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Models and Techniques for Green High-Performance Computing

ABSTRACT

High-performance computing (HPC) systems have become power limited. For instance, the
U.S. Department of Energy set a power envelope of 20 MW in 2008 for the first exascale
supercomputer now expected to arrive in 2021-22. Toward this end, we seek to improve the
greenness of HPC systems by improving their performance per watt at the allocated power

budget.

In this dissertation, we develop a series of models and techniques to manage power at micro-,
meso-, and macro-levels of the system hierarchy, specifically addressing data movement and
heterogeneity. We target the chip interconnect at the micro-level, heterogeneous nodes at
the meso-level, and a supercomputing cluster at the macro-level. Overall, our goal is to

improve the greenness of HPC systems by intelligently managing power.

The first part of this dissertation focuses on measurement and modeling problems for power.
First, we study how to infer chip-interconnect power by observing the system-wide power
consumption. Our proposal is to design a novel micro-benchmarking methodology based on
data-movement distance by which we can properly isolate the chip interconnect and measure
its power. Next, we study how to develop software power meters to monitor a GPU’s power
consumption at runtime. Our proposal is to adapt performance counter-based models for
their use at runtime via a combination of heuristics, statistical techniques, and application-

specific knowledge.



In the second part of this dissertation, we focus on managing power. First, we propose to re-
duce the chip-interconnect power by proactively managing its dynamic voltage and frequency
(DVEFS) state. Toward this end, we develop a novel phase predictor that uses approximate
pattern matching to forecast future requirements and in turn, proactively manage power.
Second, we study the problem of applying a power cap to a heterogeneous node. Our pro-
posal proactively manages the GPU power using phase prediction and a DVFS power model
but reactively manages the CPU. The resulting hybrid approach can take advantage of the
differences in the capabilities of the two devices. Third, we study how in-situ techniques can

be applied to improve the greenness of HPC clusters.

Overall, in our dissertation, we demonstrate that it is possible to infer power consumption
of real hardware components without directly measuring them, using the chip interconnect
and GPU as examples. We also demonstrate that it is possible to build models of sufficient
accuracy and apply them for intelligently managing power at many levels of the system

hierarchy.
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Vignesh Adhinarayanan

(GENERAL AUDIENCE ABSTRACT)

Past research in green high-performance computing (HPC) mostly focused on managing the
power consumed by general-purpose processors, known as central processing units (CPUs)
and to a lesser extent, memory. In this dissertation, we study two increasingly important
components: interconnects (predominantly focused on those inside a chip, but not limited
to them) and graphics processing units (GPUs). Our contributions in this dissertation
include a set of innovative measurement techniques to estimate the power consumed by the
target components, statistical and analytical approaches to develop power models and their
optimizations, and algorithms to manage power statically and at runtime. Experimental
results show that it is possible to build models of sufficient accuracy and apply them for
intelligently managing power on multiple levels of the system hierarchy: chip interconnect
at the micro-level, heterogeneous nodes at the meso-level, and a supercomputing cluster at

the macro-level.
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Chapter 1

Introduction

In this chapter, we explain the motivation behind our work ongreen high-performance com-
puting (HPC), a subdiscipline of HPC that prioritizes power, energy, and energy e ciency
in the design and usage of HPC systems. Then, we present the research problems that we

seek to solve and explain the contributions of this dissertation.

1.1 Motivation

The supercomputing community has historically considered performance to be the primary
design criterion [68]. Even the notion of e cient supercomputing was viewed as a controver-
sial topic when it was rst proposed in 2003 [51]. By 2008, power and energy were identi ed
as the most pervasive challenges on the path towards exascale computing in a report ti-
tled Exascale Computing Study: Technology Challenges in Achieving Exascale Sys{@2is
Subsequently, the U.S. Department of Energy (DOE) targeted a power envelope of 20 MW

for the exascale supercomputer now expected to arrive in 2021{22 [88, 36], thereby making



power and energy rst-order design criteria alongside performanéeAchieving the exascale
goal under a 20 MW power budget by 20%5vould have required the fastest supercomputer
at that time (i.e., Tianhe-2A) to be 29.5 faster while incurring only a 1.1 power cost.
While the situation has improved since then, today's fastest supercomputer (i.e., Summit)
still needs to be 7 faster while consuming less than 2 its current power. This means that
the energy e ciency of the fastest supercomputer needs to improve by 2500% to meet the
exascale target. Therefore, in this dissertatiorwe seek to improve the greenness of

HPC systems , where improving greenness can mean reducing power (or energy) consump-
tion, increasing power (or energy) e ciency (i.e., performance per watt or performance per
joule), or improving the performance of a power-constrained system (i.e., performance per

watt at peak power consumption).

The overarching goal of this dissertation is (i) to understand greenness-related issues in
modern HPC systems via characterization studies on real hardware and (ii) to improve the
greenness of these systems via model-driven management techniques. Speci cally, we study
measurement, modeling, and management problems for green HPC in the context of the
evolving HPC landscape, which is marked by increasing heterogeneity and data movement,
targeting the chip interconnect, heterogeneous processor, and cluster representing micro-,

meso-, and macro-levels of the system hierarchy.

While our focus is on HPC systems, the techniques introduced in this dissertation should
be broadly applicable to almost all areas of modern computing where power is an issue|

for instance, mobile computing devices such as phones, tablets, and laptops, traditional
desktops, and enterprise servers. In the next sections, we will brie y describe the research

problems we study in this dissertation.

1Since then the power budget has been informally revised to 30 MW and subsequently 40 MW, but power
and energy still remain rst-order constraints.
2The preliminary target for exascale computing was 2015 as inferred from [22].



1.2 Measurement and Modeling

We rst describe the problems related to measuring and modeling power that we study in

this dissertation.

1.2.1 Chip-Interconnect Power Measurement and Modeling

On-chip data movement is considered to be a major source of power consumption in modern
processors. Properly understanding the power that applications expend in moving data is
vital for inventing mitigation strategies. Rather than rely on power estimates from simulators
and models, we seek to measure for ourselves the power consumed by the chip interconnect.
Developing an approach for measuring chip interconnect power on real hardware would help

us study it for the systems we need and along the dimensions we need.

Toward solving this problem, we develop a new microbenchmarking methodology that iso-
lates the chip interconnect better than past work [23, 41, 87, 103, 115, 124, 162]. Using this
methodology, we characterize chip interconnect power under di erent conditions, construct

a detailed power model, and validate it against vendor-provided data.

1.2.2 Runtime GPU Power Modeling

Accurate power measurement at runtime is essential for the e cient functioning of a power
management system. In this work, we study how to develop an accurate software power
meter that can provide power readings at a better granularity than conventional power
meters. Similar power meters exist for CPUs, which rely on performance counter-based
models. The challenge in this work is to develop software meters of similar accuracy, but for

GPUs and without having access to a wider and richer set of performance counters.



Our work explores applyingstepwise regressiorand statistics-driven heuristicsto increase
the useful information during model development. We also explore using feedback from
temperature sensors and introducing application-speci ¢ knowledge during the run time to

improve model accuracy.

1.3 Model-Driven Management

In this section, we present three di erent problems and solutions to improve the greenness

of a computing system as explained next.

1.3.1 Reducing Chip-Interconnect Power via Proactive DVFS Man-

agement

Our analysis of chip interconnect power consumption reveals that emerging trends such as
building larger heterogeneous processors and 3-D stacked high-bandwidth memory will make
the interconnect a major consumer of power. In this work, we study how to e ectively reduce
the power consumption of the interconnect with dynamic voltage and frequency scaling
(DVFS). Our proposal is to proactively manage the DVFS state (also known as P-state) of
the interconnect. The key challenge to proactively manage the interconnect power comes
from the nature of tra c seen on the interconnect. Our research in this area results in

a low-overhead, rule-based phase predictor that relies on approximate pattern matching
to accurately determine the interconnect's future tra c requirements and set its P-state

appropriately.



1.3.2 Power Capping for Heterogeneous Nodes

Building over-provisioned systems is being explored to reach the exascale target under
20 MW, but for them to safely operate, they rely onpower cappinga power-management

mechanism that ensures that a processor operates under its allocated power budget. In this
dissertation, we study the problem of capping the power consumption of a heterogeneous

node.

Our proposal includes building a hybrid power manager for node-level power management.
Due to the dierences in the capabilities of the CPU and GPU, such as having di erent
response times before a frequency change is enforced, we propose to use di erent mechanisms
to manage their respective power. In our approach, the GPU's power is proactively managed

and the CPU quickly adjusts itself to maintain the node-level power budget.

1.3.3 Reducing Cluster Energy with In-situ Methods

Finally, we explore the role played by o -chip data movement in a ecting the greenness
of scienti ¢ visualization. Our experimental study on a 450-node cluster demonstrated that
while traditional post-hoc visualization consumed more energy than in-situ visualization, the
o -chip data movement itself is not a signi cant consumer of energy. However, large o -chip
data movement causes the system to idle more often resulting in energy wastage. We also
present an analytical model that can be used to tune the scienti ¢ visualization parameters

to meet a target energy budget.



1.4 Research Contributions

In the context of today's HPC landscape, which is marked by increasing data movement and
heterogeneity, we develop approaches for inferring the power consumed by a HPC system
at di erent levels of the system hierarchy, and demonstrate that the power models, predic-
tion techniques, and management techniques introduced in this dissertation can be used to

improve the greenness of HPC systems. Speci cally, we make the following contributions.

Interconnect Power Measurement. We present a new microbenchmarking approach that
targets a processor's interconnect and allows us to study its power consumption in iso-
lation. We demonstrate this idea on real hardware, characterize interconnect power
under di erent conditions, construct a detailed power model, and validate the power
model against vendor-provided data. We analyze several applications and nd that the
interconnect is indeed likely to be a major power consumer in future processors with

up to 22% of the dynamic power spent on the interconnect in the near future.

Instantaneous GPU Power Measurement. In this work, we develop aninstantaneous
power model for graphics processors and demonstrate its use as a power proxy that is
capable of providing live runtime power estimates oreal hardware. Our contribution
is a series of methods to improve model accuracy and a demonstration of the use of
performance counter-based model to estimate power at run time with high accuracy.
Speci cally, we overcome hardware limitations that reduce the accuracy of performance
counter-based models in an online runtime environment by applyirggepwise regression
and statistics-driven heuristics to improve model training and use information from
temperature sensors and feedback from a low-resolution power meter to help introduce
application-speci ¢ knowledge during the testing phase of the model. Experimental

results show that an error as low as 1% can be obtained from including application-



speci ¢ information to the power model.

Interconnect Power Management. In this work, we present a model-driven analysis that
quanti es the extent to which interconnect power would pose a problem in the future.
Based on this analysis, we propose a proactive approach to manage the power of the
chip interconnect and quantify its bene ts over a reactive approach. We identify the
practical challenges in proactively managing the interconnect by studying 37 appli-
cations and propose a novel phase predictor based on approximate pattern matching
for interconnect power management. We then present experimental results that show
how a proactive power management approach that uses our phase predictor reduces

interconnect power by 25.5% with little impact on performance.

Power Capping of Heterogeneous Nodes. = We propose a new hybrid approach that al-
lows for proactive power-management techniques without being signi cantly a ected
by model errors. In this approach, the GPU is rst managed proactively with phase
prediction and DVFS power models. The CPU responds reactively to the change in
GPU power consumption in order to maintain the node-level power budget. In support
of this hybrid approach, we also explore building DVFS power models for the GPU.
Using data collected from real hardware, we show that the dynamic redistribution of
the power budget using our hybrid power-management technique can result in e ective

power capping compared to a proactive power management approach.

In-situ Methods. We study the role played by o -chip data movement in a ecting the
greenness of a cluster. We perform characterization experiments and construct analyt-
ical models that help provide insights to improve the greenness of scienti c visualiza-
tion. Our experiments show that in-situ methods can improve greenness by reducing

o -chip data movement and idle resources.



1.5 Dissertation Organization

The rest of the dissertation is organized as follows. Chapter 2 presents related work. Chap-
ter 3 presents our research on interconnect power measurement, modeling, and analysis.
Chapter 4 describes our research on modeling GPU power for runtime power monitoring.
Chapter 5 discusses our e orts in reducing interconnect power via proactive power manage-
ment. Chapter 6 describes our research on improving the performance of a heterogeneous
node operating under a power cap. Chapter 7 discusses our investigation into the role played
by o -chip data movement in a ecting greenness and shows that in-situ methods can help
improve greenness by reducing o -chip data movement. We summarize our dissertation in

Chapter 8.

Overall, in this dissertation, we study greenness-related problems on measurement, modeling
and optimizations under two broad themes|data movement and heterogeneity|targeting
the micro-, meso-, and macro-levels of the system hierarchy. A visual mapping of the chapters

to the problems, themes, and targeted system components is presented in Fig. 1.1.

Figure 1.1: Organization of the chapters in this dissertation



Chapter 2

Background and Related Work

This chapters provides background on related work and explains how our contributions di er

from these work.

2.1 Techniques for Power Measurement

Understanding where power is being spent in today's high-performance computing systems
is essential to improve their e ciency. This section summarizes some popular methods to

measure power Consumption.

2.1.1 Direct Measurement

The most common way to measure power is to uggternal power meters ornnternal sensors
to measure wattage or derive it from related metrics such as current draw and voltage drop.
Measurements can be made at di erent levels of the HPC system. The power consumption

of the entire machine can be obtained by measuring at the switchboard level or aggregating
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the rack-level power measurements as in the case of the Cielo, Roadrunner, and Luna super-
computers [114]. At the rack level, metered power distribution units (PDUs) are becoming
common in newer machines. For example, the HP Apollo 8000 System Manager [64] for the
Hikari supercomputer at TACC can provide power measurements at one-second granularity.
Similarly, it is possible to obtain power measurements at similar granularity at the cage level
or the shelf level as in the case of Caddy [15]. In contrast, a Watts Up? PRO can be used
to measure the power consumption of a node at a one-second granularity while a Yokogawa
WT210 can perform node-level measurements at sub one-second granularity. Several other
power monitoring tools are capable of providing a component-wise breakdown of power on
a real system. Examples of such tools include Powerpack [54], Powermon [20], and Pow-
erinsight [91]. All these tools operate by directly measuring current and voltage from power
rails. However, they cannot measure the power consumption of components on a shared ralil
(e.g., chip interconnects) in today's processors. An extended discussion of hardware-based
measurement approaches can be found in the survey paper by Hsu and Poole [69]. Note that
while the component-level measurement devices operate at a higher resolution than node-
level or cluster-level devices, such approaches are intrusive in nature. The devices operating
at the node or higher levels provide power measurements at a low resolution, which results

in fewer opportunities to optimize power [86].

2.1.2 Indirect Measurement

We are primarily interested in measuring chip interconnect power. So we discuss them

separately.
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Measuring Data-Movement Power

Kestor et al. [87] present a methodology for measuring the energy cost of moving data across
the memory hierarchy for scienti ¢ workloads. Pandiyan et al. [115] present a similar ap-
proach for mobile workloads. They develop microbenchmarks that move data from di erent
levels of the memory hierarchy to the registers. By measuring the di erence in energy con-
sumption between these microbenchmarks, they estimate the energy spent towards data
movement. Unfortunately, this technique does not separate the energy cost of data move-
ment from that of data access. For example, by subtracting the energy cost of their I$1-
microbenchmark from the L2$ microbenchmark, the resultant energy is not just the cost to

move data from L2 to L1, but also includes the energy expended within the L2 cache.

Manousakis et al. [103] also adopt a microbenchmark-based approach where they vary the
operational intensity of the microbenchmarks and study power consumption. Their study
also measures data accesses rather than datovement The works of Shao et al. [142]
and Molka et al. [107] provide estimates for various types of compute and memory access
instruction. Of particular interest are the load/store instructions across various levels in
the memory hierarchy. However, both studies are limited in their inability to separate data

access and data movement power.

Other Indirect Measurements

Techniques that indirectly measure power are largely based on observing some characteristics
of the system (e.g., via performance monitoring counters) and using a pretrained model to
indirectly infer power. Since the technique largely relies on the power models, we describe

such approaches in detail in Section 2.2.1.
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2.2 Techniques for Power Modeling

2.2.1 Power Estimation Models

In this section, we describe the related work in power estimation which tells the power

consumed by a processor for a certain task.

CPU Power Modeling Bellosa was among the rst to show the existence of a relationship
between power consumption and performance events [21]. This discovery resulted in several
works on instantaneous power prediction [41, 144, 24] and management [76, 72] for CPUs.
In addition to adapting these techniques for GPUs appropriately, we also had to overcome
limitations in GPU hardware pro ling and software tools. Our proposals to address these
limitations include application-speci ¢ and online modeling. We also systematically study

several models similar to the work done by Rivoire et al. [129] and Dauvis et al. [46] for CPUs.

GPU Power Modeling Ma et al. were among the rst to model the power consumption

of a graphics processing unit. They use support vector machines to achieve modest accuracy
in predicting power [99]. However, this model is no longer applicable to general-purpose
GPUs. Nagasaka et al. developed a linear regression-based model to accurately estimate the
average power consumed by a GPU kernel on a GeForce 285 GTX GPU [109]. Abe et al.
developed an architecture-agnostic power model, but the accuracy was greatly diminished
compared to architecture-speci ¢ power model [1]. Song et al. present another model using
arti cial neural networks to estimate average power consumption [145]. Ghosh et al. have
explored statistical techniques that encapsulate the non-linear relationship between power
and performance events and have reported higher accuracy than the purely linear models [57].
Kasichayanula et al. estimate the power of micro-architectural components on GPU using an

empirical activity-based model [84]. However, all these works [57, 84, 109, 145, 1] use several
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counters requiring multiple application runs and can only predict the power consumption

o ine.

2.2.2 Component-level Power Models

Regression-based power models constructed using performance counters have the potential to
estimate the power consumption of several components within a processor. Past work [124,
23,41, 86, 162] have provided a breakdown for many components within a processor; however,
these power models were only validated for overall power consumption and cannot be relied

upon for component-level estimation.

2.2.3 Analytical Models and Simulations

In this section, we describe the related work on analytical models for GPUs and chip inter-

connects.

GPU Models

Hong and Kim present a detailed analytical model to estimate the power consumed by
GPU [65]. Constructing such models requires in-depth knowledge of the low-level micro-
architecture, making it di cult to use in practice. GPUWattch [94] and PowerRed [127] are
other GPU power models, both of which require extensive architectural knowledge and low-
level simulation. While these models are detailed and provide high accuracy, they cannot be
directly ported to real hardware for instantaneous power measurement due to the limitations

of hardware counters.
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Models for Chip Interconnects

At the lowest level, it is possible to model chip interconnect power with circuit simulators

such as SPICE. These tools provide excellent low-level details but require a great deal of
design information and are extremely slow. It is unlikely that hardware designers would

release SPICE-level models of large microprocessors. GPUWattch [94] and McPAT [95]
model various components including chip interconnects, but are constructed using some
reference numbers from the industry. However, compared to SPICE models, they can have
higher errors and some times the exact details of a target architecture may not be available

as well.

In this dissertation, we focus on the chip interconnects for component-level investigation. So
we discuss models and tools available for this particular component speci cally. High-level
tools such as Orion [81] provide reasonably detailed models for the various chip-interconnect
components. Orion relies on data released by the industry to validate and ne-tune its model.
With the limited information that is available in the public domain, researchers improved the
accuracy of earlier versions of Orion [157, 80], but the model needs constant revision as chip-
interconnect technology advancements are released [154]. The sparsity of publicly available
data on power breakdown for modern processors makes this revision and validation di cult.
Our work, presented in Chapter 3, makes it possible to independently obtain this reference
data. In addition, our methodology makes it possible to run real applications on hardware
and obtain the data-movement power for an entire application run rather than rely on worst-
case estimates from low-level tools. Similar limitations exist in other analytical models for
chip interconnect power such as DSENT [152]. Our work enables rigorous validation of such
models by making it possible to independently obtain real-world chip interconnect power

measurements on much larger designs and applications.
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2.2.4 DVFS Power Models

Su et al. [150] present a DVFS power model for CPUs. In their paper, the power consumed
is modeled as a function of frequency of the CPU and the performance counter values at that
frequency. A hardware event predictor takes the performance counter values at a baseline
frequency as input and estimates the corresponding values at other frequencies. Using the
hardware event predictor and the DVFS model, one could predict the power consumed by
the application at any frequency. We adopt a similar approach in our dissertation to support
dynamic power management. Wu et al. [161] use machine learning approach to predict the
GPU power consumed by an application at any frequency, again using a few performance
counter values as input. Dutta et al. [49] and Guerreiro et al. [59] also present DVFS model
for NVIDIA GPUs. Compared to these works, our model needs to predict the power at
di erent states at runtime. This is a harder problem to solve as the number of performance
counters that can be monitored at runtime is fewer than what can be monitored statically.
Also certain types of models such as SMO regression proposed by Dutta et al. [49] would

incur a signi cant overhead at runtime.

2.2.5 Phase Prediction Models

In order to proactively manage a processor's power consumption, we rely on phase predictors
to estimate the future requirements of the processor. The ideas explored in this dissertation
include Markov predictors and history table-based methods. Sherwood et al. [143] rst
explored Markov models for phase prediction. While the approach used in this dissertation
is similar, we apply Markov models at kernel boundaries rather than at some discrete time
intervals which makes it a harder problem to achieve high prediction accuracy. Our work

also covers a broader type of application for evaluation and examines previously unexplored
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parameters (i.e., number of states that the predictor needs to choose from). Isci et al. [73,
77, 75, 71] introduced the history table-based approach for phase prediction. Duesterwald
et al. [48] also proposed online table-based approach for phase prediction. In our work, we
introduce the notion of approximate pattern matching which helped improve the accuracy
of the predictor considerably. Furthermore, we study parameters not previously explored
for phase prediction (i.e., rule length, size of the table, and number of DVFS states). In
contrast, Sarikaya et al. [134] explored Markov model-based approaches to predict workload
behavior. We compare the e ectiveness of our approach against Markov models and quantify

the accuracy improvements.

2.3 Techniques for Power Management

2.3.1 Chip-Interconnect Power Management

Several works have explored DVFS-based techniques for the power management of a pro-
cessor's chip interconnect. Shang et al. [141] were among the earliest to identify chip inter-
connect power to be a serious problem in modern processors and proposed DVFS for chip
interconnect links. They proposed a history-based approach to set the DVFS state for chip
interconnect links based on past utilization, but it only targeted long-term changes in chip-
interconnect utilization and ignored short-term uctuations in tra c. Unlike their approach,

we provide sophisticated mechanisms to address short-term uctuations. Since we have all
the links on a single DVFS island and due to the emerging trends highlighted in Section 5.2.2,
the potential opportunities to save power on the chip interconnect is larger than in the past,
which makes our proposed sophisticated schemes possible. Other early works have targeted

on/o links where power management is restricted to choosing between two states [146],
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control-theoretic approaches for power management of chip interconnects [113, 29] and the
entire uncoré [38, 39, 40]. Similar to our work, their entire network on a chip (NoC) is
on a single DVFS island; however, unlike our work, their power-management techniques are
reactive in nature, whereas ours is proactive. Some more recent work has explored proactive
management of chip interconnects, but they target coherence tra c [159, 63]. The NoC stud-
ied in this dissertation carries all tra ¢ except coherence tra c, thus our work complement

theirs [159, 63].

In the literature, researchers have also proposed a thread voting approach [163]. Like several
earlier works [141, 146], this work selects DVFS states for each chip interconnect link indi-
vidually, and our comparatively heavy-weight approach may not be appropriate when the

potential power-saving opportunities are lower.

2.3.2 Proactive Power Management

While this dissertation proposes proactive power management of the chip interconnect for the
rst time, this class of power management has been previously explored for other components
of a computing system. These works are acknowledged here and di erences highlighted,

where appropriate.

Hsu et al. [67] propose an automatic power management algorithm that detects memory
boundedness to proactively managers power consumption. Lo et al. [96] use latency statistics
collected in the past to set DVFS states of cores to meet some latency requirements. ISci
et al. [72] demonstrate proactive power management with a history table-based approach.
Chen et al. [37] predict the characteristics of an upcoming phase and adapt DVFS states

dynamically. Majumdar et al. [101] explore proactive power management on GPUs. Their

1The uncore includes the last-level cache (LLC) and the network on a chip (NoC)
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work uses model predictive control (MPC) techniques to predict the behavior of the nert
kernels to plan the energy pro le for the future. We require to predict only the nexbne

state and consequently explore lighter-weight techniques.

2.3.3 Power Capping

Isci et al. [70] were among the earliest to explore the concept of maximizing the perfor-
mance of a power-constrained processor. In their work, they adjust the per-core DVFS
states in accordance with workload characteristics and demonstrate that is possible to en-
sure safe operation under a power budget without signi cant performance degradation.
Lefurgy et al. [93] introduced the concept of power shifting (also known as power slosh-
ing), which explicitly looks at the solution to the problem of maximizing the performance
of a power-constrained processor by stealing power from components that do not need
them to components that need them. David et al. [45] present Intel's power-capping prod-
uct that ensures that a component (such as core or memory) operates under a power
budget within a given time window. This enabled many cluster-level power management

schemes [130, 117, 17, 104, 18, 118, 138, 55, 164, 132, 56].

On heterogeneous devices, researchers have looked at related research problems. Paul
et al. [120, 121] explored the problem of balancing the power consumption between the
CPU and GPU components of an accelerated processing unit (APU) and between compute
units and memory of a GPU [119]. The end goal in the above work is to minimize the
energy-delay product (EDP) whereas our work focuses on maximizing the performance un-
der a power budget. The underlying solutions in these dissertations [120, 121, 119] rely on
a reactive approach whereas our solution, in part, relies on proactive power management.

Majumdar et al. [102] also propose proactive power management for heterogeneous nodes
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for the related problem of minimizing EDP, but their solution uses model-predictive control
(MPC) which is a NP-hard solution and may not be optimal for real-time power management

considering the overheads involved.



Chapter 3

Measuring and Modeling

Chip-Interconnect Power

This chapter presents our work on measuring power consumed by the interconnect on real
hardware, characterizing interconnect power under di erent conditions, and modeling inter-

connect power using the data collected.

3.1 Introduction

Two major challenges associated with new silicon technology nodes have exacerbated power

issues:

1. Dennard scaling has failed, meaning that as transistor density continues to increase,

the power used by each transistor no longer decreases at the same rate.

2. The power density of wires is increasing even faster than that of transistors due to poor

wire-size scaling [27]. The cost of communication is thus a large and growing concern.

20
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This chapter deals with the latter issue. While the power associated with data movement has
been recognized as a problem that needs to be addressed, the extent of the problem is not yet
clearly understood [35, 98]. No previous study has accurately measured the data-movement
power in real, modern processors. Some of the di culties in doing so are highlighted in the
work of Leng et al. [94], which states, \It is almost impossible to isolate L2 cache power from

network-on-a-chip (NOC) power because each L2 cache access involves an NOC access."

An implication of the above statement is that it is di cult to separate the cost of data-
access from the cost of data-movement with conventional measurement approaches. This
limitation is also observed in the work of Kestor et al. [87], who were among the rst to
attempt to measure the energy cost of data movement aeal hardware. Thus, despite the
perceived importance of data-movement power, no previous study has accurately measured

it separately from data-access power.

In this chapter, we devise a set of novel techniques that overcome these limitations and
separate the power of data movement from that of data access. Speci cally, we design mi-
crobenchmarks that use distance-based metrics, instead of traditional data-volume metrics,
to study the chip interconnects. Our microbenchmarks each have the same data-access rates
and perform the same operations, but they di er in the physical distance that the data must
travel within the chip interconnect. This allows us to separate the chip interconnect's power

from data-access power.

Our microbenchmarks allow us to characterize the chip-interconnect power used by an AMD
GPU built in 28 nm technology. We observe that the chip interconnect's power increases
linearly with the distance of data movement, the wire toggle rate, and the bandwidth of data
movement. Nonetheless, applications with the same toggle rate can consume di erent power
based on the values sent along the wires due to the e ect of crosstalk. We then use this data

to develop architecture-speci ¢ empirical models and to study the chip-interconnect power
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of 22 real applications running on a GPU. To highlight the utility of our model, we analyze
a power-reduction technique, namely optimizing the chip layout for lower chip-interconnect

energy (rather than other metrics such as signal delay).

The contributions of this chapter can be summarized as follows:

" We describe a novel methodology to measure the chip-interconnect power in
real processors. We design a series of microbenchmarks that use the same operations
to access on-chip memories in di erent locations at the same rate. We demonstrate this

on a modern AMD GPU, though our methodology is applicable to any architecture.

We characterize the chip interconnect power of 22 applications both in
28 nm technology and in a hypothetical 7 nm node . We show that up to 14%
of the dynamic power in these applications comes from the chip interconnect and that

this may increase to 22% in a 7 nm node.

We demonstrate our model's utility by exploring a power-reduction tech-
nique . Speci cally, we study layout-based optimizatione.g., the impact of the place-

ment of L2 and memory controllers within the chip.

The rest of the chapter is organized as follows. We present some background material
in Section 3.2. Section 3.3 details our interconnect power-measurement methodology. We
present the results of our characterization studies in Section 3.4 and our models in Section 3.5.
We use our models to study real applications in Section 3.6 and evaluate interconnect power-

mitigation techniques in Section 3.7. We present our conclusions in Section 3.8.
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3.2 Background

This section details the hardware we use in our studies and describes some pertinent mi-

croarchitectural details of AMD Graphics Core Next (GCN) architecture.

3.2.1 AMD GCN Architecture

For our tests, we used an AMD FirePre-W9100 GPU, a workstation-class discrete GPU
that uses the Graphics Core Next (GCN) 1.1 instruction set architecture (ISA) [11]. A
simpli ed block diagram of this GPU, which nonetheless roughly represents the location of
many important structures, is shown in Figure 3.1. This GPU consists of four shader engines
(SEs), each containing a number of compute units (CUs) that are similar to 64-wide vector

processors. The AMD FirePro W9100 has 11 CUs per SE, yielding a total of 44 CUs.

Each CU has its own dedicated L1 data cache that is connected to the CU by short wires
(not shown in the gure). The L2 cache is divided into several partitions (16 on our GPU),

but every CU can communicate with every L2 partition via a crossbar. Each L2 partition

is directly connected to an on-chip DRAM controller. As we discuss later, these controllers
(and thus also the L2 cache) are address sliced, such that each controller accesses (and each

L2 partition caches) a disjoint subset of the memory space.

These L2 cache partitions are located in di erent parts of the chip, meaning that the physical
distance between any pair of CU/L1 and L2 partition can vary measurably. Each quadrant
of the L2 cache has an SE \local" to it (i.e., the physical distance separating them is smaller
compared to the distance between that SE and another L2 cache quadrant). For example,
the CUs in SE-I in Figure 3.1 are closer to the L2 partitions at the topleft of the design than

they are to L2 partitions at the bottomright. We will exploit this observation to characterize
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Figure 3.1: Representative block diagram of the GPU, showing 8 out of 44 compute units
(CUs)

the chip interconnect's power later in this chapter.

Given the goal of this study is to estimate the power consumption of the on-chip interconnects
and assess where data-movement power is spent, we focus on three major aspects of chip
interconnects: (i) the wires between the CUs and L1, (ii) the crossbar connecting L1 and

L2, and (iii) the wires between the L2 partitions and memory controllers.

3.2.2 Experimental Setup

As previously mentioned, we performed our experiments on an AMD FireRreW9100 dis-

crete GPU. Table 3.1 lists the key parameters of this GPU.
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| Parameter | Value |
Total Compute Units (CUs) | 44
CUs per Shader Engine (SE) 11
Total SEs 4
Core Frequency 930 MHz
L1 Cache Size per CU 16 kB
Total L2 Cache Size 1024 kB
Number of L2 Partitions 16
Total DRAM Size 16 GB
Number of DRAM Channels | 16
Memory Frequency 1250 MHz

Table 3.1: Description of the AMD FirePre—wW9100 GPU

Software Setup:We ran our experiments on a host with Ubuntu 14.04, AMD FirePro driver

v15.20.7, and the AMD APP SDK v2.9.1. Our microbenchmarks use OpenGtl.2.

Power Monitoring: To monitor the power consumption of our GPU, we use a high-precision
power meter that measures current and voltage from the voltage regulators going into the
chip. This instrument can provide power measurements at 1 kHz. The instrumentation setup
is capable of measuring the power consumption of only the chip as a whole, and hence the
study is limited to focusing just the on-chip data movement and not the o -chip movement

(e.g., to main memory).

Performance Counters: To guide the design of the microbenchmarks and to validate them,
we use AMD CodeXL v1.6. We later describe how AMD CodeXL performance counters can

be used to estimate chip-interconnect power in larger applications in Sections 3.5 and 3.6.

3.3 Methodology

This section describes our microbenchmarking strategy for measuring the interconnect power

of the processor described in Section 3.2.2. While the details are speci c to the AMD GPU,
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the methodology itself is generalizable to other architectures.

(a) Short Path (b) Long Path

Figure 3.2: Design of our chip interconnect microbenchmarks

3.3.1 Overview

Our microbenchmarking methodology is based on the observation that longer wires consume
more energy than shorter wires while carrying the same current. Therefore, data that travels
a longer physical distance within the chip consumes more energy than the same amount of

data moving a shorter distance.

Our conjecture based on the above observation is that when we continuously move data from
a partition of the L2 cache to the various L1 caches that are located in the di erent parts of
the chip, we should observe a di erence in power consumption. To test this conjecture, we
design two microbenchmarks, illustrated in Figure 3.2. The rst (referred to ashort path )

continuously moves data between all the compute units (CUs) in shader engine | and the
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L2 quadrant closest to it. The second (referred to a®ng path ) moves the data between
shader engine Il and the same L2 quadrant, thereby moving the data across a longer physical
distance. While this idea is demonstrated on real hardware with a crossbar interconnect
as an example, our approach can be easily extended to any interconnect topology. For
instance, if we had a mesh topology, we could design a pair of microbenchmarks where one
microbenchmark would move data between neighboring nodes and the other moving data

from the topleft compute unit to bottomright compute unit.

Next, we explain the implementation challenges in realizing our design on real hardware and
accurately measuring the power di erence, as this is a non-trivial task. Then, we present

our solutions to these challenges in the subsequent sections.

3.3.2 Detailed Approach

Realizing the basic idea presented in Section 3.3.1 on real hardware poses several challenges

that must be mitigated:

1. We use OpenCk-to implement our microbenchmarks, but it lacks native support to

pin threads to programmer-speci ed locations on the chip.

2. Designing a microbenchmark where all of the data is fetched from one quarter of the
L2 cache is challenging, since each L2 quadrant contains only 256 kB, whereas the total

size of an SE's L1 caches is 176 kB.

3. The microbenchmarks must use as much bandwidth as possible to reliably observe and

measure the chip-wide power di erence between the two microbenchmarks.

4. Latency e ects must be hidden from the long-path microbenchmark. Because the

second shader engine is located on a physically di erent part of the chip from the rst
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SE, there is an increase in latency when it accesses the top-left L2 quadrant. Su cient
L2 requests must be generated so that the long-path microbenchmark sees the same

bandwidth as the short-path microbenchmark.

5. Temperature has a major impact on the power consumption of a processor. The e ects
of temperature on the two microbenchmarks should be properly isolated so that only

the e ect of data-movement distance is measured.

Locking OpenCL —Kernel to Specic SEs

While OpenCL—does not directly o er support for running threads on only one shader
engine (SE), it is possible to achieve the e ect by editing the binary that is generated by
the OpenCL runtime. An example is shown in Figure 3.3, where work is performed only on
CUs 0 through 10 (i.e., SE-I). In this approach, we write an initial OpenCL snippet, shown
in Figure 3.3a, in which useful work is performed only if the wavefront ID is between 0 and

10. The wavefront ID is a placeholder that we will modify to hold the value of CU IDs.

Figure 3.3b shows a portion of the equivalent GCN assembly code for this snippet. The
instruction that writes the value of the wavefront ID to the variable used in thef conditional

is boldfaced and highlighted in red. The scalar register corresponding to this variablesi@
and the hex of the instruction that writes its value is81000210 Figure 3.3c shows the hex
value of the instruction in little-endian format in the binary le, which can be obtained using

clGetPrograminfo() .

We then manually replaced this instruction with theS. GETREB32GCN instruction, which
loads the CU and SE IDs out of theHWIDregister and puts them intosO (B9003204 as
shown in Figure 3.3d). This derivation is based on the information provided in AMD ISA

manuals [10, 11]. We further veried that this process resulted in the desired e ect by
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(a) Initial OpenCL code snippet

(b) Equivalent assembly code

(c) Equivalent binary (d) Modi ed binary

(e) Equivalent OpenCL code

Figure 3.3: Steps to launch wavefronts on only one shader array

analyzing the performance counters from AMD CodeXL.

After making these modi cations, we useclCreateProgramWithBinary() to load our cus-
tom binary into the application. This achieves the same e ect as writing the hypothetical

OpenCL code shown in Figure 3.3e.
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Accessing Data Only from L2

Our microbenchmarks seek to access data from one quadrant (four out of the 16 partitions)
of the L2 cache that is located closest to SE-I. In our target architecture, there is a one-to-one
mapping between the memory channels and the L2 partitions. That is, the data that resides
in one memory channel can be cached in only one L2 partition. The address interleaving for

the memory channels is speci ed in AMD's instruction-set architecture (ISA) manuals [11].

Each channel holds a contiguous 256 bytes of memory (equivalent of 64 oats) and, given
an address we can identify the channel number from bits 8-11. Using the above information
we obtain the L2 cache partition given an array index for any data type and thus write a

microbenchmark that only targets a particular partition.

Saturating the L1-L2 Chip Interconnect Bandwidth

To obtain the best results from our microbenchmarks, we must use as much L1-L2 bandwidth
as possible. Higher bandwidth means a greater di erence in the sum total of the data moved
for each benchmark on a per-second basis, which should translate to a greater di erence in
power consumption between the two microbenchmarks. This di erence will help minimize

error from other uncontrollable sources, such as measurement noise. In addition, saturating
the chip interconnect also helps to keep the CU pipelines busy, helping to prevent the long

path from stalling more often than the short path due to any di erence in L2 access latency.

Unfortunately, launching a small number of wavefronts to a small number of CUs cannot
saturate the L1-L2 interconnect if they only touch one cache line before stalling. We could
design our microbenchmarks such that each thread accesses several cache lines. This would
require extra address calculations and could potentially increase the global working set size,

however, resulting in register pressure and unwanted main-memory accesses. Alternately,
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we could increase the number of wavefronts kept in ight. This could inadvertently increase
the L1 hit rate by scheduling threads in a way that keeps all of the data accessed by one
wavefront in the L1 cache. Based on the above options, we chose the latter option but with

modi cation in order to maintain the L1 hit rate.

To prevent an increase in the L1 cache hit rate, we modi ed the rmware of our GPU to
arti cially shrink the size of L1 cache to 4 KB per CU. This allowed us to increase the number

of wavefronts in ight (thereby increasing the chip interconnect bandwidth and hiding the L2
access latency for long-path), avoid cache hits in L1, and keep accesses to the main memory

to an absolute minimum and focus on compulsory misses only.

Isolating Temperature E ects

Modern silicon technology consumes signi cant static power which is, in turn, a ected by the
operating temperature. However, our power measurements come from the o -chip voltage
regulators. These regulators must supply all power to the chip, both static and dynamic.
This means that our measurements cannot directly di erentiate between the two. To this
end, we developed a small set of tests to help us isolate the dynamic power in the chip

interconnect from the static and other non-interconnect power.

We build a power model for idle power to capture the e ect of temperature on power. We
gathered the data required to build this model by xing the frequency and voltage of the
GPU and heating the chip with a computationally intensive application (e.g., the FurMark
benchmark). After the GPU reaches our target temperature, we stop the benchmark and
allow the chip to cool while still maintaining the frequency and voltage. As the chip cools,
we continually measure the chip's temperature using the on-chip thermal sensors and the

chip's power using our power monitor. Figure 3.4 shows the idle power of our target device
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Figure 3.4: Relationship between idle power and temperature

across the range of temperatures that we studied. We can observe from this data that there
is a non-linear relationship between idle power and temperature. This e ect of temperature
should thus be separated from our voltage regulator measurements to accurately measure

the power consumption of the chip interconnect.

To achieve this separation during our microbenchmarks, we run the GPU's fan at high
speed to constrain the device temperature. We then construct an idle power model for the
device using a regression of the data we present in Figure 3.4, which models idle power
as a cubic function of the device temperature. The model is optimized for the typical
operating temperature range for our microbenchmarks in order to increase its accuracy.
Using this model, we subtract out the idle power for the microbenchmark tests from our
voltage regulator measurements. This allows us to separate out the e ects of temperature

from our tests and focus on chip-interconnect power caused by communication.
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3.4 Characterization Results

In this section, we present the results of our microbenchmark studies that show the impact
of the following parameters on chip-interconnect power: (i) data-movement distance, (ii)

toggle rate, (iii) voltage and frequency, and (iv) chip-interconnect bandwidth.

Impact of Data-Movement Distance

Figure 3.5a shows the average dynamic-power consumption for the short-path and long-path
microbenchmarks. The values presented on the y-axis are normalized against the short-path
microbenchmark. This gure shows that long path consumes 5% more chip-wide dynamic
power than the short path. These two microbenchmarks have identical computational and
data access rates as veri ed from hardware performance counters. Therefore, the additional
power can only be attributed to the higher data movement distance for the long-path mi-
crobenchmark. This additional distance is estimated to be 10.5 mm from an analysis of a die
photo of the GPU [158]. Speci cally, we calculated theveragedistance between each CU
in SE-I and the top-left L2 quadrant and subtracted it from the average distance between
CUs in SE-Il and the same L2 quadrant from the die photo. Alternatively, when the chip

layout is available, the distance can be calculated from the layout diagram.

Validation e orts.  We converted the observed di erence in power for a distance of 10.5 mm
to a metric known asenergy/bit/mm, which is the energy cost to move one bit of data through

a physical distance of 1 mm. This value (110 fJ/bit/mm) was compared against industrial
estimates available for 40 nm [85] and 32 nm [27] technology nodes using appropriate scaling
factors from [27]. We found that our estimate for energy/bit/mm was within 10% and 15% of
these two industrial estimates. Dally [42] quotes 1 nJ of energy consumption for a 256-bit bus

when traversing the length and breadth of a 20x2@m? chip (i.e., when traversing 40 mm)
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(a) Benchmark power (b) Distance vs. chip interconnect
power

Figure 3.5: Impact of data movement distance on chip interconnect power.

which translates to an energy cost of 98 fJ/bit/mm which is within 11% of our measured

value.

Next, we study the relationship between the data-movement distance and the chip-interconnect
power. For this study, we developed microbenchmarks that are variants of the short-path
and long-path microbenchmarks. The basic idea behind the microbenchmarks remains the
same, but instead of running OpenCk-threads on 11 CUs (i.e., an entire shader engine),
we run them only on 4 CUs. This allows us to obtain the di erence in power consumption
for di erent distances. The values obtained for the chip-interconnect power frofour such
microbenchmarks are presented in Figure 3.5b. In this gure, the x-axis represents data-
movement distance and the y-axis represents chip-interconnect power normalized against
the highest value observed in this set of experiments. One of the four microbenchmarks is
used to obtain reference power based on which the other three microbenchmarks are studied.
Therefore, we have three data points in the graph. Our characterization result shows that

the chip interconnect's power increases linearly with data-movement distance.
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Impact of Toggle Rate

Next, we studied the impact of toggle rate on chip-interconnect power. For this study, we
moved di erent data patterns across the chip interconnect and observed the power di erence
for the short path and the long path. Figure 3.6 shows the patterns studied. Of thesegros
ones and A-s show no toggling. Zeros and ones are self-explanatory; forA-s, we send a
pattern of alternate 1s and0s, which when represented in hexadecimal looks like a string of
A-s. For the random data, each bit can take any value and the probability of bit toggling
(i.e., a transition from 1 to 0 or 0 to 1) is 0.5. For the half-random dataset, a few bits of
random data and a few bits of zeros alternate. The overall toggle rate for this dataset is

0.25.

Figure 3.6: Data patterns explored in this study

Figure 3.7a shows the normalized chip-interconnect power for data patterns showing 0%
toggle rate. Figure 3.7b shows the same for data patterns exhibiting toggle rates from 0%
to 50%. The normalization is performed against the random dataset. Note that the gures

are drawn to di erent scales. We make the following observations from this study:

1. Sending only zeros or ones consumes a small amount of power in the chip interconnect
(about 10% of the power seen for random data). This power can be attributed to the

arbiters present within the chip interconnect which is independent of toggle rate.
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(a) 0% toggle rate (b) 0-50% toggle rate

Figure 3.7: Toggle rate and data pattern impact on chip-interconnect power

2. Transmitting zeros consumes more power than ones.

3. Interference from neighboring bit lines has a small, but noticeable impact on the chip-
interconnect power. This can be seen from the fact that A-'s consume more power

than zeros despite showing 0% toggle and transmitting fewer power-hungry 0 bits.

4. Toggle rate has a signi cant impact on the chip-interconnect power as seen from zeros
(0% toggle), half-random (25%), and random data (50%). The relationship between

toggle rate and chip-interconnect power is linear.

Impact of Voltage and Frequency

We repeat our experiments while setting the GPU to di erent dynamic voltage and frequency
scaling (DVFS) states in order to study the impact of voltage and frequency on the chip-
interconnect power. Figure 3.8 shows the normalized chip interconnect power for these
DVFS states. In this gure, the chip interconnect power is plotted agains¥/?f which is the

expected relationship between voltage, frequency, and power. As expected, the relationship
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between them is linear. Note that the chip-interconnect bandwidth (or the amount of data)

di ers at the various points in the graph as the frequency changes.

Figure 3.8: Normalized chip interconnect power for moving data at di erent DVFS states

Impact of Chip-Interconnect Bandwidth

Next, we study changes in chip-interconnect power when the amount of data that moves
through it changes. To perform this experiment, we inserted NOPs in our code to reduce
the frequency of data access from the L2 cache, which also reduces the chip-interconnect
bandwidth. A lower bandwidth means fewer bit transitions per second and consequently
lower power. Figure 3.9 shows this for two di erent bandwidths, where we observe that the
chip-interconnect power is roughly half when the chip-interconnect bandwidth is reduced to

half its original value.

3.5 Modeling Chip-Interconnect Power

The characterization results presented in Section 3.4 can be combined into a parameterized

equation, which naturally lends itself to model interconnect power of larger applications, dif-
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Figure 3.9: Impact of bandwidth on chip interconnect power.

ferent chips, and di erent technology nodes. The general form of the parameterized equation

can be expressed as follows:

Chip Interconnect Power = Constant % Peak Bandwidth Toggle Rate Distance

Scaled Frequency Scaled Voltagé

Constant refers to the maximum power consumed by the chip interconnect for a given chip
and a reference DVFS state. This value is calculated from the dierence in power con-
sumption between the short path and long path (shown in Figure 3.5a), which is then
scaled for peak bandwidth, 100% toggle rate, and unit wire distance. Thenstant value

is architecture-speci c and can be derived for existing GPUs using the microbenchmarks
described in Section 3.2.2 and extrapolated to future technology nodes using process scaling

information [27].

Next, we describe how to estimate chip-interconnect power for real applications at di erent
interconnect segments of the memory hierarchy, as shown in Figure 3.1, using hardware
performance counters (PCs). First, the obtained bandwidth (BW) is calculated for each

interconnect segment from the PCs fotL.1 accessesL?2 hits, and L2 misses This gives a
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measure of the actual data volume for an application at di erent segments.

L1 accesses

Registerto L1 BW = ———— L1 width
Time
L2 hits + L2 mi .
LltoL2Bw = D2Ms ¥ Lamisses -, uith (3.1)
Time _
L2to MC BW = LZfT‘_'SseS MC width
Time

The bus width of L1 cache and L2 cache is 64 bytes, and the width of the memory controller
(MC) is 32 bytes for our target architecture. The obtained BW is then expressed as a
percentage of the peak interconnect BW. The calculation for the peak L1-L2 BW is shown

as an example below:

Peak L1to L2 BW =# L2banks 64bytes per bank clock rate (3.2)

Next, toggle rateis the probability of bit toggling for a given program. For completely
random data, the expected probability of toggling is 0.5. The typical average toggle rate

observed for the chip interconnects is 0.34 [14].

Distance is an estimate of the average distance the data has to move through the chip in-
terconnect. For existing GPUs where application threads are not pinned to any particular
CU and accesses are evenly distributed across all L2 slices, using average distance for calcu-
lations is a reasonable assumption. For the AMD FirePre-W9100 GPU, we calculated the
average distance for each part of the chip interconnect by using layout information from the
design, though public die photos could also be used [158]. Table 3.2 presents the distances

we measured.

The chip-interconnect power for any voltage and frequency pair can be calculated by scaling
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] Chip Interconnect \ Estimated distance
Register to L1 3.5mm
L1to L2 10.5mm
L2 to memory controller 11.5mm

Table 3.2: Average distance estimates for the di erent parts of the chip interconnect

these parameters with respect to the reference voltage and frequency pair. Alternatively, the
constant factor may be recalculated from the microbenchmarks for the required voltage and

frequency.

3.6 Estimation of Chip-Interconnect Power for Real

Applications

In this section, we estimate the interconnect power of 22 OpenE&tapplications obtained
from various sources shown in Table 3.3. We chose these applications considering that
the maximum frequency for our power meter is 1kHz and the chosen applications all have
OpenCL kernels that run long enough (over 2ms) to get meaningful power measurements.
The total GPU power for each application at runtime is measured using the power meters
that measure voltage and current from the voltage regulators. We also measure the average
temperature of the GPU chip across all its thermal sensors while running the applications.
To extract dynamic power from these measurements, the idle power is subtracted using the

temperature-idle power relationship described in Section 3.3.2.

In our evaluation, using our performance counter-driven model, we estimate the interconnect
power spent by the application at the various parts of the interconnects: (i) register to L1,
(i) L1 to L2, and (iii) L2 to memory controller (MC). The results are presented for the

28 nm AMD FirePro—W9100 GPU architecture and a hypothetical 7 nm shrink of the same
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| Source | Applications |
AMD APP SDK eigen, fwt, histo, montecarlo, nbody, scan
DOE proxy apps CoMD and CoMD-LJ [106], XSBench [153]
LULESH [82], and miniFE [61]
Graph500 [108] graph500
OpenDwarfs [52] crc, gemnoui, swat
Pannotia [31] color
Phoronix [90] mandelbulb, smallpt
Rodinia [32] kmeans, streamcluster, srad
SHOC [44] stencil, spmv

Table 3.3: Applications used for evaluation

die. For the hypothetical chip, we use Borkar's scaling factors for wires and transistors [27]

to scale the total dynamic power and interconnect power from 28nm to 7nm.

Figure 3.10 shows the power spent on the di erent parts of the interconnect, expressed as
a percentage of overall dynamic power, for the various applications for the 28 nm and the
hypothetical 7 nm GPUs, respectively. Due to the lack of toggle-rate monitors in hardware for
these results, we assume an average toggle rate of 0.34 for all applications which is based on
past studies [14]. Across applications, the interconnect consumes 5.6% of the total dynamic
power on our GPU on an average. Within the interconnectregister to L1 consumes the
most power, using over 45% of the total interconnect power. The crossbar consumes 30% of

the total interconnect power, and the rest is consumed bylC to L2.

Among all applications,color shows the highest percentage of 14.3% for interconnect power.
This is due to the fact that color is an irregular application with many branch and mem-
ory divergences, causing a large amount of data accesses at di erent levels of the memory
hierarchy. Comd-lj, kmeans lulesh and scan also consume signi cant amounts of intercon-
nect power with over 10% of the overall dynamic power going towards the interconnect. Of
these,kmeans lulesh and scan are memory-bound and understandably consume a greater

amount of interconnect power as data has to be frequently fetched from the distant memory.
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Figure 3.10: Percentage of the total dynamic power spent by the interconnect on the 28 nm
FirePro—W9100 GPU and a hypothetical 7 nm die shrink. The assumed toggle rate is 0.34
for all the applications.

Comd-j is largely compute-bound with most data accesses either going to the register le or
L1. Although the distance between the SIMD units and L1 is relatively small, it still has a
signi cant amount of power spent in data movement because of the high data-access counts

to L1.

At the other extreme, applications such asnandelbulb montecarlg and nbody all consume
nearly zero interconnect power. These are all compute-bound, but unlikeomd the working
set for these applications ts within the register les and therefore does not access L1 much.

Therefore, they avoid short-distance accesses as well and see lower data-movement power.

On the 7nm architecture, the trends remain the same, but, the interconnect consumes
8.9% of the total dynamic power across applications. Individually, we see up to 21.9% for
interconnect power as in the case ablor. These values correspond to nearly a 59% increase
in the interconnect power for real applications. This highlights that data movement is going

to be an even more signi cant problem in future GPUs.
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3.7 Interconnect Power Optimization

The interconnect power model presented in this chapter can be used to evaluate and guide
several optimization techniques in a variety of scenarios ranging from design-time optimiza-
tion to runtime management of interconnect power. In this section, we present one such

example|layout-based optimization.

Layout-based Optimization

Here we use our model to quickly evaluate di erent layouts in order to nd the one that
minimizes data-movement power. Intuitively, by reducing the physical distance for the part
of the interconnect that is being used the most, one can save data-movement power. In this
section, we quantify the savings possible using two sample layouts that optimize di erent

parts of the interconnect.

Figure 3.11: Two sample layouts that are designed to reduce the distance between L2 cache
and memory controller (left) and the distance between L1 cache and L2 cache (right).
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Figure 3.11 shows the two sample layouts. In the baseline case, the average Manhattan
distance between L1 and L2 is 17.0 units, and the average distance between L2 and MC
is 7.6 units. The layout on the right tries to reduce the L1-to-L2 distance at the cost of a
signi cant increase in L2-to-MC distance. The distances for this layout are 3.5 units for the

L1-L2 interconnect and 12.0 units for the L2-MC interconnect.

Figure 3.12: Normalized interconnect power for L2-MC optimized layout and L1-L2 opti-
mized layout

We use our model to calculate the power consumed by these interconnects for the layouts
presented in Figure 3.12. We assume that the conditions are similar to our experimental
platform: (i) 28 nm technology node, (ii) 1.1687 V, (iii) 930 MHz, and (iv) the same constant
factor in our equation, owing to equivalent wire capacitance. The normalized power for the

interconnects between L1 and MC is presented in Figure 3.12 for our testing applications.

We observe that the L1-L2 optimized layout consistently consumed less power for all the
applications. On an average, the L1-L2 optimized layout consumed 48% lower power for the
interconnects between L1 and MC. A maximum of 79% reduction in power was observed for
eigenas there are far fewer references to memory than to L2 for this application. Our results

thus show the importance of prioritizing L1-L2 interconnects over L2-MC interconnects.
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3.8 Summary

In this chapter, we devised a novel methodology to measure interconnect power using care-
fully developed distance-based microbenchmarks. We then developed an empirical model
using hardware performance counters to obtain the interconnect power for any large appli-
cation. We evaluated 22 applications and showed that up to 22% of the dynamic power
of a GPU can be consumed by the interconnect in the 7nm node. Finally, we explored

layout-based optimization to reduce interconnect power.



Chapter 4

Modeling Instantaneous GPU Power

4.1 Introduction

Achieving the exascale goal under a 20 MW power budget requires both software and hard-
ware innovation. Traditionally, on the software side, a runtime system manages the system
power consumption [67, 131]. Power models play a vital role in the e cient functioning of
power management by estimating the instantaneous power consumption of the system at run-
time. While external powermeters enable accurate power measurement at high resolution,
power models or software meters o er other advantages such as enabling power measure-
ments at even higher resolution and in a cost- and infrastructure-e ective manner with a
minor loss in accuracy. While emerging internal meters o er similar advantages in theory,
internally they measure current from voltage regulators and the measurements tend to be
noisy and need to be smoothed out over a time window. Further, power models o er another
advantage over software meters | power models can be naturally extended to model the
impact of dynamic voltage and frequency scaling (DVFS) for e ective power management,

a problem investigated later as a part of Chapter 6.

46
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In this chapter, we focus on modeling the power consumption of a processor for the purpose
of online power measurement. Since we observe a proliferation of graphics processing units

(GPUSs) in the Green500 list [58] as shown in Figure 4.1, our e orts are targeted at GPUs.

Figure 4.1: Systems using accelerators in the Green500 lists

While power models for online power measurement have been extensively studied in the
past, those studies targeted CPUs. Here, we study power modeling for online measurement
in the context of GPUs. This topic merits further investigation as extensive CPU studies
have led to some convergence on the power models used for CPU systems, but not for
GPUs. For example, linear models are widely accepted to be suitable for estimating CPU
power consumption. For GPUs, some researchers have shown that linear regression-based
techniques are suitable [109] while others argue that such models may be insu cient to
capture the complexities of a modern GPU architecture [145]. Moreover, the conclusions
drawn from these studies are based on experiences gained in estimating dlkerage power
consumption. However, for these models to be useful in a runtime system, they should

predict instantaneous powerand should possess the following properties:

" Accuracy: The models have to estimate instantaneous power consumption accurately

(less than 5% error rate) and track power-phase changes so that a runtime system can
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make correct decisions for power management.

" Overhead: Given the premium on performance in an HPC system, estimating the
power consumption should not adversely a ect the performance of the system under
consideration. Therefore, monitoring system activity and predicting power should incur

minimal overhead (e.g., not more than 1%).

Limitations of existing GPU power models: While a number of GPU power models

have been explored recently, they all su er from one of the following limitations.

1. They require the applications to be run multiple times to collect all the necessary
input to the model [57, 84, 109, 145, 1]. While the model may be constructed o ine by
running the application multiple times, the model cannot be used at runtime because all

the input values need to be measured simultaneously which is not possible at runtime.

2. They work only in a simulator as the parameters used in these models cannot be

measured on a real system [94, 127].

Our work overcomes the above limitations. The contributions made in this chapter can be

summarized as follows:

" We present the rst realization of aninstantaneous power model for GPUs that is
capable of providing live, runtime power estimates on real hardware. Towards achieving

the above, we perform a rigorous comparison of ve types of statistical models.

To improve the model's accuracy, we introduce temperature-awareness to the model.
While common in low-level models, modeling the temperature e ects is generally lack-
ing even in the well-studied higher-level CPU power models that are based on perfor-

mance counters.
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" To improve the accuracy of the instantaneous GPU power model, we introduce the

notion of application-dependent models.

~ To make this practical, we propose to construct these power modelsline at runtime
using the GPU's built-in power sensors for feedback. Our evaluation shows promising

results for this approach with a mean absolute error rate of 1% and negligible overhead.

~ Finally, we build and evaluate architecture-independent, portable models for estimating

power across platforms.

We highlight some of the observations from our experimental results which can help with

making the right modeling decisions for other GPU architectures.

In the case of application-independent models, multiple linear regression produces the
highest accuracy with a mean absolute error rate less than 6% for both microarchitec-

ture generations of NVIDIA GPUs under consideration.

Temperature plays a signi cant role in determining the power consumed by the GPU.
For all models evaluated, introducing temperature awareness improved the prediction

accuracy.

Application-dependent models deliver signi cantly higher accuracy with a mean abso-
lute error rate of nearly 1% for both GPUs using quadratic models. Our results also
reveal that the penalty of using a quadratic model is higher when su cient information

is not available.

Only a minimal number of samples (100, as determined by our experiments) is required
to construct an accurate application-dependent model at runtime. This indicates that

the model can be constructed at runtime with a low overhead and high accuracy.
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The rest of the chapter is organized as follows. Section 4.2 discuses background related to
the statistical techniques used in this work. Section 4.3 describes the hardware platform
and application used for GPU power modeling. Section 4.4 describes our methodology. We

present our evaluation in Section 4.5, and Section 4.6 concludes this chapter.

4.2 Background

In this section, we describe the statistical techniques used to model GPU power.

Statistical Methods

Regression techniques are normally used to establish the relationship between two variables,
a dependent variabley (also known as theresponsg and an independent variablex (also
known as thepredictor), through an unknown parameter . In our experiments, the response
variable is the power consumed and the predictors are the performance counters. Regression
modeling involves nding the best value for , given a modeling functionf . Traditionally,

the method of least squares is used to nd the value of.

Linear Models: In statistics, if the modeling functionf is linear in , then the model is
considered linear. Thus, even if the relationship between the dependent variagl@and the
independent variablex is non-linear, a model falls under the category of linear models as

long as is linear. The linear models explored in this chapter are described below.

Simple Linear Model (SLR): In this model, the response variablg, depends on a single
predictor x. The basis function can be written as;; = o+ 1X; + , where is the error

term that cannot be modeled empirically.

Multiple Linear Model (MLR): In a linear model, if the dependent variable is related
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to more than one independent variable, then it is called an MLR model.

Interaction E ects: Interaction terms must be included in a model if two independent vari-
ables play a combined role on the dependent variable and their e ects cannot be separated.
Interaction e ects are expressed through a third variable which is the product of the two
independent variables. In this chapter, we consider only second-order interaction e ects (i.e.,

interaction between two variables only).

Quadratic Relationships: The MLR model may also include higher-order variables which
indicates a non-linear relationship between the predictors and the response. In this chapter,

we evaluate quadratic models in which the response depends on the square of the predictors.

The mathematical basis functions of the MLR models evaluated in this chapter are presented

below:

Basic MLR model without interaction (MLR)
Yi= ot iXuit Xyt

Basic MLR model with interaction (MLR+I)
Yi= ot aXat 22Xt 12XgiXo t
Quadratic model without interaction (QMLR)
Yi= ot axpt uxfi+ oXat x5+
Quadratic model with interaction (QMLR+I)

_ 2 2
Yi= ot Xyt X3+ 2Xo+ o 22X5 + 10XgiXp

Stepwise Regression: Sometimes, too many independent variables are considered for mod-
eling. To eliminate the unnecessary ones, we use a statistical technique knowrsepwise

regression This technique alternates between two steps: (ifporward selectionand (ii) back-
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ward elimination. During the forward selection step, the variable with the smallegp-value

is added to the model if this value is below a certain threshold. Intuitively, this variable
explains the most variation in the modeling data. In the backward elimination step, among
all variables added to the model, the one with the largegi-value is dropped if the value is
above a certain threshold. This indicates that the variable dropped does not signi cantly
a ect the accuracy of the model. The algorithm terminates when there are no more variables

to be added or dropped.

4.3 Experimental Setup

In this section, we described the hardware platform and the applications used in this study.

Hardware Platforms

Our hardware platforms include two high-end NVIDIA GPUs from di erent generations: (i)
Fermi C2075 and (ii) Kepler K20c. Table 4.1 presents the relevant details of these platforms.
Both these platforms are equipped with built-in sensors to measure power and temperature

and have hardware counters to pro le performance events (i.e., system activity).

Measuring Power and Temperature: Power and temperature values reported by the
built-in sensors can be accessed through the NVIDIA management library (NVML) inter-
face [112]. This interface provides a C-based thread-safe API to monitor and manage the
GPU. The corresponding methods to measure instantaneous power consumption and tem-

perature arenvmlDeviceGetPowerUsageand nvmlDeviceGetTemperature, respectively.

Pro ling Performance Events: CUDA pro ling tools interface (CUPTI) is used to pro le

Ip-value is a statistical metric that indicates whether a variable truly has an e ect on the response.
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Table 4.1: Hardware details

| Parameters | Fermi C2075 | Kepler K20c |
# CUDA cores 448 2496
# SMs 14 13
Core frequency 1150 MHz 706 MHz
Memory size 6GB 5GB
Memory type GDDR5 GDDRS5
Memory frequency 1.5 GHz 2.6 GHz
Memory bandwidth 144 GB/s 208 GB/s
Peak DP performancel 515 GFlops 1170 GFlops
Total board power 215W 225W

performance events by con guring and querying the hardware performance counters available
in the NVIDIA GPUs [111]. There are 74 and 140 native performance events in C2075 and
K20c, respectively. However, only a small fraction of these events (between one and eight,

depending on the chosen events) can be pro led simultaneously.

Applications

Statistical modeling involves atraining phasein which the data is collected and the model

is constructed and atesting phasein which the prediction accuracy of the model is evalu-
ated. For our training phase, we chose workloads that exhibit a variety of computational
and communication patterns representing a spectrum of application behavior. THesvel

1 applications (basic computational primitives) from the SHOC benchmark suite [44] were
appropriate for this task. For the testing phase, we use applications from various bench-
mark suites including Level 2 applications (full- edged applications) from SHOC, selected
CUDA SDK samples, LLNL ASC proxy apps [83], and CUDA-equivalent SPEC ACCEL
benchmarks [147] from Rodinia [32] and Parboil [148]. Tables 4.2 and 4.3 present a brief

description of the training and the testing applications, respectively.
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Table 4.2: Training applications

| Benchmark | Description \ Problem Size |
Stencil2D Standard two-dimensional, nine-point] 4096x4096; 100der ; 100 pass
stencil
SpMV Sparse matrix-vector multiplication 12288x12288; 250ass
FFT Multiple two-dimensional fast Fourier | 512-pt; 256MB; 100Qpass
transform
GEMM Single- and double-precision matrix 16KB sq. matrix; 50 pass
multiplication
MD Pairwise calculation of Lennard-Jones 36864 atoms; 2000pass
potential
Reduction Sum-reduction operation 64MB vector; 1000pass
Triad Streaming vector dot product compu-| 16MB data; 1500pass
tation
Scan Parallel pre x-sum algorithm 64MB data; 350pass
Sort Radix sort algorithm 96MB data; 20000pass
BFS Breadth- rst search on an undirected| 1000000 vertices; 100pass
graph

4.4 Methodology

In this section, we describe our data collection methodology, event selection technique, and

model construction.

4.4.1 Data Collection

We modi ed all the applications to include apro ling CPU thread that periodically measures
instantaneous power and board temperature via NVML and system activities via CUPTI.
This thread periodically looks up dedicated GPU hardware registers for measurement and
does not interfere with normal GPU execution. The pro ling interval was set to 20 ms for

the C2075 GPU and 1000 ms for the K20c GPU considering the capabilities of the power
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Table 4.3: Testing applications
| Benchmark | Description \ Problem Size

LULESH Unstructured explicit shock hydrodynam-| 90 edges
ics problem using Lagrangian methods

S3D Chemical reaction computations across48/40 edges; 2506ass
regular 3D grid

QTC Quality threshold clustering algorithm 26x1024

FWT Product of a square data set and matrix 128 (Data), 32M (Kernel)
of basis vectors

Eigen Eigen-value calculation for a given matrix| 32768x32768

NW Needleman-Wunsch algorithm for DNA-| 16384seq 20 pass
sequence alignment

Hotspot Processor-temperature estimation based2048x2048, 4(ht) ; 6000ter
on architectural oorplan and power mea-
surements

Histo Histogram calculations for number of oc: 256Wx8192H
currences of each value

MRI-Q MRI image reconstruction from sampled 128x128x128
radio responses

TPACF Two-point angular correlation function to | 48589 pts; 10(ass
measure distribution of massive bodies in
space

measurement infrastructure of these systenisThe problem sizes for the di erent applica-

tions were chosen to ensure that we collect enough data points for model construction and

testing. The relevant details for each application is shown in Tables 4.2 and 4.3.

4.4.2 Event Selection

Selecting the right predictors in a regression model plays an important role in determining
the accuracy of the model. While all relevant events could be included to maximize the
accuracy, current GPUs have only a limited number of hardware counters to pro le events.

Furthermore, several pairs of events cannot be simultaneously pro led. This severely limits

2We chose 20ms for C2075 versus 1000ms for K20c as the latter has issues with ne-grained power

measurements as reported in [28].
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the number of events that can be included in the model.

From several tens of available events, we select a concise set to model power consumption.
The selection is done in two phases. In the rst phase, we consider the events in isolation
to identify those exhibiting high correlation with power. In the second phase, we consider
the events in concert, identifying non-redundant events that can be simultaneously pro led

to address device limitations.

The steps involved in the rst phase are listed below:

1. We collect performance counters and power drawn for eathpplication, eveng pair

by running the applications multiple times.

2. We compute the Pearson's correlation coe cient between performance counters and

power for each application individually, and for all the applications collectively.

3. We eliminate the events showing a low overall correlation less than The value for
was set as 0.65 for C2075 and 0.55 for K20c by manually performing sensitivity analysis

to maximize accuracy.

4. From the remaining set of highly correlating events, we eliminate those events that do

not consistently show high correlation across applications.

We show the events identi ed at the end of this phase in the form of a correlation heatmap

for the two GPUs under consideration in Figure 4.2a and Figure 4.2b.

Figure 4.3 shows the algorithm used in phase two to determine events that are ultimately
included in the power model. In this algorithm, the events are considered in decreasing order
of overall correlation, with the highest correlating event selected rst. For subsequent events,

we check if they can be pro led simultaneously with the events already selected. If so, such
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(a) Correlation heatmap for C2075

(b) Correlation heatmap for K20c

Figure 4.2: Correlation heatmap. Performance counters showing the highest overall correla-
tion with power (in decreasing order). Higher correlations are represented by darker shades
and lower correlations are represented by lighter shades.

events are included in the model only if they do not correlate with any of the events selected

prior. As a result, we eliminate events that do not provide any new information.

The performance counters identi ed at end of this phase for modeling power are described

below:

"~ ACT _CYC: Number of cycles in which the GPU has at least one active warp.
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Figure 4.3: Algorithm for event selection

"~ DRAM-R: Number of read requests sent to DRAM.
INST _ISS: Number of instructions issued.

INST _EXE: Number of instructions executed.

L2-R: Number of read requests sent to L2 cache.

" L2-W(L1): Number of write requests sent to L2 cache from L1 cache.

Among these, onlyACTCYCINSTISS and INST. EXEwere selected for both the GPUs. The

di erence between the two GPUs is that reads PRAM-R.2-R) correlated with power on

the C2075, whereas writesL2-W(LJ) correlated with power on the K20. Table 4.4 shows
the predictors used for the two GPUs. We also consider portable models constructed using
only those counters that show high correlation for both the GPUs under consideration. We
consider these models to evaluate the scope of architecture-independent models. That is, we

study whether it is possible to construct a single power model that works for all GPUs.
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Table 4.4: Predictors used in the models

| Counter | C2075 | K20c | Portable |

ACT CYC| + + +
DRAM-R | +
INSTISS| + + +
INST EXE | + + +
L2-R| +
L2-W (L1) n

4.4.3 Modeling

We construct ve di erent models: simple linear regression (SLR), basic multiple linear re-
gression (MLR), basic multiple linear regression with interaction (MLR+l), quadratic mul-

tiple linear regression (QMLR), and quadratic multiple linear regression with interaction
(QMLR+I). We also explore the following approaches to construct the above ve types of

models.

Application-Independent Models: Two distinct sets of workloads are used for the train-
ing and testing phases as described in Section 4.3. From each workload used in the training
phase, we collect 150 power and performance counter values to construct the model. This
ensures adequate representation of each application in the model construction and avoids
biasing the model towards longer-running applications. We use then function available in

the statistical software Rto construct the model. The intercept values are xed at 83W and
42 W for the C2075 and K20c GPUs respectively. These values are the power consumed by
the GPUs in their active idle state The predictors of these models are the events identi ed in
the event selectionstep. For the MLR models, we further re ne the model by using stepwise
regression to eliminate predictors that are not useful. To achieve this, we use thiepAIC

function in R

Application-Dependent Models: To increase the accuracy of the models, we explore
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application-dependent modeling. However, constructing such a model involves a one-time
cost for each application. To reduce the cost, these models can be constructed using small-

sized problems that run only for a few iterations.

Online Models: Our proposed technique for improving the accuracy while addressing the
drawbacks of application-dependent modeling involves the construction of a power model
using the GPU's power sensors during the rst few seconds of an application's execution. The
power consumed by the rest of the application is predicted from the model thus constructed.
The idea is to use a low-resolution power meter to construct a high-resolution power model
for ne-grained power management. To test the feasibility of the approach, we study the
sensitivity (i.e., accuracy) of the model with respect to the number of samples (or data
points), thereby determining the minimum number of samples required to construct these
application-dependent models at runtime. A low number of samples indicates that the model

can be constructed quickly within the rst few seconds of an application's execution.

Temperature-Aware Models: An initial analysis of the predicted values on the workloads
used in the training phase revealed that the accuracy steadily decreased with an applica-
tion's execution time. This is because the long-running applications increased the GPU's
temperature which in turn a ected the leakage power. To study the relationship between
temperature and power, we operated the GPU under di erent temperatures. We performed
this study by measuring theactive idle power after the execution of a stress workload that
increased the GPU's temperature. As also seen previously in Figure 3.4, we nd that idle
power is a ected by the temperature of the operating device. Therefore, in order to accom-
modate the e ect of the GPU temperature on power consumption, we add temperature as

a predictor to the models under consideration.
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Figure 4.4: E ect of temperature on idle power

4.5 Results

In this section, we present the accuracy of the various models in terms of mean absolute
error percentage, which is calculated as follows: for every time slice (20 ms for C2075 and

1000 ms for K20c), the absolute error percentage is calculated using the following equation:

jEstimated Power Measured Powgr

Error % =
Measured Power

100 (4.1)

The mean absolute error for an application is then calculated by averaging the values ob-

tained across time slices.

Application-Independent Models

Table 4.5 summarizes the results obtained for the various models on the target GPUs. The
values presented in this table are the geometric mean error across all the test applications.
We make two observations that hold true for both the GPUs: (i) temperature-aware models
consistently produce signi cantly higher accuracy compared to the basic models, and (ii)

linear models produce the highest overall accuracy with a mean error percentage of 4.49%
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on C2075 and 6.14% on K20c.

Table 4.5: Mean error % for application-independent models

C2075 K20c
Models | Basic | Temp-aware | Basic | Temp-aware
SLR | 17.96 8.59 21.67 9.44
MLR | 11.59 4.49 18.66 8.29
MLR+I 14.02 6.83 14.74 6.14
QOMLR | 14.83 6.42 15.46 7.82
QMLR+!l | 19.05 10.31 19.56 8.86

Table 4.6 shows the coe cient terms for the best application-independent models (i.e., MLR
for C2075 and MLR+I for K20c). We observe that while modeling the interaction terms
helped in improving the accuracy for K20c, their contribution towards overall power is small,

as indicated by their disproportionately smaller coe cients. According to these models, one
degree Celsius increase in device temperature increased the power consumption by 0.4 W
on the C2075 GPU and 0.58 W on the K20c GPU. This can be attributed to the di erence

in transistor sizes: 40nm for C2075 and 28 nm for K20c. We note that the linear form of
the equations and the parameters used are similar to the CPU power models explored in
the past. This indicates the possibility of a generic power model for heterogeneous systems

worth exploring in the future.

Next, we present the mean error percentage for the applications individually in Fig 4.5. We
observe that even for the more accurate temperature-aware linear models, certain applica-
tions (e.g., Eigen) exhibited high error. To understand the nature of this high error, we
present the estimated and measured power pro les for QTC on C2075 and Eigen on K20c
in Figure 4.6 and Figure 4.7, respectively. We chose these applications to highlight both the
positives and the negatives of the models simultaneously. In both cases, we observe that
the MLR model accurately estimates the phase shifts in power, but not the exact power

values. If we subtract the estimated values by some constant o set, the error percentage
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Table 4.6: Coe cient values for the best application-independent models

Device CYC I IE DRAM-R L2-R L2-W L2-W*IE
C2075 || -3.62E-04| 4.91E-04 | 1.54E-03| 6.03E-03 | 1.22E-03 { {
K20c 5.73E-05 | -8.42E-05| 2.70E-05 { { 2.50E-05| 9.54E-14
L2-W*II L2-W*CYC CYC*IE CYcCH [I*1E Constant | Temperature

{ { { { { 8.30E+04 4.01E+02
8.23E-14 -1.41E-13 -3.99E-14| 1.25E-13| -2.19E-15| 4.20E+04 5.80E+02
Key:

CYC: Number of cycles in which the GPU has at least one active warp

I1: Number of instructions issued

IE: Number of instructions executed

DRAM-R: Number of read requests sent to DRAM

L2-R: Number of read requests sent to L2

L2-W: Number of write requests sent to L2

L2-W*IE: Parameter capturing the interaction between L2 writes and instructions executed
L2-W*I: Parameter capturing the interaction between L2 writes and instructions issued
L2-W*CYC: Parameter capturing the interaction between L2 writes and active GPU cycles
CYC*IE: Parameter capturing the interaction between active cycles and instructions executed
CYC*II: Parameter capturing the interaction between active cycles and instructions issued
II*IE: Parameter capturing the interaction between instructions issued and instructions executed
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drops dramatically, for example from 32% to 3% for Eigen on K20c. Our results indicate
that the application-independent models are robust predictors of power-phase shifts for the

workloads under consideration.

Figure 4.5: Application-independent models. Mean error % for applications shown individ-
ually for all evaluated models.

Cost of Portability: We evaluate portable models by restricting the models to include
only those events that have a high correlation with power consumption on both the GPUs
under consideration. Table 4.7 shows the error percentage achieved for these models. We
observe that the cost of portability is quite high. For instance, on C2075, the mean error %
increased from 4.49% for the best non-portable power model to 8.22% for the best portable
power model on C2075 as shown in Tables 4.5 and 4.7. Likewise, on K20c, the mean error %
increased from 6.14% for the best non-portable power model to 9.40% for the best portable
power model as summarized in Tables 4.5 and 4.7. This shows that even for successive

generations of GPUs, portable models cannot be constructed without sacri cing accuracy.
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Figure 4.6: Measured power and estimated power from application-independent models for
QTC on C2075.

Figure 4.7: Measured power and estimated power from application-independent models for
Eigen on K20c.

Overhead: We observe an overhead of less than 0.1% when we pro le up to ve performance
counters (the maximum used by our model) at a sampling frequency of 50 Hz. Our exper-

iments reveal that pro ling the performance counters does not induce additional overheads
on the GPU.
Application-Dependent Models

In this section, we evaluate if there are bene ts to using application-dependent models. We

observe that the application-dependent models exhibit higher accuracy than the application-
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Table 4.7: Mean error % for portable models

C2075 K20c
Models | Basic | Temp-aware | Basic | Temp-aware
SLR | 17.96 8.59 21.67 9.44
MLR | 18.55 8.22 23.36 8.48
MLR+!l | 18.26 11.15 22.84 9.40
QMLR | 16.76 11.24 22.27 9.23
QMLR+l | 18.36 11.63 20.87 8.79

independent model. Speci cally, the mean error % decreases from 4.49% to 1.02% for the
C2075 and from 6.14% to 0.88% for the K20c as shown in Table 4.5 and Table 4.8. Compared
to application-independent models, these models are provided with only the most relevant
information as their training data. This results in our model accurately estimating the power
consumption, as shown in Figure 4.9 and Figure 4.10 and not merely phase shifts as seen

previously with Figure 4.6 and Figure 4.7.

Table 4.8: Mean error % for application-dependent models

C2075 K20c
Models | Basic | Temp-aware | Basic | Temp-aware
SLR| 7.32 2.26 3.39 1.49
MLR | 4.73 1.62 2.64 1.22
MLR+I 2.94 1.07 2.22 0.92
QOMLR | 3.04 1.08 2.24 0.96
QMLR+I 2.79 1.02 2.17 0.88

Figure 4.8 shows the mean error of the various power models for each application. In most
cases, the application-dependent models exhibit signi cantly better accuracy compared to
the application-independent models. Notable exceptions include LULESH and S3D, which
are composed of several computational kernels with distinct characteristics whereas the other
applications are more homogeneous in nature. Such applications may bene t by modeling

each computational kernel separately.
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Figure 4.8: Application-dependent models. Mean error % for applications shown individually
for all evaluated models.

Constructing Power Models at Runtime

To achieve the high accuracy o ered by the application-dependent models, we rst construct
the model o ine once for each application separately. This step can be avoided if we could
construct the application-dependent models at runtime. However, for such models to be
useful in a runtime system, model construction should not introduce any signi cant overhead.

This means only a few samples may be used to construct the model using simple techniques.

Sample-Size Sensitivity: We measured the sensitivity of MLR to the number of samples
used for training. Figure 4.11 shows the cumulative distribution function (CDF) plot for QTC

on C2075. The x-axis represents error percentage and the y-axis represents the percentage
of estimated values that falls below a given error percent during the testing phase. Models

were constructed using the rst 50, 100, 200, 400, and 800 samples and tested for the entire
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Figure 4.9: Measured and estimated power for application-dependent models for QTC on
C2075.

Figure 4.10: Measured and estimated power for application-dependent models for Eigen on
K20c.

duration of the application (which consists of few thousand additional sample points). We
observe that the accuracy of the MLR model improves only marginally when we use more

than 100 samples.

Figure 4.12 shows the sample-size sensitivity for the remaining applications. We observe
that the di erent applications require di erent number of samples to accurately capture the
characteristics of the application. In general, about 100 sample points are su cient to con-
struct an accurate model for scienti ¢ applications, which produces no noticeable overhead.
Therefore, model construction is feasible at runtime as the overhead is minimal and the

accuracy obtained is high. However, for applications having heterogeneous characteristics,
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Figure 4.11: Sensitivity of power model to input data set size for QTC

such models need to be adapted dynamically depending on the kernel being executed.

Figure 4.12: Sensitivity of power model to input data set size for all test applications

4.6 Summary

In this chapter, we narrowed the knowledge gap between GPU power models and the existing

literature on CPU power models. We presented insights and techniques to address unresolved
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guestions regarding GPU power modeling, including the best modeling functions for GPU
power consumption, a maximal set of observable modeling parameters for run-time power
estimation, and a set of practical approaches to achieve the desired target error of 5%. We
identi ed system activities that correlate with power consumption of GPU systems, primarily
active GPU cycles, instruction-issue rate, instruction-execution rate, DRAM read-request
rate, L2-read request rate, L2-write request rate. We found that apart from system activities,
the device temperature plays a major role in determining the GPU's power consumption.
We found that linear functions involving a few simple parameters are su cient to model a
GPU's power consumption. Speci cally, we showed that application-dependent models are
highly accurate with a mean error of 1% and a worst-case error of 5%. Finally, we showed
that such application-dependent models can be constructed at runtime from data collected
during the rst two seconds of an application's execution resulting in an average error under

the desired target of 5%.



Chapter 5

Reducing Chip-Interconnect Power

via Proactive Management

5.1 Introduction

Under initiatives such as the U.S. Department of Energy's DesignForward [47], FastFor-
ward [50], and PathForward [116], vendors have proposed exascale system design with larger
heterogeneous processors, 3-D stacked high-bandwidth memory, and improved technology
nodes to help achieve DOE's exascale goals [139, 155, 156]. Our analysis in this chap-
ter shows such designs will exacerbate a known problemmterconnect power consumption
That is, the cost of moving data over the processor's chip interconnect will make it di cult

to build an exascale supercomputer that operates under the desired power budget.

Figure 5.1 presents the results from our analysis where we can see that the data movement
between the main memory and last-level cache (LLC) is estimated to consume over 34 W

for a futuristic processor targeting exascale computing. The same applicatioROTID is

71
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Figure 5.1: Chip interconnect power for transfers between main memory and last level cache
for a 2014 GPU and a futuristic GPU

estimated to consume only 2.7 W on an AMD FirePre-W9100 GPU released circa 2014 [9].
While past research has also identi ed chip-interconnect power to be a problem in chip
design [105, 97, 26, 66, 133], our analysis, presented in Section 5.2, suggests that the power

consumed by the chip interconnect could be much larger for exascale processors.

To address this problem, we propose to proactively manage the dynamic voltage and fre-
guency scaling (DVFS) state (also referred to as P-state) of the chip interconnect. Our
proposal seeks to use light-weight phase predictors to learn future chip-interconnect tra c
requirements from past observations and set the chip interconnect's P-state appropriately.
We identify the problems in designing such a phase predictor via detailed characterization
studies and design a general predictor that delivers noise-robust forecasting of power con-

sumption. Speci cally, our major contributions in this chapter include the following:

" We present a taxonomy of chip-interconnect tra ¢ by studying 37 di erent
applications. We identify the challenges in forecasting chip-interconnect tra c: (i)
global phase-change behavior, (ii) naturally occurring noise in chip-interconnect tra c,

(i) quantization e ects arising from mapping raw chip-interconnect tra c (a continu-
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ous value) to discrete P-states, and (iv) the diversity of applications, which makes the

building of a one-size- ts-all predictor di cult.

A

We present a novel application of approximate pattern matching to history-
table predictors. The application of approximate matching algorithms to erstwhile

history-table predictors helps to address issues related to noise in the observed tra c.

We present an extensive analysis of our predictor and tune its various pa-
rameters . Our analysis indicates that treating the history-table predictor as a small
cache of rules and outcomes with the least-recently used (LRU) policy for replacing
rules is a viable approach for building low-overhead predictors. In addition to reducing
the memory footprint and computational overheads, limiting the size of the history

table also helps the predictor adapt itself quickly taglobal phase changes.

In addition to the above contributions, we present a quantitative analysis that compares our
approach with Markov predictors, another popular approach for proactive management of
architectural resources. We also present results from a trace-based simulator that compares
a proactive power-management technique using our predictor versus reactive management.
Our experimental data shows that we can save over 25.5% (6.0 W) of the chip interconnect's
power while reducing performance by only 1.5% and adding less than 0.5 W of power overhead
for our proactive technique. A reactive technique, on the other hand, would save slightly
more power on the chip interconnect (31.7%), but it does so by underestimating the chip-

interconnect tra ¢ which, in turn, degrades performance by 8.0%.

The rest of the chapter is organized as follows. Section 5.2 explains why chip-interconnect
power poses a major problem for exascale designs. Section 5.3 presents an overview of our
proposed proactive power-management approach. Section 5.4 presents a characterization

of chip-interconnect tra ¢ from 37 applications and highlights the challenges in the proac-
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tive management of the chip interconnect. In Sections 5.5 and 5.6, we present a Markov
predictor and history-table predictor for chip-interconnect tra c management, respectively.
Section 5.6 also describes extensions to the history table-based approach to improve the
prediction accuracy. For a baseline processor described in Section 5.7, we present simulation
results comparing various power management approaches with and without our predictor in

Section 5.8. We present our conclusion in Section 5.9.

5.2 Background

In this section, we explain the factors governing chip-interconnect power and highlight the
emerging trends a ecting these factors. We quantify the impact of these trends by comparing
the chip-interconnect power for two general-purpose graphics processors (GPUs) | AMD
FirePro—W9100 GPU from 2014 and another being &uturistic GPU targeting exascale

computing.

5.2.1 Basics of Chip-Interconnect Power

This section reinforces our ndings from Chapter 3. Chip interconnects are wires that
connect various modules of a processor (e.g., cores and memory) and are responsible for data
movement and transmission of control signals across these modules. The power consumed

by the chip interconnect is given by the following formula [100]:

P=AF C V2 F (5.1)
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Here, AF is the activity factor, C is the e ective capacitance,V and F are the operating

voltage and frequency of the chip interconnect. Equation (5.1) can also be rewritten as:

P=k DTL V2F (5.2)

According to this equation, the various factors governing chip-interconnect power are as

follows:

Data Volume (D). As the chip interconnect sends and receives more data, its activity
increases and more power is spent on the chip interconnect. This term relates to the

AF in Equation (5.1).

Chip-Interconnect Length (L). Data that travels over a longer distance in the chip

burns more power in the wires.

Toggle Rate (T). Di erent patterns sent over the wires produce di erent toggle rates,

which in turn a ects active capacitance and thus chip-interconnect power.

Voltage (V) and Frequency (F). The same amount of data sent over the wires

consumes di erent amounts of power depending on the operating voltage and frequency.

Constant (k). The constant factor depends on the material used for the chip inter-

connect and the process technology in which it was built.

5.2.2 Emerging Trends

While past studies have shown chip interconnects to be a major source of power consumption,

recent trends exacerbate this issue, as articulated below.
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Bigger Chips. In the past several years, performance improvements in high-end server
processors have largely come from transistor scaling, which helped increase the core count in
modern processors. However, with the diminishing returns from Moore's Law, it has become
harder to increase core count just from transistor scaling. Nevertheless, the number of
cores in high-end processors have continued to increase by building larger chips. Previously,
building larger chips was cost prohibitive due to yield issues. However, the recent shift
from designing monolithic chips to modular chips via technologies such as multi-chip module
(MCM) [16] and chiplet designs [151] have made building larger chips possible. A side e ect
of the above trend is that, data has to move through a longer distance on larger chips on an
average. Consequently, as implied by Equation (5.2), the chip interconnect would consume

more power on a per-bit basis as compared to previous generation processors.

Higher Memory Bandwidth. Historically, DRAM bandwidth has lagged behind compute
performance improvements, which has kept the proportion of power spent moving data
between memory and the last-level cache (LLC) low. However, with the recent introduction
of stacked memory architectures, such as high-bandwidth memory (HBM), hybrid memory
cube (HMC), and wide I/O (WIO), the available memory bandwidth has seen a sharp
increase [43]. For instance, data in [13] shows that a single stack of HBM o €mur times

the bandwidth of GDDR5. While the o -chip data movement energy is signi cantly lower

for HBM compared to GDDR5 on a per-bit basis, the on-chip data movement cost (e.g.,
between the memory controller and last-level caches) remains the same. As a result, higher

memory bandwidth will result in a larger proportion of power spent on the wires.

Failure of Wire Scaling.  While the end of Dennard scaling has resulted in a slowdown of
the rate at which transistor's power scales, Borkar showed that wires are scaling at an even
slower rate [26]. Therefore, the amount of energy (and thus, power) spent in on-chip data

movement will increase as a proportion of total energy (and power) consumption of the chip.
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5.2.3 Analysis of Chip-Interconnect Power on Emerging Hard-

ware

Here we present the power consumed on on-chip wires while moving data from the GPU's
memory to the L2 cache for the ten-most data-intensive applications from our study. The
data is presented for two generations of GPUs | AMD FirePro—W9100 GPU that de-
buted in late 2014 and a futuristic GPU targeted at exascale computing nodes. Table 5.1

summarizes the key parameters that a ect the chip interconnect power.

Table 5.1: Reference GPU vs. futuristic GPU

Chip Interconnect Parameter Ref. GPU Futuristic
P (c. 2014) | \Exascale” GPU
Technology Node| 28 nm 14 nm

Voltage | 1.125V 1V
Frequency| 0.93 GHz 1.00GHz
Bandwidth | 320 GB/s 3810 GB/s
Avg. distance (up to L2) | 11.5mm 28.5mm

As Figure 5.1 shows, these applications spent only 1.2-2.7 W of power in moving data and
delivering it to the L2 cache on the reference GPU from 2014. However, in the futuristic

GPU, the same applications would consume 15.3-34.3W of power, an order-of-magnitude
increase. Clearly, chip-interconnect power is a major concern that needs to be immediately

addressed.

5.3 Proactive Chip-Interconnect Power Management

With chip interconnect consuming 34 W out of a typical 200 W TDP for real applications, ac-
tive power management of the chip interconnect is necessary in order to achieve the exascale

goal under 20 MW. Like past work [105], our proposal seeks to operate the chip interconnect
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in a separate DVFS domain. Since the cost of dynamic V-f scaling is high (particularly
for larger chips), we limit the periods of V-f scaling in this work to the time between GPU
kernel launches. This approach has the added advantage of being able to overlap V-f scaling
overheads with kernel launches. Because the characteristics of an application changes dras-
tically across GPU kernels, we also propose to predict the chip-interconnect tra ¢ required
for a given kernel ahead of time. Thus, the central contribution of this paper is in building

a light-weight predictor that is capable of forecasting the tra c requirements accurately.
While past research in phase prediction has studied the problem of forecasting character-
istics of an application ahead of time [73, 77, 75, 71, 143, 134], our contribution di ers in
three aspects. First, we make predictions at kernel boundaries while past work focused on
predicting at regular intervals of time. This means we make predictions when an application
phase changes, an arguably harder problem than making a majority of the predictions when
an application is in a stable state. Second, the characteristics of applications have changed
over time, making it necessary to revisit phase prediction. Third, our work concerns the
use of predictors to manage chip-interconnect power, a less-explored component within the
processor. Upon predicting the chip-interconnect tra ¢ for an upcoming GPU kernel launch,
we set the DVFS state of the chip interconnect appropriately to reduce its power usage. In
the next section, we present challenges and opportunities in predicting the chip-interconnect

tra c a priori.

5.4 Characterizing Chip-Interconnect Tra c

In this section, we characterize the chip-interconnect tra ¢ of our target applications along
four dimensions|pattern type, noisiness, pattern length, and dynamic tra c rangelin or-

der to identify challenges in forecasting tra ¢ ahead of time. We select 37 applications from
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Rodinia [33], Parboil [148], PolyBench [123], OpenDwarfs [52], Mantevo [62], Phoronix [90],
DOE Exascale Proxy Apps [125], and AMDAPP SDK [12] for this study. Table 3.3 summa-
rizes these applications while Figure 5.2 presents the raw tra c traces.

Table 5.2: Characterization of chip-interconnect tra c for target applications

| App. | Source | Pattern Type | Length | Noise | Range |
ADI | PolyBench Global 73 0.4 0.4
AMG | ProxyApps Global 74 0.1 0.9
BC | Pannotia Seasonal 8 0.1 0.4
BFS | Rodinia Trend 3 0.0 0.1
BLAS | AMD SDK Irregular 792 0.4 0.7
BWA | OpenDwarfs Global 2 0.2 0.1
CFD | Rodinia Global 7 0.0 0.8
CLF | Mantevo Seasonal 130 0.1 0.9
CL3D | Mantevo Irregular 341 0.1 0.5
DBLAS | AMD SDK Hybrid 3 0.4 1.0
DIG | PolyBench Irregular 1 0.1 0.2
FDTD | PolyBench Seasonal 2 0.1 0.7
FWT | AMD SDK Irregular 3 0.7 0.1
GAU | Rodinia Trend 8 0.2 0.1
GS | Polybench Seasonal 3 0.0 0.2
GRO | Other Seasonal 1 0.0 0.1
HMM | Other Global 5 0.1 0.7
JCB | PolyBench Uniform 1 0.9 0.3
JUL | Phoronix Irregular 3 0.8 0.0
LU | PolyBench Seasonal 2 0.0 0.9
MNDL | Phoronix Irregular 87 0.9 0.0
MF | AMD SDK Seasonal 8 0.0 0.7
NMF | Other Irregular 34 0.7 0.9

Pattern Type. Our proposal involves exploiting repeating tra ¢ patterns in applications
for proactive power management. These patterns can be of di erent types. First, the least
complex is theuniform pattern, where tra c remains largely constant, as seen inJCBin
Figure 5.2. Next, inseasonaltype, we see a regular repeating pattern as in the case Mf
The seasonalpattern may also be seen in conjunction with global pattern where di erent

seasonal patterns are seen over di erent periods of time as in the caseHMMSometimes,
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App. | Source | Pattern Type | Length [ Noise | Range |
NPB-BT NPB Seasonal 19 0.0 0.9
NPB-CG | NPB Seasonal 4 0.1 0.9
NPB-LU | NPB Irregular 558 0.8 0.5
NPB-MG | NPB Seasonal 106 0.2 1.0
NPB-SP | NPB Seasonal 14 0.0 0.9
PRK | Pannotia Seasonal 2 0.7 0.1
PB-BFS | Parboil Irregular 1 0.0 0.0
SCN | OpenDwarfs Global 3 0.0 0.5
SSSP | Pannotia Global 6 0.0 0.7
SC | Parboil Seasonal 3 0.0 0.7
SW | Other Seasonal 5 0.0 0.7
TL | Mantevo Seasonal 62 0.0 0.8
TL3D | Mantevo Irregular 60 0.7 0.2

TRD | OpenDwarfs Trend 1 0.0 0.9

seasonalpatterns appear in conjunction with a long-termtrend as in the case ofSAUIn this
example, we see a long-term decrease in tra c. Finally, we have theegular patterns as in

the case ofPB-BFSwhere there are no repeating patterns.

Noisiness. A perfectly repeating pattern is rarely seen in the real world for various reasons.
The state of the memory hierarchy, for instance, could di er with each GPU kernel launch
resulting in di ering amounts of data fetched from the main memory over the chip inter-
connect. We term these perturbations in pattern as noise. To quantify the degree of noise
in the tra c patterns, we borrow concepts from the academic eld of signal processing. In
signal processing applications, a signal is correlated with itself (i.eytocorrelation (ACF))

with a delay factor (known aslag) to nd the presence of repeating patterns. A high value
for ACF indicates the presence of patterns. Signals obscured by noise tend to have lower
ACF values. In a similar manner, we nd the ACF for chip-interconnect tra ¢ and calculate

the noise for an application as = ACF. An application exhibiting high noise on the chip

interconnect is likely to be di cult to be proactively managed. Our goal in this dissertation
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Figure 5.2: Tra c traces for applications under study

is to design a predictor that is robust to the presence of occasional noise.

Pattern Length.  Patterns can vary in length. For instance, MFshows a simple repeating
pattern of length 2, whereasNPB-MGhows a more complex pattern of length 53. For our
characterization, we calculate the length of a pattern as thé&ag at which we observe the

highest ACF value for the application.

Dynamic Tra ¢ Range. The dynamic range for an application is the di erence between

the highest and lowest chip-interconnect tra c. The range is normalized to a scale of 0-1.
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5.4.1 Challenges in Forecasting Chip Interconnect Tra c

We identify the following challenges in forecasting chip-interconnect tra ¢ ahead of time:

" Complex Pattern Types.  While simple predictors may work foruniform and sea-
sonal patterns, the more complex patterns are harder to predict. For instance, a
predictor trained during the initial phases of an application may start mispredicting
the tra c upon a global phase change. Similarly, theabsenceof any pattern (i.e., ir-
regular pattern) needs to be recognized by the predictor to avoid adversely impacting

the performance of an application due to misprediction.

Diversity in Characteristics. Applications di er widely in pattern lengths and
dynamic range. Designing a predictor that looks for longer patterns may not work as
well for applications exhibiting shorter patterns and vice versa. Designing a predictor

that works well in di erent scenarios may be challenging.

Noisiness. Another important aspect of these applications is that over one-third of
the application contains noise of over 20%. This means that when we try to match a
previously seen pattern with the current execution window, there oftentimes will not
be a match. The accuracy of the predictor could drastically drop even in the presence

of a small amount of noise.

Quantization E ect. Chip-interconnect tra c is a continuous value; DVFS states are
discrete. Sequence data prediction techniques that have been reported to be successful
in power management of other components of a processor [72, 74, 76, 135] operate only
on discrete values rather than continuous value. Therefore, we quantize (or bin) chip-
interconnect tra c into non-overlapping bands (i.e., levels) before we make predictions.

This quantization of continuous values into discrete bins adds noise to be pattern. For
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instance, when we binned interconnect tra ¢ 0-50 GB/s to level 1 and 50-100 GB/s to
level 2, we sometimes observed GPU kernels that uctuates around 50 GB/s depending
on the state of the cache before the GPU kernel begins execution. In these cases, the

kernel may show up as level 1 or level 2 with a random probability.

In this dissertation, we seek to design a predictor that addresses the above challenges in

phase prediction.

5.5 Markov Predictor

Markov predictors can forecast future states of a stochastic system based on its current
state. They can be easily implemented in hardware and are used for various speculation-
based optimizations such as branch prediction [34], prefetching [79], dynamic cache sizing,
and processor width adaption [143]. For power management, Markov predictors have been
used by researchers for disks [53] and many-core processors [25]. For reasons described in
Section 5.3, we revisit the applicability of such predictors for proactive management of chip

interconnects.

Next, we briey explain the operation of Markov models for predicting-chip interconnect
trac with a toy application whose tra c is shown in Fig. 5.3(a). The chip-interconnect
tra c for this application can be in any one of three levels| low (state 1), medium (state
2), or high (state 3). This application sees a repeating pattern of lengteeven 1-3-3-3-3-
2-2. The Markov model for this pattern can be represented as a transition matrix shown in

Fig. 5.3(b).

In general, the Markov model for a system withiN states is represented as aNxN matrix

with the value at row | and columnJ representing the probability of transitioning from state
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Figure 5.3: lllustration of Markov model for interconnect tra c prediction

I+1 to state J+1 . If the application is currently at tra c level 1, we predict the upcoming
tra c level as level J which has the highest transition probability starting at levell. When
there are ties, the larger value of] is conservatively chosen so as to not adversely impact
the performance by under-provisioning the chip interconnect. While the Markov model itself
is powerful enough to forecast multiple states into the future, our implementation predicts
only the next one state as it is su cient for our purposes. In our implementation, the
transition probability matrix is implemented using simple counters and is updated upon each
observation of chip-interconnect tra c. While updating the counters after each observation
incurs a sizable overhead, this implementation provides us with an upper bound on the

prediction accuracy of Markov models.

5.5.1 Accuracy of Markov Predictor

In this subsection, we present the accuracy of Markov model for forecasting the chip inter-
connect's trac. In our evaluation, predictions are made in the discrete domain and the
tra c bands are assumed to be of uniform width. The predictions begin after the rst 100

GPU kernel launches, which constitute the warm-up phase for the predictor.

Fig. 5.4 shows the percentage error for Markov predictor in predicting the chip-interconnect
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tra c of 37 di erent applications listed in Table 3.3. The results presented here is assume
that the chip interconnect supports 10 distinct DVFS states. The metric of choice is the

percentage error in prediction which is calculated as follows:

100 j Predicted State Actual Statej

Error % =
Actual State

(5.3)

Figure 5.4: Markov model cccuracy (10 DVFS states)

The average prediction error for Markov models is 5.4% while the maximum error we observe
is 24.9% as in the case GCNand the minimum error observed is 0% as in the case of several

applications such aBWAGAUJUL, PB-BFSBFS GR FwWand MNDL

SCNapplication exhibits a high error due to itsglobalphase-change behavior. Fig. 5.5 depicts
the challenge withSCNvhere during the initial phase of the application, a pattern length of 2
and a dynamic range of 0.4 is observed, whereas in the latter phases a pattern length of 3 and
a dynamic range of 0.5 is seen. The pattern seen in the initial phase is fairly simple and the
Markov model accurately predicts the tra ¢ 100% of the time. The latter phases also show

a simple pattern; however, the Markov model is strongly in uenced by early observations
and keeps predicting level 5 as the next state whenever level 1 is seen. The Markov predictor
takes a long time to realize that a global phase change has occurred. Therefore, due to the

long-term memory of Markov models, applications withglobal phase change behavior (e.g.,
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ADI) tend to exhibit a high error. It is worth noting that the problem is less severe when

the global phase change results in an entirely new pattern.

Figure 5.5: Markov predictions at the beginning and end of the Scan application

Another cross-cutting theme seen in the results is that regardless of the pattetype, wher-
ever the dynamic trac range is very low (e.g., less than 0.1), the Markov model shows
high accuracy. This is because when raw tra c is binned into discrete bins, evarregular
applications behave likeuniform applications from the predictor's point of view. Several
applications with irregular pattern with high dynamic trac range (e.g., BLA$ also show a
comparatively low error. This is because of the nature of irregularity in these applications.
These applications exhibit uniform tra ¢ with occasional non-periodic deviations. Since the
Markov model optimizes well for the common case, the accuracy for this type of application

is high.

Another problem in forecasting chip-interconnect tra c that is not adequately solved by the
Markov predictor is related to the issue of quantizing continuous tra c values into discrete
bands. Suppose a commonly executed GPU kernel draws data from the chip interconnect
at a certain rate. If this tra c is close to either ends of a discrete band, then the observed
level of chip interconnect tra c will fall into two di erent bands even though the raw tra c

is roughly the same. Markov model shows a low accuracy in prediction when this happens

as in the case oNPB-SP
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5.6 History Table-based (HT) Predictor

History table-based (HT) predictors are some of the most commonly used predictors in
branch prediction [30]. In our work, we adapt HT predictor to predict chip-interconnect traf-

c. Compared to branch prediction, predicting the chip-interconnect tra c is an arguably
harder problem because in branch prediction, the predictor makes decisions between one of
two choices: branchaken or not taken Furthermore, when encountering program structures
such asloops one frequently takes the branch which makes it easier for the branch predictor
to achieve a high accuracy. In contrast, in our problem, the predictor needs to predict the
tra c level for the upcoming kernel which is not a binary decision. In the rest of this sec-
tion, we introduce the basic operation of the table-based predictor, explain some commonly
encountered problems in predicting chip-interconnect tra ¢, and propose optimizations that

addresses these problems.

5.6.1 A Simple HT Predictor

First, we explain the basic operation of a HT predictor (HTP) with an example. Let's
consider the sameoy application and its chip-interconnect tra c (discretized into three
states) seen for the Markov predictor. Recall this application has a repeating pattern of
length 7 (namely,1-3-3-3-3-2-2). We now explain how this pattern is recorded in the history

table and how it gets used to make proactive decisions.

The history table consists of two primary elds|pattern (also referred to as rule) and
outcome|that are essential for its operation. HTP operates as follows. First, the HTP
observes the tra c of each kernel via performance monitoring counters (PMCs). HTP de-
termines the discrete level corresponding to this tra c and pushes this information to a

FIFO queue-like structure known as the active window. Once the active window reaches a
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predetermined length (a con gurable parameter known as pattern length or rule length), the
HTP compares the active window with the pattern entries in the table. If a match is found,
then the outcome column tells HTP the expected tra c level for the upcoming kernel. In
the example shown in Fig. 5.6, we have a rule length of 4. After the end of the fth kernel,
we have the rst entry populated in the table as rule =1-3-3-3 and outcome of the rule as
3. At the end 11th kernel, the active window would be atl-3-3-3 again. The active window

is compared against the entries in the table and we nd a match. The outcome is estimated
to be 3 and the chip interconnect is provisioned appropriately. If there is no match to be
found, we overprovision the chip interconnect to the highest state possible to avoid adversely

a ecting the performance.

Figure 5.6: An instantiation of history table-based (HT) predictor

Sometimes as an application executes, we see that there are di erent outcomes for the same
patterns at di erent points of execution. In this case, we will have multiple matches for
the same active window. The ties in this case are broken by adding a separate eld to the
history table known asfrequency Each time an outcome is observed, thisequencycounter
gets incremented by one. This way, whenever there is a tie, we optimize for the common

case.
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5.6.2 Prediction Accuracy of HT Predictor

Fig. 5.7 shows the percentage error for HT predictor when 10 DVFS states are used. The
mean error across all applications is less than 3.5% compared to 5.4% for Markov predictors.
The HT predictor performs better on applications withglobal phase change as in the case

of SCNas it does not have problems associated with having a long-term memory.

Figure 5.7: Prediction accuracy of the history table (HT) predictor when using 10 DVFS
states

Finding the optimal rule length. As seen in our characterization study, applications show
patterns of varying length. Our goal here is to tune theule lengthto nd a con guration of
table that works for all applications. The results from the tuning experiment is presented in
Fig. 5.8, which shows the prediction accuracy of the HT predictor for di erent rule lengths.
From this experiment, we conclude that shorter rule lengths o er the best prediction results
even for applications where the repeating pattern is long. This is because a long repeating
pattern can be represented as a combination of several short patterns albeit separated by
other patterns. For all subsequent analysis performed in this paper, we X the rule length

as 4 which provides the best prediction accuracy.



Figure 5.8: Accuracy vs. rule length for the HT predictor
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5.6.3 Approximate Pattern Matching to Address Real-World Noise

The basic version of the HT predictor does not perform well in one case|when the applica-
tion has a lot of noise. To address this problem, we introduce approximate pattern matching
to the history table. Consider the tra c pattern shown in Fig. 5.9(a). In this pattern, we
observe some noise (due to reasons such as quantization e ect) in what would otherwise be
a regular repeating pattern. Due to this noise, after executing the 15th kernel, the active
window would be at 3-2-3-1 which does not have a match in the history table. In fact,
there would be no match in the history table for the surrounding three kernels as well. The
presence of noisy data in one of the kernels would result in misprediction for four kernels,

which could be easily avoided.

To solve this problem, we propose to use approximate pattern matching instead of nding
exact matches when comparing the active window against the rules in the history table. We
calculate the edit distance between the active window and the rules in the table as shown
in Fig. 5.9(c). If the edit distance is less than a threshold, we consider that a match. In
our implementation, we allow a maximum edit distance obne for a successful match. With
this approach the active window at3-2-3-1 would match with the rule 3-2-2-1 and correctly

predicts the next state as3.

The results for approximate pattern matching-based HT predictor are shown in Fig. 5.10.
The applications that saw a signi cant improvement in prediction accuracy includeNMF
CL3DDBLASAMGNPB-MGNPB-LUand TRDOn the other hand, applications such a3L and
SWsaw a decrease in prediction accuracy. In the latter two cases, the approximate pattern
matching inadvertently matched with a di erent rule when an exact match was available.
Nevertheless, the approximate pattern matching predictor reduced the average prediction

error from 3.5% for exact matching predictor to 2.7%.
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Figure 5.9: History table-based (HT) predictor with approximate matching to handle real-
world noise

Figure 5.10: Approximate history table (HT) prediction accuracy for 10 DVFS states
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5.6.4 HT predictor as a space-limited cache of rules

So far, we assumed that the history table can hold an in nite number of entries. However
this is unrealistic in practice for two reasons: the memory footprint of the table and the
cost of performing a search for matching patterns becomes prohibitive when we have in nite
entries in the table. Therefore, we introduce a modi cation to the history table. We add a
last used eld, as shown in Fig. 5.11, and limit the number of entries in the table. We adopt
a least recently-used (LRU) algorithm to replace old unused entries. The HT predictor now

acts as a small cache of rules and outcomes.

Figure 5.11: Modi cations to the history table for limiting the size of the table and associated
overheads

Fig. 5.12 shows the average prediction error across 37 applications for space-limited HT
predictor. We observe a point of diminishing returns upon reaching 125 entries. Also it is
worth noting that the average prediction error is 2.1% for the space-limited HT predictor
whereas for an unrestricted predictor, the error increases to 2.7%. In addition to saving
memory footprint and search overheads, the replacement policy also helps deal with the

long-term memory issues seen in other predictors.
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Figure 5.12: Limiting the table size of HT predictor to reduce memory footprint and search
overhead.

5.7 Experimental Setup

In this section, we perform a trace-based simulation of the chip interconnect and compare
the power savings and the performance o ered by proactive and reactive power-management
techniques. This section describes the architecture and its chip-interconnect parameters used

for our evaluation. We also describe how the traces were collected for the simulation.

5.7.1 Architecture Evaluated

For our analysis, we assume a large heterogeneous processor composed of CPUs and GPUs
similar to those proposed for exascale systems [139, 155]. An illustration of the heterogeneous
processor used for our analysis is presented in Fig. 5.13. At the center are 8 CPU cores and at
either sides of the CPUs are clusters of 4 GPUs each. Each GPU is assumed to be composed
of 32 compute units (CUs) for a total of 256 CUs for the entire heterogeneous processor.
On the top of each GPU chiplet, we also assume the existence of 3D-stacked DRAM such
as some version of high-bandwidth memory (HBM). Each stack of DRAM is assumed to
operate at 0.9V and 1000 MHz providing a bandwidth of 0.5 TB/s. The eight stacks (one

per chiplet) together provide an aggregate bandwidth of 4.0 TB/s. The parameters of this

heterogeneous processor are provided in Table 5.4.
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Table 5.4: Architectural parameters

| Parameter | Value |
Total number of CUs 256
CUs per chiplet 32
Total number of chiplets 8
Voltage (V) 0.9
Frequency (MHz) 1000
HBM bandwidth per stack 0.5
Total HBM stacks 8
Overall HBM bandwidth (TB/s) 4.0
Technology node (nm) 7

Figure 5.13: Pictorial representation of the target heterogeneous processor

Data from the stacked memory is assumed to be sent to the processing units through chip
interconnects on an active interposer layer similar to the ones found in literature [78]. The
chip interconnect is assumed to be built with 14 nm technology compared to 7 nm technology
for the rest of the processor. This is consistent with server chips available in the market today
(2019). On average, we assume that to deliver data from the high-bandwidth memory to the
L2 cache (the last level within the GPU), the data has to travel a distance of 28.5mm. The
interposer is assumed to operate at 1000 MHz and 0.9V by default. Assuming an energy of
95.451J per bit per mm, this translates to a maximum wire energy of 82.9W. The power
consumed on this chip interconnect is the target of optimization in this paper. A summary

of the key parameters of the chip interconnect is provided in Table 5.5.
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Table 5.5: Chip interconnect parameters

| Parameter \ Value |
Number of nodes 16
Number of links per node 128
Link width 8 bytes
Chip interconnect Voltage (V) 0.6-0.9
Chip interconnect Frequency (MHz) 100 - 1000
Chip interconnect Technology node (nm) 14
L2-HBM distance 28.50
Energy/bit/mm (for interposer) 95.45
L2-HBM max. power 82.90

5.7.2 Chip-Interconnect Tra ¢ Trace Collection

The raw chip-interconnect tra c trace was collected on a Hawaii-generation AMD GPU
using performance counters and translated into chip-interconnect utilization. The utilization

is assumed to be the same on the evaluatedascalearchitecture as well. This is based on two
implicit assumptions. First, we assume that the performance of a GPU-accelerated program
and thus its memory usage scales uniformly with increasing CU count. Second, we assume
that a NUMA-aware programming model for GPUs takes time to evolve and programmers
continue to write code that results in memory accesses from a CU spread across memory
stacks. When programmers rewrite their code to ensure that accesses go to a memory stack
that is closer to the CU that the request originates from, the average distance that the data
has to move reduces. However, given the pace at which GPU applications are modi ed to
take advantage of the latest GPU innovations, we believe this change will happen over several

years and for the foreseeable future our assumption holds good.
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5.8 Results

We perform a trace-based simulation of the targeted architecture and compare the power sav-
ings and the performance o ered by proactive and reactive power-management techniques.
For the chip-interconnect power model, we use our model developed in Chapter 3 and update
the parameter values to represent 14 nm technology. The following methods are compared

in this section.

Baseline. Inthe baseline case, we assume that the DVFS settings of the chip interconnect is
set to the highest state possible. That is, the chip interconnect is set to 0.9V and 1000 MHz

throughout the course of execution of an application.

Reactive. In a reactive approach, the voltage can vary anywhere between 0.6V to 0.9V
and frequency between 100 MHz to 1000 MHz. The reactive technique sets the frequency of
the chip interconnect (and the corresponding voltage) to match the chip-interconnect tra c

requirements of the most-recently observed GPU kernel.

Proactive (Our Approach). In the proactive approach, the same range of voltage and
frequency values as the reactive approach is allowed. The proactive power-management
technique uses our proposed rule-based, space-limited, approximate pattern-matching HT
predictor. A rule length of 4, a table size of 100 entries, and an edit distance threshold of 1 is
used as the parameters of the predictor that forecasts chip-interconnect tra c requirements.

In this approach, the frequency of the chip interconnect is set to match the chip-interconnect

tra c requirements of the upcoming GPU kernel as estimated by our predictor.

Oracle. The oracle has omnipotent information and knows a priori what the optimal DVFS
state should be to minimize power consumption with negligible impact to performance.
The accuracy of the oracle is theoretical and would be impossible to achieve by an actual

predictor. However, we include oracle as a point of comparison to show that our proposed
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proactive technique approaches theoretical maximum.

Fig. 5.14 shows the power consumed by the chip interconnect when the above approaches are
used. The reactive approach can save up to 8.6 W (38.5%) of power on the chip interconnect
as in the case oDIG For the same application, our proactive approach saves 8.4 W while
the oracle would save 8.6 W. For the top 10 most power-hungry applications, the reactive,
proactive, and the oracle approaches would save 7.5W, 6.0 W, and 5.9 W, respectively over
the baseline. While the reactive approach would save signi cantly more power than the
proactive approach, it does so at the cost of signi cant performance degradation of 8% for
interconnect-bound applications as shown in Fig. 5.15. In contrast, the proactive approach
degrades performance by only 1.5% over the baseline. The power saved by the proactive

approach is similar to that of the oracle.

Overhead. We intend the predictor and the power manager to be implemented as a soft-
ware running on a microprocessor while consuming a low amount of power (e.g., less than
0.5W). The predictor runs on a separate microcontroller implementing power-management
algorithms. The decision to run the power manager on a microprocessor is based on cur-
rent designs by vendors. IBM, for instance, runs their power management on an on-chip
controller based on PowerPC 405. Intel's power-package control unit (PCU) manages power
consumption and runs on an embedded controller. The power constraints were chosen to be

representative of microcontrollers used in the real world [149].

We also intend that the predictions are made between kernel launches on the GPU and the
overhead of the predictions to be su ciently low enough for the kernel launch cost (5 [92])
to entirely hide the overhead of phase prediction. To satisfy these conditions, the micro-
processor must be able to provide 1680 MOP/s per watt. A memory size of 100 kB would
su cient to implement our predictor and would be comfortably satis ed by today's micro-

controllers. With today's 32-bit microcontrollers capable of performing 3600 MOPs/W [110],



99

our proposed approach should consume less than 0.5W of power. With reduced-precision

arithmetic, it is possible to implement our predictor at an even lower power consumption.

5.9 Summary

In this chapter, we identi ed chip-interconnect power to be a limiting factor in reaching the
exascale goal of 20 MW. We proposed operating the chip interconnect on a separate DVFS
domain and proactively setting the chip interconnect's P-state to lower the chip intercon-
nect's power. We performed a detailed characterization study of the chip-interconnect tra c
and identi ed several issues in proactively managing the chip interconnect. We proposed
modi cations to existing phase predictors resulting in a rule-based, space-limited, approxi-
mate pattern matching predictor which addresses the issues regarding generality of approach,
handling noise in observations, and power and capacity constraints. Finally, we showed that
our proactive approach saves up to 6.0 W of power on the chip interconnect while incurring
only a 0.5W overhead for a separate processor to run the predictor. The power saved with
our approach is comparable to an oracle while achieving 98.5% of its performance, thereby

making it a viable option for chip-interconnect power management.
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