
論文 / 著書情報
Article / Book Information

題目(和文)

Title(English) Bi-directional Exploration of High-performance Computing and Machine
Learning: Mutual Benefits

著者(和文) 郭 箭

Author(English) Jian Guo

出典(和文)  学位:博士(理学),
 学位授与機関:東京工業大学,
 報告番号:甲第11033号,
 授与年月日:2019年3月26日,
 学位の種別:課程博士,
 審査員:松岡 聡,遠藤 敏夫,額田 彰,脇田 建,横田 理央

Citation(English)  Degree:Doctor (Science),
 Conferring organization: Tokyo Institute of Technology,
 Report number:甲第11033号,
 Conferred date:2019/3/26,
 Degree Type:Course doctor,
 Examiner:,,,,

学位種別(和文)  博士論文

Type(English)  Doctoral Thesis

Powered by T2R2 (Science Tokyo Research Repository)

http://t2r2.star.titech.ac.jp/


Bi-directional Exploration of

High-performance Computing and

Machine Learning: Mutual Benefits

Jian Guo

A Dissertation Presented to

Tokyo Institute of Technology

in Candidacy for the Degree

of Doctor of Science

Recommended for Acceptance

by the Department of

Mathematical and Computing Science

Adviser: Professor Satoshi Matsuoka

June 2018



c© Copyright by Jian Guo, 2018.

All rights reserved.



Abstract

High-Performance Computing (HPC) puts together multiple computer technologies

like computer architecture, algorithms, programming and operating system to meet

increasing requirements in computing power and speed. It is used to effectively and

quickly handle complex computational problems. Machine Learning is a sub-discipline

of artificial intelligence (AI), that is closely related to mathematical optimization as

well as computational statistics. By use of Machine Learning, computer systems are

able to “learn” some patterns from objects like a human. Machine Learning models

make judgments or predictions on unknown instances of the same problems. HPC

and Machine Learning are two independent fields of computer science respectively,

which have been developed in their own fields for decades. They have achieved great

results and have made great contributions to the academia and industry.

In recent years, we can see that HPC and Machine Learning benefit each other

rather than profiting unilaterally. There is a mutually beneficial relationship

between the HPC and Machine Learning on some topics. In this thesis, we extend

and strengthen the mutual benefit between HPC and Machine Learning to broader

fields by bi-directional research exploration: speeding up Machine Learning with

HPC’s help, and benefiting the productivity and efficiency of HPC by use of

Machine Learning.

For improving the overall efficiency of Machine Learning, we accelerate the

feature extraction of bioacoustics data by employing a Just-in-Time (JIT) compiler

technique, Numba, which implements automatic parallelisation and performs other

optimizations, as well as a GPU-accelerated library going by the principle of

modifying Python-based baseline as little as possible. With small modifications in

the baseline code of feature extraction, our optimized feature extraction yields

maximum 86x speedup over the baseline without losing programming efficiency. In

order to reduce the entire time cost of Machine Learning modeling for handcrafted
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feature-based classification, we speed up the training of SSAE with a soft-max layer

for bird sounds classification by use of HPC hardware and software. Our experiment

shows that using GPUs (K20, P100) results in up to 10x speed-up compared to

CPU when training with different feature dimensions of bird sounds.

For helping HPC by improving the overall productivity and efficiency of HPC

systems, we propose a Machine Learning based data-driven approach to predict run

time-underestimated jobs in HPC systems by learning complex hidden patterns

between different HPC applications and different features of computing resource

usage, as well as user behavior from job logs. The experiment results show that our

prediction models are able to predict run time-underestimated jobs with different

accuracy at different checkpoints times in HPC systems, which would benefit HPC

users by reducing time and monetary loss. It also helps HPC systems free up

computing resources to a certain extent and allows users and administrators take

the appropriate action (to terminate those on-going jobs that are predicted to be

run time-underestimated). All in all, our Machine Learning-based prediction model

would be able to improve the overall productivity and efficiency of the HPC system.

In the preliminary simulation, we evaluate benefits of the prediction model with a

metric named Saved-Lost Rate (SLR), most of SLRs are around 0.05-0.12, 0.337 is

the best one. If we set the checkpoints for different applications to their best points,

we can estimate that our prediction model would save 24962 hours totally based on

the result of preliminary simulation from the existing database.

All in all, in this thesis, we perform the bi-directional research exploration

between HPC and Machine Learning: speeding up Machine Learning with HPCs

help; benefiting the productivity and efficiency of HPC by use of Machine Learning.

Through our three use cases, we can clearly conclude that HPC hardware and

software approaches are able to supply powerful computing resource for acceleration

and scaling of Machine Learning. Meanwhile, Machine Learning can benefit HPC in
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improving the overall productivity, efficiency and etc. This is the role of interaction

between HPC and Machine Learning: mutual benefit and promotion.
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Chapter 1

Introduction

1.1 Background

1.1.1 High Performance Computing

High-Performance Computing (HPC) puts together multiple computer technologies

like computer architecture, algorithms, programming and operating system to meet

increasing requirements in computing power and speed. HPC is used to effectively and

quickly handle complex computational problems such as numerical analysis of physics

equations, industrial simulations, climate modeling, molecular simulation etc. [1].

HPC focuses on developing parallel algorithms and parallel computing systems to fully

utilize the performance of computer hardware to meet the needs of various computing

tasks. The terms HPC and supercomputing are sometimes used interchangeably [2].

1.1.2 Machine Learning

Machine Learning is a sub-discipline of artificial intelligence (AI), that is closely

related to mathematical optimization as well as computational statistics. By use of

Machine Learning, computer systems are able to “learn” some patterns from objects

like a human. Based on the patterns and features that have been learned, Machine
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Learning models make judgments or predictions on unknown instances of the same

problems [3].

Figure 1.1: AI-vs-ML-vs-Deep-Learning

Deep Learning is a sub-discipline of Machine Learning. In contrast to Machine

Learning, Deep Learning is a method of statistical learning that automatically

extracts features or attributes from a raw dataset. Deep Learning does this by

utilizing deep neural networks which have many hidden layers and bigger training

dataset, and hence requires more powerful computational resources. With Deep

Learning methods, the algorithm constructs representations of the data

automatically. Figure 1.1 [4] presents the relationship between AI, Machine

Learning, and Deep Learning.

1.1.3 The Relationship between HPC and Machine Learning

HPC and Machine Learning are two independent fields of computer science

respectively, which have been developed in their own fields for decades. They have

achieved great results and have made great contributions to the academia and

industry.
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In recent years, Deep Learning, as a subset of Machine Learning, has become

the fastest growing technique in the world. Deep Learning architectures such as

Convolutional Neural Network (CNN), Recurrent Neural Networks (RNN) and Long

Short-Term Memory (LSTM) have been applied to different fields like Computer

Vision, Speech Recognition, Natural Language Processing and so on. Most of this

progress is due to the powerful ability of Deep Learning to learn subjects from larger

amounts of data, which benefits from the bleeding edge computing power from HPC

[5][6][7].

Machine 
Learning HPC

Mutual 
benefits and 
promotion 

Improvements and 
Optimizations of ML via HPC 

Improvements and 
Optimizations of HPC via ML

Long Short Term Memory

Recurrent Neural Network

Convolutional Neural 
Network

Power Management 
Optimization on Data Center 

Deep Learning Hybrid 
Model for Weather 

Forecasting

Synthesis Models: 
Combining Machine 

Learning and Traditional 
Simulation

Figure 1.2: Mutual Benefits Between HPC and Machine Learning

On the other hand, there are some fields where traditional HPC researchers start

experimenting with Machine Learning and Deep Learning techniques to advance

scientific discovery. For instance, in meteorology modeling researchers take

advantage of Deep Learning-based image recognition for weather forecasting [8] and

climate modeling [9]. In addition, Nvidia collaborates with research institutions on
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“synthesis models”, which combines Machine Learning and traditional HPC-based

simulations for improving accuracy, accelerating time to solution, and significantly

reducing costs. Some preliminary achievements have been yielded: 1. Speeding up

the predicting of molecular energetics by 300,000x; 2. Reducing analysis time of the

gravitational lensing from weeks to 10 milliseconds; 3. Making the generation of

bose einstein condensate 14 times faster than traditional models; 4. Improving

accuracy of disruption prediction on sustaining fusion from 85% to 90% [10].

Moreover, Google also has developed a Machine Learning-based framework that

predicts PUE within 0.4% error for a PUE of 1.1, which proved that Machine

Learning can be used for improving energy efficiency for data centers [11].

Based on recent trends, we can see that HPC and Machine Learning benefit each

other, as Figure 1.2 shows, rather than profiting unilaterally.

1.2 Motivation

In the previous section we showed that there is a mutually beneficial relationship

between the HPC and Machine Learning on some topics. In this thesis, we would

like to extend and strengthen this mutual benefit. First, for improving Machine

Learning with HPC, we focus on speeding up feature extraction in conventional

Machine Learning, as well as accelerating the training of Autoencoder by use of

HPC software and hardware in two use cases of bioacoustics engineering

respectively. In the opposite direction – improving HPC with Machine Learning - we

build a Machine Learning-based model to predict job run time underestimation in

HPC system for improving the overall efficiency and productivity of HPC systems.
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1.2.1 Improving Machine Learning with HPC

Large processing capabilities of HPC machines allow significant speedups in

accelerating Deep Learning, because of the suitability of such processing

architectures for the matrix and vector computations used in training of CNN and

RNN/LSTM, etc.

However, Deep Learning is not a master key to solving all problems in Machine

Learning-related fields. First, the problem of data size. Deep Learning needs big

training data size and when the training data is small, Deep Learning algorithms do

not perform well [5]. Second, the purposes of tasks: taking Facebook as an example,

the AI infrastructure in Facebook needs to handle a wide variety of daily tasks. For

Machine Learning modeling, some models take just minutes to train, while others

may take days or even weeks. For example, News feeding and Ads are the daily

business in Facebook, which use more than 100 times computing resources than

other algorithms. Hence, Facebook uses “traditional, conventional Machine

Learning” algorithms whenever possible, and only adopts to Deep Learning, CNN,

RNN and LSTM etc., when absolutely necessary [12]. Next is problem of

interpretation. There are studies that can explain initially why Deep Learning

works well in computer vision and natural language processing [5] [13] [14].

However, Deep Learning does not provide the possibility to understand which

features, and why, are important. In addition, Deep Learning needs high-end

infrastructure to train in reasonable time. Indeed, latest research shows that the

training of a CNN on ImageNet can be completed in hours or even minutes [15].

However, such achievements require hundreds or even thousands of high-end GPUs,

a fast and stable internal network within a large number of HPC cluster nodes, as

well as a lot of researchers who have good knowledge of HPC and Deep Learning.

At present, the institutions that can offer these costly resources are very rare. As
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Figure 1.1 shows, Machine Learning is a subset of AI, and Deep Learning is a subset

of Machine Learning [16] [3].

Figure 1.3 shows the trends about the application of Machine Learning (including

Deep Learning) in the field of bioacoustics research on Google Scholar from 2012

to 2017. Although more and more researchers are trying to experiment with deep

learning in recent years, however, until 2017, using of conventional Machine Learning

is still the mainstream in research field of bioacoustics.
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Figure 1.3: The trends about the application of Machine Learning in the field of
bioacoustics

In general, Machine Learning workflows contain four parts as Figure 1.4 [17] shows;

As Figure 1.5 shows, the training dataset representations are “handcrafted” as

a set of features in Machine Learning algorithms, which requiring processes such as

feature selection and extraction. However, researchers have to design different features

for different problems, which needs writing customized functions to extract different

features from raw bioacoustics data. Those customized features includes a lots of
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Figure 1.4: Machine Learning Workflows

Figure 1.5: Difference between Machine Learning and Deep Learning

different mathematical computation to raw data, among them, some computations

have no data dependencies to raw data, which cannot be extracted directly from

existing feature library [18].
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Meanwhile, to improve programming efficiency and allowing easy integration

into popular Machine Learning models, most of Machine Learning projects are

programmed in Python (including the baseline code of feature extraction in this

research) [19, 20]. There are exiting libraries for extracting common features in

Machine Learning [18], but they are not applicable to every type of applications.

Hence, it is often required that we create customized functions using Python that

are not available in any optimized library. This results in low performance for such

applications (feature extraction). In other words, accelerating feature extraction

means speeding up the entire Machine Learning modeling procedure.

For HPC-based optimization, programming or code efficiency is not only a

matter of how much time the program need to occupy computing resource, but also

how much time the programmers spends on writing the applications [21]. For

example, for programming Nvidia GPU, CUDA C is the first choice to get the best

performance. Compared to C and CUDA, Python is much more productive in

programming efficiency [22]. Anaconda and Intel have been working on optimizing

the performance of Python for many years, which has helped make Python with

optimized computational packages become more competent for HPC applications

(such as NumPy, SciPy, Scikit-learn, Numba) [23] [24]. Figure 1.7 [25] shows the

summary from a study that looked at how long it took to write code for strings

processing in various languages. To this end, one of our goals is to achieve good

performance while keeping programming efficiency high. To do so, we will try to

improve the performance of existing high-level code with minimal modifications,

rather than rewriting the program using a low-level language.

As an example of accelerating training, we focus on a specific type of Machine

Learning algorithm called Autoencoder. An Autoencoder “compresses” (encodes)

input data into an abstract representation, and then “decompress” (decodes) it back

to matches the original input data as much as possible. This is typically done for
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dimensionality reduction. In addition, an extended version of Autoencoder – named

Sparse Autoencoder (SAE) is presented, in which the hidden layer actually may has

more or less hidden units than inputs data, but only a small set of the hidden units in

the hidden layer will be activated at the same time. Both of Autoencoder and SAE

are adopted for unsupervised learning, dimension reduction, and learning generative

models of data. In addition, the Stacked Sparse Autoencoder (SSAE), which is consist

of multiple hidden layers (more than 2 layers generally) of SAE, in which the outputs

of each layer will be the inputs of the next layer. The SSAE trained with a softmax

layer has been used for classification and regression problems.

Figure 1.6: An Example of Autoencoder

For accelerating the training of Autoencoder by use of HPC software and

hardware, we take the training of a SSAE as an example, which is composed of the

following components: 1. Feed forward, i.e. calculating the output of the network

given a set of weight A and weight B; 2. Loss functions calculation; 3. Back

propagation, i.e. calculating the gradients of the objective; 4. Optimize weight A

and weight B given cost and gradients; 5. Go back to step 1 until convergence [26].

This shows that the training of autoencoders is a time-consuming task.
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1.2.2 Improving HPC with Machine Learning

In modern HPC systems, users are usually requested to estimate the job execution

time for system scheduling when they submit a job. In the case of underestimation,

the system will terminate the on-going jobs when their estimated run time expires. In

this case, users will lose their processed data, and can no longer get the final results

they need. Therefore, most users have to resubmit their jobs again and run them

again from the beginning, which is a costly situation for users and systems since they

waste time and system resources. This significantly hinders the productivity of HPC

users and machines.

Predicting jobs run time underestimation can mitigate waste of time and system

resources by taking early action for such jobs. For instance, if an ongoing job

execution is predicted to be run time-underestimated based on its characteristics,

system administrators or an automated agent can explicitly send a notification to

the user who submitted the job. Then, the user can fix the problem by killing the

job and resubmitting it after parameter adjustment, which will be able to benefit

HPC users by saving time and money, and also improve the efficiency of the HPC

system.

1.3 Problem Statement

1.3.1 How Can Bottlenecks in Machine Learning

Applications be Accelerated using HPC?

As an example of accelerating feature extraction, we focus on Snore sound data

analysis.

Snore sound (SnS) data is a kind of bioacoustics data which contains very

important information for diagnosis and evaluation of sleep-related breathing
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Figure 1.7: How long it takes to write a string processing application in various
languages.

disorders with high prevalence, such as Primary Snoring and Obstructive Sleep

Apnea (OSA) – a serious chronic sleep disease that affects around 3% 7% of male

and 2% 5% of female in both developed and developing countries [27], commonly is

diagnosed in middle-aged males [28].

According to existing SnS data we have and the latest report from a hospital

cooperating with us, we know that each OSA subject’s data will be recorded for 8

hours SnS data with 2 microphones (around 10.4 GB/Day). The feature extraction

baseline for this process takes around 180 seconds to extract features from 20 minutes

of data, which means that the doctor and engineer need to wait around an hour to

get the extracted features from one subject for further steps such as feeding features

into Machine Learning algorithms or visualization programs. With the increasing

number of collected SnS data from subjects, Feature Extraction is becoming the

bottleneck, preventing quick analysis of patient data. What is more, the trade-off

between performance optimization and programming efficiency may also force the

programmer to select different optimization strategies.

As an example of accelerating training, we focus on bird sound data classification.
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Bird sounds, regarded as the “speech of birds”, are significant not only for

ornithologists in studying birds’ species and their mating activities [29], but also for

the measurement of climate changes, and biodiversity of a reserve by ecologists [30].

Machine learning researchers can contribute by analyzing bird-sound data efficiently.

The autoencoders are useful in bird sound related research since a SSAE can be

trained as a classifier to classify labeled bird species.

Various sound recording devices are deployed to collect recordings of bird life in

bird gathering areas, especially during the season of bird migration [31]. There are a

number of bird sound recordings that cannot be recognized by trained Machine

Learning models, because the sound-based bird research is regional, time domain,

and seasonal and climate-factored [32] [33]. In training SSAE for bird sound

classification, there are some parameters like the sparsity parameter of average

activation of hidden units, the number of hidden units and the learning rate would

affect the final classification result of birds’ species. Researchers have to spend a lot

of computing time to retrain models multiple times for parameter adjustments

whenever it is required to add sound recordings of unlabeled birds with exiting

datasets. This continuous retraining requires a significant amount of compute time

and resources.

The research question 1 is: How can feature extraction of SnS data and training

of Autoencoder be accelerated for speeding up Machine Learning using HPC?

1.3.2 How Can Machine Learning Improve Efficiency and

Productivity of HPC systems?

Modern HPC systems are built with an increasing number of CPU/GPU cores,

memory, and storage space. At the same time, HPC applications have been rapidly

growing in complexity. Moreover, not all users have enough experience working

reasonably with HPC systems. Writing and executing programs on an HPC system
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requires more experience and knowledge than on a PC. Those subjective and

objective reasons make the prediction of job run time underestimation become a

very complicated problem.

The research question 2 is: How can Machine Learning be used to predict job run

time underestimation in order to reduce the waste of time and computing resources

for improving overall productivity and efficiency of HPC systems?

1.4 Approaches and Contributions

In this thesis, as shown in Figure 1.8, we extend and strengthen the mutual benefit

between HPC and Machine Learning by bi-directional research exploration: speeding

up Machine Learning with HPC’s help, and benefiting the productivity and efficiency

of HPC by use of Machine Learning. Through our research and related research,

we can clearly conclude that HPC hardware and software approaches are able to

supply powerful computing resource for acceleration and scaling of Machine Learning.

Meanwhile, Machine Learning can benefit HPC in improving the overall productivity,

efficiency and etc. Through our work, we extend the mutually beneficial bond between

HPC and Machine Learning to broader fields.

1.4.1 Improving Machine Learning by Accelerating Feature

Extraction and Training with HPC Software and

Hardware

For improving the overall efficiency of Machine Learning, we accelerate the feature

extraction of bioacoustics data by employing a Just-in-Time (JIT) compiler

technique, Numba, which implements automatic parallelisation and performs other

optimizations, as well as a GPU-accelerated library going by the principle of

modifying Python-based baseline as little as possible. With small modifications in
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Figure 1.8: The Contribution of This Thesis: To Extend and Strengthen the Mutual
Relationship between HPC and Machine Learning

the baseline code of feature extraction, our optimized feature extraction yields

maximum 86x speedup over the baseline without losing programming efficiency.

In order to reduce the entire time cost of Machine Learning modeling for

handcrafted feature-based classification, we speed up the training of SSAE with a

soft-max layer for bird sounds classification by use of HPC hardware and software.

Our experiment shows that using GPUs (K20, P100) results in up to 10x speed-up

compared to CPU when training with different feature dimensions of bird sounds.
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1.4.2 Improving the Overall Efficiency and Productivity of

HPC System by Predicting the Job Run

Time-underestimation with Machine Learning

For helping HPC by improving the overall productivity and efficiency of HPC

systems, we propose a Machine Learning based data-driven approach to predict run

time-underestimated jobs in HPC systems by learning complex hidden patterns

between different HPC applications and different features of computing resource

usage, as well as user behavior from job logs. The experiment results show that our

prediction models are able to predict run time-underestimated jobs with different

accuracy at different checkpoints times in HPC systems, which would benefit HPC

users by reducing time and monetary loss. It also helps HPC systems free up

computing resources to a certain extent and allows users and administrators take

the appropriate action (to terminate those on-going jobs that are predicted to be

run time-underestimated). All in all, our Machine Learning-based prediction model

would be able to improve the overall productivity and efficiency of the HPC system.

In the preliminary simulation, we evaluate benefits of the prediction model with a

metric named Saved-Lost Rate (SLR), most of SLRs are around 0.05-0.12, 0.337 is

the best one. If we set the checkpoints for different applications to their best points,

we can estimate that our prediction model would save 24962 hours totally based on

the result of preliminary simulation from the existing database.

1.5 Thesis Outline

This thesis is divided into five chapters, and is organized as follows:

Chapter 2: Background and Related Work
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We first introduce background knowledge and some previous work on the topics,

followed by short introducing techniques we used in these studies.

Chapter 3: Improving Machine Learning by Accelerating Feature

Extraction and Training with HPC Software and Hardware

First, we give a brief introduction about what the feature extraction is and how to

do feature extraction for bioacoustics data; then how to utilize a series of HPC-based

optimizations to accelerate this process; after that, we show the configurations for

our HPC-based optimizations, and present the results with detailed analysis. In the

end, we conclude that by slightly modifying the original code, our feature extraction

programs yields 41x-86x speedup over the Python-based baseline.

Second, we start with a short description on bird sound database and features

we use in our work. Then, we introduce our SSAE for bird sound classification.

Finally, we give our hardware and software configurations of experiment and show

the results about speed-up of training SSAE.

Chapter 4: Improving the Overall Efficiency and Productivity of HPC

System by Predicting the Job run time-underestimation with Machine

Learning

Beginning with how to collect necessary data, we present the details about

feature engineering, data preprocessing, and Machine Learning algorithms for

building prediction models for job run time-underestimation. We also introduce the

precision, recall, average precision and precision-recall curve are fairer metrics for

evaluating model performance on imbalanced datasets, which have been ignored in

previous works. After a series of analysis, modeling, simulations and tests, the

results show our approach is able to predict run time-underestimated job with

different accuracy at different checkpoints time, which would benefits HPC users
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and system administrators as well as the overall productivity and efficiency of HPC

systems.

Chapter 5: Conclusion and Future Work

Finally, we summarize the contributions made by our work and discuss possible

directions for future research.
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Chapter 2

Background and Related Work

2.1 Accelerating Feature Extraction and Training

of Machine Learning for Bioacoustics Research

2.1.1 Bioacoustics and SnS Data

Bioacoustics is a cross-disciplinary science that combines bioinformatics and acoustics.

Usually it refers to the investigation of sound production, dispersion and reception

in animals (including humans) [34]. Identifying and labeling bioacoustics data is a

difficult task [35], which requires manually and carefully comparison by specialists

and leads to limited data that can be used for supervised learning.

In Machine Learning-based bioacoustics-related research, feature extraction is a

critical part in the whole Machine Learning process, because it will abstract and

retain important information from the raw bioacoustics data for subsequent

Machine Learning algorithms. With increasing numbers and size of bioacoustics

data, and constantly new features have been invented, which often require a lot of

math calculations. Extracting features from those raw acoustics data become a

computation intensive and time-consuming task. The quality and quantity of
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available bioacoustics data have a great influence on current bioacoustics-related

studies [36] [37] [38]. Thus, accelerating feature extraction for Machine

Learning-based bioacoustics research by use of HPC would be able to effectively

reduce the time cost of feature extraction, which will increase the overall efficiency

of doctors, scientists, and engineers in Machine Learning-based research [39].

Actually, this a further and extensions from our previous works in [40] [41]. The

bioacoustics data used in this work is collected from 31 patients who suffer from

Obstructive Sleep Apnea (OSA), a serious chronic respiratory disease. There are

some related researchers focused on bioacoustics-based features studies of SnS data

which collected from OSA subjects in recent years [42] [43]. Bioacoustics features-

based analysis of SnS data is a kind of non-invasion measurement. By using of this

method, doctors will be able to local obstruction sites and collapse degree in the

upper airway (UA) [44] [45].

2.1.2 NumPy, Numba and CuPy

NumPy

Python has been widely used, in the many fields of Scientific Computing and

Machine Learning, so programming in Python allows rapid prototyping and

programming like Matlab. Python offers a high-level programming abstraction,

however, can only achieve low performance without additional libraries. NumPy is a

powerful extension package for scientific computing with Python, which supports

multi-dimensional, large arrays and matrices-base scientific computing, in pace with

a number of advanced math functions to perform various calculations on these

arrays. The baseline of feature extraction of bioacoustics data in this work is in

NumPy based Python program.
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Numba

To optimize the performance of feature extraction in Machine Learning, in principle,

we modify baseline Python code as little as possible with Numba. Numba is an LLVM-

based Just-in-Time (JIT) compiler which will compile Python syntax to machine

code [46]. Therefore, we proceed to update the original code. Unlike most JIT

compilers for interpreted languages, Numba neither trace nor replace the interpreter

in Python. Instead, Numba asks users to use special decorators to replace original

Python function which will be JIT compiled when it is first called with a new type

signature at run time. Numba can speed up the execution time/running time of

applications which are programmed in Python. After a few modifications (adding

special decorators to original Python code), matrix-oriented and math-heavy original

Python will be JIT compiled to native machine codes with high performance similar

in performance to C and Fortran languages. Figure 2.1 [47] shows how does Numba

work.

Figure 2.1: How does Numba work
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CuPy

Recently, the way of improving the performance of the computing hardware is

changing from increasing the frequency to increasing the number of cores gradually.

Hence, multi-cores CPU architectures and GPU with high numbers of processing

elements can be used for everyone. Therefore, parallel programming for using of

multi-cores CPU and GPU (or multi-cores CPU and GPU clusters) with HPC

becomes more and more important. Meanwhile, for GPU and HPC related

programming (MPI, OpenMP), it is well known that CUDA and C based programs

have the best performance comparing to other programming languages like C++,

Python, etc. (in same configurations). However, efficiently parallel programming

based on multi-core architectures and GPUs is generally difficult. There are many

aspects to consider, including load balancing, communication and data exchange

between different processes and synchronization, as well as building performance

model and testing. To gain some more speed up easily, we use the aforementioned

GPU accelerated NumPy-like library CuPy. Since CuPy has same API and is highly

compatible with NumPy, for using of CuPy, firstly we just need to transfer NumPy

arrays to CuPy arrays (memory copy HtoD), then replace NumPy functions with

CuPy functions in Python code. CuPy has already supported most of NumPy

functions, methods, and data type. In CuPy, all universal functions for element-wise

operations, reduction and Linear algebra functions (including various products such

as dot, matmul, etc.) are accelerated by CUDA-based libraries by automatically

wraps and compiles the Python code to make a CUDA binary.

2.1.3 Stacked Sparse Autoencoder and Bird Sounds

The Autoencoder is a type of neural network which is used for unsupervised learning

problems. It compresses the input data into a shorter code, and then decompress
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that code into something that keep original information as much as possible [48][49].

Figure 2.2 shows the original architecture of a Autoencoder.

Figure 2.2: The Architecture of Autoencoder

Moreover, an improved version - Sparse Autoencoder (SAE) is proposed, in which,

the hidden layer actually may has more or less hidden units than inputs data, but

only a small set of the hidden units in the hidden layer will be activated at the same

time [50]. Both of them are employed for dimension reduction, unsupervised learning

and learning generative models of data [51].

The Stacked Sparse Autoencoder (SSAE) is consist of multiple hidden layers

(more than 2 layers generally) of SAE, in which the outputs of each layer will be the

inputs of the next layer. The SSAE trained with a softmax layer has been used for

classification and regression problems [50]. Other than using GPUs to accelerate

CNNs for computer vision and RNN/LSTM for NLP, We examine whether or not

training an SSAE with a softmax layer can benefit from using GPU. We take bird

sounds classification as an example and train the SSAE with a softmax layer for this

task, we quantitatively compare training speed-ups of SSAE using CPU and GPU.
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Bird sounds, regarded as the “speech of birds”, are significant not only for

ornithologists in studying birds’ species, mate, activities, etc. [29], but also for the

measurement of climate changes, and biodiversity of a reserve by ecologists [30].

With the increasingly collected amount of bird sound data by experts and amateurs,

researchers in the highly active areas of ‘deep learning’ recently, which can

contribute by digging such large amount of bird sound data efficiently. However,

training SSAE is a time-consuming task for traditional CPU-based computing,

which makes it difficult to handle the bird sound data. In this work, we train a

SSAE with a softmax layer and explore the potential in performance employing the

GPU in training the SSAE.

2.2 Machine Learning Predictions for

Underestimation of Job Run Time

2.2.1 TSUBAME 2.5

TSUBAME2.5 [52] is GPU supercomputer located at Tokyo Institute of Technology,

that operated from November 2010 to July 2017, including its ancestor TSUBAME2.0.

TSUBAME2.5 is renowned as holding the title greenest supercomputer in the world

in the Green500 List [53] in November 2010 and June 2011. The system consists of

1408 compute nodes, each of which has three NVIDIA Tesla K20X GPUs (upgraded

from NVIDIA Tesla M2050 on September 2013), two CPUs and SSDs as local scratch

storage. The nodes are interconnected with dual-rail InfiniBand QDR on a full fat-

tree network. All nodes run SUSE Enterprise Linux 11 and compute jobs are managed

by PBS Professional 11. Figure 2.3 shows the system architecture of TSUBAME 2.5.
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Figure 2.3: System Architecture of TSUBAME 2.5

2.2.2 Imbalanced Datasets

Whether abnormal detection or job status prediction, in general, the number of

correct instances (majority class) should be much more than the number of

incorrect instances (minority class) in a dataset, which leads to an imbalanced

dataset just like our TSUBAME 2.5 dataset presented in Table 2.1. We take

TSUBAME 2.5 as an example to explain the job scheduling system and the

importance of job run time-underestimation in an HPC system.

We collect job history data from PBSs log, associated CPU and GPU usage

information as features from Ganglia [54], and application information from

accounting logs of each job. For data cleaning work and data reliability, we dropped

all log job instances that contain NaN which may be caused by a recording error

when collecting data. The size of the logs from Jan. 1, 2015 to Dec. 31, 2016 is

about one million job instances, which are enough for our research experiments.

Table 2.1 shows real world data we collected by Ganglia and PBS from TSUBAME

2.5, with a summary of the entire job data set and subsets categorized by scientific
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application name. In Table 2.1, we found that, regardless of the whole dataset or a

given subset, both are imbalanced datasets. That is, at least one of the classes

accounts for only a small minority of the data. Aside from subset named ”WRF”,

the rest are extremely imbalanced subsets. For example, subsets named ”Bio:

BLAST”, ”Bio: MEGADOCK” and ”MD:Desmond MD”, the minority class

(labeled 1, having run time-underestimation) are less than 1%, 1.45% and 2.2%

respectively on those subsets. The majority class (labeled 0, not having run

time-underestimation) occupies overall 94.82% over the entire data set. In

extremely imbalanced data set, accuracy is not a very useful metric for evaluating

the classification performance, in which the majority class would be very easily to

get high values of overall accuracy [55]. In that case, we have seen that accuracy is

misleading metric to use when working with an imbalanced data set.

Table 2.1: Imbalanced Subsets Categorized by Scientific Application Name

Name of Dataset Number of Instance Number of Instance with label 0 Number of Instance with label 1
(Job run time-correctly estimated) (Job run time-underestimated)

Whole data 987,123 935 926 (94.82%) 51 197 (5.18%)
Ab-Initio: PHASE 454 384 (84.59%) 70 (15.41%)
Bio: BLAST 6 367 6352 (99.76%) 15 (0.23%)
Bio: MEGADOCK 228 728 225 416 (98.54%) 3 312 (1.45%)
CAE: Abaqus 170 143 (84.11%) 27 (15.89%)
CAE: CST MW-Studio 944 861 (91.2%) 83 (8.8%)
CAE: Fluent 467 434 (92.94%) 33 (7.06%)
CAE: LS-DYNA 1 712 1 583 (92.46%) 129 (7.54%)
CAE: MSC Marc 28 28 (100%) 0
CFD: OpenFOAM 4 876 4480 (91.88%) 396 (8.12%)
MATLAB 3 127 2 832 (90.57%) 295 (9.43%)
MD: AMBER 45 554 44 382 (97.43%) 1 172 (2.57%)
MD: CHARMM 103 79 (76.7%) 24 (23.3%)
MD: Desmond MD 4 510 4411 (97.8%) 99 (2.2%)
MD: GROMACS 212 817 205 528 (96.57%) 7 289 (3.43%)
MD: NAMD 3 530 2 871 (81.33%) 659 (18.67%)
MD: Tinker 20 889 20 125 (96.34%) 764 (3.66%)
MD: lammps 1 285 1 147 (89.26%) 138 (10.74%)
MPI 124 828 112 321 (89.98%) 12 507 (10.02%)
Others 4 365 4 044 (92.65%) 321 (7.35%)
Python 208 892 199 368 (95.44%) 9 524 (4.56%)
QM: Gaussian 31 116 29 462 (94.68%) 1 654 (5.32%)
QM: OpenMX 3 786 3 459 (91.36%) 327 (8.64%)
QM: Quantum Espresso 5 276 4482 (84.95%) 794 (15.05%)
QM: VASP 69 445 58 541 (84.3%) 10 904 (15.7%)
RISM 102 102 (100%) 0
Vis: POV-RAY 1 967 1 833 (93.19%) 134 (6.81%)
WRF 1 785 1 258 (70.47%) 527 (29.53%)
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So far, we have realized very clearly that predicting job-run time

underestimation a binary classification problem on an extremely imbalanced

dataset. Almost all classifications that will predict every sample as the majority

class (run time correctly estimated jobs in this work) can still achieve very high

accuracy [56]. We can see that no matter what algorithms it is based on, and no

matter what the data subset is, the majority class always has very high scores on all

metrics. Therefore, for building models on extremely imbalanced datasets, the

overall accuracy is not an appropriate performance metric of evaluation models.

Minority classes are more important than the predictions of majority classes in

classification problem with an imbalanced dataset. Therefore, we propose that

taking precision, recall on minority classes, average precision (AP) and

precision-recall curve (PRC), rather than overall accuracy to evaluate similar works.

2.2.3 Related Works

Gathering and analyzing job logs collected from HPC systems or large-scale cluster is

a widely studied topic in computer science literature. In recent years, there have been

many Machine Learning technique based studies on analyzing job logs focusing on

anomaly detection, failure prediction, run time prediction, and so on. For instance,

Machine Learning and data mining algorithms are implemented for failure diagnosis

in a large scale internet system [57] and more recently in HPC for failures prediction

in [55]. Despite the popularity and huge progress in Machine Learning algorithms and

softwares, the area of HPC job state prediction through accurate modelling of power

or CPU utilization series seems to be unexplored. The complexity of HPC Systems

and HPC applications is one of the main obstacles for building accurate models.

Authors in [58] presented a Machine Learning based Random forests classification

model for predicting unsuccessful job executions. In modern supercomputing centers,

successful or health jobs occupy a very large part of job databases. However, authors
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used the overall accuracy as an evaluation metric in those works, which cannot truly

reflect unsuccessful execution results.

To the best of our knowledge, our work is the first to analyze job data and build

models according to different HPC scientific applications using Machine Learning. We

discover that different features of computing resource usage, with different weights on

the prediction of job run time-underestimation, ended up affecting HPC applications’

run time.
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Chapter 3

Improving Machine Learning by

Accelerating Feature Extraction

and Training with HPC

The contents of this chapter were published in 2016 and 2017 in form of two

publications [59, 60]. As we explained in section 1.2, conventional Machine Learning

was still the mainstream in bioacoustics field until 2017.

Comparing to Deep Learning, in conventional Machine Learning, hand-crated

feature extraction is necessary. In this case, researchers have to design different

features for different problems, which needs writing customized functions to extract

features from raw bioacoustics data. Those customized features includes a lots of

different mathematical computation, which cannot be extracted directly from existing

feature library [18].

Meanwhile, to improve programming efficiency and allowing easy integration

into popular Machine Learning models, most of Machine Learning projects are

programmed in Python (including the baseline code of feature extraction in this

research) [19, 20]. There are exiting libraries for extracting common features in
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Machine Learning [18], but they are not applicable to every type of applications.

Hence, it is often required that we create customized functions using Python that

are not available in any optimized library. This results in low performance for such

applications (feature extraction).

Figure 3.1: Feature Learning in Convolutional Neural Network

The conventional machine learning model is fast, and can also converge even

with small samples. What is more is its interpretability. Specifically, in bioacoustics

engineering, financial related fields, etc., most raw data consists of time series data

or time domain bioacoustics data. In general, researchers and engineers need to

extract the different features from the raw data corresponding to different tasks and

purposes, then input the extracted features into the machine learning algorithms for

training the model. We have introduced in 1.2 that feature extraction is the most

critical and time-consuming step in conventional machine learning tasks. In other

words, accelerating feature extraction means speeding up the entire machine learning

modeling procedure.
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In this work, with the principle of modifying Python based baseline code as little

as possible, we further the work in [61], and present accelerating bioacoustics data

feature extraction for snore sound (SnS) data. This is done via Python based JIT

compiler techniques Numba, and a GPU accelerated Numpy-like library CuPy. At

the beginning, we present a brief introduction about what is feature extraction and

how to do it for bioacoustics related research. Next, we show how to utilize

HPC-based optimizations like Numba techniques and CuPy library to accelerate

this process; then, we show our experiment software and hardware configurations,

detailed analysis of results and discussion will be given for conclusion. By slightly

modifying the original code, our feature extraction programs yields 41x-86x speedup

over the Python-based baseline.

3.1 Accelerating Feature Extraction of

Bioacoustics Data in Machine Learning

3.1.1 Bioacoustics Features

We extract totally 20 bioacoustics features from snore sound data (SnS) which has

been collected from patients who are suffering from a kind of serious chronic breathing

condition named Obstructive Sleep Apnea (OSA) [62]. A few doctors, engineers

and researchers have been focusing on bioacoustics features-based analysis of SnS in

recent years [42] [43]. Bioacoustics features-based analysis of SnS data is a kind of

measurement approaches without body invasion. By using of this method, doctors

need to find out obstruction sites and collapse degrees in upper airway [63] [44] [64]

[45].

These 20 bioacoustics features are Fast Fourier Transform (FFT)-based acoustics

features, that can be used for helping doctors to diagnose, remedy as well as study
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OSA diseases efficiently with visualization, which significantly reduce the suffering of

patients during diagnosis. However, extraction those features from SnS data is time-

consuming, doctors have to wait for hours for getting the extracted features from

one patient’s SnS data after data recording from patients in the sleep labs. In order

to study how to accelerate features extraction, we extract acoustic features from all

segmented frames which can reflect the spectrum distribution and the frequency. We

split those 20 bioacoustics features into 4 feature groups (FG) in this work.

Spectral Features at 1000Hz

In the first feature group (FG 1), there are eight acoustic spectral features in each

1000 Hz-band (i. e., fmean(1), fmean(2), . . . , fmean(8)), that will be extracted to reveal

the important information about the spectrum structure of each sub-band in SnS

data. The FG 1 can be represented in formula 3.1.

fmean(k) =

1000∗k∑
fi=1000∗(k−1)

fi ∗ Sfi

1000∗k∑
fi=1000∗(k−1)

Sfi

k = 1, 2, · · · , 8 (3.1)

Power Ratio at 800Hz

The power ratio at a frequency of 800 Hz, as the feature group 2, which can be used

for distinguishing different obstruction sites in upper airway from SnS data [65]. We

set Power Ratio at 800Hz with formula 3.2.

PR800 = lg


800∑
fi=0

S2
fi

fc∑
fi=800

S2
fi

 (3.2)
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Center, Peak, and Mean Point of the Spectrum

We extract the center, peak, and mean point of the spectrum (fcenter, fpeak, fmean)

as features, which are presented in formula 3.3, formula 3.4 and formula 3.5. In

formula 3.3, the Sfi is used for representing the absolute amplitude of SnS spectrum

at the frequency of fi Hz. The fc is used to represent the cut-off frequency of SnS

spectrum, that has been set to 8k Hz in this work. In formula 3.5, the fmean is used

for reflecting the structure of a SnS spectrum. We set those 3 features (fcenter, fpeak,

fmean) as feature group 3:

s.t.

fcenter∑
fi=0

Sfi =

fc∑
fi=fcenter

Sfi (3.3)

s.t. Sfpeak = max {Sfi , fi = 0, · · · , fc} (3.4)

fmean =

fc∑
fi=0

fi ∗ Sfi

fc∑
fi=0

Sfi

(3.5)

Sub-band Energy Ratios

Similar to PowerRation800, we extract sub-band energy ratios (SER) as feature group

4 which can be used for reflecting the spectrum distribution of SnS [66]. In this work,

we totally extract eight SERs (from SER(1) to SER(8)) as full 8000 Hz SnS spectrum

from every SER in the 1000 Hz-band. Therefore, these 8 features will be calculated

and be extracted with formula 3.6:

SER(k) =

1000∗k∑
fi=1000∗(k−1)

S2
fi

fc∑
fi=0

S2
fi

k = 1, 2, · · · ,8 (3.6)
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Each feature is one dimension, and 20 features (i.e. 20 dimensions) will be

extracted from each frame. All extracted features, as low-order features, will be

used to calculated and generated higher-order features which can be recognized

Machine Learning algorithms or be reviewed by doctors for helping diagnosis. In

this work, we just focus on accelerating the feature extraction of low-order features.

3.1.2 Methods for Accelerating Features Extraction of

Bioacoustics Data

For HPC-based optimization, programming or code efficiency is not only a matter of

how much time the program need to occupy computing resource, but also how much

time the programmers spends on writing the applications. For example, for

programming Nvidia GPU, CUDA C is the first choice to get the best performance.

Compared to C language and CUDA, Python is much more productive in

programming efficiency, but it is a low performance without additional libraries.

Python is widely used, especially in the field of scientific software, so coding in

Python allows simple programming of prototypes similar to the interactive platform

like MATLAB. Using of appropriate high-performance-optimized libraries can boost

acceleration of performance bottleneck parts of Python code significantly without

losing programming efficiency.

In this work, our objective is to achieve accelerating bioacoustics data feature

extraction on HPC and GPU accelerators in principle of modifying Python code as

little as possible. First, for the case of only using CPU, we explain the basic procedure

of bioacoustics features extraction with a NumPy based baseline program. Then we

optimize our baseline with Numba, which is a JIT compiler technical for Python

programs [46]. After that, if GPU is available, we further optimize this work with a

GPU accelerated NumPy-like library, CuPy, an open-source Python-based scientific

computing library accelerated with NVIDIA CUDA, and it can automatically use

33



CUDA-based HPC libraries like cuBLAS, cuRand, cuSolver, cuSPARSE, and cuFFT

to make full use of the CUDA-enabled GPU architecture for accelerating Python code

[67].

Basic Procedure of Bioacoustics Features Extraction with NumPy

(baseline)

In most bioacoustics feature projects, the basic procedure of bioacoustics feature

extraction can be represented as figure 3.2. In this work, all SnS bioacoustics data

(all around 20 30 minutes long) are saved as WAV format with a 44.1K sampling

rate, which means that each piece of data has around 60 92 million samples. In

bioacoustics feature extraction, the features are extracted in frames which are

composed of samples. Therefore, one must do framing on all the samples. The frame

length dependents on the applications and feature algorithms. In this work, we use

512 samples as one frame (frame length is 512). Next, in order to recover some of

the lost bioacoustics information within the framing window, overlapping is used to

keep longer time domain information (for example, some random transient events

may be closer to the center of the closest frame). We use 50% overlap, which means

that the second half of the N frames (256 samples in this work) will be overlapped

with the first half of N+1 frames (256 samples in this work) as figure 3.3 presented.

Then, overlapped frames are converted into individual spectral components and

thereby provides frequency information about the bioacoustics by Fast Fourier

Transform (FFT). Finally, feature algorithms extract features from those spectral

components following FFT, and as a result output the extracted features.

Load Raw 
Signal Data Framing Overlap 

Frames FFT Features
Calculation

Output 
Features

Length of frame

N

Length of frame

N + 1

Frame 
OverLapping

Figure 3.2: Procedure of bioacoustics Features Extraction (baseline)
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Figure 3.3: Overlapping Frames

The baseline is a typical feature extract program following the procedure

presented in figure 3.2. It is a serial computing program and written in Python with

NumPy. NumPy is a Python library, which has become the core library for scientific

computing in Python as a matter of fact. In recent years, most Python related

scientific computing programs are based on NumPy, mainly because it supports

multi-dimensional, large arrays and matrices-base scientific computing with a

number of advanced math functions to perform various calculations on these arrays.

The Workflow of Optimization

We need to check the baseline code and profile its performance for founding out

bottlenecks in the program. Then, according to different bottlenecks, giving different

optimization methods and verify the effect step by step.

Basic Optimization

We use “cProfile” profile the baseline code at first, then, we read the baseline code. As

we mentioned, it is a serial computing program and written in Python with NumPy.
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The workflow of the baseline is as below: 1. A data file is opened from the hard

disk storage, 2. Load one frame of data, and close the data file 3. A series of feature

extraction are performed for this frame and output extracted features. This flow is

repeated until the last frame in raw data has been processed. Usually, one raw data

is around 24 minutes of WAV or binary files which contains hundreds of thousands

of frames. Frequently opening, reading and closing a file from a hard disk is a very

inefficient. The first step of optimizing is avoid frequent reading and writing of hard

disk, so we load the all samples into memory at once. Next, we perform framing

and overlapping with the same configuration from the original baseline containing

the for-loop, instead of performing framing and overlapping one frame at a time from

hard disk. We call those as “baseline on memory” method.

In NumPy, an Universal functions (ufunc) provides a “vectorized wrapper for

performing mathematical operations between arrays with different shapes. Among

them, most of built-in universal functions are implemented in compiled C code, which

leads to efficient algorithm implementations [68]. We adjust the baseline code to ufunc

arrays and make most of mathematical operations occur between NumPy arrays (we

call it as “ufunc” in this thesis).

Accelerating with Numba

In order to optimize the performance of feature extraction, in principle, we modify

original Python code as little as possible with Numba. Numba is a JIT compiler for

Python, the most common way to use Numba is through its “njit” decorator that

pass that attempts to automatically parallelize and perform other optimizations on

(part of) a function. Numba reads the Python bytecode for a decorated function

and combines this with information about the types of the input arguments to the

function. It analyzes and optimizes user code, and finally uses the LLVM compiler

library to generate a machine code version of function, tailored to your CPU
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capabilities [46]. Setting the “parallel” option to “True” for “njit” decorator enables

Numba attempts to run automatically parallelize code on all CPU cores.

For Numba-based method, first, we use the same steps in basic optimization.

Then we use NumPy’s FFT function to convert all overlapped frames into

individual spectral components contains the for-loop. Next, we annotate a Python

decorator (@njit) on feature extraction functions. The decorator substitutes the

function object with a special object that triggers the compilation when called. The

following code illustrates the usage of the @njit decorator on feature extraction

function of bandration:

@numba.njit()

def bandration_new1(wave_data):

nf = len(wave_data)

result = []

for i in prange(nf // nl):

r = np.power(np.abs(wave_data[(i*nl):((i+1)*nl)]), 2)

ap = np.sum(r[:nl // 2])

for i in prange(1,9):

bp1 = (i-1) * 1000

l1 = round(1 + (bp1/fs*nl))

bp2 = i * 1000

l2 = round(bp2/fs*nl)

result.append ((np.sum(r[:l2]) - np.sum(r[:l1])) / ap)

return result

Accelerating with CuPy

To gain some more speed up, we use the aforementioned GPU accelerated NumPy-

like library CuPy. Since CuPy has same API and is highly compatible with NumPy,

for using of CuPy, we just need to transfer NumPy arrays to CuPy arrays (memory

copy HtoD), then replace NumPy functions with CuPy functions in Python code.
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First, we still need to load all the samples into memory at once, using the same

method as we performed for the Numba based optimization. Though framing and

overlapping on CPU showed to be a little time consuming, utilizing local memory is

a faster choice than relying on the I/O between CPU and GPU. Hence we decided

to keep framing and overlapping on CPU. Then, we reshape all overlapped frames

into frames matrices, where the rows became frames. We copy the frame matrices

from local memory to device memory and replace all NumPy’s arrays and operations

with CuPy. In CuPy, all universal functions for element-wise operations, reduction

and Linear algebra functions (including various products such as dot, matmul, etc.)

are accelerated by cuBLAS. CuPy will automatically wraps and compiles the Python

code for building CUDA binary execution. Compiled CUDA binary execution files

can be cached and be reused in subsequent runs.

3.1.3 Experiment Evaluation and Result Analysis

In this section, we introduce the basic information of data sets for experimentation.

After introducing our hardware and software environment, we present the results

with single SnS data to investigate the speed up on different features groups. We also

show the results with different sizes of SnS data to examine the overall performance

improvement of our optimization for feature extraction.

Experiment Setup

All the SnS data is offered by the department of Otolaryngology at Beijing Hospital in

authorized using [69] . Overall, the aforementioned 20 acoustic features are extracted

from 31 SnS WAV files. All SnS data is recorded as WAV files with 44K sampling

rate; in other words, 1 second contains 44100 recorded samples. Details are presented

in Table 3.1. We should be aware that the number of samples in one frame (frame

length) is an issue for professionals in the field of bioacoustics data analysis. In
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general, 256/512/1024 samples per frame are the most common options for most

bioacoustics projects. In this work, the baseline is set at 512 samples as a frame

length for framing. We use SnS data No.1 as an example to explain how we perform

framing and overlapping, as well as test the acceleration of our methods. In data

No.1, there are 62,973,952 samples in the raw WAV file. Thus we get 122,996 frames

with 512 as frame length after framing.

Table 3.1: Details about all SnS Data

ID Samples Size(MB) ID Samples Size(MB) ID Samples Size(MB)

1 62973952 245,922 2 67517440 263,740 3 63571968 248,328
4 70332416 274,736 5 87945216 343,536 6 59038720 230,620
7 82373632 321,772 8 64582656 252,276 9 48999424 191,404
10 31785984 124,164 11 60652544 236,924 12 43146240 168,540
13 65515520 255,920 14 62135296 242,716 15 41151488 160,748
16 77259776 301,796 17 63079424 246,404 18 43756544 170,924
19 74427392 290,732 20 65698816 256,636 21 71034880 277,480
22 61619200 240,700 23 45182976 176,496 24 31515648 123,108
25 62876672 245,612 26 71384064 278,844 27 64488448 251,908
28 70273024 274,504 29 50573312 197,552 30 76018688 296,948
31 33886208 132,368

The longest SnS data is No.5 (87, 945, 216 samples, contained in 33 minutes)

and the shortest one is No.24 (31, 515, 648 samples, contained in 12 minutes). Rest

of them are around 24 minutes, and in total the 31 SnS data fragments amount to

around 8.1 GB.

The hardware and software configuration of our experimental environments are

given in detail in Table 3.2 and 3.3.

Experiment Results

As we defined in the previous section, we divide these 20 bioacoustics features into

4 feature groups (FGs). We profile each part of run time of these FGs like file I/O

times, preprocessing and feature extraction separately using build-in time functions.
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Environment for CPU-based Optimizations (NumPy, Numba)
CPU Intel Processor i7-3820 3.60 GHz (4 Cores, 8 Threads)
Memory 16 GiB DDR3 1600 (4x4GiB)
OS Windows 10 v17763.134
Software Anaconda Python 3.6 with NumPy 1.15.1 (Intel MKL)

Numba 0.40

Table 3.2: Environment for CPU-based Optimizations (NumPy, Numba)

Environment for GPU-based Optimizations (CuPy)
CPU Intel Xeon CPU E5-2630 v4
GPU NVIDIA Tesla P100 with 16 GiB HBM2 PCI-e
Memory 256 GiB
OS CentOS 7.5.1804 with CUDA 10.0
Software Anaconda Python 3.6 with NumPy 1.15.1 (Intel MKL)

Numba 0.40, CuPy 5.0.0

Table 3.3: Environment for GPU-based Optimizations (CuPy)

The baseline load and extract features one frame by one frames from the original

SnS data. As we know from Figure 3.2, feature extraction requires frame data

processed by overlapping and FFT. However, the baseline program executes FFT

repeatedly whenever different FGs are extracted. Feature extraction frame by frame

is consistent with the logic of bioacoustics data processing, however, it is a very

inefficient method for parallel computing.

We valuate the performance of our optimizations from comparing originally

baseline with basic optimization. First we run the originally baseline code without

any change, Table 3.4 shows that,

Then, since we have already know that the baseline is a serial computing program.

It loads and extracts features from hard disk data file one frame by one frame, which

is a very inefficient way. Loading data into memory is the necessary first step for

further optimizations. We execute each method 3 times and keep the fastest result

for comparison. Table 3.4 shows that, we just load the data into memory and keep

the other unchanged, which save 23.40 seconds on FP64 (double precision) and 33.94

seconds on FP32 (single precision).
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Table 3.4: Execution time of original baseline and baseline on memory with one data

FG1 FG2 FG3 FG4 FFT Preprocess Load(I/O)
Total
(seconds)

FP32
(Baseline)

31.946 9.602 266.461 208.525 1.867 0.777 2.912 522.09

FP64
(Baseline)

36.183 14.013 78.125 51.212 3.97 2.714 3.2149 189.431

FP32
(Baseline on memory)

22.201 7.812 254.48 198.992 2.781 1.571 0.312 488.149

FP64
(Baseline on memory)

26.118 10.871 73.406 49.895 3.25 1.917 0.574 166.031

According to Table 3.4, we can see that the execution time of feature extracting

of FG 3 and FG 4 are the most time-consuming parts in the entire process, and

more special is, feature extraction on those 2 groups in FP32 is much slower than

FP64. After reading the baseline code, we find that there are a lot of point-wise

arithmetic calculations which contain both NumPy and built-in numbers for

cumulative sum operation. In this case, NumPy will convert numbers to Python

built-in data type, according to official document of Python and NumPy, native

Python 3 only has “int, float, bool and complex” 4 built-in data types. On the other

hand, in NumPy, NumPy.float = NumPy.float64 = built-in float (NumPy.float32 is

implemented by NumPy not native Python). For some reason, NumPy.float32 is

hard-coded to take the slower path, while NumPy.float64 gets a chance to take the

faster path [70]. The overhead of data type conversion on a large data set and the

data type conversion mechanism in NumPy lead to the low-efficient point-wise

arithmetic calculations (between NumPy and built-in numbers), and also make the

FP32 is slower than the FP64 in this case.

Due to the above reasons, looping point-wise arithmetic calculations contain

both NumPy and built-in numbers is not a efficient way. Figure 3.4 shows that

comparing “ufunc optimization with the baseline on memory, the time cost on FG3

and FG4 has been reduced significantly reduced. The total execution time of

FP32(baseline on memory) has been reduced from 488 minutes to 18.362 seconds
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since we rewrite the point-wise arithmetic calculations (between NumPy and native

Python built-in numbers) to arrays with built-in universal function, which avoids

the huge overhead of data type conversion between NumPy and native Python. For

FP64-based comparation, “ufunc also shorts the execution time of feature extract

from 166 seconds to 34.491 (speed up 4.8x). Compared to FG3 and FG4, the

execution time reduction of FG1 and FG2 is not very obvious, because the

algorithm complexity of FG1 and FG2 is lower than FG3 and FG4, and most of the

calculations in that FG1 and FG2 have already based on arrays.

 

FG1 FG2 FG3 FG4 FFT Preproc
ess

Load
(I/O) All

FP32 (baseline on memory) 22.201 7.812 254.48 198.992 2.781 1.571 0.312 488.149
FP64 (baseline on memory) 26.118 10.871 73.406 49.895 3.25 1.917 0.574 166.031
FP32 (ufunc) 3.945 3.63 5.086 3.912 0.613 0.777 0.393 18.362
FP64 (ufunc) 7.624 7.153 9.189 7.728 0.883 1.313 0.598 34.491
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Figure 3.4: Comparing the baseline on memory with ufunc

In Numba-based optimization, we start from “njit”-based optimization. In this

mode, Numba will attempt to automatically convert Python code to machine code.

Then, we set “parallel=True” (“njit+parallel”) to enforce Numba to take advantage

of all the cores on one machine. Since Numba is using LLVM to compiler Python code

to machine code [46], compilation will takes a few seconds. For fair comparison, we
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extracted feature extractions for the same file twice, and record the second execution

time which EXCLUDED compile time. We use the same counting method to CuPy-

based optimizations, because CuPy also needs time to initialize and compile CUDA.

Numba determines the specialized types of all values within a function being

compiled. Until now, although Numba has already supported lots of array operations

that have parallel semantics for parallelize, type inference can fail if arguments or

globals have Python types unknown to Numba, or if functions are used that are not

recognized by Numba. So we would better keep a clear loop structure in the code for

Numba compiler and do not use functions or function parameters that Numba does

not yet support.

As shown in Table 3.5 and 3.4, we can see that Numba achieves much more

performance improvement than ufunc optimization. Whether FP32 or FP64,

comparing with ufunc optimization, “njit” significantly reduces the time of feature

extraction on all FGs. Specifically, “njit” shorts the time cost of FP32 from 18.36

seconds to 5.94 seconds, also decreases execution time of FP64 from 34.491 seconds

to 8.19.

Furthermore, by setting “parallel=True” enforces Numba to take advantage of

all the cores on one machine, we can see that the performance of Numba-based

optimization is improved further. Specifically, the running time of FP32 reduced

from 5.94 seconds to 3.085 seconds, similarly, the time cost of FP64 to 8.192 from

4.56. Especially in FG1-4, “njit+parallel” method costs 0.281, 0.273, 0.314, and

0.291 seconds respectively, which approximately speedup the FGs 3-4 times over

“njit” only method. There are no difference in the time cost of loading (I/O),

preprocessing and FFT, since all of them are CPU serial execution without any

optimization.

Furthermore, we optimize the baseline with CuPy and try to yield better

speed-up with the GPU. Here we mainly take results from FP64 as comparative

43



Table 3.5: Execution time of njit and njit+parallel optimization with one data

FG1 FG2 FG3 FG4 FFT Preprocess Load(I/O)
Total
(seconds)

FP32(njit) 0.868 0.893 1.338 0.893 0.814 0.76 0.383 5.949
FP64(njit) 1.11 1.107 1.581 1.081 1.208 1.527 0.578 8.192
FP32(njit+parallel) 0.253 0.249 0.252 0.224 0.656 1.015 0.436 3.085
FP64(njit+parallel) 0.281 0.273 0.314 0.291 1.0768 1.733 0.592 4.56

reference since the baseline was in FP64. Firstly, since the time spent executing

preprocessing on host memory is less than the time spent on executing it on device

memory (and transferring data between CPU and GPU), we keep execution on

CPU and host memory. Therefore, we can see from Figure 3.6 that our CuPy

method makes no difference in time as Numba on I/O and preprocessing. However,

it is worth noting that CuPy yields much better performance than Numba (both of

njit and njit+parallel) on the rest of the tasks. Specifically, as Figure 3.6 showed,

CuPy’s FFT function (FP64) only costs 0.064 seconds to complete computation on

all frames of one SnS data. This resulted in a 15x speed-up over NumPy’s FFT

function (it has been fully optimized by Intel). Moreover, CuPy’s accelerated

method costs just 0.07 seconds on FG 1, thus resulting in a 3x speed-up over

Numba FP64 (njit+parallel) method. Similarly, for FG 2, CuPy costs 0.0171

seconds – this is 16 times faster than FP64 (njit+parallel). CuPy costs merely 0.025

seconds on FG 4 respectively (a 12x speed-up on FG 4 over the Numba FP64).

However, for FG3, CuPy optimization is slower than Numba (njit+parallel). The

first reason is that we adopted different algorithm GPU. In the baseline and Numba-

based methods, there is a feature that needs element-wise cumulative summing on

arrays and element-wise multiply by another array, after that, each of element of result

also has to do a “if” operation, GPU is not good at this kind of task. We decompose

this feature into 2 parts, we first calculate element-wised cumulative summing and

other calculations on arrays by CuPy build-in functions, and then we do “if” and
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output the feature by use of CPU after exporting the result of cumulative sum back

to Host memory.

Therefore, for FG3, “njit+parallel” will be better choice. We replace the FG3

function in CuPy with “njit+parallel” function. As Table 3.6 shows, we combine the

best performance methods together for the best overall performance, the combination

of “CuPy+Numba” costs only 2.196 seconds to finish all the feature extraction with

on SnS data.

Table 3.6: Execution time of CuPy(CuPy+Numba) optimizations on P100 with one
SnS data

FG1 FG2 FG3 FG4 FFT Precess Load (I/O) Total(seconds)

FP32(CuPy on P100) 0.0362 0.0107 1.1408 0.0193 0.0427 0.8497 0.4176 2.517
FP64(CuPy on P100) 0.0707 0.0171 1.1705 0.025 0.0646 1.17 0.5963 3.114
FP64(CuPy on P100+Numba) 0.068 0.0165 0.327 0.027 0.0721 1.071 0.615 2.196
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Figure 3.5: Comparing all optimization methods with execution time on one SnS data

A horizontal comparison as Figure 3.5 and 3.6 showed, the time spent in execution

obviously decrease with different optimizations. We can see that loading one test data

into memory for avoiding frequently I/O from hard disk can speed up the baseline

1.14x. Then, Using NumPy built-in ufunc functions to vectorized all calculations can

also make the baseline of feature extraction 5.492 times faster. After that, by use
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of Numba, “njit” and “njit+parallel” methods are approximately 23 times and 41

times faster than the baseline respectively. Finally, combination of “CuPy+Numba”

optimization is 86.26 times faster than the CPU-base baseline (The result of FG3 in

combination optimization is based on the configuration of GPU 3.3).
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Figure 3.6: Speedup of Feature Extraction on All Optimizations Comparing with
Baseline on one SnS Data

As Figure 3.7 showed, the bottlenecks were calculations of different FGs (97% of

total run time), among them, FG3 and FG4 were the biggest two bottlenecks, which

occupied 44% and 30% of total run time respectively. At the same time, the I/O and

preprocess cost less than 2% of total time in the baseline. After using the combination

method, the run time of feature extraction on FGs has been greatly reduced. The

bottlenecks are preprocess, I/O (occupy 49% and 28% respectively) now, optimizing

those two time-consuming parts will be our future work.

Table 3.7 shows that our CuPy-based optimization has met the memory band on

P100 GPU.
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Table 3.7: Memory Band on CuPy+Numba Optimization

cupy power fill cupy true divide cupy sum cupy subtract cupy add

Read Throughput(Avg) 149.50GB/s 161.09MB/s 211.45GB/s 117.25GB/s 220.30GB/s 153.63GB/s
Wrtie Throughput(Avg) 149.46GB/s 217.36MB/s 94.752GB/s 3.1632GB/s 92.263GB/s 108.01GB/s
Total 298.96GB/s 378.45MB/s 306.202GB/s 120.412GB/s 312.563GB/s 261.64GB/s

cupy log10 cupy multiply fft cupy copy cupy absolute

Read Throughput(Avg) 129.60GB/s 246.18GB/s 249.30GB/s 213.69GB/s 345.10GB/s
Wrtie Throughput(Avg) 96.283GB/s 245.17GB/s 249.25GB/s 269.43GB/s 172.53GB/s
Total 225.882GB/s 491.35GB/s 498.55GB/s 483.12GB/s 517.63GB/s

In general, we can see clearly that, our CPU-based optimization Numba based

optimization always achieve about 41 times speed-up by the baseline. Likewise, the

combined optimization method is about 86.26x speed-up on one SnS data. For all

31 SnS data (8.1 GB), baseline costs around 86 minutes to finish feature extraction

on all of them. While our combined optimization method complete the same work in

just 68 seconds.

Currently, in the Department of Otolaryngology, Beijing Hospital, there are 2

sleeping labs for collecting SnS data. In each lab, one OSA patient will be recorded

8 hours of whole night SnS data, one of 8 hours whole night SnS data is about 5.2

GB, 2 labs will collect 10.4 GB (5.2 GB x 2) whole night SnS data per day. With

the baseline program, doctors and engineers need to wait for at least 90-100 minutes

everyday for getting features from 2 SnS data (Our 8.1 GB experiment data costs 86

minutes, 10.4 GB data definitely needs more time than our experiment costed).
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Apart from daily SnS data, there are some SnS data sent by other partner hospitals

weekly since more and more people are beginning to notice this disease and start

seeking treatment, the size of SnS database grow gradually because of above reasons.

All of those SnS data needs to be extracted features firstly, then feeding to Machine

Learning algorithms for assisting doctors to diagnose the OSA. According to economic

and manpower situations, renting or purchasing multiple HPC nodes, and put those

SnS data into nodes by data parallelism. Then with our optimizations, the time

cost of feature extraction will be greatly reduced, which means that the efficiency of

entire process of Machine Learning for aiding OSA diagnosis will benefit from the

accelerating feature extraction.

3.1.4 Programming Efficiency for HPC-based Optimizations

As we mentioned in section 1.2, not all the computer-related practitioners

understand parallel computing and how to use CUDA C to reconstruct existing

programs. Since the baseline was programmed in NumPy-based Python. Therefore,

one of our goals is to achieve good speedup performance with minimal

modifications, rather than rewriting the program using a low-level language.

Through our practice, we observe different methods for different problem types and

summarize experience through experiment, which will promote HPC to a wider

range of applications. We compare the programming efficiency of Python-based

optimizations with the baseline code. Our comparison based on follow aspects: 1.

Number of lines of code, 2. How many weeks we spent on programming, 3. Is there

any special required changes? 4. Speed-up compared to baseline.

As Table 3.8 shows, ufunc is the easiest to implement by using NumPy.

Programmers who is familiar with NumPy can easily write array-based ufunc

calculations. However, the performance is low comparing to other methods.
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Table 3.8: Programming Efficiency on Different Optimizations

Lines
Time cost
(weeks)

Required changes
Speed-up over

baseline on
One SnS Data(FP64)

Baseline 166 1x
NumPy
(ufunc)

137 1 Array-based Universal functions in NumPy 5.5x

Numba
(njit)

147 1
Adding “njit” decoration; Clear loop structure;
Numba-supported functions only

23.1x

Numba
(njit+parallel)

147 2
Adding “njit” and “parallel” decorations; Clear loop structure;
Numba-supported functions only; Explicit loops;
No cross iteration dependencies in loop (extra rules explained below)

41.5x

CuPy 144 1
Using NumPy-based ufunc code;
Changing function names from NumPy to CuPy;
Data transferring between Host/Device

60.8x

Numba+CuPy 149 3 All changes are required by Numba and CuPy 86.3x

The “njit” and “njit+parallel” methods are based on Numba, which needs code

having a clear loop structure for Numba compiler. Especially for “njit+parallel”

method, programmers have to follow some special rules such as: 1. Explicit parallel

loops (change “range” with “prange”) specify that a loop can be parallelized. 2. Users

have to make sure that the loop does not have cross iteration dependencies except for

supported reductions. 3. Can only be used on constant loops. 4. Within a nested

loop, index names of different levels of loops cannot be repeated.

Using CuPy is as easy as using NumPy, first we need data transferring between

Host and Device memory, which can be done by examples like “array gpu =

cupy.asarray(array cpu)” and “array cpu = cupy.asnumpy(array gpu)”. Then we

just need to change the function name from NumPy to CuPy in our NumPy-based

ufunc code, then CuPy will automatically convert it into CUDA code that is

executed on the GPU. Although CuPy provides a convenient interface, our code

needs to follow the principles of GPU programming. As we explained, the reason

why CuPy-based FG3 is not faster than CPU-based “njit+parallel” version since its

special implementation. According to the experiment results in Table 3.8, we think

that the CuPy-based optimization is the best trade-off between speed and

programming efficiency for extracting SnS features.
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All in all, we can see clearly that, by using Python-based toolkits, we can improve

the performance of existing high-level code with minimal modifications, rather than

rewriting the program using a low-level language, which make it easier to use HPC

in various fields, of course, including Machine Learning.

3.1.5 Summary

Today, conventional Machine Learning still plays an irreplaceable role in academic

and industrial fields like bioacoustics engineering, financial related fields, and so on.

Therefore, we would like to improve the overall efficiency of conventional Machine

Learning by accelerating feature extraction – considered to be the most important art

in Machine Learning. Specifically, we accelerate bioacoustics data feature extraction

on HPC and GPU accelerators by employing Numba, a JIT compiler technique, as well

as CuPy, a GPU accelerated Numpy-like library going by the principle of modifying

Python code as little as possible.

All in all, the final results of our experiments shows the Numba based

optimization achieve around a 41x speed-up over the baseline. Likewise,

CuPy+Numba combination achieves around a 86x speed-up. In conclusion, our

optimization methods can greatly accelerate feature extraction, which will further

shorten run time cost and improve the overall efficiency of Machine Learning in

practical applications. Dotted box in Figure 3.8 marks the contribution of this

section.

3.2 Accelerating the Training of Autoencoder by

use of HPC Software and Hardware

In the previous subchapter, we present accelerating the feature extraction part in a

SnS data-based Machine Learning application by use of HPC software and
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Figure 3.8: Extend and Strengthen the Mutual Relationship between HPC and
Machine Learning

hardware. However, since the training part of this SnS data-based application is

copyright, we cannot access the specific settings and parameters of the training part

in this application. Then, we decide to use bird sound for accelerating the training

part, because it is also a kind of bioacoustics data, and we can use feature

extraction toolkit [18] to extract common feature sets (‘eGeMAPS’, ‘IS09 emotion’

and ‘IS13 ComParE’) from bird sound data, which was proved to be efficient in bird

sound recognition [18][71].

In this chapter, we propose a Stacked Sparse Autoencoder (SSAE) and

quantitatively compare the speed up of CPU, and GPU on training this stacked

SSAE for classification of bird sound data. First, we give a short description on bird

sound database and features we use in our work. Then, we introduce our SSAE

trained with a softmax layer for bird sound classification. Finally, we show the
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configurations of experiment and show the experiment results about speed-up of

training SSAE.

The Autoencoder is a type of neural network which is used for unsupervised

learning problems. It compresses the input data into a shorter code, and then the

Autoencoder decompress that code into something that keep original information as

much as possible [48][49]. Moreover, an improved version - Sparse Autoencoder (SAE)

is proposed, in which, the hidden layer actually may has more or less hidden units

than inputs data, but only a small set of the hidden units in the hidden layer will be

activated at the same time [50]. Both of them are employed for dimension reduction,

unsupervised learning and learning generative models of data [51].

The Stacked Sparse Autoencoder (SSAE) is consist of multiple hidden layers (more

than 2 layers generally) of SAE, in which the outputs of each layer will be the inputs of

the next layer. The SSAE trained with a softmax layer has been used for classification

and regression problems. Other than using GPUs to accelerate CNNs for computer

vision and RNN/LSTM for NLP, We examine whether or not training an SSAE with

a softmax layer can benefit from using GPU. We take bird sounds classification as

an example and train the SSAE with a softmax layer for this task, we quantitatively

compare training speed-ups of SSAE using CPU and GPU.

Bird sounds, regarded as the “speech of birds”, are significant not only for

ornithologists in studying birds’ species, mate, activities, etc. [29], but also for the

measurement of climate changes, and biodiversity of a reserve by ecologists [30].

With the increasingly collected amount of bird sound data by experts and amateurs,

researchers in the highly active areas of ‘deep learning’ recently, which can

contribute by digging such large amount of bird sound data efficiently. However,

training SSAE is a time-consuming task for traditional CPU-based computing,

which makes it difficult to handle the bird sound data. In this work, we train a
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SSAE with a softmax layer and explore the potential in performance employing the

GPU in training the SSAE.

3.2.1 Database and Features of Bird Sounds

Work Flow

As Figure 3.9 shows, the audio recordings of the bird sounds are processed by signal

processing techniques to extract acoustic features, which represent the salient

characteristics of the birds’ sounds. These features act as the ‘input’ of

autoencoders for the subsequent training in our consideration. The autoencoders

and their ‘output’ can be further used as supervised, unsupervised, or

semi-supervised learning elements, which contribute to the bird sounds study.

feature 

extraction

audio 

recordings
 supervised, 

unsupervised, 

semi-supervised 

learning

biodiversity, 

climate changes, 

birds  activities monitoring

Figure 3.9: The Work Flow of Training Autoencoders for Bird Sounds Classification
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Feature Extraction and Database

The bird sound data are provided by the Museum fur Naturkunde Berlin (MNB),

Berlin, Germany. The original database contains bird sounds of 273 species

(subspecies) in 6488 audio recordings. We removed the ones with less than 20 audio

recordings, and separated the sounds from entire 86 species of birds (5060) into

training (3070 recordings), development (972 recordings), and test (1018 recordings)

set. The minimum, maximum, and average time duration of these recordings is

0.330 s, 59.033 s, and 2.835 s, respectively. In each set of data, sounds from 86

species of birds are included.

Table 3.9: openSMILE Feature Sets.

Feature sets Dimensions
‘eGeMAPS’ 88
‘IS09 emotion’ 384
‘IS13 ComParE’ 6 373

Here we use a toolkit named openSMILE [18] to extract three different kinds of

feature sets (‘eGeMAPS’, ‘IS09 emotion’ and ‘IS13 ComParE’) from bird sound

data, which was proved to be efficient in bird sound recognition [72, 73]. Features

base on Low Level Descriptors (LLDs) with functionals form the input for training

the SSAE. We use those three different dimensions of feature sets to train our

autoencoder for comparing the GPU based speed-up with different feature

dimensions. The feature number per audio instance are given in Table 3.9. These

features were designed by audio experts, including pitch, formants, Mel-Frequency

Cepstral Coefficients (MFCCs), spectral parameters, energy/amplitude related

parameters, to name but a few. The sets represent different feature dimensions

scaling at 10, 102, and 103, respectively.
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3.2.2 Training and Accelerating a Stacked Autoencoder for

Bird Sound Classification

The Autoencoders are feedforward neural networks, which aim at minimizing the

reconstruction errors between the inputs X, to the outputs X̃ as:

J(X, X̃) = ||X − X̃||2, (3.7)

where X, X̃ represents the inputs, and outputs of the autoencoders respectively. In

a simplest case, when feeding X into a one-hidden-layer autoencoder, a new map will

be generated as:

Y = σ1(WX + b), (3.8)

where W is the weight vector, and b is the bias. σ is the activation function. X̃ is

reconstructed as:

X̃ = σ2(W̃Y + b̃). (3.9)

Thus, ‘autoencoders’ can learn some higher level features from the original inputs,

i. e. lower level features.

The Stacked Sparse Autoencoder (SSAE) is consist of multiple hidden layers (more

than 2 layers generally) of SAE, in which the outputs of each layer will be the inputs

of the next layer. Formally, as Figure 3.10 shows, consider a SSAE with N layers.

The input X(k) is raw input data, The original information of raw data is contained

within h(k)(m), which are the activation (or weights) of hidden units. This vector

h can represent the input in terms of higher-order features. The features generated

from SSAE can be used for classification problems by feeding h(k+1) to a softmax

classifier after fine tuning.
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In this section, we train a SSAE with 2 hidden layers for bird sound classification.

First, we train a SAE on the raw inputs to learn features on the raw input as Figure

3.10 showing [74].

Figure 3.10: Training the SSAE: Step 1

Next, as Figure 3.11 showing [74], we feed the raw input into trained SAE, to

obtain the first-level feature activations (or weights) h(1)(k) for the inputs x(k). Then

feeding the first-level primary features to the second SAE as the “raw input” to learn

second-level features h(2)(k) on the first-level features.

Following, we need to import the first-level features into the second SAE to obtain

the second-level feature activations h(2)(k) for each of the first-level features h(1)(k).

After that, we treat the second-level features as “raw input” to a softmax classifier,

to train it as the second-level features for target labels as Figure 3.12 showing [74].
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Figure 3.11: Training the SSAE: Step 2

Figure 3.12: Training the SSAE: Step 3

Finally in Figure 3.13 [74], we combine all those three layers together to build a

SSAE with 2 hidden layers with a softmax classifier layer as a classifier for classifying.

3.2.3 Experiment and Result

For some cases in training SSAE, there are more (rather than fewer) hidden units

than inputs in their hidden layers. In this case, only a small number of the hidden
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Figure 3.13: Training the SSAE: Step 4

units will be activated at the same time [50]. In this work, we set up the first and

second hidden layers have 2048 and 1024 hidden units respectively, we train it with a

learning rate of 0.1, the batch size of 256, a softmax layer with cross-entropy as cost

function and the maximum iterations of 300.

Table 3.10: Hardware and Software Configuration

Hardware and Software Configuration
CPU Intel Core i7-3930K 3.2GHz (6 Cores, 12 Threads)
GPU 1 Tesla K20Xm 6 GiB GDDR5 with CUDA 8.0
GPU 2 Tesla P100 PCIE 16 GiB HBM2 with CUDA 8.0
Software Python 3, MXNet 0.8.0, CuDnn 5.0

We conduct our experiments with hardware configurations shown as Table 3.10.

Results are shown in Table 3.11. We can see that, the higher the feature dimension,

the more time taking on training SSAE whether CPU or GPU. Specifically, the GPU

1 (a K20) can achieve around 7-8x times and the newer GPU 2 (a P100) can achieve
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even almost 10x times the speed-up vs the CPU Intel Core i7-3930K (6 Cores, 12

Threads) when training with different feature dimension. The GPU will be one’s first

choice in future Autoencoder training.

Table 3.11: Time costing of CPU and GPU Training of SSAE

Training Time
CPU K20x P100

Speed-up over CPU
(K20x/P100)

Feature set 1
(eGeMAPS)

24.16 3.42 2.71 7x/8.9x

Feature set 2
(IS09 emotion)

30.04 4.15 3.27 7.2x/9.1x

Feature set 3
(IS13 ComPareE)

111.69 14.87 11.39 7.5x/9.8x

3.2.4 Summary

In this chapter, we propose a Stacked Sparse Autoencoder (SSAE) trained with a

softmax layer and quantitatively compare the speed-up of CPU, and GPU on

training this SSAE for bird sound data. Our experimental results show that the

GPU outperformed the CPU on speed-up training SSAE about 10x faster,

specifically, when the feature dimension, or data number is increased. Future work

includes implementing end-to-end deep learning solutions like CNN and RNN for

bird sound data classification, and train it on multiple GPUs. Dotted box in Figure

3.14 marks the contribution of this section.
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Chapter 4

Improving HPC system by

Predicting the Job Run

Time-underestimation with

Machine Learning

The contents of this chapter were published in 2018 [75].

As we mentioned in chapter 1, usually HPC users are requested to estimate the run

time of their jobs for system scheduling when they submitting jobs to HPC systems.

Predicting jobs, especially those which may not finish before its allocated time expires,

can mitigate wastes of time and system resources by taking early actions for run time-

underestimated jobs. For instance, system administrators or an automated agent can

explicitly send a notification to the user who submitted this job. The user can fix

it by killing the job and resubmitting it after parameter adjustment. We propose a

data-driven approach that is, one that actively observes, analyzes, and logs jobs for

predicting underestimation of job run time on HPC systems. Using data produced

by TSUBAME 2.5, we apply Machine Learning algorithms to recognize patterns
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about whether the underestimation of job run time occurs. Figure 4.1 illustrates the

overview of job run time underestimation prediction using Machine Learning models.

Figure 4.1: The Overview of Predicting Model for Job Run Time-Underestimation

For training predicting models, predicting models are trained with job features

which are extracted as the mean values of computing resource utilization such as

CPU usage, Memory usage etc. from raw time series data by sampling once every 60

seconds. Machine Learning algorithms extract features and characterize the hidden

patterns of associated with labeled instances of job run time-underestimated, and

build a models based on these hidden patterns so that the model can predict job run

time-underestimation from the features in instances of job logs.

For prediction, the trained models can be used to predict unknown label

instances about whether a job has run time underestimation. Furthermore, the

trained Machine Learning models can also perform on-line prediction for predicting

on-progress jobs. Since we extract same features from on going jobs through the

same sampling frequency and method [58].

62



4.1 Workflow of Building Machine Learning

Models for Predicting Job Run

Time-underestimation

In this chapter, we introduce our approach from an overview description of

designing and building workflow, followed by how to collect necessary data and

feature engineering used for preprocessing the dataset. In the following we present

the design and implementation of our machine learning-based prediction methods

and the evaluation of our approach. Finally, we gave our detailed analysis based on

experiment results and discussion. The overall workflow of our approach is depicted

in Figure 4.2
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Figure 4.2: Overall Workflow about How to Build Machine Learning based Models

4.2 Data Collecting

Machine Learning algorithms learn from data. So the first step for training a Machine

Learning model is gathering data. This step is very important, since the quality and

quantity of data directly affect how good the Machine Learning model will be. Even
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if data is good enough, we still need to make sure that it is in a useful scale, format

and even that meaningful features are included.

In related work [76][77][78], computing resource utilization like CPU usage,

Memory usage etc. have been proved to be related to job run time, job status,

abnormal occurrence on HPC systems. Besides, paper [79][80][81][82] show that

job’s requesting compute resources (nodes, processors, memory, CPU cores etc.)

when users submitting their job to an HPC system will correspondingly affect

predicting results as well. Requesting compute resources and associated computing

resource utilization usage are collected as logs of each job, which can be used to

build prediction models for job run time underestimation. So, how to efficiently

collect high quality and useful data is the first step in this research. PBS [83] and

Ganglia [54] are used to collect job logs data as mentioned above.

4.2.1 Data Collecting from PBS

In general, accessing an HPC system is done through a system of login nodes. These

nodes are reserved solely for the purpose of managing one’s files and submitting jobs

to the batch system. Acceptable activities include editing/creating files, uploading

and downloading files of moderate size, and managing one’s batch jobs. Users may

also compile and link small-to-moderate size programs on the login nodes. An

example of a login node can be found at Figure 4.3. Since CPU and memory usage

are severely limited on the login nodes, meanwhile there are typically many users on

the login nodes at any one time. Therefore, extensive calculations would degrade

the responsiveness of those nodes. Submitted jobs are queued and then run as

resources become available. The scheduling policies in place on the system are an

attempt to balance the desire for short queue waits against the need for efficient

system utilization. To run a batch job, users need to put the commands into a text

file instead of typing them at the prompt. Then user submit this file to the PBS,
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Figure 4.3: Job Submitting and Scheduling in HPC system

which will run it as soon as resources become available. The output of a job would

normally go into a log file. Users can check the status of their job interactively

and/or receive emails when it begins and ends execution. The overview of

processing in an HPC system is shown in Figure 4.3

As we discussed in Chapter 2.2, TSUBAME 2.5 use the PBS to perform job

scheduling. The PBS allows users to submit jobs requesting the resources (nodes,

processors, memory, GPUs etc.) that they need to scheduler. We collect these jobs

requesting the resources information from accounting logs of each job through the

PBS. Table 4.1 shows the logs data of each job we collected by PBS from TSUBAME

2.5.

4.2.2 Data Collecting from Ganglia

On the other hand, the computing resource utilizations such as CPU usage, Memory

usage etc. are also necessary data for building prediction models in our research.

We use Ganglia to recorded statistics covering metrics such as CPU and memory

utilization for many nodes in HPC systems. Ganglia is an open-source distributed
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Table 4.1: List of Job Requests Information collected by PBS

Features Description Features Description
queue Job class name req pl Requested priority
userhash Anonymized user

name
grouphash Anonymized project

name
nhosts Calculated number of

host involved
is array 1 if the job is a part

of array (parameter
survey) job

req mem Requested memory
amount

req et Requested option to
extend maximum run
time

req ncpus Recorded number of
CPU used

req gpus Requested number of
GPUs per node

req walltime Requested run time
(wallclock time)

app Recorded application
which run inside of the
job

queue time Timestamp of job
submit

start time Timestamp of job
submit

end time Timestamp of job
finish

exit state Recorded exit status
of job script

year fiscal year month month

monitoring software for HPC systems, which has been widely used in thousands of

grids and clusters around the world currently, and it can scale to handle clusters with

several thousand of nodes easily [54]. Figure 4.4 shows the working principle diagram

of Ganglia.

Computing resource utilizations during job running are saved as time series logs

data of each job by Ganglia Table 4.2 shows the logs data of each job we collected by

Ganglia from TSUBAME 2.5.

4.2.3 Sampling Time Series Data

Since the mean value is the most basic and commonly used average indicator, which

make it a useful measure for time series data. Especially, if we needs a single number

as a “typical” value which represent a set of known numbers, the mean value of this

set of numbers does this best [84]. The disadvantage of arithmetic mean is that it is

more susceptible to extreme values.
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Figure 4.4: Ganglia Architecture

For every job, we extract the arithmetic mean value of computing resource

utilizations such as CPU usage, Memory usage etc. from raw time series data

collected by Ganglia by sampling once every 60 seconds. Since the raw time series

data is uniformly sampled, the normalized weighting for each time is 1.0. Therefore,

we use arithmetic mean value instead of time-weighting mean value.

4.3 Feature Engineering

Feature engineering refers to the process of using related knowledge to convert raw

data into feature vectors as the input of Machine Learning algorithms. It is the most

important initial step in Machine Learning, which directly affects the performance

of models and usually requires a lot of time. Typical feature engineering process
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Table 4.2: List of Computing Resource Usage Collected by Ganglia

Features Description Features Description
used cpupercent Recorded CPU usage used mem Recorded memory

usage
used ncpus Recorded number of

CPU used
used vmem Recorded memory

address space usage
num gpu used Number of GPU per

node which is actually
used

gpu utilization Recorded average
GPU utilization per
node (0.0 3.0)

used nodesec Used run time on per
node

used cputime Used run time per
CPU

used walltime Recorded run time
(wallclock time)

includes data clearing, feature extraction, feature selection, and so on [85]. The main

purpose of extracting features is for interpreting in the context of a problem from raw

data, which might help when solving the problem [86]. The quantity and quality of

features will directly affect on whether the performance of Machine Learning model

is good or not. Therefore, getting enough useful features from the raw data is the

first step in building good models for solving our problem.

Here we have to mention that there are some people say that the deep learning

does not require feature engineering anymore, for deep learning, researchers just

need to feed raw data into deep neural networks, and the result will be available

after training and testing is misleading. Actually, the deep learning use automated

feature engineering algorithms to calculate and generate lots of candidate features,

and to learn those candidate features with different types of neural networks [87].

Specifically, deep learning shows good results in computer vision and speech

processing which process unstructured data such as images or audio. However, in

our research, relevant features we collect from TSUBAME 2.5 are structured data

instead of unstructured data. Therefore, we still use conventional Machine Learning

techniques in this research since.
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4.3.1 Feature Selection

From the previous sections, we know that the raw data about compute resources

usage was time series data of extreme size. Directly feeding raw time series data into

Machine Learning algorithms will produce unacceptable compute overhead, which will

lead to serious delay between data collection and building model as well as wasting

computational resource. Instead of using raw time series data, we selected a set

of relevant features from the raw job logs data for building prediction models by

normalizing and converting them to MySQL database. In Machine Learning tasks,

selecting suitable and useful features is also an essential step to make the model is

easier to be interpreted. Additionally one can enjoy decreasing the training times and

avoid overfitting by reducing dimensionality of features [88].

In this research, our purpose is building a Machine Learning technique-based

model that can predict whether a job is underestimated on its run time. Therefore

we have to remove redundant or irrelevant features such as “used cputime”,

“used nodesec”, “used walltime”, “start time” and “end time” for

preventing knowledge leaking. This is a preliminary study in which we try to reveal

complex patterns hidden in utilization of computing resources (may caused by

system noises, and users cannot predict those noises), user behaviors, and different

applications on an HPC system. Those features are redundant, which have a large

impact on the prediction of job run time.

4.3.2 Label-Encoder

So far, we have selected enough feature variables as the training set and also have

made corresponding labels as the test set. However, there are a few more important

things needing to be addressed before we create the training Machine Learning model.

First is Label-encoding. For most Machine Learning-based modeling, the data that

will be feed into Machine Learning algorithms must be in numerical type. However,
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Table 4.3: 5 Instances with Selected 18 Features as Training Set and Test set

Training set (X)
used cpupercent used mem used ncpus used vmem req mem req ncpus req walltime req gpus

975 974532 3 8.95E+07 1.07E+09 3 3540 3
1733 4.8451e+06 12 5.49226e+06 2.14748e+09 12 10800 0
1196 1.12E+06 192 6.83E+08 2.15E+09 192 86400 48
896 828776 24 3.41E+08 2.15E+09 24 86400 3
1197 2.64E+06 12 9.20E+07 2.15E+09 12 86400 1

Training set (X) Test set (y)
req pl req et nhosts is array gpu utilization num gpu used group queue user app Label: 1 or 0

0 0 1 0 81.0646 3 5 2 5 20 0
0 1 1 0 0 0 11 2 35 8 0
0 1 16 0 48.8958 3 166 5 368 11 0
0 1 1 0 169.295 3 10 5 473 11 0
0 1 1 0 49.8069 3 5 5 185 11 1

there are some feature columns that are non-numerical type in TSUBAME 2.5 log

data. For instance, the column queue is list including [G, H, L128F, S, S96, X] which

represents varying queues in TSUBAME 2.5 HPC system. In addition, the column

userhash and grouphash keep hash values from 1 100 users and 421 user groups.

Label-encoder can be used to transform non-numerical variables (as long as they are

hashable and comparable) to numerical variables. For example, LabelEncodeing can

turn [G,S96,G,H,S96] into [1,2,1,3,2], but then the imposed ordinality means that the

average of G and H is S. In this work, we used Labelencoder to transform feature

variables in columns userhash, grouphash and queue from categorical variables

to numerical variables. The example code as below shows how to use LabelEncoder

class in scikit-learn transform non-numerical labels to numerical labels [89].

>>> from s k l e a rn import p r e p r o c e s s i n g

>>> l e = pr e p ro c e s s i n g . LabelEncoder ( )

>>> l e . f i t ( [ ”G” , ”S96” , ”G” , ”H” , ”S96” ] )

LabelEncoder ( )

>>> l i s t ( l e . c l a s s e s )

[ ’G’ , ’H ’ , ’ S96 ’ ]

>>> l e . t rans form ( [ ”S96” , ”S96” , ”H” ] )
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array ( [ 2 , 2 , 1 ] . . . )

>>> l i s t ( l e . i n v e r s e t r a n s f o r m ( [ 2 , 2 , 1 ] ) )

[ ’ S96 ’ , ’ S96 ’ , ’H ’ ]

4.3.3 Feature Scaling

Second is feature standardization. Based on Table 4.3, we can see that the range of

values of training set columns varies widely. For instance, in column used mem,

values range from single units to millions of units. Meanwhile, in column

used cpupercent, the values range from 0 to hundreds of thousands. In contrast

with these two columns, the column is array is bool type (0 or 1). For some

Machine Learning algorithms, if the range of values in training set columns are in

wide variation, gradient descent function will not work properly without feature

Scaling, which will lead to the function cannot be converged [85].For example, most

of distance-based classifiers calculate the distance between example points. If one of

the feature column has a broader range of values, gradient descent function will be

stuck by this particular feature. Therefore, the range of all features columns should

be scaled in roughly the same range. To explain this, we present a visualization

example for comparing the feature data distribution with feature scaling or without

it. As Figure 4.5 showing, in the scaled version we can see that the orders of

magnitude are roughly the same across all the features. The scaled set outperforms

the unscaled one.

Feature standardization is one way to perform feature scaling, which would make

the values of each feature column have zero-mean and unit-variance. It has been

widely used in many Machine Learning algorithms (e.g., SVM, logistic regression,

and neural networks) for feature scaling. Concretely, first we need to calculate the

mean values and standard deviation for each feature column. After subtracting the
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Figure 4.5: Importance of Feature Scaling

mean value from each feature value, we need to divide the values of each feature by

its standard deviation. (since mean is already subtracted) which can be presented in

the following formula:

x′ =
x− x̄
σ

Where x is the original feature vector, x̄ is the mean of that feature vector, and σ is

its standard deviation [90]. We give 5 job instances - with 18 selected features which

as Table 4.3 showed.

One important thing to note, in most of Machine Learning cases, usually the

dataset will be split into training, validation, and testing sets respectively. If we do

feature scaling to calculate the mean value and standard deviation over the whole

dataset, we will introduce “future information” into the training set; in other words,

the mean and standard deviation that should haven’t been know yet will be contained.
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Therefore, we have to perform feature scaling just over the training set and keep the

mean and standard deviation. Then do feature scaling on validation and test sets

with those kept mean and standard deviation previously.

4.4 Data Pre-processing

4.4.1 Data Cleaning by Dropping NaN Data

Data cleaning is also an important step in Machine Learning projects. In Real-world,

data-gathering methods are often loosely controlled, resulting in out-of-range values,

impossible data or missing values, etc. Thus, the representation and quality of data

is first and foremost before running an analysis [91]. After preliminary inspection,

we find that there are missing values (NaN value) in our TSUBAME 2.5 job logs

database, which may be due to errors in collecting software or methods. In order to

help improve the quality of the data and predicting results, we clean our data by data

Dropping NaN Data. For this work, we dropped all log job instances that contain

NaN which may be caused by recording error when collecting data. The size of the

logs from Jan. 1, 2015 to Dec. 31, 2016 is about 1 million job instances, which are

enough for training and testing our models. Table 2.1 shows the summary of the

entire job data set and subsets categorized by scientific application name.

4.4.2 Labeling Target

Additionally, we needed to create the target variable as the test set y which is then

compared with the results produced with the training set X. We label the test set by

the following formula:

y′ = j.used walltime− j.req walltime
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where j.used wall time is actual run time of a job, and j.req wall time is user estimated

time of a job. If y′ < 0, we label this job as 0 in the test set y, which means that

the actual run time of this job does not exceed the user’s estimated time when its

user submitted it. Relatively, if y′ >= 0, this job will be labeled as 1 in the test set,

which indicates run time-underestimation. In this case, this job will be terminated

by the HPC system immediately before its completion. The purpose of our work is

to predict whether a job is run time-underestimated after job submission. l

4.5 Machine Learning Algorithms for Building

Prediction Models

We compare two popular supervised machine learning algorithms: Random Forest

[92] and XGBoost [93]. The reason we chose to compare these two algorithms is that

there are decision tree based models (both based on ensembles of decision trees) that

solve tabular data very well, and have certain properties that a deep net does not

have (e.g. ease of interpretation and invariant to input scale, and much easier to

tune). Both of these methods are widely used as they outperform other distance-

based algorithms like logistic regression, support vector machine, and kNN in data

science.[94][93][95][96][56][97]

4.5.1 Random Forest

In general, Random Forest is a bagging learning method method that builds a

multitude of decision trees when training phase, and then outputting prediction

results of the individual decision trees [98] [99]. When training decision trees deeply,

it tends to over-fitting the training dataset with low bias but high variance.

Random Forest tries to reduce the variance by training different parts of the same

training dataset and averaging out the results of multiple deep decision trees.
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Bagging learning trains and fits multiple decision trees by repeatedly selecting a

random sample with replacement of the training dataset and averaging the

prediction results from all the individual trees [100].

4.5.2 Extreme Gradient Boosting (XGBoost)

XGBoost is a scalable tree boosting system that implements the gradient boosting

decision tree algorithm. This is a generalized gradient boosting implementation that

includes a regularization term, used to combat over-fitting, as well as support for

arbitrary differential loss functions. The underlying principle behind XGBoost is

Gradient Boosting, which itself relies heavily on Gradient Descent. It has been widely

used by data scientists and provides state-of-the-art results on many problems [93].

4.6 Evaluation Metrics for Imbalanced Data Sets

We have realized very clearly that we are dealing with a binary classification

problem on an extremely imbalanced dataset. There are 2 ways that are given by

data scientists and researchers to deal with imbalanced data set. First is to collect

more minority class data or to re-sample the imbalanced dataset by over-sampling

(e.g. adding copies of instances from the minority class) or by under-sampling (e.g.

deleting instances from the majority class). We cannot do either of these strategies,

because over-sampling will increase the size of the data set thereby greatly

extending training time, and under-sampling may lose important information as a

consequence of dropped data. Second is to change the performance metrics. There

are metrics that have been designed to get fair performance evaluation when

working with imbalanced classes.
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4.6.1 True Positives (TP), True Negatives (TN), False

Positives (FP) and False Negatives (FN)

In the field of Machine Learning, a confusion matrix for binary classification shows

four different outcomes: true positive (TP), false positive (FP), true negative (TN),

and false negative (FN). The actual values form the columns, and the predicted values

(labels) form the rows. The intersection of the rows and columns show one of the

four outcomes. [101]. The four outcomes are basic metrics in classification problems

and can be formulated in Table 4.4.

Table 4.4: Contingency Table about Four Outcomes of Statistical Tests

Predicted Positive Predicted Negative
Actual
Positive

True Positives (TP) False Negatives (FN)

Actual
Negative

False Positives (FP) True Negatives (TN)

We explain these basic metrics in our research as below:

True Positives (TP): TP are the cases when the actual label of instance was True

and the model also predict this instance as True. In this research, the case where

a job is actually run time-underestimated and the model classifies the case as run

time-underestimated falls under TP.

True Negatives (TN): TN are the cases when the actual label of instance was False

and the model also predict this instance as False. In this research, the case where a

job is NOT run time-underestimated and the model classifies the case as NOT run

time-underestimated falls under TN.

False Positives (FP): FP are the cases when the actual label of instance was False,

but the model predict this instance as True. In this research, the case where a job

is NOT run time-underestimated however the model classifies the case as run time-

underestimated comes under FP.
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False Negatives (FN): FN are the cases when the actual label of instance was True,

but the model predict this instance as False. In this research, the case where there

is a run time-underestimated job however the model classifies the case as NOT run

time-underestimated comes under FN.

4.6.2 Accuracy, Precision, Recall and F1-score

As we discuss in Section 2.2, accuracy is not a reliable metric for evaluating the

performance of a classifier with imbalanced data set, because it will always yield

very high accuracy if the data set is imbalanced. Precision, recall and their derivative

metrics allow more detailed analysis for binary classification problem with imbalanced

data. Precision can be calculated with formula 4.2; Recall is defined with formula

4.3. Figure 4.6 shows the definition of precision and recall in our research.

Accuracy =
TP + TN

TP + TN + FP + FN
(4.1)

Precision =
TP

TP + FP
(4.2)

Recall =
TP

TP + FN
(4.3)

4.6.3 Average Precision (AP) and Precision-Recall Curve

(PRC)

Average Precision (AP)

The Average Precision (AP) is a single number metric used to summarize the overall

performance of a model with an imbalanced data problem [102].
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Figure 4.6: Precision and Recall

This is the average of the precision obtained every time a new positive sample

is recalled. AP essentially comes from prediction scores, which corresponds to the

area under the precision-recall curve. Concretely, the AP is the precision value that

averaged over all values of recall between 0 and 1:

∫ 1

0

p(r)dr

This is equivalent to taking the area under the PRC. Put into practice, the integral

can be calculated by summing a set of precision numbers with each possible threshold,
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then multiplied by the change in recall:

N∑
t=1

P (t)∆r(t)

In this formula, N is the total number of instances in dataset, P(t) is the precision at

threshold t, and delta r(t) is the change in recall that happened between thresholds

t-1 and t. The value of AP is between 0 and 1; the higher the value, the better.

Precision-Recall Curve (PRC)

Precision-recall curve (PRC) is a better choice for imbalanced datasets [103]. The

relationship between recall and precision can be observed is one kind of trade-off in

PRC with different thresholds. Figure 4.7 shows two examples of the PRC and its

space. The left figure in 4.7 shows a ideal case that has no overlap for the positive

class and negative class, respectively. The ideal case means that the model is able

to discriminate positive and negative of all instances with 100% recall and 100%

precision. The PRC will passes through the upper right corner if it is a ideal model

(be able to predict 100% precision and 100% recall). The right figure in 4.7 presents

two Precision-recall curves examples, generally speaking, the closer a PRC is to the

upper right corner, the better performance of the model.

Figure 4.7: Two examples of Precision-Recall Curves (PRC) and PRC space
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4.6.4 Precision and Recall Scores as A Function of The

Decision Threshold

Plotting decision threshold with precision and recall can simply help to select the

threshold value that gets the best precision-recall trade-off for different models [104].

To plot this decision threshold graph, for each instance, we first need to get the raw

probability that an instance is predicted to be in a class. Next, for all instances in the

training set, we obtain the raw probability scores that a given instance is predicted to

be in a class. Then, we compute precision and recall for all possible thresholds based

on those scores. Finally, we are able to plot precision and recall as functions of the

threshold value. With the help of this relationship, we can simply select the threshold

value that gives one the best precision-recall trade-off for different purposes. The

following python code shows how to define a function to draw the decision threshold

graph:

import numpy as np

import matplotlib.pyplot as plt

from xgboost import XGBClassifier

from sklearn.metrics import precision_recall_curve

xgb_clf = XGBClassifier ()

# Train a XGBoost classifier

X_train , X_test , y_train , y_test = train_test_split(X, y, test_size=

0.3)

# Split X, y into X_train , X_test , y_train , y_test

xgb_clf.fit(X_train , y_train)

precision , recall , threshold = precision_recall_curve(y_test ,

xgb_clf.predict_proba(X_test)[:,1]

)
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# Using trained classifier to fit y_test and calculate precision ,

recall , threshold by

precision_recall_curve ()

def plot_precision_recall_vs_threshold(precisions , recalls ,

thresholds):

plt.figure(figsize=(8, 8))

plt.title("Precision and Recall Scores as a function of the

decision threshold on Entire

Dataset")

plt.plot(thresholds , precisions[:-1], "b--", label="Precision")

plt.plot(thresholds , recalls[:-1], "g-", label="Recall")

plt.ylabel("Score")

plt.xlabel("Decision Threshold")

plt.legend(loc=’best’)

# Define the plot function

plot_precision_recall_vs_threshold(precision , recall , threshold)

plt.show()

4.6.5 Using Right Metrics for Our Tasks

In all classifiers, a trade off will always occur between precision and recall. We

hope to train a classifier that gives high precision over the minority class (label 1,

a job having run time-underestimation), while maintaining reasonable precision and

recall for the majority class. In the case of modeling on an extremely imbalanced

dataset, quite often the minority class is of great significance. For our imbalanced

binary classification problem, we will take advantage of the combination of the above-

mentioned evaluation metrics to diagnose our model.

As AP is a single value, it is an ideal first metric to use to evaluate the overall

performance of a classifier in the evaluation stage. After the best classifiers were
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chosen with AP, we used PRC to evaluate precision vs recall in the minority class.

From the user’s point of view, False Positives are more dangerous and costly than False

Negatives when predicting run time-underestimation. Following this logic, precision

will be more important than recall in this case. On the other hand, seeing job run

time-underestimation from the eyes of an HPC system administrator, saving system

resources as much as possible takes priority. Thus in this case, recall will be more

important than precision. The function of decision threshold helps to select the

threshold value that get the best precision recall trade-off for different models.

4.7 Experiment Evaluation and Result Analysis

In this section, we describe the procedure about how to train, tune and test Machine

Learning models with TSUBAME 2.5 job datasets for predicting job run time

underestimation, and how to evaluate these predicting models with suitable metrics.

4.7.1 Experiment Setup

Software Environment

We introduce the hardware and software environment we use for building and tests.

Currently, our work mainly focuses on building models and result analysis. There is no

direct relationship with speed up, so the hardware information related to acceleration

will not be introduced at this moment. The software, packages and their version

are presented in Table 4.5. We use Anaconda 5.1 as a modeling platform. Numpy

and Pandas are used to process data. Scikit-learn is used to build the random forest

based models [105]. The XGBoost library is compiled from binary code and installed

to Anaconda for building XGBoost based models.
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Table 4.5: Software, Libraries and Version

Software Libraries Version
Anaconda 5.1
Python 3.6
Scikit-learn 0.19.1
XGBoost 0.71
Numpy 1.14
Pandas 0.23

Training set
Validation 

set
Training set

Validation 

set

 Training and 

validation dataset
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Figure 4.8: Experimental Design and Process
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Procedure of Modeling and Evaluation

Building a good Machine Learning model needs rigorous steps to ensure its reliability.

Firstly, we build our models according to the procedure of Figure 4.8 and evaluate

models with the procedure of Figure 4.9. AP is a single value and it is the first metric

used to evaluate the overall performance of a classifier in the evaluation stage. After

the best classifiers were chosen with AP, we used PRC to evaluate specific precision

and recall, because different types of users have different needs about precision and

recall. The function of decision threshold helps to select the threshold value that get

the best precision recall trade-off for different models.

Trained Models Test dataset

Precision, Recall, Threshold,

AP, PRC

Performance 

Evaluation

Ranking by AP

Analyzing PRC

Trade-off Precision and 

Recall by Threshold

Figure 4.9: Evaluation Process for Dataset
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Data Splitting with and ShuffleSplit Cross-Validation (Random

permutation CV) and K-fold Cross-Validation (k-fold CV)

At first, we create a model for the entire dataset, then we split the entire dataset

into subsets categorized by scientific application name and build sub-models for

them, respectively. Regardless of whether we build a model with the entire dataset

or with subsets, we split these dataset into training, validation and test sets at the

beginning as Figure 4.8 showing. The training set is used for fitting Machine

Learning models; the validation set is used for parameter tuning; the test set is used

to evaluate the final results of prediction models. After performing the final model

on the test set, the model and parameters cannot be tuned any further. Ideally, the

test set should be used only at the end of the data analysis [106]. Since we split the

entire job dataset into subsets, there are some subsets in which the absolute number

of minority class samples is too small (see Table 2.1). Therefore, we use the

ShuffleSplit Cross-Validation (Random permutation CV) to split 70% of the data as

training and validation sets, and keep the rest 30% as a test set with 5 iterations at

first [105]. Random permutation CV may return different results for each call of

StuffleSplit. We make the results identical by setting randomstate to an integer.

The Random permutation CV method will randomly sample one’s entire dataset

during each iteration to generate a training set and a test set. The test size and

training size parameters control how large the test and training test sets should be

for each iteration. Since the user is sampling from the entire dataset during each

iteration, values selected during one iteration could be selected again during another

iteration. Then, for the 70% of the training and validation sets, we performed 5-fold

cross-validation (5-fold CV) with RandomizedSearchCV for tuning

hyper-parameters.

Next, we build a model with the best hyper-parameter combination which is

decided after 50 RandomizedSearchCV iterations, and evaluate this model with the
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test set. We will obtain one set of results (including precision, recall, threshold etc.)

in each ShuffleSplit iteration, which means that we will have 5 sets of results after 5

ShuffleSplit iterations for each dataset. Next, for each dataset and model

combination, we record 5 sets of precision-recall pairs, which can be calculated after

5 ShuffleSplit iterations for each dataset. A pair of precision and recall corresponds

to one PRC. There are 5 PRC’s and one mean PRC in each graph for showing the

specific precision and recall relationship on every subset and every model.

Equivalent to getting 5 sets of precision-recall pairs, we record 5 AP values from 5

ShuffleSplit iterations and calculate the mean value of these 5 AP values as the first

metric to evaluate the overall performance of the model on each dataset. Specifically,

for one dataset, we train and test XGBoost and RF models on it with our procedure,

respectively. Both XGBoost and RF model gets 5 AP values and 1 mean AP value

among the 5 values. The mean AP value of XGBoost and RF is used to evaluate

the overall performance of models, and the 5 AP values are used to evaluate the

robustness of the model by box plot. Therefore, we not only need to evaluate how

high the mean AP value is, but also to observe the stability of those 5 AP values.

After ranking models with AP, we plot precision and recall scores as a function of

threshold to help select the threshold value that gets the best precision-recall trade-off

for different models. Plotting precision and recall scores as a function of threshold

also helps to select the threshold value that gets the best precision recall trade-off for

a user or administrator’s different purposes.

Tuning Hyper-parameters for Prediction Models

Meanwhile, most Machine Learning algorithms have several hyper-parameters that

will affect the performance of models. Tuning hyper-parameters is an indispensable

step to improve a model’s performance, which often improve its accuracy or other

metrics, like precision and recall, by 3-5%, depending on the algorithm and dataset.
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In some cases, parameter tuning may improve the accuracy by around 50% [97]. In

this study, we train our model and tune hyper-parameters via LOOCV with the

RandomizedSearchCV function from scikit-learn [89]. The RandomizedSearchCV is

an estimator used for optimizing hyper-parameters with different parameter

settings. Comparing to GridSearchCV, instead of attempting all parameter values,

but rather a set of random number of parameter settings are selected from the

specified distributions. We set 5-fold cross-validation with n iter to 50, and we also

set AP as the scoring metric in RandomizedSearchCV. Parameter settings and

optimized parameters are presented in Table 4.6

Table 4.6: Hyper-parameters Settings of XGBoost, Random Forest and the Best
Hyper-parameters after Tuning in this Study

Machine Learning
Algorithm

Hyper-parameters Best Parameters after tuning

XGBoost

n estimators: How many boosted decision trees to be used

learning rate: The learning rate

max depth: Maximum depth of each decision tree

max delta step: Setting it to a finite number (say 1)
will help convergence

booster: Select one booster (gbtree, gblinear or dart)

n estimators=200

learning rate=0.2

max depth=18

max delta step=2

booster=gbtree

Random Forest

n estimators: How many boosted decision trees to be used

min weight fraction leaf: The minimum weighted required to be at a leaf node

max features: Splitting the number of features (auto, sqrt, log2 or None)

criterion: The function is used for measure the quality of a split

n estimators=160

min weight fraction leaf=8

max features=18

criterion=“entropy”

4.7.2 Result and Analysis of Classification with Entire

Dataset

We trained and tuned classifiers with the XGBoost and the RF on the entire dataset

with procedure at Figure 4.8. We used the best chosen classifiers based on 5-fold CV

on the training set (70% entire dataset) to predict the test set (30% entire dataset)

5 times with ShuffleSplit. Table 4.7 and Table 4.8 shows that the XGBoost and
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the RF have an extremely similar overall performance result. The result consists of

similar values of run time-underestimation prediction (in terms of overall precision

and recall) in the entire dataset. As we estimated, the precision and recall of the

majority class are very high on both algorithms (0.98, and as high as 0.99). In

contrast, all metrics on the minority class are lower than those on the majority class.

However, the overall precision and recall achieved very high scores on both algorithms

(all around 0.97), due to combining absolute quantity and relative quantity subsets

into an entire imbalanced dataset. There is a slight difference in precision and recall

between the two algorithms; XGBoost outperforms the RF in precision by 0.02, while

decreases the RF’s recall by 0.01. Thus, the precision, recall on the minority class,

AP and PRC are fairer metrics when evaluating model performance.

Table 4.7: Prediction Results with Entire Dataset by XGBoost

Class Precision Recall F1-score Total
1 0.8 0.7 0.74 15273
0 0.98 0.99 0.99 280864

Avg/Total 0.98 0.97 0.97 296137

Predicted Positive Predicted Negative
Actual
Positive

10677 (TP) 4596 (FN)

Actual
Negative

2749 (FP) 278115 (TN)

Table 4.8: Prediction Results with Entire Dataset by Random Forest

Class Precision Recall F1-score Total
1 0.78 0.71 0.74 15304
0 0.98 0.99 0.99 280833

Avg/Total 0.97 0.97 0.97 296137

Predicted Positive Predicted Negative
Actual
Positive

11178 (TP) 4287 (FN)

Actual
Negative

3186 (FP) 277486 (TN)
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Figure 4.10 shows the 5 PRC’s and 5 AP’s generated by XGBoost and RF

respectively on the entire dataset. The PRC and AP of XGBoost and RF yield

similar performance results.
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Figure 4.10: Precision-Recall Curves by XGBoost and Random Forest on Entire
Dataset

4.7.3 Results and Analysis of Classification with Subset

Dataset Categorized by Scientific Application Name

In most HPC systems, there are a huge number of jobs submitted by thousands of

users who are potentially grouped into hundreds of user groups. In relevant research

about job logs analysis, researchers usually divide logs into subsets with different

rules or purposes for seeking hidden patterns from those logs [107][58][108] . In this

research, our main purpose is predicting whether a job may or may not finish before

its run time estimated by its user. The run time is mainly affected by many factors,

such as user behaviors and computing resource usage in the HPC environment. (In

this study, we do not consider human intervention from users or administrators, nor

random hardware failures). The entire job dataset was split into subsets categorized

by scientific application name for mining potential patterns which may affect run time

of HPC applications. According to Table 2.1, there are almost one million job logs
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based on 27 pre-installed HPC applications in TSUBAME 2.5 (except those in the

unlabeled “others” class). Figure 4.11 shows the 27 applications and their areas.

Evaluating by AP

We used XGBoost and RF to build prediction models with the optimized

hyper-parameters presented in Table 4.6 and run them through each subset by

5-fold Random permutation cross-validators respectively. The evaluation results of

AP are plotted as a box plot in Figure 4.12.

Figure 4.12 shows the 5 AP’s described in the boxplot for each of the 25 subsets,

after taking “others” as a subset and removing “RISM”, “CAE: MSC”, from all

training datasets. This was because there is no instance of run

time-underestimation (labeled 1, minority class, underestimation) in their subsets.

We sort them in alphabetical order. In general, we can see that there are little

differences in mean performance between the two classifiers on the same subset. In

some subsets, the mean AP of XGBooot is higher than the mean of RF, whereas

some are not (essentially, a 50/50 split). On subsets “MD: AMBER”, “MD:

GROMACS”, “MD: NAMD”, “MD: Tinker”, both XGBoost and RF models achieve

very high and stable AP’s. Although these 2 classifiers also have very high AP’s and

the mean value of th AP on “CAE: Abaqus” and “Vis: POV-RAY”, some AP’s are

not stable enough. Even so, the AP in the these subsets are greater than or equal to

0.9, so we can still say that our models achieve very good overall prediction

performance about job run time underestimation on the aforementioned

applications, that is “CAE: Abaqus”, “MD: AMBER”, “MD: GROMACS”, “MD:

NAMD”, “MD: Tinker” and “Vis: POV-RAY”, in an HPC environment.

On the other hand, regardless of using the XGBoost or RF models, the boxplot

shows that the difference among the 5 AP’s is significant on “Bio: BLAST”, “CAE:

CST MW-Studio”, “CAE: Fluent”, “CAE: LS-DYNA”, “MD: CHARMM” and “MD:
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Figure 4.11: HPC Applications and Their Areas in TSUBAME 2.5
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Figure 4.12: The Box-whisker-Plot of AP after Running Through Subsets 5 times
with ShuffleSplit

Desmond MD”. We believe that one of the reasons in making scattered distribution

of these 5 AP’s is due to imbalanced subsets. According to the percentage of the

minority class of each application (as was also shown in Table 2.1), we can see that

the absolute number and the relative percentage of the minority class are much lower

than those of other subsets. In particular, in application “Bio:BLAST”, the absolute

number (15) and the relative percentage (0.45%) of the minority class are much lower

than those on other subsets. As we mentioned in the section on data splitting, we split

every dataset into a training validation set (70%) and a test set (30%). The test set

can only keep 30% of 15 instances of the minority class, in the case of “Bio:BLAST”,

it may be just 5 minority class instances which is too small to achieve stable results.

We can find a similar situation in “CAE: CST MW-Studio”, “CAE: Fluent”, “CAE:

LS-DYNA”, “MD: CHARMM” and “MD: Desmond MD”, where the absolute number

of job instances of the minority class are 83, 33, 24, 99 respectively. Obviously, the

distributions of 5 AP’s on each of these subsets are scattered as well. We can see that

the “CAE: Abaqus” even yields a perfect AP of 1 once, however, the distributions
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of 5 AP’s are still slightly scattered due to its absolute number (27) of the minority

class. It is called a small disjuncts problem [109] [110].

For the rest of the subsets, their absolute number of the minority class, at least,

are more than 100. The distributions of the 5 AP’s are more convergent than those

that have a small disjuncts problem, which means that models are more stable. For

most cases in this study, the percentage of the minority class almost has no impact

on the accuracy performance. However, we found that, the absolute number of the

minority class affects the stability of the model.

Evaluating by PRC

After evaluating the overall performance with the single value metric AP, we need to

evaluate the model’s accuracy. As we mentioned previously, an ideal model with high

precision and high recall will yield many results, with all results labeled correctly.

However, in the real world, this ideal model is almost non-existent. In general, a

curve above another curve has a better performance level. In other words, the closer

a PRC is to the upper right corner, the better the model is. In order to evaluate

evaluating performance (precision and recall) while stability, we draw the 5 PRC’s

and the mean curve of these them generated by XGBoost and RF on each subset by

5-fold Random permutation cross-validator respectively.

As Figure 4.13 4.14 4.15 show, our models yields very good both of precision and

recall on “MD: Tinker”, “MD: NAMD” and “MD: GROMACS”. Specifically, PRC’s

are very close to the upper right corner (1, 1), precision and recall are around 90%

or higher than 90% at the same time, which means that our models are returning

accurate job prediction on both of having or not having run time underestimation,

as well as returning a majority of all run time underestimated jobs. Especially, “MD:

Tinker” by XGBoost achieves the best precision, recall and AP with 90%, 93% and

0.965 respectively. Simultaneously, we also find that PRC’s are not often zigzag in
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shape and almost have no going up and down on these applications, which means

that our models not only achieve good precision and recall, but perform stably as

well. These models are able to seek potential patterns which may affect run time of

HPC applications.
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Figure 4.13: Precision-Recall Curves on “MD: Tinker” by XGBoost (left) and
Random Forest (right)
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Figure 4.14: Precision-Recall Curves on “MD: NAMD” by XGBoost (left) and
Random Forest (right)

Figure 4.16, 4.17 and 4.18 present PRCs on “CAE: Abaqus”, “Vis: POV-RAY”

and “MD: AMBER”. We can see that our models also yield good precision and recall

(both of precision and recall are around 80%∼90% ), although there is a little zigzag

behavior that frequently goes up and down. We think that it is due to the small

disjuncts. This is because the absolute numbers on the minority class are 24 and 134

respectively on “CAE: Abaqus” and “Vis: POV-RAY”. These models are able to
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Figure 4.15: Precision-Recall Curves on “MD: GROMACS” by XGBoost (left) and
Random Forest (right)

seek potential patterns which may affect run time of HPC applications. However, the

stability of these models needs to be further enhanced.
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Figure 4.16: Precision-Recall Curves on “CAE: Abaqus” by XGBoost (left) and
Random Forest (right)

For those models with moderate performance including “Bio: MEGADOCK”,

“CFD: OpenFOAM”, “MATLAB”, “MPI”, “Python”, “QM: Gaussian”, “QM:

Quantum Espresso”, “QM: VASP” and “WRF”, although they are still imbalanced

datasets with low relative percentage on the minority class, their absolute number

(at least 295 instances on the minority class) are much higher than those thay have

small disjuncts. From Figure 4.19 4.20 4.21 4.18 4.22 4.23 4.24 4.25 4.26 4.27, we

can see that their performance is moderate but stable. Although these models are

able to seek potential patterns which may affect run time of HPC applications and

are stable, their performance accuracy (both of precision and recall) needs to be

further enhanced as well.
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Figure 4.17: Precision-Recall Curves on “Vis: POV-RAY” by XGBoost (left) and
Random Forest (right)
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Figure 4.18: Precision-Recall Curves on “MD: AMBER” by XGBoost (left) and
Random Forest (right)
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Figure 4.19: Precision-Recall Curves on “Bio: MEGADOCK” by XGBoost (left) and
Random Forest (right)
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PRC on CFD_OpenFOAM (RandomForestClassifier)

fold 0 AP=0.834
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Overall AP=0.827

Figure 4.20: Precision-Recall Curves on “CFD: OpenFOAM” by XGBoost (left) and
Random Forest (right)
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PRC on MATLAB (XGBClassifier)

fold 0 AP=0.834
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Overall AP=0.829
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Overall AP=0.810

Figure 4.21: Precision-Recall Curves on “MATLAB” by XGBoost (left) and Random
Forest (right)
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PRC on MPI (XGBClassifier)

fold 0 AP=0.798
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Overall AP=0.795
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PRC on MPI (RandomForestClassifier)

fold 0 AP=0.788
fold 1 AP=0.778
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fold 3 AP=0.778
fold 4 AP=0.776
Overall AP=0.778

Figure 4.22: Precision-Recall Curves on “MPI” by XGBoost (left) and Random Forest
(right)
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PRC on Python (XGBClassifier)

fold 0 AP=0.856
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Overall AP=0.857
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PRC on Python (RandomForestClassifier)

fold 0 AP=0.829
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fold 4 AP=0.831
Overall AP=0.827

Figure 4.23: Precision-Recall Curves on “Python” by XGBoost (left) and Random
Forest (right)
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PRC on QM_Gaussian (XGBClassifier)

fold 0 AP=0.761
fold 1 AP=0.774
fold 2 AP=0.781
fold 3 AP=0.775
fold 4 AP=0.788
Overall AP=0.776
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PRC on QM_Gaussian (RandomForestClassifier)

fold 0 AP=0.739
fold 1 AP=0.751
fold 2 AP=0.779
fold 3 AP=0.784
fold 4 AP=0.775
Overall AP=0.765

Figure 4.24: Precision-Recall Curves on “QM: Gaussian” by XGBoost (left) and
Random Forest (right)
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PRC on QM_Quantum_Espresso (XGBClassifier)

fold 0 AP=0.809
fold 1 AP=0.855
fold 2 AP=0.833
fold 3 AP=0.793
fold 4 AP=0.813
Overall AP=0.821

0.00 0.25 0.50 0.75 1.00
Recall

0.00

0.25

0.50

0.75

1.00

Pr
ec

isi
on

PRC on QM_Quantum_Espresso (RandomForestClassifier)

fold 0 AP=0.812
fold 1 AP=0.832
fold 2 AP=0.828
fold 3 AP=0.778
fold 4 AP=0.811
Overall AP=0.812

Figure 4.25: Precision-Recall Curves on “QM: Quantum Espresso” by XGBoost (left)
and Random Forest (right)
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PRC on QM_VASP (XGBClassifier)

fold 0 AP=0.858
fold 1 AP=0.857
fold 2 AP=0.857
fold 3 AP=0.863
fold 4 AP=0.871
Overall AP=0.861
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PRC on QM_VASP (RandomForestClassifier)

fold 0 AP=0.843
fold 1 AP=0.844
fold 2 AP=0.848
fold 3 AP=0.845
fold 4 AP=0.857
Overall AP=0.847

Figure 4.26: Precision-Recall Curves on “QM: VASP” by XGBoost (left) and Random
Forest (right)
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PRC on WRF (XGBClassifier)

fold 0 AP=0.670
fold 1 AP=0.700
fold 2 AP=0.673
fold 3 AP=0.629
fold 4 AP=0.697
Overall AP=0.674

0.00 0.25 0.50 0.75 1.00
Recall

0.00

0.25

0.50

0.75

1.00

Pr
ec

isi
on

PRC on WRF (RandomForestClassifier)

fold 0 AP=0.672
fold 1 AP=0.672
fold 2 AP=0.678
fold 3 AP=0.670
fold 4 AP=0.692
Overall AP=0.677

Figure 4.27: Precision-Recall Curves on “WRF” by XGBoost (left) and Random
Forest (right)

For the rest of application models, their PRCs have been showed in figure 4.28

4.29 4.30 4.31 4.32 4.33.

We can clearly see that PRC’s are often zigzag in shape on “Bio: BLAST”, “CAE:

CST MW-Studio”, “CAE: Fluent”, “CAE: LS-DYNA”, “MD: CHARMM” and “MD:

Desmond MD”, as these PRC’s are far away from the top right corner (1, 1). In

other words, these models can neither guarantee performance stability nor output

acceptable precision or recall. As we explained previously, the instability is largely

due to small disjuncts. However, the poor precision and recall prove that these models

cannot seek potential patterns, which may affect run time of these application. Hence

these models need to be modified.
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PRC on Bio_BLAST (XGBClassifier)

fold 0 AP=0.233
fold 1 AP=0.300
fold 2 AP=0.465
fold 3 AP=0.321
fold 4 AP=0.248
Overall AP=0.313

0.00 0.25 0.50 0.75 1.00
Recall

0.00

0.25

0.50

0.75

1.00

Pr
ec

isi
on

PRC on Bio_BLAST (RandomForestClassifier)

fold 0 AP=0.225
fold 1 AP=0.184
fold 2 AP=0.715
fold 3 AP=0.444
fold 4 AP=0.456
Overall AP=0.405

Figure 4.28: Precision-Recall Curves on “Bio: BLAST” by XGBoost (left) and
Random Forest (right)
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PRC on CAE_CST_MW-Studio (XGBClassifier)

fold 0 AP=0.473
fold 1 AP=0.635
fold 2 AP=0.675
fold 3 AP=0.522
fold 4 AP=0.679
Overall AP=0.597
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PRC on CAE_CST_MW-Studio (RandomForestClassifier)

fold 0 AP=0.431
fold 1 AP=0.557
fold 2 AP=0.690
fold 3 AP=0.477
fold 4 AP=0.647
Overall AP=0.560

Figure 4.29: Precision-Recall Curves on “CAE: CST MW-Studio” by XGBoost (left)
and Random Forest (right)

Evaluating by Plotting Decision Threshold with Precision and Recall

After ranking models with AP, we plot precision and recall scores as a function of the

threshold to help select the threshold value that gets the best precision-recall trade-off

for different models. Given the default settings of XGBoost and RF model, the default

0.00 0.25 0.50 0.75 1.00
Recall

0.00

0.25

0.50

0.75

1.00

Pr
ec

isi
on

PRC on CAE_Fluent (XGBClassifier)

fold 0 AP=0.475
fold 1 AP=0.505
fold 2 AP=0.321
fold 3 AP=0.428
fold 4 AP=0.510
Overall AP=0.448
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PRC on CAE_Fluent (RandomForestClassifier)

fold 0 AP=0.362
fold 1 AP=0.499
fold 2 AP=0.417
fold 3 AP=0.517
fold 4 AP=0.564
Overall AP=0.472

Figure 4.30: Precision-Recall Curves on “CAE: Fluent” by XGBoost (left) and
Random Forest (right)
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PRC on CAE_LS-DYNA (XGBClassifier)

fold 0 AP=0.599
fold 1 AP=0.538
fold 2 AP=0.460
fold 3 AP=0.450
fold 4 AP=0.654
Overall AP=0.540
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PRC on CAE_LS-DYNA (RandomForestClassifier)

fold 0 AP=0.601
fold 1 AP=0.566
fold 2 AP=0.469
fold 3 AP=0.432
fold 4 AP=0.620
Overall AP=0.538

Figure 4.31: Precision-Recall Curves on “CAE: LS-DYNA” by XGBoost (left) and
Random Forest (right)
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PRC on MD_CHARMM (XGBClassifier)

fold 0 AP=0.373
fold 1 AP=0.473
fold 2 AP=0.771
fold 3 AP=0.575
fold 4 AP=0.494
Overall AP=0.537
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PRC on MD_CHARMM (RandomForestClassifier)

fold 0 AP=0.553
fold 1 AP=0.604
fold 2 AP=0.797
fold 3 AP=0.748
fold 4 AP=0.455
Overall AP=0.631

Figure 4.32: Precision-Recall Curves on “MD: CHARMM” by XGBoost (left) and
Random Forest (right)

value of the threshold is 0.5. The default output of every model, particularly precision,

recall and derivatives, including PRC and AP, are calculated based on this default

threshold (0.5). However, in general, HPC users may need higher precision than

recall, because they just want to make sure that jobs with run time-underestimation

prediction are indeed run time underestimated jobs that need to be killed early.
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PRC on MD_Desmond_MD (XGBClassifier)

fold 0 AP=0.493
fold 1 AP=0.686
fold 2 AP=0.719
fold 3 AP=0.634
fold 4 AP=0.710
Overall AP=0.648
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PRC on MD_Desmond_MD (RandomForestClassifier)

fold 0 AP=0.532
fold 1 AP=0.604
fold 2 AP=0.686
fold 3 AP=0.533
fold 4 AP=0.629
Overall AP=0.597

Figure 4.33: Precision-Recall Curves on “MD: Desmond MD” by XGBoost (left) and
Random Forest (right)
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On the contrary, an HPC system administrator just wants to save more computing

resources and urge users to kill more suspicious run time underestimated jobs as early

as possible. Thus, a higher recall would help them to detect more of these types of

jobs. Plotting precision and recall scores as a function of threshold helps to select

the threshold value that gets the best precision-recall trade-off for their respective

purposes.

Taking models “Vis: POV-RAY” and “QM: VASP” as examples, we draw their

precision and recall as a function of threshold and show how it works in Figure 4.34

4.35. The rest of them can be found at Appendix A. In every graph of Figures 4.34

and 4.35, we can see that precision and recall are drawn with all possible thresholds

based on those scores. As we know, the default value of the threshold for binary

classification is set to 0.5 in most Machine Learning algorithms, including XGBoost

and Random Forest. Meanwhile, we also know that different roles have different

requirements for precision and recall. For example, in Figure 4.34, regardless of the

models XGBoost or RF, we can see that precision is higher than recall when the

threshold is 0.5. If a user needs a higher recall, we just set the threshold as less than

or equal to 0.3, then the recall will be higher than precision, which corresponds to a

slight decline in precision. Therefore, according to different purposes, the threshold

needs to be adjusted to different operating points [111]. There are two common

methods to set the operating point. First, Equal Error Rate (EER) point: the point

where precision equals recall [112]. This feels to some users like a ”natural” operating

point. In addition, in some problems, users have a natural minimal tolerance of

either precision or recall. For example, an HPC user requires that 80% of job run

time underestimation prediction is correct, otherwise the users will stop using our

models. Hence, it is natural to set precision to 80% (or slightly less) and accept

whatever recall results at that point.
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Figure 4.34: Precision and Recall Scores as Function of Threshold on “Vis: POV-
RAY” by XGBoost (left) and Random Forest (right)

Figure 4.35: Precision and Recall Scores as Function of Threshold on “QM: VASP”
by XGBoost (left) and Random Forest (right)

4.7.4 Feature Importance

Feature importance gives a score for indicating how valuable or useful each feature

was when building boosted decision trees based models. This score can be

calculated by accounting how many times they appear when making its decision

trees. In other words, the more times a feature is used for making key decisions

during decision trees building, the higher its relative importance is to the model.

The score of feature importance will be averaged over all of the decision trees within
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the model. The feature importance can be conveniently calculated and ploted by

use of built-in function in XGBoost library.
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Figure 4.35: Important Features for Different Applications

We plotted feature importance in all subsets with the features ordered according

to how high the score was (ie. how important it was) in Figure 4.35. We can see

that used mem, used vmem, used cpupercent, and gpu utilization are

the most important objective features in those applications. In other hands, the

req walltime contains some important information which is related to the running

time of applications, since when users change their configuration of applicants,

experienced users will modify this option at the same time. However, applications

have different weights (namely prediction of run time-underestimation) on different

features (namely computing resource usage), which both affected job run time. Our

method recognized these patterns and used them to predict job run

time-underestimation in HPC systems.

4.7.5 Discussion

We have some speculations as to why a user who has submitted the same job

multiple times and already knows the characteristics of the job might still

underestimate the job run time, in which case our Machine Learning-based

prediction can further improve the job run time estimation accuracy:
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The first could be I/O interference. There are lots of users who often submit small

jobs that generate individual I/O in HPC systems. A large number of I/O-based small

jobs may lead to I/O congestion on a specific node which will significantly affect job

running time. Since the user submitting the job is not aware of the I/O congestion,

he could potentially underestimate the job run time.

Second, particularly in TSUBAME 2.0, there are some virtual machine (VM)

based job co-location. For example, if users submit a lot of single-core VM-based

jobs, TSUBAME will co-locate those jobs which may lead to computing resource

(e.g. CPU cores and memory bandwidth) congestion, further preventing the user

from accurately predicting his job run time.

We can consider above two cases as the noise in an HPC system, which may cause

the job run time-underestimation in HPC systems. Even though experienced HPC

users might be able to estimate the required wall time of jobs accurately, they cannot

predict these system noises which significantly affect job running time. Because of

that, objective features (CPU usage, Memory usage etc.) are important, and we

cannot fully trust users’ estimation. This is why we need to use Machine Learning to

build prediction models for helping users to correct their job run time.

We have another speculation that might affect the users prediction in special

cases. For example, users may deliberately extend their job’s required wall time for

ensuring to get their results in case they need to meet a paper deadline. Similarly,

when users submit ”big” jobs which have long run time (e.g. longer than 12 hours),

they might again deliberately overestimate their required wall time to avoid their job

running out of time and being killed by the HPC system and avoid the loss of time

and money that will result from it. Therefore, users behavior will also affect job run

time-underestimation.

Even though it is difficult to concretely show the effect of the above-mentioned

points in the users ability in prediction job run time, looking at feature importance
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in Figure 4.35, we can see that system characteristics represented by objective

features are dominant reasons for job run time-underestimation in HPC systems.

Meanwhile, subjective user behavior-based features also affect the prediction results

to some extent, but with lower importance compared to the objective ones. Hence,

our results show that we cannot solely rely on the users prediction and we also need

to take the characteristics of the HPC system into account for accurate prediction of

job run time.

4.8 A Preliminary Simulation for Estimating the

Benefit and Economy of Prediction Model

Although we have already evaluated the accuracy of our prediction model, we also

need to further evaluate its economy and benefits. As we know, predicting ongoing

jobs needs models that are trained with data collected when jobs are in-progress.

However, that data we use for training our model is generated after a given job

finishes, so we need a solution that can provide in-progress-like data. To solve this,

we design a preliminary simulation test to simulate in-progress job logs based on

existing data. Then, we purpose a metric to approximately evaluate the economy

and benefit of our prediction model by use of the simulation test.

4.8.1 A Simulation Test

As we mentioned, we need a simulation test to simulate in-progress job logs based on

existing data and to evaluate the economy and benefit of our model. The simulation

is based on the assumption that all run time-underestimated jobs produce a negative

impact on the overall productivity of the HPC system at hand. In addition, the earlier

those run time-underestimated jobs can be predicted and handled, the more time and
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system resources can be saved and the overall productivity of the HPC system will

also be improved.

Figure 4.36: The Conception of the Simulation

For the simulation, a checkpoint needs to be set as a time boundary for splitting

training test and test set in the simulation. Specifically, since we have no real in-

progress data collected at 3 hours after jobs have started, we use the data which

finished in 3 hours as the substitute for simulating in-progress job data collected at

3 hours after jobs have started. Then, we use the simulated in-progress data to train

our model and test it with test data, which are on-running jobs at 3 hours after jobs

have started. The conception of simulation is shown in Figure 4.36.

For example, on application “MD: NAMD”, suppose we want to evaluate the

number of run time underestimated jobs that can be predicted at 3 hours after jobs

have started. We set 3 hours as the checkpoint for those jobs which finish in 3 hours

and designate them as training sets, while those jobs which are still running are

treated as test sets. Then we build a prediction model with the training set, and test
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the model with the test set. This is a simulation for the case that we are doing online

prediction at 3 hours after jobs have started.

As is expected, every tested job instance will get one result from TP, TN, FP

and FN, which follow the rules defined in chapter 4.6. What is more, the economy

and benefit of using the prediction model can be estimated by using the results of the

simulation. We propose a metric named “Saved-lost Rate” (SLR) to evaluate benefits

of the prediction model with different checkpoints. SLR is defined as the following

formula:

SLRC =
Saved

lost+ Punishment
=

TP∑
tp=1

(j.used walltime− C)tp

P∑
p=1

j.used walltimep +
FP∑

fp=1

Cfp

In this formula, “C” is the checkpoint which theoretically can be any time after

jobs started. However, in this simulation, we must fix the checkpoints to a few

special time points, such as 1 hour, 3 hours, 6 hours or even 12 hours after the job

started. The reason for this is that we should keep enough positive job instances (run

time-underestimated job instances) and negative job instances in the training set,

essentially for training the imbalanced binary classification model. We treat those

job instances which have finished by the checkpoint time as training sets, and those

job instances which take more time than the checkpoint time as test sets. Moreover,

in most subsets, most of the run time underestimated jobs take more than 1 hour. If

we set the checkpoint too early (say, 10 or 30 minutes after a job starts), we cannot

get enough positive instances (at least 20 run time-underestimated job instances) for

training models.
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For those positive (all run time-underestimated jobs) instances, we consider their

used walltime as “lost”. The purpose of using the prediction model is to predict those

positive instances before they are automatically killed by the HPC system.

For those TN instances, we do not consider them in this formula because they are

finished by the users estimated time, and the prediction model also predicts result

correctly. Otherwise, we need to consider the three remaining situations (namely TP,

FP and FN) and use them to calculate the benefits of the prediction model.

For those TP instances, we calculate the “Saved” of a TP job instance by

subtracting the checkpoint time from the job’s used walltime. For example, there is

a run time-underestimated job, it will keep running until meeting user req walltime

(assuming it is 12 hours), then it will be killed by the HPC system. We set the

checkpoint as 3 hours after the job started, in this case, which means that we want

to predict this job is a running time underestimated job or not after it has been

running for 3 hours. Our prediction model predicts it as positive instance

successfully, and we kill this job manually at this checkpoint, which can be

considered that we save 9 hours (“Saved” is 9 hours). Similarly, if the checkpoint is

set at 6 hours, the “Saved” will be 6 hours. The more and earlier we predict positive

instance, the more “Saved” can be yielded.

For those FP instances, because the prediction model mistakenly treated them

as positive instances and terminate them at the checkpoint time, which caused the

time (until the checkpoint) spent on these jobs to be wasted. Therefore, we consider

those wasted time as the “punishment” for evaluating the benefit of the prediction

model. For instances, at checkpoint 3 hours after the job started, the prediction

model predicts one job as a positive and terminate it for saving time and resource.

However this job is an FP instance, and it would be able to finish by its req walltime.

The 3 hours spent on this job is considered as 3 hours “punishment” for evaluating

the benefit of the prediction model.
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The earlier the checkpoint is set, the higher the SLR should be if TP job can be

predicted correctly. However, in contrast, the earlier the checkpoint is set, the less

training data have, which will reduce the AP. (SLR will also be affected by the AP,

with a certain degree of decline.) Therefore, we estimate that there will be a trade-off

relationship between the checkpoint and the SLR in our simulation.

4.8.2 Result of the Simulation

In the last subsection, we design a simulation test to simulate in-progress job logs

based on existing data with. For most of the subsets, most of the run time

underestimated jobs cost more than 1 hour and less than 24 hours. We set the

checkpoints at 1 hour, 3 hours, 6 hours, 12 hours and 24 hours after the job started.

Besides, because of enough positive instances (20 run time underestimated job

instances at least) are necessary for training models, the following application

subsets cannot be tested in this simulation: “Bio: BLAST”, “CAE: Abaqus”,

“CAE: Fluent”, “MD: CHARMM”, “MD: Desmond” and “MD: Tinker”. For those

applications, the distributions of positive instances are too concentrated on one

certain period of time, or there are no enough positive instances available in those

subsets, which lead to the predicting model cannot be trained for certain periods of

time in the simulation.

As Figure 4.36 shown, we given the SLR, How many “Saved/Lost + Punishment”

hours and Average Precision (AP) at different checkpoints. We keep blank blocks

on this table due to lack of enough positive instances for training or testing at that

checkpoint. As we expected, when the checkpoint is set to 1 hour, there are only 11

prediction models of HPC applications that can be trained. In other words, there

are more than 20 positive instances in each application (their req walltime are less

than 1 hour, and those jobs did not complete by their req walltime, which leads to

automatic termination by the HPC system after meeting the req walltime). When we
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Table 4.9: Simulation Result

Checkpoint (Hours)

1 Hour 3 Hours 6 Hours 12 Hours 24 Hours

SLR
Saved/lost+P

AP
SLR

Saved/lost+P
AP

SLR
Saved/lost+P

AP
SLR

Saved/lost+P
AP

SLR
Saved/lost+P

AP

0.051 0.418 0.105 0.426 0.02 0.442 0.05 0.649
Ab-Initio: PHASE

46.29/907.77 92.94/882.93 18.24/886.68 42.99/857.87

0.105 0.115 0.125 0.305 0.108 0.609
Bio: MEGADOCK

2636.48/25038 2233.76/17870.1 559.298/5166.71

0.015 0.408 0.005 0.271 0 0.387
CAE: CST MW-Studio

10.96/687.32 3.23/601.3 0.0/544.16

0.17 0.578 0.077 0.406 0.063 0.31
CAE: LS-DYNA

132.92/778.36 53.98/693.57 36.042/564.35

0.013 0.435 0.021 0.539 0.069 0.602 0.131 0.662
CFD: OpenFOAM

43.77/3229.53 65.43/3108.21 585.68/2949.63 351.64/2683.87

0.031 0.209 0.067 0.251 0.013 0.227
MATLAB

18.23/585.34 44.99/663.92 8.20/604.48

0.0015 0.133 0.101 0.221 0.031 0.311 0.08 0.476 0.0005 0.822
MD: AMBER

33.861/21414.5 2218.49/21925.1 656.63/21153.51 1730.49/21621.51 2.72/5308.06

0.106 0.325 0.011 0.428 0.011 0.449 0.0067 0.6
MD: GROMACS

11763.93/110002.1 1198.28/108059.8 1189.07/107085.7 718.5575/106270.6

0.121 0.229 0.088 0.244 0.066 0.284 0.028 0.831
MD: NAMD

792.79/6535.38 588.31/6682.53 454.45/6786.2 96.18/3336.7

0.054 0.228 0.05 0.278 0.144 0.551 0.139 0.684
MD: lammps

23.03/425.21 18.97/373.32 44.17/305.225 25.55/183.66

0.02 0.452 0.036 0.501 0.031 0.7 0.044 0.759
MPI

1742.88/86879.48 3072.77/83476.16 2468.84/79464.04 3188.04/72394.92

0.012 0.139 0.01 0.108 0.001 0.308 0.0003 0.394 3.56E-06 0.611
Python

943.71/76537.33 863.91/81109.89 124.28/62735.1 22.42/57618.27 0.16/47312.18

0.005 0.203 0.021 0.346 0.065 0.528 0.057 0.76
QM: Gaussian

51.16/10156.12 195.63/9292.76 570.61/8739.78 458.46/8022.27

0.02 0.485 0.088 0.695
QM: OpenMX

34.9/1745.79 102.11/1159.82

0.058 0.311 0.067 0.594 0.052 0.746
QM: Quantum Espresso

634.92/10920.55 705.09/10472.34 510.72/9712.11

0.066 0.508 0.076 0.518 0.103 0.758
QM: VASP

1009.86/15144.44 1130.54/14792.89 1412.49/13583.87

0.069 0.332 0.317 0.806 0.337 0.871 0.212 0.892
Vis: POV-RAY

25.108/363.71 104.79/330.5 95.54/283.055 42.055/198.11

0.014 0.493 0.05 0.577 0.035 0.708 0.022 0.791
WRF

73.19/5212.51 258.42/5132.26 180.79/5065.62 102/4494.12

set the checkpoint to 3 hours after jobs have executed, we can see that all applications

have achieved enough positive instances and all SLR are available. Comparing with

those applications which have already achieved SLR when the the checkpoint was

1 hour, except for “Python”, all SLRs have varying growth, which means that the

benefit of performing our prediction 3 hours after jobs have executed is higher than

performing it 1 hour after jobs have executed. This is despite taking 2 more hours

for job execution. Additionally, APs are also higher than they were at checkpoint 1

hour.
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Next, we respectively set the checkpoint to 6 hours, 12 hours and 24 hours after

jobs have executed. The SLR in most of those applications are around 0.05-0.12,

except for “Vis:POV-RAY”, where its SLR reach 0.337. Taking “Vis:POV-RAY” as

an example, the prediction model made a set of prediction results in this application

after jobs have executed in 6 hour. If we terminate all those TP jobs at that checkpoint

time (“Saved” time is calculated by the sum of TP job’s req walltime minus checkpoint

time) and sum up all “Saved” time , 95.54 hours will be saved. The sum of all “lost”

time (the sum of req walltime of positive jobs) and all “punishment” time (calculated

by the sum of the checkpoint times of FP jobs) at checkpoint 6 hour is 283.05 hours in

“Vis:POV-RAY”. The SLR (0.337) is calculated by “Saved” dividing the sum of the

“lost” and the “Punishment”, which can be considered as the approximate benefit of

using the prediction model. For most of HPC systems, saving job run time means

saving credits (money). Therefore, according to simulation result with the current

data, we can say that there are 95.54 hours that can be saved from 283.05 hours, if

we use our prediction model after jobs have executed in 6 hour in “Vis:POV-RAY”.

The higher the SLR, the higher the benefit of using our prediction model (the more

credits can be saved).

In general, we find that the SLR of some applications are going up, while some

are going down. Some of them achieve their best SLR when the checkpoint is set

to 3 hours; some others yield the best SLR when the checkpoint is set to 6 hours

or 12 hours (in fact, the best SLRs are in the gray background shown in Table 4.9).

For those best SLRs at different checkpoints, I believe it is due to imbalanced data

distribution of positive instances and negative instances. Apart from the SLR, the

trend of AP is increasing with increasing checkpoint time. This trend is not difficult

to explain, since the number of job instances in the training sets are increasing, and

number of job instances in the test sets are decreasing. What is more, when the

checkpoint is at 24 hours, we can see that some APs can reach up to 0.8 or higher.
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However, the SLRs have significantly dropped compared with the same applications

at earlier checkpoint times, due to the fact most run time-underestimated jobs have

completed by 24 hours in those applications. In other words, even if those on-going

jobs can be predicted with high APs 24 hours after jobs have executed, the actual

benefit at that time is not large. Obviously, based on the result of simulation, we

can also see that the SLR in some applications are very low, less than 0.05 no matter

where the checkpoint is (like Python, MPI, CAE:CST MW-Studio), I think the reason

is that there is a strong relationship between resource utilization and used walltime

in those applications, since the simulation split job data into training set and test set

with a checkpoint, so the prediction model trained with job data which finished in

the checkpoint cannot accurately predict those test jobs which are on-running at the

checkpoint in this simulation.

According to the results of our preliminary simulation, we conclude that our

prediction models are able to predict run time-underestimated jobs with different

accuracy at different checkpoints times. If we sum up the “Saved” time of all the

applications at checkpoints where they get their best SLRs, we can estimated that

our prediction model would save 24962 hours totally based on the result of our

preliminary simulation. This would help HPC users for saving time loss (and

financial loss) to a certain extent as long as they take appropriate action, such as

shutting down those suspicious run time-underestimated jobs in advance. In

addition, another benefit of using this prediction model is that it helps HPC system

administrators free up computing resources as much as possible when job run

time-underestimation occurs. Altogether, our machine learning-based prediction

model contributes to improving the overall productivity and efficiency of HPC

systems.

We have to state that this simulation with existing data can only approximately

reflect the estimated benefits of the prediction models, because we use the job data
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which finished in 3 (for example) hours as the substitute for simulating in-progress job

data collected at 3 hours after jobs have started, which cannot completely represent

the real in-progress job data. In the future work, for real online prediction in the

future, we need to collect real in-progress job data at different checkpoint times and

add those real in-progress data into corresponding training sets to re-train or transfer

learning our existing models. Moreover, the metric–SLR, which we proposed for

evaluating the benefit and economy of simulation can be used directly for evaluating

the benefit and economy of online prediction in the future.

4.9 Summary

In the previous chapter, we evaluated HPC application subsets with our models by

different metrics including AP and PRC. According to the evaluation results, we

conclude our work as follows:

Our study starts by observing and collecting basic information and task resource

utilization of HPC tasks as job logs on TSUBAME 2.5, using PBS and Ganglia. Then,

we process those unstructured time series data into structured data so that it can be

imported into traditional machine learning algorithms through features engineering

such as feature selection, label encoding and feature scaling. Supervised machine

learning algorithms (i.e., XGBoost and Random Forest) are applied to address this

binary classification problem (whether or not there is run time-underestimation).

We collect HPC job logs and use it to build prediction models for underestimation

of job run time on HPC systems, with state-of-the-art supervised machine learning

algorithms. We also introduce some evaluation metrics (AP, PRC) and a trade-off

function that show the relationship between Precision and Recall, which are more

fair and useful than metrics used in similar previous studies (such as overall accuracy,

precision, recall).
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We split the entire job dataset into subsets categorized with different HPC

application names. According to different applications and their models

performance, we analyzed the causes of the performance differences on applications

and also provide corresponding improvement measures for the future work.

Additionally, We plot precision and recall scores as a function of the threshold to

help select the threshold value that gets the best precision-recall trade-off for different

models and different purposes. And we also plot feature importance and decision trees

of these prediction models to reveal surprising hidden patterns between different HPC

applications, as well as different features on computing resource usage.

Finally, we design a simulation test to simulate in-progress job logs based on

existing data. Then, we purpose a metric-“SLR”, to approximately evaluate the

economy and benefit of our predicting model by use of the simulation test.

According to the results of our simulation, we can conclude that our prediction

models are able to predict run time-underestimated job with different accuracy at

different checkpoints time, which would benefit HPC users with saving time loss

(money loss) to a certain extent. Besides, using our prediction model also helps

HPC system to free up computing resources as much as possible when the job run

time-underestimation occurred. Altogether, our machine learning-based prediction

model contributes to improving the overall productivity and efficiency of the HPC

system. Dotted box in Figure 4.37 marks the contribution of this section.
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

In this thesis, we extend and strengthen the mutual benefit between HPC and Machine

Learning by bi-directional research exploration: speeding up Machine Learning with

HPC’s help, and benefiting the productivity and efficiency of HPC by use of Machine

Learning. Through our work, we extend the mutually beneficial bond between HPC

and Machine Learning to broader fields.

For improving the overall efficiency of Machine Learning with HPC, we

accelerate the feature extraction of bioacoustics data by employing a JIT compiler

technique, Numba, which implements automatic parallelisation and performs other

optimizations, as well as a GPU-accelerated library going by the principle of

modifying Python-based baseline as little as possible. With small modifications in

the baseline code of feature extraction, our optimized feature extraction yields

maximum 86x speedup over the baseline without losing programming efficiency. In

order to reduce the entire time cost of Machine Learning modeling for handcrafted

feature-based classification, we speed up the training of SSAE with a soft-max layer

for bird sounds classification by use of HPC hardware and software. Our experiment
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shows that using GPUs (K20, P100) results in up to 10x speed-up compared to

CPU when training with different feature dimensions of bird sounds.

For helping HPC by improving the overall productivity and efficiency of HPC

systems with Machine Learning, we propose a Machine Learning based data-driven

approach to predict run time-underestimated jobs in HPC systems by learning

complex hidden patterns between different HPC applications and different features

of computing resource usage, as well as user behavior from job logs. The experiment

results show that our prediction models are able to predict run time-underestimated

jobs with different accuracy at different checkpoints times in HPC systems, which

would benefit HPC users by reducing time and monetary loss. It also helps HPC

systems free up computing resources to a certain extent and allows users and

administrators take the appropriate action (to terminate those on-going jobs that

are predicted to be run time-underestimated). In a word, our Machine

Learning-based prediction model would be able to improve the overall productivity

and efficiency of the HPC system. In the preliminary simulation, we evaluate

benefits of the prediction model with a metric named SLR, most of SLRs are around

0.05-0.12, 0.337 is the best one. If we set the checkpoints for different applications to

their best points, we can estimate that our prediction model would save 24962 hours

totally based on the result of preliminary simulation from the existing database.

All in all, in this thesis, we perform the bi-directional research exploration

between HPC and Machine Learning as Figure 5.1 showing: speeding up Machine

Learning with HPCs help; benefiting the productivity and efficiency of HPC by use

of Machine Learning. Through our three use cases, we can clearly conclude that

HPC hardware and software approaches are able to supply powerful computing

resource for acceleration and scaling of Machine Learning. Meanwhile, Machine

Learning can benefit HPC in improving the overall productivity, efficiency and etc..
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This is the role of interaction between HPC and Machine Learning: mutual benefit

and promotion.

5.2 Future Work

In the future, for the feature engineering, we would like to add more simple features

such as resource usages of I/O, network communication between nodes, the mean,

maximum/minimum values, standard deviation of all resource usages.

Adding some advanced features like functional, wavelet and timefrequency analysis

which are some kinds of techniques used to signal processing, so we can apply those

techniques to our research in the same way as to signal processing. More features can

be extracted from raw computing resource usages data by applying those techniques.

Other very important feature, the Command Lines. As we mentioned at the

Chapter 2, command Lines (job scripts) are used for job submitting or job states
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checking in HPC system. Job scripts contain important information about packages

dependencies, program parameters and etc. which will greatly affect the efficiency

and execution time of jobs. Unfortunately, job scripts have not been recording and

saving on TSUBAME 2.5. For the future work, there are some preliminary ideas

about analysing and utilizing job scripts to build prediction models for abnormal

detection, fault tolerance, job execution time prediction, performance prediction and

so on, if we start to keep job scripts on TSUBAME 3.0.

The preliminary idea is using NLP techniques like bag-of-words model [113] and

Word-to-vector [114] to extract features from hidden information in job scripts.

Bag-of-words model: The bag-of-words method can extract the most common

type of characteristics or features such as term frequency, namely, the number of

times a term appears from raw data.

Word-to-vector: It is a group of related models that are used to produce word

embeddings from raw text. This method convert input raw data into a vector space

which can characterize potential patterns of job scripts. Both of these methods can

generate new feature sets. When generated features using bag-of-words model and

Word-to-vector from job scripts are available, we combine those new features with

the previously features we used in this research and to train new prediction models.

These models trained with new features can achieve better results theoretically.

End-to-end with RNN: M Wyatt etc. propose to use CNN to process job script

[115]. It is a very great idea that using Deep neural networks to train models,

however we doubt that how many features or how many important information can

be preserved in job scripts after transforming to images? We think that there are

suitable choices such as RNN [14] and LSTM [116]. In work [117] [118], feeding raw

time series data to RNN and LSTM and training classification models for prediction

events has achieves good results. we would like to train end-to-to RNN and LSTM
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for processing raw time series data of computing resource usages and predict job run

time underesimation or abnormal detection in HPC system.
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Appendix A

Appendix

A.1 Figures
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Figure A.1: Precision and Recall as Function of Threshold by XGBoost (Left) and
Random Forest (Right) for Different Applications
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