Power-Aware Computing

A Kernel-Directed Compiler-Assisted Dynamic Voltage Scaling Algorithm

Diplomarbeit im Fach Informatik

vorgelegt von

Stefan Büttcher geboren am 17. November 1978 in Celle

angefertigt am

Institut für Informatik Lehrstuhl für Programmiersysteme Friedrich-Alexander-Universität Erlangen-Nürnberg

Betreuer: Ronald Veldema

Beginn der Arbeit: 13. Oktober 2003 Abgabe der Arbeit: 6. Februar 2004

Ich versichere, dass ich die Arbeit ohne fremde Hilfe und ohne Benutzung anderer als der angegebenen Quellen angefertigt habe und dass die Arbeit in gleicher oder ähnlicher Form noch keiner anderen Prüfungsbehörde vorgelegen hat und von dieser als Teil einer Prüfungsleistung angenommen wurde. Alle Ausführungen, die wörtlich oder sinngemäß übernommen wurden, sind als solche gekennzeichnet.

Ich bin damit einverstanden, dass die Arbeit veröffentlicht und dass in wissenschaftlichen Veröffentlichungen auf sie Bezug genommen wird.

Der Universität Erlangen-Nürnberg, vertreten durch den Lehrstuhl für Programmiersysteme, wird ein (nicht ausschließliches) Nutzungsrecht an dieser Arbeit, ihren Ergebnissen sowie an den im Zusammenhang mit ihr erstellten Programmen eingeräumt.

Erlangen, am 5. Februar 2004

(Stefan Büttcher)

Abstract

Energy consumption of modern computing devices is becoming an increasingly important topic, especially for battery-powered mobile devices, as the development of battery capacity could not keep the pace of the development of processor performance and power consumption over the last 10 years. One famous technique that can be used to save energy is a combination of dynamic frequency scaling (DFS) and dynamic voltage scaling (DVS): Whenever the CPU is idle, its frequency can be reduced, allowing for a lower supply voltage and thus a lower power dissipation.

There are scenarios in which, although the system load is high and the CPU seems to be busy, the CPU is idle most of the time. This is caused by the main memory, which is by several orders of magnitude slower than the processor. It has been shown that it is possible to reduce the CPU frequency and the supply voltage in such cases at the cost of only a minimal performance loss. The result is a major decrease in energy consumption.

So far, many different DVS algorithms have been proposed, almost all of which have in common that they are located either completely inside the operating system kernel or on the application side, i.e. either in the compiler or in the application itself. This study presents a compiler-kernel cooperation which we call a kernel-directed, compiler-assisted dynamic voltage scaling algorithm.

Realizing the DVS algorithm inside the kernel allows to react to different applications running simultaneously, each having different memory behaviors, hence having different optimal operating frequencies associated with them. A compiler-only algorithm could not achieve this. Modifying the compiler so that it assists the kernel in determining the optimal frequency lets the algorithm predict application behavior, which enables it to act before changes take place rather than just react to them. The kernel alone would not be able to do this.

A kernel module for the Linux kernel has been developed that takes the tolerable slowdown rates for processes and tries to achieve maximal energy savings with respect to these slowdown rates. The concept of program regions – different sections of a program, possibly with different slowdown requirements – allows for different slowdown rates within the same process.

We have inserted an analysis and instrumentation pass into an existing compiler infrastructure that selects certain program regions and inserts DVS-specific API calls into the code that are executed whenever a selected region is entered or left. At run-time, our kernel module receives messages informing it of a process’s entering or leaving certain program regions along with target slowdown rates associated with these regions. For ordinary applications that have not been compiled with our compiler and thus do not send messages to the kernel, a default slowdown rate is assumed.

Experiments conducted on an evaluation board, based on the Intel XScale PXA architecture, have shown that the kernel-only DVS algorithm achieves energy savings of up to 21% at a slowdown of 14% and savings of up to 25% at a slowdown of 19% for homogenous applications of high memory-boundedness (low cache efficiency). For applications with high cache efficiency, savings between 4% (11% slowdown) and 11% (22% slowdown) can be accomplished.

Experiments involving programs compiled by our compiler that send messages to the kernel in order to assist it with selecting the optimal frequency have not lead to any improvement compared with the kernel-only algorithm for homogenous applications. For heterogenous applications, however, with different sections of different memory behavior, energy savings could in one case be increased from 16.5% to 18% by adding compiler support.

Zusammenfassung

Der Energiebedarf moderner Computersysteme hat sich in den letzten Jahren zu einem immer wichtigeren Thema entwickelt, besonders in Hinblick auf batteriebetriebene, tragbare Geräte wie PDAs oder Notebooks. Grund dafür ist die rasante Entwicklung der Prozessorleistung – und damit auch ihrer Leistungsaufnahme – im Laufe der letzten 10 Jahre. Eine mögliche Technik, die zur Reduktion des Energieverbrauchs eingesetzt wird, ist eine Kombination aus dynamischer Frequenz- (DFS, Dynamic Frequency Scaling) und Spannungsregulierung (DVS, Dynamic Voltage Scaling): Wenn der Prozessor sich im Wartezustand befindet, kann seine Taktfrequent reduziert werden. Dadurch wird auch eine Reduzierung der Versorgungsspannung möglich, die schließlich zu einer verringerten Leistungsaufnahme führt.

Es gibt Fälle, in denen die CPU trotz einer hohen Systemlast nicht voll ausgelastet ist und die meiste Zeit damit verbringt, auf den Hauptspeicher zu warten, der in den heute üblichen Systemen um mehrere Größenordnungen langsamer ist als der interne Speicher des Prozessors. Frühere Forschungsergebnisse haben gezeigt, dass es unter solchen Umständen möglich ist, die Prozessorfrequenz, und damit auch die Spannung, zu reduzieren, ohne dass es zu einer großen Verringerung der tatsächlichen Geschwindigkeit des Prozessors kommt. Dies führt zu einer erheblichen Reduktion des Energiebedarfs.

In der Vergangenheit wurden bereits verschiedene DVS-Algorithmen vorgestellt. Für fast alle von ihnen gilt, dass sie sich entweder ausschließlich im Betriebssystem-Kern oder ausschließlich auf der Anwendungsseite, also innerhalb des Compilers oder in der Anwendung selbst, befinden. In dieser Arbeit wird ein neuer Algorithmus vorgestellt, der eine Kooperation zwischen Betriebssystem-Kern und Compiler zum Zweck größerer Energieeinsparungen darstellt.

Während ein kernbasierter DVS-Algorithmus in der Lage ist, auf die zeitlichen Anforderungen verschiedener, gleichzeitig laufender Prozesse einzugehen, was innerhalb des Compilers nicht realisiert werden kann, ermöglicht es ein compilerbasierter Ansatz, das Verhalten von Programmen bereits während des Compiliervorgangs zu analysieren und schließlich zur Laufzeit Vorhersagen zu machen, die dem rein reaktiven Verhalten des Kernels überlegen sind.

Im Rahmen dieser Arbeit wurde ein Modul für den Linux-Kern entwickelt, das, wenn ihm die maximal zulässigen Verzögerungsraten (relative Erhöhung der Ausführungszeit) für die in einem System laufenden Prozesse mitgeteilt werden, versucht, größtmögliche Ernergieeinsparungen zu erzielen. Ein Regionen-Konzept, das in der Lage ist, einen Prozess in mehrere Programmregionen zu unterteilen erlaubt es, verschiedene Verzögerungsraten für verschiedene Programmteile innerhalb des selben Prozesses festzulegen.

Ein bestehender Compiler wurde dahingehend erweitert, dass er in der Lage ist, Programmregionen auszuwählen und mit DVS-spezifischen Funktionsaufrufen zu versehen, die bei jedem Betreten und Verlassen einer solchen Region ausgeführt werden. Zur Laufzeit erhält unser Kern- Modul auf diese Weise Informationen über das Betreten und Verlassen von Programmregionen sowie die einer Region zugeordnete maximale Verzögerungsrate. Für normale Anwendungen, die nicht mit unserem modifizierten Compiler übersetzt worden sind, wird eine Standard-Verzögerung angenommen.

Messungen, die mit einem auf der XScale-PXA-Architektur von Intel basierenden Evaluation Board durchgeführt wurden, ergaben für den reinen Kern-Algorithmus ohne zusätzliche Compiler- Unterstützung Energieeinsparungen von bis zu 21% bei einer um 14% erhöhten Ausführungszeit für Programme mit einer hohen Anzahl von Hauptspeicherzugriffen. Für Applikationen mit hoher Cache-Effizienz konnten Einsparungen zwischen 4% und und 11% (11% bzw. 22% Verzögerung) gemessen werden.

Die zusätzliche Unterstützung des Betriebssystem-Kerns durch den Compiler konnte im Fall homogener Applikationen, deren Regionen sich hinsichtlich der Cache-Effizienz nicht stark unterscheiden, keine messbare Verringerung des Energieverbrauchs erbringen. Heterogene Applikationen, die über verschiedene Bereiche mit zum Teil stark unterschiedlicher Dichte an Hauptspeicherzugriffen verfügen, profitieren jedoch von dieser Unterstützung: Die Energieeinsparungen konnten in einem Fall von 16,5% auf 18% erhöht werden.

Contents

1 Introduction 1 1.1 Power Consumption of modern Computing Devices . . . . . . . . . . . . . . . . . 1 1.2 Dynamic Voltage Scaling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2 1.3 Some motivating Examples . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3 1.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2 Related Work 8 2.1 General Aspects of Dynamic Voltage Scaling . . . . . . . . . . . . . . . . . . . . 8 2.2 Kernel-directed Dynamic Voltage Scaling . . . . . . . . . . . . . . . . . . . . . . 9 2.3 Compiler-directed Dynamic Voltage Scaling . . . . . . . . . . . . . . . . . . . . . 11 2.4 Kernel-Compiler Cooperation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12 2.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

3 Compiler-Kernel Cooperation 13 3.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13 3.2 General Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

4 Kernel Module 16 4.1 Position in the Kernel, Periods of Activity . . . . . . . . . . . . . . . . . . . . . . 16 4.2 Gathering Processor Performance Information . . . . . . . . . . . . . . . . . . . . 17 4.3 Managing Processes and Program Regions . . . . . . . . . . . . . . . . . . . . . . 18 4.4 Selecting the optimal Frequency . . . . . . . . . . . . . . . . . . . . . . . . . . . 19 4.5 Setting the Processor Frequency and Voltage . . . . . . . . . . . . . . . . . . . . . 22 4.6 Communication with Userland Processes . . . . . . . . . . . . . . . . . . . . . . 22 4.7 Performance Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24 4.8 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

5 Compiler Support 26 5.1 The underlying Compiler Infrastructure . . . . . . . . . . . . . . . . . . . . . . . 26 5.2 Selecting Regions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26 5.3 Region Management, Communication with the Kernel Module . . . . . . . . . . . 31 5.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

6 Utility Programs and Files 33 6.1 User-defined Slowdown Rates . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33 6.2 The freqd Daemon Process . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

7 Experiments 35 7.1 Measurement Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35 7.2 Experiments on the Triton board . . . . . . . . . . . . . . . . . . . . . . . . . . . 37 7.3 Experiments on the iPAQ . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46 8 Summary 47 9 Future Work 49 Bibliography 51 Index 53

List of Figures

1.1 Bubblesort – Relative performance at different frequencies . . . . . . . . . . . . 4 1.2 Heapsort – Relative performance at different frequencies . . . . . . . . . . . . . 5 1.3 Mergesort – Relative performance at different frequencies . . . . . . . . . . . . . 6

2.1 Selecting the optimal frequency (Mull, 2002) . . . . . . . . . . . . . . . . . . . 10

3.1 General setup, component interaction . . . . . . . . . . . . . . . . . . . . . . . . 14

4.1 Process and region control structures . . . . . . . . . . . . . . . . . . . . . . . . 18 4.2 Cache efficiency intervals for the slowdown theory . . . . . . . . . . . . . . . . 20 4.3 Reading from /proc/pmon and /proc/pmon history . . . . . . . . . . . 23 4.4 Format of messages sent to the kernel module . . . . . . . . . . . . . . . . . . . 23

5.1 Program regions of a non-recursive program . . . . . . . . . . . . . . . . . . . . 27 5.2 Sourcecode and associated region graph (non-recursive) . . . . . . . . . . . . . . 27 5.3 Source code and associated region graph (recursive) . . . . . . . . . . . . . . . . 28 5.4 Region mergeability . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30 5.5 Region selection based on execution cost . . . . . . . . . . . . . . . . . . . . . . 30 5.6 Simulating ”exit region” with ”enter region” messages . . . . . . . . . . . . . . 31

6.1 File format of /etc/slowdown . . . . . . . . . . . . . . . . . . . . . . . . . 33

7.1 Bubblesort – Power dissipation (DFS only) . . . . . . . . . . . . . . . . . . . . 39 7.2 Bubblesort – Power dissipation (DFS and DVS) . . . . . . . . . . . . . . . . . . 41 7.3 Power dissipation of two parallel processes, unmodified kernel . . . . . . . . . . 45 7.4 Power dissipation of two parallel processes, modified kernel . . . . . . . . . . . 46

List of Tables

1.1 Bubblesort – Running times at different frequencies . . . . . . . . . . . . . . . . 4 1.2 Heapsort – Running times at different frequencies . . . . . . . . . . . . . . . . . 4 1.3 Mergesort – Running times at different frequencies . . . . . . . . . . . . . . . . 5

4.1 Slowdown caused by the kernel module . . . . . . . . . . . . . . . . . . . . . . 24 4.2 Kernel-userland communication performance . . . . . . . . . . . . . . . . . . . 24

7.1 Frequencies on the XScale PXA255 . . . . . . . . . . . . . . . . . . . . . . . . 36 7.2 Frequency transition speed on the XScale PXA255 . . . . . . . . . . . . . . . . 36 7.3 Power dissipation in idle mode, XScale PXA255 . . . . . . . . . . . . . . . . . 37 7.4 Bubblesort – Energy savings at constant frequencies . . . . . . . . . . . . . . . . 38 7.5 Heapsort – Energy savings at constant frequencies . . . . . . . . . . . . . . . . . 38 7.6 Mergesort – Energy savings at constant frequencies . . . . . . . . . . . . . . . . 39 7.7 Bubblesort – Energy savings at 12% and 25% slowdown (DFS only) . . . . . . . 40 7.8 Heapsort – Energy savings at 12% and 25% slowdown (DFS only) . . . . . . . . 40 7.9 Bubblesort – Energy savings at 12% and 25% slowdown (DFS and DVS) . . . . 41 7.10 Heapsort – Energy savings at 12% and 25% slowdown (DFS and DVS) . . . . . 41 7.11 Matrix multiplication – Energy savings at 12% and 25% slowdown (DFS and DVS) 42 7.12 Compiler-assisted DVS (Image scaling, homogenous) . . . . . . . . . . . . . . . 43 7.13 Compiler-assisted DVS (MP3 conversion) . . . . . . . . . . . . . . . . . . . . . 43 7.14 Compiler-assisted DVS (Bubblesort/Heapsort I, heterogenous) . . . . . . . . . . 44 7.15 Compiler-assisted DVS (Bubblesort/Heapsort II, heterogenous) . . . . . . . . . . 44 7.16 Energy consumption of parallel processes, unmodified kernel . . . . . . . . . . . 45 7.17 Energy consumption of parallel processes, modified kernel . . . . . . . . . . . . 45

Chapter 1

Introduction

1.1 Power Consumption of modern Computing Devices

The last 10 years have experienced a rapid growth in the speed of computing devices of all kinds. Unfortunately, this growth has not been limited to the pure computing power but entailed the energy consumption of modern computers as well. While an Intel Pentium 100 had a maximum power consumption of 10 watts in 1994, current microprocessors have power demands that are an order of magnitude higher than that of the first Pentium processors: they range from 68 watts, AMD Athlon XP 2800+, [AMD] to 82 watts, Intel Pentium 4 3.0 GHz, [Int].

Although we find that the power/performance ratio, which in many cases is of greater importance than the mere power consumption of a device, has actually decreased, this fact plays no major role in reality because most computers do not use their theoretical computing power most of the time. Instead, they are mostly idle and waiting for user input.

The increased power consumption of modern computer systems does not only imply higher operating costs but also implies several other problems, such as decreased circuit reliability and more complicated, expensive cooling techniques. These become necessary because all the energy consumed by a computer will eventually be transformed into heat that has to be dissipated from the system in order to avoid its overheating.

Furthermore, the effective work time of mobile computing devices, such as notebooks and PDAs, could not keep up with the increase in battery capacity, since the power consumption of the processor, which constitutes a major part of the total power consumption of a computer system, has risen as well. The maximal power consumption of an ordinary hand-held device equipped with an Intel XScale PXA255 processor, 2.6 W, [Int03b] is certainly far away from the consumption of a Pentium 4 processor. The battery of such a device, however, is much smaller than that of an ordinary notebook, too. A solution to this problem is desirable, as hand-held need to be instantaneously available.

During the last few years, many techniques for saving energy have been developed. The energy consumption of certain parts of a computer may be decreased when these are not in use. They switch to a stand-by mode in which the power needed is much lower than in the active state:

harddisks and monitors are the most prominent examples. Another technique, which is primarily employed on mobile or hand-held devices, is dynamic frequency scaling: The operating frequency of the CPU is decreased without resetting the computer when its maximum computing power is not needed. This usually allows for the decrease of the operating voltage of the CPU as well. Since in most cases the main processor is one of the major power consumers, this leads to a significant reduction of the overall energy consumption of a computer system.

1.2 Dynamic Voltage Scaling

The dynamic adjustment of the supply voltage of an electrical device at run-time, i.e. without stopping and restarting it, is referred to as dynamic voltage scaling (DVS) . In this thesis, we are specifically interested in the change of the supply voltage of the CPU. Here, DVS usually comes in conjunction with dynamic frequency scaling. Lowering the operating frequency of a microprocessor decreases the necessary supply voltage on most architectures. Frequency scaling alone can cause a decreased energy consumption in some cases, too, but major savings can only be achieved when combining frequency scaling with voltage scaling.

The reason why changing the supply voltage has such significant consequences on the power consumption (and thus on the energy consumption) of a computer system is due to the equation

P_{total} = c · f ·V^2 + P_{other}, (1.1)

where P_{total} denotes the total power consumption of the processor, while f is its operating frequency and V the supply voltage. c and P_{other} are architecture-dependent constants. According to the equation, the total power consumption is essentially the product of the operating frequency and the square of the supply voltage. While lowering the frequency alone reduces P_{total}, it does in most cases not make for a decreased energy consumption, since the energy consumed by the processor can be written as W_{total} = t · P_{total} = t · c · f ·V^2 + t · P_{other}, (1.2)

where t is the running time of the system. Reducing the operating frequency implies a reduced computing performance. Hence, the total time needed to complete a certain task increases. In some cases, this does not hold. When considering applications with minor use of external components, however, such as the computer’s main memory or its hard disk, the equation

t = d · 1 f , (1.3)

where d is some constant depending on the speed of the machine, is a good approximation of the running time of a certain piece of software.

So, if we lower the frequency f from an initial value f_0 to f_1 =^{f0}_2 , we get

W_{total, f0} = t_0 · c · f_0 ·V^2 + t_0 · P_{other} (1.4)

= c · d ·V^2 + d · 1 f_0

P_{other} (1.5) and W_{total, f1} = c · d ·V^2 + d · 1 f_1

P_{other} (1.6)

= W_{total, f0} + d · 1 f_0

· P_{other} (1.7)

and thus increase the total energy consumption by t_0 · P_{other}. Taking into consideration that P_{other} covers the entire computer system except the CPU, we see that decreasing the frequency alone does not help much but can indeed deteriorate the situation.

If we, however, succeed in combining the reduction of the operating frequency with the reduction of the supply voltage, significant energy savings can be achieved, especially for small systems, such as notebooks or hand-held devices, where P_{other} does only constitute a small fraction of P_{total}. Since in some cases the necessary supply voltage is proportional to the operating frequency, it is possible to reduce the energy consumption for a given task to

W_{total, f1} = c · d ·V^2_{f1} = 1 4 · c · d ·V^2_{f0} (1.8)

if we disregard P_{other} for the moment. Here, V_f denotes the necessary supply voltage at frequency f . This reveals a great potential that could lead to major energy savings.

In addition, there are programs for which equation 1.3 does not hold. If, for example, about 50% of the CPU cycles are idle cycles during which the processor only waits for the memory, we have good reasons to expect that lowering the operating frequency from f_0 to^{f0}_2 does not reduce the program performance by 50%.

1.3 Some motivating Examples

The impact of lowering the CPU frequency on program performance is shown by the following examples. The different algorithms mentioned are intended to represent algorithm classes of different memory access behavior. All measurements have been conducted on the iPAQ H5400, which is equipped with an Intel XScale PXA250 processor that allows dynamic selection of one of the following frequencies: 200 MHz, 300 MHz and 400 MHz. Dynamic voltage scaling is not supported.

Bubblesort

An array of 32-bit integers, in random order, is to be sorted using the Bubblesort algorithm. The number of elements in the array ranges from 2,000 to 11,000. The running times for each size/frequency pair are given in table 1.1.

As expected, the program performance is reduced when lowering the operating frequency from 400 MHz to 300 MHz and then to 200 MHz. The relative performance, compared to the processor’s maximum frequency, is approximately 75% at 300 MHz and 50% at 200 MHz for arrays with up to 8,000 elements. Beyond that bound, which is caused by the size of the XScale’s data cache (32

Array size 8 KB 12 KB 16 KB 20 KB 24 KB 28 KB 32 KB 36 KB 40 KB 400 MHz 0.53 s 1.17 s 2.02 s 3.19 s 4.57 s 6.29 s 8.72 s 17.36 s 21.41 s 300 MHz 0.70 s 1.54 s 2.68 s 4.25 s 6.09 s 8.36 s 11.48 s 19.82 s 24.45 s 200 MHz 1.03 s 2.30 s 4.01 s 6.35 s 9.11 s 12.52 s 16.83 s 25.08 s 30.94 s

Table 1.1: Bubblesort – Running times at different frequencies

KB), the performance ratio changes abruptly. Equation 1.3 does not hold any more: The relative performance at 300 MHz increases from 75% to 88%, while at 200 MHz there is an increase from 50% to 69%. This phenomenon is shown in figure 1.1.

Figure 1.1: Bubblesort – Relative performance at different frequencies

We may conclude that in cases where the application data become too big for the processor’s data cache (which results in frequent main memory accesses and therefore processor stalls), there is a chance that lowering the operating frequency will result in reduced energy consumption. A combination of dynamic frequency scaling and dynamic voltage scaling would increase the energy savings even more. Since 32 KB is a reasonable size for application data, this could be considered a realistic scenario rather than an artificial construct.

Heapsort

Bubblesort serves well as an example to demonstrate the dependence of processor performance on operating frequency and the size of the data to work on. It is, however, a little unrealistic because nobody actually employs it for sorting arrays, even if they are only of medium size. Heapsort seems to be more realistic in this respect.

Array size 128 KB 256 KB 384 KB 512 KB 640 KB 768 KB 896 KB 1024 KB 400 MHz 0.32 s 0.75 s 1.27 s 1.83 s 2.45 s 3.08 s 3.72 s 4.39 s 300 MHz 0.35 s 0.82 s 1.37 s 1.97 s 2.63 s 3.28 s 3.98 s 4.69 s 200 MHz 0.43 s 0.97 s 1.61 s 2.29 s 3.01 s 3.75 s 4.53 s 5.33 s

Table 1.2: Heapsort – Running times at different frequencies

Table 1.2 shows the running times for sorting an array of 32-bit integers using Heapsort. The numbers exhibit the typical n · log(n) growth. As the array sizes are far beyond the capacity of the XScale’s data cache, we could expect not to see a slowdown to 75% or 50%, respectively, when lowering the CPU frequency. In fact, the relative performance at the lower frequencies is not only far away from what equation 1.3 suggests, but it is even better than in the Bubblesort scenario, as can be seen from figure 1.2.

Figure 1.2: Heapsort – Relative performance at different frequencies

This is mainly due to the fact that the reheap operation that is used within the Heapsort algorithm to restore the heap property walks along a path from the tree root to a node of the tree, which in about every second case will be a leaf. The usual arrangement of the tree nodes in an array follows the equation index_{child} = 2 · index_{parent} + 1, (1.9) where index_{parent} and index_{child} denote the array position of an inner node of the tree and its left-hand child. So, reheap jumps almost randomly through the memory rendering the data cache virtually useless. These random memory accesses result in a relative performance of up to 94% at 300 MHz and up to 82% at 200 MHz, compared to the maximum frequency.

Mergesort

The last sorting algorithm presented is Mergesort. Mergesort is a standard algorithm of the divide & conquer type: An array is sorted by splitting it into two parts of equal size (±1), which are sorted recursively. After the recursive calls have returned, both sorted halves are merged using a linear-time algorithm. This results in the n·log(n) sorting algorithm that is referred to as Mergesort.

Array size 128 KB 256 KB 384 KB 512 KB 640 KB 768 KB 896 KB 1024 KB 400 MHz 0.27 s 0.55 s 0.88 s 1.17 s 1.52 s 1.88 s 2.20 s 2.52 s 300 MHz 0.30 s 0.62 s 0.99 s 1.31 s 1.71 s 2.12 s 2.46 s 2.83 s 200 MHz 0.39 s 0.79 s 1.24 s 1.65 s 2.13 s 2.61 s 3.02 s 3.47 s

Table 1.3: Mergesort – Running times at different frequencies

Again, we are examining the relative performance at the 3 frequency settings the iPAQ offers. The results can be seen from figure 1.3.

Figure 1.3: Mergesort – Relative performance at different frequencies

It is interesting that figure 1.3 exposes a behavior that is a little different to that of Heapsort presented above. This difference is rooted in the nature of most divide & conquer algorithms: at each recursion depth n the computational cost, i.e. the number of comparison operations performed at this level, is c(n) ∈ Θ(m), where m denotes the size of the entire array that is to be sorted: When sorting an array consisting of 2^k elements, we have 2^{k−n} − 1 comparisons for the merge process at each recursive call of depth n. Since there are 2^n such calls, a total complexity of

c(n) = 2^n · (2^{k−n} − 1) = 2^k − 2^n ∈ Θ(2^k) (1.10)

results. Considering the XScale’s 32KB data cache, 13 = log_2(^{32,768}_4 ) recursion levels can be executed with almost no cache miss when sorting 32-bit integers, since everything fits perfectly into the data cache. Sorting arrays that are larger than 32 KB is more expensive, but still better than Heapsort because the merge process works in a linear manner with no random memory accesses, which increases cache efficiency. Furthermore, most of the work performed is done on a level that makes the data being processed fit into the cache: Even if we assume that the entire array comprises 2^{22} ≈ 4.2 · 10^6 elements occupying 16 MB of main memory, only the work done at the top-most 9 recursion levels will cause data cache misses. 57% of the comparison operations will take place on a level that allows all memory accesses to be served from the cache.

Therefore, it is not surprising to see relative performance figures that are slightly different to those of Heapsort. Still, we are far away from the performance behavior predicted by equation 1.3.

1.4 Summary

We have shown that there are cases in which lowering the CPU frequency could turn out to be beneficial with respect to the overall energy consumption as the impact that a reduced frequency has on computing performance depends significantly on the number of memory accesses that cannot be served from the cache. There are cases where lowering the CPU frequency to 50% results in an actual slowdown of only 15 to 25%.

We have also shown that algorithms that have been designed to solve the same problem differ considerably with respect to this phenomenon. This gives sufficient motivation for further studying memory-related program behavior and possibilities to reduce a program’s energy consumption while keeping performance deterioration to a minimum.

Chapter 2

Related Work

There are essentially three ways to implement software-based solutions for dynamic voltage scaling that take into account the cache/memory behavior of programs:

Kernel-Directed The operating system kernel may collect performance information from all running processes, calculate the optimal running speed and supply voltage of the processor and adjust it, if necessary;

Compiler-Directed The compiler can analyze a program’s source code at compile-time, maybe perform some profiling runs of the program and eventually determine the optimal frequency at which the program should be executed. This frequency will then be set by the program when it is executed;

Application-Directed Every developer can decide him-/herself if the supply voltage should be changed for certain parts of the program.

Since the third option is able to easily produce a lot of chaos, we will only focus on the former two. Much work has been done in both areas. We will summarize those aspects that are of the greatest relevance to our work.

2.1 General Aspects of Dynamic Voltage Scaling

Burd and Brodersen [BB00] have given an overview of the impact of adding DVS support to a computer system on circuit design. After evaluating a prototype DVS system, they come to the conclusion that even though DVS support slightly decreases a circuit’s energy efficiency, this decrease is more than compensated by the ability to lower the voltage when the processor’s maximum performance is not needed.

However, as we have indicated in section 1.2, various experiments have shown that lowering the CPU frequency and voltage does not necessarily decrease a system’s energy consumption in all cases. Sometimes, the optimal strategy that produces the minimal energy consumption is to execute a certain task at maximum frequency and to switch to idle mode when the computation has finished.

Miyoshi et al. [MLHR02] have discussed this effect and conducted experiments for several platforms supporting either DFS, clock throttling or DFS/DVS. They introduce the term critical power slope that can be used to determine whether energy consumption may be decreased by lowering the frequency. Before reducing the operating frequency, it has to be verified that the actual power slope of a system is higher than its critical power slope.

2.2 Kernel-directed Dynamic Voltage Scaling

As changing the processor frequency and supply voltage implies changing hardware parameters, the OS kernel seems to be the right place to perform such changes. DVS algorithms situated in the kernel can

react to system idle times by reducing voltage and frequency whenever the CPU load is not maximal, e.g. when accessing the hard disk causes the CPU to wait,

react to program memory behavior by reducing voltage and frequency when the CPU is idle most of the time because of many memory accesses.

Weiser et al. [WWDS94] were among the first who proposed an algorithm that was able to reduce the energy consumption of a computer system. All data were obtained by simulations done from scheduler traces taken from a UNIX system. They recorded energy savings between 5 and 75%. In addition, they introduced a new metric for CPU performance per energy: MIPJ (millions of instructions per Joule).

Flautner et al. [FRM01] use kernel information to classify programs according to their communication patterns: interactive, periodic producer or periodic consumer. They focus on interactive applications for which they define a perception threshold, 200 ms, that still guarantees an interactive feeling when the computer is reacting to user input. For applications with periodic activities they are able to achieve energy savings between 10% and 30%, according to their energy calculation model, which is based partly on the Intel XScale architecture and partly on measurements performed on an Intel Pentium II.

Mull [Mul02] makes use of processor performance counters to estimate program behavior with respect to memory accesses. The performance counters used are cache misses and instructions executed. They are monitored for every running process. For a given slowdown percentage (they have chosen 10% for their experiments), profiling data are gathered and inserted into a special kernel module for the Linux kernel at compile-time. A two-dimensional map such as the one shown in figure 2.1 is created that defines the optimal CPU frequency for every pair ( memory accesses processor cycles , instructions executed processor cycles ). In the example, a process with 0.003 memory requests per clock cycle and 0.3 instructions per clock cycle would run at frequency 2.

Figure 2.1: Selecting the optimal frequency (Mull, 2002)

At every context switch, the scheduler selects the frequency that is the best for the process switched to with respect to the performance counters monitored and the maximum slowdown defined when compiling the kernel module. Exponential weighting of the form

avgInsnPerCycle := (9 ∗ avgInsnsPerCycle + currentInsnPerCycle)/10 (2.1)

is used to keep track of changes of the performance counters and heterogenous programs that consist of regions with many cache misses and other regions with high cache efficiency.

Performance issues in [Mul02] arising from the complexity of determining the actual region (i.e. the polygon on the two-dimensional map, that a performance point, which is associated with a certain process, lies in) are solved in subsequent research by discretizing the two-dimensional map. Weissel and Bellosa [WB02] employ a 20 × 20 matrix to approximate the two-dimensional map.

Employing the techniques described above on real-life applications such as gzip, energy savings between 10% and 15% could be achieved at a performance loss in the same range when only frequency scaling was applied on a system based on the Intel XScale 80200 platform supporting clock speeds from 333 to 733 MHz. Savings that would result from additional voltage scaling were calculated based on the specification of the XScale and were about 40%.

Two aspects can be pointed out at this point:

The fixed slowdown of 10% that is used in the work mentioned above is inflexible: scenarios where the relative processor performance needs to be changed over time are realistic, so the compiler or the user should be allowed to set a maximum tolerable slowdown rate – preferably on a per-process basis.

Updating the average number of memory accesses per cycle is inert: when jumping from a program section with many cache misses to another section with no cache misses, the weight of the former section is still about 53% after 6 update steps (see equation 2.1). Furthermore, the performance values are only updated when a context switch takes place. So, a single process might run for a long time (far more than only 6 system ticks, which alone would be a long time for a computer program) without the kernel noticing that the application behavior has changed completely. It could be useful to predict such changes instead of just reacting to them.

2.3 Compiler-directed Dynamic Voltage Scaling

Kremer and Hsu ([HKH01], [Hsu03]) have pointed out that, since the kernel has no insight in what a given program does, frequency selection at run-time will necessarily be inaccurate and inert. They presented several approaches of compiler-directed frequency and voltage scaling.

In their work, they analyze certain regions in the source code, primarily loop nests. Each region is then assigned a frequency/voltage pair, based purely on source code analysis and energy consumption estimation or profiling runs done before compilation. At run-time, frequency changes can only take place at the transition from one such region to another. Regions are selected in such a manner that the function calls inserted to change the CPU frequency do not carry weight. Profiling and compilation take a long time. According to [Hsu03, p. 59], compilation may take several minutes, while the profiling runs are a matter of hours.

Average energy savings of 20% at a performance loss of 2% are reported for the SPEC95 benchmark running on an AMD Mobile Athlon 4 (1200 MHz). These savings are calculating with respect to the entire system, while the relative energy saving for the CPU is only about twice as high (≈ 40%).

The shortcomings of the techniques mentioned above are the following:

If profiling is used to determine optimal execution speeds of the selected regions, it has to be performed before the actual compilation of a program takes place. This is problematic for three reasons:

1. Representative input data might not be available.

2. Running the program could require many user actions such as clicking buttons, which cannot always be done automatically.

3. Profiling runs cause additional complexity for the compilation process and thus more work for the developer.

Changing the frequency within a selected region, which could be beneficial if a certain frequency misses the selected slowdown percentage very shortly and switching between two frequencies is necessary, is impossible.

Multiple processes running in parallel with different memory behavior are not taken into account. This holds in principle and cannot be solved without kernel support.

2.4 Kernel-Compiler Cooperation

Few attempts have been made to have the compiler assist the kernel with finding the optimal frequency in order to reduce energy consumption. Mossé et al. [MACM00] have studied embedded systems with a fixed number of real-time applications. Energy reduction can be achieved on these systems by lowering the frequency and voltage for code sections that finish before their deadline. Every time a program section is left, its actual execution time is reported to the operating system. Based on the execution time and the section’s deadline, the next sections may be executed at a reduced frequency/voltage.

Energy savings are computed by simulation. The case of several processes running in parallel, a realistic scenario even for embedded systems, has not been considered.

2.5 Summary

We have recapitulated the two main directions in DVS research for memory-bounded applications: kernel-directed DVS and compiler-directed DVS.

Research has shown that it is difficult for the kernel to react to changes in program behavior and that it is impossible for it to predict such changes, even if they happen in a strictly periodic manner. Program-specific performance settings, such as maximum tolerable slowdown rates for certain real-time parts of a program with guaranteed response times, cannot be defined.

In contrast to the kernel-based solutions, compiler-directed DVS techniques can easily predict program behavior by analyzing the source code at compile-time or performing profiling runs before the actual compilation takes place. Without kernel support, however, it is impossible to manage multiple processes that are running in parallel – a scenario that is considered normal when looking at modern computer systems. So, it is hard to use them in a real-life environment.

We may conclude that some cooperation between the system kernel and the compiler is necessary to remove these shortcomings and implement an efficient, provident DVS algorithm. Compilerkernel cooperation schemes have already been proposed so far but have been restricted to very limited scenarios, in particular embedded systems for which the applications executed and their respective deadlines are known.

Chapter 3

Compiler-Kernel Cooperation

3.1 Motivation

As suggested in chapter 2, we will combine the kernel-directed and the compiler-directed approach to dynamic voltage scaling. The idea is to have a central instance in the form of a kernel module that gathers performance-related information and tries to determine the optimal CPU frequency. However, since the kernel has virtually no insight into user process internals, it gets assistance from the running processes that are informing the kernel module of their current status. The information obtained from user processes can be used by the kernel to predict their future behavior.

This combined approach, a kernel-directed, compiler-assisted dynamic voltage scaling algorithm, allows us to share the best from both worlds – the ability to:

predict program behavior by analyzing program source code at compile-time or even performing profiling runs;

gather additional information by reading privileged processor performance counters at runtime;

manage multiple processes that are running in parallel.

It is desirable to add DVS support to an existent system making as few changes as possible. In particular, no changes to the kernel should be necessary – the setup should allow a user to load a kernel module at run-time that is able to work within an existing kernel –, and userland applications should be recompiled without modifying the source code.

It turns out that these wishes, especially the former, are hard or even impossible to realize, since accurate energy and performance accounting cannot be done without changing the kernel scheduler, but we will attempt to stay as close to these ideals as possible. In particular, we will present two solutions, one of which requires no changes to the existing kernel while the second requires some minor modifications to the scheduling code of the kernel.

3.2 General Setup

All work has been done in the Linux operating system on Intel’s XScale PXA architecture, which, for instance, the Hewlett-Packard iPAQ H5400 is based on. The H5400 is equipped with an Intel XScale PXA250 processor that supports dynamic frequency scaling. To be able to dynamically scale the supply voltage, the Triton-LP evaluation board by Ka-Ro Electronics [Kar] has been used. The evaluation board is very similar to the iPAQ, running with an XScale PXA255 processor and allowing dynamic voltage scaling in addition to frequency scaling.

The kernel used for implementing the kernel side of the DVS algorithm is a Linux 2.5.30 development kernel from the ARM-Linux project [Arm04]. The compiler used to add DVS support to userland applications is the Manta Java-to-native compiler developed at the Vrije Universiteit Amsterdam [Man04].

Figure 3.1: General setup, component interaction

The general setup of all components involved in our DVS algorithm is shown in figure 3.1. Basically, it consists of three parts:

1. The kernel module is responsible for reading performance-related event counters from the processor. It keeps track of all running processes and the currently active code regions of these processes. Based on the performance history of each region, it can dynamically change the processor’s operating frequency and supply voltage so that the energy consumption of a process is minimized while still meeting certain performance criteria.

2. Userland processes that have been compiled with DVS support inform the kernel module of their entering or leaving certain program regions and of the maximum tolerable slowdown that is associated with each program region. Thus, if a program leaves a certain region and then enters it again, the kernel can predict the performance behavior of that region based on the knowledge it gained during past executions of the region.

3. A special daemon process may be used to protocol the activity of the kernel module and to lock the frequency to a certain value if no dynamic changes are desired. It is also responsible for informing the kernel of user-defined slowdown rates for certain programs.

Program regions ought to be portions of a program with homogenous memory behavior whose execution time is neither too short (because the kernel has to be notified each time a region is entered or left, which is an expensive operation) nor too long (because we want to react quickly to changes in memory access characteristics). Simple loops, loop nests, and entire functions are the natural candidates for program regions of the desired type.

As indicated in figure 3.1, only those programs that have been compiled by our compiler can support the kernel by providing additional information on which program region is currently being executed that can be used to make better-founded DFS decisions. That does, however, not imply that ordinary applications do not benefit from our DVS algorithm. If the kernel module receives no information from running processes, no prediction of program behavior will be possible, but the module still acts in a way that is similar to the kernel DVS solutions presented in chapter 2.2 in order to reduce the energy consumption of these applications.

Chapter 4

Kernel Module

The kernel module keeps track of all active processes and their regions and is responsible for selecting the optimal frequency and voltage settings with respect to the maximum slowdown that is tolerable for a certain process or region. The exact definition of a program region is given in section 5.2. In the context of the kernel module it can be thought of as a code section, e.g. a function or a loop.

4.1 Position in the Kernel, Periods of Activity

There are two ways to insert our module into the Linux kernel:

no modification of the kernel; the kernel module has only to be compiled using the appropriate Linux kernel headers.

changing a few lines inside the kernel scheduler in order to inform our module about every context switch that takes place in the system.

Although the first approach is likely to be favored because modifying the scheduler is always and will most probably not be performed, the second approach carries the obvious advantage that the kernel module is notified of every process switch as soon as it happens. This allows for a better per-process performance evaluation. The algorithm in its current form assumes that there is only one CPU. However, if different frequencies and voltages can be selected for each CPU, it can easily be extended to run on SMP systems.

After the kernel module has been loaded, there are three ways for it to become active:

System Timer The module is called periodically by the system timer. For every clock tick, there is a call to the function frequencyGovernor that results in an update of all relevant performance information.

Userland Whenever a process notifies the module of its entering a certain region (see section 4.6 for details), performance information is updated and the activeRegion attribute of the currently active process is changed.

Kernel Scheduler If the module has been loaded into a modified kernel, frequencyGovernor is invoked whenever a context switch is performed.

frequencyGovernor is the central function of the kernel module. It consists of four steps:

1. Read processor performance counters and update performance information for the currently active process/region with respect to the current frequency.

2. Update the active process / active region in case the scheduler has switched to another process.

3. Select the optimal frequency according to the performance requirements of the active region and some simple rules (details can be found in section 4.4).

4. Remove data allocated for processes that have been inactive for a certain time, e.g. processes that have been killed meanwhile.

4.2 Gathering Processor Performance Information

The Intel XScale PXA25x processor family ([Int02a], [Int00]) that all our experiments have been run on supports a set of performance-related event counters that can be accessed through coprocessor 14 ([Int02b], [Int00, pp. 8-1 - 8-12]). A variety of processor events can be recorded by the performance monitoring unit of the XScale processor but only two different event types at the same time. The events to be monitored can be selected by writing a certain value to the performance monitoring control register (PMNC) of the CPU. Like [Mul02], we have chosen to count the number of instructions executed by the processor and the number of data cache misses occurring. This seems reasonable since

the^{instructions}

ticks ratio indicates the effective processor performance, while

the^{cache misses}

ticks ratio can be seen as the degree of memory- boundedness of a given process,

i.e. how much the performance of the process is limited by memory latency.

However, we do not measure the data cache misses directly but the number of data TLB (translation lookaside buffer) misses, because the results gathered when directly counting data cache misses on the XScale do not describe program behavior as well as TLB misses do. In addition, not all events are counted when monitoring data cache misses (see [Int02b] and [Int03a] for details). Nonetheless, we will refer to this value as the number of cache misses, the^{cache misses}_{ticks} or the

instructions cache misses ratio, respectively, regardless whether we are actually dealing with the number of cache

misses or TLB misses.

In addition to the former two events, the number of processor ticks elapsed is kept track of by reading the appropriate processor register. This allows us to calculate the ratios mentioned above. Interfaces for reading event counters from inside the Linux kernel exist but are not used by our kernel module, instead we have used our own implementation. Reading performance counters is done very often and is therefore performance-critical. Since the main problem, multiple kernel parts that try to access different performance counters simultaneously, cannot be solved by either implementation, we have chosen not to take a third-party implementation.

4.3 Managing Processes and Program Regions

Process management is performed using a process hash table in which there is one entry for every running process. Process entries are instances of ProcessControl and contain, among other things, the process id (pid), the id number of the currently active region of the process, and a hash table containing all regions of the process that have already been entered.

Figure 4.1: Process and region control structures

A number of program regions is associated with each process the kernel module has knowledge of. All regions that belong to the same process are stored in a hash table. Every process has at least one region, its default region (id 0). The RegionControl structure contains the maximum tolerable slowdown of the region, as defined by the compiler or the user, the time that has been spent in the region so far in microseconds, the weighted average values of the^{instructions}_{cache miss} and^{instructions}_{microsecond} ratios, the slowdown percentage compared to maximum speed that has resulted from previous executions of the region at non-maximal frequencies, and a RegionHistory instance for every possible frequency setting. Each RegionHistory instance contains information about the time spent in the region at a certain frequency and^{instructions}_{cache miss} and^{instructions}_{microsecond} ratios for a specific frequency setting. The lastActivity fields are for memory management only and determine which existing objects are to be deleted first when the module runs out of memory.

The ratios and the slowdownSoFar value are the most important elements of the data structures, since they will be used to determine the optimal frequency that achieves the greatest energy savings while still meeting the slowdown criteria defined for each region.

Each time the kernel module is activated, it reads three event values from the processor’s event monitoring unit:

processor cycles,

instructions executed, and

cache misses occurred

since its last activity. From these values it calculates the number of microseconds that have elapsed in the meantime and the current^{instructions}_{cycle} ,^{instructions}_{microsecond} , and^{instructions}_{cache miss} ratios. It then updates the

avgInsnsPerCacheMiss and avgInsnsPerMicroSec of the currently active region and

the RegionHistory instance that represents the currently selected operating frequency. These values are calculated with an exponential weighting. The update adheres to the following rules:

avgInsnsPerCacheMiss :=

(n − 1)avgInsnsPerCacheMiss + currentInsnsPerCacheMiss n , (4.1)

avgInsnsPerMicroSec :=

(n − 1)avgInsnsPerMicroSec + currentInsnsPerMicroSec n . (4.2)

For performance reasons, we let n := 8.

4.4 Selecting the optimal Frequency

As indicated in the previous section, the optimal CPU frequency is selected on a per-process, per-region basis and by using no information other than that obtained by reading the processor performance counters. We will explain our frequency selection algorithm in three steps.

Step 1: A Slowdown Theory

Basically, the algorithm can be described as a function

f : (maxSlowdown, avgInsnsPerCacheMiss) → f requency.

From the maximum tolerable slowdown value and the^{instructions}_{cache miss} ratio, it computes the lowest frequency that can be selected such that the slowdown resulting from switching to that frequency is smaller than maxSlowdown. This calculation is based on a performance slowdown theory that is built by the kernel module at run-time: Every time the module is activated, it gathers performance information. Depending on the currently selected frequency, it collects a new

per f ormance_{( f , c)} = lastInsnsPerMicroSecond

value, where f is the CPU frequency and c is the data cache efficiency, measured in instructions per cache miss. As soon as per f ormance_{( f0, c0)} and per f ormance_{( fmax, c1)} are known for

c_0 ≈ c_1, (4.3)

it is possible to calculate an estimated slowdown resulting from switching to frequency f_0 in a region with cache efficiency c_0.

Figure 4.2: Cache efficiency intervals for the slowdown theory

In order to account for measurement errors, average values are taken for per f ormance_{( f , c)} that are calculated from hundreds or thousands of measurements. This is no problem because the kernel module is provided a new value at least once at every system tick, which is 100 times per second on an XScale. Whether two cache efficiency values are approximately equal (as required in equation 4.3), is decided by dividing the possible range of^{instructions}_{cache miss} values into disjoint intervals of exponentially increasing size. Figure 4.2 shows how we arrange the partitioning into disjoint intervals.

We have chosen to partition into 28 intervals. There are no special reasons for this specific number, but it is sufficiently large to differentiate program behavior in terms of cache efficiency, while it is still small enough to have a high probability to fill all slots in a short time.

The intervals at the left represent processes with many memory accesses due to data cache misses. For these processes it can be expected that lowering the frequency only has minor impact on overall performance. The rightmost intervals can be thought of as processes with very few or even no data cache misses. For these, lowering the frequency to e.g. 50% can be expected to cause a performance loss of 50% as well, i.e. a slowdown of 100%. Bearing in mind that we are actually dealing with data TLB misses instead of data cache misses, the lower limit of the rightmost interval (≈ 3 × 10^5) seems reasonable and has proved sensible in various experiments.

An example: We have six training examples of the form

( f requency, instructions per cache miss, instructions per microsecond).

E_1 = (400 MHz, 117, 26.1), E_2 = (300 MHz, 141, 24.5), E_3 = (200 MHz, 123, 22.2), E_4 = (300 MHz, 270, 45.8), E_5 = (200 MHz, 254, 40.3), E_6 = (400 MHz, 318, 63.2).

Assuming that 400 MHz is the maximum frequency and that the currently active program region has a^{instructions}

cache miss ratio of 140, which lies in interval 2, it is possible to estimate the slowdown caused

by switching to

300 MHz: slowdown =^{26.1}_{24.5} − 1 = 0.065 (6.5%) and

200 MHz: slowdown =^{26.1}_{22.2} − 1 = 0.176 (17.6%).

Now assume that the program currently running shows a cache behavior of 210 instructions per cache miss (interval 4). Since there is no reference value (instructions per microseconds at maximum frequency), it is impossible to predict the slowdown caused by lowering the frequency to 200 or 300 MHz, although perfromance values for these frequency settings exist.

Actually, things are not as bad: we are interpolating the performance values in order to correct measurement errors and to cope with the above situation in which otherwise there would not be enough information to predict the slowdown rate.

Step 2: Target Slowdown = Maximum Slowdown

As stated earlier, for each region a maximum slowdown rate is specified by the compiler, the system administrator or the user. This number may be interpreted as if saying ”I want as much energy savings as possible as long as not too much performance is lost.” Let us imagine the following scenario: A process is running on a processor that supports three frequencies: 200, 300 and 400 MHz. The relative slowdown of the 200 and 300 MHz settings is 25% and 11%, respectively. Let the maximum slowdown rate for the process be 10%. According to the rules presented in step 1, the kernel module decides that full speed is the only frequency that does not violate the slowdown rule, so the process is run at 400 MHz without any performance loss but no energy savings, either.

Since this is obviously not an adequate solution, another rule has been implemented that states that as soon as the overall slowdown rate for a region has not been reached, the highest frequency that does not meet the slowdown criterion is selected. In the above scenario, the module would switch to 300 MHz and stay there until the effective slowdown of the region has reached 10%. Then it would switch back to 400 MHz and toggle between 300 and 400 MHz with a certain frequency.

On systems that support a variety of different frequencies this rule is not too important – having a slowdown of, say, 8% instead of 10% is acceptable. Many systems, however, only support few different frequencies: three (as the XScale PXA250) or only two. On such systems the Target Slowdown = Maximum Slowdown rule is crucial for the efficiency of the DVS algorithm.

Step 3: Early Decision and Equal Opportunities

Sometimes the slowdown theory does not have to be applied to calculate the optimal frequency for a given program region: when no slowdown is tolerated and when any slowdown is acceptable. In the former case, the maximum frequency has to be selected without any interruption, since slowdown = 0 cannot be guaranteed in any other way. In the other case, the lowest frequency has to be selected because this causes the greatest energy saving (assuming the actual power slope of the system is higher than its critical power slope). As a general rule, we decide to switch to the minimum frequency and stay there if

tolerable slowdown ≥ f_{max} f_{min}

− 1. (4.4)

For example, on a system where^{fmax}_{fmin} = 2 any maximum slowdown rate for a region that is at least 100% forces the DVS algorithm to select f_{min} for the execution of that region. Both rules described are early decisions – they take place before the slowdown theory is queried for the presently optimal frequency.

One problem of our frequency selection algorithm is the inaccuracy produced by partitioning N into 28 disjoint intervals, another is inhomogenous program behavior: A program region can, in some cases, produce many cache misses, perhaps at the beginning of its execution, then run completely inside the cache or vice versa. This implies that the performance estimate based on the

instructions microsecond samples collected can be completely wrong. If this error is not straightened out later,

it will have a long-lasting effect on the frequency selection strategy: The module ”assumes” that frequency f is unsuitable. Therefore, it never selects f , which makes it is impossible to correct the former inaccuracy. Because of this, the module still ”assumes” that f is unsuitable.

It is important that, from time to time, every frequency is selected for executing a given region for a short while. If it is a short while, no great performance loss will be caused in case the former performance values did not come from inaccuracies or measurement errors but reflect the actual program behavior. On the other hand, if it turns out that lowering the frequency is not as bad as it first appeared, much is won. The Equal Opportunities rule makes the algorithm flexible.

4.5 Setting the Processor Frequency and Voltage

When using the CPUFreq interface of the Linux kernel, the frequency must not be changed from interrupt context because all relevant CPUFreq functions may sleep. This means that we cannot call these functions from our frequencyGovernor, which will be in interrupt context when it is called from the system timer or the scheduler. Therefore, another process, a kernel thread, is started when the module is loaded into memory. This kernel thread may call the CPUFreq functions. It wakes up every n milliseconds, where n is a system-specific constant that relies on hardware characteristics such as the maximum number of frequency changes per second, and checks whether the CPU frequency has to be changed. This also guarantees that frequency/voltage changes, which are expensive operations, do not occur too often.

After the optimal frequency has been determined, the CPU voltage is selected in such a way that system stability can still be guaranteed. This part of the algorithm is architecture-specific and takes place inside the CPUFreq functions of the Linux kernel. Our module therefore does not need to care about the supply voltage.

4.6 Communication with Userland Processes

Communication with the kernel module is realized via the proc filesystem. When the module is loaded, it creates two special files that can be read from and written to:

/proc/pmon The main proc file that is used by user processes to inform the kernel about the currently active region or to force switching to a certain frequency. When reading /proc/pmon, it is possible to get knowledge of per-process performance information and the current frequency setting.

/proc/pmon history This is a read-only file. It provides additional information on the temporal behavior of the system and a list of the most recent frequency changes.

When reading either of these files, all information is provided in a well-structured, human-readable form.

Figure 4.3: Reading from /proc/pmon and /proc/pmon history

The format of the pmon proc file is self-describing. When reading from pmon history, the kernel delivers sequences of

(timestamp,old f req,new f req, pid)

tuples that describe all frequency changes performed by the module. timestamp is the number of milliseconds elapsed since the system has booted, old f req is the index of the frequency that had been selected before the change took place, new f req is the new frequency, and pid is the process ID of the process that was active when the frequency was switched.

As a program that has been compiled using our modified compiler with DVS support tells the kernel module about entering and leaving program regions by writing to /proc/pmon, a humanreadable format is undesirable for performance reasons. Furthermore, there is no need for having it human-readable because none except the kernel module ever inspects the data that is written to the proc file.

Figure 4.4: Format of messages sent to the kernel module

All region messages sent to the kernel module are of the format shown in figure 4.4. The module cannot distinguish between a message that informs on entering a region and another message that informs on a region being exited. In order to keep the module thin, userland infrastructure has to translate ”exit region” messages to ”enter region” messages. We will explain region management on the userland side in section 5.3.

The same message format that is used for region messages is used for special commands to the module: locking the operating frequency to a certain value and unlocking it later on. This is realized by sending a region message with negative processID value:

pid = -1 Locks the frequency to the value of regionCode (given in kHz). No frequency change will take place unless the lock has been removed.

pid = -2 Unlocks the frequency so that the module can switch back to its standard operation mode.

4.7 Performance Evaluation

By defining maximum tolerable slowdown rates for certain processes we are trading performance for energy. It is important that the performance reduction caused by the overhead that is introduced by our kernel module is small enough that it may safely be ignored. This overhead is mainly caused by the module’s being activated 100 times per seconds and keeping track of all running processes. We have conducted some experiments on the iPAQ H5400.

200 MHz 300 MHz 400 MHz Bubblesort (16 KB) 1.5% 1.5% 1.5% Bubblesort (40 KB) 0.7% 0.7% 0.8% Heapsort (800 KB) 0.5% 0.4% 0.3%

Table 4.1: Slowdown caused by the kernel module

Table 4.1 shows the performance impact of the kernel module on several different applications with different memory behavior. The size of the array that each algorithm worked on is given in parentheses. As can be seen from the table, the relative slowdown caused by inserting the kernel module into the kernel and locking it to a certain frequency, i.e. disabling its DFS components, is about 1% in most cases. In order to understand why inserting the kernel module, which does not perform many operations, affects the system performance in such a strong way, one has to know that the XScale’s cache is virtually addressed. Thus, every context switch destroys the content of the cache. This explains why Bubblesort is affected stronger than Heapsort.

200 MHz 300 MHz 400 MHz Messages / second 47,800 67,300 87,700

Table 4.2: Kernel-userland communication performance

When communicating with the kernel module, the number of messages that can be sent in a certain time depends on the operating frequency that has been selected. Table 4.2 shows that, depending on the frequency, between 47,800 and 87,700 messages per second may be sent to the kernel.

4.8 Summary

We have implemented a kernel module that is able to keep track of different active processes consisting of different program regions. According to a user-defined slowdown rate, the optimal frequency/voltage pair is selected for each program region, based on past experience with this region at different operating frequencies.

Programs that have not been compiled with DVS support will benefit from the kernel module as well, although they only consist of one single region, their default region.

The performance loss introduced by inserting the kernel module into the system is about 1%. Userland processes may communicate with the module by writing to a proc file at a rate of at least 50,000 messages per second, i.e. sending a message to the module does not take more than 20 microseconds. Both numbers seem to be sufficiently low, so we may say that there is virtually no performance loss. When having the compiler inserting calls to the respective functions (that are responsible for the communication with the kernel module) into the program code, however, we will have to keep in mind that sending messages from userland to the kernel at a rate of several hundred messages per second may cause a measurable performance reduction.

Chapter 5

Compiler Support

5.1 The underlying Compiler Infrastructure

As mentioned in chapter 3, we have chosen to augment the Manta compiler [Man04] for adding DVS support to user programs. Manta uses LASM, an intermediate format, for transformations and optimizations working on both high- and low-level representations. Besides a Java front-end, an ANSI C front-end is provided as well. Both work on the same intermediate format.

We have inserted the transformation passes at a point where most high-level transformations and machine-independent optimizations have already been done, while the machine-dependent passes have not been performed. This is sensible because it allows for the insertion of API function calls without much effort. On the other hand, many optimization steps, such as loop unrolling and the removal of dead code blocks, that could possibly affect the selection of suitable program regions have already been performed.

Since the same intermediate format is used for both high-level and low-level program representation, additional information can be passed from the front-end to the various transformation steps of the compiler. This makes finding natural loops an easy task: special loop-start and loop-end meta-instructions indicate loops in the program code.

5.2 Selecting Regions

In chapter 3 we suggested that userland programs inform the kernel when a certain program region is entered or left. The regions selected for DVS support must adhere to certain criteria. We will first define what a program region is and then describe how we find interesting regions that will be augmented with ”enter region” / ”exit region” API calls.

Let P be a program in any well-structured programming language, i.e. a language that does not allow goto instructions. Then P^′ denotes the program that results when all (direct or indirect) recursive calls are removed from P. For P^′, we define that

Figure 5.1: Program regions of a non-recursive program

every function is a program region, and every loop is a program region.

Regions may be nested, as can be seen from figure 5.1, and form a directed acyclic graph: a socalled region graph. A region graph is similar to a control flow graph (CFG). An example of the region graph representing a specific program – a simplified version of the Heapsort algorithm – is shown in figure 5.2.

Figure 5.2: Sourcecode and associated region graph (non-recursive)

Since, however, almost every computer program contains some recursive calls, we must define what a program region is with respect to recursive functions:

1. For every function that is non-recursive, i.e. that is no part of a recursion cycle, we take the above definition. The same holds for any loop that is part of such a function.

2. Let f be a recursive function and C_f the call cycle associated with f , i.e. the set of functions that are called by f and that f is called by, too, either directly or indirectly. Then every loop inside f that contains no call to a function g ∈ C_f is a program region. After all these regions have been found, the rest of the call cycle, i.e. the parts of the function bodies of all the h ∈ C_f are defined to be another program region. In other words, we merge all nodes of the original region graph that belong to the same call cycle until the graph contains no more cycles. This is exemplarily shown in figure 5.3.

Figure 5.3: Source code and associated region graph (recursive)

After the compiler has identified all program regions, a selection phase is started during which it is decided which regions are to be selected for DFS support, i.e. which regions the kernel module shall keep track of. This selection has to be done carefully, since selecting regions that are too small results in a performance loss due to region messages sent to the kernel. Selecting regions that are too big renders the entire compiler support useless. We will have to merge different regions during the selection process in order to meet the above criteria. This is certainly an architecture-dependent process, since the ideal size of the region selected for DFS support depends on kernel communication costs and the time it takes to change the frequency of the CPU. Moreover, we have to respect memory access behavior of different regions. It is useless to merge two regions that exhibit completely different memory behavior into a single region, since the idea behind the compiler support was to help the kernel module to distinguish between program regions with different behavior.

Estimating Region Execution Times

When the size of a region has to meet certain criteria, size actually means execution time or the number of instructions executed (execution cost) within this region, respectively. Therefore, the instruction count of a program region has to be estimated in some way in order to guarantee it is neither too small nor too large.

We traverse the region graph in a bottom-up manner to estimate the number of instructions executed within each region. The following rules are applied during this process:

If a certain piece of code contains no loops and no calls, we assume that the number of instructions executed is equal to the number of instructions found. Of course, this is not always true, as control structures such as if statements may occur inside the analyzed region, but it still is a reasonable approximation.

If the region whose execution cost is to be estimated is a loop, the execution cost is assumed to be the sum of the instruction count of the loop and the execution cost of all subregions, multiplied by the iteration count of this loop. We will discuss the problem of determining the iteration count of a loop in section 5.2.

The execution cost of a non-recursive function is the sum of the execution costs of all subregions and the number of instructions found at the topmost level of the function, i.e. not inside any subregion.

To calculate the execution cost of a call cycle, a set of recursive functions calling each other, the sum of the execution cost of the function bodies of all functions that all recursive calls have been removed from plus the execution cost of all subregions, i.e. recursionfree loops inside these functions, is calculated. This sum is then multiplied with a constant, DVS DEFAULT RECURSION COST. As we have no better approximation, we assume this constant to be 8.

Determining Loop Iteration Counts

To predict program execution costs, we must determine the iteration count of all loops found inside a given program. In general, this is not possible because the iteration count of a given loop may depend on input data read by the program. In some cases, however, this is not too difficult.

There are three ways the compiler can determine the iteration count of a loop it encounters:

Source code analysis Often, the iteration count is a constant, either an explicit part of the loop (as it is in many for loops) or given implicitly. The compiler is able to detect many types of loops with constant iteration count.

Profiling run By compiling the program once, executing it with representative profiling data and then compiling it again, it is not difficult to get a sensible estimate of the iteration count of all loops that have been entered during the profiling run.

Language extension We have extended the Java programming language so that the developer can indicate how many iterations a loop usually has. This is done by a special iterations statement and is useful whenever a profiling run cannot be conducted, e.g. because no representative input data are available.

In all cases where the loop iteration cannot be derived we assume it to be 8.

Merging Regions

The rationale behind merging regions is that the overhead caused by communication with the kernel becomes too large if we allow arbitrarily small program regions to be selected. Therefore, two small regions should be merged to one larger region. Not every pair of regions can be merged: two regions can only be merged if they are adjacent (parent-child relation) or direct siblings and within the same function. Figure 5.4 gives some examples. Nodes 2 and 5 are not mergeable because they are no direct siblings – the call to bar separates them.

Regions are merged according to the following rules:

Figure 5.4: Region mergeability

1. Two regions must be merged if the execution cost of one of them is smaller than a certain value, minRegionSize, or if one of them, A, is the only subregion of the other, B.

2. Two regions must not be merged if their combined execution cost exceeds a certain value, maxRegionSize.

3. Two regions can be merged if none of the former rules applies and if the the two regions have similar memory behavior. The memory behavior of a region is represented by its

memory re f erences instruction ratio, where the term memory re f erences means the number of memory

accesses to non-local, heap data.

Figure 5.5: Region selection based on execution cost

After the above steps have been performed, any region whose accumulated execution cost, i.e. the sum of the regions’s immediate execution cost and the accumulated execution costs of its subregions, is bigger than minRegionSize is selected for DVS support. An example of this selection is given in figure 5.5.

As said before, both minRegionSize and maxRegionSize are architecture-specific.

5.3 Region Management, Communication with the Kernel Module

For communication with our kernel module, two functions have been added to the Manta run-time system:

dvs enter region(int regionCode, int maxSlowdown) and

dvs exit region(int regionCode).

They are used to inform the kernel when a certain program region is entered or left by writing messages of the form decribed in figure 4.4 to the proc file provided by the kernel module. Messages informing the kernel of entering a certain region have to be sent every time a region is entered while messages informing the kernel that a certain region is left have to be sent every time a region is left. This means that it is insufficient to add a single call to dvs enter region at the beginning and another call to dvs exit region at the end of a certain region. Instead, every jump that may leave the region has to be augmented as well. As break instructions cannot jump out of a region but only to its end, i.e. to the end of a loop, return statements are the only instructions that can become dangerous to the structure of the region graph: Calls to dvs exit region have to be inserted before every return statement that is located inside a selected region.

Although we have two functions, dvs enter region and dvs exit region to communicate with the kernel, this is not sufficient, since the kernel only understands messages of the ”enter region” type. As stated above, the region graph is acyclic, so we can keep track of entered regions by using a stack: when a region is entered, a push operation is performed, while leaving a region results in a pop operation. Using the information found on the stack, we can easily simulate ”exit region” messages by ”enter region” messages.

Figure 5.6 gives an example of this message type simulation.

Figure 5.6: Simulating ”exit region” with ”enter region” messages

Threads (parallel processes sharing their memory) can become a problem for the integrity of the region stack and are therefore not supported by our algorithm. Processes may fork, as long as a new process with its own data segment is created.

5.4 Summary

We have presented a compiler modification that is able to analyze a given program, possibly with the aid of additional profiling runs, to select regions of a certain size that are likely to exhibit homogenous memory access behavior, and to insert special API calls into the program code that inform the kernel module described in chapter 4 of the currently active region of a program.

For each region a maximum slowdown rate can be specified that is not to be exceeded when the kernel changes the CPU frequency. In this way, the compiler is able to assist the kernel with selecting the optimal frequency for certain parts of a program.

Since entering and leaving a region selected by the compiler causes a message to be sent to the kernel, the size constraints for the region selection are highly architecture-dependent and have to be determined experimentally for every system the compiler is to be used for.

Chapter 6

Utility Programs and Files

6.1 User-defined Slowdown Rates

It is desirable that program-specific slowdown rates may not only be set when compiling a program. Every user should be allowed to decide which slowdown is acceptable for which programs running on a system. This feature is supported by our DVS-aware runtime system.

When dvs enter region is called for the first time, all data relevant to the DVS support are initialized. This includes getting a file descriptor for write operations to the proc file and obtaining the process ID that is to be used for messages sent to the kernel. After these basic initialization steps have been executed, the startup code scans the user-defined $HOME/.slowdown and the system-wide /etc/slowdown file for an entry that matches the command line that has started the process. User definitions take priority over system-wide definitions. Both files are of the same format, as shown in figure 6.1.

Figure 6.1: File format of /etc/slowdown

A line of the type ”X Y” means that for program X the target slowdown is Y%, e.g. 30% for mpg123. If a matching entry has been found, this is the value that will be sent to the kernel module along with every ”enter region” message. Since, of course, these slowdown rates can only be

6. Utility Programs and Files 34

applied to programs that have been compiled with our modified compiler (other programs do not call dvs enter region), special handling is necessary for ordinary applications. This is one of the duties of the freqd daemon process.

6.2 The freqd Daemon Process

freqd is a background process running with super-user rights that has two main tasks:

informing the kernel of user-defined slowdown rates for certain programs that have not been compiled with DVS support;

keeping track of kernel DVS activity and storing DVS-related information in a logfile.

When freqd is started, it processes the global slowdown definition table found in /etc/slowdown and all local slowdown definitions in /home/*/.slowdown. After these initial steps have been performed, it sleeps with periodical wakeups every 1,000 ms. At every wakeup it reads the /proc interface in order to determine if there are any new processes that it does not know yet. If such a process is found and there is a slowdown definition available for the process – either a user-specific or a global one –, freqd informs the kernel of the new process and of the specified slowdown rate. This is done by a single write operation to the kernel module’s main proc file, /proc/pmon.

The daemon’s second task, logging kernel DVS activity, is performed in a similar way. Logging is started end terminated by sending a certain signal to the daemon process. When it has been asked to log DVS operations, it periodically reads the second proc file, /proc/pmon history, which contains valuable information about every frequency change that has taken place. For every such change, a quadruple (timestamp,old f req,new f rew, pid)

can be read from the file (see section 4.6). This information can, for instance, be used to estimate energy consumption on a system where direct physical measurements are not possible.

Chapter 7

Experiments

7.1 Measurement Setup

We had originally planned to conduct two types of measurements:

measuring the actual power dissipation and energy consumption of several programs on the Ka-Ro Triton-LP evaluation board, which is equipped with an XScale PXA255 processor and 16 MB memory and which supports dynamic voltage scaling;

measuring the battery lifetime on the HP iPAQ H5400, which features an XScale PXA250 processor and 64 MB memory. The H5400 does support frequency scaling but no DVS.

Because of memory limitations on the Triton board, it was impossible to use the Java run-time system. Therefore, we could not evaluate the energy performance of any Java programs on this board. Instead, we have resorted to using the C compiler that comes with Manta.

Unfortunately, measuring battery lifetime on the iPAQ has turned out to be infeasible, as discussed in section 7.3. So, the only meaningful measurement results have been obtained from the Triton board.

Ka-Ro Triton-LP / PXA255

The XScale PXA255 allows to select different memory speeds and CPU frequency multipliers. We have chosen to keep the memory speed constant because it is the main intention of this thesis to benefit from memory-bounded applications. When memory speed is the bottleneck, it is pointless to reduce it. This implies that even at the maximum CPU frequency the speed of the memory bus is not maximal, which is the default policy of the DFS-capable ARM Linux kernel.

Table 7.1 shows the actual values that have been used for all experiments on the Triton board.

The power consumption of the Triton board has been measured using an A/D converter that produces 5000 samples per second at a resolution of approximately 6.5 mW. The data read from the ADC can be stored on a PC for later evaluation, such as energy consumption of a certain process.

CPU Frequency Memory Bus Voltage 400 MHz 100 MHz 1300 mV 300 MHz 100 MHz 1100 mV 200 MHz 100 MHz 1000 mV

Table 7.1: Frequencies on the XScale PXA255

Energy consumption values do not relate to the CPU only but to the entire board, including a 10 MBit network card, except for the LCD, which has been deactivated during all experiments.

In order to be able to determine the minimum interval between two subsequent frequency changes, which is necessary to predict the performance loss caused by DFS/DVS, the time it takes to switch from one frequency/voltage pair to another has been clocked and is shown in table 7.2.

Table 7.2: Frequency transition speed on the XScale PXA255

As can be seen from the table, DFS alone is rather fast: regardless of the current and the target frequency, the frequency can be changed about 1800 times a second. Thus, a frequency change rate of 10-20 switches per second should not cause any performance problem. If, however, the voltage is changed as well, the effective switching time will increase by over an order of magnitude. Between 120 and 170 voltage changes per second are theoretically possible. This means that even a rather low rate of 4-5 changes per second will cause a measurable performance degradation. We will have to respect this fact when choosing the rate at which frequency switches calls may occur.

Evaluation of the numbers obtained by physical measurement will be used to derive two characteristic values: pro-forma energy saving and effective energy saving. When referring to the relative energy consumption instead of the savings, we will also use the abbreviations E_{p.f.} and E_{eff.}. Like [MLHR02], we suppose that a system that is not under load consumes some energy E_{idle} that has to be added to E_{active}, the energy consumed during the phases of computation, in order to determine the actual energy consumption of the system.

Assuming that a certain task can be performed

at frequency f_1 in t_1 = 5.0 seconds consuming E_{active, f1} = 4.0 J and

at frequency f_2 in t_2 = 6.5 seconds consuming E_{active, f0} = 4.2 J

on a system whose power dissipation in idle state is P_{min} = 300 mW at minimum frequency, the pro-forma energy increase is 5% (from E_{active, f1} = 4.0 J to E_{active, f2} = 4.2 J). This is, however, not the actual effect of frequency scaling in this case. We could, instead, compute the energy that is consumed:

E_{total, f1} = E_{active, f1} + E_{idle, f1} (7.1) = 4.0J + 0.3W × 1.5s = 4.45J. (7.2)

This results in an effective energy saving of 5.6%. It is evident that in some cases energy can be saved even though the pro-forma energy consumption is increased by lowering the frequency. Of course, this calculation makes only sense if t_2 meets the deadline of the process. Otherwise, the processor would not be idle after the computation at frequency f_1 has finished.

The power consumption of the Triton board in idle mode can be read from table 7.3. For 200 MHz, it is 300 mW at 1.0 V (DVS applied). This value will be used to compute the effective energy saving (or increase) throughout this section.

CPU Frequency Supply Voltage Power Dissipation 400 MHz 1300 mV 337 mW 300 MHz 1300 mV 341 mW 1100 mV 317 mW 200 MHz 1300 mV 331 mW 1000 mV 300 mW

Table 7.3: Power dissipation in idle mode, XScale PXA255

7.2 Experiments on the Triton board

In this section, the applications used for measuring execution and energy consumption have been compiled using two different compilers: Numbers in sections 7.2.1 and 7.2.2 come from programs built by arm-linux-gcc 3.3.2 without any optimizations, whereas the Manta compiler has been used throughout 7.2.3 and 7.2.4 with optimizations turned on. So, the numbers presented, in particular different execution times for the same problem, might seem contradictory but they are not.

7.2.1 The general effects of Frequency and Voltage Scaling

First, the examples presented in chapter 1 will be briefly revisited. Time and energy consumption will be measured, from which the pro-forma and the effective energy saving will be derived.

Bubblesort

Once again, Bubblesort’s suitability for DFS is examined. An array of 32-bit integers is sorted.

From the results of the measurements shown in table 7.4 we see that pro-forma energy savings can only be achieved when DVS is applied in addition to DFS. And even then pro-forma energy consumption does not always decrease when the voltage is lowered.

Sorting an array of size 16 KB Sorting an array of size 40 KB Freq. Volt. Time Energy % 400 MHz 1.3 V 2.03 s 1.47 J 100 300 MHz 1.3 V 2.73 s 1.73 J 118 1.1 V 2.71 s 1.45 J 98 200 MHz 1.3 V 4.02 s 2.14 J 145 1.0 V 4.02 s 1.70 J 115

Freq. Volt. Time Energy % 400 MHz 1.3 V 17.23 s 13.72 J 100 300 MHz 1.3 V 21.30 s 14.86 J 108 1.1 V 21.31 s 12.90 J 94 200 MHz 1.3 V 30.03 s 17.65 J 129 1.0 V 30.04 s 14.43 J 105

Table 7.4: Bubblesort – Energy savings at constant frequencies

Effective energy savings, however, range from -4% to +1% with DFS only and from +13% to +18% when frequency and voltage scaling are combined. Yet, the slowdown rates of 25-35% (300 MHz) 75-100% (200 MHz) are a little high, calling the expressiveness of the effective energy savings in question.

Heapsort

As an example of a memory-intensive application with lots of cache misses, the energy savings achievable for Heapsort have been measured. We have restricted experiments to one input instance of size 1.6 MB (400,000 integer elements).

Sorting an array of size 1,600 KB Frequency Voltage Time Slowdown Energy E_{p.f.} E_{eff.} 400 MHz 1.3 V 5.51 s 0% 4.27 J 100% 100% 300 MHz 1.3 V 6.40 s 16% 4.41 J 103% 97% 1.1 V 6.40 s 16% 3.89 J 91% 86% 200 MHz 1.3 V 8.15 s 48% 4.85 J 114% 96% 1.0 V 8.12 s 48% 4.01 J 94% 79%

Table 7.5: Heapsort – Energy savings at constant frequencies

In contrast to Bubblesort, effective energy savings can be achieved at any frequency/voltage setting. Moreover, the slowdown caused by reducing the CPU frequency is 16% and 48%, respectively – values that seem to be more realistic than those presented for Bubblesort.

Mergesort

To complete the review of the examples shown in chapter 1, we will review Mergesort. Like with Heapsort, we have chosen to have Mergesort operate on an array of size 1.6 MB.

As already seen in chapter 1 for the PXA250, slowdowns for Mergesort are greater that those for Heapsort. The pro-forma energy increase is slightly higher than for Heapsort, while the effective energy savings closely resemble what we have seen before.

From the above tables it can be seen that the actual power slope of the Triton board is always higher than its critical power slope. So, energy can in fact be saved by reducing frequency and voltage. This does not hold if DFS alone is employed (cf. tables 7.4 and 7.6).

Sorting an array of size 1,600 KB Frequency Voltage Time Slowdown Energy E_{p.f.} E_{eff.} 400 MHz 1.3 V 2.88 s 0% 2.28 J 100% 100% 300 MHz 1.3 V 3.65 s 27% 2.52 J 110% 100% 1.1 V 3.64 s 27% 2.18 J 95% 87% 200 MHz 1.3 V 5.14 s 78% 2.98 J 131% 101% 1.0 V 5.10 s 78% 2.40 J 105% 81%

Table 7.6: Mergesort – Energy savings at constant frequencies

It should be noted that the numbers presented in this section have virtually nothing in common with the quadratic energy saving postulated in chapter 1.

7.2.2 The Kernel-only DVS Algorithm

After having investigated the theoretically possible savings, the quality of our kernel is be examined. The same programs as in the previous measurements have been taken to find out what energy savings are possible when the kernel module is instructed to allow a program slowdown of 12% or 25%, respectively (89% / 80% relative performance).

DFS only

Voltage scaling has been disabled. The minimal interval between two subsequent calls to the cpufreq set function of the kernel’s CPUFreq interface has been set to 40 ms, allowing up to 25 frequency changes per second.

Bubblesort has been run on arrays of size 16 KB and 40 KB with maxSlowdown = 12. From figure 7.1, the effect of frequency scaling on power dissipation can be seen. The different frequencies – 200, 300 and 400 MHz – can be clearly distinguished. Kernel module activity can be seen as well: the kernel thread, responsible for calling the CPUFreq interface, wakes up 25 times a second – one peak in the plot for every awakening.

Sorting an array of size 16 KB

Figure 7.1: Bubblesort – Power dissipation (DFS only)

At a slowdown rate of 12% the pro-forma energy increase is 6-7% for both array sizes, while the effective increase is 1-2%. When the tolerable slowdown, and thus the target slowdown, is raised to 25%, pro-forma energy increase goes up to 11% and 14%.

Sorting an array of size 16 KB Target slowdn. Actual slowdn. Time Energy E_{p.f.} E_{eff.}

0.0% 0.0% 2.03 s 1.47 J 100% 100% 12.0% 12.3% 2.28 s 1.58 J 107% 102% 25.0% 26.6% 2.57 s 1.68 J 114% 103%

Sorting an array of size 40 KB Target slowdn. Actual slowdn. Time Energy E_{p.f.} E_{eff.}

0.0% 0.0% 17.23 s 13.72 J 100% 100% 12.0% 13.0% 19.48 s 14.54 J 106% 101% 25.0% 26.6% 21.82 s 15.26 J 111% 101%

Table 7.7: Bubblesort – Energy savings at 12% and 25% slowdown (DFS only)

As can be seen from table 7.7, the actual slowdown rate does not always equate the target slowdown. This is because the slowdown theory that is built by the module at run-time is not perfect and the accumulated slowdown can only be estimated based on past experience with similar^{cache misses}_{cycle} and^{instructions}

cycle ratios. Still, the actual slowdown rate is close to the target slowdown in all experi-

ments conducted. We have seen actual slowdown rates between 7% and 14% for a target slowdown of 12% and 20% to 31% for a target slowdown of 25%.

Heapsort has been chosen to serve as a second benchmark for evaluating the quality of the kernel module. We have selected the same array size: 800 KB and 1,600 KB. Table 7.8 represents energy values that are a little smaller than those produced by Bubblesort: the effective energy increase is 0.5-2% for a target slowdown of 12% and around 0% for a target slowdown of 25%.

Sorting an array of size 800 KB Target slowdn. Actual slowdn. Time Energy E_{p.f.} E_{eff.}

0.0% 0.0% 2.29 s 1.78 J 100% 100% 12.0% 11.8% 2.56 s 1.90 J 107% 102% 25.0% 26.6% 2.89 s 1.97 J 111% 101%

Sorting an array of size 1,600 KB Target slowdn. Actual slowdn. Time Energy E_{p.f.} E_{eff.}

0.0% 0.0% 5.51 s 4.27 J 100% 100% 12.0% 13.1% 6.23 s 4.50 J 106% 101% 25.0% 25.0% 6.89 s 4.62 J 108% 99%

Table 7.8: Heapsort – Energy savings at 12% and 25% slowdown (DFS only)

DFS and DVS For the next measurements, voltage scaling has been enabled. Compared with the sole frequency scaling employed in the former experiments, voltage scaling is very slow on the XScale (cf. table 7.2). Hence, the minimal interval between two subsequent calls to cpufreq set has been set to 400 ms, allowing up to 2.5 frequency changes per second. This makes the module a little inert.

Again, Bubblesort has been selected as the first benchmark to run. Figure 7.2 shows the power dissipation of the Bubblesort algorithm when voltage scaling is turned on in the kernel. As in the former DFS-only case, the different frequency/voltage settings can be clearly seen from the graph. The same holds for the kernel activity that now causes 2.5 peaks per second instead of 25 peaks.

Sorting an array of size 40 KB

Figure 7.2: Bubblesort – Power dissipation (DFS and DVS)

Especially for programs with a short execution time of only a few seconds, it can be expected that the lowered agility (a reduction of 90%) of the kernel module causes a bad slowdown accuracy, i.e. the target slowdown differs significantly from the actual slowdown measured on the system.

However, for programs with reasonable execution time, such as Bubblesort with 10,000 elements in the array, the actual slowdown rate produced by the slowdown theory of our kernel module is not too far away from the target slowdown: 11% and 22% actual slowdown for 12% and 25% target slowdown.

Sorting an array of size 40 KB Target slowdn. Actual slowdn. Time Energy E_{p.f.} E_{eff.} 0.0% 0.0% 17.23 s 13.72 J 100% 100% 12.0% 10.7% 19.08 s 13.65 J 99% 96% 25.0% 22.0% 21.02 s 13.30 J 97% 89%

Table 7.9: Bubblesort – Energy savings at 12% and 25% slowdown (DFS and DVS)

Things are different with Heapsort, though. When sorting an array of size 1,600 KB (400,000 elements), the target slowdown of 25% is missed clearly, as can be seen from table 7.10. This is partly due to errors in the kernel module’s slowdown theory, partly due to the short execution time and the high DVS latency of the board.

Sorting an array of size 1,600 KB Target slowdn. Actual slowdn. Time Energy E_{p.f.} E_{eff.} 0.0% 0.0% 5.51 s 4.27 J 100% 100% 12.0% 12.1% 6.18 s 4.09 J 96% 91% 25.0% 31.5% 7.25 s 4.03 J 94% 84%

Table 7.10: Heapsort – Energy savings at 12% and 25% slowdown (DFS and DVS)

The last algorithm that is examined in this section is matrix multiplication. The ordinary n^3 approach is used to calculate the product of two 256 × 256 matrices. Since matrix multiplication exhibits very bad cache efficiency, it can be expected to see great energy savings at only a small performance decrease.

Multiplying 256 x 256 matrices Target slowdn. Actual slowdn. Time Energy E_{p.f.} E_{eff.} 0.0% 0.0% 16.44 s 11.54 J 100% 100% 12.0% 13.8% 18.72 s 9.70 J 84% 79% 25.0% 18.8% 19.53 s 9.36 J 81% 75%

Table 7.11: Matrix multiplication – Energy savings at 12% and 25% slowdown (DFS and DVS)

In fact, table 7.11 shows effective energy savings of 21% at a slowdown of 14% – much more than what we have seen for any other algorithm. The target slowdown of 25% can never be reached because even at 200 MHz, which we consider the minimum frequency, the slowdown is smaller than 20%.

7.2.3 The Compiler-assisted DVS Algorithm

After having seen what energy savings can be accomplished by the kernel-only approach, the kernel-compiler cooperation is to be examined. The target region size of the Manta compiler has been set to 6 × 10^6 instructions. Profiling runs were necessary for all programs because the default loop iteration count that had been assumed to be 8 was far from the actual values which were up to a thousand times greater.

As in the previous section, frequency scaling is not allowed more than 2.5 times per second. However, if a running process informs the kernel that it is entering a certain program region, additional frequency changes are allowed as immediate response to such region messages. These additional changes are party limited by the kernel but essentially the compiler is responsible for selecting regions in such a manner that not too many messages are sent to the kernel.

Because the numbers produced by the kernel-only DVS algorithm and those produced by the compiler-assisted algorithm exhibit only a slight difference, every measurement has been repeated 16 times. Times and energy consumption values given in the tables of this section are average values. The percentages accompanying them are maximum deviations measured. If, for example, in one experiment the minimum running time of a program is 5 seconds, the maximum running time 6 seconds and the average running time 5.5 seconds, the maximum deviation, with respect to the average value, is 9.1%.

The first program that serves for validating the benefits of the combined kernel-compiler approach is an image scaling tool: a true-color picture (400 × 300 pixels) is scaled to half size (200 × 150 pixels). This process is iterated 3 times in order to allow the DVS algorithm to learn program behavior.

The program is considered a realistic application and consists of three parts: reading from the input file, scaling the image, writing the output to disk. Our compiler selected three regions for DVS support and inserted the corresponding function calls into the program code. The results of the measurements conducted with a target slowdown rate of 25% can be seen from table 7.12.

Setup Slowdown Time Energy E_{p.f.} E_{eff.} Execution at max. speed 0.0% 7.48 s ± 0.7% 5.56 J ± 0.6% 100.0% 100.0% Kernel-only DVS 20.1% 8.98 s ± 0.9% 5.59 J ± 1.0% 100.5% 93.0% Compiler-assisted DVS 20.2% 8.99 s ± 1.5% 5.61 J ± 0.6% 100.9% 93.3%

Table 7.12: Compiler-assisted DVS (Image scaling, homogenous)

It cannot be concluded that having the compiler assist the kernel with its frequency decisions is of any benefit at all. Instead, pro-forma energy as well as effective energy consumption increases slightly. This increase is due to the overhead produced by program-kernel communication and the additional voltage changes caused by the region messages sent to the kernel.

The second application used is the mpg123 MP3 player/converter, a standard audio application. An MP3 file had to be converted to raw audio. Depending on the minRegionSize parameter of the compiler, either two or three regions have been selected by the DVS pass. Due to problems with the stability of the binary code produced by LASM’s ARM back-end, we have taken the region information produced by our compiler, inserted the corresponding calls to dvs enter region / dvs exit region manually and used the ARM gcc compiler for the actual compilation process.

However, no essential difference has been introduced by this simulated compilation.

Three different binaries have been executed: the ordinary mpg123 application without any modification, a modified version with two selected regions (minRegionSize = 7,000,000), and a version with three selected regions (minRegionSize = 3,000,000). The target slowdown has been set to 25% in all cases.

Setup Slowdown Time Energy E_{p.f.} E_{eff.} Execution at max. speed 0.0% 62.28 s ± 0.2% 47.35 J ± 0.2% 100.0% 100.0% Kernel-only DVS 26.0% 78.49 s ± 0.4% 47.60 J ± 0.8% 100.5% 91.2% Compiler-ass., 2 regions 26.7% 78.90 s ± 0.3% 47.54 J ± 0.3% 100.4% 90.8% Compiler-ass., 3 regions 41.0% 87.81 s ± 1.0% 52.79 J ± 0.2% 111.5% 96.0%

Table 7.13: Compiler-assisted DVS (MP3 conversion)

Table 7.13 shows that, again, no substantial savings could be achieved by adding compiler support. Instead, excessive communication can cause an increased energy consumption. The reason for this remarkable behavior is that in the last case (minRegionSize = 3,000,000), the function play frame has been selected, which is called for every frame found in the MP3 file. This has resulted in almost 16,000 messages sent to the kernel, or 180 messages per second.

Since the main intention of the compiler-assisted DVS algorithm is to handle programs consisting of sections with different behavior better, a Bubblesort/Heapsort combination has been selected for the third experiment: Bubblesort and Heapsort are executed alternately in the same process, each algorithm is run 8 times. The execution time of both algorithms is approximately the same: Bubblesort sorts an array of size 24 KB, which takes 1530 ms at maximum speed; Heapsort sorts an array of size 800 KB, which takes 1440 ms. The compiler selects three program regions: the heapsort function, the bubblesort function and a loop inside the program’s main function.

Table 7.14 shows that the situation changes when heterogenous applications are taken into consideration: The slight increase in energy consumption that has been measured for the image scaling

Setup Slowdown Time Energy E_{p.f.} E_{eff.} Execution at max. speed 0.0% 23.92 s ± 0.3% 18.10 J ± 0.4% 100.0% 100.0% Kernel-only DVS 21.0% 28.95 s ± 2.2% 17.04 J ± 0.9% 94.1% 86.9% Compiler-assisted DVS 22.4% 29.28 s ± 1.1% 16.98 J ± 0.4% 93.8% 86.1%

Table 7.14: Compiler-assisted DVS (Bubblesort/Heapsort I, heterogenous)

application has been transformed into a slight energy reduction for the Bubblesort/Heapsort combination.

In the next experiment, the difference between different program regions is intensified by changing the fraction of the execution time that is spent in the bubblesort function: Instead of having Bubblesort act on an array of size 24 KB, the array’s size is decreased to 8 KB resulting in an execution time of 170 ms instead of 1530 ms.

Setup Slowdown Time Energy E_{p.f.} E_{eff.} Execution at max. speed 0.0% 13.23 s ± 0.8% 10.52 J ± 0.4% 100.0% 100.0% Kernel-only DVS 21.2% 16.04 s ± 2.1% 9.48 J ± 3.5% 90.1% 83.4% Compiler-assisted DVS 21.5% 16.08 s ± 1.4% 9.30 J ± 0.5% 88.4% 81.8%

Table 7.15: Compiler-assisted DVS (Bubblesort/Heapsort II, heterogenous)

The results are shown in table 7.15. It can be seen that, compared with the former experiment, the advantage of the compiler-assisted DVS algorithm over the kernel-only version can be slightly increased.

7.2.4 Managing parallel Processes

In chapter 2, we have pointed out the inability of any compiler-directed DVS algorithm to handle multiple processes running in parallel on the same system. We now show that our algorithm is able to produce good results when there is more than one active process.

Two different processes with different target slowdown rates are executed, first one after the other, then in parallel under the original kernel. Neither DFS nor DVS is activated, and the CPU runs at maximum frequency all the time. Table 7.16 shows the execution times of Bubblesort (target slowdown 10%) and Heapsort (target slowdown 25%) for sequential and parallel execution.

It can be seen that there is a slight increase in the total execution time from 16.66 seconds to 16.72 seconds when going from sequential to parallel execution. However, the energy consumption rises significantly: from 10.73 J to 11.23 J – an increase of 5%. The reasons for these results can be found in figure 7.3. The context switching rate of 6.6 switches per second (target timeslice of the kernel used is 150 ms) is too high for the 2.5 frequency changes per second the kernel module is allowed to perform. Therefore, it cannot differentiate between the two running processes.

The solution to this problem consists of three parts:

first, the target timeslice for every running process is set from 150 ms to 300 ms;

Order Process Time Slowdown Energy pro-forma Energy Sequential Bubblesort 8.65 s 11.1% 6.27 J 98.9% Heapsort 8.00 s 20.3% 4.46 J 84.8% Total 16.66 s 15.4% 10.73 J 92.5% Parallel Bubblesort 9.33 s 19.8% n/a n/a Heapsort 7.39 s 11.1% n/a n/a Total 16.72 s 15.8% 11.23 J 96.8%

Table 7.16: Energy consumption of parallel processes, unmodified kernel

Parallel Execution of Bubblesort and Heapsort (10%/25% target slowdown)

Figure 7.3: Power dissipation of two parallel processes, unmodified kernel

second, the scheduler informs our module of every context switch that takes place;

third, the module is allowed to react to a context switch immediately by changing the CPU freqency; no 400 ms have to elapse between two subsequent frequency changes in this special case.

Table 7.17 presents the numbers resulting from the changes described. The pro-forma energy consumption decreases from 96.8% to 94.5%, although the number of frequency/voltage scaling operations performed during the run-time of the two processes, which alone causes additional slowdown as well as higher energy consumption, increases.

Order Process Time Slowdown Energy pro-forma Energy Parallel Bubblesort 8.87 s 13.8% n/a n/a Heapsort 8.20 s 23.3% n/a n/a Total 17.06 s 18.2% 10.96 J 94.5%

Table 7.17: Energy consumption of parallel processes, modified kernel

The quality increase that is caused by allowing the kernel module to directly react to every process switch taking place is visible from the power dissipation graph 7.4. The two different processes (Bubblesort, Heapsort) as well as the three different frequency/voltage pairs (200, 300, 400 MHz) can be clearly distinguished.

Although by only implementing minor changes to the Linux kernel significant energy savings can be achieved, there is also a disadvantage: doubling the target timeslice makes the entire system

Parallel Execution of Bubblesort and Heapsort (10%/25% target slowdown)

Figure 7.4: Power dissipation of two parallel processes, modified kernel

inert. When multiple processes are running, the system needs more time to react to user input. This unpleasant system behavior can only be avoided by reducing the high voltage scaling latency of the XScale.

7.3 Experiments on the iPAQ

We had originally planned to conduct battery lifetime experiments on the iPAQ. However, it turned out that obtaining accurate results is an impossible task. We had the mpg123 MP3 converter convert MP3 data to raw audio data in an infinite loop until the system shut down because of low battery power. At 400 MHz, the system was able to run for 2 hours, 40 minutes. At 300 MHz, it ran for 2 hours, 16 minutes. Of course, an increase of battery lifetime had been expected. Instead, it dropped by 15%. It is possible that in the latter case the battery had not been fully charged when we removed the iPAQ from power, although the Linux kernel had told us so. Nevertheless, recharging an exhausted battery is very time-consuming so that no more than one experiment could have been performed per day. We have therefore decided not to conduct any experiments on this device.

Savings in terms of battery life, however, resulting from DFS/DVS can be expected to be higher than in the case of the Triton board; it is known that the rate at which a battery is discharged does not only depend on the power dissipation or the discharge current. In fact, the capacity of a battery can be approximated according to the equation C = k I^α

, (7.3)

where k is a battery-specific constant that depends on its chemical properties, I is the discharge current and α (0 < α < 1) some constant that is dependent on the chemical properties of the battery, again [MS96]. Thus, the assumption that halving the power dissipation doubles the battery lifetime is wrong. Greater savings are possible. Unfortunately, we were unable to examine the impact of this phenomenon on the battery lifetime of the iPAQ.

Chapter 8

Summary

Combinations of dynamic frequency scaling and dynamic voltage scaling are widely believed to be an important energy saving technique for all kinds of computer systems. Even if a computer is under full load, reducing the CPU frequency and voltage can be beneficial with respect to overall energy consumption. So far, virtually all DVS algorithms have been compiler-directed or kerneldirected implementations. Both solutions have shortcomings that have been discussed. In this thesis, a new approach, a kernel-directed, compiler-assisted dynamic voltage scaling algorithm, is presented.

We have shown that on the Intel XScale PXA architecture switching to a lower frequency/voltage setting does always reduce the energy consumption, i.e. the actual power slope of this architecture is higher than the critical power slope, which does not hold for all computer architectures available today. In order to be able to obtain realistic energy saving figures, we have defined the term effective energy savings, which assumes that, if a certain task may be executed with 10% slowdown compared to the maximum CPU frequency, the real energy consumption at maximum frequency is the sum of the energy consumed during the actual computation and the energy consumed during the 10% idle phase following the computation.

On this basis, we have developed an energy-aware kernel module for the Linux kernel that takes maximum slowdown rates for running processes and tries to minimize their energy consumption while still meeting the slowdown criteria (which can be considered equivalent to execution deadlines). The kernel module needs no off-line profiling or energy consumption analysis but instead builds a slowdown theory at run-time. This theory enables the kernel to predict the effects of frequency scaling on the performance of a running process with a certain cache efficiency, measured by the number of instructions per data cache miss. Cache misses and instructions are counted using the XScale’s performance monitoring unit.

We were able to show that our kernel-directed DVS algorithm produces effective energy savings between 4% and 20% at a target slowdown rate of 12% and between 11% and 25% at a target slowdown rate of 25%, depending on the process types. In general, memory-bounded applications, i.e. applications whose performance is mainly limited by memory latency, have turned out to be better candidates for saving energy by using DFS/DVS techniques than applications with high cache efficiency.

8. Summary 48

Moreover, the kernel module proved to be able to distinguish between multiple processes with different target slowdown rates running in parallel. However, minor changes to the Linux kernel, such as increasing the target timeslice of a running process from 150 milliseconds to 300 milliseconds, were necessary because of the high voltage scaling latency of the hardware used.

We inserted a DVS-specific pass into an existing compiler that is able to select program regions and insert special function calls into the code. During the execution of a program compiled with our compiler, each time a selected program region is entered or exited, a message is sent to the kernel informing it of the region entered/left and of the maximum slowdown that is tolerable for this region.

To keep the overhead introduced by application-kernel communication low, the selected code regions have to be of a certain size. Thus, the region selection process essentially depends on the predicted execution cost (number of instructions executed) of a certain code section, such as a basic block. In order to predict the execution costs of larger program sections, such as loop nests and recursive function calls, the ability to perform profiling runs using representative input data has been added to the compiler.

By modifying an application so that it sends messages to the kernel at run-time, the compiler support helps the kernel to learn process behavior and to predict the slowdown rate caused by lowering the CPU frequency for a certain program region based on past experience with that region.

Experiments conducted for realistic applications whose program regions are all of similar memory behavior and cache efficiency have shown no additional energy savings caused by the compiler support. Instead, the overall energy has even increased in one case. If, however, programs with regions of very different memory behavior are executed, the compiler support can reduce the energy consumption of the entire system better than the kernel algorithm alone. We have measured an increase from 16.5% to 18% energy saving for an application that alternately executes Bubblesort and Heapsort, two algorithms of very different memory access characteristics.

Although we could show that there are indeed cases in which the compiler can help the kernel to reduce energy consumption, we do not consider these cases realistic. Apart from artificial programs, such as our Bubblesort-Heapsort application, and scientific computations, there are few programs that exhibit such great differences between their regions.

The claim that any kernel-only DVS algorithm is essentially inert and second to a compiler-based approach because of its inability to predict application behavior seems unsubstantiated, at least with respect to the XScale PXA architecture examined in this study. An adaptive kernel algorithm is able to react to changes of memory access behavior within a few system ticks. A compilerdirected DVS algorithm could not be much faster because the flexibility is restricted by the voltage scaling latency of the system, which only allows few frequency changes per second.

Chapter 9

Future Work

Future work covers both parts of the algorithm presented in this thesis. First, the kernel module is not perfect. The performance prediction done by the slowdown theory that is constructed at run-time is not as accurate as it could be. If a user specifies a maximum slowdown for a certain program, this slowdown should be respected under all circumstances. This is in contrast to our measurement results that have shown actual slowdown rates of up to 31% when a target slowdown of 25% had been specified. If, however, program execution deadlines cannot be met, the entire approach becomes useless. The current implementation can bypass this problem by lowering the target slowdown of a process so that all deadlines will be met with high probability, although this means that the actual slowdown in most cases will be much lower than the target slowdown. A more accurate slowdown model would improve the quality of our kernel algorithm significantly.

The compiler part performs suboptimally: the region selection algorithm is very rudimental, employing simple rules and heuristics to build the region graph and to merge regions. Better region selection techniques are imaginable, e.g. in the case where one region can be merged with several other regions. Moreover, the compiler support could be intensified by making conrete suggestions regarding the optimal operating frequency. This is much more than the laconic ”enter region” / ”exit region” messages that are sent so far. Among other sources, these suggestions could be derived from profiling runs or direct developer recommendations.

It has not been tested if different memory settings can have positive effects on energy consumption on the XScale. A few measurements conducted have indicated that for processes with very few memory accesses it is beneficial to lower the speed of the memory bus as well when reducing the CPU frequency. No theory on this has been developed, though. In addition, it requires major changes to the CPUFreq interface of the Linux kernel, which – in its current version – only supports the selection of a CPU frequency; all other parameters are fixed and cannot be chosen by the caller.

Finally, the DFS algorithm could be ported to other systems. This is important, since so far statements can only be made for processors of the Intel XScale family. It is interesting to see what benefits can be achieved on other architectures, which is relevant because the high latency caused by dynamic voltage scaling on the XScale can be lower on other processors. For instance, voltage scaling latency on AMD’s K6-2+ is reported to be 400 microseconds [PS01] – approximately 5% of the latency of the Triton-LP evaluation board. This does not only allow for a better accounting of parallel processes but also a finer granularity of program regions within one process.

9. Future Work 50

Furthermore, on most notebooks with DFS support, the CPU frequency can be adjusted in smaller steps than the 400, 300, 200 MHz settings supported by the XScale. 33 MHz and 66 MHz steps are usual for today’s mobile processors. This would, in turn, allow more accurate slowdown predictions and actual slowdowns that are closer to the target slowdown, which is particularly important for real-time applications.

Bibliography

[AMD] http://www.amd.com/. Advanced Micro Devices, Inc. Homepage. [Arm04] Arm linux project. http://www.arm.linux.org.uk/, 2004.

[BB00] T. Burd and R. Brodersen. Design issues for dynamic voltage scaling. In Proceedings of the 2000 International Symposium on Low Power Electronics and Design, 2000.

[FRM01] K. Flautner, S. Reinhardt, and T. Mudge. Automatic performance setting for dynamic voltage scaling. In Proceedings of the 7th Conference on Mobile Computing and Networking MOBICOM’01, 2001.

[HKH01] C. Hsu, U. Kremer, and M. Hsiao. Compiler-directed dynamic frequency and voltage scheduling. Lecture Notes in Computer Science, 2008:65–??, 2001.

[Hsu03] C. Hsu. Compiler-Directed Dynamic Voltage and Frequency Scaling for CPU Power and Energy Reduction. PhD thesis, Rutgers, The State University of New Jersey, New Brunswick, October 2003.

[Int] http://www.intel.com/. Intel Corp. Homepage. [Int00] Intel. Intel xscale core, 2000. Developer’s Manual.

[Int02a] Intel. Intel pxa250 and pxa210 application processors. electrical, mechanical and thermal specification, 2002. Data Sheet.

[Int02b] Intel. Performance profiling techniques on intel xscale microarchitecture processors, 2002. Application Note.

[Int03a] Intel. Intel 80200 processor based on intel xscale microarchitecture, 2003. Developer’s Manual.

[Int03b] Intel. Intel pxa255 processor. electrical, mechanical and thermal specification, 2003. Data Sheet.

[Kar] http://www.karo-electronics.de/. Ka-Ro electronics GmbH Homepage. [MACM00] D. Mossé, H. Aydin, B. Childers, and R. Melhem. Compiler-assisted dynamic poweraware scheduling for real-time applications. In Workshop on Compilers and Operating Systems for Low Power (COLP), 2000, October 2000.

[Man04] Manta compiler. http://www.cs.vu.nl/manta/, 2004.

[MLHR02] A. Miyoshi, C. Lefurgy, E. Hensbergen, and R. Rajkumar. Critical power slope: Understanding the runtime effects of frequency scaling. In Proceedings of the 16th Annual ACM International Conference on Supercomputing, June 2002.

BIBLIOGRAPHY 52

[MS96] T. Martin and D. Siewiorek. A power metric for mobile systems. In International Symposium on Low Power Electronics and Design, 1996, pp. 37-42, 1996.

[Mul02] A. Mull. Optimizing energy-consumption by event-driven frequency scaling. Master’s thesis, Universität Erlangen-Nürnberg, Lehrstuhl für Verteilte Systeme und Betriebssysteme, Martensstras̈e 1, 91058 Erlangen, July 2002.

[PS01] P. Pillai and K. Shin. Real-time dynamic voltage scaling for low-power embedded operating systems. In Proceedings of the 18th ACM Symposium on Operating Systems Principles (SOSP-01), October 2001.

[WB02] A. Weissel and F. Bellosa. Process cruise control – event-driven clock scaling for dynamic power management. In Proceedings of the International Conference on Compilers, Architecture and Synthesis for Embedded Systems, August 2002.

[WWDS94] M. Weiser, B. Welch, A. Demers, and S. Shenker. Scheduling for reduced cpu energy. OSDI, 1994.

Index

Battery

Lifetime, 46 Bubblesort, 3

Cache

Misses, 17, 18 Call Cycle, 27 CFG, 27 Circuit Design, 8 Circuit Reliability, 1 Context Switch, 9 CPU, 2 Critical Power Slope, 37

Daemon Process, 34 Divide & Conquer, 5 Dynamic Frequency Scaling, 2 Dynamic Voltage Scaling, 2 Application-directed, 8 Compiler-directed, 8, 11 Kernel-directed, 8, 9

Energy Consumption, 2 Energy Saving

effective, 36 pro-forma, 36 Energy Savings

effective, 47 Event Counters, 17 Execution Cost, 28

Frequency, 2

Selection, 19 Setting the, 22

Graph

Control Flow, 27 Region, 27 Selected Regions, 30

Heapsort, 4

iPAQ H5400, 3, 14 Iteration Count, 29

LASM, 26 Linux, 14

Manta, 14, 26 Memory Behavior, 3, 15 Mergesort, 5

Performance

Prediction, 49 Performance Counters, 9, 17 Power Consumption, 2 Power Slope

actual, 9, 21, 37 critical, 9, 21, 37 Proc Files, 22 Processes

managing, 18 parallel, 11 Profiling, 11 Program Region, 27

Region

Selection, 49 Running Time, 2

Scheduler, 16, 17 Slowdown

actual, 6, 39 maximum, 16 Target, 39, 49 User-defined, 33 Slowdown Rates, 24, 31 System Timer, 16

Timer, 16 Translation Lookaside Buffer, 17 Triton-LP, 14

Userland, 16

Voltage, 2

Setting the, 22

XScale, 3, 14