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« D liéu I&dn (DLL) la gi?
D liéu 16N tir dau dén?
Co hoi va thach thire ctia dit liéu [dn

- Tiép can d¥ liéu I6n nhu thé nao?
Quan ly dir liéu Ién
Xt ly dit liéu I6n
Tinh todn phan tan va song song
Gidi thiéu nén tang cong nghé
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CheapestCar | 23 Summer Gadgets Get Ready forthe
The quest for knowledge used to begin with
grand theories. Now it begins with massive
amounts of data. Welcome to the Petabyte Age.

“Chung ta thwong xday dung ly
thuyét trwwdc khi khai pha kién thirc.
Nhwng ngay nay, viéc nay thwong
lai bat dau tir dir liéu trwéc. Thoi
dai dir lieu I&n da bat dau!”

K&t néi van vat Tinh todn dam may




D liéu lon la gi? D lieu Ion la gi?
What is big data What is big data

DLL Ia cdc tap di liéu rat 1&n Dong dif liau khéng Mot zettabyte I6n thé nao?
va/hodc rat phirc tap. L EILEE Clo
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DLL c6 ba d3c diém quan trong
(3Vs).

: Néu ta dung nhiéu may
4 2020 ; iPad dé chira s8 dir liéu nay
j va chéng |én nhau, ching
s8 |4p day hon sdu lan
3 3 : khodng cach tir trai dat dén
D{t liéu da dang, kho o ' " rom the Ear mat tring.
o o N 7 5, 2014 - - the Moon*
diéu khién, tlr cau truc $6.29" thiek 128 68
dén khéng cau trac
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Zettabytes(1018)
Petabytes (10%°)

[Ngudn: https://ir
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N N 1 E-—=& Every 60 seconds
3 - : ' W 98,000+ tweets

IGLE DAY THAN
A PERSON IN THE
1500°S DID IN AN

ENTIRE LIFETIME. h ny il i - 3 = [} 95,000 status updates
@ 11 million instant messages
,O 498,445 Google searches

Dit liéu 16n 13 gi? | | > ‘ | 5 T 15 2%% 168 million+ emails sent
e - ¢ ' At : e s ‘

— Dirliéu tir dau dén? L) o el 2 AN 5. & 1,8207B of data created

— Co hdi va thach thirc cta DLL = )

Tiép can dir liéu I&n nhu thé nao? ‘ ; - 3 ; e 2AF mew metilewsbiusers
— Quan ly dit liéu 16n ’
— Xrly dit liéu I6n ' o

v ) “The average person today processes more data in a single day than

— Tinh toan phan tan va song song a person in the 1500’s did in an entire life time”

— Gidi thiéu nén tang cong nghé

[Ngudn: Smolan and Erwitt, The human face of big data, 2013]

©Dinh Phung, 2017 VIASM 2017, Data Science Workshop




D{t liéu I&n dén tu dau

Sources of data

D{t liéu I&n dén tu dau

Sources of data

Nh3p chubt Di liéu tir mang xa hoi
Mua hang

Transactions

Networks log

“Chi trong ngay dau tién
m&t em bé sinh ra doi, s6
lvegng dir liéu thu thap
duoc twong dwong vai
70 lan thong tin trong
Thu vién Quéc hdi My
(The Library of Congress)”

Everything online
~ 8 hour / day

A Dt lidu tir sinh hoc
i (gene expression)
@ Nghién clru vii try
DURING THE FIRST DAY OF A BABY'S LIFE, THE AMOUNT OF DATA GENERATED BY HUMANITY 1 Nong nghiép
IS EQUIVALENT TO 70 TIMES THE INFORMATION CONTAINED IN THE LIBRARY OF CONGRESS. ¥

[Ngudn: Smolan and Erwitt, The human face of big data, 2013]
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Dt liéu I1&n dén tir dau
What drives big data

@ “L&n ma khong to, to ma khéng I&n” [GS H6 Tu Bao]

(twong tac dit liéu cam bién) (d€m s6 lvgng nhdp chudt trén toan cau )
Drive Turbine The Main Pre-cooler
and Regenerators Heot Exchanger

Hydrogen Pump /

HeotShield '\ \ He Circulo and Re- / 2 Shock Axisymmetric Intoke

Co hoi va thach thuc

* Dt liéulén la gi?

— Dit liéu 1én tir dau dén?
— Co hdi va thach thire cha dit liéu I6n

X Spill Duct  Air Turbo-compressor Moveable Centrebody

4 Bell Nozzle Splll Duct
Thrust Chambers  Ramiet Bumers  Lox Pump

*  Tiép can dit liéu I&n nhu thé nao?
Quan ly dit liéu I&n
X ly dit liéu Ién
Tinh todn phan tan va song song

L&n ma khong to To ma khong lén

Lean data vs big data?
Complexity or size?
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Gidi thiéu nén tang cong nghé




DLL cé thé dem |

= DIt liéu 1&n va lgi ich chién luvgc
clia qudc gia
BQP My danh khoang 250 triéu
moi ndm dé khai khac DLL, nham
nang cao kha nang ra quyét dinh.
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“Nam 2012, van phong chinh sach khoa hoc va céng nghé cua o e

My thudc Van phong digéu hanh clia Téng théng My da cong bd %6}

84 chwong trinh vé dir liéu I16n thudc 6 Bo clia Chinh quyén
Lién bang. Nhitng chuwong trinh nay dé cap dén thach thirc va
co hdi clia cudc cach mang dir liéu I&n va xem viéc tim 1oi gidi
cho van @& di¥ liéu I&n 1a st ménh cla cac co quan chinh phi
cling nhw cua viéc cach tan va kham pha khoa hoc”

CINDER (Cyber-Insider Threat)
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DLL mang lai loi i

« Khdam pha khoa hoc dvwa vao dit liéu Ion

Science Paradigms

* Thousand years ago:
science was empirical
describing natural phenomena
+ Last few hundred years:
theoretical branch
using models, generalizations
+ Last few decades:
a computational branch
simulating complex phenomena
» Today: data exploration (eScience)
unify theory, experiment, and simulation
Data captured by instruments
or generated by simulator
Processed by software
Information/knowledge stored in computer
Scientist analyzes database/files
using data management and statistics

@ Thwc nghiém

s Ly thuyét

FOURTH
PARADIGM

DATA-INTENSIVE SCIENTIFIC T

Tinh toan va
mo phéng

dir liéu

Data-intensive Scientific Discovery
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DLL cé thé dem I

Dt liéu I&n thay d6i dién mao doanh nghiép,
cong ty cong nghiép va khéi nghiép
Cac doanh nghiép d3 cd thé truy cap tdi céc
ngudn dit liéu I&n:

di¥ liéu ddc quyén = tai nguyén
Nganh céng nghiép ciling sé thay d6i manh mé.

Vi du: advanced manufacturing

process optimization

Cung va&i sy phat trién manh mé cha nghanh
khoa hoc di¥ liéu (KHDL) |a co héi khéi nghiép

startups = ideas + KHDL + $5S ?
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Machine learning predicts the look of stem cells, Nature News, April 2017
The Allen Cell Explorer Project

.... Computer scientists analysed thousands of the images using
and found relationships between the locations of cellular structures. They then used that information to
predict where the structures might be when the program was given just a couple of clues, such as the position of the nucleus.
The program ‘learned’ by comparing its predictions to actual cells”




Andrew Ng’s Analogy

M6 hinh tinh toan Ién,
e.g., deep learning/Al

Co sd ha tang tinh toan,
nha nghién cltu,

moi truong va chinh sach
nhu bé phdng

D liéu I&n nhu

nguodn nang luong -
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Thach thirc va
Key challenges and issu
« Ethical issues (dao dtrc)
breach of privacy, collection of
data without informed consent
« Security and privacy (bao mat
va thong tin ca nhan)
the ease of stealing, including
identity theft, the stealing of
national security information
- Issue of exploitation (truc loi
bat hop phap)

commercial mining of
information; targeting for
commercial gain

» Issues of power and politics

(quyén luc va chinh tri)

the use of data to perpetuate
particular views, ideologies

« Issues of truth (suw that)

the perpetuation of falsehoods;
propaganda

- Issues of social justice (cong

bang trong x3 hoi)
information is overwhelmingly
skewed towards certain groups

and leaves others out of the
‘digital revolution’.  [Radika Gorur]
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Thach thic va

Key challenges and issu

« Data and storage overgrow computation!

Web, mobile, sensor, scientific, etc.

Facebook’s daily logs: 60TB

1,000 Genomes Projects: 200%B

Google Web index: 10+ PB

Cost of 1TB of disk: ~ $50
Storage getting cheaper

Céach tiép can va
phwong phap phan
tich dtr liéu tré
thanh chia khoa
quan trong!

Size doubling every 18 months
Stalling CPU speeds and storage bottlenecks
Time to read 1TB from disk: 3 hours (100MB/S)

©Dinh Phung, 2017 ‘ VIASM 2017, Data Science Worl

Thach thic va

Key challenges and issu

« C6 phai c c6 nhiéu dit liéu thi cang t6t khéng?

« Diéu nay chua chac:

Nham Ian noise/artefact véi thong tin that (more false positives).

Tang gia thanh lwu trir div liéu va tinh toan khong hiéu qua.

Phirc tap héa van dé khdng dang cach.

Nhirng m6 hinh phan tich dit liéu tinh vi va hiéu qua cé thé khéng

trng dung dugc nira.

©Dinh Phung, 2017 = VIASM 2017, Data Science Worl




Tom tat vé DLL

D liéu I&n (DLL) x(r ly tap dir liéu rat I16n
hodc (déng thoi) rat phire tap vuot qud
gidi han cta cong nghé va ky thuat c6 dién.
DLL c6 ba dac tinh quan trong:
Kich thudc rat 1&n: petabytes, zettabytes
Dong dit liéu khéng ngirng chuyén déng
Dir liéu da dang, khé diéu khién, di chuyén
tlr ciu truc (structured) sang khong cau tric
(unstructured data).
DLL dén tir nhiéu ngudn khac nhau va khéng
nglrng I&n [én
Dt liéu online, mang xa hoi.
K&t ndi van vat (IoT) va thiét bj thong minh
(smart devices, sensors).
Cac giao dich va dit liéu trong doanh nghiép.

e DLL dem lai nhiéu co hoi
Loi ich chién lugc quéc gia
Doanh nghiép va khai nghiép
Kham pha khoa hoc
e Nhung ciling dat ra nhiéu thach thirc va
13m cam b3y
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Tiép can div |
nhw thé n

* Ditliéuldn la gi?
— Dt liéu I&n tir dau dén?
— Co hdi va thach thie cda dit liéu I6n
e Tiép can dit liéu I16n nhw thé nao?
Quan ly dit liéu I&n
X Iy dit lidu 1én
Tinh todn phan tan va song song
Gidi thiéu nén tang cong nghé

V 4

ieu Io&n

ao?

Toa dam | Panel discussion

C4u hédi 1: C6 can quan tdm dén dit liéu I&n khéng?
Cau hoi 2: C6 phai c c6 nhiéu dit liéu |13 tot khéng?

Cau hoi 3: Dt liéu I&n hay dit liéu nhd? Lean data or

big data?

Chia khéa cta dir |

» Dau la chia khéa khoa hoc va
cong nghé cha DLL?

Quan tri dit liéu, tirc luu trix,
bao tri va truy nhap céc nguén
dir liéu lon.
Phan tich dit liéu, tic tim cach
hiéu dugc dit liéu va tim ra céc
thong tin hoac tri thirc quy bau
tlr dir liéu.
Trao d0i, hién thi di liéu va két
qua phan tich dir liéu dé tao ra
san pham hay gid tri.

i
a DATA
MANAGEMENT

a DATA MODELING and
ANALYTICS

VISUALIZATION
DECISIONS and VALUES
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Chia khéa cta dir |

= Héi gi khi tiép cdn DLL?

FUNDAMENTAL CONCERNS

How quickly do we need to get the results?
‘ How big is the data to be processed?
b Does the model building require several iterations or a single iteration?

SYSTEM CONCERNS

Will there be a need for more data processing capability in the future?
Decisignal Is the rate of data transfer critical for this application?
Questions Is there a need for handling hardware failures within the application?

TECHNOLOGY CONCERNS

What are the infrastructures (cloud/physical systems) to be used?

What are the technologies to be used for distributed/parallel processing?
Is there a need to invest into researching a new model?

[Reddy and Singh, A Survey on platforms for big data analytics, Journal of Big Data, 2014]

©Dinh Phung, 2017 VIASM 2017, Data Science Worksho

Xt ly dit liéu Ién
Big data processing
« Key technology to process big data
Scaling out
Distributed computing
Parallel computing

 Important open source technologies:
MapReduce
Hadoop
Spark
TensorFlow

©Dinh Phung, 2017 VIASM 2017, Data Science Worksho

Quan ly dir liéu l&

Big data management

o ORACLE Thuong mai
Us) \‘,\‘ \
‘O (NoSQLDB) ORACLE

(RDBMS)

JAccEL

VE RTIC\

4

Greenpl
pos Dir liéu
cdu tric

Dir liéu asterdata
khéng cau tric

w Cassandra s MN ot S |_
‘mongoDB Only \Q
:@hadaap

Ma nguén mé
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Xt ly dit liéu Ién
Nhirng thuat ng& quan tro
« Scalability

the ability of the system to cope with the
growth of data, computation and complexity
without compromising the services and its
core functionalities.

- Data I/O performance

the rate at which the data is transferred
to/from a peripheral device.

< Fault tolerance

the capability of continuing operating
properly in the event of a failure of one or
more components.

[Reddy and Singh, A Survey on platforms for big data analytics, Journal of Big Data, 2014]

©Dinh Phung, 2017 VIASM 2017, Data Science Worksho




Nhirng thuat ng(f quan t

= Real-time processing
the ability to process the data and produce
the results strictly within certain time
constraints.

« Data size supported
the size of the dataset that a system can
process and handle efficiently.

< Iterative tasks support

the ability of a system to efficiently support
iterative tasks.

[Reddy and Singh, A Survey on platforms for big data analytics, Journal of Big Data, 2014]

Tinh toan phan t

Distributed and Parallel

Tinh todn phan tan: bai toan dugc chia
nhé thanh cum va phan tan vao nhiéu may
khac nhau; moi may c6 mot bo nhd riéng.

Tinh todn song song: bai toan cd cau tric
tinh toan song song, dugc chia nho vao
nhiéu bd xir ly dé tinh song song cé cung
bo nhé chung.

‘" "Processor  Processor

| | |

-—

Key difference: private vs shared memory

©Dinh Phung, 2017‘ VIASM 2017, Data Science Work:

Tinh toan phan tan va
song song

Distributed vs Parallel computation T
e Ditliéuldn la gi?
’ — Dit liéu I6n tir dau dén?
— Co héi va thach thire cha DLL
Tiép can di? liéu I&n nhu thé nao?
— Quan ly dir liéu 16n
— X ly dit liéu lon
— Tinh toan phan tan va song song
— Gidi thiéu nén tang cong nghé

Tinh toan phant
Distributed and Parallel

Phén tinh dir liéu = M6 hinh + Di¥ liéu

Song song héa mé hinh
(model parallelism):

Song song hoéa di¥ liéu
(data parallelism):

Nhiéu mé hinh chay trén
cung mét tap dir liéu
\(e.g., Gibbs sampling) /

D liéu dwoc chia thanh

cum va chay song song
trén cung mot moé hinh

\ I %
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Tinh toan phan t

Tinh song song bang ph3

= Multicore CPU
machine with dozens of processing cores
parallelism achieved through multithreading

Drawbacks:
limited number of processing cores.
limited memory few hundred gigabytes.

©Dinh Phung, 2017 = VIASM 2017, Data Science Worl

Tinh toan phan t
Tinh song song bang ph3

« Some examples we used (~25K AUD)

« 1 x Ubuntu machine

CPU: Intel® Core™ i7-2600K @ 3.40GHz (8M
Cache, up to 3.80Ghz, 4 cores, 8 threads)

RAM: 16GB
HDD: 2TB + 12TB (Qnap-NAS)

GPU: 3x NVIDIA GeForce GTX 590 (1024
cores, 3GB memory)

©Dinh Phung, 2017 = VIASM 2017, Data Science Worl

Tinh toan phant
Tinh song song bang pha

= Hardware: GPUs
highly parallel simple processors
large number of processing cores (2K+)

orders of magnitude speedup compared
with multicore CPU.

Drawbacks:
limited memory (12GB memory per GPU)

few software and algorithms that are
available for GPUs.

©Dinh Phung, 2017 = VIASM 2017, Data Science Worl

Tinh toan phant
Tinh song song bang pha

« Some examples we used (~70K AUD, ARC Grant )

« 5 NVIDIA DEVCUBE (20K USD)
RAM: 128GB
SSD: 256GB + 480GB 'IAII’A‘
—
HDD: 8TB mirror

GPU: 4x NVIDIA TITAN X (3072 cores,
1000 MHz, 12GB memory)

Design specially for Deep Learning

B
x

Theano, Tensorflow, Torch, Caffe
Python
Linux packages and libraries

Develop and experiment parallel
algorithms, such as for DL, on single
GPU or multiple GPUs

©Dinh Phung, 2017 = VIASM 2017, Data Science Worl




Tinh toan phan ta
X Iy phan tan véi hé thong

= Cluster Computing Systems

a collection of similar workstations or PCs, closely
connected by a high-speed LAN, each node runs the
same operating system

Advantages

Economical: 15x cheaper than traditional
supercomputers with the same performance

Scalability: Easy to upgrade and maintain
Reliability: continuing to operate even in case of
partial failures

Disadvantages

Difficult to manage and organize a large number of
computers

Low data I/O performance
Not suitable for real-time processing

httpi//csis.pace.edu/~marchese/CS865/Lectures/Chap 1/Chapteria_files/image007.pg
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Tinh toan phan ta
Xt ly phén tan trén cloud
Provided by large IT companies

Google Cloud Platform
Disadvantages

data security

Amazon Web Services

Microsoft Azure

« Advantages dependency on the provider

low investing and maintaining cost a constant internet connection

anywhere and at anytime accessibility migration Issue

high scalability

Z EE
e Microsoft Azure

©Dinh Phung, 2017 VIASM 2017, Data Science Worksho

Tinh toan phan ta
Xu Iy phan tan véi hé thong

= Some examples we used (~120K AUD, ARC Grant )

Clusters of 8 CentOS machines

Server name
gandalf-1.it.deakin.edu.au 10.120.0.241
gandalf-2.it.deakin.edu.au 10.120.0.242

gandalf-3.it.deakin.edu.au 10.120.0.243

CPU: Intel® Xeon® E5-26700 @
2.60GHz (8 cores, 16 threads)
Processing cards: Intel Xeon Phi
coprocessor cards (60 cores)
RAM: 128GB

HDD: 24TB

gandalf-4.it.deakin.edu.au 10.120.0.244
gandalf-5.it.deakin.edu.au 10.120.0.245
gandalf-6.it.deakin.edu.au 10.120.0.246
gandalf-7.it.deakin.edu.au 10.120.0.247

gandalf-8.it.deakin.edu.au 10.120.0.248

©Dinh Phung, 2017 = VIASM 2017, Data Science Worksho

Gidi thiéu mot sé
cong nghé quan trong

Dit liéu lon la gi?
DU liéu 16n tir dau dén?

MapReduce, Hadoop, Spark,
TensorFlow, MLIib

Co h6i va thach thirc ca dit liéu lon
Tiép can di? liéu I&n nhu thé nao?
— Quan ly dir liéu 16n
— X ly dit liéu lon
— Tinh todn phan tan va song song
— Gidi thiéu nén tang cong nghé




Cong nghé MapReduce

Parallel processing with MapReduce

o Nhu cau x& ly DLL tdng nhanh

e MapReduce

o invented by Google in 2004 and used in
Hadoop.

o breaking the entire task into two parts:
mappers and reducers.

o mappers: read the data from HDFS,
process it and generate some
intermediate results.

o reducers: aggregate the intermediate
results to generate the final output.

e Key Limitations

o inefficiency in running iterative
algorithms.

o Mappers read the same data again and

again from the disk.

©Dinh Phung, 2!

Cong nghé Hadoop
Apache Hadoop

o Hadoop Distributed File System (HDFS)

= adistributed file-system that stores data on
the commodity machines, providing very
high aggregate bandwidth across the
cluster.

= designed for large-scale distributed data
processing under frameworks such as
MapReduce.

= store big data (e.g., 100TB) as a single file
(we only need to deal with a single file)

- fault tolerance: each block of data is
replicated over DataNodes. The redundancy
of data allows Hadoop to recover should a
single node fail -> reminiscent to RAID
architecture

©Dinh Phung, 2017

Cong nghé Hadoop
Apache Hadoop

o Apache Hadoop:

o an open source framework for storing and
processing large datasets using clusters of

REDUCE

commodity hardware
i ~ A A N 5 Big Data d ; —
o highly fault tolerant: (dit liéu nhan thanh 3 ban) (8, e o e zme podanr
. node 3 big data piece
o scaling up to 100s or 1000s of nodes T

s § s § s | — —

compute E
B2 G

Y

o Hadoop components:
- Common: utilities that support the other Hadoop modules

MapReduce

o YARN: a framework for job scheduling and cluster resource
management. -

;1DFS (Hadoop Distributed File System)
o HDFS: a distributed file system
- MapReduce: computation model for parallel processing of large LVARN l memn]

datasets.
o Key limitation: not suitable for iterative-convergent algorithm!  gusn: opensource.comi

nh Phung, 2017 VIASM 2017, Data Science Workshop, FIRST 42

Cong nghé Spark

Distributed
execution

Data
parallelization

Outcome
aggregation

[Ngudn: https://www.supinfo.com/articles/single/2807-introduction-to-the-mapreduce-life-cycle]

Apache Spark

HDFS Terminology

HOFS Architecture

o Key motivation: suitable for iterative-
convergent algorithms!

File

[ Metadata (Name. replicas, .. ) .

e G R A o Inherits all features of Hadoop S
« Namenode G oo
« Datanode Read Datanodes Datanodes S k kev f .

] — ] ark key teatures: SparkSQL
« DFS Client ‘-: \L E s ; [ m P Y parkSQ
* Files/Directories —— —— —— T o Resilient Distributed Datasets (RDD) Programming —
. E,e P|'I(Catlon ' @ o « Read-only, partitioned collection of records S ) Data.FrameJ
* BIOCKS

distributed across cluster, stored in memory

« Rack-awareness .
or disk.

Construct
DataFrames

= Data processing = graph of transforms where
nodes = RDDs and edges = transforms.

Spark-CSV

Action

o Benefits:
= Fault tolerant: highly resilient due to RDDs

“With a rack-aware file system, the JobTracker knows
which node contains the data, and which other machines
are nearby. If the work cannot be hosted on the actual
node where the data resides, priority is given to nodes in
the same rack. This reduces network traffic on the main
backbone network”.

Operations

- Cacheable: store some RDDs in RAM, hence
faster than Hadoop MR for iteration.

= Support MapReduce.

©Dinh Phung, 2017 VIASM 2017, Data Science Workshop, FIRST 44
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Spark vs MapReduce

[Ngudn: adato]

Spark

table = load(“housePrices”)
table.dropNA
table.train.gim(“price”, “sf,zip,beds,baths”)

©Dinh Phung, 2017 = VIASM 2017, Data Science Workshop, FIRST

Cong nghé TensorFlow

Parallel processing with TensorFlow

@ TensorFlow

o open-source framework for
deep learning, developed by
the GoogleBrain team.

o provides primitives for
defining functions on tensors
and automatically computing
their derivatives.

Strong External Adoption
Adoption of Deep Learning Tools on GitHub

I GitHub Stars.

TensorFlow [N GitHub Forks

Caffe

Torch

GitHub Launch Jan. 2008

Theano A

0 10000 20000 30000

I tensorflow / tensorflow

¢>Code  (lssues 756  [1Pull requests 42 [ Projects 0 4~Pulse  |ii Graphs

Computation using data flow graphs for scalable machine learning http://tensorflow.org
© 20 releases

® 13,142 commits 16 branches

TensorFlow

@Watch~ 4,024

22 588 contribut
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Spark vs Hadoop

Sorted 100 TB of data on disk in 23 Data Size
minutes; Previous world record set E{ansed] Tine
by Hadoop MapReduce used 2100 P
machines and took 72 minutes. # Nodes

# Cores

This means that Apache
Spark sorted the same
data 3X faster using 10X
fewer machines.

Sort Benchmark
Daytona Rules

Network

“Winning this benchmark as a
general, fault-tolerant system marks
an important milestone for the Spark
project”.

Sortrate

Sortrate/node

[Nguon: https://databricks.com]

©Dinh Phung, 2017

Cong nghé TensorFlow

Parallel processing with TensorFlow

e Back-end in C++: very low overhead

e Front-end in Python or C++: friendly
programming language

@ ...and even in more platforms

Mac 0S CPU

[ build | passing |

Windows CPU

[ build | passing |

Linux CPU

[ build |passing |

Linux GPU

[ build |passing |

©Dinh Phung, 2017

Cluster disk throughput

Android

build |passing

dedicated data center, virtualized (EC2)

10Gbps 10Gbps network
1.42 TB/min 4,27 TB/min
0.67 GB/min 20.7 GB/min

VIASM 2017, Data Science Workshop, FIRST

Hadoop MR Spark Spark
Record Record 1PB
102.5TB 100 TB 1000 TB
72 mins 23 mins 234 mins
I 2100 206 190
50400 physical 6592 virtualized 6080 virtualized
3150 GB/s 618 GB/s 570 GB/s
(est.)
Yes Yes No

virtualized (EC2)
10Gbps network

4.27 TB/min

22.5 GB/min

ensorriow

o Switchable between CPUs and GPUs

import tensorflow as tf

import tensorflow as tf

with tf.device('/cpu:'): “ with tf.device('/gpu:@'):

a= tF.constant(l.a)\

a = tf.constant(1.9)

o Multiple GPUs in one machine or
distributed over multiple machines

VIASM 2017, Data Science Workshop, FIRST

import tensorflow as tf

with tf.device('/gpu:0'):
a = tf.constant(1.0)

with tf.device('/gpu:1'):
b = tf.constant(2.1)




M6 hinh I&n cho dit liéu lén M6 hinh |&n cho dit liéu lén

Scikit-learn cho dit liéu vira va nho Scaling up ML and statistical models

o o Most of machine learning and statistical algorithms are iterative-convergent!
scikit-learn

algorithm cheat-sheet @ This is because most of them are optimization-based methods (e.g., Coordinate
Descent, SGD) or statistical inference algorithms (e.g, MCMC, Variational, SVI).

classification

o And, these algorithms are iterative in nature!

regression

Spark

: MLLib
Streaming

GraphX

Apache Spark

dimensionality
‘ﬁ;‘g‘ ; reduction
‘ Standalone YARN -
‘ For small-to-medium datasets
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M6 hinh I&n cho dit liéu lén 8 MO hinh lén cho dit lieu lon

Scaling up ML and statistical models _ Scaling up ML and statistical models

o MLIib history > Regression tree MLIib e Machine learning and statistical models for big data

o Isotonic regression

= A p|at.f°rm on .Spark pr°"i‘_ji“.g scalable ) a ) o Why traditional methods might fail on big data?
machine learning and statistical modelling o Clustering i
algorithms. o K-means o Three approaches to scale up big models
o Developed from AMPLab, UC Berkeley and o Gaussian mixture o Scale up Gradient Descent Methods
i i i o Power iteration clustering (PIC .
shipped with Spark since 2013. L Dirichiet Allocati & (LD; o Scale up Probabilistic Inference
o MLlib algorithms o Latent Dirichlet Allocation (LDA) ) .. s
Classificati o Streaming k-means o Scale up Model Evaluation (bootstrap) Bai Giang
o assification
Collaborative filteri ommende i .
o Linear models (linear SVMs, logistic . s;)stzmo)ra ive filtering (recommender C Open sources for blg models Tlep Theo

regression) o Mllib, Tensorflow

Naive Bayes o Alternating least squares (ALS),

o . .

Least squares o Non-negative matrix factorization (NMF) e Three approaches to build your own big models
o

. Classification tree o Dimensionality reduction - Data augmentation

o Ensembles of trees (Random Forests and > Singular value decomposition (SVD) 5 Stochastic Variational Inference for Graphical Models

Gradient-Boosted Trees) o Principal component analysis (PCA)
Regression » Optimization o Stochastic Gradient Descent and Online Learning
u]
o Generalized linear models (GLMs) o SGD, L-BFGS

fehinh Phune, 2017 | VIASM 2017, Bata SEEIE _



Tém tat nhitng thong

Dit liéu lén la gi?

— D{t liéu tir dau dén?

— Co hoi va thach thirc ctia DLL
Tiép can dit liéu I&n nhu thé nao?

— Quan ly dit liéu lén

— Xt ly dit liéu I6n

— Tinh todn phan tan va song song

— Gidi thiéu nén tang cong nghé

DLL ngay cang phé bién va cé ba dac tinh quan
trong: Kich thuéc rat Ion, DIt liéu da dang khé diéu
khién va Dong dit liéu khdng nglrng chuyén déng.
DLL dem lai nhiéu co hdi nhwng ciing dat ra nhiéu
thach thuec.

Khi ti€p can DLL cé ba budc ta can quan tam:

Lwu trir dit liéu nhu thé nao?

Dung cdng nghé gi dé x{r ly dir liéu?

Dung cdng cu va m6 hinh gi dé phan tich dir liéu?
Nhitng nén tang cong nghé ma nguén ma chinh
cho DLL dé tham khao bao gom:

Hadoop + MapReduce

Spark

TensorFlow (chd yéu cho deep learning)
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