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Abstract

Since the early 2000s, the studies about ribonucleic acid (RNA) have come

to a new turning point. As a result of the human genome project (HGP), only

few percentage of genes are translated into proteins. From the other non-coding

genes, many non-coding functional RNAs participate in various gene expres-

sion process. The researches of these functional RNAs, for example miRNA

interaction, have advanced with the breakthrough in computer technology in

the era of the big data.

In terms of volume and scale, the accumulated sequences and structures

of RNA and their interactions can be treated from the viewpoint of big data.

Thus, we expect the RNA analysis to be further improved by applying various

techniques for large-scale processing on the scale of the data. In this thesis, we

propose to building RNA interaction prediction database, structure compar-

ison, and analysis. Additionally, we also propose a distributed framework for

deep learning which is emerging as a new kind of approach for RNA analysis.

First, we build an integrated database for interactions between viral mi-

croRNA and host target genome. Many studies have reported on the interac-

tions between autologous miRNAs and mRNAs for several species, however

there has been no exploration of the interaction of viruses with their hosts. We

predicted the interactions between miRNAs of the virus and the host mRNA

using a variety of algorithms and constructed the computed results into a large-

scale database, enabling rapid search and comparison. The second problem is

about structures of RNA. We propose an online tool to quantify and analyze



the pairings on the RNA structure obtained through chemical methods in-

stead of the physical method that requires high cost. In addition, we proposed

a tree kernel based distance metric for RNA structures, and compared the tree-

based distance measure methods that compare the known structure, and show

that it assists classifiers in classifying the RNA structure by category. Finally,

we propose the distributed deep learning framework for supporting RNA se-

quence comparison and identification. We propose an communication efficient

algorithm and implementation for training deep neural networks with data

parallelism in Apache Spark based commodity system, and show the speed-up

by the results of image classification and sequence-to-sequence examples.

Keywords: RNA sequence, bioinformatics, large-scale data processing,

database, machine learning, deep learning, parallel computing, distributed

computing
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Chapter 1

Introduction

RNAs have been shown to be related to a number of biochemical mechanisms,

and many scientists and researchers have focused on RNAs and its interaction.

Historically, RNAs have been considered that they just play a role of trans-

lation in the central dogma [20]. In detail, messenger RNA (mRNA), transfer

RNA (tRNA), and ribosomal RNA (rRNA) have been known to participate in

the protein translation. However, the discovery of non-coding functional RNAs

such as microRNAs has opened up a new horizon for the RNA world. Although

non-coding RNAs are not translated into protein directly, their genes comprise

large proportion of the entire genes [25].

These non-coding functional RNAs perform various functions, such as sup-

pressing or regulating gene expression, or splicing RNA molecules. Even in

some viruses, RNAs are used as the genetic material itself. Similar to the

proteins, these functional RNAs’ structure implies the function of that RNA.

Accordingly, we can approach to the true function of the functional RNAs

closer by exploring its structure. Furthermore, we also infer the regulating

function of an non-coding RNA from the interaction between the RNA and its
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target whose function is well known. Consequently, the functions of non-coding

RNAs are identified by exploring its structure or interaction with the other

molecules. However, both of work are hard to achieve only by the traditional

wet-lab experiments.

Among the non-coding functional RNAs, microRNAs (miRNAs) have drawn

attention with the notable regulating mechanism [60, 85, 59, 57, 56]. miRNAs

are small (19—24 nt in length) non-coding RNAs that down-regulate gene

expression by binding to the 30 untranslated region (3′) of the target mRNA

bearing complementary target sequences [5]. MiRNAs have been reported to

control a wide range of biological processes such as hematopoiesis [13], neu-

rogenesis [66], cell cycle control [29], and oncogenesis [42], indicating that

miRNAs are core elements of the complete gene regulatory network, together

with transcription factors. Because of a large number of combinations between

miRNAs and its targets, predicting the interaction requires a lot of time and

financial costs. Many computational methods have been suggested to screen

the false positive RNA-RNA interactions [34, 38, 48, 62, 61, 73, 29, 28, 82, 94].

Some of these tools also provide its own large-scale interaction databases to

store and search a large amount of predicting results easily, and the databases

aid the wet-lab process in selecting target to be experimented.

This dissertation shows an example of building the integrated interac-

tion database by proposing viral microRNA host target (vHoT) database

in chapter 2. Some viruses have been reported to transcribe microRNAs,

implying complex relationships between the host and the pathogen at the

post-transcriptional level through microRNAs in virus-infected cells. Although

many computational algorithms have been developed for microRNA target

prediction, few have been designed exclusively to find cellular or viral mRNA
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targets of viral microRNAs in a user-friendly manner. To address this, we in-

troduce vHoT database for predicting interspecies interactions between viral

microRNA and host genomes. Our database supports target prediction of viral

microRNAs from human, mouse, rat, rhesus monkey, cow, and virus genomes.

The contents of this chapter come from the following research:

• Hanjoo Kim, Seunghyun Park, Hyeyoung Min, and Sungroh Yoon, “vHoT:

a database for predicting inter-species interactions between viral mi-

croRNA and host genomes,” Archives of Virology, vol. 157, no. 3, pp.

497-501, March 2012.

Meanwhile, structural investigations for RNA molecules is also important

for exploring the functional RNA world as well as predicting interactions. In

chapter 3, we describe HiTRACE-web method theAlthough x-ray crystallog-

raphy and nuclear magnetic resonance (NMR) spectrography have provided

high resolution result, these approaches require high cost of experiments, and

are limited by physical and chemical properties of RNAs [22]. Instead of the

high-resolution approaches, the chemical methods was developed for prob-

ing RNA structure in vivo situation. In the chemical probing methods, cap-

illary electrophoresis (CE) is one of the key techniques, and further provides

a powerful and rapid means to map complex DNA and RNA structures at

single-nucleotide resolution [101]. To facilitate the analysis of large-scale high

throughput capillary electrophoresis data, we previously proposed a suite of

efficient analysis software named HiTRACE (High Throughput Robust Anal-

ysis of Capillary Electrophoresis) [107]. HiTRACE has been used extensively

for quantitating data from RNA and DNA structure mapping experiments, in-

cluding mutate-and-map contact inference, chromatin footprinting, the Eterna

RNA design project and other high-throughput applications. However, Hi-
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TRACE is based on a suite of command-line MATLAB scripts that requires

nontrivial efforts to learn, use and extend. Here, we present HiTRACE-Web, an

online version of HiTRACE that includes standard features previously avail-

able in the command-line version and additional features such as automated

band annotation and flexible adjustment of annotations, all via a user-friendly

environment. By making use of parallelization, the on-line workflow is also

faster than software implementations available to most users on their local

computers.

In addition, a function of an RNA has a certain correlation with other bi-

ological molecules which has a similar structure to that RNA. In this regard,

the comparative analysis is useful for comparing the structures and functions

of RNAs with each other. The secondary structure of RNA can be represented

in a tree form, and it is thus possible to calculate the (dis)similarity among

RNAs in their tree representations. Using the pairwise (dis)similarity infor-

mation, we can carry out further analyses, such as predicting the unknown

function of RNA which has similar structure to a known RNA, or cluster-

ing RNA structures for unsupervised learning. In chapter 4, we calculate the

(dis)similarity among test RNA structures sampled from real RNA data by

using five different tree-based algorithms and a special type of the Mercer ker-

nel, effectively bypassing difficulties in handling RNAs of different lengths and

structures. We then use the k-nearest neighbor (k-NN) classifier to compare

the performance of the tested algorithms in terms of classification accuracy.

We also use the 5-fold cross validation method to compare the fidelity of pre-

dicting labels of the RNA test data for each algorithm.

The contents of chapter 3and4 come from the following researches:

• Hanjoo Kim, Pablo Cordero, Rhiju Das, and Sungroh Yoon, “HiTRACE-
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Web: an online tool for robust analysis of high-throughput capillary elec-

trophoresis,” Nucleic Acids Research, vol. 41, no. W1, pp. W492-498,

July 2013.

• Hanjoo Kim, Sungwoon Choi, Chulwoo Kim, and Sungroh Yoon, “Tree-

based comparison and classification of RNA secondary structure,” in

Proceedings of the 28th International Technical Conference on Circuits/

Systems, Computers and Communications, Yeosu, Korea, July 2013.

Finally, we introduce deep learning platform which is capable of processing

large-scale RNA sequence analysis. Deep models such as convolutional neural

network (CNN) and recurrent neural network (RNN) have been successful in

the biological sequence analysis [72]. Some previous studies have shown that

RNN based models performs miRNA identification and its target prediction

better than the alternatives [58, 80]. In the perspective of size and volume,

RNA sequence and its structural information can be treated as big data al-

ready, and the amount of the data and computation continues to grow daily.

Hence a distributed deep learning system that shares the training workload

has been researched extensively.

However, combining deep neural network training with existing clusters

often demands additional hardware and migration between different cluster

frameworks or libraries, which is highly inefficient. Therefore, we propose a

distributed deep learning framework which integrates the widely used data

pipeline of Apache Spark with powerful deep learning libraries, Caffe and

TensorFlow. Our framework embraces a brand-new parameter aggregation al-

gorithm and parallel asynchronous parameter managing schemes to relieve

communication discrepancies and overhead. It provides the fast and flexible
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deep neural network training with high accessibility. We evaluated our pro-

posed framework with CNN and RNN models; the framework reduces network

traffic by 67% with faster convergence. The contents of chapter 5 come from

the following researches:

• Hanjoo Kim, Jaehong Park, Jaehee Jang, and Sungroh Yoon, “DeepSpark:

Spark-Based Deep Learning Supporting Asynchronous Updates and Caffe

Compatibility,” arXiv:1602.08191v2 [cs.LG], Februaray 2016.

To summarize, we provide descriptions of building a large scale database

for miRNA-mRNA interactions in Chapter 2. Subsequently, we explain the

detail about the structural exploration through chemical probing and compu-

tational approaches in Chapter 3, and the comparative analysis with existing

structural information and functions in Chapter 4. In addition, we describe

the distributed deep learning framework in Chapter 5.
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Chapter 2

Building a database for RNA

interactions

2.1 Background

Since the fundamental role of miRNA is gene regulation, the final goal of func-

tional research on miRNA is often to find cognate targets of the miRNA, to

elucidate the regulatory mechanism mediated by the miRNA, and to charac-

terize its interactions with the target mRNA. To this end, many target predic-

tion methods [34, 38, 48, 62, 61, 73] have been developed and have provided

valuable tools for predicting the candidate targets of the miRNA of interest be-

fore wet-lab experiments are initiated for mechanism studies. However, those

informatics tools are limited to predicting intra-species interactions between

miRNA and mRNA targets in vertebrates and some lower animals such as flies

and worms. Little has been done to predict interspecies interactions and espe-

cially to find the interactions between host targets and miRNAs of parasites

such as viruses.
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A number of viruses (mostly DNA viruses) have been shown to encode

miRNAs [29, 28, 82, 94], and it is intriguing to see the effects of viral miRNAs

on viral pathogenesis. Viral miRNAs have some distinct features compared

to conventional miRNAs. Although most animal miRNAs down-regulate gene

expression through incomplete binding to target sequences that is not accom-

panied by target cleavage, some virus-encoded miRNAs such as miR-BART2

from Epstein-Barr virus (EBV) have been shown to act in an siRNA-like man-

ner [82]. In addition, in contrast to common cellular miRNA-mRNA interac-

tions, there exist complex relationships between miRNAs and mRNA targets

in virus-infected host cells, because infected cells possess two different (i.e.,

host and viral) genomes. Cellular miRNAs may affect the expression of viral

mRNA targets as well as cellular targets, and similarly, viral miRNAs may

inhibit the expression of host mRNAs and virus mRNAs. In other words,

two additional interspecies interactions, namely the interaction between viral

miRNA and host mRNA, and the interaction between host miRNA and viral

mRNA, are present in virus-infected host cells. These interspecies interactions

are critical for understanding the life cycle of a virus and its pathogenesis. Ad-

ditionally, given that there are examples of viral miRNAs whose target regions

are present not in the 3′ UTR but in the coding region [29], the 5′ UTR and

coding sequences as well as the 3′ UTR need to be considered when putative

mRNA targets are computationally predicted.

Although many computational algorithms have been developed to predict

candidate miRNA targets, few have been designed exclusively to find cellular

or viral mRNA targets of viral miRNAs. Recently, two computational meth-

ods, Reptar [55] and miRiam [26], have been developed to predict host mRNA

targets of viral miRNAs, but there are limitations to using those tools in a vi-
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ral miRNA study. miRiam is not based on a user-friendly web application but

instead requires the Python interpreter to run the program, and thus, users

who are unfamiliar with Python may not have easy access to this method.

RepTar has been reported to predict putative cellular targets of viral miR-

NAs, but queries are limited to viral miRNAs derived from Epstein-Barr virus

(EBV), human cytomegalovirus (HCMV), Kaposi’s sarcoma virus (KSHV),

mouse cytomegalovirus (MCMV), and mouse gammaherpesvirus (MGHV).

2.2 Method

To address these limitations of the existing approaches, we introduce the vi-

ral miRNA host target (vHoT) database, a web-based tool that can search

for mRNA targets of viral miRNAs. The vHoT database allows interspecies

analysis and can thus be used to predict both cellular mRNA targets and

viral mRNA targets of virus-derived miRNAs. The current version of vHoT

can predict the targets of 271 viral miRNAs within the human, mouse, rat,

rhesus monkey, cow, and virus genomes. Either a user-specified set of genes

or the whole genome of an organism can be used for prediction. Five widely

used algorithms that are known to be relatively accurate for target prediction,

TargetScan [62, 61], miRanda [43, 7], RNAhybrid [84], DIANA-microT [48, 68]

and PITA [45], were customized and used as the search engines of vHoT, and

the user can specify the key parameters of these algorithms to fine-tune search

results. Several aspects of the internal database and the user interface of vHoT

were optimized to maximize the operational efficiency as well as the quality

of the user experience.

Figure 2.1 shows the overall architecture of the proposed vHoT database.
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running
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Figure 2.2: Target-prediction algorithms and their prediction principles. (A)
TargetScan predicts miRNA targets by searching for conserved sites that
match the miRNA seed region (nucleotides 2–7). Shown are miRNA has-miR-
18b and its LIN28 target. (B) miRanda relies on three key prediction prin-
ciples, namely sequence complementarity, the free energy of an RNA-RNA
duplex and conservation of target sites in related genomes. Shown are con-
served miRNAs has-miR-194 and mus-miR-194 and their targets Hs FMR1
and Mm Fmr1. (C) RNAhybrid predicts miRNA targets by finding the mini-
mum free energy (MFE) of hybridization of miRNA-mRNA duplexes. Shown
are miRNA cel-let-7 and its target lin-14, which form a duplex with an MFE
of -29.0 kcal/mol
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It takes three types of sequences as input: viral miRNA sequences; human,

mouse, rat, rhesus monkey, and cow 3′ UTR sequences; and viral gene se-

quences. For the current release of vHoT, we obtained a total of 271 viral

miRNA sequences from release 15 of miRBase [30, 31, 32, 33]. For human and

mouse, we downloaded approximately 89,530 mRNA 3′ UTR sequences from

the TargetScan web site (release 5.1). We also utilized 20 viral genes available

in the 2006 release of the ViTa database[38]. As the prediction engine of vHoT,

we customized five widely used miRNA target prediction tools: TargetScan,

miRanda, RNAhybrid, DIANAmicroT and PITA. When making a decision

on which tools to use, we considered various aspects of the tool, such as its

quality of prediction, how well it is maintained, the ease of data extraction

and customization, and its popularity and acceptance in the community.

The target prediction algorithms and their prediction principles are de-

picted in Figure 2.2. TargetScan is software to predict miRNA targets by

searching for conserved sites that match the miRNA seed region. As of June

2011, the TargetScan database lists 3,088 miRNAs and 410,320 mRNA 3′

UTR sequences for 10 species. miRanda utilizes three key principles, namely

sequence complementarity, the free energy of an RNA-RNA duplex, and con-

servation of target sites in related genomes. As of October 2011, miRanda

provides 851 human, 793 mouse and 698 rat miRNAs and many more miR-

NAs derived from 19 species other than viruses. RNAhybrid predicts miRNA

targets by finding the minimum free energy (MFE) of hybridization of miRNA-

mRNA duplexes. RNAhybrid was originally developed as an extension of an

RNA secondary structure prediction algorithm called BiBiServ RNA Stu-

dio [87]. DIANA-microT uses a 38-nt window for progressively scanning 3′

UTRs of candidate targets and calculates the minimum binding energy of
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miRNA-target duplexes by dynamic programming. DIANA-microT has been

reported to have high precision levels greater than 66% [88]. PITA employs

a parameter-free interaction model that computes the difference between the

free energy of a miRNA-target duplex and the energetic cost of unpairing the

target for making it accessible to the miRNA. PITA demonstrates that target

accessibility is key in miRNA function.

2.3 Implementation

For implementation, there are two phases in vHoT, as depicted in Figure 1:

the pre-computation and on-demand phases. The pre-computation phase oc-

curs during the initial development of the database, or whenever updates for

prediction algorithms become available. We first appropriately preprocess the

three types of input sequences mentioned above so that the five prediction

tools used can take them as input. Using the preprocessed sequence infor-

mation, we then execute the five miRNA target prediction tools. To provide

the user of vHoT with near-real-time response we compute a vast number of

search results for each prediction software in advance and insert them into the

MySQL database management system [6]. For efficient insertion, we can use

the low-level IO functionality of MySQL and/or the database interface (DBI)

module of the PERL language [11]. As a database engine, we employ the My-

ISAM storage engine, which is optimized for read-dominant applications such

as vHoT, over the InnoDB engine [110].

The activities in the on-demand phase occur when the database is up and

running. The user can issue a query after customizing it with various search

options and conditions that vHoT supports. For instance, the user can adjust
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the parameters of individual prediction tools and decide whether to use the

union or intersection operation to combine the results from individual tools.

According to the user-specified filtering conditions and parameters, vHoT

then creates a set of intermediate tables from the pre-computed results and

processes these tables to generate the search result. To highlight the most

important findings for the user, vHoT supports various options to rank the

search result. Further details on vHoT can be found on the website (http:

//dsl.snu.ac.kr/vhot/).

The identification of miRNAs from viruses brought in a new layer of

gene regulation affecting virus-host interactions. Many reports have shown

that viruses use miRNAs to regulate their life cycles and evade host immune

surveillance [86], but studies on viral miRNAs still lag behind those on human

miRNAs or mouse miRNAs. With the development of vHoT, we expect that

researchers investigating viral miRNAs will find it much easier to search for

putative cellular and viral targets of their viral miRNAs of interest. We fur-

ther anticipate that vHoT will contribute to elucidating the mechanism of viral

pathogenesis by revealing interactions between miRNAs and cellular mRNAs.

One limitation of the current version of vHoT is the number of species sup-

ported: vHoT considers humans, mice, rats, rhesus monkeys, cows and viruses

as target species. The next release of vHoT will include more species, enabling

the analysis of host-specific interspecies interactions of viruses with more types

of host genomes.

For user convenience, it would also be possible to highlight among the

search results the experimentally validated targets of viral miRNAs by uti-

lizing the information available in the TarBase 5.0 [89] and miRecords [106]

databases.
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Chapter 3

Structural analysis pipeline

for RNA structures

3.1 Background

Capillary electrophoresis (CE) is one of the most powerful and widely used

nucleic acid separation techniques available [102]. Its conventional application

areas include genomic mapping, forensic identification, and genome sequenc-

ing [67, 105]. Recently combined with chemical probing methodologies, CE

further provides a powerful and rapid means to map complex DNA and RNA

structures at single-nucleotide resolution [101].

In chemical-probing-based RNA structure inference studies, a chemical

reagent modifies the RNA of interest, either cleaving it or forming a cova-

lent adduct with it. Commonly used reagents include hydroxyl radicals [22, 46],

dimethyl sulfate alkylation (DMS) [93], carbodiimide modification (CMCT) [97],

and the SHAPE strategy using 2′-OH acylation [71]. Subsequent reverse tran-

scription detects the modification sites as stops to primer extension at nu-
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cleotide resolution. Traditionally, the resulting cDNA fragments were resolved

in sequencing gels followed by individually quantifying band intensities. To

resolve these fragments in a high-throughput fashion, capillary electrophoresis

(CE) can be used. CE-based chemical probing can produce tens of thousands

of individual electrophoretic bands from a single experiment, leading to re-

cent breakthroughs in high-throughput nucleic acid structure mapping: e.g.,

automated inference of complex RNA structures [101, 74, 95, 21, 50] such as

ribosomes [24], and viruses [104, 100].

Analyzing a large number of electrophoretic traces from a high-throughput

structure-mapping experiment is time-consuming and poses a significant in-

formatics challenge. It requires a set of robust signal-processing algorithms for

accurate quantification of the structural information embedded in the noisy

traces. Current software methods for CE analysis include capillary automated

footprinting analysis (CAFA) [74], ShapeFinder [95], high-throughput robust

analysis for capillary electrophoresis (HiTRACE) [107], fast analysis of SHAPE

traces (FAST) [79], and QuShape [44]. The most recent of these methods have

largely converged on the basic steps of analysis: preprocessing (such as selec-

tion of the data-containing range and baseline adjustment), deconvolution of

co-loaded mapping signal traces and reference traces, alignment, peak detec-

tion, band annotation, peak fitting, signal decay and background subtraction.

Although these programs are all useful for semi-automated CE data analy-

sis, they suffer from certain limitations. CAFA has effective peak fitting capa-

bilities but lacks alignment and annotation features, thus necessitating labori-

ous efforts for analyzing multiple capillaries. ShapeFinder and QuShape pro-

vide sophisticated signal alignment, annotation, and peak fitting capabilities,

but have limited cross-capillary analysis capabilities, making these tools less
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efficient for analyzing data from large-scale experiments involving hundreds

of capillaries. FAST is highly optimized for rapid band annotation but relies

on the proprietary ABI utility programs, which has made it difficult to cus-

tomize and extend to various experimental scenarios. HiTRACE is feature-rich

and has been extensively used for high-throughput structure mapping stud-

ies such as the mutate-and-map strategy [50, 49, 51], chromatin footprinting,

and the massively parallel RNA design project EteRNA [8]. However, Hi-

TRACE is a suite of command-line MATLAB scripts that requires nontrivial

efforts to learn, use, and extend, and a purchased license (The MathWorks,

http://www.mathworks.com).

HiTRACE-Web is based on the HiTRACE workflow and thus inherits all

of its core functionalities for high-throughput CE analysis. Going one step

further, HiTRACE-Web provides an integrated and interactive on-line inter-

face. In addition to the standard features previously available, HiTRACE-Web

presents additional features such as automated band annotation and adjust-

ment. By making use of powerful multi-core server processors, HiTRACE-

Web also runs faster than the previous off-line implementations available to

most users on their local computers. To the best of the authors’ knowledge,

HiTRACE-Web is the first on-line tool for high-throughput CE data analysis.

3.2 Method overview

HiTRACE-Web takes as input a set of nucleic acid structure mapping profiles

obtained from a number of capillaries. A profile represents the intensity of a

nucleic acid sample in a capillary as a function of electrophoretic time. The

peaks in a profile appear as bands in a gray-scale image. Band/peak locations
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Figure 3.1: Flowchart of HiTRACE-Web analysis pipeline.
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represent individual residues of a nucleic acid sequence. Commonly used ABI

sequencers (Life Technologies Corporation, Carlsbad, USA) can separate the

products of hundreds of nucleotides, and we assume that each CE profile con-

tains hundreds of bands. The final output of HiTRACE-Web is a set of aligned

and annotated profiles with quantified band areas in text and image formats.

To deliver the output, HiTRACE-Web works in multiple stages interleaved

with user checkpoints: preprocessing, profile alignment, band annotation, peak

fitting and quantification.

Figure 3.1 shows the flowchart of the analysis pipeline. Each of the steps

marked with an asterisk corresponds to a tab in the web server implementa-

tion. The first stage is preprocessing in which the user can confirm or refine

the signal and the reference channels, proper data regions for analysis, and the

correction of constant baselines. HiTRACE-Web carries out profile alignment

in the second stage. Both linear (for within-batch and between-batch align-

ment) and piece-wise-linear alignment is performed. After alignment, the user

can check the intermediate result, provide sequence and structure information,

and specify types of chemical reagents in the third stage. In the next stage,

HiTRACE-Web provides an automated band annotation functionality, which

allows users to complete initial assignments of hundreds of bands in hundreds

of profiles in the order of seconds. HiTRACE-Web then performs peak fitting

to approximate a profile as a sum of Gaussian curves.

In preprocessing, the user needs to provide information on capillary channel

compositions. To facilitate the analysis process, it is common in typical CE

experiments to co-load samples with a reference ladder which fluoresces in a

different color. Multiple spectral channels thus exist in each capillary, and the

user should specify which channels contain the structure mapping signal and
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the reference (typically a ladder) (Step A.1).

The next step in preprocessing is to select the range of analysis, since typi-

cal profiles carry information only within a subset of the entire electrophoresis

run. HiTRACE-Web utilizes edge-detection techniques [12] to select proper

regions for further analysis automatically (Step A.2). It is also possible for the

user to set the region manually. HiTRACE-Web then carries out a series of

additional preprocessing operations on the selected region of capillaries such

as adjustment of constant baseline (Step A.3). More details of the preprocess-

ing operations can be found in [107]. The second stage in HiTRACE-Web is

alignment. Profiles need to be aligned to each other because the products in

different capillaries are subject to slightly different electrophoretic conditions

and their detection times are then shifted and scaled compared to each other.

Due to the finite number of capillaries an ABI sequencer can handle at a time

(e.g., 96 for ABI3730), CE experiments using hundreds of capillaries consist

of multiple batches. We designate the first capillary in each batch as the refer-

ence and use it for within-batch alignment. There, we align each profile to the

reference by finding the optimal shift and scaling amounts that maximize its

correlation to the reference (part of Step B.1). After the within-batch align-

ment, we carry out additional alignment procedures: between-batch adjust-

ment for global alignment (part of Step B.1), adjustment of smooth baseline

(Step B.2), and dynamic-programming-based piece-wise-linear alignment for

fine-tuning local disagreements [107] (Step B.3).

After alignment, the user checks intermediate results (Step C.1) and spec-

ifies the sequence probed and the type of chemical modifications applied to

each capillary (Step C.2). The user can currently select among nine options:

three types of chemical reagents (DMS, CMCT, and SHAPE), four types of
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dideoxynucleotides (ddGTP, ddATP, ddTTP, and ddCTP), no modification,

or other. HiTRACE-Web provides a convenient and intuitive graphical inter-

face for selecting signal and reference channels and specifying capillary mod-

ification types. This specification provides HiTRACE-Web with information

on where bands should appear in the data, e.g., primarily at A and C posi-

tions for DMS modification of RNA data [18], and with annotations carried

forward to the final result files (see below). Following the profile alignment

is the band annotation procedure (Step D.1), which refers to the process of

mapping each band in an electrophoretic profile to a position in the nucleic

acid sequence. For verification, visual inspection of band annotation results is

normally inevitable to certain extent, but the manual band annotation step

takes significant human efforts when there are a large number of profiles.

To address this issue, HiTRACE-Web provides an automated band annota-

tion functionality, which allows users to complete initial assignments of hun-

dreds of bands in hundreds of profiles in the order of seconds. More details

of the automated band assignment algorithm are beyond the scope of this

server-focused chapter and will be described elsewhere. HiTRACE-Web also

provides an interactive interface to adjust the band annotation manually so

that users can correct any suboptimal assignment they find. In the last stage,

HiTRACE-Web performs peak fitting (Step D.2) to approximate a profile as

a sum of Gaussian curves, each of which is centered at the intensity peak

location. The peak amplitudes are selected in the least-squares sense by us-

ing a standard optimization technique, thus minimizing the deviations of the

Gaussian model from the CE profiles [107]. As the final output, HiTRACE-

Web reports the peak quantification results including the area and location

of each band and exports data annotations, sequence, and structure to an
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RNA data (RDAT) formatted file [19]. The RDAT file can then be submitted

to the RNA Mapping Database (RMDB) repository for data sharing (http:

//rmdb.stanford.edu/submit) or structure server for secondary structure

model estimation (http://rmdb.stanford.edu/structureserver) [19], and

links to these tools are provided.

HiTRACE-web leaves correction for attenuation of band intensity for longer

products (‘signal decay’), background subtraction, and final normalization to

the user. These post-processing tasks are carried out differently by indepen-

dent groups who have made distinct ad hoc assumptions [44, 52, 3], and indeed

these tasks are left out of some applications, such as the mutate-and-map

technique [51], due to the introduction of noise. Robust experimental and

computational approaches for post-processing chemical mapping data are in

development (T. Mann, PC, RD, in prep.), as are additional features includ-

ing secondary structure display and error estimation in automatic sequence

assignment. Inclusion into HiTRACE-Web will allow these advances to be

disseminated rapidly to the RNA structure mapping community.

3.3 Web server

The HiTRACE-Web server utilizes the Apache HTTP Server (The Apache

Software Foundation, http://httpd.apache.org/) for basic web services and

the MySQL Server (Oracle Corporation, http://www.mysql.com/) for inter-

nal data management. For client-side programming, we used CodeIgniter (El-

lisLab, http://ellislab.com/codeigniter), an open-source web application

framework, and coded the web pages in PHP (The PhP Group, http://php.

net/) and JavaScript (Mozilla Foundation, https://developer.mozilla.
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Figure 3.2: Overview of data analysis using HiTRACE-Web.
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org/en/docs/JavaScript) with jQuery (The jQuery Foundation, http://

jquery.com/) and jQuery user-interface (UI) plugins. Interactive UI compo-

nents also use the canvas elements defined in the HTML5 standard (World

WideWeb Consortium, http://www.w3.org/TR/html5/). We used Ajax (http:

//en.wikipedia.org/wiki/Ajax_(programming)) for asynchronous data trans-

fers between the client and server sides. On the server side, we used Gearman

(http://gearman.org), an open-source application framework, to schedule

multiple requests. Each user request is handled by a worker written in PHP.

The worker creates template code in MATLAB that contains input parameters

and links to the user data. The worker also forks the MATLAB interpreter

so that it can execute the template code. Most of the time-consuming opera-

tions are multi-threaded, and the current HiTRACE-Web server runs on a 48-

core machine (four on-board AMD Opteron 6172 processors with 256GB main

memory; Ubuntu Linux version 3.2.0-29). In this environment, processing 52

capillaries (with 60 bands per capillary) takes a few minutes including manual

adjustments. HiTRACE-Web supports most of the widely used web browsers

including Google Chrome (Version 25.0 or later; http://www.google.com/

chrome/), Mozilla Firefox (Version 19.0 or later; http://www.mozilla.org/),

Apple Safari (Version 6.0 or later; http://www.apple.com/safari/), and Mi-

crosoft Internet Explorer (Version 9.0 or later; http://windows.microsoft.

com).

Figure 3.2 1 explains the overall flow of CE data analysis using HiTRACE-
1(A) Users can select the reference and signal channels using the graphical interface.

(B) HiTRACE-Web provides a feature to select the valid region of interest automatically.
Alternatively, users can set the range manually. The red rectangles in the figure represent
the regions of interest. (C) Before advancing to the next step, HiTRACE-Web provides a
snapshot of intermediate results, so that the user can go over the previous steps if needed. (D)
HiTRACE-Web provides an intuitive graphical interface to specify the chemical modifications
made to capillaries. For each of them, the user can select among nine color-coded options:
three chemical reagents (dimethyl sulfate alkylation (DMS) [93], carbodiimide modification
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Web. The input file is a zip-compressed collection of .ab1 or .fsa files from

ABI sequencers in the ABIF file format. If there are multiple batches, each

batch should be presented in a subfolder, as is the typical output from ABI se-

quencers. After uploading the input file, the user needs to specify the signal and

reference channels. HiTRACE-Web provides a graphical interface for channel

selection (Figure 3.2A). Next, the region of interest is specified either manually

or automatically (Figure 3.2B). HiTRACE-Web then carries out the alignment

of the profiles in the selected region, following the procedures outlined previ-

ously. The user can visually inspect the intermediate result after alignment

(Figure 3.2C) and go over the previous stages if needed. If satisfactory, the

user can start specifying the type of chemical modification data present in each

capillary using the graphical interface HiTRACE-Web provides (Figure 3.2D).

The user can then perform band annotation (Figure 3.2E). HiTRACE-Web

permits either manual or automated band annotation; in practice, both types

of annotations complement each other: performing automated band annotation

first and then adjusting the result manually allows a large number of bands

to be annotated quickly and robustly. After band annotation, HiTRACE-Web

carries out peak fitting and quantification. The results are provided as down-

loadable images (Figure 3.2F), tab-delimited text files (with quantified areas;

one column per capillary and one row per residue), and an RDAT file that

(CMCT) [97], the SHAPE strategy using 2′-OH acylation [71]), reference ladders using four
dideoxynucleotides (ddGTP, ddATP, ddTTP, and ddCTP), no modification, and other. (E)
HiTRACE-Web can carry out band annotation in an automated fashion, thus reducing the
analysis time substantially. Furthermore, HiTRACE-Web provides a user-friendly interface
for users to fine-tune band annotation results manually. Red circles represent the residue
locations. Each type of nucleotide is associated with a different color (G: green, C: cyan,
U: blue, and A: red). By clicking the image, user can (de)select the position of individual
residues. The auto-assigned bands are shown on the right side in gray for easier referencing
when manually adjusting the assignment. (F) HiTRACE-Web reports a set of aligned and
annotated profiles with quantified peak areas in the image, tab-delimited text, and RDAT
(25) formats users can download for further uses.
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can be submitted to the repository and structure modeling server available at

the RNA Mapping Database [19]. More detailed instructions to each analysis

stage and explanations of results are available at the HiTRACE-Web home-

page. A complete tutorial with example data is also available, with specific

help at each step.

Figure 3.3A and 3.3B show the correlation of quantification results between

HiTRACE-Web and HiTRACE [107] for two different users. The high level

of Pearson’s correlation coefficients (R2 of 0.9996 and 0.9999; P < 0.001)

between band intensities quantified with HiTRACE-Web and those quantified

with HiTRACE indicates lack of any major systematic deviations induced

by HiTRACE-Web. To test the consistency in band quantification between

different users, we let two independent users carry out quantification of the

same data using HiTRACE-Web and HiTRACE, as shown in Figure 3.3C

and 3.3D, respectively. Both tools resulted in excellent agreement between

the independent analyses (R2 of 0.9993 and 0.9986; P < 0.001). The data

used is from an RNA structure mapping study using the mutate-and-map

strategy [50, 49, 51]. The mapped sequence length was 92 nucleotides, and the

data describes six different mapping experiments including SHAPE, DMS and

reference ladders. The total number of bands was 552.

3.4 Summary

We developed HiTRACE-Web (freely available at http://hitrace.org), an

online server for rapid and robust analysis of large collections of profiles ob-

tained from high-throughput CE experiments. Recent generations of high-

throughput DNA and RNA structure mapping studies give hundreds of CE
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Figure 3.3: Confirming consistency in band quantification results between tools
and analyses. (A-B) Correlation of quantification results between HiTRACE-
Web and HiTRACE [107] for two independent users. These plots indicate
lack of any major systematic deviations induced by HiTRACE-Web. (C-D)
HiTRACE-Web gives the same level of consistency between independent anal-
yses as HiTRACE. The data used is from an RNA structure mapping study
using the mutate-and-map strategy [50, 49, 51]. A 92-nucleotide RNA sequence
was treated in six different mapping conditions including SHAPE, DMS and
ddTTP, giving 552 bands in total.
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profiles each containing hundreds of bands. To isolate signals from such a large

collection of profiles, we previously developed a signal-processing pipeline that

consists of multiple stages including preprocessing, alignment, annotation, and

band quantification. HiTRACE-Web now enables users to follow the whole

pipeline through a user-friendly, integrative, and interactive web environment.

It is our hope that HiTRACE-Web can contribute to large-scale structure in-

ference studies based on chemical probing and CE separation by providing an

effective and easily accessible data analysis framework.
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Chapter 4

RNA structural

representation

4.1 Background

The structure information of a non-coding, functional RNA has a direct re-

lationship to its function [69]. Methods that compare different RNA struc-

tures can thus be a pathfinder for identifying unknown RNA functions from

structure. In this chapter, we test five different RNA structure comparison

algorithms to measure the (dis)similarity among RNA structures. These tar-

get comparison algorithms are based on trees and use structural edit-distance

metrics. In the method section, we introduce basic algorithms for computing

edit distance between two trees. Each RNA secondary structure is represented

by the dot-bracket notation (DBN) [37, 113, 90, 91, 27]. A dot represents an

unpaired residue, and a pair of brackets stands for base pairing. In addition,

a DBN form can be translated into a tree form [37]. Figure 4.1 shows an ex-

ample of a secondary structure represented in DBN and its corresponding tree
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structure. For an RNA structure, each node in a tree is associated with a value

indicating whether the node represents base pairing or not. For trees, an edit

distance metric can be used to measure (dis)similarity between two different

RNA structures. And we applied kernel-based tree distance metric which is

used in natural language processing [17]. In the result section, we validate the

tree distance metrics of the RNA secondary structures in their tree represen-

tations and use their distance matrices to classify the different types of RNAs.

In addition, we use the 5-fold cross validation to verify distance calculations

and classification algorithms.

Figure 4.1: RNA secondary structure representations. (a) A sequence and its
dot-Bracket Notation (DBN). (b) The secondary structure of (a). (c) A tree
representation of (b).
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Figure 4.2: Tree edit operations. (a) Initial tree. (b) Deleting node D. (c)
Deleting node E. (d) Inserting node D. (e) Modify node B to X. (f) Inserting
node Y. This is the target tree (edit distance= 5).
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4.2 Method

Conceptually, the algorithm to calculate the edit distance between two trees

is similar to that to compute the edit distance between two strings. For each

iteration of this algorithm, we start with a tree edited with one of the three

fundamental operations: addition, deletion, or modification. The final edit dis-

tance will be the total number of such operations. Figure 4.2 shows an example

of applying edit operations on a tree. We test the following algorithms: the full-

resolution algorithm [37, 27], the coarse-grained, weighted coarse-grained [90],

tree-translate algorithms, and the HITs algorithm [27]. In addition, a robust

algorithm for tree edit distance (RTED) [81] is applied for comparisons to the

Vienna RNA package [37] for full-resolution trees.

Additionally, we applied the kernel-based tree distance metric [17] to mea-

sure the distance between RNA structures. The distance d(T1, T2) between

tree T1 and T2 is calculated by the following equations 4.1–4.3.

K(T1, T2) =
∑
n∈T1

∑
m∈T2

∑
i∈(s(T1)∪s(T2))

Ii(n)I(m) =
∑
n∈T1

∑
m∈T2

c(n,m) (4.1)

c(n,m) =



1, if n and m are unpaired nodes

∏PC(n)
i (1 + c(C(n, i), C(m, i))), if n and m are paired nodes,

and have the same |PC(n)|

0, otherwise
(4.2)

d(T1, T2) = 1− K(T1, T2)√
K(T1, T1)K(T2, T2)

(4.3)

where s(T ) is a set of subtrees which belong to tree T , PC(n) is a set of paired

children which have the node n as a root node, C(n, i) is the i-th child of the
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node n, and Ii(n) is the 1 if a node n is the root node of subtree i, otherwise 0.

c(n,m) counts the number of the common structure between two trees whose

root nodes are n and m.

For each of these algorithms, we make up the distance matrix for the whole

sample data and classify the type of each sample RNA using the k-nearest

neighbor (k-NN) classifier [9] with k = 5. The Vienna RNA package is used

to calculate the distance. We use the k-NN method to classify the labels of

the structures using the distance metric obtained from the edit distance. Each

sample is from a microRNA or tRNA structure.

Figure 4.3: The ROC curves of different algorithms.

4.3 Result and discussion

The test data is from miRBase [53] and RNA STRAND [2] and is a mixture of

miRNA and tRNA structures with the same proportion. For each dissimilar-

ity measurement, Figure 4.3 and 4.4 show the receiver operating characteristic
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Figure 4.4: The ROC curves of kernel-based distance metric and RTED.

Figure 4.5: Pairwise distance matrix for comparing kernel-based distance and
RTED. Each pixel in (x, y) represents the distance between sample RNAs x
and y. Each pixel value is normalized into the range [0, 1], and its brightness
gets darker as their distance becomes smaller. The samples 1–100 are miRNA
hairpins and the others are tRNAs.

34



(ROC) curve and the area under curve (AUC) values of different algorithms.

Each result was acquired from the mean of the 5-fold cross validation. The

k-NN classifier with the tree edit distance algorithm shows the effective classi-

fying performance, which leads to successful separation of miRNA and tRNA

structures. In terms of accuracy, the k-NN classifier predicted over 93% of

samples correctly except for the coarse-grained tree.

For the kernel-based approach and the full resolution edit distance method,

the differences between the average intra-class and inter-class distances are

about 0.34 and 0.12, respectively. The result implies that the kernel-based

approach may distinguish the miRNA hairpins from the tRNAs better than

the edit distance methods. Figure 4.5 also supports the result. Based on the

result presented in the chapter, we are planning to devise a distance metric

for tree representations of RNA structures, which is efficient and accurate for

a variety of machine-learning tasks in comparing RNA structures.
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Chapter 5

Distributed deep learning for

large scale data

5.1 Background

Deep Neural Network (DNN) has achieved remarkable performances in nu-

merous realms of learning problems. In order to effectively train large DNN

models, an extremely large amount of train data is required. Hence the need

for a distributed system that manages such enormous computation tasks and

data is inevitable [23]. Among the famous distributed pipelines, Apache Spark

rapidly grew as one of the most attractive frameworks [109] owing to its fast

in-memory data processing and high fault-tolerance. Consequently, the inte-

gration of deep learning and a Spark cluster has gained widespread attention

and several frameworks such as SparkNet [75], CaffeOnSpark1, and Tensor-

Frames2 were put forth. These attempts showcased the possibility of Spark

becoming the basis for a powerful distributed deep learning framework. In
1https://github.com/yahoo/CaffeOnSpark
2https://github.com/databricks/tensorframes
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terms of practical efficiency and scalability, however, there is significant scope

for improvement.

Two key factors hinder the effective learning capability on commodity

Spark clusters. The first is the synchronous operation characteristic, which

is inherent in Spark itself. In general distributed learning algorithms, asyn-

chronous approaches are known to be faster than simple synchronous alterna-

tives [23, 83, 65]. That is, despite the higher number of learning steps required

because of the discrepancy originating from overwrites, the asynchronous steps

require relatively less time. A variant of such a synchronous method [14] aimed

to tackle the slow learning step and achieve faster convergence by utilizing

backup workers. However, increasing the number of worker nodes is not suited

to commodity setups; moreover, the selective operations for backup workers

are not supported by Spark. Therefore, asynchronous schemes such as param-

eter server are reasonable for commodity Spark clusters [23, 64].

The other obstacle is the lack of algorithmic considerations for reducing

communication traffic. On the other hand, training DNNs is a communication-

intensive task which demands frequent weight parameter exchanges [111]. Un-

der commodity cluster settings where the network bandwidth is very con-

strained, the constant communication requests can lead to increased commu-

nication overheads. If the communication time outweighs batch computing

time, achieving speed-up with the parallel training algorithms is unattainable.

Most of the aforementioned Spark-based deep learning frameworks assume

high-speed networks such as InfiniBand network or Amazon EC2, and thus

operations might be slower on relatively low-cost clusters.

In this chapter, we propose DeepSpark, a new distributed deep learning

framework for commodity Spark clusters with the objectives of overcoming
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abovementioned limitations. We implemented the parameter server scheme [64]

to run our asynchronous stochastic gradient descent (SGD) algorithm. To alle-

viate the communication overhead, we further designed an adaptive parameter

dropping algorithm. DeepSpark combines Caffe [41] and TensorFlow [1], thus

various training models from convolution based model to recurrent neural net-

work models can be implemented on Spark pipelines. The proposed framework

was evaluated through experiments on two representative types DNN models:

image classification and sequence-to-sequence modeling. The proposed drop-

ping algorithm improved the communication-to-computation time ratio up to

3× with rare or no loss. Our contributions are summarized as follows:

1. The reduced parameter exchange overhead through the adaptive drop-

ping speeds up the DNN training.

2. The asynchronous iterative process on Spark provides fast DNN training.

3. The integration with popular deep learning libraries provides flexibility

and accessibility to scale up various learning models.

5.2 Motivation

Apache Spark is an attractive platform for data-processing pipelines such as

a database query processing. However, Spark RDD provides limited asyn-

chronous operations between the master and the workers.

To addressing the disadvantages of Spark, we implemented a new asyn-

chronous SGD solver with a custom parameter exchanger on the Spark envi-

ronment. To improve asynchronous performance, we noticeably improved the

EASGD algorithm [112] by considering adaptive parameter updates, thereby

delivering faster convergence.
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5.2.1 Parallelized SGD and its limitations

Our proposed framework utilizes a parallelized SGD algorithm, which is based

on elastic averaging SGD (EASGD) [112]. The objective function of EASGD

is as follows:

arg min
w1,w2,··· ,wP ,ŵ

P∑
i=1

f(wi;Di) + λ

2 ‖wi − ŵ‖
2 (5.1)

where vectors wi and ŵ are the local parameters of the worker node i and

the global parameter respectively; D is the training data, P is the number

of worker nodes, and f(w;D) is the cost function for local workers. Since the

first term is identical to the sequential SGD algorithm, each worker node can

train a model with the existing schemes such as momentum [76] and ADAM

optimizer [47]. As the second term implies, EASGD affords elasticity when

exchanging parameters instead of simply overwriting the global parameters

and stabilizes the discrepancy provoked by asynchrony. The symmetric update

between local and global parameters ensures the convergence of EASGD [112].

Moreover, EASGD relaxes the heavy communication loads of parallel SGD by

introducing the time delay τ in the updating parameters. This feature makes

the EASGD algorithm robust against time delay.

However, adjusting τ results in a trade-off between the communication

workload and the amount of discrepancy penalty. In other words, a larger

τ shortens the communication time; however, the number of iterations (or

epochs) required to converge increased. Considering the penalty, the speed-up

of asynchronous EASGD algorithm can be formulated as follows:

Speedup = Tseq

Tpar
= Na(b)C(b)
d(τ, n)Na(b)[C(b/n) + S/τ ] (5.2)
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where b is the size of mini-batch, C(b) is the computation time for the mini-

batch, and Na(b) is the required number of iterations to reach target perfor-

mance a; τ is the communication period and the following discrepancy penalty

is denoted by d(τ, n); S is the communication overhead, which is affected by τ

and the number of worker nodes n. As Eq. 5.2 suggests, varying the communi-

cation overhead S can influence the speed-up of parallel DNN training. In case

of the commodity cluster (S >> C(b)), the synchronous schemes (τ = 1, d = 1)

like CaffeOnSpark cannot make any speed-up even with the infinite number

of worker nodes, as shown in Figure 5.1. For sufficiently large τ , the training

speed suffers from the growth of the discrepancy penalty d(τ, n).

5.3 Down-sizing DNN models

Several approaches have applied the concept of compressing DNNmodels to re-

duce the number of parameters. Studies such as [111, 15] aimed at reducing the

communication requirements by exchanging error terms and activation vectors

instead of the full gradient matrices. However, the scalability appears to be

limited by increasing the mini-batch size and communication delay. Moreover,

they are not compatible with weight parameter aggregation algorithms such

as EASGD.

Lossy compression techniques have been proposed to transform the model

structure and parameters into simpler formats [35, 39]. These techniques do

not assume distributed training setup and merely focus on the effective com-

pression of DNN models. Compression time or aggregation methods are not

under their consideration, which makes them unsuited for parallel DNN train-

ing.
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Figure 5.1: ImageNet training results on DeepSpark, CaffeOnSpark, and Caffe. Testing loss versus training time (left) and
testing top-5 (right) accuracy versus training time. DeepSpark and CaffeOnSpark were tested on 16 executors. The experiments
were performed without the distributed parameter exchanger and pruning scheme.
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5.4 Apache Spark based approaches

Apache Hadoop YARN [96] and Spark [109] are cluster frameworks that allow

large-scale data processing on commodity hardware. In Hadoop, dataset would

be split into multiple blocks in Hadoop Distributed File System (HDFS) [92].

HDFS provides the overall control of these blocks and maintains fault toler-

ance. Hadoop YARN, which is the framework for resource management and

job monitoring, is responsible for containers working in parallel.

Spark is the cluster computing engine running on YARN, Apache Mesos or

EC2. The core of Spark is the in-memory distributed processing using resilient

distributed dataset (RDD). RDD is the read-only collection of data partitioned

across a set of machines. On RDD, parallel actions are performed to produce

actual outcome or transformations can be applied to convert a certain RDD

into other type of RDD. For further reuse, RDD can be cached in cluster

memory, which prevents unnecessary storage I/O and thus accelerates data

processing. Hadoop and Spark are originally designed for batch-synchronized

analysis on large data. They are, however, less suited for tasks that requires

asynchronous actions on parallel workers [108].

As the big data pipeline, Spark is the generalized successor of MapReduce

which is a platform for distributing large amount of data to loosely coupled

cheap computing nodes [109]. Till date, several research institutes, companies,

and governments have built their own data processing pipeline on Apache

Spark [78, 99, 70, 77, 103, 63]. Naturally, deep learning platforms have also

been suggested on the Spark environment. In general, deep learning on Spark

should be synchronous SGD for model aggregation, as is the case in other

applications [75].
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Asynchronous based learning approaches have shown faster convergence

than pure synchronous approaches in previous works [23, 83, 65]. Although a

variant of the synchronous method supported by backup worker nodes demon-

strated more robust performance than the asynchronous approaches by re-

solving discrepancy [14], the backup worker configuration is not suitable to

the commodity setup, moreover Spark does not support a selective barrier for

backup workers. To overcome these limitations, Spark must support additional

assistive asynchronous implementations such as parameter server [23, 64].

5.5 Proposed method

5.5.1 Pruning based parallel elastic averaging SGD

We propose the pruning EASGD (P-EASGD) algorithm that performs EASGD

with pruned parameters. From the second term of Eq. 5.1, if wi and ŵ are

sparse, the communication overhead will be alleviated by the reduced vol-

ume of parameters that must be exchanged. Eq. 5.3 represents the objective

function of P-EASGD:

arg min
w1,w2,··· ,wP ,ŵ

P∑
i=1

f(wi;Di) + λ

2 ‖diag(µi)(wi − ŵ)‖2 (5.3)

where µi is the masking vector of the worker node i that has the same length;

it determines the parameter to be pruned before parameter exchange. diag(µi)

is the diagonal matrix whose diagonal entries identical to the elements of µi.

Each element of µi is a random variable that its outcome is either 0 or 1.

Consequently, the masking vector transforms the exchange parameter vector

(wi − ŵ) into a sparse vector form [35]. The proposed pruning method does
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not affect the assumed symmetry of update, therefore, P-EASGD is expected

to maintain convergence and stability of the EASGD algorithm. The only

difference is that the effective update step size of gradient may be decreased.

5.5.2 Parameter update rule

The P-EASGD update rule is acquired by calculating gradients from Eq. 5.3

with respect to wi and ŵ. The rules can be formulated as follows:

wt+1
i = wti − ηg(wti ;Di)− α diag(µti)(wti − ŵt)

ŵt+1 = ŵt + α
P∑
i=1

diag(µti)(wti − ŵt)
(5.4)

where wti and ŵt are local and global model parameter respectively at iteration

t, and η is the learning rate. µi is the pruning mask vector generated from the

worker node i at every iteration, and is drawn from Bernoulli distribution

with probability 1 − ρ. Each element of µi is set to zero with probability

ρ, otherwise 1 with probability (1 − ρ). α = ηλ/P is the moving rate for

EASGD update [112] and determines the elastic force between the local and

the central parameters; it determines the extent of the training that is affected

by the distance between those parameters. The entire process of the P-EASGD

algorithm is described in Algorithm 1.

When each worker node sends weight parameters wi, the parameters are

transformed into the sparse vector of diag(µi)wi, as described in Figure 5.2. A

parameter exchanger also returns diag(µti)ŵt in the same form, and then, they

update wt+1
i and ŵt+1. In our implementation, we assigned 8 bits to the rela-

tive index, and a value of the parameter was stored as a 32-bit single precision

floating point type. Consequently, we can reduce the original parameter size of
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Index 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18

Mask 0 0 1 0 1 0 0 0 1 0 0 1 1 0 0 0 0 1 0

Value 3.4 -1.24 0.58 0.47 -6.81 -15.5 0.23 1.57 -1.2 -0.75 16.8 19.8 -0.05 0.38 -0.58 7.82 -147 -4.25 2.54

Rela�ve
index 2 1 3 2 0 4

Value 0.58 -6.81 -1.2 19.8 -0.05 -4.25

Rela�ve
index 2 1 3 2 0 4

Value 0.58 -6.81 -1.2 19.8 -0.05 -4.25

Masking and re-indexing

Sparse vector form

19× 4=76 bytes

size reduced to 39.5%6× (4+1)=30 bytes

Figure 5.2: An illustration of sparse representation scheme. The pruning mask µi is drawn from Bernoulli(1 − ρ), and then
the 8-bit relative indices are attached to the sampled values.
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Algorithm 1 Pseudo-procedure of P-EASGD training for a worker node k
1: Input: imax, ip, ρ, α . imax: # of iterations for the whole training, ip: # of iterations for the

pre-training, ρ: pruning ratio, and α: moving rate for the elastic averaging update.
2: Output: wk, ŵ . wk: local model parameters, ŵ: global model parameters
3:
4: InitializeParameters(ŵ) . Initialize the model parameters
5: wk ← ŵ
6: . pre-training phase
7: for i = 1 to ip do
8: ∆wk ← ComputeGradient(wk)
9: if i mod τ == 0 then
10: wk ← wk − α(wk − ŵ)
11: ŵ ← ŵ + α(wk − ŵ)
12: end if
13: wk ← wk + ∆wk

14: end for
15: . pruning phase
16: for i to imax do
17: ∆xk ← ComputeGradient(wk)
18: if i mod τ == 0 then
19: Random Sample µ mask: µ ∼ Bernoulli(1− ρ)
20: wk ← wk − αdiag(µ)(wk − ŵ)
21: ŵ ← ŵ + α diag(µ)(wk − ŵ)
22: end if
23: wk ← wk + ∆wk

24: end for

4n bytes for parameter exchange to 5n(1−ρ) bytes in average, for n model pa-

rameters. We used the sparse form for the parameter exchange; therefore, the

learning procedure and trained results are compatible with existing optimizers

and DNN models, unlike DeepCompression [35].

The random pruning process raises concerns about intensified inaccuracy

during training. We observed that training with P-EASGD from scratch gen-

erates additional errors and exacerbates the convergence in the early stages,

as illustrated in Figure 5.12. The error falls into reasonable level as training

progresses. Hence, we planned a two-step training strategy; training with the

intended pruning rate after pre-training with zero pruning rate. The related

experimental results and interpretation are described is shown in Section5.8.1.
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5.6 Implementations

5.6.1 Structure overview

Our DeepSpark framework consists of three main parts, namely, Apache Spark,

a parameter exchanger for asynchronous SGD, and the Caffe and TensorFlow

software, as shown in Figure 5.3. Apache Spark manages workers and available

resources assigned by a resource manager.

Spark
YARN 

container

Parameter 
Exchanger

HDFS

Caffe / TensorFlow

GPU Local 
storage

DeepSpark

Figure 5.3: Stack diagram of DeepSpark architecture.

Figure 5.4 depicts how the Spark workflow progresses for asynchronous

SGD, and we provide more detailed descriptions in Sections 5.6.2 and 5.6.3.

Subsequently, we explain the parameter exchanger and asynchronous SGD

process exploiting Spark in Sections 5.6.3, 5.6.4 and Figure 5.5. We clarify

how to integrate Caffe and TensorFlow as our SGD computing engine with

Spark using Java Native Access (JNA)3 interface in Section 5.6.5. The overall

procedure of our framework is summarized in Algorithm 1. We assumed that

the framework runs on Hadoop YARN [96] and HDFS [92] in the following

explanation of our workflow.
3https://github.com/java-native-access/jna
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#1 #2 #3 #4

Processed RDD

repartition()

Repartitioned RDD

repartition

Local
Storage

Local
Storage

Local
Storage

Local
Storage

spill to local
foreach()

1 2 3 4
Dummy RDD

1 3 2 4 parallelize

trainingforeachPartition

Parameter
Exchanger

Backend
Caffe/TensorFlow

load

Trained 
model
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Backend
Caffe/TensorFlow

Backend
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Backend
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Figure 5.4: Spark workflow of DeepSpark learning process.
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5.6.2 Implementations on Spark

In this section, we explain the proposed framework’s distributed workflow from

the data preparation to asynchronous SGD, which is corresponding to load and

spilling phase in Figure 5.4. Given that the proposed framework is running on

top of the Spark framework, it needs to load and transform the raw data in

the form of Spark RDD [108].

The first step of the training is to create RDD for training and inference.

We defined a container class, which stores label information and corresponding

data for each data sample. The data specific loader then creates the RDD of

this data container class, which is followed by the preprocessing phase. In the

preprocessing phase, data containers would be connected to the preprocessing

pipeline such as filtering, mapping, transforming, or shuffling. The processed

RDD repartitioning is then performed to match the number of partitions to

the number of worker executors.

Caffe and TensorFlow, the actual computing engine, however, cannot di-

rectly access RDD. In our framework, the entire dataset is distributed across

all workers, and each worker can cache or convert its own parts of dataset into

LMDB4 file format if the data are relatively larger than the memory size. For

a relatively small dataset, the RDD foreachPartition action is executed,

where every data partition is loaded in local worker’s memory as a form of

Java List. These data then become available by neural network model of Caffe

or TensorFlow, directly.

The other approach to feed the data into the native codes is spilling the

dataset on a worker node’s storage. For a large dataset that is difficult to hold

in the physical memory, the RDD foreach operation is performed, and each
4http://lmdb.readthedocs.org/en/release/
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data partition is converted to LMDB file format and stored in the temporary

local repository of the node it belongs to. Once the LMDB files are created,

Caffe automatically computes data dimension and finally completes the neural

network model parameter. In addition, we also developed miscellaneous func-

tions such as data feeder for TensorFlow. We used LMDB JNI5 to manipulate

LMDB on Spark.

5.6.3 Asynchronous EASGD operation

Inherently, Spark does not support step-wise asynchronous operations for

asynchronous SGD updates. We adopt the method that exploits Spark RDD

operations to overcome the limitation of Spark. The dummy RDD represented

in Figure 5.4 can mimic the asynchrony.

Once the LMDB local repository for each worker has been prepared, the

dummy RDD is created and distributed across every worker. These dummy

data have an important role in launching the distributed action (i.e., paral-

lel model training is performed). Although the explicit dependency between

spilling and training steps is nonexistent at the code level, each worker node

would be guided to launch the training process with a spilled dataset by the

dummy RDD. This exploits the property of Spark that the Spark scheduler

reuses the pre-existing worker node session. The size of the dummy RDD

is explicitly set to the number of workers for full parallel operation, and

the foreachParition action is executed on this dummy RDD. Inside the

foreachPartition process, each worker can use the local data repository

that has been created in the previous job and starts the training step.

During the training process, the Spark driver program serves as a central
5https://github.com/chirino/lmdbjni
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parameter exchanger, which performs an asynchronous EASGD update. At

the initial step, the driver node broadcasts its network address and neural

network setup files to all workers. Workers then create their own models and

start training using broadcasted data.

5.6.4 Parameter exchanger

The parameter exchanger is our implementation of parameter server concepts,

which is essential for asynchronous update. In our framework, the application

driver node serves as the coordinator to enable worker nodes to communicate

their parameters to other workers asynchronously. Figure 5.5 shows the outline

of the learning cycle with the parameter exchanger in each worker.

When multiple-parameter exchange requests from worker nodes exist, a

thread pool is implemented to handle the requests at the same time. For each

connection request, the thread pool allocates the pre-created threads that pro-

cess the parameter-exchange requests. The size of the thread pool is fixed in

the program , and we set this up to eight threads because of limited memory

and network bandwidth. If the number of requests exceeds the size, the unal-

located requests wait in a queue until the preceding requests are completed as

shown in Figure 5.5(a).

Exchange threads asynchronously access and update the neural net model

in the parameter exchanger based on the EASGD algorithm. In Figure 5.5(b),

given that it is a lock-free system, parameters can be overwritten by simulta-

neous updates. Nevertheless, training results are accumulated successfully, as

proven in [83]. After the parameter exchange action, each worker returns to

the SGD phase to explore the parameter space asynchronously as shown in

Figure 5.5(c).
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A Worker Node

Parameter Exchanger

ThreadPool

Worker 
Node

Worker 
Node

Worker 
Node

Worker 
Node

Neural Network Model

(a)

(b)

Worker 
Node

(c)

Thread Thread

Figure 5.5: Learning process with parameter exchanger in each worker. (a)
Worker nodes that want to exchange the parameters are waiting in a queue un-
til an available thread appears. (b) Exchanger threads take care of the worker
request. In this example, there are two exchanger threads in the pool. (c) After
exchange, a worker node performs its SGD process during the communication
period τ .
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Coordinator Table (Spark Driver) 

Worker1

Worker2 [ 3, 3, 3 ]

[ 0, 0, 0 ]

[ 6, 6, 6 ]

[ 3, 3, 3 ]

[ 3, 3, 3 ]

[ 3, 3, 3 ]Worker3

Worker 1

Worker 2

Worker 3

Offset LengthWorker

Figure 5.6: Example of the distributed parameter exchanger. Each worker node
takes responsibility for a part of the global parameters ŵ, respectively. During
the training, each worker node communicates with the others according to the
coordinator table.

However, when each pruning process is performed on a single parameter

server, it would cause further overhead to that machine because of the limited

network bandwidth and system resources. This issue was resolved by distribut-

ing the role of parameter servers to multiple worker nodes. Each worker node

simultaneously performs learning and parameter exchange by multi-threading,

and takes the responsibility for partitioning of the global parameters ŵ. The

Spark driver node only provides the coordinator table on which the offset and

length of the model parameter partition are written. Each worker node ex-

changes the partition of its own wi with the corresponding part of ŵ in the

others, by referring to the table from the driver node. Figure 5.6 shows our

distributed parameter exchanger scheme.
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5.6.5 Backend engine

Each worker node in DeepSpark can use either the Caffe library and Tensor-

Flow for the GPU-accelerated backend engine. However, Spark application is

written in Java, Scala, and Python, which cannot use the native backend en-

gines directly in the source code level. We implemented our code with JNA so

that Spark executors can reference the native library of Caffe and TensorFlow.

We defined an additional wrapper for solvers in Caffe to perform an atomic

iteration action, acquire current trained parameters, and modify. This custom

wrapper provides an interface to control the Caffe library for the DeepSpark

application. Therefore, current Caffe models can be used in a distributed envi-

ronment without changing the Caffe network specifications numerous times. In

case of TensorFlow, we also wrote an additional Java wrapper for TensorFlow

C++ native library. We can run a Tensorflow session on the wrapper with

the operational graph which was obtained from model description written in

Python.

5.7 Experimental results

We built a commodity cluster environment for validating the performance of

our algorithm. Each worker node consisted of an Intel Core i7-4790 CPU, 16GB

memory, and an NVIDIA GeForce 970 GTX GPU device with 4GB memory.

Given that this specific model of GPU had poor access to the memory region

above 3.5GB6, we restricted the use of memory to under 3.5GB for computing

the local gradient step. The nodes were interconnected via Gigabit Ethernet,

which had 1Gbps of network bandwidth. As a software environment, Apache
6https://blogs.nvidia.com/blog/2015/02/24/gtx-970/
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Spark 1.6.1, Hadoop 2.6.1, NVIDIA driver 352.63, CUDA 7.5, and CuDNN

4 were installed on all worker nodes. Caffe and TensorFlow were adopted

as back-end computing engines and compiled from the source code of which

the version were 1.0.0-rc3 and 1.0.1, respectively. In this section, describe the

training of two different CNN based models and a RNN based model, and

compared the learning curve of P-EASGD to EASGD as a baseline.
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Figure 5.7: Learning curve for ResNet-56 with CIFAR-10 dataset. The valida-
tion accuracy relative to time is shown (# of node=4, ρ = 0.75, τ = 10).
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Table 5.1: Average communication and computation time for training AlexNet and sequence-
to-sequence model.

AlexNet seq2seq

Communication Computation Communication Computation

EASGD (16 nodes) 10,368ms 262ms 14,167ms 559ms

EASGD (8 nodes) 6,635ms 265ms 8,154ms 641ms

EASGD (4 nodes) 4,623ms 262ms 5,827ms 636ms

P-EASGD (16 nodes) 3,642ms 265ms 4,668ms 622ms

P-EASGD (8 nodes) 2,828ms 266ms 3,896ms 638ms

P-EASGD (4 nodes) 2,598ms 265ms 3,451ms 619ms

Single Machine - 268ms - 1,436ms
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Figure 5.9: Learning curve for ResNet-56 with CIFAR-10 dataset. The validation accuracy versus time is shown for (a) 8 nodes
and (b) 16 nodes (ρ = 0.75, τ = 10, and α = 0.2).
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5.7.1 Image classification

We examined the ResNet [36] and AlexNet [54] models for image classification.

The ResNet-56 model for classifying CIFAR-10 consisted of 56 layers7. As

most layers of the ResNet model were convolution layers, each layer had a

small number of learning parameters compared to the number of its layers (∼

3.5MB). For this reason, the communication burden was relatively smaller than

the batch computation time for training the ResNet-56 model, and acceleration

of convergence time using P-EASGD not expected. Learning rate η was set to

0.1 at the beginning for all cases. ADAM optimizer was employed for training

on a single node, and we reduced η to one tenth after 25,000 iterations.

In the experiments of parallel training for ResNet-56 with EASGD, the

momentum SGD optimizer with a momentum factor µ = 0.9, moving rate

α = 0.1, and communication period τ = 10 were used. For P-EASGD, α = 0.2,

pre-training iteration ip = 500 and pruning rate ρ = 0.75 were given. l2-

regularization parameter λ = 0.0005 was set for all the CIFAR-10 experiments.

The accuracy curves on four nodes are shown in Figure 5.7. We conducted

similar experiments on 8 and 16 nodes, and the results are shown in Figure 5.9.

P-EASGD showed similar convergence to that of vanilla EASGD. During all

ResNet-56 experiments, a worker node spent 363ms computing the gradient

step on average. For EASGD and P-EASGD, a worker node consumed average

110 and 100 ms per exchange parameters. Compared to EASGD, as expected,

pruning did not significantly benefit P-EASGD in terms of the communication

time.

For image classification using AlexNet8, we trained AlexNet with the ILSVRC
7https://github.com/yihui-he/resnet-cifar10-caffe/tree/master/resnet-56
8https://github.com/BVLC/caffe/tree/master/models/bvlc_alexnet
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Figure 5.10: Learning curve for AlexNet with ImageNet dataset. The validation accuracy relative to time is shown. The results
were trained on (a) 4 nodes, (b) 8 nodes, and (c) 16 nodes.

59



2012 ImageNet data set. In addition to the output layer, AlexNet has two inner

product layers. It also has relatively more learning parameters (∼ 243.9MB)

than ResNet-56 and we expected P-EASGD to take advantage of pruning. For

validating the trained model, we sampled 5K images from 50K of the valida-

tion set to shorten the validation time. ADAM optimizer was used to calculate

gradient step for every single and parallel cases. As regards the hyperparame-

ters, we fixed 128 as the batch size, η = 10−4, λ = 5.0× 105, τ = 40, α = 0.1,

ρ = 0.75, and ip =3,000. Only the P-EASGD experiment on 16 nodes had

different α = 0.4. The reason why we set higher α for P-EASGD than EASGD

is that we compensated the diminished step size caused by P-EASGD. We also

repeat the same experiments for 4, 8, and 16 worker nodes to evaluate the scal-

ability. The accuracy curves are shown in Figure 5.10. During all the AlexNet

experiments, the average computing time was kept to near 262ms, however,

the average communication time was increased as the number of worker nodes

grew. We showed the ratio of communication time to batch computing time

in Figure 5.8, and described the details in Table 5.1. Compared to EASGD,

P-EASGD reduced the ratio and the communication time by up to 65.3% and

64.9%, respectively.

5.7.2 Sequence-to-sequence modeling

We also evaluated our approach in the sequence-to-sequence model for neural

machine translation. To train neural machine translation models for English

to French translation, we employed the English-French parallel dataset from

the shared translation task of WMT’15 [10]. We used newstest2013 set to

validate trained models. Our models consisted of four layers of gated recurrent

units [16], each of which having 512 hidden units. The vocabulary size is limited
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to 40K for each language. For the decoder network, the attention mechanism

of Bahdanau et al. [4] was employed. The sampled softmax loss of 512 sample

was used to handle large output vocabulary [40]. Lastly, we used Adam for

optimization. The RNN models had many learning parameters over 300MB,

and thus we expected the benefit from pruning like AlexNet.

For all experiments, we set η = 0.0002, 64 as the batch size, α = 0.1,

τ = 20, ρ = 0.75, and ip =1,000. The validation error curves are exhibited

in Figure 5.11. Like result of AlexNet, the convergence of P = 16 was slower

than that of P = {4, 8} in the EASGD setting because of communication time.

Figure 5.8 shows the ratio of communication time to batch computing time is

displayed with the result of AlexNet, and the details are described in Table 5.1.

Comparing to EASGD, P-EASGD reduced the ratio and the communication

time by up to 70.4% and 67.1%, respectively.

5.8 Discussion

5.8.1 Justification of pre-training and pruning

Reasoning that enables pruning in the parameter exchange of distributed

learning, we evaluate the mean squared errors between wi and ŵ with ran-

dom mask µi in EASGD model for CIFAR-10 training. We simulated the

error relative to the number of iterations by generating µi for 100 times, with

respect to pruning rate ρ. The results are shown Figure 5.12. The metric for

the error is described in Eq. 5.5:

error = 1
n
‖diag(1− µi)(xi − x̂)‖2 (5.5)
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where n is the number of parameters, and µi is the random pruning mask of

worker node i. As we expected, the error started from high and then dropped

sharply in early steps for all pruning rates. These results justify our assump-

tion for pre-training. Although we expected pre-training to be critical to fast,

high convergence, Figure 5.13 shows that the effect of pre-training was not sig-

nificant in CIFAR-10 training. In future work, theoretic analysis and further

experiments will be required to prove effectiveness of pre-training.

DropConnect [98] may have a similar concept to our method in that both of

them prune some of the learning parameters. In DropConnect, masking vectors

are drawn from each input sample for the regularization effect. P-EASGD,

however, has different purpose and target from DropConnect. Generating µi

per communication step only for sparsity, P-EASGD does not affect local

parameters. Since both of techniques affect different terms independently, we

can use both of them together for training.

5.8.2 Time and iteration efficiency

Figure 5.8 shows the communication to computation time ratio. The batch

computation time refers to the time taken to compute gradient and update

wi. On the other hand, the communication time included transferring and

updating time for wi and ŵ. In the P-EASGD setting, the pruning and recon-

struction time were added to the communication time. For the AlexNet and

sequence-to-sequence model, the time spent for the communication took up to

39×. This is a major factor that significantly reduces the advantages of dis-

tributed training. Under the same condition, P-EASGD with (ρ = 0.75), how-

ever, reduced the communication overhead to less than a half. While the time

efficiency was improved drastically as shown in Figs. 5.16 and 5.17, the conver-
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Figure 5.12: MSE versus the number of iterations for different pruning rate ρ (ResNet-56 for CIFAR-10)

64



0

0.5

1

1.5

2

2.5

3

0 5000 10000 15000 20000

T
ra

in
in

g
 l
o
ss

# of Iteration

With pre-training

Without pre-training

0

0.2

0.4

0.6

0.8

1

0 1500 3000 4500 6000

A
cc

u
ra

cy

# of Iterations

With pre-training

Without pre-training

(a) (b)

Figure 5.13: CIFAR-10 training result with pre-training and without pre-training on 4 nodes. Each graph shows (a) validation
accuracy and (b) training loss versus the number of iterations. (α = 0.2 and ρ = 0.75)

65



0.1

0.2

0.3

0.4

0.5

4 11.5 19 26.5 34

A
cc

u
ra

cy

Wallclock Time (1,000 s)

EASGD

(alpha=0.1)

P-EASGD

(alpha=0.1)

P-EASGD

(alpha=0.4)

0.1

0.3

0.5

0.7

0.9

0 2000 4000 6000 8000 10000

A
cc

u
ra

cy

Wallclock Time (secs)

EASGD

(alpha=0.1)

P-EASGD

(alpha=0.1)

P-EASGD

(alpha=0.2)

(a) (b)

Figure 5.14: Validation accuracy versus wallclock time curves of training (a) ResNet-56 and (b) AlexNet on 16 nodes. P-EASGD
does not catch up with the convergence of EASGD, at α = 0.1.

66



(a) (b)

0

0.2

0.4

0.6

0.8

1

0 2000 4000 6000 8000 10000

T
ra

in
in

g
 l
o
ss

Wallclock Time (secs)

EASGD

(alpha=0.1)

P-EASGD

(alpha=0.1)

P-EASGD

(alpha=0.2)

1

2

3

4

5

6

0 7000 14000 21000 28000 35000

T
ra

in
in

g
 l
o
ss

Wallclock time (secs)

EASGD

(alpha=0.1)

P-EASGD

(alpha=0.1)

P-EASGD

(alpha=0.4)

Figure 5.15: Worker node’s local training loss versus wallclock time curves of (a) ResNet-56 and (b) AlexNet on 16 nodes. In
training loss, it seems that P-EASGD converge faster at α = 0.1.

67



gence difference between P-EASGD and EASGD was little. Consequently, the

improvement of performance could be achieved because the gain in communi-

cation time, which outweighed the resulting degradation in training efficiency.

This fact leaded to improve the scalability under the commodity environments.

The P-EASGD also restrained the growth of communication-to-computation

ratio more effective than the EASGD setting as shown in Figure 5.8.
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Figure 5.17: Validation error versus iterations for training sequence-to-
sequence model on eight nodes. (τ = 20, ρ = 0.75)

The batch computation time for sequence-to-sequence model on a single

node was about twice larger than other distributed settings. The main reason
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was that the training data was too large to be loaded on the single node

memory, and some of the training data was spilled to the swap area in the

local disk. The distributed setting moderated the memory usage for holding

training data, while data spilling led to the increased data access overhead in

a single node. As a result, we verified the benefit of distributed training in

terms of resource usage with the aid of data parallelism.

One additional experiment was conducted to determine the better strategy

by, exchanging all the parameters with longer τ or sampled parameters with

short τ . Intuitively, considering each element of learning parameter w, pruning

with a probability ρ implies that the individual communication period of each

element follows a geometric distribution with success probability p = 1−ρ. As

its expectation is τ
1−ρ , we compared P-EASGD with τ and ρ to vanilla EASGD

with τ
1−ρ . As shown in Figure 5.16, the result suggests that P-EASGD with

τ = 40, ρ = 0.75 converged faster than vanilla EASGD with τ = 160. As

mentioned in Section 2, increasing τ leads to slow convergence as it requires

more iterations. We, therefore, conclude that reducing communication through

pruning provides better training efficiency compared to having a larger τ .

However, in such a case where the size of the parameters to be exchanged is

not large (e.g., ResNet-56 for the CIFAR-10 experiment), the effect of pruning

diminishes as the time spent for communication becomes less critical.

We emphasize that the traffic burden is the decisive factors to limit the

scalability of the proposed framework, since it tends to rise with increase in the

number of worker nodes, especially, in the commodity network. As shown in

Figs. 5.10 and 5.11, we demonstrated the fact that the convergence worsened

despite of allocating of significant amount of resources. P-EASGD suppressed

the rate of traffic increment efficiently, while the network traffic increased near-
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linearly in a vanilla EASGD setting as illustrated in Figure 5.8. Consequently,

the commodity cluster can obtain the additional scalability by P-EASGD.

5.9 Summary

In this chapter, we suggest DeepSpark, a deep learning framework with cost-

effective communication for commodity Spark clusters. We demonstrated the

effectiveness of the proposed framework using experimental results. The pro-

posed P-EASGD algorithm reduced communication costs up to by 67% with

little or no loss. Furthermore, it also suppressed the traffic growth by 35%

for deploying 4 times more nodes, while the EASGD setting suffered from

the burden over twice. Consequently, we expect the framework to assist other

researchers who want to train their own models on commodity Spark clusters.

Interestingly, in the P-EASGD training of ResNet-56 and AlexNet, P-

EASGD showed the different convergence with α = 0.1. We conjectured that

the high pruning rate causes the overfitting of wi, as can be seen in Figures 5.14

and 5.15, which show a comparison of convergence between P-EASGD and

EASGD for the different value of α. Currently, we explored α to compensate

those phenomena, manually. Suggesting a theoretical guideline to determine

α, ρ, and ip adaptively will be considered in our future work.
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Chapter 6

Conclusion

Functional non-coding RNAs are not themselves encoded as proteins, however

they play an important role in regulating each gene expression through inter-

action with other molecules. There are many methodologies for studying these

non-coding RNAs. Among them, we focused on the three kinds of large-scale

computational based approaches. First, we built the database for interacting

between viral miRNA and host target mRNA. Second, we explored and com-

paring the structures of RNA molecules from a microscopic point of view.

Additionally, as a deep learning based RNA analysis methodology emerged in

recent years, we proposed the distributed deep learning framework for sup-

porting those approaches. This chapter summarizes the content and concludes

with the effects that may improved or be expected in the future.

• In chapter 2, we built the vHoT database for searching the interaction

between viral microRNAs and host genome. Some viruses have been

reported to transcribe microRNAs, implying complex relationships be-

tween the host and the pathogen at the post-transcriptional level through

microRNAs in virus-infected cells. Although many computational algo-
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rithms have been developed for microRNA target prediction, few have

been designed exclusively to find cellular or viral mRNA targets of vi-

ral microRNAs in a user-friendly manner. To address this, we introduce

vHoT database for predicting interspecies interactions between viral mi-

croRNA and host genomes. Our database supports target prediction of

viral microRNAs from human, mouse, rat, rhesus monkey, cow, and virus

genomes.

• In chapter 3, we proposed an online server for rapid and robust analysis

of large collections of profiles obtained from high-throughput CE experi-

ments. Recent generations of high-throughput DNA and RNA structure

mapping studies give hundreds of CE profiles each containing hundreds

of bands. To isolate signals from such a large collection of profiles, we pre-

viously developed a signal-processing pipeline that consists of multiple

stages including preprocessing, alignment, annotation, and band quan-

tification. HiTRACE-Web now enables users to follow the whole pipeline

through a user-friendly, integrative, and interactive web environment. It

is our hope that HiTRACE-Web can contribute to large-scale structure

inference studies based on chemical probing and CE separation by pro-

viding an effective and easily accessible data analysis framework.

• In chapter 4, we described comparative analysis of RNA structures which

can be useful to infer functions of novel RNAs. In such analysis, it is

critical to have a means to measure distances between different RNA

molecules, since pairwise distance is often the most fundamental infor-

mation many data-analysis methods relies on. In this work, we applied a

kernel-based approach to measuring distances between RNA structures.
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In this methodology, we first represent each RNA structure under study

in an intermediate representation. The distance between two RNA struc-

tures then becomes the distance between their intermediate representa-

tions. To measure their distance, we use a special type of the Mercer

kernel, effectively bypassing difficulties in handling RNAs of different

lengths and structures. Using real RNA test data, we carry out data-

mining tasks such as clustering to test the effectiveness of our approach.

We also compare the proposed measure with the conventional edit dis-

tance metric for RNA structure comparison in terms of the fidelity to

retrieving the labels of the test data.

• In chapter 5, a deep learning framework with cost-effective communica-

tion for commodity Spark clusters is suggested to deal with large scale

RNA sequences. We also showed its The effectiveness of the proposed

framework was shown by the experimental results. The proposed algo-

rithm reduced communication costs by pruning the parameters to be ex-

changed, successfully. Furthermore, it also suppressed the traffic growth

by 35% for deploying even 4 times more nodes, while the vanilla EASGD

setting suffered from the burden over twice. Consequently, we expect the

framework to assist other researchers who want to train their own models

on commodity Spark clusters.

6.1 Future work

The combination of deep learning and RNA sequence analysis shows many

possibilities. In large scale analysis RNA sequence analysis, because the pre-

processing pipeline must be considered, combining Spark-like distributed pro-
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cessing platform will provide improved performance and availability. We will

implement the specified model for large scale RNA sequence model instead of

general deep learning model, such as AlexNet.

There are also challenges to large-scale distributed optimization for deep

models. For the proposed algorithms, quantitative and mathematical analysis

are needed to show how the hyperparameter ρ affects learning convergence.

Since we expect that it will improve performance and utilization by considering

various network topologies presented for high performance computing (HPC)

network rather than simple Ethernet, we will explore distributed optimization

algorithms for the HPC systems with considering the cluster topologies.
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초 록

2000년대에 들어와서 리보핵산 (RNA)의 연구는 새로운 전기를 맞이하게 되었

다. 인간 게놈 프로젝트등의 결과로 알려진 바 실제로 단백질로 작용 번역되는

유전자의 비율은 수 %에 불과했고, 대부분의 non-coding gene 들은 직접 여러

가지 생체 반응이나 유전자 발현에 참여하고 있다. miRNA로 대표되는 이러한

기능성 비발현 RNA 들의 연구는 빅데이터 시대를 맞이한 컴퓨터 정보기술의

발전에 힘입어 더욱 가속화되고 있다.

그 동안 축적되어온 RNA의 염기서열과 구조, 그리고 그들이 이루는 상호작

용에 대한 정보량은 데이터의 규모에서 보았을 때, 대규모 처리를 위한 여러가지

기법들을 적용하여 그 효율을 더욱 향상시킬 수 있음을 기대할 수 있다. 본 학

위논문에서는 RNA의 상호작용 예측과 구조비교와 분석에 관한 방법론, 그리고

마지막으로 최근들어 RNA 분석 접근 방법 중 급부상하고 있는 딥러닝 기반의

접근 방식을 분산처리하는 프레임워크를 제안하였다.

첫 번째로 다룬 것은 miRNA와 mRNA의 상호작용을 예측하는 것이다. 몇

몇 종에 대한 자가 miRNA-mRNA 간의 상호작용에 대한 연구는 많이 이루어져

있지만, 바이러스와 그 숙주에 관한 상호작용은 대규모로 탐구된 사례가 없었다.

우리는 바이러스의 miRNA와 숙주의 mRNA 간의 상호작용을 여러가지 알고리

즘을이용해예측하고미리계산된결과를대규모데이터베이스로구축하고빠른

검색과 비교를 가능하게 하였다. 두 번째는 RNA의 구조에 관한 문제이다. 우리

는 고비용을 요구하는 물리적인 방법 대신에 화학적인 방법을 통해 얻어진 RNA

구조에 관한 정보를 정량화하여 분석할 수 있는 온라인 도구를 제안하여 RNA의

구조를 예측할 수 있도록 하였다. 더불어 얻어진 구조정보를 적절하게 비교하는

비교방법들을비교하고트리기반의거리측정알고리즘을이용하여실제로유효

한 분류 결과를 얻을 수 있음을 보였다. 마지막으로, 현재 RNA 염기서열 비교나
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식별에서 좋은 결과를 보여주고 있는 딥러닝 기반 접근을 위한 분산 플랫폼을

제안하였다. Apache Spark 기반의 저비용 분산 시스템에 데이터 병렬화 기반의

딥러닝학습을수행할수있는알고리즘과구현체를제안하여실제로성능향상을

보이고 그 이용 가능성을 제시하였다.

주요어: RNA 염기서열, 생물정보학, 대규모 데이터 처리, 데이터베이스, 기계

학습, 딥러닝, 병렬처리, 분산 컴퓨팅

학번: 2013-30232
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