelism [16].

2. Chip-multiprocessing (CMP): It uses relatively simple single-thread

processor cores on a die [17].

3. Chip-multithreading (CMT): Here each core on a die supports mul-

tiple hardware threads (contexts) [15].
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4. Single ISA Heterogeneous (asymmetric) Chip Multiprocessors:

It is a multicore processor where all the cores execute the same instruction

set architecture (ISA) but have different performance and power charac-

teristics. For example, on a single processor chip some cores are provided

with wide issue and out of order processing capability while others are

simple single issue CPUs [18].

5. Multiple ISA Heterogeneous (asymmetric) Chip Multiproces-

sors: These processors have cores that execute instructions belonging

to different instruction set architectures (ISAs). They typically address

data-level and instruction-level parallelism simultaneously. Any given in-

struction can not be executed on all the cores [19]

We show schematic views of variants of singlecore as well as multicore architec-

tures in figure 1.1 and figure 1.2. For simplicity we have shown only one level

of on-chip caches in all these schematic views. The on-chip cache shown here

is last level cache and is unified in nature i.e. it contains both instructions and

data.
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(a) Schematic view of a sin-
glecore processor.
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(b) Schematic view of a sin-
glecore multithreaded proces-
sor.

Figure 1.1: Schematic views of singlecore processors. Here T0 and T1 are the hard-
ware threads supported by the single core, which is shown as circle.

In figure 1.1a, we show schematic view of a singlecore processor. In this
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processor there is one core present on the chip, which has the processor exe-

cution resources. There is single hardware thread T0 supported by the single

core present on the chip. So there is single processor state maintained for the

single hardware thread present on the core. Figure 1.1b shows schematic view

of a singlecore multithreaded (MT) processor. In this a single core is present

on the chip. The core supports two hardware threads T0 and T1. There are two

processor states maintained by the core, one state for each hardware thread.

The two hardware threads present on the core share the execution resources

by any of the previously mentioned methods used to achieve multi-threading.

In this case apart from sharing some of the execution resources, the hardware

threads T0 and T1 also share the resources present on the memory hierarchy

of the processor. The memory hierarchy resources include the on-chip caches,

prefetchers and interconnects such as memory bus.

Figure 1.2a shows schematic view of a multi-core processor. The processor

chip contains two cores. Each core shown in figure, supports single hardware

thread T0. In this case hardware thread supported by each of the core has

its own private execution resources. Both cores present on the chip share the

resources present on the memory hierarchy of the processor i.e. on-chip caches,

prefetchers and memory bus. In turn the hardware threads (each supported by

one core) also share the same memory hierarchy resources of the processor.

Figure 1.2b shows schematic view of a multicore-multithreaded processor.

The processor chip contains two cores. Each core shown in figure, supports

two hardware threads T0 and T1. There are two processor states maintained by

each of the core, one state for each hardware thread. The two hardware threads

present on each of the core share the execution resources of the core by any

of the previously mentioned methods used to achieve multi-threading. Both

cores present on the chip share the resources present on the memory hierarchy

of the processor. In turn all the four hardware threads (two hardware threads

supported by each core) also share the same memory hierarchy resources of the

processor.

In a nutshell it can be said that following are the significant factors, which

led towards development and commercial availability of multicore processors:

• Shift towards thread-level parallelism (TLP) instead of relying only on

instruction-level parallelism (ILP) to achieve improvement in processor

performance.

• Continual growth in the number of transistors available on the micropro-

cessor chip due to Moore’s law[4], so that available transistors could be
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Figure 1.2: Schematic views of multicore and multicore-multithreaded processors.
Here T0 and T1 are the hardware threads supported by the cores, which are shown
as circles.
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used to provide additional execution cores on the same chip.

• The uncoupling of processor speed from transistor count, due to shift to

thread-level parallelism (TLP).

• Rising memory wall i.e. large and growing disparity between processor

(CPU) speed and off-chip main memory speeds, in terms of both latency

and bandwidth [8] [9] [10].

In fact researchers predicted about multicore being the dominant architecture of

future microprocessors due to their better performance per watt characteristics

[20], which is also reflected in industry trends [21].

1.1.2 Performance Related Studies

In this section we provide a glimpse of performance related studies associ-

ated with architectural evolution, especially with the introduction of multiple

hardware threads and cores on a single processor chip (details of the previ-

ous related works are given in chapter 2). Such studies include identifying the

performance issues with emerging architectures and proposing the possible so-

lutions to various problems encountered. Characterization of systems as well

as workloads are one of the essential part of the performance studies [22]. The

studies performed for the characterization of systems help in identifying the

potential performance bottlenecks. In this way the characterization provides

directions for further tuning the systems for better performance. The efforts

towards performance improvement involve explorations of design space at the

level of microarchitecture as well as software stack [23] [24]. The performance

studies also help in creation of the workloads for future.

In year 1996, Olukotun et al. [25] advocated the multicore architecture for

a general purpose processor. There have been several research projects to ex-

plore multi-core architecture like Hydra [26], Piranha [27] and Atlas [28]. These

projects explored various issues such as microarchitectural design, compiler sup-

port, and speculative execution of user-level applications. In the past, perfor-

mance studies have been done on simulators to analyze the operating system

behavior in the presence of multiple hardware threads on a single processor

[29]. Intel introduced hyperthreading (HT) on Xeon processor [30], which is

an implementation of simultaneous multi-threading (SMT). On hyperthreaded

Xeon processor, a single core supported two hardware threads. Hyperthreading

makes a single physical processor appear as two logical processors; the physical

execution resources are shared and the architecture state is duplicated for the
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two logical processors. Initial performance analysis have been done by Tuck

and Tullsen [31] over hyperthreaded Intel Pentium 4 processor [32]. The focus

of the study was to understand its performance and the underlying reasons be-

hind that performance. Bulpin and Pratt [33] measured the multiprogramming

performance of Intel Pentium 4 processor with hyperthreading and confirmed

the findings of previous study done by Tuck and Tullsen [31]. They observed

the mutual effect of processes simultaneously executing on the Intel Pentium 4

processor, and found that many performance results can be explained by con-

sidering cache miss rates and resource requirement heterogeneity of those pro-

cesses. The general rule of thumb derived from the study was that threads with

high cache miss rates can have a detrimental effect on simultaneously execut-

ing threads. In a later work Bulpin and Pratt [34] proposed process scheduling

heuristics for hyper-threaded processor, so that pathological combinations of

workloads that can give a poor system-throughput could be avoided.

Among studies on multicore processors, Herescu et al. [1] performed per-

formance workload characterization on platform based on IBM POWER5 [35]

processor. IBM POWER5 is a dual core processor with simultaneous multi-

threading support. Each core on the processor supports two hardware threads.

They observed performance impacts due to shared resources, such as caches,

translation look-aside buffers (TLBs) and branch prediction hardware. Fe-

dorova et al. [2] also made observation that the sharing of memory hierarchy

on the processor such as last level caches among the cores may cause the co-

running programs to suffer with performance degradations. In the next section

we mention some of the commodity multicore processors, which reflect the trend

towards growth in number of cores present on a single chip as well as sharing

of processor caches among the cores / threads.

1.1.3 Commodity Multicore Processors

In year 2001, IBM introduced the first chip containing two single-threaded

processor cores – the POWER4 [36], for use in general purpose computing.

Since that time, several other chip makers have also introduced their multicore

solutions for general purpose computing.

We mention some of the commodity multicore processors in table 1.1. The

number of cores on the chip are increasing along with generations of the pro-

cessors. We also see that in majority of the emerging multicore processors

the memory hierarchy resources (especially the last level caches L2 or L3) are

shared among the cores.
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Table 1.1: List of some of the commodity multicore processors.

Year Multicore Processor No
of
cores

On-
chip
caches

Shared
caches

Citations

2001 IBM POWER4 2 L1,L2 L2 [36]
2004 IBM POWER5 2 L1,L2 L2 [35]
2005 Intel Pentium 2 L1,L2 none [37]
2005 AMD Opteron 2 L1,L2 none [38]
2005 IBM-Microsoft PowerPC Xenon 3 L1,L2 L2 [39]
2005 Sun UltraSPARC T1 (Niagara1) 8 L1,L2 L2 [40]
2006 Intel Itanium 2 2 L1,L2,L3 none [41]
2006 Sony-Toshiba-IBM Cell 9 L1,L2 none [42] [43]
2006 Intel Xeon & Core 2 Extreme 4 L1,L2 L2 [44]
2007 Sun-Fujitsu SPARC64 VI 2 L1,L2 L2 [45]
2007 IBM POWER6 2 L1,L2 none [46]
2007 AMD Opteron 4 L1,L2,L3 L3 [47]
2007 Sun UltraSPARC T2 (Niagara2) 8 L1,L2 L2 [48]
2008 Intel Xeon 6 L1,L2,L3 L3 [49]
2008 Sun-Fujitsu SPARC64 VII 4 L1,L2 L2 [50]
2009 AMD Opteron 6 L1,L2,L3 L3 [51]
2010 IBM POWER7 8 L1,L2,L3 L3 [52]
2010 Intel Xeon 8 L1,L2,L3 L3 [53]

Multicore processors have introduced sharing of resources among multiple

execution cores present on the processor chip. Resources shared among the

execution cores include on-chip caches, hardware prefetchers and system bus.

In contrast, in the previous generation single-core processors the aforemen-

tioned resources were private for the execution core. Previous performance

studies, mainly by Bulpin and Pratt [33], Herescu et al. [1] and Fedorova et al.

[2] identified processor memory hierarchy resources shared among the cores /

threads of the processors as one of the performance critical resource. Sharing

of the resources among the cores of the multicore processors causes co-running

programs to interfere with each-other. The mutual interference among the co-

running programs may cause them to suffer with performance degradations.

Thus the multicore architecture poses additional performance issues that need

to be addressed for effective utilization of the systems.

At present the multicore processors have become the driving engine for

variety of computing systems such as desktops, servers, game consoles as well as

embedded systems. The eminent ubiquity of the multicore processors indicates

that multicore is going to be the dominant architecture of future. It makes

imperative for us to look into performance issues arising due to interactions of
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multicore based systems and software. In next section we mention the research

objectives and the problem statement for the thesis.

1.2 Research Objectives and Problem State-

ment

We aim to come up with the models, which can address the performance issues

caused due to sharing of memory hierarchy resources among the cores of the

multicore processors. The processor memory hierarchy resources include caches,

prefetchers and memory bus.

The major objectives of the thesis are to:

• Investigate the performance issues due to sharing of the processor memory

hierarchy resources (such as processor caches, prefetchers and bus) among

the cores of the multicore processors.

• Review the existing models for memory behavior of programs and asso-

ciated performance aspects of the multicore processors.

• Propose models for program memory behavior and associated perfor-

mance aspects of the multicore processors.

• Suggest prospective applications of the proposed models towards solving

the performance issues of multicore processors.

The thesis addresses the performance issues of multicore processor based com-

puting systems with focus on program behavior with respect to utilization of

the memory hierarchy resources, which are shared among the cores of the pro-

cessor. The following are the key concerns addressed in the thesis:

• How to develop a model to characterize the program memory behavior on

multicore processors (described in section 3.8 of chapter 3 on page 47).

• How to devise a mechanism for application of model developed in pre-

vious step so that the interference among co-running programs due to

usage of memory hierarchy resources shared among the cores is mitigated

(described in section 4.4 of chapter 4 on page 61).

• How to develop a model for predicting the performance degradations

caused due to sharing of the processor memory hierarchy resources among

the co-running programs (described in section 5.2 and section 5.3 of chap-

ter 5 on page 77 and 78 respectively).
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• A prospective application of the model developed for predicting the per-

formance degradations (described in section 5.6 of chapter 5 on page 87).

Overall the work aims at modeling the performance aspects of multicore pro-

cessor based computing systems and prospective applications of the developed

models. It considers use of machine learning techniques for building the models.

1.3 Research Contributions

The domain of machine learning provides various techniques which can be used

to build systems for characterizing complex phenomena. Programs simultane-

ously running on different cores of a multicore processor, have complex interac-

tions due to usage of shared memory hierarchy resources. The thesis presents a

unique approach for modeling the performance implications of such interactions

by applying machine learning techniques.

The contributions that stem from our research are demonstrated by the

publications generated from the thesis. The main contributions from the thesis

could be summarized as follows:

• Methodology to build model to characterize program memory

behavior on multicore processors: We proposed the methodology

to build model to characterize program memory behavior on multicore

processors. The methodology includes proposal of program attributes,

using which the program memory behavior can be predicted in terms

of solo-run last level cache stress. It involves use of machine learning

techniques to capture the knowledge about processor memory hierarchy

resource utilization behavior of running programs. The off-line trained

model could be used later for guiding the system policies to mitigate

the interference among the co-running programs due to usage of memory

hierarchy resources shared among the cores.

• Meta-scheduler for multicore processors: We implemented a proof

of concept meta-scheduler as an example application of the model devel-

oped for program memory behavior characterization. The meta-scheduler

runs in user space and guides the process (CPU) scheduling decisions

made by underlying operating system process scheduler so that the in-

terference among the programs co-running on multicores is mitigated.

We observed performance improvement up to 76% for 4-cores and 54%

for 8-cores as compared to default linux kernel process scheduler on our
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Intel quad-core Xeon X5482 processor based platform by improving pro-

cess scheduling. The approximate average cost of the model was about

0.00075% of the total time (i.e. 7-8 cycles per million cycles), as observed

in the experiments. The meta-scheduler does not require modifications in

process scheduler of the operating system running on the platform.

• Methodology to build model for performance prediction on mul-

ticore processors: We also proposed the methodology to build model

to predict the performance on multicore processors. The model takes the

proposed solo-run program attributes as inputs and predicts the concurrent-

run performance of the programs on multicores. The concurrent-run in-

volves interference among the program and other programs co-running

on cores, which share the memory hierarchy resources with the first pro-

gram. Such models and techniques could be used for further performance

oriented research on multicores as well as simulation of multicores.

• Application of performance prediction model for simulation of

multicore processors: We also propose the prospective application of

the model, which was developed for performance prediction in previous

step. We describe the use of the model for simulation of multicores in

AKULA tool-set [54], which was recently developed by Zhuravlev et al.

for rapid prototyping and evaluation of scheduling algorithms for mul-

ticore processors. The use of machine learning based model adds the

performance predictability to enable the multicore simulation for work-

load combinations for which the concurrent-run performance data is not

available. The approach proposed in the thesis also supports simulation

for processors having variable number of processor cores sharing the re-

sources. For example, the number of cores sharing last level caches are

four on Intel Xeon E5630 [55], three on AMD Phenom 8450 [56] and four

on AMD Phenom 9650 [56] processors.

The models and the prototype meta-scheduler were developed and demon-

strated on the existing commodity multicore processor based systems. It may

take some time for some of the previous works done on simulators ( Xie and Loh

[57], Chandra et al. [58], Rafique et al. [59], Suh et al. [60] and Hsu et al. [61] )

to become applicable on real systems. We used machine learning techniques to

develop the models by capturing the knowledge about the interactions of the

applications and the processor architecture. The focus of studies have been on

interactions of programs related with processor memory hierarchy resources,

which are shared among the cores present on multicore processors. The use of
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machine learning requires training the algorithms to synthesize the models, on

the other hand some of the analytical models proposed in previous works by

Chandra et al. [58] and Fedorova et al. [2] are fairly involved for application

in real systems. The methodologies and mechanisms presented in the thesis

do not require specialized support from hardware as proposed in some of the

previous works by Xie and Loh [57], Chandra et al. [58], Rafique et al. [59], Suh

et al. [60], Hsu et al. [61] and Qureshi and Patt [62]. The work also does not

require any modifications or recompilations of the applications. We provide ex-

perimental evidence that the developed methodologies using machine learning

techniques can be utilized to achieve performance gains. The methodologies

developed as part of our work create further research possibilities. Fellow re-

searchers can use these methodologies as initial point, for using, improving and

extending the ideas.

1.4 Organization of the Thesis

The thesis is organized into six chapters as mentioned below. Though the

chapters are related with each other, we tried to present each chapter in self-

contained manner to the extent possible, to ease the sequential reading of the

thesis document. Thesis organization is also shown in figure 1.3.

• Chapter 1: Introduction. The chapter gives an overview of evolution

of processor architecture and associated performance studies, which pro-

vided the motivation behind the work carried out in the thesis. It also

mentions the research objectives of the work.

• Chapter 2: Review of Performance Studies and Related Back-

ground. This chapter provides the review of the previous studies related

with performance issues of multicore based computing systems, with spe-

cific emphasis on sharing of processor memory hierarchy resources among

the cores present on the processors. It also gives an overview of machine

learning and some of its applications in computer systems research.

• Chapter 3: Characterization of Program Memory Behavior.

This chapter presents the methodology for characterizing the program

memory behavior on multicore processors. The chapter also provides

brief description of machine learning algorithms as well as experimen-

tal platforms used in the study. It describes the program attributes and

the experimental method to gather the data from a multicore processor

based platform to generate the training data-set. It also describes the
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Figure 1.3: Thesis organization.

prediction accuracy results of the trained model and its transferability

over other experimental multicore platform.

• Chapter 4: Improving Process Scheduling. This chapter describes a

meta-scheduler as an example application of the model built for program

memory behavior characterization. It also provides the results on im-

provement in performance, observed with the meta-scheduler along with

details of experimental setup.

• Chapter 5: Performance Prediction. This chapter describes the

methodology to build model for performance prediction on multicore pro-

cessors along with experimental setup and results. It includes the pro-

posed solo-run program attributes, which the model takes as inputs to

predict the concurrent-run performance. It also describes the prospective

application of the model (built to predict concurrent-run performance)

for simulation of multicores.

• Chapter 6: Conclusions and Future Work. This chapter summa-

rizes the major contributions of the work and mentions the observations.

It also highlights the future research directions.
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Overall the thesis covers the modeling of the performance aspects of multi-

core processors with focus on sharing of processor memory hierarchy resources

among the cores present on the multicore processors. The models were built

by training the machine learning algorithms. The applicative aspects of the

research reported in the thesis are reflected in the prospective use of the de-

veloped models for – (i) improving process scheduling on multicores and (ii)

simulation of multicores.
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Chapter 2

Review of Performance Studies

and Related Background

This chapter presents review of relevant literature on performance studies ac-

companied with shift towards multicore architecture. The chapter is organized

as follows: In section 2.1, we begin with the description of the studies related

with shared memory hierarchy resources present on multicore processors. The

work done in this thesis uses machine learning techniques to synthesize the

models. In section 2.2, we provide an overview of machine learning and its

applications in computer systems research. Section 2.3 describes the work re-

lated to performance prediction studies on multicore processors followed by

conclusions.

2.1 Shared Memory Hierarchy Related Stud-

ies

This section describes previous works related with management of shared caches

on multithreaded and multicore processors. The various solutions proposed by

researchers to manage the interference among co-running programs using shared

caches on multicore and multithreaded processors mostly fall into two kinds of

solutions:

• Hardware based solutions

• Software based solutions

Both solutions in general require knowledge about the memory behavior es-

pecially the shared last level (e.g. level-2) cache related characteristics of the

programs running on the processor. Hardware based solutions propose extra

17



support from the processor hardware. Software based solutions include schedul-

ing by operating systems and adaptations in memory management subsystem,

which involve page coloring based techniques.

2.1.1 Hardware Based Solutions

Among the hardware based solutions, Suh et al. [60] proposed memory moni-

toring scheme, which utilized a set of novel hardware counters. The counters

provide the marginal gain in the cache hits as the size of the cache is increased.

The scheme described in the work uses the counters, to get an accurate estimate

of the isolated miss-rates of each process as a function of cache size under the

standard LRU (Least Recently Used) replacement policy. Such information can

be used to schedule jobs or to partition the cache to minimize the overall miss-

rate. Unlike this work, our work does not require any new hardware counters

and relies on the counters already available on existing commodity multicore

processors.

In a later work Suh et al. [63] proposed a dynamic cache partitioning method

for minimizing the overall miss rate and improving IPC (Instructions Per Cy-

cle). The scheme uses a set of on-line counters to estimate gain or loss to each

process in terms of the number of cache misses observed with different cache

allocations. It changes the cache allocation so that more needy processes can

get more cache space. This method requires a new cache replacement policy in

place of the LRU replacement policy currently used in systems. The work was

done on simulator. It requires changes in the hardware.

Kim et al. [64] studied fairness in cache sharing between threads in a chip

multiprocessor (CMP) architecture. They evaluated cache fairness metrics for

their correlation with the execution-time fairness. Execution-time fairness is de-

fined as how uniform the execution times of co-scheduled threads are changed,

where each change is relative to the execution time of the same thread for its

solo-run. The work also proposed L2 (level-2) cache partitioning algorithms to

be implemented in hardware to optimize fairness. They observed 4× improve-

ment in fairness and 15% increase in the throughput (combined instructions

per cycle) with fair caching algorithms, compared to a non-partitioned shared

cache.

Chandra et al. [58] studied the impact of L2 cache sharing among the co-

running threads on a chip multiprocessor architecture. They proposed perfor-

mance models to predict the impact of cache sharing on co-scheduled threads.

The input to the models is the isolated L2 cache stack distance or circular
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sequence profile of each thread. Stack distance profile of an application is a

compact summary of its cache-line reuse patterns. The models give an esti-

mate of the number of additional L2 misses caused by sharing, compared to

solo-run of the thread (i.e. without sharing the L2 cache with other co-runner).

The study used a cycle-accurate simulator for a dual-core CMP architecture.

The proposed models are fairly involved for implementation in hardware.

Hsu et al. [61] discussed various cache policies for chip multiprocessors.

Cache policies were named according to the target to be achieved, like Commu-

nist cache policies for equal performance target and Utilitarian cache policies for

overall performance target and the most common current model of a free-for-all

cache as Capitalist policy. They used analytical models and behavioral cache

simulation and observed that thread-aware cache resource allocation mechanism

is required for CMPs.

Qureshi and Patt [62] proposed a utility based cache partitioning scheme. In

this scheme the share of the cache received by an application is proportional to

the utility rather than its demand. The scheme uses Utility Monitor (UMON)

a special kind of counters implemented in hardware. We discuss about the

performance prediction part of this work in section 2.3.

Rafique et al. [59] proposed architectural support for chip multiprocessors

that enables operating system (OS) level cache management. The proposed

scheme consists of three components: a hardware cache quota enforcement

mechanism, an OS interface and a set of OS-level policies for changing the

quotas. The hardware mechanism enforces OS-specified, cache quotas in shared

lower level caches for each sharing entity. The OS can provide various cache

management policies by manipulating the quotas via the quota specification

interface. Thus the proposed hardware based cache quota system, can be used

by operating system to use different policies for different applications in order

to improve the overall performance in chip multiprocessors.

Chang and Sohi [65] proposed Cooperative Cache Partitioning (CCP) to

allocate cache resources among concurrently running threads on chip multi-

processors. The proposed scheme uses multiple time-sharing partitions. They

integrated the proposed cache partitioning scheme with cooperative caching

[66] for chip multiprocessors. The work was done on simulator for a 4-core chip

multiprocessor. Cooperative caching [66] tries to reduce the number of off-chip

accesses by combining the strengths of private and shared caches adaptively.

It requires additional modifications in existing cache replacement policy and

coherence protocol.

Zhao et al. [67] investigated mechanisms for fine-grain monitoring of the use
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of shared cache resources on chip-multiprocessors. They proposed the cache

monitoring architecture named CacheScouts, consisting of tagging (software

guided monitoring IDs), and sampling mechanisms (set sampling) to achieve

shared cache monitoring on per application basis. The study was performed on

a cache hierarchy simulator called CASPER [68]. They also mentioned about

the use of CacheScouts [67] in operating systems and virtual machine monitors

for – characterizing execution profiles, optimizing scheduling for performance

management, providing quality of service (QoS) and metering for chargeback.

The proposed scheme needs to be implemented in hardware.

Xie and Loh [57] proposed a new classification algorithm for determining

the personalities of the programs with respect to their cache sharing behavior.

The proposed algorithm needs to be implemented in hardware, to help the

partitioning of the cache between the running programs to reduce the shared

cache interference caused by co-running programs on multicore processors. The

main focus of the work was to help in partitioning the caches between running

programs, though the results can also be utilized for scheduling the programs.

This work was performed on simulator for dual-core processor.

Srikantaiah et al. [69] proposed an operating system directed integrated

processor-cache partitioning for chip multiprocessors. The scheme partitions

both the available processors and the shared cache in a chip multiprocessor

among running applications. The scheme uses a regression based model to pre-

dict the behavior of applications to find the most suitable processor and L2

cache partitions. In the proposed scheme cache partitioning is done by allo-

cating one cache partition to each processor-set (processor partition), thereby

encouraging constructive sharing among threads of the same application and

alleviating the impact of interference among different applications in the cache.

The proposed partitioning approach is iterative, that involves partitioning of

processors and cache in a series of iterations. The processor partitioning per-

formed in one iteration influences the cache partitions in the same iteration and

the cache partition at the end of the current iteration influences the processor

partitioning in the following iteration. They used Simics full system simulator

[70] in the study. The scheme involves changes in both hardware as well as

operating systems.

The solutions requiring modifications in the processor hardware may need

time to get implemented and available in commodity processors. The approach

taken in our work does not require any changes in cache replacement policies

or any other components of the existing commodity hardware.
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2.1.2 Software Based Solutions

Among the software based solutions, Bulpin and Pratt [34] proposed process

scheduling heuristics for hyperthreaded Pentium 4 processor to avoid the patho-

logical combinations of workloads, which can give a poor system throughput.

The hyperthreads introduced by hyperthreading technology of Intel are ab-

stracted by the hardware as logical processors. They observed that the existing

operating systems process scheduling does not take account of the particular re-

source requirements of the individual threads, which can cause the sub-optimal

schedules to take place. In their work multiple linear regression was used to

model the speed-up ratio of a program in solo-run as compared to paired-run

with co-running sibling thread. The off-line trained model was used to change

the dynamic priority of a process in linux process scheduler. It was done so that

a runnable process could be given a higher dynamic priority if it is likely to per-

form well with the process currently running on the other logical processor. In

this scheme the kernel need to keep a record of the estimated system-speedups of

pairs of processes. Their work demonstrated the scheduling heuristics using the

standard linux-2.4 scheduler – a single-queue dynamic priority based scheduler

where priority is calculated for each runnable task at each rescheduling point.

In the next version, linux-2.6 introduced changes in the process scheduler which

maintains a run queue per processor. The independence of scheduling between

the processors complicates coordination of pairs of tasks. The investigation of

the application of the proposed heuristics for linux-2.6 was part of their future

work.

Fedorova et al. [2] proposed an L2-cache conscious scheduling algorithm for

efficient utilization of the shared last level (L2) cache on multithreaded chip

multiprocessors. Their OS scheduling algorithm is based on the balance-set

principle proposed by Denning [71]. Balance-set scheduling involves scheduling

the runnable threads into subsets or groups, such that the combined working

set of each group fits in the cache. By making sure that the working set of each

scheduled group fits in the cache, the proposed algorithm reduces cache misses.

The work involves use of estimated cache miss ratios for each group of threads

as metric for making scheduling decisions. The model [72] used in the work

for estimating cache miss ratios is based on cache model for single-threaded

workloads developed by Berg and Hagersten [73]. The cache miss ratios of mul-

tithreaded workloads estimated by model were within 17% of the actual values,

on average. Estimation of cache miss ratios by the Berg-Hagersten model re-

quires monitoring of memory re-use patterns of the threads. Implementation
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of such monitoring requires to capture a sample of memory locations that a

thread references and then to record how often those locations are reused. This

approach is expensive for use in a real system, because it needs handling fre-

quent processor traps. Fedorova et al. performed the study on simulator for

chip multithreaded processor using benchmarks from the SPEC cpu2000 suite

[74]. They observed that the L2-cache conscious scheduling algorithm had the

potential to reduce the L2 cache miss ratios by 25-37%, thereby yielding a

performance improvement of 27-45%.

In a later work Fedorova et al. [75] proposed operating system scheduling

algorithm to improve performance isolation on chip multiprocessors. Poor per-

formance isolation refers to variability in performance of an application due to

the behavior of other applications co-running with it. This performance depen-

dency is caused because of unfair, corunner-dependent cache allocation on chip

multiprocessors. The cache-fair algorithm proposed in the work ensures that the

application runs as quickly as it would under fair cache allocation, regardless of

how the cache is actually allocated. If a thread executes fewer instructions per

cycle (IPC) than it would under fair cache allocation, the scheduler increases

CPU timeslice of that thread. This way, overall performance of that thread

does not suffer because it is allowed to use the CPU longer. The work includes

proposal of a heuristic cache model to determine the fair IPC (i.e. the IPC un-

der fair cache allocation) in the scheduler. The model for fair IPC is comprised

of two parts – estimation of the fair cache miss rate, and then estimation of

the fair IPC for the given fair miss rate. Here fair cache miss rate is the miss

rate experienced by the thread when it is allocated its fair cache share. Model

building involves running a thread with several different corunners, to derive a

relationship between the miss rates of that thread and its co-runners, and later

on using that relationship to estimate fair miss rate of that thread. The model

was proposed for two co-running threads sharing the cache and was validated

on a simulated dual-core chip multiprocessor. However the applicability of the

model needs to be checked for the cases where more than two cores / threads

share the cache.

Knauerhase et al. [76] proposed observation mechanisms in the operating

systems for multicore systems so that performance degradations due to usage

of resources shared among the cores could be avoided. The policies proposed in

the work use information about the behavior of the processes to alter OS sched-

uler decisions so that interference due to use of resources shared by the cores is

mitigated. The proposal includes policies to affect process migration decisions

of the operating system so that cache loads remains approximately equal across
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last level caches. The work also investigated mechanisms to improve fairness in

cache usage. They also proposed policy of observation-based migration among

functionally asymmetric cores to handle cases in which cores provide different

features. The proposed mechanisms were implemented inside operating sys-

tems. The work done on linux kernel version 2.6.20 involved changes in O(1)

scheduler. The mechanisms need re-implementations for the Completely Fair

Scheduler (CFS) [77] present in current linux versions, as CFS has been the

default scheduler of linux since version 2.6.23. The overall speedup observed in

the study was up to 6% with SPEC cpu2006 applications [78] as workload.

Banikazemi M. et al. [79] also proposed a scheduling scheme to mitigate

the performance bottlenecks caused by sharing of resources such as caches and

main memory bandwidth in multicore systems. The meta-scheduler proposed

in their work, uses algebraic cache model to predict the impact of new sched-

ules. The model works iteratively to find new schedule. They observed that

the overall system performance can be improved by as much as 14%. In a

recent work Zhuravlev et al. [80] used running average of cache miss rate to

make scheduling decisions. The work discusses about the performance bottle-

necks caused by contention for last level caches as well as other resources on

processor memory hierarchy such as prefetcher, memory bus and memory con-

troller; which are shared among the cores of the multicore processors. The work

also presents performance prediction technique using proposed “pain” metrics,

which we mention in section 2.3 on performance prediction works.

Jiang et al. [81] studied the optimal co-scheduling problem on chip multi-

processors (CMPs). They analyzed the complexity of the problem and proved

that it is NP-complete when the number of cores sharing the caches is greater

than two. They also presented a polynomial-time algorithm for finding the

optimal co-schedules on dual-core CMPs. The proposed algorithm first con-

structs a degradation graph, and then treats the optimal scheduling problem

as a minimum-weight perfect matching problem. It solves the problem using

blossom algorithm [82]. Based on the first algorithm, the work also proposed

approximation algorithms for more complex CMP systems. In their work they

assumed that all co-run performance is given, which may not be possible for a

scheduler running on a real-world setup. In their study they also ignored dif-

ference between execution times of the co-running programs, as well as phase

changes and rescheduling.

In a later study Tian et al. [83] showed that relaxing the constraints, par-

ticularly the assumptions on job lengths and reschedulings in previous study

by Jiang et al. [81], increases the complexity of finding the optimal schedules
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significantly. They developed an A*-search [84] based algorithm to determine

optimal co-schedules for small problems. They also proposed approximation

algorithms for co-scheduling large problems. The works by Jiang et al. [81]

and Tian et al. [83] show that even if the exact performance for every possible

schedule is known it is still a challenging task (NP-complete in the general case)

to find the optimal schedule.

Scheduling as a solution to management of resources shared by the co-

running threads on single-core multithreaded systems has been studied in the

past by Snavely et al. [85] and Parekh et al. [86]. Both of these works have been

done on simulators. The scheduling algorithms for single-core multithreaded

systems discussed in these works, sample the space of possible thread schedules

by randomly perturbing the set of threads that are scheduled together, collect

hardware performance counter data, and using heuristics, determine which of

the sampled schedules would perform best. These algorithms were shown to

work reasonably well on single-core multithreaded systems, giving an average

improvement in throughput of 9% over a random thread schedule (17% over

the worst-case schedule). This technique could be applied on workloads with

a handful of threads. If the number of threads is large, sampling the space

of potential thread mixes may become less productive, because the size of the

sample space grows exponentially with the number of threads.

Recent study by Mars et al. [87] proposed a Contention Aware Execution

Runtime (CAER) environment to minimize cross-core interference due to usage

of shared resources. CAER uses hardware performance counters present in

multicore processors to infer and respond to contention. CAER is composed of

a runtime on which all applications of interest run. The runtime classifies these

applications into the latency-sensitive and batch categories. CAER probes the

hardware performance monitoring unit (PMU) to collect information about the

applications hosted by it. Information about the applications running on CAER

is continually collected and analyzed throughout their lifetime. CAER uses

heuristics to detect the contention. After detection of the contention, CAER

dynamically adapts the batch applications to minimize the contention. The

prototype mentioned in the work performed adaptations by throttling down

the execution of the batch applications to reduce the pressure on the contended

resource. The proposed CAER needs to be statically linked with the application

binary.

Cho and Jin [88] proposed a software-based mechanism for L2 cache parti-

tioning based on physical page allocation. The work was done on simulator that

does not take the interference of the operating system into account. In another
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software-based L2 cache partitioning scheme, Tam et al. [89] implemented a

software mechanism in the operating system for partitioning of the shared L2

cache by guiding the allocation of physical pages. The L2 cache is partitioned

among the running applications using page coloring. It involves reserving a por-

tion of the cache space for each application, and allocating physical memory

such that it should map to the reserved portion of the cache for an application.

The size of the portion of the L2 cache space to allocate is determined with the

help of miss rate curves (MRCs). The miss rate curves were used as a metric to

predict performance as a function of L2 cache size. In this work, they assumed

that per application L2 miss rate curves are available to the operating system

as they are obtained during profiling runs and stored in a repository. In order

to add a new application to the repository, these curves must be calculated

by running the application (or at least a representative portion of it) several

times. Berg and Hagersten [90] calculated miss rate curves on-line with the

runtime overhead of 40%, by using a software approach based on data address

watchpoints. In a later work Tam et al. [91] proposed a software-based on-line

method to characterize the cache requirements of processes on IBM POWER5

processor, using data from hardware performance counters. They used mem-

ory access trace of running programs for getting L2 cache miss rate curves,

which can be used for partitioning the cache. The authors used continuous

data address sampling, a performance monitoring unit (PMU) feature available

on IBM POWER5 processor.

Zhang et al. [92] proposed improvements for page coloring based cache par-

titioning schemes. They observed that the page coloring causes additional

constraints on allocation of memory, which may conflict with memory needs of

the application. Due to imposition of page color restrictions on an application,

only a portion of the memory can be allocated to it. When the system runs out

of pages of a certain color, the application may come under memory pressure

while there still may be sufficient memory available in other colors. It makes

necessary for the application to either evict some of its own pages to secondary

storage or steal pages from other page colors. The former can cause slowdown

due to swapping of pages while the latter may cause performance deteriora-

tion to other applications due to cache conflicts. Page coloring also involve

high overhead of on-line recoloring to adapt cache partitioning policies in a

multi-programmed execution environment. Recoloring a page involve memory

copying that takes several microseconds on commodity systems. Frequent recol-

oring of a large number of application pages may incur excessive overhead that

negates the benefit of page coloring. The work by Zhang et al. [92] proposed a
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hot-page coloring approach that requires enforcement of cache mapping colors

on a small set of frequently accessed (or hot) pages for each process. It also

mentions an approach for tracking application page hotness on-the-fly, which

involves periodic scan of page table entries. The proposed hot-page coloring is

aimed to reduce memory allocation constraint and on-line recoloring overhead

of all-page coloring in an adaptive and dynamic environment.

The software-based cache partitioning approaches require non-trivial mod-

ifications in virtual memory sub-system, which itself is a complex component

of the operating systems. The schemes also may require copying of the physi-

cal memory, if the portion of the cache allocated to an application need to be

reduced or reallocated.

2.1.3 Our Approach for Program Memory Behavior Char-

acterization

Our proposal involves using machine learning techniques for characterizing

memory behavior of programs running on multicores. Solo-run last level cache

stress (described in section 3.3 on page 38), is the metric we use to describe

the memory behavior of the programs. Our work is done on existing commod-

ity hardware platforms without additional specialized hardware support. The

model built by using machine learning techniques could be used by a system

management entity to appropriately frame the system policies. As an example

application of the built model; we developed a proof of concept meta-scheduler

(mentioned in chapter 4). The meta-scheduler uses the trained model to guide

operating system CPU scheduler to improve the process schedule on multicore

processors. Our work does not involve changes to the hardware, the operat-

ing system process scheduler or the application. In the next section we give

an overview of machine learning techniques and their applications in previous

related works.

2.2 Overview of Machine Learning Techniques

Machine learning [93] is concerned with the design and development of algo-

rithms that allow computers to evolve behaviors based on empirical data. It

involves use of computational methods for improving performance by mechaniz-

ing the acquisition of knowledge from experience. Machine learning techniques

focus on automatically learning to recognize complex patterns and make intel-

ligent decisions based on data. The core objective of a learner is to generalize
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from its experience. A learner tries to capture characteristics of interest from

the data given to it. The data serves as examples that illustrate relations be-

tween observed variables. The training examples come from some generally

unknown probability distribution and the learner has to extract from them

something more general, something about that distribution, that allows it to

produce useful answers in new cases.

Models of system behaviors are useful for prediction, diagnosis, and op-

timization in self-managing systems. Machine learning approaches have an

important role in model building because they can infer system models auto-

matically from instrumentation data collected as the system operates.

Machine learning algorithms could be organized into a taxonomy [94], as

follows:

• Supervised learning is inferring a function from supervised (labeled) train-

ing data. It generates a function that maps inputs to desired outputs.

The training data consist of a set of training examples. Each example is

a pair consisting of an input object (typically a vector) and a desired out-

put value. A supervised learning algorithm analyzes the training data and

produces an inferred function, which is called a classifier (if the output is

discrete) or a regression function (if the output is continuous).

• Unsupervised learning refers to finding hidden structure in unlabeled

data. The examples given to the learner are unlabeled, hence there is

no error or reward signal to evaluate a potential solution. Unsupervised

learning models a set of inputs, like clustering.

• Semi-supervised learning combines both labeled and unlabeled examples

to generate an appropriate function or classifier. As an example, co-

training is a machine learning algorithm, which is used when there are

small amounts of labeled data and large amounts of unlabeled data. Co-

training is used in text mining for search engines.

• Reinforcement learning, learns how to act given an observation of the

world. Every action has some impact on the environment, and the envi-

ronment provides feedback in the form of rewards that guides the learn-

ing algorithm. Reinforcement learning is concerned with taking actions

in an environment so as to maximize some notion of cumulative reward.

Reinforcement learning differs from supervised learning in that correct

input/output pairs are never presented. There is a focus on on-line per-
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formance, which involves finding a balance between exploration (of un-

charted territory) and exploitation (of current knowledge).

• Transduction is reasoning from observed, specific training cases to specific

test cases without constructing a model. In contrast, induction is reason-

ing from observed training cases to general rules (model), which are then

applied to the test cases. Transduction tries to predict new outputs based

on training inputs, training outputs, and test inputs.

• Inductive transfer or transfer learning is an approach that focuses on

storing the knowledge gained while solving one problem and applying it

to a different but related problem. For example, the knowledge gained

while learning to recognize cars could be applied when recognizing buses

or trucks.

Computer systems researchers have been using machine learning techniques

to attack problems in real-world computer systems. The domain of problems

includes reliability and performance issues in large-scale systems and networks,

power efficiency in sensor networks and self-configuration in complicated sys-

tems. The motivation for application of machine learning techniques is mainly

building empirical models. Machine learning techniques help the researchers

to cope with the challenges of scale and complexity of current and future sys-

tems. Machine learning techniques have also been used in code generation and

optimization. Some researchers have also applied machine learning to microar-

chitecture research.

Machine learning techniques such as neural networks have been used by Yoo

et al. [95] for workload characterization. The focus of the study is different from

our focus i.e. characterizing the memory (especially last level cache) related

behavior of the programs. Their study characterizes a 3-tier web service in

terms of functional characteristics of the application.

Kishore and Negi used machine learning to characterize the workload [96]

and improve process scheduling in linux operating system [97]. Their work is

not focused on memory behavior of the workload. The study uses various at-

tributes from ELF (Execution & Linking Format) executables and the previous

execution history of the processes to characterize the workload.

Ould-Ahmed-Vall et al. [98], used model trees in performance analysis. The

focus of the study is not on characterizing the program memory behavior. In

this study, the generated model tree is used to gain insights into bottlenecks

affecting processor performance. The generated model from machine learning

is used for post-facto kind of analysis as opposed to on-line use.
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In the context of multi-core processors, machine learning techniques have

been used by Ganapathi et al. [99] for optimizing the performance. The work

uses machine learning for exploration of the auto-tuning parameter space, for

compilers on multicore.

Fedorova et al. proposed to use reinforcement learning to improve operating

system scheduling policies for a heterogeneous multicore system [100]. The

focus of our study has been on homogeneous multicores.

Ïpek et al. [101] used artificial neural networks to cull high-performing con-

figurations from very large design spaces for both single-core and multicore

microarchitectures.

Bitirgen et al. [102] proposed implementation of artificial neural networks

based framework in hardware to coordinate the management of multiple inter-

acting resources in chip multiprocessors. In the subsequent work Martinez et

al. [103] reported use of machine learning techniques for resource management

on multicore architecture. The work proposed self-optimizing on-chip hardware

agents to optimize the resource allocation in multicore processors.

In our work supervised machine learning is used to derive the model to

predict solo-run last level cache stress of programs running on multicores, while

sharing last level cache with other co-running programs. In addition to this we

also used supervised machine learning to build the model to predict performance

on multicore processors. In the next section we describe the previous work

related with performance prediction on multicores.

2.3 Performance Prediction

The performance prediction on multicores involves development of techniques

and methods to understand and predict the program behavior with respect to

utilization of resources shared among the cores (e.g. shared last level cache)

and associated performance implications. The program behavior can manifest

in two kinds of performance implications, which arise due to use of resources

shared among the cores:

• The extent by which a program suffers with performance degradation due

to interference of its co-runners.

• The extent by which a program can degrade performance of its co-runners.
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2.3.1 Previous Studies on Performance Prediction

Previous studies on program behavior resulted in classification schemes for un-

derstanding the performance as well as workload creation. These studies include

works by Moreto et al. [104], Lin et al. [105] and Qureshi and Patt [62].

Moreto et al. [104] explained the speedups, which can be achieved by cache

partitioning. The metrics used in their study to classify the programs, requires

comparison against the performance when using full L2 cache, which in turn

requires a complete redundant execution of the programs.

Lin et al. [105] studied the cache partitioning using operating system level

page coloring. As part of their work they classified programs into four classes

by considering the performance degradation observed when running a program

using only a 1 MB L2 cache compared to the baseline configuration with 4

MB cache. Their classification scheme does not involve prediction task. It is a

post-facto kind of scheme for creation of workloads.

Qureshi and Patt [62] studied the problem of partitioning a shared cache

between multiple concurrently executing applications. They observed that a

higher demand for cache resources does not always correlate with a higher per-

formance from additional cache resource. They proposed utility-based cache

partitioning (UCP), which uses Utility Monitor (UMON) a special kind of coun-

ters implemented in hardware.

Xie and Loh [57] proposed classification scheme for determining the per-

sonalities of the programs with respect to their cache sharing behaviors. The

scheme classifies the programs into four animal personalities based on a few

simple heuristic metrics. The animal personalities are: Turtle, Sheep, Rabbit

and Tasmanian Devil. Turtles are applications that do not make much use of

the shared last-level (L2) cache. Sheeps are applications which are not very

sensitive to space allocated to them in shared last-level (L2) cache, hence are

not easily perturbed by other co-running applications. Rabbits are applications

which are sensitive to space allocated to them in shared last-level (L2) cache.

Tasmanian Devils are applications, which tend to negatively impact other co-

running applications. The study was performed on simulator and the scheme

needs to be implemented in hardware.

Zhuravlev et al. [80] performed “Pain classification” of programs based on

cache sensitivity and intensity. By combining the sensitivity and intensity of

two applications “pain” estimate of a co-schedule is made. Sensitivity of a

program was obtained from its stack distance profile, obtaining which by bi-

nary instrumentation using Pin tool [106] [107] is very time consuming. Pin
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[106] is a dynamic binary instrumentation framework that enables the creation

of dynamic program analysis tools. Dynamic binary instrumentation involves

performing instrumentation at run time on the compiled binary files.

Xu et al. [108] proposed shared cache aware performance model for multicore

processors. It estimates the performance degradation due to cache contention of

processes running on multicores. Their model uses reuse distance diagram of the

program. Their method to obtain the reuse distance diagram involves multiple

runs of the given program with a synthetic benchmark called stressmark. Our

work is closest to this work, where we estimate (predict) the concurrent-run

performance of programs running on multicores. We do not use reuse distance

diagram, obtaining which generally is a costly operation.

Among other performance prediction related works, Hoste et al. [109] pro-

posed an approach for predicting the performance of given application on a

number of platforms, to determine which platform yields the best performance.

The scheme involves measuring a number of microarchitecture-independent

characteristics for the given application, and subsequently relating those char-

acteristics to the characteristics of the programs from a previously profiled

benchmark suite. Performance prediction of given application is made based

on the similarity of the given application with programs in the benchmark suite.

The focus of the study is different from our work, which is focused on the per-

formance implications due to sharing of memory hierarchy resources among the

cores of the multicore processors.

2.3.2 Our Approach for Performance Prediction

The approach taken in this thesis for performance prediction uses machine

learning to build the model. We use solo-run program attributes to predict the

concurrent-run performance. The concurrent-run involves sharing of resources

with other programs simultaneously running on other cores of the processor.

The solo-run attributes are calculated from data collected from hardware per-

formance counters present on commodity multicore processors.

The methodology developed in our work does not require specialized hard-

ware support as required in some of the previous studies by Xie and Loh [57],

and Qureshi and Patt [62]. It does not require time-consuming program run

under binary instrumentation as mentioned by Zhuravlev et al. [80], that uses

Pin [106] based tools [107] for collecting the information about program be-

havior in the form of stack distance profile for performance prediction. The

efforts involved in the process of training machine learning algorithm to build
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the model are amortized because a trained model could be used for performance

prediction afterwards.

We also proposed a prospective application of the model developed for per-

formance prediction, to improve simulation of multicores in AKULA [54] tool-

set (mentioned in chapter 5 at page 87). AKULA is a recently developed tool-

set that provides a platform for rapid prototyping and evaluation of thread

scheduling algorithms on multicore processors. In AKULA [54], a bootstrap

module works on the basis of previously collected performance data of pro-

grams, to simulate program execution on multicores. Our approach augments

such a bootstrap module with the model (for performance prediction) built using

machine learning techniques. The use of the offline-trained model extends the

ability of bootstrap module to predict degradation in performance (due to shar-

ing of resources) where previous performance data is not available for pairing

/co-scheduling of applications. Also the approach proposed in the thesis allows

greater scalability for variable number of processor cores sharing the resources.

2.4 Conclusions

This chapter provided an overview of the research in connection with some of

the performance issues observed on multicore processors. The research spawns

activities on both fronts viz. hardware as well as software. The hardware based

solutions need time to become available on commodity multicore processor

based systems. We are investigating the software based techniques, so that

the policies could be adapted to mitigate the performance bottlenecks. We

mentioned the approach taken in our work, and contrasted it with the previous

works.
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Chapter 3

Characterization of Program

Memory Behavior

This chapter describes the methodology to develop model to characterize the

memory behavior of the programs on multicore processors. The approaches to

mitigate the interference of co-running programs require knowledge about the

memory behavior of those programs. We proposed use of machine learning to

help the acquisition of the knowledge about program memory behavior in the

form of trained model. This knowledge can be used by a system management

entity to frame and adapt the policies to alleviate the performance bottlenecks.

The machine learning algorithms were trained using program performance data

collected from hardware performance counters of the processors.

The chapter is organized as follows: Section 3.1 provides a view of the

performance issues along-with performance results observed by us on commod-

ity multicore processor. Section 3.2 provides information about the program

memory behavior. Section 3.3 describes the metric used by us for its charac-

terization. In section 3.4, we discuss the issues related with applicability of

the methodology on available commodity platforms. Section 3.5 provides the

information on hardware performance counters. Section 3.6 provides brief de-

scription of the machine learning algorithms used in the work. In section 3.7, we

provide details of the experimental setup. In section 3.8, experimental method

to generate the data to train the machine learning algorithms is described.

Section 3.9 provides the results on prediction accuracy of the machine learning

algorithms used in the study. In section 3.10, we discuss about assessing the

transferability of the trained models followed by the conclusions at the end.
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3.1 Performance Issues on Multicores

This section describes certain performance issues due to sharing of memory hi-

erarchy resources along-with performance results observed on one of our exper-

imental platforms. Programs simultaneously running on different cores, which

share the memory hierarchy resources may interfere with each other. For exam-

ple, programs running on the cores sharing the last level cache (e.g. L2 cache),

may compete for space in the last level cache, thereby may cause eviction of

cache lines allocated to each other. Hence it will cause those programs to ex-

perience increased cache misses, as compared to their solo-run (the solo-run

does not involve sharing of the resources). Because of this mutual interfer-

ence the applications running on multicore processors suffer from performance

degradation.

Table 3.1 mentions solo-run and concurrent-run performance (in terms of cy-

cles per instruction i.e. CPI) of some of the SPEC cpu2006 benchmark programs

[74] [78], running on Intel quad-core Xeon X5482 processor based experimental

platform (details of the platform are described in section 3.7.1 on page 45).

Please note that on Intel Xeon X5482 processor, two processor cores share the

resources such as last level (L2) cache, hardware prefetch unit and Front Side

Bus (FSB) [55].

Table 3.1: Solo-run and concurrent-run performance of SPEC cpu2006 programs on
Intel Xeon X5482 processor.

Program Names Performance in terms of CPI, for
Solo-run Concurrent-run, when co-runner is

429.mcf 433.milc 459.GemsFDTD
429.mcf 5.89 8.37 10.15 10.04
433.milc 2.41 2.89 3.46 3.54
459.GemsFDTD 1.62 1.98 2.21 2.39
462.libquantum 1.67 2.24 3.05 3.06
410.bwaves 1.17 1.36 1.45 1.53

The performance results mentioned in table 3.1 are also shown in figure 3.1a,

figure 3.1b and figure 3.1c. We can see that the performance of the programs

observed during the concurrent (paired) run is degraded as compared to their

solo-run (more the cycles per instruction, more is the degradation in perfor-

mance). During the concurrent run the program shares the resources such as

last level (L2) cache, prefetcher and Front Side Bus (FSB) with the program

co-running on other core of Intel Xeon X5482 processor.
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(a) co-runner program is 429.mcf.
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Figure 3.1: Concurrent-run and solo-run performance (in terms of CPI) of some
of the SPEC cpu2006 benchmarks on Intel quad-core Xeon X5482 processor. The
performance of the programs (program names mentioned along with x-axis) observed
during the concurrent (paired) run is degraded as compared to their solo-run. More
the cycles per instruction, more is the degradation in performance. The name of the
program, which was paired with the programs shown along with x-axis is mentioned
at the top as well as bottom. (part (a) and (b))
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(c) co-runner program is 459.GemsFDTD.

Figure 3.1: Concurrent-run and solo-run performance (in terms of CPI) of some of
the SPEC cpu2006 benchmarks on Intel quad-core Xeon X5482 processor. (part (c))

The data on percentage degradation in performance experienced by the pro-

grams during their concurrent-run are mentioned in table 3.2. The percentage

degradation in performance is calculated as shown in equation 3.1:

% degradation in performance =
(concurrent run CPI − Solo run CPI)× 100

Solo run CPI
(3.1)

Table 3.2: Percentage degradation in performance of some of the SPEC cpu2006
programs, observed during concurrent-run as compared to their solo-run on Intel
Xeon X5482 processor.

Program Names Percentage degradation in performance
during concurrent-run, when co-runner is
429.mcf 433.milc 459.GemsFDTD

429.mcf 42.13 72.34 70.49
433.milc 20.33 43.83 47.07
459.GemsFDTD 21.87 35.92 47.07
462.libquantum 34.41 82.55 83.39
410.bwaves 16.64 24.36 31.22

The data on performance degradation (mentioned in table 3.2) are also plot-

ted in figure 3.2. In this figure vertical(y)-axis shows percentage degradation in
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performance for SPEC cpu2006 programs mentioned along with horizontal(x)-

axis.
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Figure 3.2: Percentage degradation in performance of some of the SPEC cpu2006
programs, observed during concurrent-run as compared to their solo-run on Intel
Xeon X5482 processor. The vertical(y)-axis shows percentage degradation in per-
formance of the SPEC cpu2006 programs. Each of the three bars for a program
name mentioned along with horizontal(x)-axis, corresponds to a different co-running
program, which was paired with the first program. Co-running program names are
mentioned at the top.

The observations from the data on performance degradation are:

• Same program suffers with different amounts of performance degradation

when run with different co-running programs

• The quantum of performance degradation differs for different pairs of co-

running programs

The quantum of performance degradation for a program during concurrent-

run depends on:

• own memory behavior

• co-running programs memory behavior
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Hence a strategy to mitigate performance degradation would require the

knowledge about the characteristics of the programs with respect to their uti-

lization of the shared memory hierarchy resources. In the next section we

discuss about the memory behavior of the programs.

3.2 Program Memory Behavior

We use term “program memory behavior” for behavior of the programs with

respect to utilization of processor memory hierarchy resources. The processor

memory hierarchy resources include the caches, which are provided to obviate

the frequent accesses to main memory. Processors are provided with multiple

levels of caches to reduce the cache miss penalty [7]. Our focus of study has been

on the last level cache, which is shared among the cores present on multicore

processors. The penalty of getting increased misses (which are caused due to

interference among co-running programs sharing the caches) at the last level

shared caches is highest as compared with any other level caches, as the missed

cache line is to be fetched from the memory, which consume lots of processor

cycles.

Different programs have varied requirements of space in the last level cache.

The requirement of space in last level cache for a given program changes along

with the progress of the program during runtime, according to the phase be-

havior of the program. For example, a program may have high requirements

of space in the last level cache in one part of it and in the next part this re-

quirement may be low; based on the logic of the program. The duration of the

program, that has reasonably stable behavior (say high cache space require-

ment) is called one phase of the program [110]. One program may pass via

many different phases during its complete run (example given in next section

with figure 3.5 on page 41). Thus the memory behavior of a program varies

throughout its execution. In the next section we discuss about the metric used

in the work for characterizing the program memory behavior.

3.3 Metric to Characterize Program Memory

Behavior

We used solo-run last level cache stress as a metric to characterize program

memory behavior. The solo-run last level cache stress is the total number of

last level cache lines brought in due to miss and prefetch activities per kilo (103)
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instructions retired, when the program is running without sharing the last level

cache with programs co-running on other cores.

The last level cache stress for programs co-running on cores sharing the

memory hierarchy resources is different from their solo-run last level cache

stress. This is so because the last level cache stress observed during concurrent-

run results from the interactions of the individual cache access patterns and

working sets of the co-running programs based on their locality.

The values of the solo-run as well as concurrent-run last level cache (LLC)

stress of 429.mcf (one of the SPEC cpu2006 benchmark program) measured

on our Intel quad-core Xeon X5482 processor based experimental platform are

shown in figure 3.3. Concurrent-run last level cache (LLC) stress is the total
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Figure 3.3: Concurrent-run and solo-run last level cache (LLC) stress of SPEC
cpu2006 benchmark program 429.mcf on Intel Xeon X5482 processor. The names of
co-running SPEC cpu2006 benchmark programs are shown along with horizontal(x)-
axis. Values of concurrent-run and solo-run last level cache (LLC) stress are shown
along with vertical(y)-axis. The values of concurrent-run last level cache stress differs
for various runs based on the co-running benchmark program.

number of last level cache lines brought in due to miss and prefetch activities

per kilo (103) instructions retired for a program, when that program is running

on a core sharing the last level cache with other program co-running on other

core of the multicore processor. It can be seen that the values of concurrent-

39



run last level cache stress of the program 429.mcf differs for various runs based

on the co-running benchmark programs. It is so because the concurrent-run

last level cache stress results from the interactions of the memory behavior of

co-running programs sharing the last level cache.

The value of solo-run last level cache stress includes the total number of

last level cache lines brought in due to miss as well as prefetch activities. It

represents the amount of traffic happening between memory and last level cache

of the processor. Thus solo-run last level cache stress indicates the stress put

by a program on shared memory hierarchy resources such as last level cache,

hardware prefetching unit and Front Side Bus (FSB). We measured the “solo-

run last level cache (LLC) miss per kilo instructions retired” as well as “solo-run

last level cache (LLC) miss and prefetch per kilo instructions retired” (i.e. solo-

run last level cache stress) for programs of SPEC cpu2006 suite [74] [78] on Intel

quad-core Xeon X5482 processor based experimental platform. The values of

the same for some of the SPEC cpu2006 benchmarks are shown in figure 3.4.

The large difference between the two indicates better suitability of solo-run
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Figure 3.4: Values on vertical(y)-axis are “solo-run last level cache (LLC) miss
per kilo instructions retired” and “solo-run last level cache miss and prefetch per
kilo instructions retired” (i.e. solo-run last level cache stress) for SPEC cpu2006
benchmark programs on Intel Xeon X5482 processor. Horizontal(x)-axis shows names
of the programs. The solo-run last level cache stress has much larger values as it
represents the total traffic between last level cache and memory.
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last level cache miss and prefetch rate (i.e. solo-run last level cache stress) as a

metric to characterize the program memory behavior, as it represents the total

traffic between last level cache and memory.

The values of solo-run last level cache stress, sampled during the complete

run of one of the SPEC cpu2006 benchmark program 433.milc are shown in

figure 3.5 to show phase-wise variation in memory behavior. In this figure

the values of solo-run last level cache stress (for the interval of every 100 mil-

lion completed instructions) are plotted for complete run of the program. The

values of solo-run last level cache stress follows a pattern in periodic manner

during the complete run of the program. This indicates phase-to-phase vari-

ations in resource requirements of the same program during its complete run.

Different programs have different phase behaviors. We chose behavior of pro-
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Figure 3.5: Phase behavior of SPEC cpu2006 benchmark program 433.milc on Intel
Xeon X5482 processor. Vertical(y)-axis shows solo-run last level cache stress, sampled
for every 100 million instructions during the complete run of the SPEC cpu2006
benchmark program 433.milc. Horizontal(x)-axis shows the progress of the program
in terms of number of samples, where each sample refers to completion of 100 million
instructions of the program. The values of solo-run last level cache stress follows a
pattern in periodic manner during the complete run of the program.
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gram 433.milc (it is a quantum chromodynamics application [74] [78]) for this

figure, as this program has periodicity in phase behavior that can very easily

be seen from the plot shown in figure 3.5.

In the next section we mention the issues related with applicability of the

methodology for program memory behavior characterization on available com-

modity platforms.

3.4 Program Memory Behavior Characteriza-

tion Issues

The program memory behavior is a complex phenomenon. It varies throughout

the execution of a program according to its phase behavior. The concurrent-run

program memory behavior observed at run-time contains the impact of mutual

interactions of the phase behaviors of co-running programs.

A system management entity needs to have information about the memory

behavior of the programs throughout their complete run. Such information

enables it to appropriately frame the policies to manage the co-runner inter-

ference due to use of memory hierarchy resources shared among the cores. For

example, an operating system scheduler can use the solo-run last level cache

stress of the programs as a metric to intelligently schedule them to reduce the

co-runner interference, which we describe in the next chapter.

There are some additional issues for usability of the methodology for pro-

gram memory behavior characterization on existing commodity multicore pro-

cessor based platforms. The program memory behavior characterization should

not require:

• Modification in source code of an existing application

• Recompilation of an existing application

• Any changes in the processor hardware

We used machine learning to derive the model to predict the memory behavior

(in terms of solo-run last level cache stress) of the programs running on multi-

core processors. The machine learning algorithms were trained using the data

collected from the hardware performance counters of the processors on experi-

mental platforms. The use of hardware performance counters does not require

modification or recompilation of the profiled software. The next section gives

overview of the hardware performance counters.
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3.5 Hardware Performance Counters

Modern processors have hardware performance monitoring unit (PMU) built

into them. The performance monitoring unit provides special registers called

hardware performance counters (HPCs). These hardware performance coun-

ters can count various performance events occurring on the processor such as

number of instructions retired, L2 cache misses etc. The tracking of the vari-

ous events by hardware performance counters does not cause any slowdown of

the operating system kernel or applications. The counts for the performance

events can be measured for programs running on the processors by reading the

hardware performance counters. These registers can be configured to measure

various events of interest. Details regarding the number of performance coun-

ters and the way to configure them are described in processor manuals [55].

There have also been recommendations given by the researchers from Berkeley

to utilize the information from hardware performance counters to aid the re-

source management decisions and optimizations within software stack running

on the systems [111]. The next section provides brief description of the machine

learning algorithms used in the work.

3.6 Machine Learning Algorithms Used

We used supervised learning [93], in which the machine learning algorithms

generate regression models by the process of training. These generated models

can be used later on for predicting the variable of interest in a real world

scenario. The process of regression consists of fitting a model that relates a

dependent variable y to a set of independent variables x1, x2, . . . , xn expressed

in the form of equation shown below:

y = f(x1, x2, . . . , xn) (3.2)

The term “attributes” is also used to refer to the independent variables that

are used to predict the dependent variable of interest (also referred as “class

variable”).

Different machine learning algorithms correspond to different concept de-

scription spaces searched with different biases. Some problems are served well

by different description languages and biases, while others are not served well

or even served badly. This entails the study of various machine learning al-

gorithms belonging to different families to check their efficacy to solve a given

problem across various scenarios [112].
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Hence we used various machine learning algorithms from weka-3.6.2 ma-

chine learning workbench [112] [113]. In this work we used default settings

of the parameters to the machine learning algorithms in weka-3.6.2, as the

default settings work well for variety of problems [114]. The machine learning

algorithms used in the study are: Linear Regression (LR), Artificial Neural Net-

works (ANN), Model Trees (M5’), K-nearest neighbors classifier (IBK), KStar

(K*) and Support Vector Machines (SVM).

Linear regression algorithm [112] performs least-squares linear regression.

Artificial neural networks [93] are based on the mechanism of co-operative

processing of information, as done by neurons in the brain. In a multilayer

neural network, there is an input layer, an output layer and a number of hidden

layers. Each layer has a number of neurons (nodes) organized in it. The input

layer takes the information to be processed as input. The first hidden layer takes

the results from input layer as its inputs and forwards its results as inputs to

the next layer. The output layer takes the results of the last hidden layer as

inputs and produces the prediction result. In this work back-propagation was

used to train feed-forward multilayer neural network.

K-nearest neighbors classifier (IBK) and KStar (K*) are lazy or instance-

based learning algorithms [93] [115] [116]. In this case a new regression equation

is fitted each time, when the model needs to predict on a new instance (i.e. a

new query point).

Model trees are a kind of regression tree [117]. We chose M5’ algorithm [118],

which is an improved version of original M5 algorithm invented by Quinlan

[119]. Model trees recursively partition the input space until the linear models

at the leaf nodes can explain the remaining variability in those partitions.

Support Vector Machines (SVM) [120] try to find instances that are at the

boundary of the classes. These instances are called support vectors. Then they

generate functions that discriminate those vectors as widely as possible. For

training the support vector machine, a generalization of Sequential Minimal

Optimization (SMO) algorithm by Shevade et al. [121] was used. The next

section describes the experimental setup.

3.7 Experimental Setup

This section describes the platforms used to perform the experiments for gath-

ering the performance counter data. We also provide brief on the workload

used in the experiments.
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3.7.1 Experimental Platforms

We performed experiments on two platforms. The first platform is a dual-

socket DELL Precision T7400 workstation with two Intel quad-core Xeon X5482

processors (3.2 GHz) and 32 GB of memory. The specifications of the DELL

Precision T7400 workstation are described in table 3.3.

Table 3.3: Specifications of DELL Precision T7400 workstation used for generating
data to build regression models.

Item Specification
Number of chips 2
Number of cores 4 per chip
Number of hardware threads 1 per core
CPU cores Intel Xeon X5482, 3.2 GHz
L1 Instruction Cache 32KB 8-way set-associative per core
L1 Data Cache 32KB 8-way set-associative per core
L2 Unified Cache Total 12MB, Each 6MB 24-way set-

associative L2 cache block is shared by two
cores

RAM 32 GB

The second platform is a single socket DELL Precision 390 workstation with

one Intel dual-core Core2 6300 processor (1.86 GHz) and 2 GB of memory.

Table 3.4 describes the specifications of DELL Precision 390 workstation.

Table 3.4: Specifications of DELL Precision 390 workstation used for generating
data to test regression models.

Item Specification
Number of chips 1
Number of cores 2 per chip
Number of hardware threads 1 per core
CPU cores Intel Core2 6300, 1.86 GHz
L1 Instruction Cache 32KB 8-way set-associative per core
L1 Data Cache 32KB 8-way set-associative per core
L2 Unified Cache 2MB 8-way set-associative shared by two

cores
RAM 2 GB

The operating system kernel on both experimental platforms was linux-

2.6.30. For collecting data from the hardware performance counters [55] of
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the processors present on the experimental platforms, we used perfmon2 [122]

interface.

3.7.2 Processor Memory Hierarchy on Experimental Plat-

forms

Both Intel quad-core Xeon X5482 and Intel dual-core Core2 6300 processors

have two levels of caches. On both of the processors, there is separate level-1

(L1) instruction and level-1 (L1) data cache, each is 8-way set-associative and

is of size 32KB per core. The level-2 (L2) cache on both processors, is unified

in nature, i.e. it contains both instuctions and data.

The Intel quad-core Xeon X5482 processor has level-2 (L2) cache of size

12MB, which is organized in two blocks. Each 6MB 24-way set-associative L2

cache block is shared by two processor cores.

The Intel dual-core Core2 6300 processor has level-2 (L2) cache of size 2MB,

which is 8-way set-associative. It is shared by both of the processor cores.

The sharing of last level caches between cores of Intel Xeon X5482 as well

as Intel Core2 6300 processors is shown in figure 3.6 and figure 3.7 respectively.

L2 cache (6 MB)

Core1

Core3Core2

Core0

L2 cache (6 MB)

Figure 3.6: Last level (L2) cache sharing on Intel quad-core Xeon X5482 processor.
There are two L2 cache blocks, each of size 6MB. Each of the L2 cache block is shared
by two processor cores.
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Core0 Core1

L2 cache (2 MB)

Figure 3.7: Last level (L2) cache sharing on dual-core Intel Core2 6300 processor.
The L2 cache size is 2MB. It is shared by both cores.

3.7.3 Workload

We used benchmark programs from SPEC cpu2006 benchmark suite [74] [78].

The benchmark suit consists of 12 integer programs and 17 floating point pro-

grams. We used reference inputs for the benchmark programs. With reference

inputs the total workload consists of 35 integer programs and 20 floating point

programs i.e. total 55 programs. The next section describes the methodology

to generate the data for training the machine learning algorithms.

3.8 Methodology

We performed solo-run and concurrent-run experiments on the two platforms.

Data collected from the Intel Xeon X5482 processor based platform, were used

to train the machine learning algorithms to build the regression models. Data

collected from the Intel Core2 6300 processor based platform, were used to

assess the transferability of the built regression models. The methodology fol-

lowed to build the model by training the machine learning algorithms is shown

in figure 3.8.

3.8.1 Solo-run Experiment

We ran each program from SPEC cpu2006 benchmark suite on a core of the

processor and disallowed scheduling programs on other core that shares last

level cache with the previous core. The class variable solo-run last level cache

stress was calculated from hardware performance counter data collected for

complete run of each benchmark program.
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Experiments on Intel Xeon X5482
based system to collect hardware

performance counter data

Train-set data generation

Performance counter data

Data processing to generate
attributes and class variable

Train-set data

Training machine learning 
algorithms

Trained regression models

Perform 10 times 10-fold
cross-validation

Prediction accuracy metrics
of trained models

Experiments on Intel Core2 6300
based system to collect hardware

performance counter data

Performance counter data

Data processing to generate
attributes and class variable

Test-set data

Select models with best 
prediction accuracy metrics

Assess transferability of selected
trained models over test-set data

Models for use in 
intended application

Test-set data generation

Model building

Assessing transferability

Methodology followed to build models using machine learning

Figure 3.8: Methodology followed to build the model by training the machine learn-
ing algorithms.
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3.8.2 Concurrent-run Experiment

In this experiment, programs from SPEC cpu2006 benchmark suite were run

concurrently on the processor cores sharing last level cache. Event data from

the hardware performance counters of the processor were collected for each

program. These data were used to compute the program attributes. Each of

these programs takes different amount of time for completion. Hence we allowed

one of the co-scheduled programs to run till completion. The other program

was run in an infinite loop to execute repeatedly and was stopped only as the

first program finished. The workload with 55 programs, generates 55×55 (i.e.

3025) pairs of programs to run on the system.

3.8.3 Generating Program Attributes and Class Vari-

able

This section describes about computation of the program attributes and class

variable. Please note that we use term “class variable” to denote the variable

to be predicted later and it contains a numeric value.

The Intel Xeon X5482 and Core2 6300 processors support hundreds of mi-

croarchitectural performance events, which can be measured for the programs

running on the system. These events are mentioned in processor manuals [55].

We chose the performance events, which are specific to the processor memory

hierarchy of the system.

The event data collected from the hardware performance counters of Intel

Xeon X5482 processor are mentioned as follows (same applies to Intel Core2

6300 processor also, data collected from which were used to to assess the trans-

ferability of the built regression models):

• INSTRUCTIONS RETIRED: It measures the number of completed

instructions.

• LAST LEV EL CACHE REFERENCES: It measures the number of

references to last level (L2) cache.

• L2 LINES IN SELF ANY : It measures the total number of last level

(L2) cache lines brought in as a result of encountering last level (L2) cache

misses as well as prefetching activities.

Consider two programs p1 and p2 are simultaneously running on two cores

of Intel Xeon X5482 processor, and sharing the last level (L2) cache during the

concurrent-run experiment. Here p1 is the program that ran to completion and
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program p2 was run in an infinite loop till completion of p1. The attributes

and class variables are computed from the hardware performance counter data

collected for programs p1 and p2 in the following manner (prefix p1 and p2

refer to values collected for program p1 and p2 respectively):

The first attribute (p1 L2 REF PKI) is last level (L2) cache references

per kilo instructions retired. It gives information about the extent of last level

(L2) cache usage of the program p1.

p1 L2 REF PKI =
(p1 LAST LEV EL CACHE REFERENCES × 1000)

p1 INSTRUCTIONS RETIRED
(3.3)

The second attribute (p1 L2 IN PKI) is last level (L2) cache lines brought

in (due to miss and prefetch) per kilo instructions retired. It is indicative of

the stress put by program p1 on last level (L2) cache.

p1 L2 IN PKI =
(p1 L2 LINES IN SELF ANY × 1000)

p1 INSTRUCTIONS RETIRED
(3.4)

The third attribute (p1 L2 IN PK REF ) is last level (L2) cache lines

brought in (due to miss and prefetch) per kilo last level (L2) cache lines refer-

enced. It gives an indication of re-referencing characteristic of the program p1.

Lower value of this attribute indicates higher tendency of the program p1 to

re-reference the previously referenced last level (L2) cache lines.

p1 L2 IN PK REF =
(p1 L2 LINES IN SELF ANY × 1000)

p1 LAST LEV EL CACHE REFERENCES
(3.5)

The fourth attribute (p1 L2 FO) is the fractional last level (L2) cache

occupancy of the program p1. It gives a rough estimate of fraction of space

occupied by the program p1 in last level (L2) cache, while sharing it with other

co-running program p2.

p1 L2 FO =
p1 L2 LINES IN SELF ANY

(p1 L2 LINES IN SELF ANY + p2 L2 LINES IN SELF ANY )
(3.6)

The class variable to be predicted is “solo-run last level cache stress”. It

is similar as second attribute i.e. last level (L2) cache lines brought in (due to

miss and prefetch) per kilo instructions retired, but for solo-run of the same

program p1. We represent it by s1 L2 IN PKI (here s1 denotes solo-run of

first program p1 out of pair p1 and p2).
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All the four attributes mentioned above were calculated from the hardware

performance counter data collected in concurrent-run experiment.

The class variable was calculated from the hardware performance counter

data collected in solo-run experiment.

An instance of training data could be represented as a five-tuple comprising

of four program attributes and class variable, as shown below:

(p1 L2 REF PKI, p1 L2 IN PKI, p1 L2 IN PK REF, p1 L2 FO, s1 L2 IN PKI)

(3.7)

A sample of train-set data of program memory behavior generated from

Intel Xeon X5482 processor is shown in table 3.5.

Table 3.5: Sample of train-set data of program memory behavior from Intel Xeon
X5482 processor. First four columns in the table are program attributes and last
column lists class variable “solo-run last level cache stress”.

p1 L2 REF PKI p1 L2 IN PKI p1 L2 IN PK REF p1 L2 FO s1 L2 IN PKI

9.118 1.026 112.500 0.198 0.629
19.786 11.339 573.048 0.500 9.763
17.506 4.259 243.272 0.377 3.296
17.279 8.219 475.658 0.489 7.771
16.216 8.551 527.291 0.514 8.092
18.028 9.605 532.804 0.522 9.153
18.902 9.707 513.531 0.520 9.176
21.602 15.362 711.116 0.549 14.805
17.740 10.431 588.010 0.517 10.092
17.456 2.471 141.527 0.294 1.562
136.079 50.925 374.231 0.594 42.801
17.070 0.229 13.422 0.064 0.135
15.357 0.807 52.575 0.126 0.506
13.708 0.680 49.570 0.110 0.422
13.239 2.349 177.430 0.296 2.176
15.150 0.933 61.590 0.142 0.700
12.331 0.581 47.131 0.098 0.393
5.656 1.131 199.947 0.207 0.176
3.290 0.561 170.644 0.104 0.402

The next section describes the prediction accuracy results of various machine

learning algorithms used in the study, for predicting the solo-run last level cache

stress.
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3.9 Results on Prediction Accuracy for Pre-

dicting Solo-run Last Level Cache Stress

We used 10-fold cross validation [123] to evaluate the prediction accuracy of

the different machine learning algorithms. This technique involves dividing the

overall data in ten disjoint subsets. Each algorithm is trained using nine of the

subsets and then evaluated using the tenth subset. This process is repeated ten

times and each time, a different subset is used for testing and the remaining

nine subsets are used for training. The algorithm is evaluated by averaging the

prediction accuracy metrics from ten different models built in the process.

The prediction accuracy metrics [112] used in the study are described below.

Here pi and ai refer to predicted and actual values of ith instance respectively

and N is total number of instances.

Correlation Coefficient (C ): It measures the extent of relationship be-

tween predicted (pi) and actual (ai) values. Its value ranges from -1 to 1, where

1 corresponds to ideal case. It is given by:

C =
SPA√
SP SA

(3.8)

where SPA is covariance of predicted and actual values

SPA =

∑N
i=1(pi − p)(ai − a)

N − 1
(3.9)

SP is variance of predicted values

SP =

∑N
i=1 (pi − p)2

N − 1
(3.10)

SA is variance of actual values

SA =

∑N
i=1 (ai − a)2

N − 1
(3.11)

p and a are mean of predicted and actual values respectively.

Mean Absolute Error (MAE): For calculating this, the absolute value

of the error between predicted and actual values is used. In ideal case its value

should be zero. It is calculated as shown below:

MAE =

∑N
i=1 |pi − ai|

N
(3.12)
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Root Mean Squared Error (RMSE): It is measured in the same unit

as that of the measured quantity (for this case solo run last level cache stress).

Its value ranges from zero to infinity, where zero indicates ideal case. It is

calculated in following manner:

RMSE =

√∑N
i=1 (pi − ai)

2

N
(3.13)

Root Relative Squared Error (RRSE): The relative squared error is

made relative to what it would have been if a simple predictor had been used.

The simple predictor is just the average of the actual values from the training

data. It is calculated as:

RRSE =

√∑N
i=1 (pi − ai)

2∑N
i=1 (ai − a)2 (3.14)

Its value is expressed in percentage, where the value 0 corresponds to ideal

case.

Relative Absolute Error (RAE): The relative absolute error is similar

to root relative squared error, but uses absolute values of errors in calculation.

Its value is also expressed in percentage, where the value 0 corresponds to ideal

case.

RAE =

∑N
i=1 |pi − ai|∑N
i=1 |ai − a|

(3.15)

The afore-mentioned various prediction accuracy metrics values provide an

indication on the suitability of machine learning algorithms to capture the

knowledge about the given problem. In other words it helps in knowing which

algorithms seem appropriate for fitting the given data. Among these metrics

mean absolute error could be used as an indication for the error in predictions

made by the trained model, as it does not exaggerate the effect of outliers. Root

mean squared error tends to exaggerate the effect of outliers. Outliers are the

instances whose prediction error is larger than the other instances. Correlation

coefficient is a scale independent metric, which means that if we take a partic-

ular set of predictions, the correlation coefficient remains unchanged if all the

predictions are multiplied by a constant factor and the actual values are left

unchanged. Good performance of a machine learning algorithm leads to larger

values of correlation coefficient, whereas the other metrics being error values,
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indicate smaller values for good performance. The values of relative error met-

rics try to compensate for basic predictability or unpredictability of the output

variable (also known as class variable). If the output variable tends to lie fairly

closely to its average value (which indicates good predictability) and hence the

relative metrics compensates by the denominator term used in its calculation.

Otherwise, if the output variable does not lie close to its average value then

the values of error between predicted values and actual values are far greater

because the quantity is inherently more variable and therefore harder to predict

[112].

We performed 10 times 10-fold cross validation [124] using weka-3.6.2 ex-

perimenter [112]. In 10 times 10-fold cross validation, for every 10-fold cross

validation step the data are shuffled in different manner. It ensures that the

ten subsets of data used during a 10-fold cross validation, are different than

the subsets used in other nine 10-fold cross validations. The total number of

instances of data (collected from Intel Xeon X5482 processor based platform)

used in the study were 3025. The evaluation results for the different machine

learning algorithms used in this study are shown in table 3.6.

Table 3.6: Results of prediction accuracy metrics achieved in 10 times 10-fold cross
validation for predicting solo-run last level cache stress on Intel XeonX5482 processor.

Algorithms Prediction Accuracy Metrics
C MAE RMSE RRSE % RAE %

LR 0.99 0.64 1.06 11.05 8.80
ANN 1.00 0.43 0.66 6.93 6.02
IBK 1.00 0.07 0.37 3.88 1.04
K* 1.00 0.02 0.20 2.05 0.29
M5’ 1.00 0.28 0.54 5.69 3.84
SVM 0.99 0.57 0.16 11.98 7.93

The prediction accuracy metrics obtained as shown in table 3.6, indicate

that the best performing algorithm is KStar (K*), followed by K-nearest neigh-

bors classifier (IBK) and Model Trees (M5’).

The KStar (K*) and K-nearest neighbors classifier (IBK) are lazy or instance-

based learning algorithms [93] [115] [116]. In the case of these algorithms all the

train-set instances are stored in the model. A new regression equation is fitted

each time, when the model needs to predict on a new instance (i.e. a new query

point). In case of other four algorithms (mentioned in table 3.6) the fitting of

train-set data happens during the training phase. The time taken to build the

models (for predicting program memory behavior) using train-set having 3025
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instances of data is shown in table 3.7.

Table 3.7: Time taken for training the algorithms to build regression models for
predicting solo-run last level cache stress (using train-set with 3025 instances of data).

Algorithms Time (in seconds) taken to build model
LR 0.35
ANN 16.1
M5’ 1.33
SVM 138.6

3.10 Assessing Transferability of the Trained

Models for Predicting Solo-run Last Level

Cache Stress

Transferability of a regression model refers to usability of the regression model

trained in one scenario in predicting the dependent variable in another sce-

nario. In our case a scenario refers to architectural attributes of the memory

hierarchy of a multicore processor. It includes interactions between architecture

and application with reference to shared last level cache. A regression model

trained on architecture A is considered transferable to architecture B if it can

be used to accurately predict the solo-run last level cache stress on architecture

B. Transferability of trained regression model is an important property for uti-

lization of the model across various scenarios. It amortizes the efforts involved

in training.

We performed solo-run and concurrent-run experiments on the other exper-

imental platform (which is based on Intel Core2 6300 processor) to assess the

transferability of trained regression model. We collected the program attributes

and class variable i.e. solo-run last level cache stress data for experiments con-

ducted on this platform. In the next section we mention the difference between

the processors of the two experimental platforms with respect to their last

level cache organization to have a view of differences in the scenarios the two

platforms offer.
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3.10.1 Difference in Last Level Cache Organization on

Intel Xeon X5482 and Intel Core2 6300 Proces-

sors

The processors present on the experimental platforms i.e. Intel quad-core Xeon

X5482 and Intel dual-core Core2 6300 have unified level-2 (L2) cache shared

between two cores, which is the last level cache. Table 3.8 shows the last level

(L2) cache related data for both processors. It can be seen that the last level

cache organization of the two processors (which were used for generating the

train-set and test-set data respectively) differs in terms of cache size and ways

of associativity.

Table 3.8: Last level cache related data of Intel Xeon X5482 and Intel Core2 6300
processors. The last level cache organization of the two processors differs in terms of
cache size and ways of associativity.

Processor No of cores
sharing last level
cache

Size (MB)
shared between
the cores

Ways of as-
sociativity

Xeon X5482 2 6 24
Core2 6300 2 2 8

We tested the regression models (built using data collected from Intel Xeon

X5482 processor) using data collected from Intel Core2 6300 processor. The

testing for transferability across the two different cache organizations was per-

formed for the three best performing algorithms in 10-fold cross validation

(described in section 3.9), i.e. KStar (K*), K-nearest neighbors classifier (IBK)

and Model Trees (M5’). Next we describe the prediction accuracy metrics of

trained regression models observed on the test data.

3.10.2 Prediction Accuracy Metrics of Trained Regres-

sion Models on Test Data-set

The results of prediction accuracy metrics of trained regression models on the

test data generated from Intel Core2 6300 processor are shown in table 3.9.

The number of instances of test data from Intel Core2 6300 processor were

418. These numbers of test instances were generated based on the availability

of the platform for performing experiments. The values of prediction accuracy

metrics obtained for the test data shown in table 3.9 indicate that the regression
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models trained by data from Intel Xeon X5482 are reasonably transferable for

predicting the solo-run last level cache stress on other processor i.e. Intel Core2

6300.

Table 3.9: Prediction accuracy of trained models on test data from Intel Core2 6300
for predicting solo-run last level cache stress.

Algorithms Prediction Accuracy Metrics
C MAE RMSE

IBK 0.93 2.49 5.78
K* 0.80 2.72 8.55
M5’ 0.95 1.60 4.67

The results shown in table 3.9 indicate that among the three algorithms,

Model Trees (M5’) seems to be the best performing algorithm.

3.11 Conclusions

This chapter described the methodology to build model to characterize program

memory behavior on multicore processors. The models were built by training

the machine learning algorithms. The trained models were found reasonably

transferable to other architecture, that indicates the suitability of potential

use of offline trained model by a system management entity. So that the sys-

tem management entity can adapt the policies to alleviate the performance

bottlenecks due to memory hierarchy resource sharing among the cores of the

processors.
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Chapter 4

Improving Process Scheduling

This chapter describes the application of the trained regression model to im-

prove process scheduling on multicore processors. We implemented a proof of

concept meta-scheduler that utilizes the trained model. The meta-scheduler

runs in user-mode (unprivileged mode) and guides the scheduling decisions of

the underlying operating system process scheduler. Each core of the multi-

core processor appears as a CPU to the operating system, hence during the

description we use the terms core and CPU interchangeably.

The chapter is organized as follows: Section 4.1 begins with discussion of the

process scheduler in commodity operating systems (OS) on multicores. In sec-

tion 4.2, some of the process scheduling issues for multicores are discussed. Sec-

tion 4.3 gives description of the role of proposed meta-scheduler in addition to

the underlying operating system process scheduler present on the system. Sec-

tion 4.4 describes the policy framework of the meta-scheduler, which provides

the design implementation of the meta-scheduler. In section 4.5, we describe

the performance evaluation of the meta-scheduler, which includes the details

of the methodology adopted along with experimental platform and workload.

Section 4.6 provides the results of performance evaluation and information on

cost of the trained regression model to predict the solo-run last level cache

stress of running programs. At the end we conclude.

4.1 Process Scheduler in Commodity OS

This section describes the role played by process scheduler present in commodity

operating systems on multicore processors. It also provides brief overview of

the default process scheduler of linux-2.6.30 operating system kernel, which is

installed on the experimental platforms used in the work.

The main goal of the process schedulers (also called CPU schedulers) present
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in contemporary commodity operating systems (e.g. linux [125]) on multicore

systems is to fairly distribute the workload across the available cores. We use

terms processes and threads interchangeably, for the perspective of scheduling

them on CPU. The strategies employed to place processes on cores of the pro-

cessor focus on balancing the runnable processes across the available resources

to ensure fair distribution of CPU time and minimize the idling of cores.

Process schedulers of contemporary multiprocessor operating systems, such

as linux [125] generally have two main components:

• Run-queue management subsystem

• Load balancing subsystem

The run-queue management subsystem uses a distributed run queue model with

separate run-queue for each core and fair scheduling policies to schedule pro-

cesses on each core. The load balancing subsystem redistributes the processes

across the cores. The first component does scheduling of the processes in time,

while the second component does scheduling of the processes in space.

The default CPU scheduler in linux is the Completely Fair Scheduler (CFS)

[77], which was merged into mainline linux kernel version 2.6.23. In CFS, each

core is provided with a separate run-queue. The processes which are currently

assigned (mapped) to a core are stored in the run-queue of that core. The CFS

considers the waiting time of a process (how long it has been in the run-queue

and was ready to run) for scheduling. The process with the highest need for

CPU time is always scheduled next. The CFS tries to ensure that no process

is treated unfairly. The unfairness is directly proportional to the waiting time

of the process. Every time the scheduler is called, the process with the highest

waiting time is picked and assigned to the CPU. In this way, no large unfairness

gets accumulated for any process, and the unfairness will be evenly distributed

among all the processes in the system. The CFS maintains a time-ordered

red-black tree for each run-queue.

The processes have different completion times as well as different blocking

intervals, thereby some run-queues may run out of work, leaving the corre-

sponding processor cores idle, while other processor cores would have processes

waiting in their run queues. This is called load imbalance, where the “load” on

each core is basically the number of processes in its run-queue. In CFS, load-

balancer is periodically invoked to balance the lengths of run-queues to migrate

processes from the busiest core (CPU) to less-loaded cores (CPUs). The load

balancer ensures that the process selected for migration is not running at the

moment or has not been running on a core (CPU) recently. This is done so
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that the process should not lose its cache affinity due to migration. It is also

required that the process to be migrated must have permission to execute on

the destination core (CPU) i.e. the CPU affinity of the process has not been

set to prohibit it to run on the destination core (CPU).

In a nutshell the process schedulers in commodity operating systems on mul-

ticores are mainly concerned with – distributing the CPU time fairly among

all the running programs and distributing the workload fairly among the avail-

able cores. Next section mentions some of the process scheduling issues for

multicores.

4.2 Process Scheduling Issues for Multicores

An ideal process scheduler for multicore processors should consider resource

requirements of the processes as well as interference / contention among the

co-running processes for the resources shared among the cores of the processor.

The topology of multicore processors includes the information on sharing of the

resources (such as last level caches) among the cores of the processors. Hence

to achieve next level of performance, the process scheduler (also called CPU

scheduler) should be made aware of multicore processor topologies and the

characteristics of the processes with respect to utilization of resources shared

by the cores.

The schedulers present in contemporary commodity operating systems do

not characterize the processes running on the systems with reference to uti-

lization of the resources shared among the cores. The contemporary CPU

schedulers do not construct or utilize performance-models to determine more

optimal process-to-core mappings. They in general do not take advantage of the

hardware performance counters available on the processors. The next section

describes the role played by the proposed meta-scheduler.

4.3 Role of Meta-scheduler

The actions of the proposed meta-scheduler are focused only on assigning (map-

ping) of processes on cores (CPUs). In other words the actions of the meta-

scheduler are concerned with space-sharing than time-sharing. Rest of the

tasks of the CPU scheduler like run-queue management (which includes the

time-multiplexing and enforcing priorities) and load-balancing are left for the

underlying process (CPU) scheduler of the operating system running on the

system. The meta-scheduler attempts to map the processes on the cores so
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that the processes having complementary behavior for utilization of resources

shared among the cores become co-runners. As the focus of our study has been

on memory hierarchy resources shared among the cores; a pair of memory in-

tensive and compute intensive applications is an example of programs having

complementary behavior.

Moreover the meta-scheduler requires the workload to be mix of the memory

intensive and compute intensive applications. It performs the space-sharing on

the basis of the characteristics of the applications running on the system. If all

the applications are equally memory intensive or compute intensive then there

is nothing much to be done by the meta-scheduler.

The meta-scheduler also needs that the processor architecture must have

multiple cores, where subsets of the cores share different resources. In case of

Intel quad-core Xeon X5482 processor (kindly refer to figure 4.3 on page 66),

there are two subsets of cores: (i) core0 and core1 share one block of last

level (L2) cache, (ii) core2 and core3 share separate block of last level (L2)

cache. Thus there are two subsets of cores sharing different resources, thereby

allowing the meta-scheduler to function effectively. But in case of AMD quad-

core Phenom 9650 processor (kindly refer to figure 5.1a on page 76) and AMD

triple-core Phenom 8450 processor (kindly refer to figure 5.1b on page 76) all

the processor cores share last level (L3) cache, thereby restricting the meta-

scheduler to suggest better mapping of the processes to cores. In any alternate

mapping on these processors, all the co-running processes will be sharing the

last level caches thereby effectively reducing all the mappings to become similar

to each-other with respect to utilization of resources shared among the cores.

The next section describes the policy framework of meta-scheduler.

4.4 Policy Framework of Meta-scheduler

The meta-scheduler needs information on following additional aspects of the

system to improve the process schedule:

• The topology of the multicore processors: It provides the information

about the core layout and memory hierarchy of the processor i.e. sharing

of the caches among various cores.

• The requirements of the running programs especially with respect to uti-

lization of the resources shared by the cores of the processor.

The information on processor topology is available with the processor, which

is provided by the commodity operating systems like linux [125] via /sys or
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/proc interface. The information on requirements of the programs with respect

to utilization of the resources shared by the cores of the processor is obtained

via the trained regression model. The regression model takes the program

attributes as inputs and predicts the “solo-run last level cache stress”. The

program attributes are calculated from the event data collected from hardware

performance counters of the multicore processor.

The mechanism of meta-scheduler could be shown in four blocks viz. Per-

formance monitoring subsystem, Trained regression model, Processor topology

knowledge and Decision making. The block diagram of the meta-scheduler is

shown in figure 4.1.

Performance
Monitoring 
Subsystem

Regression Model 
Generated by

Machine Learning

Processor
Topology

Knowledge

Decision
Making

Program
Attributes

Solo-run Last Level Cache Stress

Guiding the underlying OS process scheduler to improve the schedule

Figure 4.1: Block diagram of the meta-scheduler.

The performance monitoring subsystem does periodic sampling of the fol-

lowing performance event data from the hardware performance counters for

the programs running on the processor (Intel Xeon X5482 processor [55] on our

experimental platform):

• INSTRUCTIONS RETIRED: It measures the number of completed

instructions.

• LAST LEV EL CACHE REFERENCES: It measures the number of

references to last level (L2) cache.

• L2 LINES IN SELF ANY : It measures the total number of last level

(L2) cache lines brought in as a result of encountering last level (L2) cache

misses as well as prefetching activities.
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The sampling period is 500 milliseconds. The sampled performance event

data are used to calculate the four attributes for running programs (calculation

is similar as described in section 3.8.3 of chapter 3, on page 49). In case if two

programs p1 and p2 are co-running on cores of the processor, which share the

last level (L2) cache, the four attributes for the program p1 could be described

as follows:

• p1 L2 REF PKI: Last level (L2) cache references per kilo instructions

retired for the program p1.

• p1 L2 IN PKI: Last level (L2) cache lines brought in (due to miss and

prefetch) per kilo instructions retired for the program p1.

• p1 L2 IN PK REF : Last level (L2) cache lines brought in (due to miss

and prefetch) per kilo last level (L2) cache lines referenced for the program

p1.

• p1 L2 FO: Fractional last level (L2) cache occupancy of the program p1.

It gives a rough estimate of the fraction of space occupied by the program

p1 in last level (L2) cache, while sharing it with other co-running program

p2.

The meta-scheduler uses the off-line trained regression model (developed

using the methodology described in previous chapter 3), in on-line manner to

deduce the solo-run last level cache stress of running programs. The regression

model used by meta-scheduler is a model tree built by training the Model Tree

(M5’) machine learning algorithm of weka machine learning workbench [112]

[113] (Model Tree (M5’) machine learning algorithm has been observed as one

of the best performing algorithm, described in previous chapter 3).

Model trees are binary decision trees, where the leaf nodes contain linear

regression functions. The model tree generation process uses divide and conquer

approach to recursively partition the input space (training set) into a number of

disjoint hyperspaces. The partitioning is reflected in the generated tree model.

The disjoint hyperspaces generated in the process become linear models at leaf

nodes.

Figure 4.2 shows part of the built model tree used by meta-scheduler to

deduce solo-run last level cache stress of programs running on multicore pro-

cessors. At the root of the model tree, value of attribute p1 L2 IN PKI is

checked. At each internal node, the decision on path to be followed to go further

down is made on the basis of one of the four attributes used to train the machine

learning algorithm. After reaching the leaf node the corresponding linear model
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Figure 4.2: Part of built model tree used by meta-scheduler to deduce solo-run last
level cache stress of programs running on multicore processors. The LM1, LM2, . . . ,
LM39, LM40 are linear models at the leaves of the model tree.
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is used to calculate the solo-run last level cache stress. The LM1, LM2, . . . ,

LM39, LM40 shown in figure 4.2, are linear models at the leaves of the model

tree. For example, the linear functions for LM1 and LM2 are shown in equa-

tion 4.1 and equation 4.2 respectively (here p1 solo−run last level cache stress

is solo-run last level cache stress for program p1).

LM1 : p1 solo− run last level cache stress = −0.0007 ∗ p1 L2 REF PKI

+0.0244 ∗ p1 L2 IN PKI − 0 ∗ p1 L2 IN PK REF

+0.0204 ∗ p1 L2 FO + 0.1721

(4.1)

LM2 : p1 solo− run last level cache stress = −0.0015 ∗ p1 L2 REF PKI

+0.056 ∗ p1 L2 IN PKI − 0.0001 ∗ p1 L2 IN PK REF

+0.0645 ∗ p1 L2 FO − 0.429

(4.2)

The built model tree contains the knowledge learnt during the process of train-

ing, which it utilizes later to predict the solo-run last level cache stress, for any

given values of the four program attributes.

Inside the meta-scheduler the solo-run last level cache stress of the program

p1 is deduced by using the four attributes (calculated from data sampled from

hardware performance counters) as inputs to the off-line built regression model

as shown in equation 4.3.

RegressionModel(p1 L2 REF PKI, p1 L2 IN PKI, p1 L2 IN PK REF, p1 L2 FO)

−→ p1 solo− run last level cache stress

(4.3)

The model tree used by the meta-scheduler is generated by train-set contain-

ing 2209 instances, where each instance correspond to a pair of SPEC cpu2006

applications. The set of SPEC cpu2006 applications used for training the ma-

chine learning algorithm does not include the SPEC cpu2006 applications used

as workload for performance evaluation of the meta-scheduler (mentioned in

section 4.5.2 on page 67).

Using processor topology information the meta-scheduler divides the CPUs

available on the system into two sets, such that the CPUs present in a set

do not share the resources such as last level caches on the processor. For the

topology of Intel quad-core Xeon X5482 processor (shown in figure 4.3), the

meta-scheduler divides the four cores (CPUs) into two sets: Set-1: {0, 2} and

Set-2: {1, 3}. The cores (CPUs) present in each set do not share last level (L2)

cache among them.
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Figure 4.3: Topology of Intel quad-core Xeon X5482 processor showing the sharing
of last level (L2) cache among the cores of the processor. The meta-scheduler divides
the four cores (CPUs) into two sets: Set-1: {0, 2} and Set-2: {1, 3} such that the
cores (CPUs) present in each set do not share last level (L2) cache among them.

The meta-scheduler divides all the running programs into two groups on

the basis of their solo-run last level cache stress: higher-solo-run-last-level-

cache-stress-group and lower-solo-run-last-level-cache-stress-group. Processes

in higher-solo-run-last-level-cache-stress-group are bound with cores (CPUs)

present in Set-1, and those in lower-solo-run-last-level-cache-stress-group are

bound with cores (CPUs) present in Set-2. Thus the programs having higher

solo-run-last-level-cache-stress run with programs having lower-solo-run-last-

level-cache-stress as their co-runner and the interference / contention due to use

of resources (e.g. last level cache ) shared among the cores is minimized. The

meta-scheduler uses sched setaffinity system call for binding the programs

to the cores.

4.5 Performance Evaluation of Meta-scheduler

This section presents the experimental methodology used for performance eval-

uation of the meta-scheduler. First we mention about the experimental plat-

form and workload.
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4.5.1 Experimental Platform

We used dual-socket DELL Precision T7400 workstation to measure the im-

provement in performance due to use of meta-scheduler. The specifications

of the experimental platform are described in table 4.1. The experimental

Table 4.1: Specifications of the experimental platform used for performance evalua-
tion of intelligent scheduling done by meta-scheduler.

Item Specification
Number of chips 2
Number of cores 4 per chip
Number of hardware threads 1 per core
CPU cores Intel Xeon X5482, 3.2 GHz
L1 Instruction Cache 32KB 8-way set-associative per core
L1 Data Cache 32KB 8-way set-associative per core
L2 Unified Cache Total 12MB, Each 6MB 24-way set-

associative L2 cache block is shared by two
cores

RAM 32 GB

platform has two Intel quad-core Xeon X5482 processors. We performed exper-

iments using four as well as eight cores of the system.

4.5.2 Workload

We used set of applications from SPEC cpu2006 benchmark suite [74] [78]

with reference inputs, as workload to evaluate the performance. Table 4.2

describes the applications from SPEC cpu2006 benchmark suite, which were

used to form various sets of workloads. Out of total eight applications men-

Table 4.2: Description of SPEC cpu2006 applications used in performance evaluation
with meta-scheduler.

Name Description Characteristic
429.mcf Combinatorial Optimization Memory-bound

471.omnetpp Discrete Event Simulation Memory-bound
450.soplex Linear Programming, Optimization Memory-bound

482.sphinx3 Speech recognition Memory-bound
462.libquantum Quantum Computing Memory-bound

453.povray Image Ray-tracing CPU-bound
444.namd Biology/Molecular Dynamics CPU-bound

464.h264ref Video Compression CPU-bound
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tioned in table 4.2, five applications are memory-bound and three applications

are CPU-bound. Among the five memory-bound applications, one application

482.sphinx3 is moderate and remaining four are heavy users of memory.

The formations of sets of workloads used in the experiments are mentioned

in table 4.3.

Table 4.3: Sets of SPEC cpu2006 applications used in experiments performed for
performance evaluation with meta-scheduler.

Set 1 Set 2 Set 3 Set 4 Set 5
450.soplex 450.soplex 429.mcf 429.mcf 482.sphinx3

482.sphinx3 429.mcf 462.libquantum 471.omnetpp 444.namd
444.namd 444.namd 444.namd 464.h264ref 453.povray
453.povray 453.povray 453.povray 444.namd 464.h264ref

Set 6 Set 7 Set 8 Set 9 Set 10
450.soplex 482.sphinx3 482.sphinx3 482.sphinx3 482.sphinx3
444.namd 450.soplex 450.soplex 471.omnetpp 471.omnetpp
453.povray 429.mcf 429.mcf 429.mcf 429.mcf
464.h264ref 444.namd 464.h264ref 453.povray 444.namd

Table 4.4 describes the characteristics of the workload sets used for perfor-

mance evaluation. Set 1, 2, 3 and 4 are composed of two memory-bound and

two CPU-bound applications; set 5 and 6 are composed of one memory-bound

and three CPU-bound applications and set 7, 8, 9 and 10 are composed of three

memory-bound and one CPU-bound applications.

Table 4.4: Characteristics of the workload sets used in experiments performed for
performance evaluation with meta-scheduler.

Characteristics of the application mix Set numbers
2 Memory-bound + 2 CPU-bound 1, 2, 3, 4
1 Memory-bound + 3 CPU-bound 5, 6
3 Memory-bound + 1 CPU-bound 7, 8, 9, 10

4.5.3 Experiments

Each set of workload consisted of four applications. Each application in a set

was run in an infinite loop like the method used by Bulpin and Pratt [34], i.e.

it was restarted if it got finished. The period of experimental run was thirty

minutes.
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We ran one copy of each application per core (CPU). Hence in four-core

experiments all the four programs from a set of workload were run on four

cores of the processor.

The eight-core experiments involved running of two copies of each applica-

tion from a set of workload to get total eight programs to run on all the eight

cores.

We collected the event data for instructions retired and core cycles consumed

by each application during the experimental run from respective hardware per-

formance counters of the processor.

In both four-core as well as eight-core experiments, each set of workload

was run two times in manner mentioned above and the performance event data

were collected. First time the workload set was run without meta-scheduler

(i.e. only with the process scheduler of linux OS running on the system).

Second time the workload set was run with the meta-scheduler. In this way the

performance data were collected with and without the meta-scheduler for each

set of workload. Next section presents the performance evaluation results.

4.6 Results

The overall (aggregate) speedup was calculated as shown in equation 4.4.

Aggregate Speedup =
averageIPCM

averageIPC
(4.4)

The overall (aggregate) speedup is improvement in performance observed

with meta-scheduler as compared (normalized) to default operating system (i.e.

linux-2.6.30) process scheduler. The averageIPCM and averageIPC are av-

erage instructions retired per cycle across all the processes 1 to n, with meta-

scheduler and without meta-scheduler (i.e. with default linux operating system

process scheduler) respectively.

The values of average instructions per cycle were calculated from the event

data for instructions retired and core cycles consumed by each of the program

as shown in equation 4.5.

averageIPC =

∑n
i=1 Instructions retired∑n

i=1 Cycles
(4.5)

Table 4.5 and table 4.6 list the values of averageIPC, averageIPCM and

normalized speedup for various sets (mixes) of programs, observed in 4-core

and 8-core experiments respectively.
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The normalized speedup observed in 4-core and 8-core experiments is also

shown in figure 4.4 and figure 4.5 respectively.

Table 4.5: IPC, IPCM and normalized speedup for various sets of workloads in
4-core experiments on Intel quad-core Xeon X5482 processor based platform.

Set no averageIPC
(4-core)

averageIPCM

(4-core)
Normalized
speedup
(4-core)

Set 1 1.029 1.199 1.16
Set 2 0.623 0.806 1.29
Set 3 0.663 0.752 1.13
Set 4 0.498 0.594 1.19
Set 5 1.168 1.421 1.22
Set 6 1.173 1.372 1.17
Set 7 0.450 0.741 1.64
Set 8 0.417 0.733 1.76
Set 9 0.380 0.431 1.13
Set 10 0.381 0.507 1.33
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Figure 4.4: Normalized speedup with meta-scheduler in 4-core experiments on Intel
quad-core Xeon X5482 processor based platform.
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Table 4.6: IPC, IPCM and normalized speedup for various sets of workloads in
8-core experiments on Intel quad-core Xeon X5482 processor based platform.

Set no averageIPC
(8-core)

averageIPCM

(8-core)
Normalized
speedup
(8-core)

Set 1 0.774 0.957 1.24
Set 2 0.201 0.221 1.1
Set 3 0.456 0.593 1.3
Set 4 0.295 0.356 1.21
Set 5 1.391 1.422 1.02
Set 6 1.386 1.395 1.01
Set 7 0.438 0.509 1.16
Set 8 0.268 0.412 1.54
Set 9 0.280 0.406 1.45
Set 10 0.312 0.467 1.5

Set 1 Set 2 Set 3 Set 4 Set 5 Set 6 Set 7 Set 8 Set 9 Set 10
0

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8

Normalized speedup with Metascheduler in 8-core experiments

Normalized speedup 
(8-core)

Workload sets

N
o

rm
a

liz
e

d
 s

p
e

e
d

u
p

 a
s

 c
o

m
p

a
re

d
 to

 d
e

fa
u

lt 
O

S
 s

ch
e

d
u

le
r

Figure 4.5: Normalized speedup with meta-scheduler in 8-core experiments on Intel
quad-core Xeon X5482 processor based platform.
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In performance evaluation experiments performed with various sets (mixes)

of workload, we observed overall speedup of up to 76% (for 4-cores) and 54% (for

8-cores) with meta-scheduler as compared to default operating system process

scheduler of linux-2.6.30.

The cost of model includes the cost in terms of time required for the compu-

tation of solo-run last level cache stress by offline-trained regression model. To

find the cost of model for deducing the solo-run last level cache stress, we mea-

sured the time in terms of core cycles consumed (from the respective hardware

performance counters of the processor) to perform all the required computation

done by the trained regression model. The average time consumed in calcu-

lating four program attributes and using trained model to predict the solo-run

last level cache stress is 0.00075 % (i.e. 7-8 cycles per million cycles) of total

time for the experiments conducted in the study.

4.7 Conclusions

In this chapter we described an example application of the offline-trained model,

which was built for characterization of program memory behavior. The meta-

scheduler described in the chapter used the offline-trained model to improve

the CPU scheduling. The meta-scheduler runs on existing commodity multi-

core processor based platform and does not require any specialized support or

modifications in the existing hardware. It also does not require any modifica-

tions in the operating system process scheduler as well as applications. This

demonstrates that the model built by the process of machine learning could be

utilized by a system management entity to make or improve its policy decisions.
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Chapter 5

Performance Prediction

The focus of this chapter is to predict the performance of the applications on

multicore processors. Performance prediction on multicores should take into

account the following performance implications, which are manifested due to

resource sharing among the cores:

• The extent by which a program suffers with performance degradation due

to interference of its co-running programs.

• The extent by which a program can degrade performance of its co-running

programs.

We observed the peculiarities of the performance impacts arising due to resource

sharing among the cores (kindly refer to figure 3.2 on page 37), which are

mentioned below:

• The performance impact caused by interference among co-running pro-

grams due to use of resources shared by the processor cores is non-uniform.

• The amount of performance degradation a program suffers during con-

current run, differs when it is run with different co-running program.

• The quantum of degradation in performance, depends on the resource

utilization behavior of the program itself and the co-running programs,

with those the first program shares the resources.

The concurrent-run performance of a program on multicore results from the

interactions of the behavior of itself and its co-runners. It contains the effects

of all the peculiarities mentioned.

In this chapter we use machine learning techniques to predict the concurrent-

run performance of programs on multicore processors. We propose the solo-

run attributes of programs to predict their concurrent-run performance. Such
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performance prediction techniques could be useful for creation of workloads for

performance studies on multicore architecture. It can also be used in simulation

of multicore processors.

The chapter is organized as follows: In section 5.1, we describe the experi-

mental setup used in the study. Section 5.2 describes the experimental method-

ology. In section 5.3, we discuss about the generation of solo-run performance

attributes of the programs. Section 5.4 describes the prediction accuracy re-

sults. In section 5.5, we provide results on transferability of the trained model.

Section 5.6 describes the application of the trained model to improve multi-

core simulation in AKULA [54], which is a recently developed tool-set for rapid

prototyping of scheduling algorithms on multicores. At the end we conclude.

Reader may kindly refer to section 3.6 at page 43 for description of the

machine learning algorithms used.

5.1 Experimental Setup

In this section we provide information on the experimental platforms and work-

load used for performance prediction. The section also describes memory hier-

archy of the processors on the platforms used in the study.

5.1.1 Experimental Platforms

We performed experiments on four platforms. The first experimental platform is

dual-socket DELL Precision T7400 workstation with two Intel quad-core Xeon

X5482 processors (3.2 GHz) and 32 GB of memory (table 3.3 on page 45 may

please be referred for specifications). Data collected from the first experimental

platform were used to build the regression models by training the machine

learning algorithms.

Data collected from the other three experimental platforms were used to

assess the transferability of the regression models (those were built using the

data collected from first experimental platform based on Intel Xeon X5482

processor).

The second experimental platform is single socket DELL Precision 390 work-

station with one Intel dual-core Core2 6300 processor (1.86 GHz) and 2 GB of

memory (table 3.4 on page 45 may please be referred for specifications).

The third experimental platform is a single socket personal computer with

one AMD quad-core Phenom 9650 processor (1.15 GHz) and 4 GB of mem-

ory. The specifications of the AMD quad-core Phenom 9650 processor based
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platform are described in table 5.1.

Table 5.1: Specifications of AMD quad-core Phenom 9650 processor based platform
used for generating data to test regression models built for performance prediction.

Item Specification
Number of chips 1
Number of cores 4 per chip
Number of hardware threads 1 per core
CPU cores AMD Phenom 9650, 1.15 GHz
L1 Instruction Cache 64KB 2-way set-associative per core
L1 Data Cache 64KB 2-way set-associative per core
L2 Unified Cache 512KB 16-way set-associative per core
L3 Unified Cache 2MB 32-way set-associative shared by four

cores
RAM 4 GB

The fourth experimental platform is a single socket personal computer with

one AMD triple-core Phenom 8450 processor (1.05 GHz) and 2 GB of mem-

ory. The specifications of the AMD triple-core Phenom 8450 processor based

platform are described in table 5.2.

The operating system kernel on all the experimental platforms was linux-

2.6.30. For collecting data from the hardware performance counters of the

processors [55] [126] present on the experimental platforms, we used perfmon2

[122] interface.

We used all the 55 benchmark programs from SPEC cpu2006 benchmark

suite [74] [78] as workload for performance prediction studies.

Table 5.2: Specifications of AMD triple-core Phenom 8450 processor based platform
used for generating data to test regression models built for performance prediction.

Item Specification
Number of chips 1
Number of cores 3 per chip
Number of hardware threads 1 per core
CPU cores AMD Phenom 8450, 1.05 GHz
L1 Instruction Cache 64KB 2-way set-associative per core
L1 Data Cache 64KB 2-way set-associative per core
L2 Unified Cache 512KB 16-way set-associative per core
L3 Unified Cache 2MB 32-way set-associative shared by three

cores
RAM 2 GB
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5.1.2 Processor Memory Hierarchy on the Experimental

Platforms

Kindly refer to section 3.7.2 on page 46 for description of the memory hierarchy

on Intel quad-core Xeon X5482 as well as Intel dual-core Core2 6300 processors.

Both AMD Phenom 9650 and AMD Phenom 8450 processors have three

levels of caches. Each core on both processors has level-1 (L1) instruction and

level-1 (L1) data cache, each is 2-way set-associative and is of size 64KB.

Each core also has its own private level-2 (L2) cache, which is 16-way set-

associative and is of size 512KB. The level-2 (L2) cache is unified in nature, i.e.

it contains both data as well as instructions.

There is unified level-3 (L3) cache of size 2MB. The L3 cache is the last level

cache, which is 32-way set-associative. On AMD Phenom 9650 processor, the

L3 cache is shared by all the four processor cores, and on AMD Phenom 8450,

it is shared by all the three processor cores. The sharing of last level cache

among the cores of AMD Phenom 9650 and AMD Phenom 8450 processors is

shown in figure 5.1a and figure 5.1b respectively.

Core1

Core3Core2

Core0

L3 cache (2 MB)

(a) AMD Phenom 9650 processor.

Core1

Core2

Core0

L3 cache (2 MB)

(b) AMD Phenom 8450 processor.

Figure 5.1: Last level (L3) cache sharing on AMD Phenom 9650 and AMD Phe-
nom 8450 processors, used for generating data to test regression models built for
performance prediction.

The experimental platforms used for generating the train-set and test-set

data differ in terms of the organization of processor memory hierarchy on them.

The organization of processor caches differs mainly on following aspects:

• Number of levels of caches
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• Size of the caches

• Associativity of caches

• Number of cores sharing the last level caches

Moreover the caches present at different levels (i.e. L1, L2 etc.) are inclusive

on Intel quad-core Xeon X5482 and Intel Core2 6300 processors [55], while on

AMD Phenom 8450 and Phenom 9650 processors they are exclusive [126].

The next section describes the solo-run and concurrent-run experiments for

collecting the data.

5.2 Experiments

Each instance of train-set as well as test-set data comprised of the solo-run

program attributes and class variable “concurrent-run performance”.

The solo-run program attributes were calculated from hardware perfor-

mance counter data collected for complete run of each SPEC cpu2006 bench-

mark program [74] [78] in solo-run experiment.

In concurrent-run experiment, the programs from SPEC cpu2006 bench-

mark suite were run on the cores sharing last level cache. The values of class

variable “concurrent-run performance” were calculated from the hardware per-

formance counter data collected in this experiment. On Intel Xeon X5482

processor two processor cores share the last level(L2) cache, hence with 55

programs, we have 55×55 (i.e. 3025) pairs of programs to run on it.

In concurrent-run experiment on Intel Xeon X5482 and Intel Core2 6300

processor based platforms, two programs were run simultaneously, as there are

two cores on the processor sharing the last level (L2) caches. One program

was run on a core along with other on the core sharing the resources with the

first. The performance counter data for complete run of the first program were

collected. As the programs have different run-times, the other program was

re-run if it finished before the completion of the first program.

In concurrent-run experiment on AMD Phenom 9650 processor based plat-

form, four programs were run simultaneously; because on AMD Phenom 9650

processor, four cores share the last level (L3) cache. The performance counter

data for complete run of the first program were collected. As the programs have

different run-times, each of the other three programs was re-run if it finished

before the completion of the first program. In the similar fashion on AMD Phe-

nom 8450 processor based platform, three programs were run simultaneously,

as three cores on it share the last level (L3) cache.
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5.3 Generation of Solo-run Program Attributes

& Class Variable

This section describes the solo-run program attributes to predict the concurrent-

run performance on multicores. We begin with our first proposal of the solo-run

program attributes and its shortcomings followed by the modified proposal.

The model developed in our first study [127], used solo-run attributes of a

program as well as its co-running program to predict its concurrent-run (paired-

run) performance. The study was performed on Intel Xeon X5482 processor

based experimental platform, on which two cores share the last level (L2) cache.

For example, consider programs A and B co-scheduled on two cores, which share

the resources. In the concurrent-run both programs interfere with each other

due to usage of the resources shared by the cores. The model f to predict the

concurrent-run performance of program A, can be expressed in the form of the

equation 5.1:

f((a1A, a2A, . . . , a8A), (a1B, a2B, . . . , a8B)) −→ concurrent run CPIA (5.1)

In equation 5.1, concurrent run CPIA is paired-run (concurrent-run) perfor-

mance of program A in terms of cycles per instructions, (a1A, a2A, . . . , a8A) and

(a1B, a2B, . . . , a8B) are set of solo-run program attributes of program A and B

respectively.

The list of the eight solo-run program attributes used by the model is given

below:

• LAST LEVEL CACHE REFERENCES PKI :

Number of references to last level (L2) cache per kilo instructions.

• L2 LINES IN SELF ANY no prefetch PKI :

Number of misses occurring at last level (L2) cache per kilo instructions.

• L2 LINES IN SELF ANY no prefetch PK LAST LEVEL CACHE REFERENCES :

Number of misses occurring at last level (L2) cache per kilo references.

This gives a rough estimate of cache re-referencing property of the pro-

gram at last level (L2) cache.

• L1D REPL PK L1D ALL CACHE REF :

Number of misses at first level (L1) data cache per kilo references. This

gives a rough estimate of cache re-referencing property of the program at

L1 data cache.
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• L1I MISSES PK L1I READS :

Number of misses at first level (L1) instruction cache per kilo reads. This

gives a rough estimate of cache re-referencing property of the program at

L1 instruction cache.

• DTLB MISSES ANY PKI :

Number of misses at data translation look aside buffer per kilo instruc-

tions. This gives a rough estimate towards spread of data access of the

program.

• ITLB MISSES PKI :

Number of misses at instruction translation look aside buffer per kilo

instructions. This gives a rough estimate towards spread of instruction

access of the program.

• CPI :

Cycles per instruction. It encapsulates the effect of overall resource uti-

lization behavior of the program.

The values of the class variable i.e. concurrent-run performance (in terms of

CPI) were generated from hardware performance counter data collected dur-

ing concurrent-run experiment described in section 5.2. Each instance of the

training data is comprised of 8+8 i.e. 16 solo-run program attributes for two

programs and the paired-run (concurrent-run) performance (in terms of CPI)

of first program (which ran to completion in the concurrent-run experiment).

In case of two co-running programs sharing the resources, the model (trained

by the afore-mentioned program attributes, model shown in equation 5.1) needed

solo-run attributes of both programs as inputs for performance prediction. Thus

a model trained for case of two cores sharing the resources, can not be used

for predicting the performance, when the number of cores sharing the resources

are more than two. For example, on Intel Xeon E5630, Intel Core i5 and Intel

Core i7 processors [55], four cores share the last level cache. On AMD Phenom

8450 processor, three cores present on the chip share the last level cache; and

on AMD Phenom 9650 processor, four cores share the last level cache [56] [126].

Such cases require new model, which should consider the solo-run program

attributes of all the co-running programs. This requires us to again perform

the solo-run and concurrent-run experiments on the new platform to collect the

data to train the machine learning algorithms for building the model for each

of the new scenario (i.e. three cores sharing the resources or four cores sharing

the resources).
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We proposed new solo-run program attributes [128] to overcome this limita-

tion. Here we use fractional values of the hardware performance counter data

to compute these new solo-run program attributes. The new solo-run attributes

contain the fraction of the hardware performance counter data for the program

under consideration with the similar data of its co-running programs. Hence the

model trained once for two cores sharing the resources, can be used for making

performance predictions when the number of cores sharing the resources are

more than two. We validated this aspect by testing the model (built using data

from Intel Xeon X5482 processor) on test-data from AMD Phenom 9650 and

AMD Phenom 8450 processors. The results on transferability of the trained

model on other processors are provided in section 5.5.

The new program attributes to train the model are calculated from solo-run

hardware performance counter data of the program as well as its co-runners.

The performance events which can be collected on the experimental platforms

differ, as the performance monitoring unit of a processor is specific to its micro-

architecture. The events available on the processors used in the study are de-

scribed in respective processor manuals from Intel [55] and AMD [126]. We

collected the performance events which are specific to utilization of the mem-

ory hierarchy resources shared among the cores. The performance event data

collected during the experiments are mentioned below:

• INSTRUCTIONS RETIRED :

Number of instructions completed. The performance event used for col-

lecting this data is named INSTRUCTIONS RETIRED on Intel Xeon

X5482 and Intel Core2 6300 processors. On AMD Phenom 9650 and

AMD Phenom 8450 processors, the performance event used for collecting

this data is named RETIRED INSTRUCTIONS.

• UNHALTED CORE CYCLES :

Number of core cycles completed. The performance event used for col-

lecting this data is named UNHALTED CORE CYCLES on Intel Xeon

X5482 and Intel Core2 6300 processors. On AMD Phenom 9650 and

AMD Phenom 8450 processors, the performance event used for collecting

this data is named CPU CLK UNHALTED.

• LAST LEVEL CACHE REFERENCES :

Number of references to last level cache. The performance event used for

collecting this data is named LAST LEVEL CACHE REFERENCES on

Intel Xeon X5482 and Intel Core2 6300 processors. On AMD Phenom

9650 and AMD Phenom 8450 processors, we can not count core specific
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events for last level (L3) cache [126] [129] [130]. Though the proces-

sor manual [126] specifies core select masks for getting the core specific

events from last level (L3) cache, the prescribed masks do not work in

practice [129] and there is an official erratum from AMD [130] regarding

this issue. Due to this we used event data for level-2 (L2) cache for gener-

ating the solo-run program attributes. Hence on AMD Phenom 9650 and

AMD Phenom 8450 processors, the performance event used for collecting

this data is named REQUESTS TO L2 ALL, which basically collects the

number of references to level-2 (L2) cache.

• LAST LEVEL CACHE MISS :

Number of misses and prefetches occurring at last level cache. On In-

tel Xeon X5482 and Intel Core2 6300 processors, the performance event

used for collecting this data is named L2 LINES IN SELF ANY. Due

to non-functioning of the core specific event mask for last level (L3) cache

on AMD Phenom 9650 and AMD Phenom 8450 processors (discussed in

previous paragraph), we used event data for level-2 (L2) cache for gen-

erating the solo-run program attributes. On AMD Phenom 9650 and

AMD Phenom 8450 processors, the performance event used for collecting

this data is named L2 CACHE MISS ALL, which collects the number of

misses and prefetches at level-2 (L2) cache.

The list of the solo-run program attributes calculated from the afore men-

tioned performance event data collected in solo-run experiment, is given below:

• LAST LEVEL CACHE REFERENCES PKI :

Number of references to last level cache per kilo instructions.

• LAST LEVEL CACHE IN PKI :

Number of misses and prefetches occurring at last level cache per kilo

instructions.

• LAST LEVEL CACHE IN PK LAST LEVEL CACHE REFERENCES :

Number of misses and prefetches occurring at last level cache per kilo ref-

erences. This gives a rough estimate of cache re-referencing property of

the program at last level cache.

• Fr LAST LEVEL CACHE REFERENCES PKI :

Fraction of number of references to last level cache per kilo instructions

of the program as compared to its co-running programs.
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• Fr LAST LEVEL CACHE IN PKI :

Fraction of number of misses and prefetches to last level cache per kilo

instructions of the program as compared to its co-running programs.

• Fr CPI :

Fraction of solo-run cycles per instruction of the program as compared to

its co-running programs. It encapsulates the effect of overall resource uti-

lization behavior of the program as compared to its co-running programs.

• solo run CPI :

Cycles per instruction of the program for its solo run. It encapsulates the

effect of overall resource utilization behavior of the program.

Above mentioned seven solo-run program attributes were used to predict the

performance of the program in terms of concurrent run CPI i.e. cycles per

instruction of the program for its concurrent run. Hence the new model to

predict the concurrent-run performance of program A, can be expressed in the

form of equation 5.2:

fnew(a1A, a2A, a3A, a4A, a5A, a6A, a7A) −→ concurrent run CPIA (5.2)

In equation 5.2, a1A, a2A, . . . a7A are seven solo-run attributes for program A.

Due to use of new program attributes especially the fractional attributes, the

model shown by equation 5.2 always needs seven attributes for a program to

predict its concurrent-run performance. The previous model shown in equa-

tion 5.1 on page 78, takes solo-run attributes of two applications to predict

the concurrent-run performance (for the case of two applications co-running

on two cores sharing the resources). The model shown in equation 5.1 needs

to be rebuilt to consider the cases with different numbers of cores sharing the

memory hierarchy resources.

An instance of train-set data could be shown as an eight-tuple having

solo-run program attributes as first seven members and class variable concur-

rent run CPI as the last member. A sample of train-set data for performance

prediction collected from Intel Xeon X5482 processor is shown in table 5.3.

5.4 Results on Prediction Accuracy for Pre-

dicting Concurrent-run Performance

We performed 10 times 10-fold cross validation [124] using weka-3.6.2 exper-

imenter [112]. Total number of instances in the data set were 3025, which
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were collected from Intel Xeon X5482 processor. The evaluation results for the

different algorithms used in this study are shown in table 5.4.

Table 5.4: Prediction accuracy results from 10 times 10-fold cross validation for
predicting concurrent-run performance on Intel Xeon X5482 processor.

Algorithms Prediction Accuracy Metrics
C MAE RMSE RRSE % RAE %

LR 0.97 0.18 0.31 24.99 21.06
ANN 0.99 0.14 0.20 16.41 15.82
IBK 0.98 0.11 0.22 17.63 12.80
K* 0.99 0.08 0.20 15.72 9.73
M5’ 0.99 0.09 0.17 13.95 10.66
SVM 0.97 0.15 0.33 26.82 17.52

The prediction accuracy metrics [112] obtained as shown in table 5.4, in-

dicate that KStar (K*), Model Trees (M5’) and K-nearest neighbors classifier

(IBK) algorithms produce lower values of Mean Absolute Error (MAE).

The time taken to build the models (for predicting concurrent-run perfor-

mance) using train-set having 3025 instances of data is shown in table 5.5.

Table 5.5: Time taken to build regression models using train-set having 3025 in-
stances from Intel Xeon X5482 processor for predicting concurrent-run performance.

Algorithms Time (in seconds) taken to build model
LR 0.07
ANN 30.98
M5’ 17.52
SVM 159.15

5.5 Assessing Transferability of Model for Pre-

dicting Concurrent-run Performance

We performed solo-run and concurrent-run experiments on other platforms

based on Intel Core2 6300, AMD Phenom 9650 and AMD Phenom 8450 pro-

cessors. The test-set data containing the program attributes and class variable

i.e. concurrent-run performance were generated from the hardware performance

counter data collected during the experiments. We tested the regression model
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(trained by data from Intel Xeon X5482 processor) using test-set data from

Intel Core2 6300, AMD Phenom 9650 and AMD Phenom 8450 processors.

5.5.1 Differences in Last Level Cache Organization on

Processors used to Generate Train-set and Test-

set Data

The processors used to generate the train-set data (i.e. Intel Xeon X5482) and

test-set data (i.e. Intel Core2 6300, AMD Phenom 9650 and AMD Phenom 8450

processors) have differences in their memory hierarchy with respect to last level

cache as mentioned in table 5.6.

Table 5.6: Last level cache related data of Intel Xeon X5482, Intel Core2 6300, AMD
Phenom 9650 and AMD Phenom 8450 processors.

Processor Cache
levels

No of
cores
sharing
last
level
cache

Size (MB)
shared
among the
cores

Ways of
associa-
tivity

Relation
with upper
level caches

Xeon X5482 2 2 6 24 Inclusive
Core2 6300 2 2 2 8 Inclusive
Phenom 9650 3 4 2 32 Exclusive
Phenom 8450 3 3 2 32 Exclusive

The size of train-set data collected for the pairs formed by SPEC cpu2006

benchmark programs on Intel Xeon X5482 processor was 55×55 (i.e. 3025).

The number of instances of test-set data generated from Intel Core2 6300,

AMD Phenom 9650 and AMD Phenom 8450 processors were 418, 164 and 153

respectively. These numbers of test instances were generated based on the

availability of the platforms for performing experiments. We used prediction

accuracy metrics to assess the transferability of trained regression models. The

assessment for transferability of trained regression models across different cache

organizations was performed for the three best performing algorithms in 10-fold

cross validation i.e. KStar (K*), Model Trees (M5’) and K-nearest neighbors

classifier (IBK).
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5.5.2 Prediction Accuracy Metrics of Trained Regres-

sion Models on Test Data-set

The prediction accuracy results for the test data from Intel Core2 6300, AMD

Phenom 9650 and AMD Phenom 8450 processors are shown in table 5.7, ta-

ble 5.8 and table 5.9 respectively.

Table 5.7: Prediction accuracy of the trained model on test data from Intel Core2
6300 processor for predicting concurrent-run performance.

Algorithms Prediction Accuracy Metrics
C MAE RMSE

IBK 0.93 0.29 0.51
K* 0.95 0.20 0.33
M5’ 0.93 0.17 0.35

Table 5.8: Prediction accuracy of the trained model on test data from AMD Phenom
9650 processor for predicting concurrent-run performance.

Algorithms Prediction Accuracy Metrics
C MAE RMSE

IBK 0.95 0.31 0.45
K* 0.89 0.25 0.72
M5’ 0.98 0.23 0.30

Table 5.9: Prediction accuracy of the trained model on test data from AMD Phenom
8450 processor for predicting concurrent-run performance.

Algorithms Prediction Accuracy Metrics
C MAE RMSE

IBK 0.94 0.26 0.41
K* 0.95 0.20 0.35
M5’ 0.94 0.26 0.41

The values of prediction accuracy metrics obtained for the test data shown

in table 5.7, table 5.8 and table 5.9 indicate that the regression model trained

by data from Intel Xeon X5482 processor are reasonable for performing per-

formance predictions on other processors i.e. Intel Core2 6300, AMD Phenom

9650 and AMD Phenom 8450.
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The Model Trees (M5’) algorithm produces least values of Mean Absolute

Error (MAE) on two platforms. The next section describes application of the

trained model for simulation of multicores.

5.6 Application of Machine Learning Based Per-

formance Prediction for Multicore Simula-

tion

The sharing of the resources by cores on multicore processors has spawned

research in the domain of thread scheduling. It is the objective of recent research

in thread scheduling to be aware of shared resource requirements of the running

programs (threads). To this end, AKULA [54] is a recently developed tool-set

that provides a platform for experimenting and developing thread scheduling

algorithms on multicore processors.

AKULA tool-set has been developed to aid the researchers in narrowing

down and rapidly exploring the design space of scheduling algorithm for mul-

ticore processors. AKULA provides user friendly APIs (Application Program-

ming Interfaces) to prototype thread placement algorithms at user level and

also provides facility to rapidly test the algorithms using multicore simulation

provided by its bootstrap module. We propose application of machine learning

based performance prediction to improve the multicore simulation provided by

bootstrap module of AKULA tool-set. The next section provides overview of

the AKULA tool-set along with description of the bootstrap module.

5.6.1 Overview of the AKULA Tool-set

The AKULA tool-set [54] helps the algorithm developers in quickly convert-

ing an idea for the scheduling algorithm into a working scheduling algorithm,

which can then be rapidly evaluated. AKULA consists of three modules: pro-

filer, bootstrap and wrapper modules. The framework provided by AKULA

tool-set [54] is shown in figure 5.2. The framework facilitates prototyping of

scheduling algorithms for multicores in user space. If the evaluation of a pro-

posed scheduling algorithm gives good results then the developers can move to

implementing it in kernel.

The profiler module is provided for collecting the performance data for

workload consisting of a pair of programs. The performance data is collected

for solo-run and concurrent-run (paired-run) of the programs on a real multi-
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Framework provided by AKULA tool-set

Algorithm idea

Use Profiler module to get 
performance degradation data

Kernel implementation

Yes

No

Yes

Yes

No

No Is performance
degradation data 

available?

Use Bootstrap module for rapid 
evaluation of the scheduling algorithm 
by simulating the program execution

Use Wrapper module to evaluate the
scheduling algorithm on real hardware

Good results?

Good results?

Figure 5.2: Framework provided by AKULA [54] tool-set for rapid prototyping and
evaluation of scheduling algorithms for multicores in user space.
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core system. The concurrent-run involves co-running the pair of programs on

processor cores, which share the resources such as last level caches and bus.

Bootstrap module simulates the multicore system for rapid evaluation of

proposed scheduling algorithms with the workloads for which the performance

data have already been collected by the profiler.

If the rapid evaluation of a scheduling algorithm by bootstrap module shows

fulfillment of the objective (e.g. improvement in performance), then the schedul-

ing algorithm can be further tested on real multicore based systems using wrap-

per module. Otherwise the algorithm developer can further improvise the pro-

posed algorithm or work on a different idea.

The key components of the bootstrap data are the solo-run and concurrent-

run (paired-run) performance data. Solo-run data include execution time of

the application measured on the real system, when the application runs alone

without interference from the applications co-running on other core sharing the

resources. The concurrent-run data is kept in the form of degradation matrix,

which contains for a set of target applications, performance degradation values

when each application is co-scheduled with every other application on the core

sharing the resources. For example, in case of four programs A, B, C and D

which run on the system where two cores share the resources, the performance

data collected could be shown as table 5.10 and table 5.11.

Table 5.10: Example solo-run performance data used by AKULA bootstrap module
for multicore simulation.

Program name Solo-run Time (sec.)
A 100
B 150
C 175
D 200

Table 5.11: Example performance degradation matrix for concurrent-run, used by
AKULA bootstrap module for multicore simulation.

Program name Alone With A With B With C With D
A 1.00 0.75 0.50 0.98 0.99
B 1.00 0.60 0.30 0.95 0.97
C 1.00 0.99 0.98 1.00 1.00
D 1.00 1.00 1.00 1.00 1.00
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The bootstrap module performs the simulated run of the threads in a given

schedule by using the collected performance data (also referred as bootstrap

data). Please note that we use terms processes and threads interchangeably

for the purpose of scheduling. For every scheduling time interval (called tick)

it calculates the progress of the threads using bootstrap data and the formula

shown in equation 5.3.

Progress(A) =
tick

Solo(A)
× degrad(A, Neighbour(A)) (5.3)

In equation 5.3, Progress(A) refers to the fraction of total work that a

thread A completes in a given scheduling interval. The tick refers to the length

of the scheduling time interval. Solo(A) is the solo-run completion time of the

thread A and degrad(A, Neighbour(A)) is the degradation that a thread A ex-

periences due to sharing of the resources by co-running thread Neighbour(A)

on other core. Both Solo(A) and degrad(A, Neighbour(A)) are obtained from

previously collected bootstrap data. Example bootstrap data are shown in ta-

ble 5.10 and table 5.11.

When a thread executes solo, the progress made by it is equal to length

of the scheduling clock interval (i.e. tick) divided by the time to execute the

entire thread. When the other co-running threads compete for the resources

shared by the cores, the progress made by the thread needs to be scaled by

the performance degradation observed by it in concurrent-run (paired-run) as

shown in equation 5.3.

Since time needed to calculate the progress of a thread over a tick using

above methodology is usually much shorter than the tick itself, this methodol-

ogy allows very fast evaluations of the scheduling algorithms by simulated run

of the threads.

5.6.2 Improving Multicore Simulation in AKULA

The model built using methodology proposed in this chapter can be used by

bootstrap module of AKULA tool-set [54]. The trained model would replace

the bootstrap data i.e. the performance degradation matrix used by bootstrap

module of AKULA. The advantages gained by using machine learning trained

model for multicore simulation in AKULA will be as follows:

1. The current bootstrap method in AKULA [54], performs the multicore

simulation using data from performance degradation matrix, which works
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for pair of applications for which such data have already been collected.

It does not provide the facility of predicting the performance degradation

for pairs of applications for which such data have not been collected.

The machine learning trained model has the ability to predict performance

degradation for unknown pairs of applications, which is reflected in terms

of results on prediction accuracy metrics of the trained model mentioned

in section 5.4.

2. The current bootstrap method in AKULA [54], uses performance data

(the solo performance and degradation matrix) for run of applications on

a particular platform. Thus the simulation resulting from the use of such

performance data, basically is representative of the platform from which

the data were collected.

The machine learning trained model has transferability to other platforms

also. The transferability aspect of the trained model has been discussed

in section 5.5. It has been observed that model trained with data from

Intel Xeon X5482 processor is reasonably transferable to other processor

i.e. Intel Core2 6300. The two processors represent two different scenarios

especially in terms of their last level cache organization. The transferabil-

ity aspect could be attributed to generalization capability of the model

trained by machine learning.

3. The AKULA [54] bootstrap works using the data from performance degra-

dation matrix for pairs of applications. This method works for the case

where the pair of applications is co-scheduled on two processor cores,

which share the resources. The method becomes unwieldy when the num-

ber of processor cores sharing the resources is more than two. The dimen-

sions of the performance degradation matrix grow, with the increase in

number of cores sharing the resources. The architectural trends for mul-

ticore processors indicate towards growth in number of cores sharing the

resources. For example, on Intel Core i5 and Intel Core i7 processors [55],

four cores share the last level cache. On AMD Phenom 8450 processor

three cores present on the chip share the last level cache, and on AMD

Phenom 9650 processor four cores share the last level cache [56]. On Sun

Ultrasparc T1 (Niagara1) eight cores each with four threads i.e. total 32

threads share the last level cache [15], and on Ultrasparc T2 (Niagara2)

processor there are eight cores each with eight threads i.e. total 64 threads

share the last level cache [131].
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The machine learning trained model uses fractional solo-run programs

attributes, which enables the offline trained model to predict the perfor-

mance degradation even in the case when the number of cores sharing

the memory hierarchy resources is more than two. We observed that

the models (trained by the data from Intel Xeon X5482 processor) are

reasonably transferable on other two processors viz. AMD Phenom 8450

and Phenom 9650. On Intel Xeon X5482 processor the last level cache

is shared by two cores, while the number of cores sharing the last level

cache on AMD Phenom 8450 and Phenom 9650 processors are three and

four respectively.

4. The methodology proposed in AKULA [54], collects bootstrap data for one

minute run of the application. The real life applications have quite larger

runtimes, and also the applications have different phase behaviors during

their entire run [110]. The shared resource requirements of applications

change with the phases. The machine learning trained model having the

prediction capability would be more amenable to take phase behaviors of

the applications into account.

The machine learning trained model gives concurrent-run performance in

terms of cycles per instruction (concurrent run CPI) by taking the solo-run

attributes as inputs. Thus the calculation of the progress a thread A makes in

a tick, (mentioned for AKULA in equation 5.3 on page 90) can now be done as

shown in equation 5.4.

Progress(A) =
tick

Solo(A)
× solo run CPIA

concurrent run CPIA

(5.4)

In equation 5.4, the solo run CPIA is solo-run performance of application A,

which is collected in solo-run experiment and is also used as one of the solo-run

program attributes. The concurrent run CPIA is concurrent-run performance

of application A, predicted by the offline-trained model. The ratio of the two

as mentioned in equation 5.4, basically is the degradation in performance of ap-

plication A, when sharing the resources with another application/s co-running

on other core/s of the processor.

5.7 Conclusions

This chapter described the methodology to build model to predict concurrent-

run performance of programs running on multicore processors. The model takes
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solo-run program attributes as inputs and predicts the concurrent-run perfor-

mance in terms of cycles per instruction. The work presented could have poten-

tial application for creation of workloads for performance studies on multicore

processors. The chapter also described one potential use of the offline-trained

model to improve the multicore simulation done by bootstrap module of recently

developed AKULA tool-set. The machine learning trained model will extend

the bootstrap module’s ability to predict degradation in performance due to

co-runner interference, where previous performance data is not available for

pairing /co-scheduling of applications. The approach proposed in chapter also

allows greater scalability for simulation to consider variable number of processor

cores sharing the resources.
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Chapter 6

Conclusions and Future Work

The thesis contributes to the modeling of the multicore processor based com-

puting systems, along with the development of methodologies to synthesize the

models. The example use-cases of the synthesized models were described with

prospective applications. The methodologies use machine learning for building

the models.

The discipline of machine learning provides various techniques to automat-

ically learn the complex behaviors. The models trained by machine learning

can be used for making intelligent decisions. Programs co-running on differ-

ent cores of a multicore processor, have complex interactions due to usage of

shared memory hierarchy resources. The thesis describes an approach for mod-

eling the performance implications of such interactions by applying machine

learning techniques.

Section 6.1 provides summary of the contributions followed by conclusions

and future work described in section 6.2 and section 6.3 respectively.

6.1 Summary of Contributions

Multicore has become the dominant processor architecture at present. The

future generations of the processors will have greater degree of sharing of re-

sources among the execution cores, due to continual growth in number of cores

present on a single-chip.

The interference among the programs running on the processor cores, which

share the resources remains a cause of concern due to performance degradations

caused by it. Researchers have been proposing various solutions for this prob-

lem, yet it will take time for those solutions to appear in commodity production

grade system. It is due to the reason that among majority of the proposed solu-

tions, some of the solutions require extra support from the processor hardware
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while others use complex models.

In this thesis, we proposed the use of machine learning techniques for syn-

thesizing the models for program memory behavior characterization and per-

formance prediction on multicore processor based systems. The work was per-

formed on the existing commodity multicore processor based platforms. The

main objective to use machine learning was to gather the knowledge about the

interactions between the processor architecture and applications. Our focus of

study was the interactions of the applications with memory hierarchy resources,

which are shared among the cores of the multicore processors.

In summary, the thesis makes contributions towards advancement of per-

formance oriented research on multicore processor based computing systems.

The main contributions could be described by the following methodologies and

associated prototypes developed as part of the work:

• Methodology to characterize program memory behavior on mul-

ticore processors: We used machine learning techniques to characterize

the program behavior with respect to utilization of memory hierarchy re-

sources, which are shared among the cores of the multicore processors.

We proposed solo-run last level cache stress as a metric to characterize

program memory-behavior on multicore processors. We also proposed the

program attributes, which are used as inputs to predict the solo-run last

level cache stress.

• Meta-scheduler for multicore processors: Subsequently we imple-

mented a proof of concept meta-scheduler for multicore processors to

demonstrate the application of the trained model. The off-line trained

model was utilized in on-line manner to improve the process scheduling

on multicore processors, so that the interference between programs co-

running on the cores sharing the resources is mitigated. We observed

performance improvement up to 76% for 4-cores and 54% for 8-cores

with the meta-scheduler as compared to default operating system pro-

cess scheduler. The approximate average cost of the model was (observed

in the experiments) about 0.00075% of the total time (i.e. 7-8 cycles per

million cycles).

• Methodology for performance prediction on multicore proces-

sors : We proposed the solo-run performance attributes of the programs,

which are used by the model to predict the concurrent-run performance.

The model is built by training the machine learning algorithms. Such

performance prediction models could be useful for simulation studies of
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process scheduling algorithms for multicore processors as well as creation

of workloads for design and performance studies of memory hierarchy on

multicores.

• Application of machine learning based performance prediction

for multicore simulation : We proposed one of the potential use of the

model, which was trained by machine learning to predict performance on

multicores. The offline-trained model can be used to improve the mul-

ticore simulation provided by bootstrap module of AKULA [54] tool-set.

AKULA [54] is a recently developed tool-set that provides a simulation

platform for rapid prototyping and evaluation of thread scheduling al-

gorithms on multicore processors. The machine learning trained model

will enable the bootstrap module to predict the performance degradation

for new workload schedules, while the current implementation works for

workload pairings for which the performance degradation data is previ-

ously stored. The model also allows greater scalability to simulation for

variable number of processor cores sharing the resources. As the offline-

trained model will also be useful for performance prediction when the

number of cores sharing the resources (e.g. last level caches) is more than

two.

The methodologies and meta-scheduler developed as part of the work do not

require any modifications in the existing hardware platforms as compared to

some of the previous works. The meta-scheduler runs in user mode and guides

the process scheduler of underlying operating system (linux on our experimental

platform). It does not require any modifications in the operating system process

scheduler. The approach presented in the thesis does not require modifications

or recompilation of the application programs.

6.2 Conclusions

The work has demonstrated that the data driven methods such as machine

learning techniques are helpful in performing performance studies on upcoming

multicore computing systems. The three key lessons learnt during the work

are:

• The machine learning techniques can be effectively used to build models

for performance critical program characteristics on emerging multicore

processors.
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• Hardware Performance Monitoring Units (PMU) on the processors and

the hardware performance counters provided by them can play an impor-

tant role in on-line optimizations.

• Systems software mechanisms must continually evolve as the hardware

evolves, in order to fully exploit the beneficial characteristics and minimize

the performance bottlenecks of the upcoming systems.

This thesis shall serve as one of the preliminary proof-of-concept that tech-

niques and algorithms from the machine learning and data mining domains can

be applied to emerging multicore based systems to learn relevant knowledge

about the resource utilization behavior and associated performance implica-

tions for programs running over those systems. It describes the methodology

for data collection from real-world platforms and subsequent model building by

applying machine learning techniques on that data. It also mentions example

applications of the trained models. The methodology developed in the thesis

shall be applicable to computer systems based on emerging multicore proces-

sors, as the upcoming multicores might witness increased sharing of resources

among the processor cores. The lessons learnt in the context of a problem could

be helpful in providing insights for applying machine learning to other related

problems as well.

6.3 Future Work

We hope that the methodologies and mechanisms developed as part of the work

create further research possibilities. Fellow researchers can use these initial

mechanisms and ideas as a starting point for their own work and further use,

improve and extend the base mechanisms as well as spawn or inspire new related

ideas.

The work done in the thesis opens up some more directions for future work.

In general, additional experiments could be planned on some more multicore

based platforms to strengthen the work. Some of the directions for further work

are mentioned as follows:

1. Improving the models: The models developed in the thesis consider

program attributes as inputs. One of the model predicts the program

memory behavior in terms of solo-run last level cache stress. The other

model predicts the concurrent-run performance on multicores. There can

be additional program attributes, which can improve the models. To
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explore such possibility some additional experiments could be planned

with variety of systems.

We used default values of the parameters for machine learning algorithms

in weka [112] [113] machine learning workbench. The default settings for

the parameters for algorithms work well for a wide variety of problems

[114]. Further tuning of the parameters for the machine learning algo-

rithms could be considered for the problems taken up in the thesis. In

future, use of emerging state of the art machine learning techniques could

also be investigated for building the models.

2. Extending the meta-scheduler to additional systems: The devel-

oped meta-scheduler could be extended to some more platforms. Current

implementation of the meta-scheduler considers processor topology and

solo-run last level cache stress of the programs for making its decisions.

Experimentation with additional systems could provide possibility to con-

sider some more metrics and factors for improving the process schedule.

3. Extending the methodologies for emerging systems: The method-

ologies for synthesizing the models could be extended to some more plat-

forms. The focus of study in this thesis has been on memory hierarchy

resources, which are shared among the cores of a multicore processor.

The multicore processors considered in the study were homogeneous mul-

ticores. In future, performance study could be done over heterogeneous

multicores as well as multithreaded-multicore processors. Implications

associated with additional performance critical resources could be con-

sidered for further explorations.

4. Exploring additional applications of the proposed methodolo-

gies: We proposed methodologies to build models for program memory

behavior characterization and performance prediction. Exploration for

the additional applications of the methodologies could be done. Such

studies will be helpful in further extensions and improvements of the

methodologies. The performance prediction techniques could be used for

creation of workloads for performance studies on memory hierarchies of

the multicores as well as for developing the simulation tools.

5. Consideration of additional workloads: The work done in the thesis

considered multiprogrammed workloads using applications from SPEC

cpu2006 benchmark suite [74] [78]. Though the SPEC cpu2006 bench-

mark programs are realistic applications, widely used by research com-
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munity as well as industry; workloads from other domains also could be

considered. Such studies may be helpful in identifying additional issues.

6. Consideration of program phase behavior of workloads: The

methodologies presented in the thesis for building the models, used per-

formance counter data collected from complete run of the programs. The

methodologies could be extended to consider the phase behavior [110]

of the programs. The meta-scheduler described in the thesis does per-

formance monitoring and optimizations in periodic manner (every 500

milliseconds). It could be made aware of the program phases, so that it

gets activated accordingly.

7. Standardization of hardware performance counters subsystem:

Performance counters are special registers provided by performance mon-

itoring unit of the processors. They were originally created to help com-

puter architects evaluate their designs. Their usage was primarily in-

trospective, hence they had the lowest priority during development of

processor architecture.

The work done in the thesis involves extensive use of the event data col-

lected from hardware performance counters of the processors. However,

the performance events available on the systems differ for different gen-

erations / families as well as make of the processors. There is a need

for further research to come up with certain minimal set of events, which

should be available on all the processors. It also entails standardization of

the way to configure and measure the performance events as well as stan-

dardization of the software interface / API for doing the same. We used

perfmon2 [122] interface for accessing the hardware performance coun-

ters. The linux kernel perf events project [132] seems a step towards this

direction.

8. Research on performance counters: This is bit orthogonal to our

previous suggestion for standardization of hardware performance counter

subsystem. Additional performance counters could be envisaged for pro-

viding the information on various performance aspects of the emerging

platforms. These counters could provide information related with per-

formance events of the system hardware as well as the software stack

which runs over the hardware. For example, the information provided by

these counters could be useful to improve policies implemented in vari-

ous subsystems such as swapping, page replacement, disk scheduling etc.
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in operating systems. The additional performance counters could have

hard as well as soft implementations. The hard implementation refers to

implementation at hardware level such as on the processor. The soft im-

plementation refers to implementation at the software level such as inside

the operating system. Recently launched linux kernel perf events project

[132] has considerations for counters at both hardware and software levels.

Apart from this, further research could also involve extensions and improve-

ment of state of the art machine learning techniques for utilization in further

optimizations of computing systems.
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Appendix A

Perfmon2 Interface

Perfmon2 [122] is an interface developed for monitoring the performance of

programs running on computing systems. This interface provides APIs and tool

to access the hardware performance counters of the processors from user-mode.

The perfmon2 interface has been developed for linux kernel version 2.6, and

is available on the web [133] for download. The interface is uniform across all

hardware platforms, i.e. it offers the same level of software functionality on each

platform. The nature of the captured data depends solely on the capabilities of

the underlying hardware. Performance monitoring using hardware performance

counters of the processor does not require modification or instrumentation or

recompilation of the program to be monitored.

The perfmon2 distribution comes with three software components as men-

tioned below, which can be downloaded from the perfmon2 project site on web

[133].

• Patch of perfmon2 interface for linux kernel: This patch is to be applied

on linux kernel source. The linux source could be downloaded from linux

kernel project site on web [125]. After applying the patch the linux kernel

need to be compiled and installed on the system. Before compiling the

kernel, the hardware performance monitoring related options need to be

enabled via make menuconfig command.

• Library for perfmon2, libpfm: This is a user space library. Once the

system is booted with perfmon2 enabled kernel as mentioned in previous

step, the library can be built and installed on it.

• Pfmon tool for monitoring: After installing the libpfm as above, the Pf-

mon tool can be built and installed on the system.

The output of Pfmon utility on Intel quad-core Xeon X5482 processor based
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experimental platform is shown in figure A.1. The operating system on the

Figure A.1: Output of Pfmon session on Intel quad-core Xeon X5482 processor based
experimental platform. The output shows counts of four events for command ls.

platform is linux-2.6.30 kernel with perfmon2 interface [122]. The output is

shown for command ls. The output shows counts of four events listed below:

• INSTRUCTIONS RETIRED: It gives number of instructions retired.

• UNHALTED CORE CYCLES: It gives number of cycles consumed.

• LAST LEVEL CACHE REFERENCES: It gives number of references to

last level (L2) cache.

• L2 LINES IN SELF ANY: It gives number of misses and prefetches to

last level (L2) cache.

The events which can be measured on a processor are described in processor

manuals [55]. The information about the syntax of command-lines for using the

Pfmon tool is available on perfmon2 project site in the form of pfmon user-guide

[134].
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Appendix B

WEKA Machine Learning

Workbench

WEKA (Waikato Environment for Knowledge Analysis) [112] is a suite of ma-

chine learning algorithms. It was developed at the University of Waikato, New

Zealand. The algorithms can either be applied directly to a data-set or called

from Java code. WEKA contains tools for data pre-processing, classification,

regression, clustering, association rules, and visualization.

The WEKA distribution can be downloaded from the WEKA project site on

web [113]. It provides mainly four types of interfaces – Explorer, Experimenter,

KnowledgeFlow and Commandline. The WEKA manual provided with the

distribution describes the utility of the interfaces.

The example output of WEKA Explorer is shown in figure B.1. The output

shows prediction accuracy results of M5P (i.e. M5’ ) algorithm for predicting

solo-run last level cache stress. The train-data-set has been generated from

hardware performance counter data collected from Intel Xeon X5482 processor

based experimental platform (specifications described in table 3.3 on page 45)).

The test-data-set has been generated from hardware performance counter data

collected from Intel Core2 6300 processor based experimental platform (speci-

fications described in table 3.4 on page 45).

The Attributes: 5 shown in Classifier output panel of the figure B.1,

refers to the five-tuple data instance i.e. four attributes plus the class variable

solo-run last level cache stress (mentioned at page 51).
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Figure B.1: Output of WEKA Explorer. The output shows prediction accuracy
results of M5P algorithm for predicting solo-run last level cache stress. The train-
data-set has been generated from hardware performance counter data collected from
Intel Xeon X5482 processor based experimental platform. The test-data-set has been
generated from hardware performance counter data collected from Intel Core2 6300
processor based experimental platform.
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Abstract

Multicore processor architectures evolved and became dominant in recent years. It is

mainly due to the diminishing returns from the efforts to increase the performance with

single execution core on the chip. However multicore architectures involve sharing of

resources especially the memory hierarchy resources such as processor caches, prefetchers

and bus among the cores. This sharing may cause performance degradation of the

programs co-running on multicore processors as compared to their solo run performance.

In the literature attempts to solve this problem proposed analytical models, which

are very complex and difficult for use in real systems. Many of the previous works

proposed specialized support from processor hardware, which may take time to become

available in future generations of multicore processors.

It is observed that programs running simultaneously on different cores of a multi-

core processor, have complex interactions due to the use of shared memory hierarchy

resources. In this work, we take up a unique approach for modeling the performance

implications of such interactions by applying machine learning techniques. Machine

learning techniques focus on methods that learn to recognize complex patterns from

data. Here we give emphasis to empirical model building.

The work demonstrates the application of machine learning techniques to build

models for characterization and performance prediction on multicore processor based

systems. By characterization, we mean to characterize program memory behavior espe-

cially with respect to utilization of shared caches on multicore processors. The model

developed for the program memory behavior characterization is later-on used for im-

proving the process scheduling (i.e. CPU scheduling) on multicore processors. We also

developed methodology to build a model that predicts performance on multicore pro-

cessors. Such methodologies can further be utilized in performance oriented research on

multicores. We describe the application of the built model for improving the multicore

simulation in the AKULA tool-set. AKULA has been recently developed by researchers

for rapid prototyping and evaluation of scheduling algorithms for multicore processors.

The efficacy of the developed methodologies to build the models, was validated us-

ing existing commodity multicore processor based systems. We observed that machine

learning techniques are helpful in performance related studies on multicore processor

based computing systems. We observed performance improvement up to 76% for 4-

cores and 54% for 8-cores as compared to default linux kernel process scheduler on our

experimental multicore platform by improving process scheduling. The process schedul-

ing was improved by utilizing the model developed using machine learning techniques,

so that the interference among the co-running programs due to usage of resources shared
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among the cores is mitigated. The approximate average cost of the model was about

0.00075% of the total time (i.e. 7-8 cycles per million cycles), as observed in the experi-

ments. Thus here we demonstrate that machine learning methods have been effective in

building program performance models on existing commodity multicore based platforms.

1 Introduction

Over the past four decades, the microprocessor industry has seen consistent gains in

application performance as a result of multiplicative effect of growth in transistor count

and higher clock frequencies. The growth in transistor count has been the result of

Moore’s law. Gordon Moore predicted in the year 1975, that the number of transistors

on an integrated circuit would double every two years [1]. The three main areas, which

contributed to performance gains in the past are clock speed, execution optimization

and cache [2]. Increasing the processor clock speed resulted in getting more cycles,

which increased the speed at which the CPU performed the work. Optimizing execution

flow is about doing more work per cycle. It includes having more powerful instructions

as well as various other optimizations like pipelining, branch prediction, making the

pipelines deep, having superscalar architectures and using out of order processing [3].

The performance scaling in the single core processors largely through increasing clock

speed and by reliance on a single thread of control to find instruction-level parallelism

has almost touched its limit. As the chip geometries shrink and clock speeds rise, the

transistor leakage current increases, which leads to excessive power consumption and

heat. The advantages of increased clock speed are also negated by memory latency, as

the memory access speeds are not scaling on par with processor clock speeds. There is

large and growing mismatch between the processor (CPU) and off-chip main memory in

terms of speed as well as bandwidth. Many researchers have referred to this problem as

“memory / bandwidth wall” in their works [4] [5] [6].

Another paradigm emerged to improve utilization of CPU resources by leveraging

on thread and process level parallelism. A single physical processor can have one or

multiple cores and each core can have one or multiple hardware threads. A single

core processor with multiple hardware threads is called multithreaded processor while a

multicore processor having multiple hardware threads per core is also called multicore-

multithreaded or chip-multithreaded processor. The multicore or chip-multiprocessing

architectures provide a way to scale the performance, while keeping the heat dissipation

and power consumption under limit [7].

There have been several research projects to explore multi-core architecture like
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Hydra [8], Piranha [9] and Atlas [10]. These projects explored various issues such as

microarchitectural design, compiler support and speculative execution of user-level ap-

plications. In the past, performance studies have been done on simulators to analyze

the operating system behavior in the presence of multiple hardware threads on a sin-

gle processor [11]. Intel introduced hyperthreading (HT) on Xeon processor [12], which

is an implementation of simultaneous multi-threading (SMT). On hyperthreaded Xeon

processor, a single core supported two hardware threads. Hyperthreading makes a single

physical processor appear as two logical processors; the physical execution resources are

shared and the architecture state is duplicated for the two logical processors. Initial

performance analysis have been done by Tuck and Tullsen [13] over hyperthreaded Intel

Pentium 4 processor [14]. The focus of the study was to understand its performance and

the underlying reasons behind that performance. Bulpin and Pratt [15] measured the

multiprogramming performance of Intel Pentium 4 processor with hyperthreading and

confirmed the findings of previous study done by Tuck and Tullsen [13]. They observed

the mutual effect of processes simultaneously executing on the Intel Pentium 4 processor

and found that many performance results can be explained by considering cache miss

rates and resource requirement heterogeneity of those processes. The general rule of

thumb derived from the study was that threads with high cache miss rates can have

a detrimental effect on simultaneously executing threads. In a later work Bulpin and

Pratt [16] proposed process scheduling heuristics for hyper-threaded processor, so that

pathological combinations of workloads that can give a poor system-throughput could

be avoided.

Among studies on multicore processors, Herescu et al. [17] performed performance

workload characterization on platform based on IBM POWER5 [18] processor. IBM

POWER5 is a dual core processor with simultaneous multithreading support. Each

core on the processor supports two hardware threads. They observed some performance

impacts due to shared resources, such as caches, translation look-aside buffers (TLBs)

and branch prediction hardware. Fedorova et al. [19] also made observation that the

sharing of memory hierarchy on the processor such as last level caches among the cores

may cause the co-running programs to suffer with performance degradations.

Multicore processors have introduced sharing of resources among multiple execution

cores present on the processor chip. Resources shared among the execution cores in-

clude on-chip caches, hardware prefetchers and system bus. In contrast, in the previous

generation single-core processors the aforementioned resources were private for the exe-

cution core. Previous performance studies, mainly by Bulpin and Pratt [15], Herescu et

al. [17] and Fedorova et al. [19] identified processor memory hierarchy resources shared
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among the cores / threads of the processors as one of the performance critical resource.

Sharing of the resources among the cores of the multicore processors causes co-running

programs to interfere with each-other. The mutual interference among the co-running

programs may cause them to suffer with performance degradations. Thus the multicore

architecture poses additional performance issues that need to be addressed for effective

utilization of the systems.

At present the multicore processors have become the driving engine for variety of

computing systems such as desktops, servers, game consoles as well as embedded systems.

The eminent ubiquity of the multicore processors indicates that multicore is going to be

the dominant architecture of future. It makes imperative for us to look into performance

issues arising due to interactions of multicore based systems and software. In next section

we mention the research objectives and the problem statement for the thesis.

2 Research Objectives and Problem Statement

We aim to come up with the models, which can address the performance issues caused

due to sharing of memory hierarchy resources among the cores of the multicore proces-

sors. The processor memory hierarchy resources include caches, prefetchers and memory

bus.

The major objectives of the thesis are to:

• Investigate the performance issues due to sharing of the processor memory hierar-

chy resources (such as processor caches, prefetchers and bus) among the cores of

the multicore processors.

• Review the existing models for memory behavior of programs and associated per-

formance aspects of the multicore processors.

• Propose models for program memory behavior and associated performance aspects

of the multicore processors.

• Suggest prospective applications of the proposed models towards solving the per-

formance issues of multicore processors.

The thesis addresses the performance issues of multicore processor based computing sys-

tems with focus on program behavior with respect to utilization of the memory hierarchy

resources, which are shared among the cores of the processor. The following are the key

concerns addressed in the thesis:
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• How to develop a model to characterize the program memory behavior on multicore

processors.

• How to devise a mechanism for application of model developed in previous step so

that the interference among co-running programs due to usage of memory hierarchy

resources shared among the cores is mitigated.

• How to develop a model for predicting the performance degradations caused due

to sharing of the processor memory hierarchy resources among the co-running

programs.

• A prospective application of the model developed for predicting the performance

degradations.

Overall the work aims at modeling the performance aspects of multicore processor based

computing systems and prospective applications of the developed models. In order to

model these performance aspects, memory hierarchy resources shared among the cores

of the processors have been considered.

3 Research Contributions

The domain of machine learning provides various techniques which can be used to build

systems for characterizing complex phenomena. Programs simultaneously running on

different cores of a multicore processor, have complex interactions due to usage of shared

memory hierarchy resources. The thesis presents a unique approach for modeling the

performance implications of such interactions by applying machine learning techniques.

The contributions that stem from our research are demonstrated by the publications

generated from the thesis. The main contributions from the thesis could be summarized

as follows:

• Methodology to build model to characterize program memory behav-

ior on multicore processors: We proposed the methodology to build model to

characterize program memory behavior on multicore processors. The methodology

includes proposal of program attributes, using which the program memory behav-

ior can be predicted in terms of solo-run last level cache stress. It involves use

of machine learning techniques to capture the knowledge about processor memory

hierarchy resource utilization behavior of running programs. The off-line trained

model could be used later for guiding the system policies to mitigate the interfer-
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ence among the co-running programs due to usage of memory hierarchy resources

shared among the cores.

• Meta-scheduler for multicore processors: We implemented a proof of con-

cept meta-scheduler as an example application of the model developed for pro-

gram memory behavior characterization. The meta-scheduler runs in user space

and guides the process (CPU) scheduling decisions made by underlying operating

system process scheduler so that the interference among the programs co-running

on multicores is mitigated. We observed performance improvement up to 76% for

4-cores and 54% for 8-cores as compared to default linux kernel process scheduler

on our Intel quad-core Xeon X5482 processor based platform by improving process

scheduling. The approximate average cost of the model was about 0.00075% of the

total time (i.e. 7-8 cycles per million cycles), as observed in the experiments. The

meta-scheduler does not require modifications in process scheduler of the operating

system running on the platform.

• Methodology to build model for performance prediction on multicore

processors: We also proposed the methodology to build model to predict the per-

formance on multicore processors. The model takes the proposed solo-run program

attributes as inputs and predicts the concurrent-run performance of the programs

on multicores. The concurrent-run involves interference among the program and

other programs co-running on cores, which share the memory hierarchy resources

with the first program. Such models and techniques could be used for further

performance oriented research on multicores as well as simulation of multicores.

• Application of performance prediction model for simulation of multicore

processors: We also propose the prospective application of the model, which was

developed for performance prediction in previous step. We describe the use of the

model for simulation of multicores in AKULA tool-set [20], which was recently

developed by Zhuravlev et al. for rapid prototyping and evaluation of scheduling

algorithms for multicore processors. The use of machine learning based model adds

the performance predictability to enable the multicore simulation for workload

combinations for which the concurrent-run performance data is not available. The

approach proposed in the thesis also supports simulation for processors having

variable number of processor cores sharing the resources. For example, the number

of cores sharing last level caches are four on Intel Xeon E5630 [21], three on AMD

Phenom 8450 [22] and four on AMD Phenom 9650 [22] processors.
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The models and the prototype meta-scheduler were developed and demonstrated on the

existing commodity multicore processor based systems. It may take some time for some

of the previous works done on simulators ( Xie and Loh [23], Chandra et al. [24], Rafique

et al. [25], Suh et al. [26] and Hsu et al. [27] ) to become applicable on real systems.

We used machine learning techniques to develop the models by capturing the knowledge

about the interactions of the applications and the processor architecture. The focus of

studies have been on interactions of programs related with processor memory hierarchy

resources, which are shared among the cores present on multicore processors. The use

of machine learning requires training the algorithms to synthesize the models, on the

other hand some of the analytical models proposed in previous works [24] [19] are fairly

involved for application in real systems. The methodologies and mechanisms presented

in the thesis do not require specialized support from hardware as proposed in some of

the previous works by Xie and Loh [23], Chandra et al. [24], Rafique et al. [25], Suh et

al. [26], Hsu et al. [27] and Qureshi and Patt [28]. The work also does not require any

modifications or recompilations of the applications. We provide experimental evidence

that the developed methodologies using machine learning techniques can be utilized to

achieve performance gains. The methodologies developed as part of our work create

further research possibilities. Fellow researchers can use these methodologies as initial

point, for using, improving and extending the ideas.

4 Organization of the Thesis

The thesis is organized into six chapters as mentioned below. Thesis organization is also

shown in figure 1.

• Chapter 1: Introduction. The chapter gives an overview of evolution of proces-

sor architecture and associated performance studies, which provided the motivation

behind the work carried out in the thesis. It also mentions the research objectives

of the work.

• Chapter 2: Review of Performance Studies and Related Background.

This chapter provides the review of the previous studies related with performance

issues of multicore based computing systems, with specific emphasis on sharing

of processor memory hierarchy resources among the cores present on the proces-

sors. It also gives an overview of machine learning and some of its applications in

computer systems research.

• Chapter 3: Characterization of Program Memory Behavior. This chap-
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Chapter 5
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Chapter 4
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improving CPU scheduling

Chapter 3
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Chapter 2
Review of previous studies
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Chapter 1
Introduction & motivation

Chapter 6
Conclusions and future work

Thesis organization

Figure 1: Thesis organization.

ter presents the methodology for characterizing the program memory behavior on

multicore processors. The chapter also provides brief description of machine learn-

ing algorithms as well as experimental platforms used in the study. It describes

the program attributes and the experimental method to gather the data from a

multicore processor based platform to generate the training data-set. It also de-

scribes the prediction accuracy results of the trained model and its transferability

over other experimental multicore platform.

• Chapter 4: Improving Process Scheduling. This chapter describes a meta-

scheduler as an example application of the model built for program memory behav-

ior characterization. It also provides the results on improvement in performance,

observed with the meta-scheduler along with details of experimental setup.

• Chapter 5: Performance Prediction. This chapter describes the methodology

to build model for performance prediction on multicore processors along with ex-

perimental setup and results. It includes the proposed solo-run program attributes,

which the model takes as inputs to predict the concurrent-run performance. It also

describes the prospective application of the model for simulation of multicores.
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• Chapter 6: Conclusions and Future Work. This chapter summarizes the

major contributions of the work and mentions the observations. It also highlights

the future research directions.

Overall the thesis covers the modeling of the performance aspects of multicore pro-

cessors with focus on sharing of processor memory hierarchy resources among the cores

present on the multicore processors. The models were built by training the machine

learning algorithms. The applicative aspects of the research reported in the thesis are

reflected in the prospective use of the developed models for – (i) improving process

scheduling on multicores and (ii) simulation of multicores.

5 Research Publications

Journals:

• J. K. Rai, A. Negi, R. Wankar and K. D. Nayak, “Characterizing L2 Cache behav-

ior of Programs on Multi-core Processors: Regression Models and Their Transfer-

ability”, International Journal of Computer Information Systems and Industrial

Management Applications (IJCISIM), ISSN: 2150-7988 vol. 2 (2010), pp. 212–221.

http://www.mirlabs.org/ijcisim.

• J. K. Rai, A. Negi, R. Wankar and K. D. Nayak, “A Machine Learning based Meta-

Scheduler for Multi-core Processors”, International Journal of Adaptive, Resilient
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Global, USA, 2010, pp. 46–59.
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• J. K. Rai, A. Negi and R. Wankar, “Using Machine Learning Techniques for Perfor-

mance Prediction on Multi-cores”, International Journal of Grid and High Perfor-

mance Computing (IJGHPC), ISSN: 1938-0259 vol. 3, no. 4, (2011), IGI-Global,

USA, 2011, pp. 14–28.

Also in Applications and Developments in Grid, Cloud, and High Performance

Computing, ed. Emmanuel Udoh, IGI-Global, USA, 2013, pp. 259-273, doi:
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