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ABSTRACT

The continuous growth in computing capability has expedited the scientific

discovery and enabled scientific applications to simulate physical phenomena for

increased problem sizes. However, as the computing capability escalates, power

constraints are becoming a first-order concern for high performance computing

(HPC) facilities. For example, the U.S. Department of Energy has set a power

constraint of 20 MW to each exascale machine. How to achieve the target per-

formance under power constraints remains to be an issue. Therefore, efficient

operation of these facilities requires power constraints to be taken into account

at all layers, which potentially impacts the performance and energy efficiency.

In order to improve the performance and energy efficiency for computing and

storage resources under power constraints, I proposed the following three tech-

niques. First, I developed a power-aware checkpointing model through exploring

the interplay among power capping, temperature, reliability, performance, and

energy efficiency. Applying the model leads to maximized performance and en-

ergy efficiency, and minimized data movements over storage systems. Second, I

characterized the performance and energy efficiency of HPC workflows on het-

erogeneous processors. In addition, I also characterized how scientific simulation

and analysis react to power capping differently and how they vary based on er-

ror resilience. Based on the characterization of HPC workflows, I developed a

reliability-aware platform configuration model to determine the optimal platform

configuration which includes power allocation and distribution, power capping

levels, and computing scales for power-constrained HPC workflows. Third, I

developed a proactive burst buffer draining scheme to minimize the I/O provi-

sioning requirement of permanent storage systems while preserving the system
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I/O performance. Facing power constraints, reducing the storage provisioning

level directly decreases the power consumption of storage systems. Applying the

proactive burst buffer draining scheme minimizes the storage provisioning level

and power consumption without compromising the storage I/O performance.
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CHAPTER 1

INTRODUCTION

The continuous growth in computing capability has expedited the scientific dis-

covery and enabled scientific applications to simulate physical phenomena for

increased problem sizes [1, 2]. However, as the computing scale becomes larger,

the demands for power supply and heat dissipation are increasing rapidly. Power

and cooling cost has increased by over 400% in the past two decades [3], which

has become a nontrivial part of the budget. In recent years, power and cool-

ing constraints are becoming a first-order concern for high-performance comput-

ing (HPC) facilities. The existing facilities can barely host the next-generation

supercomputer. Therefore, efficient operation of these facilities requires power

constraints to be taken into account at all layers, potentially impacting the per-

formance and energy efficiency. However, how to achieve the target performance

and energy efficiency under power constraints remains to be an issue. For ex-

ample, the U.S. Department of Energy has set a power constraint of 20MW to

each exascale machine. To achieve exascale under this power constraint requires

significant innovation in circuits, architecture, power delivery, and cooling tech-

nologies [4].

In order to improve the performance and energy efficiency under power con-

straints in both processor layer and storage layer, I propose the following three

techniques. As illustrated in Figure 1.1, the power-capping aware checkpointing

model focuses on both computing and storage resources. The reliability-aware

platform configuration model focuses on the computing resources. The proactive

burst buffer draining scheme focuses on the storage resources.

Firstly, I proposed to study power constraints covering both processor layer

and storage layer. Scientists typically employ checkpoint-restart mechanisms to

1



Figure 1.1.: An example of modern HPC platforms. Overall architecture of

computing resources in Oak Ridge Leadership Computing Facility. The proposed

techniques focus on different layers of the system, which are circled with dotted

lines.

guarantee forward progress of the scientific simulations in case of failures [5–

7]. The checkpointing process has its own trade-off in terms of performance

and I/O overheads. It is important to checkpoint at the optimal checkpointing

interval (OCI). However, it is not clear how power constraints affect the OCI

decision. Therefore, I developed a power-capping aware checkpointing model to

maximize performance and energy efficiency, and minimize data movements over

storage systems. This power-capping aware model takes temperature, reliability,

performance, and energy efficiency into account when making OCI decisions.

Secondly, I proposed to explore power constraints at the processor layer. In

HPC workflows, data analytics is typically utilized to gain insights from scien-

tific simulations. On one side, under power constraints, emerging heterogeneous

processor architectures are gaining popularity since they can deliver higher per-

formance per watt. I characterized the performance and energy efficiency of
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HPC workflows on heterogeneous processors. Additionally, I also characterized

the behaviors of scientific simulation and analysis under power capping and fail-

ure events. On the other side, enforcing power limits is emerging as a practical

trend for power-constrained HPC facilities. However, it remains unclear how

to choose the appropriate power limits for various HPC workflows and how to

distribute the power limit of a workflow between simulation and analysis parts.

In addition, given a power limit, it is unclear what the optimal scales and power

capping levels are for various workflows, especially when taking reliability into

account. In order to resolve these issues in power-constrained HPC, I developed a

reliability-aware model to determine the aforementioned platform configurations

for HPC workflows.

Thirdly, I proposed to investigate power constraints at the storage layer.

HPC applications usually show bursty I/O behaviors [8]. In order to expedite

the applications, permanent storage systems are usually provisioned to serve

such I/O bursts. Approaching the era of exascale computing, non-volatile RAM

is introduced as burst buffers to absorb the bursty bulk data. However, with-

out judiciously draining the burst buffers, I/O bursts are passed down to the

underlying storage systems [9] which still need to be provisioned to serve the

I/O bursts. In order to minimize the I/O provisioning requirement and reduce

the power consumption of the storage systems, I developed a proactive draining

scheme to manage the draining process of distributed node-local burst buffers.

1.1 Power-capping Aware Checkpointing

As the computing scale becomes larger, the likelihood of failures also in-

creases. Failures prevent scientific applications from making forward progress. To

address this problem, scientists typically employ checkpoint-restart mechanisms

to guarantee forward progress of scientific simulations in case of failures [5–7].

Checkpointing is a periodic process that writes the “required-to-recover” appli-

3



cation state to permanent storage systems. When a failure occurs, the appli-

cation can restart from the latest checkpoint. Although checkpoint and restart

mechanisms can keep scientific simulations moving forward, writing and reading

application state incurs huge I/O overheads, which also impedes the scientific

productivity [10, 11]. At exascale, such overheads are anticipated to increase

further. In fact, it is estimated that in some cases applications may end up

spending more than 50% of total execution time on checkpoint, restart, and lost

work [12,13].

The checkpointing process has its own trade-off in terms of performance and

I/O overheads. A small checkpointing interval leads to high checkpointing I/O

overheads while a large checkpointing interval results in more lost work if a

failure occurs. It is important to perform checkpointing at the optimal check-

pointing interval (OCI) – a problem well-studied for the last several decades.

Young [14] proposed a first order approximation to the optimal checkpointing

interval. Daly [15,16] derived a high order estimation of the optimal checkpoint-

ing interval. There have been several other studies proposing finer refinements to

these models, but none of the prior works has considered the interaction between

power constraints and checkpointing intervals. Power consumption is becoming

a first-order concern for HPC facilities. Therefore, efficient operation of these

facilities requires power constraints to be taken into account at all layers. Power

capping essentially limits the maximum allowable power consumption of a plat-

form, potentially impacting temperature, reliability, performance, and energy ef-

ficiency. However, it is not clear how power capping affects OCI decisions. What

are the involved temperature, reliability, performance, and energy trade-offs?

Therefore, the goal of this work is to develop an understanding about the inter-

action between power capping and scientific applications relying on checkpoint-

restart mechanisms. This work is based on real-system experiments, analytical

models, and statistical techniques, and is driven by data obtained from the real

large-scale computing facility, Oak Ridge Leadership Computing Facility [17].
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The contributions of this work are as follows. First, I studied the impact

of power capping on compute and checkpointing phases for a variety of scien-

tific applications utilizing a widely-used checkpoint library (Berkeley Lab Check-

point/Restart) [5]. I also demonstrated and quantified how power capping af-

fects the system reliability due to change in processor temperature. Second, I

developed a power-capping aware OCI model which derives OCI for both execu-

tion time and energy consumption. Third, I validated the power-capping aware

model, and presented model and simulation driven results for a wide range of

scenarios. I showed that the proposed model is significantly more accurate than

previous power-capping unaware models. Compared to the previous models, the

power-capping aware model results in significant time and energy savings for both

petascale and exascale systems, with different checkpointing costs, wide range of

power caps, and for different application and system characteristics. The eval-

uation also shows that the proposed model can save up to 18% of energy and

execution time for a set of leadership applications from the Oak Ridge National

Laboratory. It also reduces the amount of data movement by up to 57% for these

large-scale applications. In addition, this work also reveals several interesting,

and previously unknown, insights about how power capping affects temperature,

reliability, performance, and energy efficiency of large-scale leadership applica-

tions1 in the presence of system failures, checkpoint, and restart.

To be noted that, this work [18] was published in the 46th international

conference on dependable systems and networks (DSN).

1.2 Reliability-aware Platform Configuration

HPC workflows comprise of large-scale scientific simulations and data anal-

ysis tasks, which produce and consume data respectively. Scientific simulations

run iteratively and produce raw data periodically [8]. In order to gain scientific

1Leadership applications refer to the large-scale applications that run on supercomputers fa-
cilitated by the U.S. Department of Energy.
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insights, a series of data analysis tasks are performed on the raw data. Using

offline analysis, data go through the persistent storage systems within the work-

flow, which incurs enormous overheads. By comparison, online analysis (in-situ

and in-transit) is gaining popularity in extreme-scale scientific analysis, because

it usually reduces the volume of raw data by several orders of magnitude [19].

In in-situ and in-transit workflows, analysis runs simultaneously with scientific

simulation in a pipelined manner.

In-situ, in-transit, and offline workflows have their own pros and cons. Extant

studies have largely focused on the performance of HPC workflows instead of en-

ergy efficiency. However, in recent years, power and energy concerns are drawing

more and more attention in HPC. Under power constraints, higher energy effi-

ciency means better performance per unit power consumption. How to run HPC

workflows in an energy-efficient manner remains unclear on the emerging hetero-

geneous processor architectures. There are multiple platform choices to run HPC

workflows, such as high performance and power-consuming CPUs (brawny pro-

cessors), low performance and power-consuming CPUs (wimpy processors), and

coprocessors. In addition, it is also not clear how simulation and analysis parts

of an HPC workflow behaves under power capping and failure events. In order to

resolve the above uncertainties and guide the rethinking of workflow execution

approaches, I performed comprehensive performance and energy efficiency eval-

uations for HPC workflows on emerging heterogeneous processor architectures.

In addition, I also characterized the different behaviors of HPC workflows under

power capping and failure events.

For power-constrained HPC workflows, enforcing power limits directly im-

pacts the performance and potentially impacts the energy efficiency. However,

it is not clear how to choose the appropriate power limits for various HPC work-

flows. Furthermore, exascale storage I/O requirement is projected to have an

O(100) increase as compared with petascale computing [20–23], which requires

more powerful data analysis. In HPC workflows, assigning too much power to
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one part (either simulation or analysis) affects the other part negatively under

power constraints. However, it remains unclear how to distribute the power limit

between the simulation and analysis in a workflow. In addition, facing the power

constraints, hardware over-provisioning also draws considerable interests [24].

Under a power limit, it is essential to choose the appropriate power capping lev-

els and scales for simulation and analysis respectively. Both power capping and

scaling affect the system reliability, which follow inverse variation under power

constraints. For example, given a power limit, an increment in the power capping

level leads to a decrement in scale. My previous study [18] reveals that a higher

power capping level leads to a smaller MTBF (mean time between failures). In

addition, a smaller scale is always accompanied by a larger MTBF. Therefore, it

is essential to explore the trade-off between power capping and scaling in order

to improve the system reliability which has significant impact on the overall ap-

plication performance and energy efficiency. However, under power limits, it is

unclear what the optimal power capping levels and scales are for HPC workflows.

To the best of my knowledge, no prior study has investigated the optimal

platform configuration for power-constrained HPC workflows. In this work, I

developed a reliability-aware model to determine the optimal platform configura-

tion, which includes power allocation and distribution, power capping levels, and

scales for power-constrained HPC workflows. This work is based on real-system

measurements, statistical techniques, data obtained from leadership computing

facilities, and analytical models.

The contribution of this work are as follows. First, I evaluated the per-

formance and energy efficiency of HPC workflows on heterogeneous processor

architectures. Second, I characterized how simulation and analysis parts of HPC

workflows react differently to power capping and vary in terms of error resilience.

Then, I developed a reliability-aware model to predict the optimal platform con-

figuration for power-constrained HPC workflows, considering both execution time

and energy consumption. Finally, I validated my model and presented model-
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driven studies for a wide range of real-system scenarios. This study reveals several

interesting and new insights about how platform configuration affects the execu-

tion time and energy consumption of HPC workflows under power constraints.

1.3 Proactive Burst Buffer Draining

In high-performance computing (HPC), scientific applications usually show

periodic bursty I/O behaviors [8]. In the computation phase, scientific applica-

tions rarely perform storage I/O operations. Analysis files and checkpoint files

are written intensively to the permanent storage system at the end of every com-

putation segment. At machine level, various applications run simultaneously.

The I/O phases of different applications overlap with each other, which leads to

even higher I/O peaks. Permanent storage systems are typically provisioned to

serve those I/O peaks, in order to minimize I/O overheads between consecutive

computation segments. However, this leads to resource underutilization between

consecutive I/O peaks. Taking the former supercomputer Intrepid at Argonne

National Laboratory as an example, the aggregate I/O throughput is lower than

one-third of the peak I/O bandwidth for 99% of the time [25] [26].

The ever-increasing computing capability exerts escalating I/O demands on

the storage systems. In order to boost I/O performance, burst buffers are in-

troduced to absorb the bulk data and expedite I/O requests [9]. For example,

supercomputer Cori at National Energy Research Scientific Computing Center

is equipped with an off-node shared burst buffer [27]. In addition, future su-

percomputer Summit at Oak Ridge National Laboratory will have non-volatile

RAM serving as node-local burst buffers upon delivery [28]. A burst buffer is

a layer of high-performance storage, which sits between main memory and per-

manent storage systems. HPC applications dump data rapidly to burst buffers

which asynchronously drain data to the underlying permanent storage system.
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Burst buffers can absorb I/O bursts, thus providing opportunities to relax the

provisioning requirement on I/O bandwidth of the underlying permanent storage

system. For example, with the introduction of high-performance burst buffers,

the permanent storage system of the next-generation supercomputer Summit [28]

is provisioned to have the same bandwidth (1 TB/s) as the storage system of

supercomputer Titan [29]. Unfortunately, if not judiciously designed, the burst

buffer draining process still causes similar I/O bursts (as on burst buffers) on the

permanent storage systems [9]. In this situation, the permanent storage system

still needs to be provisioned for I/O performance rather than storage capacity.

Forcing the reduction in the I/O provisioning of the permanent storage system

causes the following issues. First, the storage system suffers from severe I/O

contention and long tail latency at I/O peaks. This directly affects the read and

restart performance of scientific applications, data analysis tasks, data visualiza-

tion tasks, and interactive user activities on the storage system. Secondly, the

burst buffer draining speed is also impacted around the I/O peaks, which causes

data to accumulate in the burst buffers. If the burst buffer capacity is exhausted,

application I/O performance will get impacted. Finally, it is hard to determine

the minimal I/O provisioning requirement of the permanent storage system.

In order to relax the I/O provisioning requirement and resolve the aforemen-

tioned issues associated with bursty I/O behaviors, I propose a proactive burst

buffer draining scheme to regulate the bursty I/O behaviors and relax the I/O

provisioning requirement. Based on the proactive burst buffer draining scheme,

I propose a storage I/O provisioning model to predict the I/O provisioning re-

quirement for the permanent storage system. I evaluate the proactive burst buffer

draining scheme and show that it flattens I/O peaks and preserves the I/O per-

formance for other clients sharing the storage system. I also validate the I/O

provisioning model based on real-system traces and simulation, and perform sen-

sitivity studies on model parameters. Furthermore, I demonstrate that applying

the proactive burst buffer draining scheme to leadership applications achieves

9



near-maximal reduction in storage I/O provisioning requirement. Leadership

applications refer to large-scale applications running on the supercomputers fa-

cilitated by the U.S. Department of Energy.
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CHAPTER 2

LITERATURE REVIEW

In this chapter, I review the related literatures covering various aspects which

include power capping, checkpointing, HPC workflows, power-aware job schedul-

ing, processor heterogeneity, hardware over-provisioning, burst buffers, and I/O

scheduling.

2.1 Power Capping Techniques

There are many ways to achieve power capping effects. Power capping is gen-

erally achieved through either Dynamic Voltage and Frequency Scaling (DVFS)

[30], or throttling by idle cycle insertion [31]. Based on DVFS, Lefurgy et al. [30]

performed power capping through the introduction of a feedback controller. Re-

cent works have also explored applying DVFS to I/O intensive tasks such as

garbage collection [32]. Gandhi et al. [31] proposed to achieve power capping

through flipping between highest performance state and low-power idle state.

This method could achieve a finer granularity in power capping and a higher

processor frequency. Under power capping, processor manufacturing variability

causes performance loss. Inadomi et al. [33] and Gholkar et al. [34] proposed

to address this issue through applying non-uniform power capping. The power

capping tool used in this dissertation is Intel Power Governor, which utilizes the

throttling technique [35] [36].
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2.2 Checkpointing Techniques

Recognizing the importance of checkpointing, researchers have long-investigated

methods to reduce the checkpointing overheads. Some studies have focused on

reducing checkpoint data size itself, for example via designing incremental check-

pointing schemes [37]. Some researchers have proposed diskless checkpointing

through redundancy, such as replication [38]. Compared with the disk-based

checkpointing techniques, diskless checkpointing consumes excessive computing

resources, including processor, memory, network, etc. Finally, one of the most

widely used ways to reduce checkpointing overheads has been to derive optimal

checkpointing interval. Young [14] proposed a first order approximation to the

optimum checkpointing interval based on the assumption that system failures

follow a Poisson process. Based on the first order model, Daly [15, 16] proposed

a high order estimation of the optimum checkpointing interval. The high order

model can predict the OCI more accurately when mean time between failures

(MTBF) becomes smaller. Recently, some works have taken failure characteris-

tics into account to tune optimal checkpointing interval [12], and make check-

pointing more energy-efficient [39]. However, none of these works investigate the

impact of power capping on checkpointing for large-scale HPC applications.

2.3 HPC Workflows and Power-aware Scheduling

The continuous growth in computing capability exacerbates the I/O bottle-

neck issues in HPC. Online analysis draws considerable interest in extreme-scale

scientific analysis, since it usually reduces the volume of scientific raw data sig-

nificantly. Li et al. [40] and Zhang et al. [41] proposed to run both simulation and

analysis workloads using separate cores on a chip. Besides, Bennett et al. [19]

proposed to combine in-situ and in-transit processing to achieve the trade-off

between performance and data movement cost.
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Existing research on power-aware scheduling mainly focus on energy savings

of scientific simulations [42] [43]. Bailey et al. [44] proposed a predictive model

to estimate the performance and power for scientific simulations. It is alternative

to the regression analysis on power capping impact, which the platform configu-

ration model bases on. Langer et al. [45] evaluated the performance and energy

trade-off for scientific simulations under power constraints. In exascale comput-

ing, the O(100) increase in storage I/O requirement [21] gives prominence to the

online analysis of HPC workflows. This dissertation targets HPC workflows and

investigates the impacts of platform configurations on performance, energy, and

energy efficiency under power constraints.

2.4 Processor Heterogeneity and Hardware Over-provisioning

Heterogeneous processor design has recently become popular in HPC, e.g.,

utilizing coprocessors to boost performance and improve energy efficiency. An

emerging trend is to utilize low-power smaller cores (aka wimpy cores) to reduce

the high power consumption and improve the energy efficiency of HPC work-

loads. For example, the Mont-Blanc project in the Barcelona supercomputing

center houses an energy-efficient high performance ARM-based cluster. Ou et

al. [46] evaluated the energy and cost-efficiency of ARM clusters. The conclusion

of their study is that ARM clusters are advantageous in lightweight computa-

tion, but they are relatively inefficient in executing compute-bound applications.

Since ARM processors are mainly designed and optimized for mobile devices, it is

expected that running server workloads will be inefficient. Rajovic et al. [47] [48]

illustrated that the performance gap between commodity processors and mobile

processors is slowly narrowing. SoCs running at a larger scale could provide suffi-

cient high performance with low energy consumption. Therefore, they concluded

that SoCs are almost ready for HPC. However, this also requires the programs

to have good scalability. Blem et al. [49] investigated the impact of ISA on per-
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formance and energy efficiency of brawny cores and wimpy cores, and concluded

that ISA does not affect either, i.e., performance and energy consumption dif-

ferences between ARM and x86 platforms are due to microarchitecture-based

optimizations.

Hardware over-provisioning draws considerable research interests in power-

constrained HPC. The common goals shared by many researchers are maximiz-

ing the power utilization and maximizing the throughput (or minimizing the

turnaround time) [50] [51]. These works are complementary to the platform

configuration model proposed in this dissertation. Patki et al. [24] examined the

feasibility of hardware over-provisioning in power-constrained HPC. They showed

that over-provisioning leads to an average speedup of more than 50% compar-

ing with the worst-case provisioning. However, the authors did not propose a

model to derive the optimal configurations. Researchers have also investigated

the power allocation schemes between CPU and memory for power-constrained

scientific simulations [52] [53] [54]. These schemes are also complementary to

the platform configuration model which focuses on the power allocation between

different components of HPC workflows.

2.5 Burst Buffers and I/O Scheduling

I/O bottleneck issues have been studied intensively in HPC systems. Xie et

al. [55] characterized the output bottlenecks in supercomputers. In order to im-

prove overall I/O performance, Song et al. [56] and Dorier et al. [57] proposed to

reduce I/O interference through cross-application I/O coordination. In order to

preserve I/O bandwidth for clients sharing the storage system, researchers pro-

posed various I/O isolation techniques [58–60]. However, if the I/O performance

demand escalates beyond the capability of the storage system, I/O coordination

and I/O isolation techniques become less efficient. In this case, Narayanan et
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al. [61] [62] proposed to offload I/O to idle resources in order to better serve I/O

peaks in storage centers.

As I/O performance demand keeps escalating, utilizing I/O offloading tech-

niques gets constrained by the amount of idle resources. Therefore, in order to

absorb the bursty bulk data, burst buffers are introduced at different layers of

HPC systems. Regarding the on-node aspect, Moody et al. [6] and Bautista-

Gomez et al. [7] proposed to use node-local storage to buffer HPC checkpointing

data. Recently, Oak Ridge National Laboratory announced the introduction

of node-local storage in the next-generation supercomputer Summit [28], which

serves as burst buffers to absorb the bursty data at node-level. Concerning the

off-node aspect, Abbasi et al. [63] proposed scalable data staging services for HPC

applications, which allows more efficient data extraction and manipulation. Al-

Kiswany et al. [64] proposed to use some of the compute nodes allocated to the

application as an intermediate storage system. After that, Costa et al. [65] [66]

proposed a predictive method to accelerate the exploration of the optimal provi-

sioning configuration for the intermediate storage system. Besides, Liu et al. [9]

first evaluated the design and benefits of burst buffers in HPC systems. Tha-

paliya et al. [67] proposed to mitigate I/O interference in a shared burst buffer

through investigating I/O scheduling techniques. Wang et al. [68] developed a

distributed burst buffer file system.

There are few works focused on the interaction between burst buffers and

the underlying storage system. Kougkas et al. [69] proposed a buffer-based I/O

coordination strategy to prevent I/O interference on the storage system. The

proposed strategy leverages burst buffers to defer conflicting I/O accesses to the

storage system. Wang et al. [70] proposed to flush the buffered data in sequential

order and coordinate burst buffer draining processes to relieve I/O contention.

However, these techniques cannot prevent the burst buffers from passing the I/O

peaks on to the underlying storage system. Under this circumstance, reducing the

I/O provisioning of the storage system leads to severe I/O contention issues. In
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this dissertation, I proposed a proactive burst buffer draining scheme to regulate

the bursty I/O behaviors and resolve I/O contention issues on the storage system.
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CHAPTER 3

POWER-CAPPING AWARE CHECKPOINTING

In this chapter, I introduce the power-capping aware checkpointing technique

in the following aspects. Section 3.1 describes the experimental and modeling

methodologies. Section 3.2 discusses how power capping affects application per-

formance and energy efficiency. Besides, the effects of power capping on check-

pointing performance and power consumption are also studied in this section.

Section 3.3 shows how power capping affects processor temperature, revisits the

Arrhenius Equation [71], and verifies the empirical value of activation energy

using the temperature and failure logs of supercomputer Titan [72] at Oak Ridge

National Laboratory. Section 3.4 establishes the functional relationship between

power capping and the optimal checkpointing interval. In section 3.5, I validate

and evaluate the power-capping aware OCI model.

3.1 Background and Methodology

This work is primarily modeled after and based on the U.S. fastest super-

computer, Titan. Titan consists of 18,688 compute nodes (CPU and GPU) and

more than 700 TB memory capacity, delivering a theoretical peak performance

of 27 petaflops. I have also included various system design points to show the

relevance and impact of the insights, and proposed models for the future exascale

systems.

System failure data are utilized to validate the model and drive simulation

studies, which were collected from the Oak Ridge Leadership Computing Facility.

These data represent Titan’s failure log for over two years since production. I

evaluate the impact of the proposed model on different leadership applications.
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In Table 3.1, I show the checkpoint size and execution time for such applications

based on traditional hourly checkpoints.

Table 3.1.: Characteristics of leadership applications [12].

Application Scientific Checkpoint Execution

Name Domain Data Size Time

CHIMERA Astrophysics 160 TB 360 Hours

GTC Fusion 20 TB 120 Hours

GYRO Fusion 50 GB 120 Hours

POP Climate 26 GB 480 Hours

S3D Combustion 5 TB 240 Hours

VULCUN/2D Astrophysics 0.83 GB 720 Hours

In order to study the impact of power capping on the optimal checkpointing

interval, I combine experiments, simulations, and model analyses. First, I obtain

performance and temperature data under power capping on small-scale machines.

Second, I develop the OCI model based on the regression analysis. Then, I

validate the OCI model through simulations, and evaluate the model. Finally, I

show a case study for the model at large scale based on leadership application

runs.

It should be noted that performing power capping experiments directly on

supercomputer Titan is currently not supported. To overcome this limitation, I

choose two Xeon platforms to drive my study and gain insights. The two Xeon

platforms are E5-2670 and E5-2630 respectively. E5-2670 platform has 8 cores,

each clocked at 2.6 GHz with 115 watts Thermal Design Power (TDP) and 166.4

flops of double floating point peak performance. By comparison, E5-2630 plat-

form has only 6 cores each clocked at 2.3 GHz with 95 watts TDP and 110.4

flops of double floating point peak performance. Both platforms have 64GB of

DRAM and run Linux 2.6.32 kernel with GCC 4.4.6 compiler installed. In ad-

dition, since these platforms cannot run large-scale applications that depend on
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Cray linux environment and platform specific libraries, I run a wide variety of

scientific applications for understanding power capping effects, taken from Ro-

dinia benchmark suite and NPB benchmark suite (Table 4.2). These benchmarks

cover a variety of science domains and were characterized using TAU profiling

tool [73] and PAPI counters [74] to ensure that they represent a wide range of

architectural characteristics.

A widely used system-level checkpointing library, BLCR [5], is utilized to

perform system-level checkpointing on scientific applications. Performance is

measured in terms of execution time. Each processor runs at its full capacity and

utilizes all available cores. Librapl [24] and Intel Power Governor [35] are utilized

to profile CPU power consumption and cap the package power consumption

respectively. Linux-monitoring sensors (lm sensors) are used to measure CPU

temperature. Since this work is based on realistic assumptions and the model is

bounded by the scope of parameters, I discuss the threats to validity and provide

sensitivity studies in section 3.5.

Table 3.2.: Benchmark domain and problem size

Rodinia Problem Size NPB Problem Size

LUD (LU Decomposition) 4M pseudo applications

LavaMD 4K LU, SP & BT B

CFD (CFD Solver) 97K kernels

FT, MG, IS, EP & CG B

3.2 Power Capping Effects on Performance

The first step toward obtaining the optimal checkpointing interval under

power-capping is to understand how power-capping affects: the execution time

of simulation (computation time), the checkpointing time, and system reliabil-
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ity. In this section, I focus on first two goals, i.e., how power capping affects the

execution time of application computation phase and checkpointing phase.

First, I present results that help to understand how different power capping

levels affect the execution time of application computation phase. Fig. 3.1 shows

the normalized execution time for a set of scientific benchmarks from linear alge-

bra, computational fluid dynamics, and molecular dynamics domains (Table 4.2),

on two different platforms (Section 3.1). As shown in the figure, execution time

increases non-linearly across all the benchmarks on both platforms. This indi-

cates that power capping affects the computation time significantly, although the

degree of effect may vary across benchmarks and platforms. To be noted that,

the average power consumption for the benchmarks on Xeon E5-2670 platform

ranges from 63 watts to 78 watts, and the minimum package power consumption

that Intel power governor can enforce is approximately 23 watts on this platform.

This implies that the range for effective power capping levels should be between

23 watts and 63 watts to observe the effect on performance. Therefore, I choose

power capping levels of 60, 50, 40, and 30 watts for Xeon E5-2670 platform. Sim-

ilarly for Xeon E5-2630 platform, I choose power caps 50, 45, 40, 35, 30, and 25

watts taking average power consumption of the benchmarks into consideration.

To take this effect into consideration toward obtaining optimal checkpointing

interval, this trend should be captured mathematically. The normalized exe-

cution time under power capping for a given benchmark can be fitted using an

exponential function. The R-squared values of regression functions are above 0.97

for all the benchmarks on both platforms indicating statistically sound fit. Since

the benchmarks are affected differently by power capping in terms of execution

time, the parameters or regression coefficients are different for each application.

The exponential regression functions can be generalized as Equation 4.1.

Tcomp(Pi)/Tcomp = A× eB×Pi + 1 (3.1)
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Tcomp represents computation time without power capping, and Tcomp(Pi) denotes

the computation time under power cap Pi. e is Euler’s number.

The upper bound and lower bound regression functions for both platforms

are shown in Fig. 3.1. From these results, we can observe that both applications

and platforms impact the coefficients in fitted exponential functions. The impact

of these coefficients is studied in section 3.5, focusing on how these coefficients

affect the optimal checkpointing interval and total execution time under different

power capping scenarios.
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Figure 3.1.: Effect of power capping on compute phase of benchmarks on different

platforms.

Next, I present results that help to understand how different power capping

levels affect the execution time of checkpointing phase. Checkpointing is an I/O

intensive operation in contrast to computation intensive scientific simulation ap-

plications. Therefore, one can reasonably expect to observe distinct power cap-

ping effects on checkpointing phase than on compute phase. BLCR is used to

perform checkpointing on three benchmarks (LU, SP, and BT). I find similar re-

sults for other benchmarks and platforms, therefore I only present representative
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Figure 3.2.: Effect of power capping on checkpointing phase of benchmarks:

BLCR checkpointing library is used and Checkpointing time is normalized by

the checkpointing time without any power capping.

results that capture trends for all the benchmarks. Fig. 3.2 shows the comput-

ing and checkpointing power consumption and execution time on Xeon E5-2630

platform under different power caps. Notice the two dips in the Fig. 3.2 (a),

which correspond to two checkpoint phases. Checkpointing power consumption

under all power caps are similar (approximately 21.4 watts). The effect of power

capping on checkpointing time can be captured by the Eq. 3.2.

β(Pi) = β (3.2)

β represents time needed to take a checkpoint without power capping, and β(Pi)

denotes time needed to take a checkpoint under power cap Pi. As expected, the

effect of power capping on duration of checkpointing phase is minimal because

checkpointing is an I/O intensive operation and throttling CPU performance to

save instantaneous power does not affect I/O performance significantly, similar

to observed by previous studies too.
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Finding 1 Power capping affects the execution time of compute phase signifi-

cantly across all benchmarks on different platform. Furthermore, this effect can

be captured by an exponential function fitting.

3.3 Power Capping Effects on Reliability

As discussed earlier, the next step toward obtaining the optimal checkpointing

interval under power-capping is to understand how power-capping affects system

reliability. However, deriving this relationship is more challenging. I show that

this process consists of two steps. First, I show that power-capping directly

affects the temperature of the system. Second, I show how temperature affects

the system reliability.

3.3.1 Power Capping Effects on Temperature

In this section, I show that different power-capping levels result in differ-

ent steady-state temperature. First, I perform power capping and temperature

measurement on the Xeon E5-2630 platform and E5-2670 platform. I run each

benchmark for 1800 seconds under ten different power caps. Steady power con-

sumption and temperature are calculated using the average of last 30 seconds.

Fig. 3.3 shows the representative trend for two benchmarks on the Xeon E5-2630

platform. Both benchmarks show almost same behavior in terms of temperature

profile under different power caps. I obtained similar results for other bench-

marks and platforms, indicating that power-capping has a direct impact on the

temperature and is largely independent of benchmark characteristics, unlike the

effect of power-capping on execution time of compute phase.

To take this effect into consideration toward obtaining optimal checkpointing

interval, I attempt to capture this trend mathematically. I find that temperature

under power capping can be fitted using a linear function. The R-squared values

of regression functions are above 0.99 for different platforms indicating a statisti-
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(a) LU Temperature (b) SP Temperature

(c) BT Temperature

Figure 3.3.: Effect of power capping on the processor temperature (Xeon E5-2630

platform).

cally sound fit. I find the regression coefficients to be different across platforms,

but same for different benchmarks on the same platform. Fig. 3.4 (a) shows

this for Xeon E5-2630 platform, I find similar results for other benchmark and

platform combinations (e.g., Xeon E52670 and E52603). The linear regression

functions can be expressed more generically as Eq. 3.3.
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(b) Core i7-2600

Figure 3.4.: Temperature variation with power capping level, and fitted regres-

sion functions on Xeon E5-2630 platform (a), and Core i7-2600 platform (b).

TEMP (Pi) = C × Pi+D (3.3)

TEMP (Pi) denotes temperature under power cap Pi.

I recognize that the relationship between power cap and processor temper-

ature can also depend on the cooling infrastructure. Heat is dissipated in the

form of both heat exchange and radiation, which grows faster as processor tem-

perature increases. When processor heat generation equals to heat dissipation,

processor temperature becomes steady. A powerful cooling infrastructure can

maintain a low steady processor temperature such as in servers. Therefore, in

addition to Xeon server platforms, I also a chose a desktop-like processor (Core

i7-2600) to be able to compare and contrast the findings with two different types

of cooling infrastructures (Fig. 3.4(a) and (b)). Repeating the exactly same ex-

periments for core i7-2600 is not feasible because power capping is not supported

on desktop processors. Therefore, different clock rates are utilized to generate

distinct power consumption and temperature pairs. Steady power consumption
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and temperature data of Core i7-2600 are shown in Fig. 3.4(b). These data points

can still be fitted with linear functions as shown in the figure. The R-squared

values of regression functions are higher than 0.99 for all the applications. As PC

cooling infrastructure has less capacity as compared to server cooling infrastruc-

ture, Core i7-2600 temperature increases much faster than Xeon E5-2630 when

power consumption is increased. This result also illustrates that the regression

coefficients are dependent on the platform and cooling infrastructure.

Finding 2 Power capping level directly impacts the temperature of the proces-

sor. This relationship can be captured by a linear function, and is largely indepen-

dent of the application characteristics for the different platform and benchmarks

pairs I tested. However, the regression coefficients are platform-specific, poten-

tially indicating dependent on the cooling infrastructure itself.

3.3.2 Temperature Effects on Reliability

As discussed in the previous section, power capping and system reliability are

connected by understanding how power capping affects temperature and then

how temperature impacts the MTBF of the system. Previous works have shown

the evidence that temperature can affect the overall system reliability [75–79].

In this section, I establish how temperature affects the MTBF of the system.

For this purpose, I take advantage of the Arrhenius Equation [71], which has

been shown to fit computing systems [80] defining mean time between failure

(MTBF) dependence on temperature.

MTBF (Pi) = MTBFbase/FA(TEMP (Pi)) (3.4)

FA(x) is the acceleration factor under a given temperature x, as defined in Equa-

tion 3.5.

FA(x) = e
Ea
k

×(1/TEMPbase−1/x) (3.5)
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Figure 3.5.: Temperature and MTBF data of top, middle, and bottom cages

on Titan. MTBF is calculated according to the total number of failures across

cabinets, while temperature is calculated based on each individual cabinet.

k is Boltzmann constant which equals to 8.617× 10−5 eV/°K. Ea represents

activation energy. Using supercomputer Titan’s log data, it demonstrates that

this relationship holds true in a large-scale HPC computing facility. Fig. 3.5

shows the temperature and MTBF data for different cage layers across the cab-

inets of Titan. Each server cabinet in Titan consists of three cage layers, i.e.,

top, middle, and bottom cages. Cold air flows from bottom cage to top cage,

which creates a gradient in ambient temperature. The temperature increases

from bottom cage to the top cage, and hence lower cages tend to have shorter

MTBF. I set MTBFbase and TEMPbase as MTBF and average temperature of

bottom cages. Then, I calculate temperature for middle and top cages based on

MTBF of corresponding cage level using Equation 4.18. As shown in Fig. 3.5,

temperature data for middle and top cages closely match the field data obtained

on Titan, for the empirical value of activation energy, Ea = 0.7eV . The fig-
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ure also shows the variance in the temperature data to demonstrate that it falls

within the range and has similar trend.

This mathematical relationship can be used to model the system’s reliabil-

ity behavior and its impact on the optimal checkpointing interval. However, it

is important to recognize the potential limitation and scope of this approach.

Power-capping alone may not be responsible for temperature of different com-

puting components. The inefficiencies in power/cooling infrastructure may cause

temperature variability, in addition to what may be caused by the power-capping

alone. This approach doesn’t directly and explicitly model such variance caused

by the power/cooling infrastructure itself. The focus of this work is to under-

stand the impact of power-capping on checkpointing decisions, although other

environmental conditions may also contribute toward this decision. It should also

be noted that, power/cooling infrastructure can not completely mitigate the tem-

perature’s impact on system MTBF without dynamically changing the cooling

infrastructure load. However, current HPC facilities often do not react dynam-

ically to load-changes in order to adjust cooling resources. They are typically

designed for a fixed load and therefore, power capping effect on the temperature

will exist in such systems. Therefore, it is important to explicitly model and

understand the power-capping’s effect on checkpointing decisions, performance

and energy consumption. Finally, this work does not model the effect of variance

in temperature on failures [79] since the presence of such effects in the Titan

supercomputer’s failure and temperature logs was not statistically significant.

Finding 3 The system MTBF decreases with increase in temperature. The

effect of temperature on the system MTBF can be modeled by Arrhenius Equa-

tion.The field data obtained on Titan validates this relationship.
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Table 3.3.: Symbols and definitions

Symbols Definitions Symbols Definitions

Pi power cap Ttotal(Pi) total execution time

α checkpointing interval Tcomp(Pi) total computation time

β, β(Pi) time to take a checkpoint Tchkp(Pi) total time in taking checkpoints

γ time to restart from a failure Twaste(Pi) total wasted time

ǫ fraction of lost work Etotal(Pi) total energy consumption

TEMPbase baseline temperature Ecomp(Pi) total computation energy

MTTFbase baseline MTTF under TEMPbase Echkp(Pi) total energy in taking checkpoints

TEMP (Pi) temperature under power cap Pi Ewaste(Pi) total wasted energy

FA(x) acceleration factor under temp. x T comp
waste(Pi) total wasted computation time

Pcomp computing power consumption T chkp
waste(Pi) total wasted checkpoint time

Pchkp checkpointing power consumption Trestart(Pi) total time in restarting

* Symbols with overlines have the same meanings as the ones without overlines, except that they are under power

capping level Pi.

3.4 Power Capping Effects on the OCI

In section 3.4.1, first, I revisit how the first order model calculates the OCI [14],

as shown in Equations 3.6 to 3.11. Then I introduce the power capping aware

OCI model based on the first order model in section 3.4.2. In section 3.4.3, I

revisit the high order model [16] and develop the high order power-aware OCI

model using the same approach in first order model. Table 5.1 lists all the pa-

rameters used in the models.

3.4.1 First Order Model

According to the first order model, when considering checkpoint and restart,

the total execution time is composed of successful computation time, successful

checkpoint time and wasted time caused by failures, as shown in Eq. 3.6.

Ttotal = Tcomp + Tchkp + Twaste (3.6)
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Figure 3.6.: An example of computation, checkpoint, failure, and restart. Com-

putation is divided into multiple segments and a checkpoint is taken at the end

of each segment.

An example to illustrate computing, checkpoint, failure, and restart is given

in Fig. 3.6. Checkpointing interval is denoted as α. Time to take a single

checkpoint is denoted as β. ǫ represents the fraction of lost computation and

checkpoint. γ is the time to restart from a failure. Total amount of time spent

in checkpointing can be expressed as Eq. 3.7.

Tchkp = (
Tcomp

α
− 1)× β (3.7)

Time wasted due to failures consists of lost computation (T comp
waste), lost checkpoint

(T chkp
waste), and time spent in restart process (Trestart), which can be expressed as

Eq. 3.8.

Twaste = T comp
waste + T chkp

waste + Trestart

T comp
waste =

Tcomp

α
× (e

α+β
MTBF − 1)(ǫ× α)

T chkp
waste =

Tcomp

α
× (e

α+β
MTBF − 1)(ǫ× β)

Trestart =
Tcomp

α
× (e

α+β
MTBF − 1)(γ)

(3.8)

Based on Eq. 3.6, total energy consumption of the first order model is shown in

Eq. 3.9.

Etotal =Pcomp × Tcomp + Pchkp × Tchkp

+ Pcomp × T comp
waste + Pchkp × (T chkp

waste + Trestart)
(3.9)
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Replacing Tchkp and Twaste in Eq. 3.6 and Eq. 3.9, we can get the expressions

of total time (Ttotal) and energy consumption (Etotal) in the first order model.

The OCI optimized for execution time (αt) is achieved when d
dα
(Ttotal) = 0.

Similarly, the OCI optimized for energy consumption (αe) is achieved when

d
dα
(Etotal) = 0. When α + β ≪ MTBF , expression e

α+β
MTBF − 1 can be approxi-

mated as α+β
MTBF

. Solving the differential equations, we can get the expressions

for the OCI optimized for execution time (α−
t ) and energy consumption (α−

e ) for

the first order model, which are shown in Eq. 3.10 and Eq. 3.11 respectively.

Note the superscript “−” signifies that OCI is from a power-unaware model.

α−
t =

√
β2 +

β × γ

ǫ
+

MTBF × β

ǫ
(3.10)

α−
e =

√
Pchkp

Pcomp

× (β2 +
β × γ

ǫ
+

MTBF × β

ǫ
) (3.11)

Finding 4 Even without applying power-capping, the OCI optimized for energy

can be smaller than the OCI optimized for performance. The difference between

these OCIs gets larger as the ratio of power consumption during checkpointing to

power consumption during computing becomes smaller.

3.4.2 First Order Power-aware Model

Taking the first order model described here as a baseline, I propose a power-

aware OCI model. The goal is to express Ttotal and Etotal as functions of power

cap Pi. Similar to Equation 3.6 and 3.9, we can write the following equations

for execution time and energy consumption under a given power cap Pi (i.e.,

Ttotal(Pi), Etotal(Pi)).

Ttotal(Pi) = Tcomp(Pi) + Tchkp(Pi) + Twaste(Pi) (3.12)

Etotal(Pi) =Pi × Tcomp(Pi) + Pchkp × Tchkp(Pi)

+ Pi × T comp
waste(Pi)

+ Pchkp × (T chkp
waste(Pi) + Trestart(Pi))

(3.13)
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Equations 3.7 and 3.8 are also applicable here if we replace Tcomp by Tcomp(Pi)

and MTBF by MTBF (Pi). According to Eq. 4.1, Tcomp can be expressed as

functions of Pi (i.e., Tcomp(Pi)). Also, based on Eq. 3.3, Eq. 4.18 and Eq. 3.5,

MTBF can also be expressed as a function of Pi (i.e., MTBF (Pi)). Note that

β is dominated by writing checkpoints to storage system, and γ is dominated

by reading checkpoints from storage system. Since I find in the experiments

that time to write checkpoints does not vary significantly with power capping,

as shown in Eq. 3.2, it is reasonable to assume that time to read checkpoints

is also independent of power capping. Therefore, I assume γ to be independent

of power capping. After performing these substitutions we can obtain detailed

expressions for Ttotal(Pi) and Etotal(Pi).

The OCI optimized for execution time (α+
t ) and optimized for energy con-

sumption (α+
e ) are achieved when d

dα
(Ttotal(Pi)) = 0 and d

dα
(Etotal(Pi)) = 0 re-

spectively. Note that superscript “+” signifies that the OCI includes the power

capping aware model. When α+β ≪ MTBF , solving the differential equations,

we can get the functional relationship between power and OCI, as shown in Eq.

3.14 and 3.15.

α+
t =

√
β2 +

2× β × γ

ǫ
+

MTTFbase × β

FA(C×Pi+D)× ǫ
(3.14)

α+
e =

√
Pchkp

Pi

× [β2 +
2× β × γ

ǫ
+

MTTFbase × β

FA(C×Pi+D)× ǫ
] (3.15)

To be noted that, power capping aware OCI has no dependence on the re-

gression coefficients A and B, which show how power capping affects compute

phase performance.

Finding 5 Power capping aware OCI is not determined by how the compute

phase performance is affected by power capping. That is, two applications with

varying sensitivity toward power capping on their compute phase performance,

will have the same OCI if all else is the same.

32



3.4.3 High Order Models

The high order model refines Twaste in the first order model in the following

three steps. First, high order model introduces the fraction of lost work over a

time interval φ(∆t) to replace ǫ, which is shown in Eq. 3.16, similar to [16].

Second, high order model defines the number of failures as Ttotal

MTBF
to consider

multiple failures in a computing segment. Finally, high order model considers

failures during restart processes. Refined T comp
waste, T

chkp
waste, and Trestart are shown in

Eq. 3.17 and Eq. 3.18.

φ(∆t) =
MTBF

∆t
+

1

1− e∆t/MTBF
(3.16)

T comp
waste =

Ttotal

MTBF
× [φ(α + β)× α× e−

α+β+γ
MTBF

+ φ(α + β + γ)× α× (1− e−
α+β+γ
MTBF )]

T chkp
waste =

Ttotal

MTBF
× [φ(α + β)× β × e−

α+β+γ
MTBF

+ φ(α + β + γ)× β × (1− e−
α+β+γ
MTBF )]

(3.17)

Trestart =
Ttotal

MTBF
× [γ × e−

α+β+γ
MTBF

+ φ(α + β + γ)× γ × (1− e−
α+β+γ
MTBF )]

(3.18)

Replacing Twaste in the first order model, the expression of Ttotal for the high

order model is shown in Eq. 3.19.

Ttotal =MTBF × (
Tcomp

α
−

β

α + β
)

× e
γ

MTBF × (e
α+β

MTBF − 1)

(3.19)

High order model can also be extended to power-aware OCI model using same

approach in Section 3.4.2. Since the high order model only refines Twaste, we can

derive Ttotal(Pi) and Etotal(Pi) from Twaste(Pi). Similar to Eq. 3.17, Eq. 3.18, and

Eq. 3.19, T comp
waste(Pi), T

chkp
waste(Pi), and Trestart(Pi) can be expressed if Ttotal, MTBF ,

and φ is replaced by Ttotal(Pi), MTBF (Pi) and φ(∆t). Similar to Section 3.4.2,
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MTBF (Pi) can be obtained using Eq. 3.3, 4.18 and 3.5. Expression for Ttotal(Pi)

is shown in Eq. 3.20 and Eq. φ(∆t) is defined in Eq. 3.21.

Ttotal(Pi) =MTBF (Pi)× (
Tcomp(Pi)

α
−

β

α + β
)

× e
γ

MTBF (Pi) × (e
α+β

MTBF (Pi) − 1)

(3.20)

φ(∆t) =
MTBF (Pi)

∆t
+

1

1− e∆t/MTBF (Pi)
(3.21)

Based on Eq. 3.13, we can also get the expression of Etotal(Pi) for power cap-

ping aware high order model. The OCI optimized for execution time (α+
t ) and

optimized for energy consumption (α+
e ) are achieved when d

dα
(Ttotal(Pi)) = 0 and

d
dα
(Etotal(Pi)) = 0 respectively. The analytical solution of the OCI can be found

in [15] [16]. However, the analytical solutions are approximation to or estimation

of OCIs based on certain conditions. In order to accurately predict OCIs under

all conditions, I use the numeric solver “vpasolve” in MATLAB to calculate OCIs

for both first order power-aware model and high order power-aware model.

3.5 Model Validation and Model-driven Study

In this section, I perform simulations using an event-driven simulator and

validate the model against simulation results. Then, I conduct a model-driven

study to compare the power-aware OCI models with the prior power-capping

unaware OCI models (i.e., first order and high order models).

To validate the power-capping aware OCI model, I use a simulation based

approach to compare against. I utilized an event-driven simulator developed

in [12] to simulate the compute phase, checkpointing phase, and failure events.

The simulator generates random failures which follow a Poisson process, and

intervals between failures follow an exponential distribution. The execution time,

checkpointing time, and MTBF are adjusted in the simulation based on the input

power capping level in accordance to relationships derived in previous sections.
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The findings are bounded by the assumptions and parameter settings. To

mimic real-world scenario, the simulation based evaluation is driven by param-

eters obtained from real-system experiments, large-scale application character-

istics, empirical parameters obtained from HPC facility. The simulation based

study uses power capping related coefficients that are experimentally obtained

from the different Intel Xeon platforms for a variety of scientific applications.

Simulation based study is driven by failure and I/O data obtained from the Ti-

tan supercomputer and the temperature dependence of MTBF has also been

simulated based on the Titan supercomputer data. At the same time, I also

acknowledge that it is not always possible to obtain real-world data to drive sim-

ulation based studies. In such cases, I have used a range of parameters to simulate

the impact of such factors. Failure events are also simulated using Weibull distri-

bution to mimic real-world scenarios and obtained similar accuracy and results.

Fig. 3.7 shows the total execution time and energy consumption under dif-

ferent power capping levels for a Titan-like petascale system. The figure curves

correspond to the power-capping aware models and the simulation. I also mark

the OCIs obtained by previous models and OCIs obtained by new power-capping

aware model. The simulation setup assumes a 120 hour long application running

on a Titan-like supercomputer, which is composed of 20,000 nodes. It assumes

to have the same MTBF as Titan under the same temperature. The power cap-

ping effect is modeled after Xeon E5-2630 processor. The regression coefficients

corresponds to that platform and pseudo applications from the NAS benchmark

suite (LU, SP, BT) on that platform. Note that these applications have similar

regression coefficients. I also perform sensitivity analysis with regard to such

coefficients as well. The checkpointing power is taken as 21.4 watts as on mea-

sured on this platform. The baseline power consumption is 64.1 watts under

no power capping. Baseline temperature is calculated based on Eq. 3.3, and

baseline MTBF is calculated based on MTBF and temperature data from Ti-

tan logs using Arrhenius Equation with the empirical value of activation energy.
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Figure 3.7.: Execution time and energy consumption under various checkpointing

intervals. Legends at the bottom represent execution time (Ttotal), and legends

at the top represent energy consumption. “Sim” is simulation results, “First”

represents first order model, and “High” denotes high order model. OCIs derived

from prior models (i.e., α−
t and α−

e ) are marked with a triangle facing upwards

and OCIs calculated from the power-capping aware models (i.e., α+
t and α+

e ) are

marked with a triangle facing the downwards.
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The checkpointing time is taken as to be 3.6% of the compute time as obtained

from the experiments from the BLCR checkpointing library. I assume that time

to restart equals to time to checkpoint, since the former one primarily reads

checkpoints from storage system and the latter one mainly writes checkpoints

to storage system. I simulate more than 40 checkpointing intervals under each

power cap.

Several observations can be made from Fig. 3.7. First, across various power

caps, the power-capping aware model predicted OCI closely matches with the

simulation results corresponding to minimum execution time and energy con-

sumption. Second, the OCI predicted by previous models, which do not take

power capping effects into account, are significantly far from optimal OCI points.

In most cases, this results in more than 10% performance loss and additional en-

ergy consumption. The difference between the first and high order model is

not significant in the cases presented here. Finally, applying the power-capping

aware model results in significant savings as the power cap becomes smaller. For

example, the performance difference between power-capping aware OCI model

and high order model increases from 8.8% to 17.2% when power cap drops from

60 watts to 25 watts. This is primarily because the new model captures the

MTBF change due to power capping better as the power cap drops.

Finding 6 The power-capping aware model predicted OCI closely matches the

minimal execution time and energy consumption achieved by the simulation runs.

Applying the power-capping aware model results in significant performance and

energy savings compared to previous models. Additionally, such savings increase

significantly as the power cap gets tighter.

Next, I show that the power-capping aware model is validated for an exascale-

like system as well. Fig. 3.8 shows that the model closely follows the simulation

and power-capping aware model predicts OCI accurately. Interestingly, the im-

provements in performance and energy due to new model is higher compared to

the petascale system. This is because at exascale the MTBF becomes smaller
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Figure 3.8.: Execution time and energy consumption under various checkpointing

intervals for exascale system. Legends have the same meanings as in Figure 3.7.

and hence, previous models take checkpoint more frequently and incur very high

I/O overhead. However, the power-capping aware model adjusts the OCI tak-

ing both the system scale and power capping into account. It estimates the

OCI to be a bit higher and hence, results in significantly less I/O overhead. As

a key summary, Fig. 3.9(a) shows that applying the power-capping aware OCI
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model can reduce the total execution time and energy consumption, compared to

prior OCI models at both peta- and exa-scale. For a petascale system, execution

time can be improved between 8.8% to 17.2% using the high order power-capping

aware OCI model. This effect is even more pronounced for exascale system where

execution time can be improved between 49.4% to 52.9% using the high order

power-capping aware OCI model. Similar savings can be observed for energy

consumption as well when applying power-capping aware OCI model.

In Fig. 3.7 and 3.8, it can be noticed that the execution time and energy curves

shift upward when the power cap is reduced. To illustrate and understand this

trend better, Fig. 3.9(b) shows the execution time curves under power capping

levels of 50 watts, 40 watts, and 30 watts. α+
t and α−

t are also marked for each

power cap in the figure. Note that α−
t are on same vertical line because power cap

unaware OCI stays the same. On the other hand, as the power cap is reduced

the curves shift upward due to increased execution time, and the curve shifts

towards the right due to increasing MTBF. Therefore, α+
t increases as the power

cap decreases due to change in MTBF. Prior models can not take this effect into

account and lead to suboptimal OCI estimation. This explains why and how the

power-capping aware model outperforms the prior models in different situations.

Finding 7 As the system scale increases, the benefit of power-capping aware

OCI model also increases significantly compared to the prior models.

Next, I show that it is critical to choose the correct power cap level to achieve

minimum execution time and energy consumption. Fig. 3.10(a) shows the best

performance is achieved when power cap is 50 watts, and the lowest energy

consumption is achieved when power cap is 45 watts. This illustrates that the

optimal power capping level itself depends upon the metric of optimization (e.g.,

performance, and energy). The corresponding OCI on these power capping levels

would be different as well, this can be obtained via the power-capping aware

model. Note that this result includes the failure events, checkpointing, and

restart phase.
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Figure 3.9.: Improvement in performance and energy consumption at petascale

and exascale under different power caps (a), and execution time curves under

different power capping levels with OCIs for power aware model and prior model

without power capping awareness (b).

On the other hand, the results in Fig. 3.10(b) do not take failures, checkpoint,

and restart into account. Interestingly, in this case the lowest execution time is

achieved with power cap of 60 watt, and least energy consumption is observed

for power cap of 35 watts when we do not consider failures, checkpoint, and

restart. This is a critical finding that illustrates that optimal power cap levels can

not alone be decided by how power capping affects the application in isolation,

without taking failures, checkpointing, and restart phase into account. These

shifts in optimal power caps are caused by the impact of power capping on

MTBF. I find that using 45 watt power cap instead of 35 watt power cap leads

to 20.2% savings in energy consumption. Note that this reduction in energy

consumption is between power-unaware model based OCI at 35 watt and power-

aware model based OCI at 45 watts. Similarly, using 50 watt power cap instead

of 60 watt power cap leads to 12.6% reduction in execution time.
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Figure 3.10.: Total execution time and energy consumption under various power

caps with the optimal checkpointing interval (a), and when checkpointing over-

head is ignored (b).

Finding 8 The optimal power cap levels for minimizing execution time and en-

ergy consumption are different and so are their corresponding OCIs. The optimal

power cap levels for minimizing execution time and energy consumption change

once failures, checkpoint, and restart phases are taken into account. The cor-

responding difference in execution time and energy consumption is significant.

The results also show that power-capping aware OCI model leads to significant

improvements.

Next, I study how improvement obtained by the power-capping aware OCI

model changes when the application specific parameters (A and B), and plat-

form specific parameters (C and D) change. I also study the impact of time to

checkpoint (β) on the improvements. It is followed by evaluation for real sci-

entific applications. I compare the power-capping aware OCI model with prior

OCI models, in terms of execution time, energy consumption, and overall check-

pointing data volume.
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Figure 3.11.: Percentage reduction in time and energy spent in checkpointing,

wasted work, and the total time/energy under various power caps and for differ-

ent cooling platform parameters.

Percentage reduction in execution time and energy consumption for check-

pointing, wasted, and total between prior OCI models and the power-capping

aware OCI model under various power caps are shown in Fig. 3.11. First, I focus

on results for Xeon platform (C = 0.26, D = 38.6). Comparing with prior mod-

els, the power-capping aware model can achieve 9% to 17% reduction in total

execution time, and 42% to 57% reduction in checkpointing time. There is a mi-

nor increase in waste work but it is offset by significant savings in checkpointing

time. Percentage changes for total and checkpointing time increase as power cap
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Figure 3.12.: Sensitivity study on application-specific coefficients (parameter A

and B). Reduction in time spent in checkpointing, wasted work, and total exe-

cution under different power caps.

decreases. Energy consumption also follows similar trend. The reason is that the

difference between OCIs derived from prior OCI models and the power-capping

aware OCI model is increasing as power cap decreases, as shown in Fig. 3.9. I

chose Core i7 platform because it has higher sensitivity to temperature with re-

spect to power consumption (higher value of C parameter, C = 0.75, D = 29.1).

I find that platforms with higher temperature gradient with respect to power

capping benefit significantly more by applying power-capping aware OCI model

(Fig. 3.11), and their corresponding OCI is also significantly different that can
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Figure 3.13.: Sensitivity study on time to checkpoint (β). Reduction in time

spent in checkpointing, wasted work, and total execution under different power

caps.

be obtained from the power-capping aware model. Overall, the power-capping

aware OCI also results in reduction in the checkpoint time.

Reducing the number of checkpoints can relieve the burden on the storage

system of an HPC system which is a shared and constraint resource. Therefore,

power-capping aware OCI may in return improve the overall I/O performance of

the whole system and other applications.
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Figure 3.14.: Percentage reduction in time spent in checkpointing, wasted work,

and total execution under different power caps for several leadership applications.

Next, I study the sensitivity toward application specific parameters (A and

B) that represent the impact of power capping on application performance (Sec-

tion 3.2). I perform experiments with the applications that have regression func-

tions in Fig. 3.1(b) at both extremes (i.e., MG and EP). Reduction in time spent

on checkpointing, wasted, and total execution is shown in Fig. 3.12. From the

figure we can observe that the application specific parameters do not have a

significant impact on the improvements of power-capping aware OCI. This is ex-

pected because parameter A and B do not directly impact the OCI estimation
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Figure 3.15.: Checkpoint data volume of application CHIMERA under different

power caps.

α+
t and α+

e (as noted earlier in the modeling section). Additionally, the OCI is

same for MG and EP. Note that slight difference in the percentage reduction is

because the execution time still depends on the parameter A and B.

Finding 9 When comparing the power-capping aware OCI model with prior

OCI models, percentage changes on checkpointing, wasted, and total execution

time are not highly sensitive to the application-specific coefficients. Additionally,

the platforms with higher temperature gradient with respect to power capping

benefit significantly more by applying power-capping aware OCI model.

Next, I also perform a sensitivity study on the time-to-checkpoint. I present

experimental results for β equals to 5, 15, and 45 minutes. Fig. 3.13 shows that

reduction in checkpointing, wasted, and total execution time increases when

time to checkpoint increases. This reduction is even more pronounced for lower

power caps and shows significant reduction in checkpoint time. This indicates

that applying the power-capping aware model can reduce the checkpointing, and

total execution time more significantly when time to checkpoint is larger.
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Finding 10 Power-capping aware OCI model has increasing gains over prior

OCI models as the time to checkpoint increases. With increasing system/problem

scales and relatively slow growing I/O bandwidth, the power-capping aware model

can obtain increasing benefits in I/O bandwidth constrained systems.

Finally, I perform the evaluations based on the checkpoint data size and

execution time of leadership applications run on OLCF machines [1,2], as shown

in Table 3.1. Checkpointing time is the quotient of checkpoint data size divided

by average PFS bandwidth. These leadership applications utilize application

level checkpointing instead of system level checkpointing. Their checkpointing

time does not necessarily scale up with problem size, and is user-specific.

I keep the assumptions in this section except the checkpointing time obtained

from BLCR. I use average 10GB/s bandwidth as obtained from Spider parallel

filesystem (PFS) attached to the the Titan supercomputer [81] to calculate check-

pointing time. Percentage changes for checkpointing, wasted, and total execution

time between prior OCI models and the power-aware OCI model under different

power caps are shown in Fig. 3.14. Although results for reduction in energy con-

sumption are not shown, energy consumption follows similar trends as execution

time, as observed in Fig. 3.11.

As shown in Fig. 3.13, the checkpoint time has significant impact on the sav-

ings achieved by power-capping aware OCI. Similarly, we can see that applying

the power-aware OCI model to CHIMERA reduces the total execution time by

9% to 18% compared to prior OCI models because it has large checkpoint data

size. Applications such as GTC and S3D have moderate checkpoint data sizes.

Total execution time decreases by 4% and 2% respectively, when applying the

power-aware model to GTC and S3D. For applications with small checkpoint

data sizes, i.e., GYRO, POP, and VULCUN/2D, the power-aware model has

about the same total execution time as prior models.
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Finding 11 Using the power-capping aware OCI model, applications with large

checkpoint data size can achieve substantial reduction on checkpointing time and

total execution time over prior OCI models.

Although the power-capping aware OCI model has limited benefits in terms

of total execution time when application checkpoint data size is small, it can

still significantly reduce the total volume of checkpoint data being written to

storage systems. For GTC and S3D, the power-capping aware model can reduce

the checkpoint data volume by up to 40% and 36% respectively. Even for ap-

plications such as GYRO, POP, and VULCUN, the power-capping aware model

can still reduce the checkpoint data volume by up to 33%. This means that less

checkpoints are written to the storage system, which helps resolving the PFS bot-

tleneck problem, and improving application and checkpointing I/O performance.

Checkpointing data volume of CHIMERA for all four OCI schemes are shown in

Fig. 3.15. The power-capping aware OCI reduces the checkpoint volume by 57%

for 25 watts power cap level, compared to the prior models. The gap between

the power-capping aware OCI model and the first order model increases when

the power cap decreases.
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CHAPTER 4

RELIABILITY-AWARE PLATFORM CONFIGURATION FOR

HPC WORKFLOWS

In this chapter, I discuss the HPC workflow and reliability-aware platform con-

figuration. The background and model overview are introduced in section 4.1.

In section 4.2, I characterize HPC workflows in terms of processor heterogeneity,

instruction composition, and error resilience. The impact of power capping and

scaling on workflow performance is studied in section 4.3. The optimal platform

configuration model is introduced in section 4.4. I present model validation and

model-driven studies in section 4.5.

4.1 Background and Overview

This work is primarily modeled after supercomputer Titan and its data anal-

ysis cluster Rhea. The U.S. fastest supercomputer, Titan, consists of 18,688

compute nodes, which is equipped with AMD Opteron 6274 CPUs and Nvidia

Tesla K20X GPUs. The analysis cluster Rhea is equipped with Intel Xeon E5-

2650 CPUs. The processor choices of this work are not constrained to Titan and

Rhea. In recent years, utilizing wimpy processors in HPC has become a popular

trend [47]. The evaluation and characterization also cover wimpy processors.

The proposed reliability-aware platform configuration model is also applicable to

wimpy processors.

It should be noted that performing power-related experiments with HPC

workflows directly on Titan and Rhea is not viable, because power measurement

and power capping are currently not supported on the platforms. To overcome

the platform limitation, on hardware side, I choose platforms that support power
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Figure 4.1.: Mainstream processors from the same generation as supercomputer

Titan. The y-axis is plotted with a log scale in order to clearly show 3 different

orders of magnitude in a single graph. The 5 processors in bold and italic fonts

are chosen to represent 3 groups of heterogeneous processors.

Table 4.1.: Platform hardware and software details

Platform
Intel Xeon Intel Xeon Nvidia Nvidia

E5 2670 E5 2603 Tegra 3 Tesla K20

Memory 32GB 32GB 2GB 5GB

OS Linux 2.6.32 Linux 2.6.32 Linux 3.1.10 Linux 2.6.32

Compiler GCC 4.4.7 GCC 4.4.7 GCC 4.6.3 CUDA 5.5

Cryptonym XeonH XeonL ARM GPU

capping from the same generation as Titan and Rhea. Mainstream processors

from this generation are listed in Fig. 4.1, which are clustered into three cate-

gories: wimpy CPUs, brawny CPUs, and coprocessors. One high-end CPU, Intel

Xeon E5 2670 (XeonH), and one low-end CPU, Intel Xeon E5 2603 (XeonL), are

chosen for evaluation in the category of brawny CPUs. In the category of wimpy
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Table 4.2.: Benchmark domain and problem size (Psize).

Program Domain Psize

R
o
d
in
ia

Kmeans Data Mining 256K

A
n
a
ly
si
sBFS (Breadth-First Search) Graph Algorithms 8M

NN (k-Nearest Neighbors) Data Mining 5M

B+tree Search 10M

SC (Streamcluster) Data Mining 64K

LUD (LU Decomposition) Linear Algebra 2K

S
im

u
la
ti
o
nLavaMD Molecular Dynamics 4K

CFD (CFD Solver) Fluid Dynamics 97K

N
P
B

LU (Gauss-Seidel)

Fluid Dynamics BSP (Scalar Pentadiagonal)

BT (Block Tridiagonal)

CPUs, Nvidia Tegra 3 (ARM) is evaluated. In the category of coprocessors,

Nvidia Tesla K20 (GPU) is evaluated. The details of the platforms are listed

in Table 4.1. The host processor of the GPU platform is Intel Xeon E5-2630.

Power and energy consumption for the GPU platform include the host processor

and main memory, unless otherwise mentioned. On software side, these plat-

forms cannot host large-scale HPC workflows which depend on platform-specific

libraries. Therefore, I employ a wide variety of scientific simulation and anal-

ysis applications from Rodinia benchmark suite and NPB benchmark suite (as

listed in Table 4.2), to mimic HPC workflows and to study their behaviors un-

der power capping, scaling, and failure events. Analysis algorithms consist of

various amounts of filtering and aggregation operations [19]. The five analysis

benchmarks, which mainly perform these kinds of operations, represent common

analysis tasks on HPC including data mining, search, and graph algorithms.

The rest of the benchmarks are simulation programs or kernels derived from
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simulation programs that simulate scientific phenomena. These programs repre-

sent common HPC simulation tasks such as fluid dynamics, molecular dynamics,

bioinformatics, and Linear Algebra.

Scaling	Coefficients Power	Capping	Coefficients Baseline	FOMs

Optimal	Platform	Configuration	Model

Node	CountsPower	Limits Power	Capping	Levels

Inputs

Outputs

Figure 4.2.: An illustration of how to apply the optimal platform configuration

model.

As illustrated in Fig. 4.2, the optimal platform configuration model takes scal-

ing coefficients, power capping coefficients, and baseline figures of merit (FOMs)

as inputs. The scaling coefficients (in Eq. 4.1 and Eq. 4.2) and power capping

coefficients (in Eq. 4.3 and Eq. 4.4) are introduced in section 4.3, which need to

be profiled for each workflow. Baseline figures of merit include execution time,

scale, and power consumption, which are obtained when power capping is not

enforced. The coefficients and baseline figures of merit can be obtained through

offline tests. Based on the model inputs, solving Eq. 4.10 and Eq. 4.20 in section

4.4, we can derive the optimal platform configurations. The model outputs the

optimal power limits, node counts, power capping levels, and platform types for

simulation and analysis respectively.

Librapl [24] and NVML [82] are used to profile CPU and GPU power con-

sumption respectively. Intel Power Governor [35] is utilized to cap the package

power consumption, and is only supported on the Xeon platforms. To compare

the error resilience of simulation and analysis under hardware errors, a software

fault injector PINFI [83] is utilized to inject bit flips into programs. PINFI in-
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struments the program at runtime, and faults are injected at the assembly code

level. The findings may get bounded by the assumptions and parameter settings.

To mimic real-world scenarios, the simulation and model-driven studies employ

parameters obtained from real-system experiments and large-scale application

characteristics obtained from HPC facilities.

4.2 Characterization of HPC Workflows

In this section, first, I evaluate the performance and energy efficiency of sim-

ulation and analysis programs across heterogeneous processors. Then, I revisit

whether SoCs are ready for HPC based on the evaluation. Finally, I examine the

possibility of relaxing the error resilience requirement in executing HPC work-

flows through characterizing different behaviors between simulation and analysis

programs in terms of their resilience to hardware errors.

Figure 4.3a shows the execution time of all benchmarks. Analysis programs

perform better on Xeon and simulation programs perform better on the GPU.

Figure 4.3b shows the energy consumption of all benchmarks. All analysis pro-

grams are more energy-efficient on ARM. However, some of the simulation pro-

grams are more energy-efficient on ARM than on XeonH, and only one simulation

benchmark is more energy-efficient on ARM than on the GPU. In terms of energy

efficiency, analysis programs behave well on ARM but the simulation programs

do not. I have characterized the instruction composition of these applications

using TAU profiling tool [73] and PAPI counters [74]. As shown in Figure 4.4,

simulation programs have either more floating-point operations (e.g., CFD) or

more memory accesses (e.g. LUD) than analysis programs. It is known that

wimpy processors (e.g., ARM) have less floating-point units and lower memory

bandwidth. Therefore, wimpy processors are more efficient in executing analysis

programs that are less floating-point intensive and less memory intensive. In
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Figure 4.3.: Execution time and energy consumption of simulation and analysis.

Execution time (energy consumption) on each platform is normalized to XeonH.

Y-axis of 4.3a is presented in a logarithmic scale above 4 and a normal scale

below 4, in order to show Xeon and GPU platforms clearly.

contrast, coprocessors are inefficient in executing analysis programs that have

more conditional branches and less floating-point operations.

Previous research [47] showed that SoCs are ready for HPC based on perfor-

mance and energy consumption. However, the above energy efficiency evaluation

shows that it is not entirely the case. The previous research did not involve GPU

platforms and analysis programs. The results of this work reveal that GPU is
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Figure 4.4.: Percentage of load(store), conditional branch and floating-point in-

structions for each benchmark.

more energy-efficient than ARM for simulation programs, as shown in Figure

4.3. Moreover, scalability becomes more critical when running HPC applications

on SoCs [47] [48]. However, CORAL (Department of Energy’s consortium of

labs for O(100) petaflop machine acquisitions) scalability data [84] shows that,

applications such as QBOX, NAMD, SNAP and CAM-SE can only achieve 44%

of ideal speedup on average at large scale.

Finding: In terms of energy efficiency, GPUs perform much better than

SoCs for simulation programs, but SoCs are more energy-efficient for analysis

programs.

Finally, I compare the error resilience between simulation and analysis parts

of HPC workflows. In the experiments, each benchmark runs for 1,000 iterations

with 1 bit-flip fault injected into a random assembly instruction per iteration.

Benchmark problem sizes are reduced to guarantee that PINFI instrumentation

finishes within a reasonable amount of execution time (less than 80 hours per

1,000 iterations). Comparing the percentage of correct execution, silent data cor-

ruption (SDC) and crashes reveals the error resilience capability of each bench-
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Figure 4.5.: Percentage of correct execution, silent data corruption (SDC) and

crash for simulation and analysis.

mark. Correct execution means that a program finishes correctly, and the results

are also correct. SDC means that the program finishes correctly but generates

incorrect results (output data). Crash is an event when a program either quits

with an error or is terminated by the operating system before it finishes correctly.

The results are ordered based on SDC, and are shown in Figure 4.5. Most

analysis programs have 60% to 80% correct execution and less than 8% SDC. By

comparison, most simulation programs have 16% to 45% correct execution and

30% to 55% SDC. However, BFS behaves similar to simulation, while CFD and

lavaMD have less than 7% crashes and more than 50% correct execution.

Finding: In general, analysis programs are more resilient to SDC, and have

more correct execution when compared to simulations. However, resilience to

crashes cannot be clearly distinguished between simulation and analysis programs.

Therefore, it is viable to run the analysis part of a HPC workflow without

checkpointing. When a failure occurs, the analysis part just reprocesses the

analysis dump. This will be discussed in more detail in section 4.4.2. Addition-

ally, it is also viable to run analysis programs on processors and memory chips
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with lower error resilience capability. This can potentially reduce the runtime

overheads and building costs introduced by error resilience mechanisms.

4.3 Power Capping and Scaling

In this section, I statistically quantify the impact of power capping and scaling

on execution time and energy consumption for scientific simulation and analysis.

First, I study the computation behaviors of scientific simulation and analysis

under power capping. I evaluate the execution time and energy consumption of

scientific analysis applications under different power capping levels on Xeon E5-

2670. The average power consumption of each benchmark ranges from 63 to 78

watts. An effective power capping level for all benchmarks should be lower than

63 watts. The minimum package power that the power governor can enforce is

22 watts. Therefore, I choose power capping levels of 60, 50, 40, and 30 watts.

Similarly, I choose effective power capping levels of 26, 24, 22, and 20 watts on

Xeon E5-2603.

The impact of CPU power capping on simulation applications has been previ-

ously studied [53] and quantified [18]. In this work, I quantify the power capping

impact on analysis applications, which typically have more conditional branches

and less floating-point operations compared with simulation applications. The

results show that the execution time of analysis applications increases dramati-

cally as power capping level decreases. For example, the execution time on Xeon

E5-2670 increases more rapidly when the power capping level reduces from 40

watts to 30 watts, as shown in Fig. 4.6a. The execution time of analysis appli-

cations on Xeon E5-2603 (Fig. 4.6b) shows similar increasing trends as on Xeon

E5-2670, when power capping level decreases. I quantify the trends utilizing re-

gression analysis, and observe that they can be fitted with exponential functions,

as shown in Eq. 4.1.

Ta(Pi)/Ta = A× eB×Pi + 1 (4.1)
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Figure 4.6.: Normalized execution time (solid lines) and normalized energy con-

sumption (dotted lines) for analysis applications under power capping on Xeon

platforms.

Ta is baseline execution time (without power capping), and Ta(Pi) denotes the

execution time under power capping level Pi. e is Euler’s number. A and B are

coefficients of the generalized regression function. The average R-squared value

of regression functions for all the benchmarks is 0.96, which indicates statistically

sound fit. In Fig. 4.6, energy consumption under various power capping levels

are plotted as dotted lines. On Xeon E5-2670, I observe that the optimal power

capping level optimized for minimal energy shifts from 50 watts (Kmeans) toward

30 watts (SC), as shown in Fig. 4.6a. By comparison, on Xeon E5-2603, the op-

timal power capping level optimized for minimal energy stabilizes at the highest

power capping level for all benchmarks, as shown in Fig. 4.6b. Consequently,

power capping is not applied to Xeon E5-2603 for analysis applications.

Then, I evaluate the execution time and energy consumption under various

power levels on GPU. The minimum power limit on GPU is 150 watts, which is

too high to perform the power capping experiments. Alternatively, I mimic power
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Figure 4.7.: Execution time and energy consumption under various GPU power

levels. X-axis represents GPU power consumption. Y-axis is truncated for better

illustration. Time and energy are normalized to the highest frequency.

capping based on frequency scaling, to obtain various execution time and power

consumption pairs. As shown in Fig. 4.7a, execution time increases steadily as

power consumption decreases. I quantify the trends with regression analysis, and

observe that they can be fitted with linear functions, as shown in Eq. 4.2.

Ts(Pi)/Ts = C × Pi+D (4.2)

Ts is execution time under maximum power consumption, and Ts(Pi) denotes the

execution time under power consumption Pi on GPU. C and D are coefficients

of the generalized regression function. The R-squared values of regression func-

tions are all above 0.99, which indicates statistically sound fit. Fig. 4.7b shows

the energy consumption under various GPU power levels. Energy consumption

for only GPU is plotted as dotted lines. As GPU power drops, GPU energy

consumption decreases for lavaMD and SP, and keeps relatively steady for the

rest of benchmarks. However, in this work, I also consider the host CPU and
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Figure 4.8.: CPU memory power consumption and GPU host power consumption

under various power capping levels. X-axis represents CPU power capping level

and GPU power consumption respectively in Fig. 4.8a and Fig. 4.8b.

memory as a part of the GPU platform. The total energy consumption of the

GPU platform is plotted as solid lines in Fig. 4.7b, which keeps relatively steady

for lavaMD and SP, and increases for the rest of benchmarks.

Besides, I also study the impact of power capping on main memory and host

power consumption. As shown in Fig. 4.8a, when processor power capping level

decreases, the memory power consumption of Xeon E5-2670 decreases slightly

for SC and remains steady for the other benchmarks. I profile the memory

throughput and find that SC is at least 5 times the memory throughput of other

benchmarks, which makes SC memory power consumption more sensitive to

power capping. The power consumption of host CPU and memory keeps steady

for all benchmarks under various GPU power levels, as illustrated in Fig. 4.8b.

Finding 12 On GPU platforms, host side (CPU and memory) power consump-

tion is independent of application characteristics and GPU power levels. When
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taking host CPU and main memory into account, running at lower power levels

makes GPU less energy-efficient.
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Figure 4.9.: Scaling results for simulation and analysis applications. In 4.9a, both

time and scale are normalized to the first data point, which are plotted in log

scale to clearly show the first few data points. The scaling results are measured

on BlueGene/Q and Cray XK7 with a maximum scale of 98,304 nodes, and are

normalized to the scale of 2,048 nodes.

Finally, I quantify the scalability of scientific simulation and analysis. In

terms of simulation applications, I exploit the CORAL scaling results [84] as

shown in Fig. 4.9a. According to Amdahl’s law, these data points can be fitted

with rational functions as shown in Eq. 4.3.

Ss(x) = E/x+ F (4.3)

Ss(x) is normalized execution time and x is scale (i.e., number of nodes).

E and F are coefficients of the generalized regression function. The R-squared

values of regression functions are all above 0.99, which indicates statistically

sound fit.
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With respect to online analysis, a group of analysis processors is usually as-

signed per unit of simulation nodes. Strong scaling is assumed within the group

when processing data from one unit of simulation nodes, and weak scaling among

groups when processing global data from the entire simulation. I am aware that

there are certain analysis stages that exhibit data dependencies among groups.

Analysis applications can be decomposed into a massively parallel stage and a

small-scale parallel or serial stage [19]. This work focuses on the massively paral-

lel stage which is usually the main body of scientific analysis. Afterwards, a small

scale of processors can be utilized to finish up the task. As shown in Fig. 4.9b,

execution time decreases in a sublinear manner for analysis applications when

parallelism increases. These data points can be fitted with rational functions as

in Eq. 4.4.

Sa(x) = G/x+H (4.4)

Sa(x) is normalized execution time and x denotes scale (i.e., number of cores). G

and H are coefficients of the generalized regression function. R-squared values

of these regression functions are all above 0.996.

4.4 Optimal Platform Configuration

In section 4.3, I have quantified the impact of power capping and scaling on

execution time for both simulation and analysis. Based on these relationships, I

develop a reliability-aware model to predict the optimal platform configurations

for HPC workflows, which include power limits, power capping levels, and scales

for scientific simulation and analysis respectively. The variables used in the model

are listed in Table 4.3.

4.4.1 Base Model

In order to facilitate the derivation of the reliability-aware model, first, I

develop the base model in this subsection. Facing power constraints, workflows
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Table 4.3.: Symbols in the analytical model. Subscript ‘s’ denotes simulation

and subscript ‘a’ denotes analysis.

Constant Description Variable Description

Ns|a Baseline scale ns|a Scale

ncores Processor core count es|a Energy consumption

Ts|a Baseline execution time ts|a Execution time

Phost GPU host power consumption rn Ratio between na and ns

Pmem Memory power consumption ps|a Processor and memory

P Workflow power limit power consumption

always run with a power limit (P ). Workflow power consumption comes from

processor, memory, and network. Using optical links to replace copper links has

become a practical trend in exascale computing, because power consumption of

optical links remains steady as bit-rate scales up [23]. Therefore, the network

power consumption remains constant and is excluded from power limit P . The

peak power consumption of workflows should always be under the power limit,

as defined in formula 4.5.

ns × ps + na × pa ≤ P (4.5)

Simulation … …
Analysis	Dump	Interval

Simulation Simulation

Analysis Analysis Analysis… …
Raw	Data

Figure 4.10.: Overview of workflow execution

Simulation and analysis run in a pipelined manner, as illustrated in Fig. 4.10.

In HPC workflows, online analysis reduces the amount of simulation data to
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persistent storage, which in return expedites the simulation. Therefore, analysis

should finish earlier than simulation, rather than impeding simulation. The

overall execution time of a workflow (Tworkflow) is dominated by the part (either

simulation or analysis) that takes longer time, as defined in Eq. 4.6.

Tworkflow = MAX(ts, ta) (4.6)

ta is analysis execution time and ts is simulation execution time, which are defined

in Eq. 4.7 and Eq. 4.8 respectively. ta and ts are calculated based on the baseline

execution time Ta and Ts respectively, after scaling and power capping. In the

optimal configuration sets, ta is always smaller than ts.

ta = Sa(rn×ncores)/Sa(ncores)× Ta(pa−Pmem) (4.7)

Pmem denotes the main memory power consumption, which is included in the

energy calculation. Baseline analysis time (Ta) is the per-processor (ncores) ex-

ecution time without power capping, as shown in Eq. 4.1. Baseline analysis

scale (Na) is 1. Scaling factor is calculated based on Eq. 4.4, where rn analysis

processors are utilized to perform the same task as the baseline case.

ts = Ss(ns)/Ss(Ns)× Ts(ps−Phost) (4.8)

Phost denotes the host power consumption on the GPU platform, which consists of

CPU and main memory power consumption. Host power consumption is included

in the energy calculation. Baseline simulation time (Ts) is the execution time

under baseline scale (Ns) without power capping, as shown in Eq. 4.2. Baseline

simulation time and scale can be obtained from large-scale runs. Scaling factor

is calculated based on Eq. 4.3.

The overall energy consumption of a workflow (Eworkflow) consists of energy

consumption from the simulation (es) and analysis (ea), as shown in Eq. 4.9.

Eworkflow = es + ea = ns × ps × ts + na × pa × ta (4.9)
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To be noted that network energy consumption is not included in Eworkflow. As

discussed earlier, power consumption of optical links remains steady as bit-rate

scales up [23], which makes network energy consumption dependent on workflow

execution time (Tworkflow). As long as Tworkflow is minimized, network energy

consumption is optimal.

The objective function F (ns,ps,rn,pa) to achieve the minimal workflow execution

time (Tworkflow) is given in Eq. 4.10.

F (ns,ps,rn,pa) = minimize(ts), ts ≥ ta (4.10)

In order to solve the objective function, we should minimize ts while ensuring

that ta is smaller than ts. When analysis variables rn and pa are treated as

constants in ts, simulation time (ts) is minimized when simulation scale (ns)

reaches the upper limit. According to formula 4.5, the upper limit of ns can be

expressed as a function of variable ps, as shown in formula 4.11.

ns ≤ P/(ps + rn × pa) (4.11)

Based on formula 4.11, the minimum ts is converted into a quadratic function of

the variable ps, as shown in Eq. 4.12.

ts = Ss(P/(ps+rn×pa))/Ss(Ns)× Ts(ps−Phost) (4.12)

Solving the quadratic function (Eq. 4.12), the x coordinate of the vertex (i.e.,

maximum ts) is defined in Eq. 4.13.

x = −0.5× (D/C − Phost + rn × pa + F/E × P ) (4.13)

As a result, ps for minimal simulation execution time (ts) is defined in Eq. 4.14.

ps =





Pmax, if x ≤ (Pmax + Pmin)/2;

Pmin, if x > (Pmax + Pmin)/2.
(4.14)

Pmax and Pmin denotes the maximum and minimum effective power capping level

for simulation. In the solution above, analysis variables rn and pa are treated
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as constants at first, to derive the ps for minimal ts. In resolving the objective

function F (ns,ps,rn,pa), next, I enumerate the combinations of rn and pa to obtain

the minimal ts that satisfies the condition ts ≥ ta.

4.4.2 Reliability-aware Model

In subsection 4.4.1, I develop the base model to predict the optimal platform

configurations for a failure-free environment. In reality, it is common to see

failures happen, especially in large-scale HPC facilities. In this subsection, first,

I revisit how the power-capping aware checkpointing model [18] calculates failure

rate, wasted time, and OCI (Optimal Checkpointing Interval), as shown in Eq.

4.15 to Eq. 4.19. Then, I propose a reliability-aware model based on the base

model, to consider failures in the real world.

CheckpointSimulation Simulation …

Analysis Ana

Sim

Failures

R

Checkpointing	Interval Wasted	Time

Analysis

CheckpointSimulation Simulation

Analysis

Analysis	Dump	Interval

Analysis…
Raw	Data

…

…

Figure 4.11.: Overview of workflow execution with failures, checkpoint, and

restart

Taking failures, checkpoint, and restart into account, the total execution time

of scientific applications (Ttotal(Pi)) includes computation time (Tcomp(Pi)), check-

pointing time (Tchkp(Pi)), and wasted time (Twaste(Pi)), as illustrated in Fig. 4.11.

Computation time is the time to perform scientific simulation (ts) and data analy-

sis (ta). In order to tolerate failures, simulation applications perform checkpoint-

ing periodically with an interval α. The analysis dump interval is independent of

the checkpointing interval. Time to checkpoint (denoted as β) is the time taken

to store checkpoints into permanent storage systems. When failures occur, the
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simulation application rollbacks to the latest checkpoint, or the analysis applica-

tion reprocesses the raw data. Additional checkpoints are not taken for analysis

applications because analysis is more resilient to failures as illustrated in section

4.2. The lost work caused by such rollback is wasted time. The checkpointing

time and wasted time are defined in Eq. 4.15 and Eq. 4.16 respectively.

Tchkp(Pi) = (
Tcomp(Pi)

α
− 1)× β (4.15)

Twaste(Pi) =
Tcomp(Pi)

α
× (e

α+β

MTBF (Pi) − 1)× (ǫ× (α + β) + ǫ) (4.16)

ǫ represents the fraction of lost work due to failures. α denotes OCI, which is

derived by solving d
dα
(Ttotal(Pi)) = 0, leading to the minimal total execution time

(Ttotal(Pi)). In this work, in order to accurately predict OCI under all conditions,

I utilize the MATLAB numeric solver “vpasolve” to calculate OCI.

In Eq. 4.16, MTBF (Pi) represents the MTBF (Mean Time Between Failures)

at power capping level Pi, which is defined in Eq. 4.17.

MTBF (Pi) = (MTTFbase/FA(TEMP (Pi)) + γ)×Ns/ns (4.17)

MTTFbase denotes the baseline mean time to fail. γ is the time to recover

from failures. FA(x) is the acceleration factor of the Arrhenius Equation at

temperature x, as defined in Eq. 4.18.

FA(x) = e
Ea
k

×(1/TEMPbase−1/x) (4.18)

k is Boltzmann constant (8.617 × 10−5 eV/°K) and Ea is activation energy

(0.7eV). TEMPbase denotes the baseline temperature. In Eq. 4.17, TEMP (Pi)

denotes processor temperature at power capping level Pi, which is defined in Eq.

4.19.

TEMP (Pi) = I × Pi + J (4.19)

The sensitivity of processor temperature to changes in power capping (i.e., coeffi-

cients I and J) is dominated by the cooling infrastructure. Processor temperature

increases linearly as power capping level grows, as illustrated in Eq. 4.19. When
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processor temperature gets higher, it becomes less reliable, as illustrated in Eq.

4.17.

I propose the reliability-aware model to explore various configuration sets

and minimize the total execution time (Ttotal(Pi)). Rather than minimizing the

simulation time ts as in the base model, the reliability-aware model minimizes

the total execution time of simulation, which includes computation time, check-

pointing time, and wasted time. Reliability plays a major role in the trade-off

between checkpointing time and wasted time. In addition, under power con-

straints, power capping level and scale affect both reliability and computation

time inversely. For example, an increment in power capping level is accompanied

by decreased reliability level and shortened computation time. Under a power

limit, this causes a decrement in scale, which occurs with increased reliability

level and prolonged computation time. The reliability-aware model explores the

various interplay among power capping level, scale, reliability, computation time,

checkpointing time, and wasted time. The objective function is defined in Eq.

4.20.

F (ns,ps,rn,pa) = minimize(Ttotal(ps)), ts ≥ ta + t̃a (4.20)

t̃a is the wasted time of analysis applications. In order to avoid the interference

between consecutive analysis tasks, the summation of analysis time (ta) and

analysis wasted time (t̃a) should not exceed the simulation time (ts).

Total execution time (Ttotal(ps)) is determined by Tcomp(ps) and α, both of

which can be expressed as a function of power capping level ps. In solving the

objective function, I utilize the same methodology as discussed in subsection

4.4.1. The difference lies in how to derive the optimal ps to achieve minimal

Ttotal(ps). Solving
d

dps
(Ttotal(ps)) = 0 leads to the optimal power capping level ps.

In this work, the MATLAB numeric solver “vpasolve” is utilized to calculate the

optimal configurations.
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4.5 Evaluation and Model-driven Studies

In this section, I evaluate the proposed model in terms of scale, power capping

level, and power limit. In addition, I also study the sensitivity of the reliability-

aware model to various parameters, compared with the base model.

In real world, ns and rn have facility-dependent boundaries. ps and pa have

platform-dependent boundaries. In solving the objective function F (ns,ps,rn,pa), I

enumerate the possible values of rn and pa since they have small ranges. In this

way, the 4-tuple (ns, ps, rn, pa) can be converted into 2-tuple (ns, ps), which can

be further converted into 1-tuple ps based on Eq. 4.11. Then I follow the steps

as discussed above to solve the objective function for each rn-pa pair. Finally, I

traverse the enumeration set to obtain the optimal solution.

In the baseline setup, power consumption and coefficients are the average

of measured data across all the applications on real platforms. The baseline

setup assumes a 120 hour job (scientific simulation) running on a Titan-like

supercomputer using 20,000 nodes. It is assumed that this scientific simulation

produces raw data at 1 TB/s, which equals to the peak I/O bandwidth of the

Spider Lustre filesystem at Oak Ridge National Laboratory. This is a valid

assumption since not all the data will reach the Lustre filesystem after online

analysis. The job consumes 120 watts power on each GPU, with an upper (Pmax)

and lower (Pmin) power limit of 120 watts and 90 watts respectively. Online

analysis is performed on a separate group of Xeon processors, whose baseline per-

processor analysis throughput is 140 MB/s. Per-processor analysis throughput

is chosen based on the geometric mean instead of arithmetic mean, due to the

significant variation across different applications. In the baseline setup, analysis

time is calculated as simulation time multiplied by the throughput ratio between

simulation and analysis.

When running simulation applications on CPUs, reducing active cores relieves

memory contention and improves performance [24]. Unlike CPU applications, the
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parallelism of GPGPU applications is orders of magnitude larger than the avail-

able CUDA cores. GPGPU is designed to serve such huge parallelism. Therefore,

it is not viable to reduce the cores in exploring the optimal configuration.
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Figure 4.12.: Minimal total simulation time (Ttotal(Pi)), and associated workflow

computation time ts (simulation) and ta (analysis), with various processor ratios

and under analysis power capping level 60 watts. They show similar trends under

different analysis power capping levels. X-axis is plotted in a log scale to clearly

show the data points when rn < 1.

Fig. 4.12 shows the minimal total simulation time (Ttotal(Pi)) which includes

simulation computation time, checkpointing time, and wasted time. Processor

ratio refers to the number of analysis processors used to process the data gener-

ated by one simulation processor. Under a power limit of 2 MW, as shown in Fig.

4.12a, both total simulation time and simulation computation time increase as

processor ratio increases. With power under-provisioned, increasing the number

of analysis processors means decreasing the power limit of simulation, which leads

to the decreased simulation scale and increased simulation time. The minimal

total simulation time is marked with a circle when analysis time (ta+ t̃a) becomes
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slightly smaller than simulation computation time (ts). Under a power limit of

6 MW, as shown in Fig. 4.12b, although simulation computation time increases

slightly, the total simulation time deceases as processor ratio increases. The

reason is that, with power over-provisioned, smaller simulation scale and lower

power capping level result in a higher reliability level (or larger MTBF), which

in return reduces the total checkpointing time and wasted time. Consequently,

the total simulation time decreases as analysis scale increases. The minimal total

simulation time is achieved (marked with a circle) when analysis time (ta + t̃a)

becomes much smaller than simulation computation time (ts), rather than the

point where ta + t̃a becomes slightly smaller than ts. Running a workflow under

power constraints, it is intuitive to assign less power to analysis (letting analysis

match the simulation time), and distribute more power to simulation in order to

boost performance. However, this can raise the checkpointing time and wasted

time, when reliability is taken into account.

Finding 13 Distributing excessive power to simulation can prolong the total

simulation time. Matching analysis and simulation in terms of execution time

does not always lead to the minimal total time.

To be noted that, extending the upper limit of analysis time from simula-

tion computation time (ts) to total simulation time (Ttotal(Pi)) can reduce the

total simulation time by 1.1%, marked with a square in Fig. 4.12a. However,

the reliability-aware model does not treat such configuration as optimal for the

following two reasons. First of all, the performance gain is limited. However, it

may cause significant performance loss as illustrated in Fig. 4.12b. In addition,

extending the analysis time causes interferences between consecutive analysis

tasks. For example, an application performs checkpointing every α time, the

time taken to store a checkpoint is β, and analysis data dump frequency is α/n.

If analysis takes up to (α+ β)/n time, when the second analysis dump starts at

time α/n, the analysis resources are still busy processing the first data dump.

To be worse, such delay propagates to the consecutive n− 1 analysis tasks.
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Figure 4.13.: Minimal workflow execution time and energy consumption under

various power limits. Solid lines represent the reliability-aware model (R-Model)

and dotted lines are for the base model (B-Model). Solid dots are simulation

results. Color red is utilized to plot execution time (left y-axis) and blue is used

for energy consumption (right y-axis).

In Fig. 4.12, I show the minimal workflow execution time under power lim-

its 2 MW and 6 MW. Next, I validate the reliability-aware model and explore
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the minimal execution time and energy consumption under various power limits

(ranging from 1 MW to 8 MW) for HPC workflows.

In order to validate the reliability-aware model, the model results are com-

pared against simulation results. I utilized an event-driven simulator developed

in [12], which simulates different phases (i.e., computation, checkpointing, and

rollback) and failure events of simulation and analysis in HPC workflows. The

simulator generates random failures which follow a Poisson process, and the in-

tervals between failures follow the exponential distribution. In the simulation,

execution time is adjusted based on the power capping level and scale in accor-

dance with the relationships derived in section 4.3.

Simulation results for both execution time (red dots) and energy consumption

(blue dots) are shown in Fig. 4.13. We can observe that the reliability-aware

model results (solid lines) closely match the simulation results under various

power limits and platform configurations. I also show the results of the base

model in Fig. 4.13 to compare with the reliability-aware model. First, I observe

that these two models are close to each other when power limit is small (smaller

than 3 MW). As power limit increases, applying the base model results in larger

execution time and energy consumption, and the gap is enlarging. Finally, I

observe that workflow execution time decreases first, keeps steady, and then

increases slightly as power limit increases. Therefore, the optimal power limit

for performance is the starting point of the steady phase. Concerning workflow

energy consumption, it increases significantly as power limit increases.

Finding 14 The reliability-aware model can accurately predict the optimal plat-

form configurations for minimal workflow execution time and energy consump-

tion. Energy consumption increases as power limit increases, but an excessive

high power limit may degrade the workflow performance.

Although processor ratio strongly affects the workflow execution time (as

illustrated in Fig. 4.12), different (rn, pa) pairs (e.g., (60, 1/3), (50, 1/3), (40, 1/2)

and (30, 1) under 2 MW power limit) lead to similar minimal total execution time,
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as shown in Fig. 4.13. However, using the lowest analysis power capping level

requires 3 times analysis processors as using the highest power capping level.

Moreover, as shown in Fig. 4.13, employing a lower analysis power capping level

results in higher workflow energy consumption, especially with a larger power

limit. Although a lower power capping level tends to improve the reliability

level, it improves the analysis scale, which in return reduces the overall MTBF.

However, in Fig. 4.6a, I observe that, to achieve the minimal energy consumption,

the optimal analysis power capping levels for most applications are between 40

watts and 50 watts. In contrast, when taking scalability and reliability into

account, a higher analysis power capping level typically leads to lower energy

consumption.

Finding 15 The combination of analysis power capping level and scale offsets

their individual impact on execution time within a range. The optimal analysis

power capping level should be the highest effective level. Otherwise, it leads to

resource over-utilization and excessive energy consumption.

To be noted that, under power constraints, the platform configuration for

minimal execution time does not necessarily lead to minimal energy consumption,

as illustrated in Fig. 4.13. Under power limits, execution time reflects the

performance per power limit. Conventionally, energy efficiency is measured as

performance per watt, which can be reflected by energy consumption.

Finding 16 Execution time and energy consumption show distinct trends as

power limit changes. Under power constraint, performance per power limit does

not reflect real energy efficiency which is typically measures as performance per

watt.

While determining the optimal power limit, users usually pursue minimizing

execution time. In contrast, facility owners typically want to minimize the elec-

tricity bills (energy consumption). The different goals result in a dilemma in

deciding the optimal power limit. To resolve this, I resort to the metric, energy-
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delay product (or performance per joule), when perform comparison among var-

ious workflow power limits, in order to achieve the trade-off between different

goals.

The optimal platform configuration model is based on parameters obtained

from real-system experiments. Consequently, the results are dependent on such

parameters, which may compromise the findings or conclusions. Therefore, I

perform sensitivity studies for the reliability-aware model on such parameters.

In sensitivity study, reduction percentage is utilized to measure the percentage

of time or energy reduced by applying the reliability-aware model compared with

the base model.
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(b) Energy consumption

Figure 4.14.: Reduction percentage of execution time and energy consumption

for sensitivity study on analysis scaling coefficients.

According to finding 15, analysis power capping level and scale neutralizes

each other’s impact on execution time. Therefore, the reliability-aware model is

not sensitive to the variation in these coefficients. In Fig. 4.14, I compare the

borderline analysis programs in terms of scalability (coefficients G and H), to

illustrate the sensitivity of the reliability-aware model to analysis scaling coeffi-
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cients. As shown in Fig. 4.9b, application B+tree and NN have the best and

worst scalability. I find that the reliability-aware model shows identical reduction

percentages over the base model for B+tree and NN under all power limits, as

shown in Fig. 4.14a. Concerning energy consumption, the reduction percentage

only grows faster for B+tree when power limit gets larger than 3 MW. As power

limit keeps increasing, the energy reduction difference between the borderline

coefficients is up to 10.6%. Regarding analysis power capping coefficients (A

and B), I have performed sensitivity study with borderline analysis applications

Kmeans and SC (as shown in Fig. 4.6a), and find that the reliability-aware

model also shows similar behaviors as the base model with respect to reduction

percentages.

Finding 17 The advantage of applying the reliability-aware model over the base

model is not sensitive to the variations in analysis power capping and scaling

coefficients.

Then, I perform sensitivity studies on coefficients that are relative to simu-

lation. The sensitivity study on simulation power capping coefficients (C and

D) is based on two boundary applications (lavaMD and LU). As shown in Fig.

4.7a, the performance of application LU is more sensitive to changes in power

capping levels, compared with application lavaMD. I observe that the reduction

percentage for lavaMD is slightly higher than the reduction percentage of LU,

as shown in Fig. 4.15. For applications (e.g., lavaMD) that are less sensitive

to power capping changes, the reliability-aware model explores the opportunities

to reduce the simulation power capping level with increased scale, in order to

improve reliability level and minimize the execution time. Overall, simulation

power capping coefficients have small impact on the reduction percentage of the

reliability-aware model against the base model. The reduction percentages on

both execution time and energy consumption increase as power limit gets larger,

as shown in Fig. 4.15.
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Figure 4.15.: Reduction percentage of execution time and energy consumption

for sensitivity study on simulation power capping coefficients.

The sensitivity study on simulation scaling coefficients (E and F ) is based

on two boundary applications, HACC and SNAP, which has the highest and

lowest scalability as shown in Fig. 4.9a. I find that these scaling coefficients

have significant impact on the reduction percentage. As shown in Fig. 4.16a,

when simulation scalability is low (i.e., SNAP), applying the reliability-aware

model reduces the execution time by up to 45.3%, which is 31.7% higher than

running with coefficient of HACC. Concerning energy consumption, the reduc-

tion percentage gap between borderline applications is up to 56.7%. When the

scalability of simulation applications is low, the reliability-aware model explores

the trade-off between reliability and scale. In such circumstance, although run-

ning at a smaller scale increases the computation time, it increases MTBF and

reduces the total checkpointing time and wasted time, which in return reduces

the total simulation time and energy consumption.

Finding 18 The advantage of applying the reliability-aware model over the base

model is not sensitive to the variations in power capping coefficients, but is sensi-
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tive to the simulation scalability. When simulation suffers from poor scalability,

the reliability-aware model explores the trade-off between reliability and scale while

minimizing the execution time and energy consumption.
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Figure 4.16.: Reduction percentage of execution time and energy consumption

for sensitivity study on simulation scaling coefficients.

Apart from the coefficients relative to power capping and scaling, I also in-

vestigate the sensitivity of the reliability-aware model to parameters of cooling

infrastructures and time to take a checkpoint.

According to [18], the sensitivity of temperature to power capping level is

dependent of the cooling infrastructure. When equipped with a powerful cooling

infrastructure, temperature increases slowly as power capping level increases. In

this section, I evaluate the reliability-aware model with server processors which

are equipped with powerful server cooling infrastructures. In order to study

the sensitivity of the reliability-aware model to parameters of cooling infrastruc-

tures, I compare with the parameters obtained from a desktop platform. The

Core i7-2600 platform is equipped with desktop cooling infrastructures, and its

temperature is more sensitive (higher temperature gradient) to changes in power
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consumption (I = 0.75, J = 29.1). The comparison results are shown in Fig.

4.17. I find that, as cooling infrastructures become less powerful, the reduction

percentage of applying the reliability-aware model over the base model increases

significantly, with respect to both execution time and energy consumption. Com-

pared with the base model, applying the reliability-aware model reduces the exe-

cution time and energy consumption by up to 32.2% and 40.8% respectively, when

running on platforms with powerful cooling infrastructures. In contrast, when

running on platforms with insufficient cooling capacity, the reduction percentages

boost to 74.1% and 78.0% for time and energy respectively. When temperature

gradient is high, the reliability-aware model exploits the opportunity of reducing

power capping level in order to increase the overall MTBF. Although increased

scale reduces MTBF, the reliability-aware model explores the trade-off between

power capping level and scale to maximize MTBF.
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Figure 4.17.: Reduction percentage of execution time and energy consumption

for sensitivity study on cooling platform parameters.

Finally, I study the sensitivity of the reliability-aware model to the time to

take a checkpoint. In this section, I assume that time to checkpoint is 30 min.
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Figure 4.18.: Reduction percentage of execution time and energy consumption

for sensitivity study on time to take a checkpoint.

I study the sensitivity of the reliability model to this parameter using cases

where it takes 5 min, 15 min, and 45 min to store the checkpointing data. As

shown in Fig. 4.18, reduction percentage of applying the reliability model to the

base model increases as time to checkpoint increases. When time to checkpoint

increases, its weight in the total simulation time also grows. The reliability-

aware model trades computation performance in to minimize the checkpointing

overhead through reducing the scale and power capping level. Exploring such

trade-off minimizes the total simulation time and energy especially when the

time to checkpoint gets longer. Either large checkpoint data size of applications

or small I/O bandwidth or storage systems can result in long time to checkpoint.

Finding 19 Platforms with insufficient cooling capacity, applications with large

checkpoint data size, and storage systems with limited I/O bandwidth benefit more

from applying the reliability-aware model.
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CHAPTER 5

PROACTIVE BURST BUFFER DRAINING

In this chapter, I introduce the proactive burst buffer draining scheme in the

following aspects. In section 5.1, I discuss the background and motivation. In

section 5.2, I introduce the design of the proactive burst buffer draining scheme.

The I/O provisioning model is introduced in section 5.3. I present the validation

and evaluation results in section 5.4. In section 5.5, I discuss the proactive burst

buffer draining scheme in various aspects.

5.1 Background and Motivation

In this section, I first describe the infrastructure of HPC storage systems.

Then, I discuss the HPC I/O characteristics and the motivation of this work.

I take the OLCF (Oak Ridge Leadership Computing Facility) Spider storage

system [85] as an example to describe the storage infrastructure. As illustrated

in Fig. 5.1, the computing resources and permanent storage system are con-

nected through a scalable I/O network consisting of InfiniBand switches. There

are about 26,000 nodes mounted on the Spider storage system, where supercom-

puter Titan takes up more than two thirds of the nodes [86]. The center-wide

storage system is shared by multiple computing resources, including supercom-

puter Titan, analysis cluster Rhea, visualization cluster Everest, etc. To meet

the increasing data-sharing requirements, it is practical for HPC facilities to em-

ploy a center-wide storage system. The storage system at OLCF experienced the

transition from a machine-exclusive model to a center-wide, data-centric model

in 2005 [87]. On the storage side, the Lustre-based parallel filesystem runs on 288

Object Storage Servers (OSS). A total of 2,016 Object Storage Targets (OST) are
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Figure 5.1.: Storage infrastructure at Oak Ridge Leadership Computing Facility

[29].

connected to DataDirect Networks (DDN) SFA12K-40 RAID controllers. Each

OST consists of 10 hard drives as a RAID6. An I/O monitoring tool regularly

polls the DDN controllers and stores the I/O statistics (e.g., throughput, IOPS,

etc.) into a database [88]. On the next-generation supercomputer Summit, node-

local non-volatile memory is introduced as burst buffers.

Fig. 5.2 shows a 24-hour write trace of the Spider storage system. I observe

that, for most of the times, aggregate write throughputs are below 10 GB/s.

However, for the other times, aggregate write throughputs are above 10 GB/s

and even larger than 20GB/s. As demonstrated by the I/O log, mostly, the

I/O load is much lower than what the storage system can provide. However,

the storage system is provisioned in order to provide sufficient bandwidth to

the few I/O peaks. If a storage system is provisioned to serve I/O peaks, it is

underutilized for the time between I/O peaks. Although modern systems exploit
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various buffers to serve the I/O peaks, such peaks still exist on the permanent

storage system without judiciously draining the buffers [9].
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Figure 5.2.: One-day I/O (write) log for Spider storage system hosted at Oak

Ridge National Laboratory.

HPC applications are known for periodic bursty I/O behaviors [8]. Taking

the Community Earth System Model (CESM) as an example, climate data are

stored to the permanent storage system per month simulation. Checkpoints

are taken after every 3-month simulation. As illustrated in Fig. 5.3a, both

application outputs and checkpoints are periodic and bursty. At machine level,

various applications run simultaneously, which makes I/O peaks from different

applications overlap with each other and create even higher peaks, as shown in

Fig. 5.2.

Approaching exascale computing, the storage I/O is expected to have an

O(100) increase comparing with petascale systems [20] [21] [22] [23]. I continue

using the OLCF resources as an example. In the current petascale system, the

Spider storage system consumes 400 KW power [29], and the peak power con-

sumption of supercomputer Titan is 9 MW [17]. In an exascale system with

a power limit of 20 MW [4], it would consume a considerable amount of the
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Figure 5.3.: Fig. 5.3a shows a sample I/O (write) trace from a 15-month CESM

simulation on supercomputer Titan with component sets F 2000 and resolution

f19 f19. This small-scale sample run is used to illustrate the I/O periodicity of

scientific applications. Fig. 5.3b shows the aggregate I/O throughput for various

numbers of applications on 4 OSTs.

power budget to provision for the O(100) increase in storage I/O. In order to

expedite the storage I/O performance under power constraints, burst buffers

are introduced to absorb the bursty bulk data and relax the I/O provisioning

requirement of the underlying permanent storage systems. However, without

judiciously draining the distributed burst buffers, I/O bursts still exist in the

underlying storage systems [9]. Since the aggregate bandwidth of storage system

is lower than the burst buffers, I/O bursts are reduced passively at the storage

system. As a result, the I/O contention is exacerbated due to under-provisioning

at the original I/O peaks from the applications. The read and write performance

of the permanent storage systems suffer from the severe I/O contention at the

I/O peaks.

84



I run a real-system emulation to illustrate the I/O contention issues on under-

provisioned storage systems. When running multiple applications on shared stor-

age resources, under-provisioning can lead to severe resource contention. When

the number of applications sharing the same storage resources is relatively small,

running more applications can achieve higher aggregate I/O throughput. As il-

lustrated in Fig. 5.3b, when the number of applications increases from 1 to 3,

the aggregate I/O throughput increases from 950 MB/s to 1700 MB/s. How-

ever, when the number of applications running on shared storage resources keeps

growing, the aggregate I/O throughput drops significantly. As shown in Fig.

5.3b, when the number of applications increases from 3 to 16, the aggregate I/O

throughput decreases from 1700 MB/s to 250 MB/s. Running more applica-

tions than the serving capability of the storage system (i.e., the storage system

is under-provisioned) causes severe resource contention. As a result, the perfor-

mance of the storage system is degraded severely (85% degradation as shown in

Fig. 5.3b).

In this work, I aim to minimize the storage I/O provisioning requirement

and resolve the problems associated with I/O peaks utilizing the periodicity

attribute of HPC I/O. As discussed in Fig. 5.3a, HPC applications dump data

periodically to burst buffers. An intuitive strategy is to reactively flush the data

as they arrive at burst buffers, known as reactive draining [70]. Instead of

employing the reactive draining strategy, I propose to drain the data proactively

to the permanent storage system, in order to flatten I/O peaks in the storage

system.

5.2 Proactive Burst Buffer Draining Scheme

The proactive burst buffer draining scheme exploits the I/O periodicity. Since

application I/O performance mainly relies on the burst buffer instead of the per-

manent storage system, the proactive burst buffer draining scheme can scatter
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the I/O draining process within the I/O interval while not impacting the ap-

plication I/O performance. As illustrated in Fig. 5.4, applications dump data

periodically and burst buffers perform draining in an asynchronously manner.

Using reactive draining, as shown in Fig. 5.4a, burst buffer flushes data quickly,

which passes the I/O bursts on to the underlying storage system. By comparison,

using proactive draining as illustrated in Fig. 5.4b, data are divided into small

blocks and draining requests are dispersed evenly across the entire computation

and I/O period. Consequently, I/O bursts stop at the burst buffer layer.

I/O …

Burst	Buffer

time

Compute Compute

(a) Reactive burst buffer draining

I/O …

Burst	Buffer

time

Compute Compute

(b) Proactive burst buffer draining

Figure 5.4.: An illustration of reactive and proactive burst buffer draining. Ar-

rows represent application I/O and burst buffer draining requests.

In a HPC storage system, OSTs are typically assigned to applications in a

round-robin manner. As illustrated in Fig. 5.5a, OST 1 to 8 are assigned to

application one and OST 9 to 16 are assigned to application two. Each file

of application one is striped across 4 OSTs and each file of application two is

striped across 2 OSTs. In reactive burst buffer draining, burst buffers flush

data reactively to the underlying permanent storage system when data become

available in burst buffers. After burst buffers get the assigned OSTs, the OSTs

are appended to the waiting queue. Using proactive burst buffer draining, in

this example, each file is divided into two segments, as illustrated in Fig. 5.5b.

The burst buffer draining controller drains the first segment of each file, and

then drains the second segment. Burst buffers issue draining requests to the

assigned OSTs for an extended time period. The draining segments arrive at
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Figure 5.5.: An comparison between reactive and proactive burst buffer draining.

Arrows represent burst buffer draining paths of different files and segments. The

burst buffers drain 2 files of application one with a stripe count of 4, and drain 4

files of application two with a stripe count of 2. Using proactive draining, each

file is divided into 2 segments which are drained sequentially.

the same group of OSTs periodically. As shown in Fig. 5.5b, the draining

segments of application two are interleaved with application one on the same

OSTs. In proactive draining, segment is the basic scheduling and draining unit.

I/O requests within draining segments of different applications do not overlap

with each other. Otherwise, sequential I/O requests from multiple applications
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interleave with each other and turn into random I/O requests, causing request

contention on OSSs and resource contention on OSTs.

…
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Figure 5.6.: An illustration of the data partition for proactive burst buffer drain-

ing. Layers SION, OSS, and DDN are not plotted for simplicity.

I use application one in Fig. 5.5b as an example to illustrate the data partition

of the proactive burst buffer draining. As shown in Fig. 5.6, burst buffers drain nf

files (application output or checkpoint) to the permanent storage system. Each

file is divided into N segments and each segment is divided into Nio stripes. The

entire file is divided into Sio stripes, and is striped across nost OSTs. The file

size is S and the stripe size is ss. The relationship between these parameters is

defined in Eq. 5.1.

N =
Sio

Nio

=
S

Nio × ss
(5.1)

For node-local burst buffers, each compute node has a burst buffer draining

controller. In each node, the draining controller calculates the application I/O

interval based on the time difference between the start of application and the start

of data dump. From the perspective of a specific group of OSTs, there is a set of

applications sharing them. In order to coordinate the draining process of different

applications and avoid contention across applications on the shared OSTs, the

proactive burst buffer draining controllers need to calculate the maximum time
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span for draining segments of different applications. Then, the draining controller

splits the data into appropriate draining segments accordingly, and drains the

segments periodically. Draining segments from different applications arrive at

the shared OSTs periodically, interleaving with each other. The OSS keeps a

map for each group of OSTs to record the application set. Every time a new

application is added into the set or an existing one is removed from the set, the

operation is registered in the related map. The proactive burst buffer draining

controller regularly polls the map and updates the maximum time span for the

draining segments.

5.3 I/O Provisioning Model

In section 5.2, I have discussed the design of the proactive burst buffer drain-

ing scheme. Based on the scheme, I propose the I/O provisioning model to calcu-

late the minimized I/O provisioning requirement for permanent storage systems.

Symbols used in the model are listed in Table 5.1.

When burst buffers perform draining reactively, the draining I/O throughput

is similar to the application I/O throughput, if the storage system is provisioned

to an adequate degree. I/O throughput is defined as the ratio between application

data size and I/O time. If the storage system is provisioned to allow r fraction of

application computation time to perform I/O operations, the reactive draining

throughput is defined as Eq. 5.2.

P(r) =

∑nf

i=1
Si

r × T
(5.2)

In proactive burst buffer draining, data are divided into draining segments

which are dispersed evenly over the I/O interval (T ). The burst buffer draining

throughput is controlled through adjusting the number of I/O requests issued

each time (i.e. the size of the draining segments). Without considering the
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Table 5.1.: Symbols and definitions

Symbols Definitions

T I/O interval of checkpoint or analysis dump

P(r) I/O throughput of reactive burst buffer draining

r ratio between I/O time and I/O interval

B proactive draining throughput without interference

B̃ proactive draining throughput with interference

S application data size per file

Sio number of application data stripes per file

ss data stripe size

nost number of OSTs to stripe over

N number of draining segments per file

Nio number of data stripes per draining segment

t time of a draining segment per file

t̃ hard drive positioning time

nf number of application files

Si application data size of the ith file

Ni number of draining segments of the ith file

ti time of a draining segment of the ith file

na number of applications sharing common OSTs

T(x) the xth application I/O interval

S(x) application data size of the xth application

N(x) number of draining segments of the xth application

t(x) time of a draining segment of the xth application

interference of other applications, the proactive draining throughput is defined

in Eq. 5.3.

90



B =

nf∑

i=1

Si

Ni × ti
(5.3)

In a throughput-oriented storage system, the aggregate I/O throughput nor-

mally increases as the number of concurrent I/O requests increases. In order to

quantify this relationship, I perform a regression analysis based on the simulation

results. I employ the Disksim [89] simulator with the validated disk parameter

set “Seagate Cheetah 15k.5”. The simulation shares the real-system emulation

settings in section 5.4, except that each disk array is configured to have 9 disks

as a RAID5, which has the same number of non-parity disks (8 disks per OST)

as the emulation settings.

In the I/O provisioning model, the number of data stripes per draining seg-

ment (Nio) has upper and lower bounds. The lower bound is calculated based on

device block size and data stripe size. The device block size is 512 bytes in the

simulation settings. The product of Nio and data stripe size should be larger than

the product of device block size and the number of non-parity disks. The lower

bound of Nio is 12 in the simulation settings. Concerning the upper bound, when

Nio grows beyond the upper bound, aggregate I/O throughput keeps steady and

the OSTs become saturated.

Table 5.2.: Coefficients for regression analysis

Coefficients MAX HDD 1 MB HDD 1 MB HDD 2 MB SSD

a 0.585 0.693 0.648 0.552

b 1.044 0.163 0.688 3.653

As shown in Fig. 5.7, the aggregate I/O throughput reaches a plateau, as

the number of data stripes gets larger. Concerning HDD as storage resources,

beyond an upper bound of Nio, the aggregate I/O throughput remains steady at

4.0 GB/s. When data stripe size equals to 1 MB and 2 MB, the upper bounds

of Nio are 1536 and 768 respectively. When it comes to SSD, the upper bound
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Figure 5.7.: Aggregate draining I/O throughput under various data stripe counts

on 4 OSTs.

reduces significantly to 100 and the aggregate I/O throughput remains steady

around 5.5 GB/s beyond the upper bound of Nio. In the proactive burst buffer

draining scheme, I propose to drain the application data in a number of segments

with smaller Nio, in order to reduce I/O peaks. Therefore, I only consider the

range between the upper and lower bounds of Nio. I find that the I/O throughput

trend can be captured by natural logarithm functions, as illustrated by the solid

lines in Fig. 5.7. The R-squared values of regression functions are above 0.997

for HDD and are above 0.981 for SSD, which indicate a statistically sound fit.

The relationship between the number of data stripes (Nio) and aggregate I/O

throughput per file (B′) can be expressed as Eq. 5.4.

B′ =
S

N × t
= a× ln(Nio/nost) + b (5.4)

Coefficients a and b vary across different storage settings, which are listed in

Table 5.2. Combining Eq. 5.1 and Eq. 5.4, time of a draining segment per file

(t) can be expressed as Eq. 5.5.

t =
Nio × ss

a× ln(Nio/nost) + b
(5.5)
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According to Eq. 5.5, the time of a draining segment of the ith file (ti) is

independent of the file size (Si), but is dependent on the number of data stripes

per draining segment (Nio).

In the permanent storage system, applications request and release OSTs in a

round-robin manner. After applying the proactive burst buffer draining scheme,

draining segments arrive periodically for an extended period after the OSTs are

released, making the OSTs being shared by multiple applications. Sequential

draining segments from multiple applications interleave and interfere with each

other, which incurs notably large disk positioning time in front of each draining

segment. Disk positioning time ( t̃ ) consists of seek time and rotational latency.

Although a large draining segment can hide the disk positioning time, it raises

I/O throughput as illustrated in Fig. 5.7. Therefore, it is essential to consider the

impact of disk positioning time in the context of multi-applications, especially

with small draining segments. When burst buffers perform proactive draining as

illustrated in Fig. 5.5b, considering the interference across applications, the I/O

throughput is defined in Eq. 5.6.

B̃ =

nf∑

i=1

Si

Ni × (ti + t̃)
(5.6)

Between each of the N draining segments, the storage resources are utilized

by the other applications. Since draining segments only append to each other

instead of breaking into each other, there exists extra hard drive positioning time

t̃ at the beginning of each segment. Hard drive positioning time is dominated by

the seek time as rotational latency remains constantly small. Seek time can be

expressed as a function of seek distance [90] [91]. Each of the N segments has

a distinct hard drive positioning time depending on the seek distance. In order

to simplify the I/O provisioning model, I propose an aggressive strategy and a

conservative strategy for calculating the draining I/O throughput B̃. When the

storage system is shared with latency-sensitive applications (e.g., data analysis

and visualization), the conservative strategy should be used in order to preserve
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the available I/O bandwidth for the other applications. Otherwise, the aggressive

strategy can be used in order to reduce I/O provisioning requirement.

• Using the aggressive strategy, t̃ is the average positioning time for all N

segments. In this case, parameters a and b in Eq. 5.4 are derived from the

average I/O throughput.

• Under the conservative strategy, t̃ is the minimum positioning time among

all N segments. Parameters a and b are measured based on the maximum

I/O throughput.

The draining I/O throughput is reduced passively by random I/O requests,

due to extra disk positioning time between draining segments. Therefore, to

achieve draining I/O throughput B̃, the permanent storage system is actually

provisioned at bandwidth B. According to Eq. 5.4, when the size of draining

segments (Nio) decreases, draining I/O throughput decreases. In contrast, the

gap between B̃ and B grows larger as Nio decreases.

On shared storage resources, the minimum I/O throughput is constrained

by the minimum draining throughput of each client. The minimum draining

throughput of a client is defined as the ratio between data size (S(x)) and I/O

interval (T(x)). When multiple clients share the storage resources, the draining

throughput of client x should be larger than the aggregate minimum throughput

of all clients, in order to let clients finish draining within their I/O intervals, as

defined in Formula 5.7.

S(x)

N(x) × (t(x) + t̃)
≥

na∑

x=1

S(x)

T(x)

(5.7)

Using smaller draining segments (Nio) leads to lower draining throughput and

longer draining time. On shared storage resources, if one client drains data at

lower throughput and takes longer time, the other clients will have to perform

draining at higher throughputs due to shortened time slices. Therefore, in order

to minimize the overall I/O throughput, all clients sharing the same group of
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OSTs should adopt the same size of draining segments. According to Formula

5.7, the minimum segment size (Nio) should satisfy the following formula.

1

a× ln(Nio/nost) + b
+

t̃

Nio × ss
≤

1
∑na

x=1

S(x)

T(x)

(5.8)

Every time a new application is assigned to a group of OSTs or an existing

application finishes, the maximum time span of each client changes accordingly.

The unified number of data stripes per draining segment (Nio) is updated based

on formula 5.8, and each client adopts the updated Nio to drain data.

5.4 Evaluation

I perform the evaluation based on emulation, simulation, and model-driven

methods. In subsection 5.4.1, I evaluate the proactive burst buffer draining

scheme and compare against the reactive burst buffer draining scheme. In sub-

section 5.4.2, first, I validate and evaluate the I/O provisioning model. Then, I

evaluate the model with leadership applications.

5.4.1 Burst Buffer Draining Schemes

I evaluate and compare the proactive draining scheme and reactive draining

scheme based on real-system emulation and simulation.

First of all, I employ a real-system emulation to demonstrate how the proac-

tive burst buffer draining scheme proactively flattens the aggregate I/O peaks for

all applications. The emulation setting is described in section 5.2. Throughput

data are collected from the DDN RAID controllers of the Spider storage system.

Emulation results are shown in Fig. 5.8 and Fig. 5.9. Comparing Fig. 5.8a and

Fig. 5.9a, I observe that without applying the proactive burst buffer draining

scheme, I/O peaks drop from 1300 MB/s to 800 MB/s in a passive manner when

storage provisioning is halved from 4 OSTs to 2 OSTs. This indicates that, using
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(b) Proactive buffer draining

Figure 5.8.: Aggregate bandwidth for all 12 applications on 4 OSTs

2 OSTs, applications have higher I/O provisioning requirement and the storage

system is overloaded near the original I/O peaks. In contrast, comparing Fig.

5.8a and Fig. 5.8b, when applying the proactive burst buffer draining scheme,

I/O peaks are flattened at 500 MB/s in an active manner. When storage pro-

visioning is halved from 4 OSTs to 2 OSTs, as shown in Fig. 5.9b, I/O peaks

remain steady around 500 MB/s and the storage system is underloaded, whose

peak bandwidth can be as high as 800 MB/s according to Fig. 5.9a. From

the comparison, I observe that decreasing the I/O provisioning reduces the I/O
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(b) Proactive buffer draining

Figure 5.9.: Aggregate bandwidth for all 12 applications on 2 OSTs

bursts passively, when burst buffers drain data reactively. This usually causes

severe I/O contention issues among draining processes and other clients shar-

ing the storage system. However, applying the proactive burst buffer draining

scheme actively flattens the I/O bursts, which in return preserves the available

bandwidth for other clients of the storage system.

A center-wide storage system is shared by various computing resources. For

example, the OLCF Spider storage system is shared by production cluster Ti-

tan, preparation cluster Eos, analysis cluster Rhea, visualization cluster Everest,
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various small-scale clusters, an archival system HPSS, and users on login nodes,

as illustrated in Fig. 5.1. The introduction of burst buffers expedites the appli-

cation write performance. However, draining burst buffers reactively causes I/O

contention issues on the underlying storage system, which in return slows down

the draining process and accumulates data in burst buffers. More importantly,

the I/O contention also impacts the storage system read performance. Comput-

ing tasks, such as application restart, analysis tasks, visualization tasks, and user

accessing files, are sensitive to read performance degradation.

In order to illustrate such impact, I run an IOR instance with repeating

read and write requests to measure the system I/O performance. I run the IOR

instance together with the background burst buffer draining requests (i.e., the 12

applications in Fig. 5.8 and Fig. 5.9), and compare the system I/O performance

under different burst buffer draining schemes. The read and write throughputs of

the IOR instance are shown in Fig. 5.10 and Fig. 5.11. In Fig. 5.10a, I observe

that there are many gaps along the axis of time, where major throughput drops

happen. By contrast, read and write throughputs stabilize along the axis of

time when applying the proactive burst buffer draining scheme, as shown in Fig.

5.10b. When I/O provisioning is halved from 4 OSTs to 2 OSTs, the gaps grow

much bigger (especially for write requests) when draining burst buffers reactively,

as shown in Fig. 5.10a and Fig. 5.11a. In contrast, when applying the proactive

draining scheme with 2 OSTs, the throughputs of most I/O requests still remain

stabilized along the axis of time, as shown in Fig. 5.11b. According to the

comparison, I observe that applying the proactive burst buffer draining scheme

preserves the I/O performance for the other clients sharing the storage system,

especially when I/O provisioning diminishes.

In order to further analyze the differences between the two draining schemes

at block level, I resort to simulation due to the lack of support to collect block

level I/O trace on the Spider storage system. I collect application-level I/O traces
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(a) Reactive buffer draining

(b) Proactive buffer draining

Figure 5.10.: Available read and write bandwidth of the permanent storage sys-

tem (4 OSTs) with the 12 applications (in Fig. 5.8) running at background.

Using 4 OSTs, read throughput above 3.2 GB/s and write throughput above 0.9

GB/s are compared.

from the real-system emulations and replay the traces on the Disksim simulator.

I utilize the same simulation settings as in section 5.3.

The cumulative distribution function of I/O response time is shown in Fig.

5.12. Concerning system response time, as shown in Fig. 5.12a, applying the

proactive burst buffer draining scheme reduces the system response time signifi-
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(a) Reactive buffer draining

(b) Proactive buffer draining

Figure 5.11.: Available read and write bandwidth of the permanent storage sys-

tem (2 OSTs) with the 12 applications (in Fig. 5.9) running at background.

Using 2 OSTs, read throughput above 2.2 GB/s and write throughput above 0.6

GB/s are compared.

cantly. The huge gap between proactive draining and reactive draining is mainly

caused by the difference in I/O arrival time. Applying the proactive burst buffer

draining scheme delays the arrival time of most of the requests, which leads to a

relatively smaller response time. This indicates that applying the proactive burst

buffer draining scheme relieves the burden of the system I/O queue and reduces
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(a) System response time (b) Disk response time

(c) Disk physical access time

Figure 5.12.: Cumulative Distribution Function (CDF) of system response time,

disk response time, and disk physical access time. System response time is the

difference between I/O completion time and I/O arrival time at the disk array

level. Disk response time is the aforementioned difference at the disk level. Disk

physical access time is the difference between disk response time and queuing

time. X-axis is plotted in logarithm scale for better illustration.

the system queuing time. For latency-sensitive tasks, a shorter queuing time

means quicker response. With respect to disk response time, as shown in Fig.

5.12b, the latency tail is between 1 and 10 seconds using proactive draining and

is between 100 and 1000 seconds using reactive draining. Therefore, applying the

proactive burst buffer draining scheme reduces the I/O latency tail by orders of

magnitude. It should be noted that, the disk response time for many requests are
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smaller using reactive draining than utilizing proactive draining. This is because

the available system I/O bandwidth is much larger between I/O peaks using re-

active draining, although the available bandwidth gets much smaller around I/O

peaks. In contrast, the available system I/O bandwidth remain relatively steady

utilizing proactive burst buffer draining scheme. As a result, compared with

proactive draining, many of the I/O requests have a smaller disk response time

while a few of them have a much larger disk response time in reactive draining.

In order to investigate the cause of the variation in disk response time distribu-

tion for both draining schemes, I study the distribution of disk physical access

time. As illustrated in Fig. 5.12c, for most of the I/O requests, the disk physical

access time in proactive draining is similar as reactive draining. This indicates

that the variation in disk response time is not caused by resource contention.

Therefore, the variation is mainly determined by the disk queuing time, which

indicates that request contention is the root cause. Comparing with reactive

draining, proactive draining scheme reduces system response time significantly

and relieves the burden of the system I/O queue. In addition, using proactive

draining scheme reduces the variation in disk response time distribution, which

preserves the available bandwidth to other clients sharing the storage system.

5.4.2 Model Validation and Model-driven Study

In this subsection, first, I validate the accuracy of the I/O provisioning model.

Then, I perform sensitivity studies on the model. Finally, I evaluate the I/O

provisioning model with leadership applications.

In the I/O provisioning model, I/O throughput B is derived from simulation

results. As long as I/O throughput B̃ is validated, the remaining derivative met-

rics are valid. I validate the I/O throughput B̃ based on simulation results. The

simulation keeps the real system emulation settings in section 5.2 with varying

numbers of data stripes per sub-request (Nio). Model and simulation results are
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Figure 5.13.: Aggregate I/O throughput of conservative model, aggressive model,

and simulation

shown in Fig. 5.13. Simulation results are denoted as points (crosses), conserva-

tive model results are plotted using a blue line, and aggressive model results are

depicted as a red line. As illustrated in the figure, the I/O throughput for each

draining segment under the same stripe count varies within the vertical range.

The aggressive model can accurately capture the average I/O throughput for all

the draining segments. Furthermore, the conservative model covers all the I/O

throughput data under various stripe counts in a tight manner.

Then, I perform sensitivity studies on the number of applications (na) sharing

common OSTs and application data size per file (S). Both application-specific

parameters directly affect the decision on the draining segment size (Nio), as

illustrated in Formula 5.8. In the remainder of this chapter, it is assumed that

an application requires I/O overhead to be less than 5% of its computation time

(r = 5%).

In proactive burst buffer draining, draining segments from different applica-

tions interleave with each other on shared OSTs. I evaluate the sensitivity of

the model to the number of applications per OST (na) for the range between 3
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Figure 5.14.: Sensitivity study on the number of applications (na) per OST. The

file size (S) of each application is 1.6 TB striping across 4 OSTs. Y-axis represents

the percentage of the reactive draining throughput (P(5%)). “Observed” refers

to the actual throughput (B̃) observed on the storage system, as illustrated in

Eq. 5.6. “Provisioned” refers to the bandwidth (B) provisioned in order to

achieve the observed throughput, as illustrated in Eq. 5.3. “Ideal” is defined as

P(1)/P(5%).

and 8. As shown in Fig. 5.14a, using the conservative strategy, the provisioned

bandwidth of proactive draining increases from 20.9% to 40.9% of reactive drain-

ing throughput, as the number of applications sharing common OSTs increases.

Using the aggressive strategy, the provisioned bandwidth of proactive draining

increases from 18.0% to 40.7%, which is slightly lower than the conservative

strategy. Observed throughputs of both strategies are close to the ideal case. In

addition, the provisioned bandwidth gets closer to the observed throughput and

ideal case as na increases. Therefore, as system I/O load escalates, consolidating

more applications into shared OSTs improves the bandwidth utilization, because

the lower bound of the draining segment size gets larger according to to Formula
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5.8. To be noted that, the size of draining segments still needs to be minimized

to the lower bound rather than increasing the draining segment size.
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Figure 5.15.: Sensitivity study on the application data size per file (S) striping

across 4 OSTs. There are 4 application per OST. Y-axis and legends have the

same meaning as in Fig. 5.14.

Concerning the application data size per file (S), it is bounded by the product

of time span and maximum I/O throughput. An application outputs nf files

and each file is striped across a group of OSTs. On a specific group of storage

resources, the maximum time span that an application can take is defined in

Formula 5.7. Based on the maximum I/O throughput, we can get the upper

bound of the file size which is 3.6 TB in the sensitivity study. I evaluate the

range between 1.2 TB and 3.6 TB for per application file size (S). As illustrated

in Fig. 5.15, the ideal case remains the same with different file sizes, because

both reactive draining throughput and proactive draining throughput change

synchronously. As data size increases, the provisioned bandwidth gets much

closer to the observed throughput and ideal case, especially for the conservative

strategy. With a fixed data size, increasing the data size per file decreases the
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number of files. Therefore, employing less files per application tends to improve

the system bandwidth utilization, due to enlarged draining segments.

Table 5.3.: Checkpointing and analysis characteristics of leadership applica-

tions [1] [12] [18]. Checkpointing frequency (freq.) is once per hour for all

applications.

Application Scientific Checkpoint Analysis Analysis

Name Domain Data Size Data Size Dump Freq.

CHIMERA Astrophysics 160 TB 160 TB 1 / hour

GTC Fusion 20 TB 10 GB 1 / minute

S3D Combustion 5 TB 5 TB 1 / 30 minutes

GYRO Fusion 50 GB 10 GB 1 / minute

POP Climate 26 GB 1.4 GB 1 / minute
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Figure 5.16.: I/O provisioning requirement of running multiple leadership appli-

cations on shared storage resources. Bars denote I/O provisioning requirement

for each leadership application using reactive draining. Solid line represents the

provisioned bandwidth using proactive burst buffer draining. Dotted line repre-

sents the minimum bandwidth in ideal case.

Finally, I evaluate the I/O provisioning model with leadership applications as

listed in Table 5.3. These are the top 5 largest data-producing applications in the
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National Center for Computational Sciences at Oak Ridge National Laboratory.

I evaluate the case where they run simultaneously on shared storage resources.

For simplicity, I assume that each application runs at the same scale and adopts

the File-per-Process I/O pattern. The I/O provisioning requirement for both

checkpoint and analysis for the leadership applications are shown in Fig. 5.16.

Among the leadership applications, CHIMERA has the highest I/O provisioning

requirement of 889 GB/s. Exploiting proactive burst buffer draining, ideally, the

aggregate draining throughput can be reduced to 54.5 GB/s. According to the

I/O provisioning model, the actual I/O provisioning requirement is reduced to

55.3 GB/s, which is very close to the ideal case as shown in Fig. 5.16. Therefore,

compared with reactive draining, applying the proactive burst buffer draining

scheme significantly reduces the I/O provisioning requirement.

5.5 Discussion

In this section, I discuss the concerns that may compromise the benefits of

applying the proactive burst buffer draining scheme from various aspects.

Unknown or Dynamically Changing I/O Periodicity

As discussed in section 5.2, the draining period equals to the timespan of

the previous computation segment. The proactive draining controller does not

need to know the I/O periodicity of the application in advance. Even if the I/O

periodicity changes dynamically, the draining period changes accordingly.

Random Write Behaviors

When scientific applications implement parallel I/O (File-per-Process or Single-

shared-file), they may show random write behaviors on the burst buffers. After

all the data are buffered, they are divided into draining segments and are drained

to the permanent storage system sequentially.

The Impact of Burst Buffer Draining on Host CPUs

107



Although the proactive burst draining process overlaps with the computation,

it is straightforward that I/O operations impose little burden on CPUs. As

illustrated in [18], CPU power consumption is extremely low during checkpointing

and CPU throttling has little impact on checkpointing performance. Moreover,

the proactive draining controller drains smaller groups of data throughout the

draining period, which also helps minimize the impact on host CPUs.

Storage Requirement on Burst Buffers

The proactive burst buffer draining holds data for an extended timespan.

However, it does not impose any higher requirement to the storage capacity of

burst buffers, because the draining controller drains all the data before the next

data dump. In addition, I assume that node-local burst buffers are provisioned

with sufficient capacity to hold the application data. Taking the supercomputer

Summit as an example, the 3,400 nodes will be equipped with 800GB of NVRAM

each node, which are mainly used as burst buffer or additional node memory [28].

As listed in Table 5.3, the maximum data size of leadership applications is 160

TB, which takes less than 6% of the total burst buffer size.

Support for Failure Restart

The proactive draining controller keeps the restart files in the burst buffers

until the end of the draining period. Once failures happen, the application can

restart from data in node-local storage, for example, using the SCR framework

[6]. If the failure cannot be recovered using from node-local storage, it can

restart from the permanent storage system. The application can either wait for

the checkpoint data to be drained or restart from the latest available checkpoint

on the storage system.

108



CHAPTER 6

CONCLUSIONS

In this dissertation, I proposed three techniques to improve the performance

and energy efficiency of computing and storage resources in power-constrained

HPC facilities. The proposed techniques are summarized in the following three

sections respectively.

6.1 Power-capping Aware Checkpointing

In this work, I investigated the effects of power capping on the optimal check-

pointing interval. I studied the effect of power capping on compute and check-

pointing phases for a variety of scientific applications. I also demonstrated and

quantified how power capping affects the system reliability due to change in tem-

perature. I developed an power-aware OCI model and validation results show

that the proposed model can accurately predict the OCI under power capping.

The evaluation shows that applying my model to a set of large-scale applications

can save up to 18% energy and execution time. Moreover, applying the power-

capping aware model reduces the volume of data movement by up to 57% for

these large-scale applications.

6.2 Reliability-aware Platform Configuration

In this work, I characterized HPC workflows in terms of performance, energy

efficiency, processor heterogeneity, power capping, and error resilience. Then,

I proposed a reliability-aware optimal platform configuration model to deter-

mine the optimal combination of power limit, processor power capping level, and
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scale for simulation and analysis respectively. Validation results show that the

proposed model is accurate in predicting the optimal platform configurations.

Furthermore, I presented model-driven studies and made several insightful find-

ings on how platform configurations impact the reliability, execution time, and

energy consumption of HPC workflows under power constraints.

6.3 Proactive Burst Buffer Draining

In this work I observed that, without judiciously managing the burst buffer

draining process, I/O peaks will be passed on to the underlying storage system,

causing severe I/O contention. Therefore, I designed a proactive burst buffer

draining scheme to regulate bursty I/O behaviors. The goal is to relax the

I/O provisioning requirement and reduce the storage system power consumption.

Evaluation results show that applying the proactive draining scheme flattens

I/O bursts, relieves I/O contention, and preserves the available I/O bandwidth

for the other clients sharing the storage system. Then, based on the proactive

draining scheme, I developed a model to predict the minimal I/O provisioning

requirement. I evaluated the model with leadership applications, and showed

that the I/O provisioning requirement is reduced to a near minimal level. In

conclusion, the proactive draining scheme fully exploits burst buffers to minimize

the I/O provisioning requirement, reduce storage system power consumption, and

preserve the I/O performance of underlying storage systems.
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[45] A. Langer, H. Dokania, L. V. Kalé, and U. S. Palekar. Analyzing energy-time
tradeoff in power overprovisioned hpc data centers. In IEEE International
Parallel and Distributed Processing Symposium Workshop, pages 849–854,
2015.

[46] Zhonghong Ou, Bo Pang, Yang Deng, J.K. Nurminen, A. Ylä-Jääski, and
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