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Outline of the Course

1. HPC Introduction & Parallel and Scalable Clustering using DBSCAN

2. Parallel and Scalable Classification using SVMs with Applications
3. Deep Learning using CNNs driven by HPC & GPUs

4. Deep Learning using LSTMs driven by HPC & GPUs
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Outline

* High Performance Computing (HPC)
= Supercomputing and Big Data for Machine Learning
= PRACE & DEEP Projects shaped JSC Dual Concept
= Modular Supercomputing Architecture (MSA)
= Scheduling Principles with Job Scripts & Reservations
= JURECA HPC System for Practicals

= Parallel & Scalable Clustering using DBSCAN
= Clustering Methods and Approaches
= DBSCAN Clustering Algorithm
= Hierarchical Data Format (HDF) Basics
= Parallel HPDBSCAN & HDF5 Data Format
= Point Cloud Application Example Bremen




HPC Introduction
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Supercomputing and Big Data for Machine Learning

= Rapid advances in ‘big data‘ collection and
storage technologies in the last decade

| = Extracting useful information is a challenge
™ " considering ever increasing massive datasets

= Traditional data analysis techniques cannot be
used in growing cases (e.g. memory limits)

= Machine learning / Data Mining is a technology that blends traditional data analysis
methods with sophisticated algorithms for processing large volumes of data

= Machine Learning / Data Mining is the process of automatically discovering useful
information in large data repositories ideally following a systematic process

modified from [29] Introduction to Data Mining

"= Machine Learning & Statistical Data Mining of Big Data

= Traditional statistical approaches are still very useful to consider
= E.g.in order to reduce large quantities of data to most expressive datasets



Machine Learning Prerequisites

1. Some pattern exists
2. No exact mathematical formula
3. Data exists

" |dea ‘Learning from Data’
shared with a wide variety Mining
of other disciplines

= E.g.signal processing,
data mining, etc.

* Challenge: Data is often complex

Machine learning is a very broad subject and goes from
very abstract theory to extreme practice (‘rules of thumb’)

Machine learning algorithms can leverage parallel computing




Examples of Real Data Collections

= Data collection of the earth and environmental science domain

= Different from the known ‘UCI machine learning repository examples’

(real science datasets examples) (examples for learning & comparisons)

PANGAEA®

Machine Learning Repository

Center for Machine Learning and Intelligent Systems

Data Publisher for Earth & Environmental Science

Abalone Multivariate Classification Categorical 77 8 1995
Integer, Resl
Adult Multivariate Classification Categorial 18802 1 1996
4 integer
Annealing Multivariate Classification et [ 3
nonymous Micros Recommender-Systems ‘Categorical 37711 294 1998
; ’ Categorical
Arthythmia Multvariate Classification pegerea |42 219 1998
All Water Sediment lce Atmosphere P
Adtificial Characters Multivariate Classification s 5000 7 1992
— nteger, Real
Reykjavik || Search |
?’W Audiolog (Original) Multivariate Classification ‘Categorical 226 1987
Help Advanced Search Preferences  more... ;
Audiology (Standardized) Multvariate Classification Categorical 25 E) 1992
EN
Auto MPG Multivariate Regression ng‘g"”“‘ 398 8 1993
About — Submit Data — Projects — Software — Contact Sutomoble — a— I P PR

[30] PANGAEA data collection [31] UCI Machine Learning Repository



Methods Overview — Need for Parallel Algorithms

= Machine learning methods can be roughly categorized in classification, clustering, or regression
augmented with various techniques for data exploration, selection, or reduction

Classification Clustering Regression
P
- - )t
W @9 W A 4
A 4
W
A 4
" Groups of data exist = No groups of data exist = |dentify a line with
= New data classified = Create groups from a certain slope

to existing groups data close to each other describing the data



Understanding High Performance Computing

= High Performance Computing (HPC) is based on computing resources that enable the efficient use
of parallel computing techniques through specific support with dedicated hardware such as high
performance cpu/core interconnections.

@ network @:ﬂ
interconnection

important

focus in the next slides

= High Throughput Computing (HTC) is based on commonly available computing resources such as
commodity PCs and small clusters that enable the execution of ‘farming jobs’ without providing a
high performance interconnection between the cpu/cores.

'“., ke network
= @ @ interconnection BO0
@ @ HTC less important! O 0O O




Partnership for Advanced Computing in Europe (PRACE)

= Basic Facts

[19] PRACE

HPC-driven infrastructure

An international not-for-profit
association under Belgien
law (with its seat in Brussels)

Has 25 members and
2 observers

y &
B GERMANY. 'POLAND

Governed by the PRACE . S
Council in which each W_}

member has a seat

BULGARIA

Daily management

of the association is
delegated to the Board ..~
of Directors

~—
i ISRAEL

[

- A
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PRACE as Persistent pan-European HPC Infrastructure

Mission:
enabling world-class science through
large scale simulations

Offering:

HPC resources on leading edge

capability systems

Resource award: o
through a single and fair pan- W

European peer review process for
open research

e , @ ] S {
Ve B (\: -
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HPC o
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O
“ .@ - ISRAEL

; [
[19] PRACE g -4
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PRACE European vs. Regional Systems

European systems operated by HM

Tier-1 national systems
operated by PRACE partners

Tier-2 regional systems operated by

individual research institutions
[19] PRACE
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[Video] JUQUEEN - Supercomputer Upgrade Example

e

e

T,

o

UEE]




2009
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JSC Dual Approach IIDEEP

Projects

IBM Power 4+ JUMP
9 TFlops/s

IBM Power 6 JUMP IBM Blue Gene/L JUBL

9 TFlops/s - 45 TFlops/s

IBM Blue Gene/P JUGENE
1 PFlops/s

JUROPA
200 TFlops/s

HPC-FF

100 TFlops/s IBM Blue Gene/Q JUQUEEN

5.9 PFlops/s
GPFS Lustre

JUQUEEN : |

Hierarchical Storage
Server

General-Purpose Cluster Highly Scalable System
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DEEP

= Dynamic Exascale

Entry Platform

3 EU Exascale projects g

DEEP
DEEP-ER
DEEP-EST

27 partners
Coordinated by JSC

EU-funding: 30 M€

JSC-part > 5,3 M€

Nov 2011 —Jun 2020

[20] DEEP-EST EU Project

DEEP Projects & Partners

8517,
=

%ﬁ;} UNIVERSITY OF ICELAND

ASTRRON

erlands institute for Radlo Ascranomy
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Projects
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Deep Projects — Application Co-Design > Heterogenity

' N,é”urﬁn . NEST xPiC
7 ' B \

&

TurboRVE

\cHROMA GROMACs =~ HPDBSCAN
- VAT HSpisuM NG

Projects

[ I/IDEEL J [20] DEEP-EST EU Project




General

Purpose

CPU

FPGA

| MEM
| VRAM

N
DN

Emerging HPC Architecture

Service Mcdule
Scalable Storage

Storage FS'corage
system system

/ Modulel

Cluster Module

General
Purpose
CPU

FPGA

NVRAM

o

Module 3

Data Analytics Module

—

NAM

\

ﬁossible Application Workload
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IDEEPL

Projects

[20] DEEP-EST EU Project
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Federation

Module 2
Extreme Scale Booster
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Modular Supercomputing @ JSC | /IDEEPL

Projects
IBM Power 4+ [20] DEEP-EST EU Project
JUMP, 9 TFlop/s
IBM Blue Gene/L
IBM Power 6 ¥ | JUBL, 45 TFlop/s
JUMP, 9 TFlop/s
le(J)g(_)rI;:-\ , storage IBM Blue Gene/P
op/s JUST JUGENE, 1 PFlop/s
HPC-FF
100 TFlop/s

IBM Blue Gene/Q
JURECA (2015) JSUQQ;JFEIEN
2.2 PFlop/s . op/s
= -
BRBkki.  JURECA Booster

(2017)
5 PFlop/s




JURECA HPC System I/DEEL

Projects
[20] DEEP-EST EU Project

Sac ) (intel

ade server solution - Dell PowerEdge C6320P solution

o Dual-socket Intel Xeon Haswell CPUs o Intel Xeon Phi “Knights Landing” 7250-F
- Mellanox InfiniBand EDR network — Intel OPA network
- Peak: 1.8 PF (CPUs) + 0.4 PF (GPUs) - Peak: 5 PF
- 281 TiB main memory - 157 TiB main memory + 26 TiB MCDRAM

- 100 GBps storage bandwidth - 200 GBps storage BW



GPU Module

= Deep
learning

Roadmap & Machine Learning [

Cluster
Module

N

/
T —

}\ ®* Training

< A —

Y N
Many-core Booster

Testing
Inference

fData Analytics
Module

Storage
Module

Data
Models

IDEEPL

Projects

|

[20] DEEP-EST EU Project
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IBM Power 4+
JUMP (2004), 9 TFlop/s

IBM Power 6 IBM Blue Gene/L

JUMP, 9 TFlop/s JUBL, 45 TFlop/s
JUROPA IBM Blue Gene/P
200 TFlop/s JUGENE, 1 PFlop/s
HPC-FF

100 TFI
00 TFlop/s IBM Blue Gene/Q

JUQUEEN (2012)
5.9 PFlop/s

JURECA Cluster (2015)
2.2 PFlop/s

\JURECA Booster (2017)

5 PFlop/s
- Hierarchica
Stogage Server
m%dular
JUWELS Cldster Supercomputer JUWELS Scalable
Module (2018)

y Module (2019/20)
12 PFlop/s

50+ PFlop/s

General Purpose Cluster

Higniy scalable
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[Video] PRACE — Introduction to Supercomputing

Earth Climate Simulation
['.;.. e it S\ I{

P o) 346/636

[21] YouTube, ‘PRACE - Introduction to Supercomputing’



Parallel Computing

" All modern supercomputers depend heavily on parallelism

=  We speak of parallel computing whenever a number of ‘compute
elements’ (e.g. cores) solve a problem in a cooperative way

[22] Introduction to High Performance Computing for Scientists and Engineers

= Often known as ‘parallel processing’ of some problem space

= Tackle problems in parallel to enable the ‘best performance’ possible

" ‘The measure of speed’ in High Performance Computing matters

= Common measure for parallel computers established by TOP500 list
= Based on benchmark for ranking the best 500 computers worldwide

::::: ‘ m [23] TOP 500 supercomputing sites

network interconnection important



JURECA CLUSTER & BOOSTER Module @ JSC
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Tutorial Machine: JSC JURECA System — CLUSTER Module

= Characteristics

= Login nodes with 256 GB
memory per node

= 45,216 CPU cores

= 1.8 (CPU) +0.44 (GPU) [24] JURECA HPC System
Petaflop/s peak performance

= Use our ssh keys to get an
access and use reservation

= Two Intel Xeon E5-2680 v3 Haswell

CPUs per node: 2 x 12 cores, 2.5 GhZ = Put the private key into
= 75 compute nodes equipped with two your ./ssh directory (UNIX)
NVIDIA K80 GPUs (2 x 4992 CUDA cores) " Use the private key with

your putty tool (Windows)

= Architecture & Network

= Based on T-Platforms V-class server architecture

= Mellanox EDR InfiniBand high-speed @ HPC
network with non-blocking fat tree topology @

= 100 GiB per second storage connection to JUST



Exercise — Login to JURECA with TrainXYZ Accounts

YV V V V VY

train003 — train020 are training accounts that are used in the tutorial for JURECA using SSH Keys
Every participant needs to pick one trainXYZ account from the list

Download keys: https://fz-juelich.sciebo.de/s/IIFC5Q0jZZflcCC

Password: request to m.riedel@fz-juelich.de

UNIX: chmod 600 for changing the rights to the key for the ssh client, ssh-add (not standard name)




JURECA System — SSH Login

= Use your account train004 - train050
" Windows: use putty or MobaXterm (better with x-server)

= UNIX: ssh trainXYZ@jureca.fz-juelich.de
= Example

adminuser@linux-8djg:~> ssh train@@l@jureca.fz-juelich.de

Warning: the ECDSA host key for 'jureca.fz-juelich.de' differs from the key for the IP address '134.94.33.
9 1

Offending key for IP in /home/adminuser/.ssh/known_hosts: 12

Matching host key in /home/adminuser/.ssh/known_hosts:19

Are you sure you want to continue connecting (yes/no)? yes

JLast login: Mon Aug 21 14:29:03 2017 from zam2036.zam.kfa-juelich.de

EEF S EE S EEE S R R R R EEEEEEEE S EEEE S EFEE S EF RS SRS EEEEEEEEE RS LSS TSRS

* Welcome to JURECA *
* *
* Information about the system, latest changes, user documentation and FAQs: *
* http://www.fz-juelich.de/ias/jsc/jureca *
EE R FE R E R R E PR R R E R R E R R E R R E R EE R R E R R E SR EE R EE R R E SRR SR EEEEEEEEE R EEEE S
* ### Known Issues ### *
* *
* An up-to-date list of known issues on the system is maintained at *
* http: //www.fz-juelich.de/ias/jsc/jureca-known-issues *
* Open issues: *
* - Intel compiler error with std::valarray and *
* optimized headers, added 2016-03-20 *

» Remember to use your own trainXYZ account in order to login to the JURECA system




Using SSH Clients for Windows

= Example: using the Putty SSH client
(other SSH tools exist, e.g. could be MoabXTerm, etc.)

ﬁ PuTTY Configuration

ﬁ PuTTY Configuraticn

[25] PUTTY tool

L}

B2- Sgssion
i o

- Terminal

- Keyboard
- Bell

- Features
= Window

- Appearance
- Behaviour
- Translation
- Selection
- Colours

[=- Connection

- Data

. Praxy

- Telnet

- Rlogin

[+ SSH

- Serial

Basic options for your PuTTY session

Specify the destination you want to connect to

Categary:

Host Name (or IP address) Part
helda.rhi hiis 22
Tonnecﬁon type:

)Raw () Telnet ) Rlogin @ SSH () Serial

Load, save or delete a stored session

Saved Sessions

Default Settings i
Gordon Map-Reduce

Hadoop Advania

Maormis FutureGrid Map-Reduce
Mautilus-R-Course

SDiL 551
Ubuntu@Advania

Cloge window on exit:

) Mways () MNever @ Only on clean exit

[=- Session

. - Logging
=1 Teminal

- Keyboard
. Bell

- Features
=) Window

- Appearance
- Behaviour
- Tranglation
- Selection
- Colours

|§|-- Connection I
.. Data
____

- Prooy
- Telnet

- Rlogin
- 55H
- Serial

Data to send to the server

Login details

Autodogin usemame

LR = U = i

(71 Use system usemame (mr)

@ Prompt

Teminal details

mormis|

—

Teminal4ype string wderm

Teminal speeds 38400,38400

Environment variables

Variable
Cpen ] [ Cancel ]

» Configure Keys under SSH, change username to trainXYZ, and use hostname for JURECA




Scheduling Principles — SLURM Scheduler in Tutorial

= HPC Systems are typically not used in an interactive fashion
= Program application starts ‘processes’ on processors (‘do a job for a user’)
= Users of HPC systems send ‘job scripts’ to schedulers to start programs
= Scheduling enables the sharing of the HPC system with other users
= Closely related to Operating Systems with a wide varity of algorithms

= E.g. First Come First Serve (FCFS)

= Queues processes in the order that they arrive in the ready queue.

= E.g. Backfilling
= Enables to maximize cluster utilization and throughput
= Scheduler searches to find jobs that can fill gaps in the schedule

= Smaller jobs farther back in the queue run ahead of a job waiting at the
front of the queue (but this job should not be delayed by backfilling!)

= Scheduling is the method by which user processes are given access to processor time (shared)




Example: Supercomputer BlueGene/Q

e Detions  Ste active Search [ianetzko Last, Updatel1/15/12 12:15:01 next in|33 s Source| Wil | Help

BLUE GENE/Q JUEI -/*bgldi

[ LT T T T T T ] ueet: sz amsonssamarse,
free: 73728, 9 nds (0 nshd)
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16384 User#007 n0c2 o104 1824 7 1 03 1:0 13:08
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. 16384 Lsar#0l?  m002 310 B 9 1 A2 240 030
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130 User#023 moo 1 512 &Sz 7 1 L4 B0 16:59
137 Usar#002  mO0L % Bz ES 9 4 RS Ad0 4230
9132 User#005  n00L B OBl2 B9 7 1 224 240 14:02
8157 User#033  m001 % B Es 9 1 20 600 162
9132 Usersndd n0oL ® Bz B9z 7 1 R8 120 2003
TR 200 8130 User#00E mo0L B omz a7 1 B9 2400 14
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[26] LLView Tool



JURECA Example — Tutorial Reservations

ReservationName=bigdata-cpu StartTime=2018-07-26T09:45:00
EndTime=2018-07-26T14:15:00 Duration=04:30:00
Nodes=jrc[0056-0076] NodeCnt=21 CoreCnt=504 Features=thin
PartitionName=batch Flags=
TRES=cpu=1008

Users=s.luehrs,train001,train003,train004,train005,train006,train007,train008,train009,train010,train011,train0
12,train013,train014,train015,train016,train017,train018,train019,train020,train021,train022

Accounts=(null) Licenses=(null) State=INACTIVE BurstBuffer=(null) Watts=n/a

ReservationName=bigdata-gpu StartTime=2018-07-26T713:45:00
EndTime=2018-07-26T18:15:00 Duration=04:30:00
Nodes=jrc[0006-0010,0013-0028] NodeCnt=21 CoreCnt=504
Features=(null) PartitionName=gpus Flags=
TRES=cpu=1008

Users=s.luehrs,train001,train003,train004,train005,train006,train007,train008,train009,train010,train011,train0
12,train013,train014,train015,train016,train017,train018,train019,train020,train021,train022

Accounts=(null) Licenses=(null) State=INACTIVE BurstBuffer=(null) Watts=n/a



Jobscript JURECA Example & Reservation

#!/bin/bash -x

#SBATCH- -nodes=2

#SBATCH- -ntasks=48

#SBATCH- -ntasks-per-node=24

#SBATCH- -output=mpi-out.%j

#SBATCH- -error=mpi-err.%j

#SBATCH- -time=06:00: 00

#SBATCH- -partition=batch

#SBATCH- -mail-user=m. riedel@fz-juelich.de
#SBATCH- -mail-type=ALL
ZSBATCH__Job_pameztrain_jndianpines-2-48-24
#SBATCH- -reservation=ml-hpc-1

### location executable

Every day the reservation string is changed
on the HPC systems (below)

Change the number of nodes and tasks to
use more or less CPUs for jobs

Use the command sbatch <jobsript> in order
to submit parallel jobs to the supercomputer
and remember your <job id> returned

Use the command squeue —u <userid> in
order to check the status of your parallel job

PISVM=/homea/hpclab/train@0l/tools/pisvm-1.2.1/pisvim-train
#PISVM=/homeb/zam/mriedel/tools/pisvm-1.2.1ljurecanew/pisvm-train

### location data

TRAINDATA=/homea/hpclab/train00l/data/indianpines/indian_processed_training.el
#TRAINDATA=/homeb/zam/mriedel/bigdata/172-indianpinesrawproc/indian_processed_training.el

### submit

srun $PISVM -D -o 1024 -q 512 -c 100 -g 8 -t 2 -m 1024 -s 0 $TRAINDATA

» JURECA HPC System — Reservation Wedneday morning = bigdata-cpu




HPC Environment — Modules

Module environment tool

= Avoids to manually setup environment information for every application
= Simplifies shell initialization and lets users easily modify their environment

Module avail
= Lists all available modules on the HPC system (e.g. compilers, MPI, etc.)
Module spider

" Find modules in the installed set of modules and more information

Module load

= Loads particular modules into the current work environment, E.g.:
[train001@jr1l2 ~]3% module load GCC

Due to MODULEPATH changes, the following have been reloaded:
1) binutils/.2.29

The following have been reloaded with a version change:
1) GCCcore/.5.4.0 => GCCcore/.7.2.0

[train001@jrll2 ~]$%$ module load ParaStationMPI/5.2.0-1
[train001l@jrll2 ~]$ module load HDF5/1.8.19



[Video] Parallel 1/0 with I/O Nodes

[27] Simplifying HPC Architectures, YouTube Video



Unsupervised Clustering

O
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Methods Overview

= Machine learning methods can be roughly categorized in classification, clustering, or regression
augmented with various techniques for data exploration, selection, or reduction

Classification Clustering Regression
P
‘.’
-
v @9 Vv
-
9
" Groups of data exist =| No groups of data exist = |dentify a line with
= New data classified =] Create groups from a certain slope
to existing groups data close to each other describing the data




What means Learning?

= The basic meaning of learning is ‘to use a set of observations to uncover an underlying process’
= __The three different learning approaches are supervised, unsupervised, and reinforcement learnin

= Supervised Learning

= Majority of methods follow this approach in this course

= Example: credit card approval based on previous customer applications
= Unsupervised Learning

= Often applied before other learning = higher level data representation

= Example: Coin recognition in vending machine based on weight and size
= Reinforcement Learning

= Typical ‘human way’ of learning
= Example: Toddler tries to touch a hot cup of tea (again and again)



Learning Approaches — Unsupervised Learning — Revisited

* Each observation of the predictor measurement(s)
has no associated response measurement:
" lnput xX=2,,...,7,
= No output
= Data (x,),...,(x,)
" Goal: Seek to understand relationships between the observations

= Clustering analysis: check whether the observations fall into distinct groups

= Challenges
= No response/output that could supervise our data analysis
= Clustering groups that overlap might be hardly recognized as distinct group

= Unsupervised learning approaches seek to understand relationships between the observations
= Unsupervised learning approaches are used in clustering algorithms such as k-means, etc.
= Unupervised learning works with data = [input, ---]

[2] An Introduction to Statistical Learning



Learning Approaches — Unsupervised Learning Use Cases

= Earth Science Data (PANGAEA, cf. Lecture 1)
= Automatic quality control and event detection

,?wﬂ
(S

= Collaboration with the University of Gothenburg

= Koljoefjords Sweden — Detect water mixing events

= Human Brain Data
= Analyse human brain images as brain slices
= Segment cell nuclei in brain slice images
= Step in detecting layers of the cerebral cortex

= Point Cloud Data

= Analysis of point cloud datasets of various sizes
= 3D/4D LIDAR scans of territories (cities, ruins, etc.)

= Filter noise and reconstruct objects

» This clustering lecture uses a point cloud dataset of the city of Bremen as one concrete example I




Unsupervised Learning — Earth Science Data Example

= Earth Science Data Repository
" Time series measurements (e.g. salinity)
= Millions to billions of data items/locations

m Hydrosphere

m Lithosphere
Atmosphere
Cryosphere

= Less capacity of experts to analyse data
Total number of data sets 349 871

= Selected Scientific Case Data tems ~ 7.9 bilons @
= Data from Koljéfjords in Sweden (Skagerrak)

= Each measurement small data, but whole sets are ‘big data’
= Automated water mixing event detection & quality control (e.g. biofouling)

= Verification through domain experts

[3] PANGAEA data collection



Unsupervised Learning — Human Brain Data Example

» Research activities jointly with T. Dickscheid et al. (Juelich Institute of Neuroscience & Medicine) I
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Learning Approaches — Unsupervised Learning Challenges

" Practice: The number of clusters can be ambiguities
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[2] An Introduction to Statistical Learning



Unsupervised Learning — Different Clustering Approaches

(hierarchical) (centroid) (density) (distribution)

= Clustering approaches can be categorized into four different approaches:
(1) hierarchical, (2) centroid, (3) density, (4) distribution




Unsupervised Learning — Clustering Methods

» Characterization of clustering tasks
= No prediction as there is no associated response Y to given inputs X
= Discovering interesting facts & relationships about the inputs X
= Partitioning of data in subgroups (i.e. ‘clusters’) previously unknown

= Being more subjective (and more challenging) than supervised learning

" Considered often as part of ‘exploratory data analysis’
= Assessing the results is hard, because no real validation mechanism exists

= Simplifies data via a ‘small number of summaries’ good for interpretation

=  Clustering are a broad class of methods for discovering previously unknown subgroups in data I




Selected Clustering Methods

K-Means Clustering — Centroid based clustering

= Partitions a data set into K distinct clusters (centroids can be artificial)

K-Medoids Clustering — Centroid based clustering (variation)

= Partitions a data set into K distinct clusters (centroids are actual points)

Sequential Agglomerative hierarchic nonoverlapping (SAHN)

= Hiearchical Clustering (create tree-like data structure - ‘dendrogram’)

Clustering Using Representatives (CURE)

= Select representative points / cluster — as far from one another as possible

Density-based spatial clustering of applications + noise (DBSCAN)

=  Assumes clusters of similar density or areas of higher density in dataset



Clustering Methods — Similiarity Measures

" How to partition data into distinct groups?
= Data in same (homogenous) groups are somehow ‘similiar’ to each other
= Data not in same sub-groups are somehow ‘different’ from each other
= Concrete definitions of ‘similiarity’ or ‘difference’ often domain-specific

= Wide variety of similiarity measures exist, e.g. distance measures

= Jaccard Distance, Cosine Distance, Edit Distance, Hamming Distance, ...

= A distance measure in some space is a function d(x,y) that takes
two points in the space as arguments and produces a real number

= Often used ‘similiarity measure’ example
= Distance-based: Euclidean distance d([z1, 20, ..., 20], [¥1,90,. .., Yn]) = JZ{J?; — ;)2

" n-dimensional Euclidean space:

. ruler distance
A space where points are vectors of n real numbers ( )



Clustering Methods — K-Means Approach

= Approach Overview
= Partitions a data set into K distinct (i.e. non-overlapping) clusters
= Requires the definition of the desired number of clusters K in advance
= Assigns each observation / data element to exactly one of the K clusters
= Example: 150 observations; 2 dimensions; 3 different values of K

-.' ‘:
. ._':if::

o':c

[2] An Introduction to Statistical Learning



Clustering Methods — K-Means Algorithm

0. Set the desired number of clusters K
= Picking the right number k is not simple (= later)

1. Randomly assign a number from 1 to K to each observation
= |nitializes cluster assignments for the observations

=  Requires algorithm execution multiple times
(results depend on random assignment, e.g. pick ‘best’ after 6 runs)

2. lterate until the cluster assignments stop changing

a. For each of the K clusters: compute the cluster centroid

=  The kth cluster centroid is the vector of the p feature means
for all the observations in the kth cluster

b. Assign each observation to the cluster K whose centroid is closest
=  The definition of ‘closest’ is the Euclidean distance



Clustering Methods — K-Means Algorithm Example

Data Step 1 Iteration 1, Step 2a
o® = 3 L] ™3
® ol [ o °
o, ...,‘:? » ..3 .q;' P ..3 .q;.
®e e m g “ . .
R ., : ., ., :
L] [ ]
° L ] . L
" D :
.'l.‘ L) o o° [ % o o° o e
NI S AT
® e 0 0@ L00 < . :.o oo

Iteration 1, Step 2b

lteration 2, Step 2a

Final Results

[2] An Introduction to Statistical Learning

1. Randomly assign a
number from 1 to K
to each observation

2. lterate until the
cluster assignments
stop changing

d.

For each of the K
clusters: compute
the cluster centroid
[centroids appear
and move]

Assign each
observation to the
cluster K whose
centroid is closest

[Euclidean distance]



Clustering Methods — K-Means Usage

= Advantages
= Handles large datasets (larger than hierarchical cluster approaches)
= Move of observations / data elements between clusters
(often improves the overall solution)
= Disadvantages
= Use of ‘means’ implies that all variables must be continous
= Severaly affected by datasets with outliers ( 2 means)
= Perform poorly in cases with non-convex (e.g. U-shaped) clusters

= ‘Big Data’ Application Example
= |mage processing: 7 million images
= 512 features/attributes per image;

= 1 million clusters

= 10000 Map tasks; 64GB broadcasting; f,‘f,’,’,‘j,j{,ﬁf;‘f' chl’zecme communication

= 20 TB intermediate data in shuffling;



[Video] K-Means Clustering
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[5] Animation of the k-means clustering algorithm, YouTube Video
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Serial Tool: Statistical Computing with R

* The tool R is a free software environment
= Many functions/algorithms used for statistical computing and graphics
" |tis a command-line tool with many libraries to download ‘instantly’
= Despite of command-line, there are sophisticated graphics possible
= Usage
= R uses functions to perform operations, use ? funcname for help

= Call a function with arguments/inputs: funcname (inputl, input2)

m Selected Hints [train001@jrl06 tools]$ module load GCC/7.2.0
tpae . Due to MODULEPATH changes, the following have been reloaded:
= Hitting [up] n times 1) binutils/.2.29
fOf Previous commands The following have been reloaded with a version change:
(e.g. sllghtly modlfy) 1) GCCcore/.5.4.0 => GCCcore/.7.2.0
. [traine0l@jrl06 tools]$ module load ParaStationMPI/5.2.0-1
[strg+l] clears console [train001ajrl06 tools]$ module load R/3.4.2

[6] Statistical Computing with R




Exercises — Use K-Means Algorithm in R changing K values




Serial Tool: Statistical Computing with R — Startup

Remember to load modules!
[trainGOl@jrl106 tools]$ R

R version 3.4.2 (2017-09-28) -- "Short Summer"
Copyright (C) 2017 The R Foundation for Statistical Computing
Platform: x86_64-pc-linux-gnu (64-bit)

R is free software and comes with ABSOLUTELY NO WARRANTY.
You are welcome to redistribute it under certain conditions.
Type 'license()' or 'licence()' for distribution details.

Natural language support but running in an English locale

R is a collaborative project with many contributors.
Type 'contributors()' for more information and
'citation()' on how to cite R or R packages in publications.

Type 'demo()' for some demos, 'help()' for on-line help, or
'help.start()' for an HTML browser interface to help.
Type 'q()"' to quit R.

> 1



Clustering Methods — K-Means with R

> ?kmeans

u Function kmeans () starting httpd help server ... done

= kmeans (x, ¢, iter.max, nstart, alg, trace)

Parameters Description

X Numeric matrix of data

c Centers: number of k clusters or set of initial
(distinct) cluster centres

iter.max maximum number of iterations

nstart If centers number k: amount of random sets

alg Different types of Algorithms (default:

trace true/false: trace information on the algorithm progress
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Clustering Methods — K-Means with R Example

" Prepare artificial dataset

= |nput x: 50 observations; two dimensional data .

zet.zeed(2)
¥ = matrix{rnorm(S0*2),

ncol=2)
" set.seed () function to guarantee reproducible results
= Call function xmeans ()
= K=2
> km.out=kmeans (X, 2,nstarc=20)
= Qutput placeholder km.out |

" Retrieve cluster assignments km.outgcluster
= Visualize clusters better with plot ()

L]
. L4
L]
> km.outicluster

K-means clustering results (k=2)

> plot(x, col={km.outfcluster+l) main="E-means clustering results (k=2)7,
+ xlab="" ylab="" pch=20, cex=2)




[R Tool] Data Visualization — Different Colors

o o . o > 7plot
= Example: Visualizte data points with plot () o
= Using different colors for data points
col=0  |* w col=1 w col=2 T col=3 e . col=g | col=5

:.'z, e, M".:g‘ . N_”":i' . ,,,...:" .

. col=6 | col=7 col=8

S e

> _p'_:nt[x, col=1l main="E-mean= clustering results (k=2)", =xlab="", ylab="", pch=18, cex=2)

" Fore.g. ‘multi-class’ problems above 8 colors
= Use different ‘data point types’




[R Tool] Data Visualization — Different Data Point Types

= Example: Clustering output with plot () o

= Using different types for data points, cex = [1,2,..] magnifies

pch=1 = pch=2 "% pch=3 ~  pch=4 © pch=5 v pch=6
pch=7 | T pch=g|  ° . pch=9 - pch=10 | ° e pch=11 |~ | = pch=12
pch=13 e s pch=14 . "_ pch=15 e ‘. pch=16 : ‘  pch=17 e *» pch=18

N . N :

> plot(x, col=(m.outfcluster+t+l) main="EK-means clustering results (k=2)", xlab="", ylab="", pv:'.’.='_,.v:ex='_]|



Working with Rattle: Load and Startup

- Rattle GUI for R [ G2 R Data Miner - [Rattle] SIEI)
Projekt Tools Einstellungen Hilfe Q Rattle Version 2.6.27 togaware.com

& 0 B = = e ® &l

[ ] U S e S a WO r kS p a C e Ausfiihren Meu Offnen Speichern Report  Exportieren Stopp Beenden

Dater | Explorerl Testsl Umwandelnl Clusterl Assoziierenl Modelll Auswertenl Log|

= Use mouse quile @]

- Dateiname: ’ (keine)
instead of
= Unterteilung 70/15/15 Startwert: 42 Ansicht

commands S

e Eingabe .Ignorieren Gewichtungsrechner:

| | Loa d e d Wit h Mr. Variable Datentyp Eingabe Ziel Risiko Ident Ignorieren Gewichtung Kommentar
library ()

= Start with L
rattle () ‘ s =

() ARFF () ODBC () R-Datensatz () R-Datendatei (0) Bibliothek () Korpus (0) Skript

|'—_\] Trennzeichen: |, | Dezimal: |. Kopfzeile

@ Auto () Kategorisch () Mumerisch () Survival

m

> library(rattle)

Rattle: Ein kostenloses grafisches Interface fiur Data Mining mit R.
Version 2.6.27 rl42 Copyright (c) 2006-2013 Togaware Pty Ltd.

Geben Sie 'rattle()' ein, um Ihre Daten mischen.

> rattle()

[7] Rattle brochure




Working with Rattle: Load different files — Examples

= Scientific measurement data — Koljoefjords

= data.tab = original dataset = ==

The dataset loaded from the file:

= data_ok.tab - header removed R

Pangaea/data.tab

] d t f m t b 9 h d f m tt d has duplicate columns. This is sometimes due to using an
a a_re O r . a ea e r re o r a e incorrect separator (\t) or decimal peint () in the file, Or it
might be because the file has no header line.
M ° The actual error message was: Error in read.table(file = file,
= Shop data — Reykjavik area i e e s e
duplicate 'row.names’ are not allowed

Please check the file format and the defaults set in the Data

= Shop.csv = shop data

Rattle 2.6.27 142

= Challenges: different languages / encoding

= Scientific big data example — brain images
= ~700 images: ~40 GB, ~14 MB/image RGB, ~8MB/image mask)
= Challenges: Data representation, e.g. brain slice images F*z
= Challenges: Memory limits in serial programs

» Possible solutions: smart sampling and/or parallelization M-

I = Serial tools like R, Matlab, scikit-learn show limitations when working on large datasets (big data) I




Clustering Methods — K-Means with Rattle

# R Data Miner - [Rattle] | | e
Project Tools Settings Help o Rattle Version 3.3.0 togaware.com

® | O B @ O <« | & 44

Execute New  Open Save Report Export Stop Quit

Datal Explorel Test] Transforml Cluster ’Associatel Model] Evaluatel Log‘

) Ewkm () Hierarchical ) BiCluster

Number of clusters: |10 = 42 = Runs 1 - Re-Scale

Use HClust Centers [_] Iterate Clusters Stats Plots: |Data Discriminant Weights

KMeans Clustering -
A cluster analysis |Rromsoecnms CEEdjet. T @ SeecAfie _— _— [=X=)
Clusterlng algorltl‘ o oo soo0 sicoo v B @@ @ you E]B@
The resulting K cly %“ i | ey r ave
E # i g Places |Name = |Size Modified =
values of each of 1 e |l T
i EFa @ Recently Used || %) dvdirans.csv 366 bytes 10/4/2013
3y default KMeans ¢ ; i " = Documents “a] weather.cov 9BKE  10/4/2013
8 B [ Desktop
i & Windows7_0S..
Income @ Lenovo_Recov..,
LY L
P ; %8 7:
‘?ns;-i“g ! TN Deductions i “gf re
LLN A B s

0 s

<

o, 0% Hours -
i o 60 o
Add | [Remove Al Files []
T T T D\ T = T T T T T T
3 40 50 60 7 2 o o | i o
Ratlle 2014-0ct.03 11:42:04 mii
o J
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Selected Clustering Methods

K-Means Clustering — Centroid based clustering

= Partitions a data set into K distinct clusters (centroids can be artificial)

K-Medoids Clustering — Centroid based clustering (variation)

= Partitions a data set into K distinct clusters (centroids are actual points)

Sequential Agglomerative hierarchic nonoverlapping (SAHN)

= Hiearchical Clustering (create tree-like data structure - ‘dendrogram’)

Clustering Using Representatives (CURE)

= Select representative points / cluster — as far from one another as possible

Density-based spatial clustering of applications + noise (DBSCAN)

=  Assumes clusters of similar density or areas of higher density in dataset




DBSCAN Algorithm

= DBSCAN Algorithm [8] Ester et al.

® |ntroduced 1996 and most cited clustering algorithm
= Groups number of similar points into clusters of data

= Similarity is defined by a distance measure
(e.g. euclidean distance)

= Distinct Algorithm Features

= Clusters a variable number of clusters O D;y‘ FOLL9 N
" Forms arbitrarily shaped clusters (except ‘bow ties’) ¢ : L@ e j
= |dentifies inherently also outliers/noise - . ’

(I\/IinP(;i-r;;; =4)

=" Understanding Parameters

" Looks for a similar points within a given search radius  (pg - pensity Reachable)
> Parameter eps:/on (DDR = Directly Density

= A cluster consist of a given minimum number of points Reachable)
—> Parameter minPoints (DC = Density Connected)



DBSCAN Algorithm — Non-Trivial Example

= Compare K-Means vs. DBSCAN — How would K-Means work?

et o
.O:.O. ... ® .o ::..
o [l o o ® s o a
. .... ..... ..$ ° e LI L ] ..
e®® _e% . '.O ....o’ '.0 @ % 5
TR R LR A 53 L Ep ey
L .. ™ T a e®
o‘..: . ::: ... 2 :
a2
':. :. o...o. *e .'.: ..o..
o... .}o “e LI .,
. ‘. o . [ "
L o ... ... L] o
L™ .... L
LN ] e® [ ]
e * e ® '. o' o ® ° 2
. :o‘. ceooe’

Clustered

Unclustered
Data

Data

I = DBSCAN forms arbitrarily shaped clusters (except ‘bow ties‘) where other clustering algorithms fail




Exercises — Use DBSCAN Algorithm in R




[Video] DBSCAN Clustering

_. IN(x)| = 2
O - |

@ Border

minpts = 4 O © Core
4> 2 O OO

[9] DBSCAN, YouTube Video



Point Cloud Applications

= ‘Big Data‘: 3D/4D laser scans

= Captured by robots or drones

= Millions to billion entries ity

= |nner cities (e.g. Bremen inner city)

= Whole countries (e.g. Netherlands)

= Selected Scientific Cases
= Filter noise to better represent real data
= Grouping of objects (e.g. buildings)

= Study level of continous details




Point Cloud Application Example — Within Buildings

" Point based rendering example
= Aachen Cathedral based on 3D laser scans and photos
= Points are rendered as textured and blended splats

= Visualisation can run in real-time on a desktop PC
showing 6 million splats based of a 120 million point laser scan

[10] Aachen Cathedral Point Cloud Rendering, YouTube Video
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Bremen Dataset & Locations — Attention: Your Own Copy!

= Different clusterings of the inner city of Bremen
= Using smart visualizations of the point cloud library (PCL)
= Big Bremen (81 mio points) & sub sampled Small Bremen (3 mio points)

[trainB01l@jr107 bremen]$ pwd
/homea/hpclab/train00l/data/bremen
[train@Ol@jr107 bremen]$ 1s -al

total 1342208

drwxr-xr-x 2 train00l hpclab 512 Jan
drwxr-xr-x 4 train001 hpclab 512 Jan
-rw-r--r-- 1 train001 hpclab 1302382632 Jan
-rw-r--r-- 1 train00l1 hpclab 72002416 Jan

= The Bremen Dataset is encoded in the
HDF5 format (binary)

=  You need your own copy of the file in
your home directory to cluster!

14 09:58 [11] Bremen Dataset
14 08:38 ,

14 09:56 bremen.h5 (000 B2SHARE
14 GS: 25 b remensmall . h5 L ( ) Store and Share Research Data




Exercises — Explore & Copy Bremen HDF5 Datasets (binary)




Exercises — Explore & Copy Bremen HDF5 Datasets (binary)

" Copy Bremen datasets to your own home directory (~)

[train001@jr107 bremenl$ pwd
/homea/hpclab/train00l/data/bremen
[trainG0l@jr107 bremenl$ cp * ~

= Check your home directory for the Bremen datasets

[trainﬂ@l@irlﬂ? bremen]$ cd ~
[train001l@jrle7 ~1%$ 1ls -al
total 1341824

drwxr-x--- 13 train0@l hpclab 32768 Jan 14 09:44 .

drwxr-xr-x 302 root Sys 32768 Mar 25 2013 ..

-rW------- 1 train@0l hpclab 7547 Jan 14 08:28 .bash_history
-rw-r--r-- 1 train@0l1 hpclab 18 Jan 8 08:58 .bash_logout
-rw-r--r-- 1 train00l1 hpclab 176 Jan 8 08:58 .bash_profile
-rW-r--r-- 1 train@0l hpclab 124 Jan 8 08:58 .bashrc
drwxr-xr-x 3 train@01l hpclab 512 Jan 14 00:28 bin

-rwW-r--r-- 1 train@01 hpclab 1302382632 Jan 14 09:59 bremen.h5
-rw-r--r-- 1 train@0l1 hpclab 72002416 Jan 14 09:59 bremenSmall.h5

= Notice binary content

[train00l@jrl07 ~]1$ head bremen.h5
%HDF

CEHOOOHHE (NMEGULENE (D0

R TIH6ETREELHOUOGHOOGHGLLEHEOHEAPXIBEDBSCANCLOLORSOFEOLORSE FEEEEY Ei;l&ﬂﬂ
BEH



Hierarchical Data Format (HDF)

I =  HDF is a technology suite that enables the work with extremely large and complex data collections
[12] HDF@ I/O workshop

" Simple ‘compound type’ example:
= Array of data records with some
descriptive information (5x3 dimension) , o )
HDFS5 file is a container

= HDF5 data structure type with int(8); to organize data objects
int(4); int(16); 2x3x2 array (float32) “Groups”

’

T =BT T
T HE

Dl
T mF
T s
N s

I mam
I am
N
W

Dimensionality: 5 x 3
B e [EE] |23 aray of floats2

Datatype: - .:
Raster image 2-Darray
.:- @ “Datasets”

Record

«——th—>




HDF5 — Parallel 1/O: Shared file

P1 P2 P3 P4 P5
Each process performs /O to a single file

= The file access is ‘shared’ across all processors involved

= E.g. MPI/IO functions represent ‘collective operations’

Scalability and Performance

= ‘Data layout’ within the shared file is crucial to the performance
= High number of processors can still create ‘contention’ for file systems

Parallel 1/0: shared file means that processes can access their ‘own portion’ of a single file
Parallel 1/0 with a shared file like MPI/10 is a scalable and even standardized solution




HDF5 — Parallel 1/O & File Systems

= Hierarchical Data Format (HDF) is designed to store & organize large amounts of numerical data
= Parallel Network Common Data Form (NETCDF) is designed to store & organize array-oriented data

[13] HDF Group [14] Parallel NETCDF

= Portable Operating System Interface for UNIX (POSIX) |/O
= Family of standards to maintain OS compatibility, including 1/O interfaces
= E.g.read(), write(), open(), close(), ...(very old interface, some say ‘too old’)

= ‘Higher level I/O libraries’ HDF5 & NETCDF
= |ntegrated into a parallel application
= Built on top of MPI I/O for portability

= Offers machine-independent
data access and data formats

Parallel application

L
4 §:

POSIX I/O

Parallel file system




1/0 with Multiple Layers and Distinct Roles

= Parallel I/0 is supported by multiple software layers with distinct roles
that are high-level 1/0 libraries, /0 middleware, and parallel file systems

Application
Application High-level I/O Library

Parallel File System - I/O Middleware (MPI-IO) [15] R. Thakur, PRACE Training,
- Parallel 1/0 and MPI I/0
I/O Hardware Parallel File System

= High-Level I/O Library
= Maps application abstractions to a structured portable file format
= E.g. HDF-5, Parallel NetCDF

= |/O Middleware
= E.g. MPII/O
= Deals with organizing access by many processes

I/O Hardware

= Parallel Filesystem

= Maintains logical space and provides efficient access to data
= E.g. GPFS, Lustre, PVFS



Exercises — Bremen HDF5 Viewer




Review of Parallel DBSCAN Implementations

Technologv

Platform_Approach

Analvsis

HPDBSCAN C: MPI; OpenMP Parallel, hybrid, DBSCAN
(authors implementation)
~ Apache Mahout JTava. Hadoop K-means variants, spectal,
no DBSCAN
Apache Spark/MLIlib Java; Spark Only k-means clustering,
No DBSCAN
scikit-learn Python No parallelization strategy
for NRS(CA
Northwestern University | C++; MPI; OpenMP Parallel DBSCAN

PDSDBSCAN-D

[16] M. Goetz, M. Riedel et al., ‘On Parallel and Scalable Classification and Clustering
Techniques for Earth Science Datasets’, 6" Workshop on Data Mining in Earth System
Science, International Conference of Computational Science (ICCS)



HDBSCAN Algorithm Details

" Parallelization Strategy 1
: : 4
= Smart ‘Big Data‘ Preprocessing > ¢
oA ek
into Spatial Cells (‘indexed’) j:,'

= OpenMP and HDF5 parallel 1/0 f:F "
= MPI (+ optional OpenMP hybrid) 2

= Preprocessing Step

45 46
= Spatial indexing and redistribution
according to the point localities 54 | 55 60 | 61 | 62
= Data density based chunking of 63 | 64 0 | 70 | 71

comp utations [17] M.Goetz, M. Riedel et al., ‘HPDBSCAN - Highly

Parallel DBSCAN’, MLHPC Workshop at
= Computational Optimizations Supercomputing 2015

= Caching of point neighborhood searches

= Cluster merging based on comparisons instead of zone reclustering



Exercises — Bremen Small HPDBSCAN Runs




HPC Environment — Modules Revisited

Vodule environment tool
= Avoids to manually setup environment information for every application
= Simplifies shell initialization and lets users easily modify their environment

Module avail

= Lists all available modules on the HPC system (e.g. compilers, MPI, etc.)

Module spider

" Find modules in the installed set of modules and more information

Module load =2 needed before HPDBSCAN run

= Loads particular modules into the current work environment, E.g.:
[train001@jr1l2 ~]3% module load GCC

Due to MODULEPATH changes, the following have been reloaded:
1) binutils/.2.29

The following have been reloaded with a version change:
1) GCCcore/.5.4.0 => GCCcore/.7.2.0

[train001@jrll2 ~]$%$ module load ParaStationMPI/5.2.0-1
[train001l@jrll2 ~]$ module load HDF5/1.8.19



JURECA HPC System — HPDBSCAN Job Script Example

#!1/bin/bash
#SBATCH - -job-name=HPDBSCAN
#SBATCH -o HPDBSCAN-%j.out

#SBATCH -e HPDBSCAN-%j.err = Job submit using command:
#SBATCH - -nodes=2

#SBATCH --ntasks=4 sbhatch <jobscript>

#SBATCH --ntasks-per-node=4 = Remember your <jobid> that is returned
zSBATCH - -time=00:20: E'ﬂ from the sbatch command

SBATCH --cpus-per-task=4 . . .
#SBATCH - - reservation=ml-hpc-1 Show status of the job then with:

squeue —u <your-user-id>

OMP_NUM_THREADS=4

# location executable
HPDBSCAN=/homea/hpclab/train00l/tools/hpdbscan/dbscan

# your own copy of bremen small
BREMENSMALLDATA=/homea/hpclab/train00l/bremenSmall.h5

# your own copy of bremen big
BREMENBIGDATA=/homea/hpclab/train00l/bremen. h5

(parameters of DBSCAN

|srun $SHPDBSCAN -m 100 -e 300 -t 12 $BREMENSMALLDATA ,
and file to be clustered)

I = Note the tutorial reservation with —reservation= bigdata-cpu just valid for Thursday morning




JURECA HPC System — HPDBSCAN Job Submit

" Load module environment (once after login)

[train00l@jrlo7 jsc_mpi]$ module load GCC

Due to MODULEPATH changes, the following have been reloaded:
1) binutils/.2.29

The following have heen reloaded with a version change:
1) GCCcore/.5.4.0 => GCCcore/.7.2.0

[train00l@jrl07 jsc_mpil$ module load ParaStationMPI/5.2.0-1
[trainB01l@jrl107 jsc_mpil$ module load HDF5/1.8.19

= Submit job via jobscript

[train00l@jr107 jsc_mpil$ sbatch submit-clustering-bremen.sh
Submitted batch job 4629728

» Check job status (and cancel if needed) (scancel might take a

second or two to take effect)

[train001l@jr107 hpdbscan]$ squeue -u train@0l
JOBID PARTITION NAME USER 5T TIME NODES NODELIST(REASON)
4629867 batch HPDBSCAN train001 R 2:20 2 jrc[0672-0673]
[train@0l@jrl107 hpdbscan]$ scancel 4629867
[train001l@jr107 hpdbscan]$ squeue -u train@0l
JOBID PARTITION NAME USER ST TIME NODES NODELIST(REASON)
4629867 batch HPDBSCAN train001 CG 2:34 2 jrc[0672-0673]
[train00l@jrl07 hpdbscan]$ squeue -u train001l
JOBID PARTITION NAME USER ST TIME NODES NODELIST(REASON)



JURECA HPC System — HPDBSCAN Check Outcome

[trainB01l@jr107 jsc_mpi]$ more HPDBSCAN-4629640.out

Calculating Cell Space... " The outcome of the

Computing Dimensions... [0K] in 0.001657 clustering process
Computing Cells... [OK] in 0.029877 : : : :
Sorting Points. .. [0K] in 0.174414 is written directly into the
Distributing Points... [OK] in 0.113745 HDF5 file using cluster IDs

DBSCAN. . . _ and noise IDs
Local Scan... [OK] in 58.095238
Merging Neighbors. .. [OK] in 0.005433
Adjust Labels ... [OK] in 0.004473
Rec. Init. Order ... [OK] in 0.559311

. Writing File ... OK] in 0.008467

Result. ..

65 Clusters

2973821 Cluster Points

26179 Noise Points

2953129 Core Points
Took: 59.111594s

[train00l@jrl07 ~]$%$ 1s -al

total 1124800

drwxr-x--- 13 train001 hpclab 32768 Jan 14 08:47

drwxr-xr-x 302 root sys 32768 Mar 25 2013

“rW------- 1 train0@l hpclab 7547 Jan 14 08:28 .bash_history
-rw-r--r-- 1 train0@l hpclab 18 Jan 8 08:58 .bash_logout
-rW-r--r-- 1 trainG0l1 hpclab 176 Jan 8 08:58 .bash_profile
-rw-r--r-- 1 trainG0l1 hpclab 124 Jan 8 08:58 .bashrc
drwxr-xr-x 3 train001 hpclab 512 Jan 14 00:28

-rW-r--r-- 1 trainG0l1 hpclab 1079412312 Jan 14 08:39 bremen.h5.h5
-rw-r--r-- 1 train00l hpclab 72002416 Jan 14 08:47 bremenSmall.h5.h5




HDFView Example — Bremen Output

= HDFView is a visual tool for browsing and editing HDF files

= Tools is using a GUI thus needs ssh =X when log into JURECA
[train001l@jr106 ~]% module load HDFView/2.14-Java-1.8.0_144

[train00l@jrl06 ~]%$ hdfview.sh

File ‘Window Tools Help

Activities Jhﬂi?f\-‘\e"."."fHDFV\e"J-."

File Window Tools Help

Recent Files |fhumeafhpclabftra\nOOl/brememSmaH.h5

Recent Files

-

Clear Text‘

[¥] brermensmall.hs
[ coLoRs
[ Clusters
[ Descan

ff @ Clusters at ¢ [bremenSmall.hS in shomeashpclabitrain0ol]

Table

|131‘ — 5138

948130 |-45138
948131 |-45138
948132 |-45138
948133 |-45138
948134 |-45138
948135 |-45138
948136 |-45138
948137 |-3109274
948138 |-45138
948139 |-45138
948140 |-475178
948141 |-45138
948142 |-45138
948143 |-45138
948144 |-45138
948145 |-45138

8146 |-4513
8147 |-4513
8148 |-4513
8149 |-4513
8150 |-4513
8151 |-4513
S48T5271-198960

Open (on jrlO6)

Look In: ||jtrain001 |V‘ E
=3 bin [} bremenSmall.h5

[ data

= intel

7 seript

] source

[ tools

[ bremen.hs

File Mame:  |eremensmall.hs |

Files of Type: |HDF & mora (hs, hdfd, haf, b4, hes, he2, hdfs) [~]

Clusters (48002144, 2)
64-bit integer, 3000000
Number of attributes = 0

Metadata

Metadata



Point Cloud Viewer Example — Bremen Output (1)

= Data formats
= Small python script to change data formats from HDF5 to PCD

[train@01@jr109 ~1% pwd
homea/hpclab/train00l

[train001@jr1ie9 ~]1% 1s H5toPCD.py
5toPCD.py

= Module load PCL

= The PCL viewer application requires an SSH —X connection

[vscd2544@gligar®3 Bremen]$ module load PCL/1.8.1-intel-2017b-Python-2.7.14
[vscd2544@g1ligar@3 Bremen]$ pwd

/apps/gent/tutorials/machine learning/clustering/Bremen

[vscd2544@gligar®3 Bremenl$ 1s -al

total 3431616

drwxr-xr-x 2 vscd@RE3 vscdBEE3 A9 Mow 22 22:39 |

drwxr-xr-x 5 vscdBE0E3 vscdBOn3 4698 Nov 22 15:44 ..

-rw-r--r-- 1 vscd4@003 yvscdBBO3 382559971 Nov 22 22:39 bremenClustered.pcd
-rw-r--r-- 1 vscdBR03 vscdlGE3 1302382632 MNov 22 14:07 bremen.hs.h5
-rw-r--r-- 1 vscdBRE3 vscdBE03 72002416 Jan 132 2017 bremenSmall.hs.hS
[vsc42544@gligar@3 Bremenl$ pcl viewer bremenClustered.pcdl



Point Cloud Viewer Example — Bremen Output (2)

PCD viewer (on gligar03.gligar.os)

Aieppenc lustered. ped

I = Use Strg and Mouse Wheel to Zoom and use numbers of keyboard for different visualizations




Exercises — Bremen HPDBSCAN Check Outputs




Bremen Dataset & Locations — Revisited

= Different clusterings of the inner city of Bremen
= Using smart visualizations of the point cloud library (PCL)
= Big Bremen (81 mio points) & sub sampled Small Bremen (3 mio points)

= The Bremen Dataset is encoded in the
HDF5 format (binary)

[train001@jr107 bremenl$ pwd T
/homea/hpclab/train00l/data/bremen " Youneed yOl,.lr own copy of the file in
[train001@jr107 bremen]$ 1s -al your home directory to cluster!

total 1342208

drwxr-xr-x 2 train00l hpclab 512 Jan 14 09:58 [11] Bremen Dataset

drwxr-xr-x 4 train001 hpclab 512 Jan 14 08:38 , _
-rw-r--r-- 1 train001 hpclab 1302382632 Jan 14 09:56 bremen.h5 (oon) B2SHARE
-rw-r--r-- 1 train@@l hpclab 72002416 Jan 14 08:25 bremenSmall.h5 & S R



Exercises — Bremen Big HPDBSCAN Runs




HPC Environment — Modules Revisited

Vodule environment tool
= Avoids to manually setup environment information for every application
= Simplifies shell initialization and lets users easily modify their environment

Module avail

= Lists all available modules on the HPC system (e.g. compilers, MPI, etc.)

Module spider

" Find modules in the installed set of modules and more information

Module load =2 needed before HPDBSCAN run

= Loads particular modules into the current work environment, E.g.:
[train001@jr1l2 ~]3% module load GCC

Due to MODULEPATH changes, the following have been reloaded:
1) binutils/.2.29

The following have been reloaded with a version change:
1) GCCcore/.5.4.0 => GCCcore/.7.2.0

[train001@jrll2 ~]$%$ module load ParaStationMPI/5.2.0-1
[train001l@jrll2 ~]$ module load HDF5/1.8.19



JURECA HPC System — HPDBSCAN Job Script

#!1/bin/bash
#SBATCH - -job-name=HPDBSCAN
#SBATCH -o HPDBSCAN-%j.out

#SBATCH -e HPDBSCAN-%j.err = Job submit using command:
#SBATCH - -nodes=2

#SBATCH --ntasks=4 sbhatch <jobscript>

#SBATCH --ntasks-per-node=4 = Remember your <jobid> that is returned
zSBATCH - -time=00:20: E'ﬂ from the sbatch command

SBATCH --cpus-per-task=4 . . .
#SBATCH - - reservation=ml-hpc-1 Show status of the job then with:

squeue —u <your-user-id>

OMP_NUM_THREADS=4

# location executable
HPDBSCAN=/homea/hpclab/train00l/tools/hpdbscan/dbscan

# your own copy of bremen small
BREMENSMALLDATA=/homea/hpclab/train00l/bremenSmall.h5

# your own copy of bremen big
BREMENBIGDATA=/homea/hpclab/train00l/bremen. h5

(parameters of DBSCAN

srun $HPDBSCAN -m 100 -e 300 -t 12 $BREMENSMALLDATA ,
and file to be clustered)

= Note the tutorial reservation with —reservation= bigdata-cpu just valid for Thursday morning




JURECA HPC System — HPDBSCAN Check Outcome

[trainB01l@jr107 jsc_mpi]$ more HPDBSCAN-4629640.out

Calculating Cell Space... " The outcome of the

Computing Dimensions... [0K] in 0.001657 clustering process
Computing Cells... [OK] in 0.029877 : : : :
Sorting Points. .. [0K] in 0.174414 is written directly into the
Distributing Points... [OK] in 0.113745 HDF5 file using cluster IDs

DBSCAN. . . _ and noise IDs
Local Scan... [OK] in 58.095238
Merging Neighbors. .. [OK] in 0.005433
Adjust Labels ... [OK] in 0.004473
Rec. Init. Order ... [OK] in 0.559311

. Writing File ... OK] in 0.008467

Result. ..

65 Clusters

2973821 Cluster Points

26179 Noise Points

2953129 Core Points
Took: 59.111594s

[train00l@jrl07 ~]$%$ 1s -al

total 1124800

drwxr-x--- 13 train001 hpclab 32768 Jan 14 08:47

drwxr-xr-x 302 root sys 32768 Mar 25 2013

“rW------- 1 train0@l hpclab 7547 Jan 14 08:28 .bash_history
-rw-r--r-- 1 train0@l hpclab 18 Jan 8 08:58 .bash_logout
-rW-r--r-- 1 trainG0l1 hpclab 176 Jan 8 08:58 .bash_profile
-rw-r--r-- 1 trainG0l1 hpclab 124 Jan 8 08:58 .bashrc
drwxr-xr-x 3 train001 hpclab 512 Jan 14 00:28

-rW-r--r-- 1 trainG0l1 hpclab 1079412312 Jan 14 08:39 bremen.h5.h5
-rw-r--r-- 1 train00l hpclab 72002416 Jan 14 08:47 bremenSmall.h5.h5




HPDBSCAN — Smart Domain Decomposition Example

= Parallelization Strategy i“’
= Chunk data space equally ’

= Qverlay with hypergrid e
= Apply cost heuristic
= Redistribute points (data locality)

= Execute DBSCAN locally

= Merge clusters at chunk edges
= Restore initial order

= Data organization
= Use of HDF5

= Cluster Id / noise ID
stored in HDF5S file
[17] M.Goetz, M. Riedel et al.,

‘HPDBSCAN - Highly Parallel DBSCAN’,
MLHPC Workshop at Supercomputing 2015



HPDBSCAN — Domain Decomposition

= Parallelization Strategy

Chunk data space equally
Overlay with hypergrid

Apply cost heuristic

Redistribute points (data locality)
Execute DBSCAN locally

Merge clusters at chunk edges
Restore initial order

= Data organization

Use of HDF5

Cluster Id / noise ID
stored in HDF5 file

[17] M.Goetz, M. Riedel et al.,
‘HPDBSCAN - Highly Parallel DBSCAN’,
MLHPC Workshop at Supercomputing 2015

o° |

10 11
@)

12

8

6 7 @
@: ‘.3
(0]

- o
'.

4

processor 1

— T

processor 2

O

18

O

O

~ 28 24

2

o

16

ol

O
ngf}o 5¢ ()

0
36
O

O

O O
Osa | Oz
o 9

-

processor 1

FC05 gmar 1) =368

O

18

O

O

< 28 24

700 O o
J

TG

O
OQEOO 54 ()

e

H

%%

{3
e
Qea | Oz
O

1 (=

[ (C05 s 1) =190

FICOE e 2= 186




HPDBSCAN - Scaling

* Parallelization Strategy 512 1 o Hybrid DS1
* Chunk data space equally ?ZZ - H:Atg;dDg?Z
= Qverlay with hypergrid o 64 Linear
= Apply cost heuristic § 32
= Redistribute points (data locality) o 16
= Execute DBSCAN locally j
= Merge clusters at chunk edges 2
" Restore initial order 195 8 3 128 512

. . number of cores
= Data organization

m Use of HDF5 (DS1 = Bremen; DS2 = Twitter)

= Cluster Id / noise ID
stored in HDF5 file
[17] M.Goetz, M. Riedel et al.,

‘HPDBSCAN - Highly Parallel DBSCAN’,
MLHPC Workshop at Supercomputing 2015



JURECA HPC System — HPDBSCAN Check Outcome

[train001@jrlo4 hpdbscah]$ more
Calculating Cell Space...

HPDBSCAN-4632910. out

Computing Dimensions... [0K] in 0.002393
Computing Cells... [OK] in 0.498816
Sorting Points... [OK] in 0.891462
Distributing Points... [OK] in 2.576206
DBSCAN. ..
Local Scan... [OK] in 1.375779
Merging Neighbors. .. [OK] in 0.000586
Adjust Labels ... [OK] in 0.013686
Rec. Init. Order ... [0K] in 0.640681
Writing Eile OK] in 0.006232
Result. ..

8976 Clusters
906807 Cluster Points
2797544 Noise Points
757369 Core Polnts

Took; 6,1806665

The outcome of the
clustering process

is written directly into the
HDFS5 file using cluster IDs
and noise IDs




Bremen Big Dataset — ‘Running against the Wall‘ (1)

Configured walltime
= 1:00 hour in jobscript; 2 nodes (4 tasks per node)

Check job status (shortly before the hour)

[train00l@jr107 hpdbscan]$ squeue -u train@01l
JOBID PARTITION NAME USER ST TIME NODES NODELIST(REASON)
4629896 batch HPDBSCAN train001 R 59:36 2 jrc[1250-1251]

Job gets automatically cancelled by scheduler
[train001@jr107 hpdbscan]$ squeue -u train001l

JOBID PARTITION NAME USER ST TIME NODES NODELIST(REASON)
4629896 batch HPDBSCAN train00l1 CG 1:00:27 2 jrc[1250-1251]
[train@01@jrl07 hpdbscanl$ squeue -u train@01
JOBID PARTITION NAME USER ST TIME NODES NODELIST(REASON)
[train@01@jrl07 hpdbscanl$ squeue -u train001
JOBID PARTITION NAME USER ST TIME NODES NODELIST(REASON)

In parallel & scalable machine learning one needs to adjust the walltimes of jobs to the
complexity in processing time and/or size of the dataset (cf. Bremen small vs. Bremen big)

Determining the right amount of walltime is not easy and mostly be best obtained by test runs
The required walltime depends on the number of used nodes (and tasks) and is directly linked




Bremen Big Dataset — ‘Running against the Wall‘ (2)

= Check outcome of the job

[train00l1l@jr107 hpdbscah]$ more HPDBSCAN-4629896.out
Calculating Cell Space...
Computing Dimensions... [0OK] in 0.043040

Computing Cells... [OK] in 0.157041
Sorting Points. .. [OK] in 1.041985
Distributing Points... [OK] in 2.126353

DBSCAN. . .
Local Scan...

= Check error report of the job

[train001@jr107 hpdbscan]$ more HPDBSCAN-4629896.err
HDF5-DIAG: Error detected in HDF5 (1.8.19) MPI-process O:
#000: H5F.c line 772 in H5Fclose(): not a file ID
major: Invalid arguments to routine
minor: Inappropriate type
error: *** step 4629896 CANCELLED DUE TO TIME LIMIT ***
srun: Job step aborted: Waiting up to 6 seconds for job step to finish.
srun: error: jrcl250: tasks 0-1: Terminated

=  The partial result of clustering when terminated is not useful and should be not used anymore
= In case of termination by scheduler even HDF problems might occur that corrupt the file




Exercises — Increasing Number of Nodes




JURECA HPC System — HPDBSCAN Job Script

#!1/bin/bash
#SBATCH - -job-name=HPDBSCAN
#SBATCH -o HPDBSCAN-%j.out

#SBATCH -e HPDBSCAN-%j.err = Job submit using command:

ZSBATCH - -nodes=2
#SBATCH --ntasks=4

sbatch <jobscript>

#SBATCH --ntasks-per-node=4 = Remember your <jobid> that is returned
zSBATCH - -time=00:20: E'ﬂ from the sbatch command

SBATCH --cpus-per-task=4 . . .
#SBATCH - - reservation=ml-hpc-1 Show status of the job then with:

squeue —u <your-user-id>

OMP_NUM_THREADS=4

# location executable
HPDBSCAN=/homea/hpclab/train00l/tools/hpdbscan/dbscan

# your own copy of bremen small
BREMENSMALLDATA=/homea/hpclab/train00l/bremenSmall.h5

# your own copy of bremen big
BREMENBIGDATA=/homea/hpclab/train00l/bremen. h5

srun $HPDBSCAN -m 100 -e 300 -t 12 $BREMENSMALLDATA (parameters of DBSCAN
and file to be clustered)

= Note the tutorial reservation with —reservation= bigdata-cpu just valid for Thursday morning




Exercises — Changing Epsilon & MinPoints Parameters




JURECA HPC System — HPDBSCAN Job Script

#!1/bin/bash
#SBATCH - -job-name=HPDBSCAN
#SBATCH -o HPDBSCAN-%j.out

#SBATCH -e HPDBSCAN-%j.err = Job submit using command:
#SBATCH - -nodes=2

#SBATCH --ntasks=4 sbhatch <jobscript>

#SBATCH --ntasks-per-node=4 = Remember your <jobid> that is returned
zSBATCH - -time=00:20: E'ﬂ from the sbatch command

SBATCH --cpus-per-task=4 . . .
#SBATCH - - reservation=ml-hpc-1 Show status of the job then with:

squeue —u <your-user-id>

OMP_NUM_THREADS=4

# location executable
HPDBSCAN=/homea/hpclab/train00l/tools/hpdbscan/dbscan

# your own copy of bremen small
BREMENSMALLDATA=/homea/hpclab/train00l/bremenSmall.h5

# your own copy of bremen big
BREMENBIGDATA=/homea/hpclab/train00l/bremen. h5

srun $HPDBSCAN I—m 100 -e 300 |-t 12 $BREMENSMALLDATA (parameters of DBSCAN
and file to be clustered)

= Note the tutorial reservation with —reservation = bigdata-cpu just valid for Thursday morning




Exercises — Twitter Dataset




Twitter Dataset & Locations — Revisited

Twitter streaming APl data
= Containts 1% of all geo-tagged of the UK in June 2014 (e g London)

T1:+55° 34" 46.23" s u‘f? ;
L o
T2: +11° 27" 38.88" .} e fes : d
\ o 720 1 gE . : g
Crawl Route 1 R A g in e
= il ® g .
- -} \n‘ ...... = 5 T
Time-series, ) b N m
Geo-tag database Tra]eclones &5 - ety

Clustering / \ Cn'crssrfrcatron / g = = Frrat A S = ;
e e TRan it
| =R =l S T el SIS S0 e S

Points of Transportation prediction Air pollutant records \ e 7R . [ {1 B '-«-/j&

Interest discovery . .
\Comefate / \Preo‘r’ct /
e (0N ey
kS

A O e =L
M’ﬁy -
'“I%- g

= The Twitter Dataset is encoded in the

Traffic density estimation Traffic network emissionmodel HDF5 format (binary)
[train00l@jrl04 twitterl$ pwd =  You need your own copy of the file in
/homea/hpclab/train00l/data/twitter your home directory to cluster!

[train@01@jrl104 twitter]$ 1s -al

total 317312 .
drwxr-xr-x 2 train00l hpclab 512 Jan 14 23:00 . [28] Twitter Dataset

drwxr-xr-x 8 train00l hpclab 512 Jan 14 22:06 ..
-rw-r--r-- 1 train001 hpclab 265636608 Jan 13 2017 twitter.h5 ~ {Co0) BZdShHARhE
-rw-r--r-- 1 train0@l hpclab 59272032 Jan 13 2017 twitterSmall.h5




JURECA HPC System — HPDBSCAN Job Script

#!/bin/bash

#SBATCH
#SBATCH
#SBATCH
#SBATCH
#SBATCH
#SBATCH
#SBATCH
#SBATCH
FSBATCH

- - job-name=HPDBSCAN
-0 HPDBSCAN-%j .out
-a HPDBSCAN-%].err

- -nodes=4

- -ntasks=4

- -ntasks-per-node=4
--time=01:00:00

- -cpus-per-task=4

- -reservation=ml-hpc-1

OMP_NUM_THREADS=4

Job submit using command:
sbatch <jobscript>

Remember your <jobid> that is returned
from the sbatch command

Show status of the job then with:
squeue —u <your-user-id>

# location executable
HPDBSCAN=/homea/hpclab/train@0l/tools/hpdbscan/dbscan

# your own copy of bremen small

TWITTERSMALLDATA=/homea/hpclab/train0@0l/twitterSmall.h5

# your own copy of bremen big
TWITTERBIGDATA=/homea/hpclab/train00l/twitter.h5

srun $HPDBSCAN -m 40 -e 0.0001 -t 12 $TWITTERSMALLDATA

(parameters of DBSCAN
and file to be clustered)

Note the tutorial reservation with —reservation= bigdata-cpu just valid for Thursday morning




JURECA HPC System — HPDBSCAN Check Outcome

[train001@jrlo4 hpdbscah]$ more
Calculating Cell Space...

HPDBSCAN-4632910. out

Computing Dimensions... [0K] in 0.002393
Computing Cells... [OK] in 0.498816
Sorting Points... [OK] in 0.891462
Distributing Points... [OK] in 2.576206
DBSCAN. ..
Local Scan... [OK] in 1.375779
Merging Neighbors. .. [OK] in 0.000586
Adjust Labels ... [OK] in 0.013686
Rec. Init. Order ... [0K] in 0.640681
Writing Eile OK] in 0.006232
Result. ..

8976 Clusters
906807 Cluster Points
2797544 Noise Points
757369 Core Polnts

Took; 6,1806665

The outcome of the
clustering process

is written directly into the
HDFS5 file using cluster IDs
and noise IDs




[Video] Point Clouds

[18] Point Based Rendering of the Kaiserpfalz in Kaiserswerth, YouTube Video
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[YouTube Lectures] More about parallel DBSCANs & HPC

Parallel & Scalable Data Analysisy

Introduction to Machine Learning Algorithms

Dr. = Ing. Morris Riedel

Adjunct Associated Professor
| School of Engineering and Natural Sciences, University of Iceland
Research Group Leader, Juelich Supercomputing Centre, Germany

LECTURE 1

Machine Learning Fundamentals

November 23'", 2017
Ghent, Belgium

- < P » @ B.—oéf‘r:az:zm -
[32] Morris Riedel, ‘Introduction to Machine Learning Algorithms’, Invited
YouTube Lecture, six lectures, University of Ghent, 2017
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Working with Vectors

= E.g.creating a vector using the concatenate function <)
= Assigning values can be done using <- and =

= Be careful with overwriting (see below, x was overwritten)

> x <- ¢(1,3,2,5)
> X

[1] 1 3 2 5

> X =c(l1,6,2)

[1] 1 6 2

> |

= E.g. number of elements using 1ength ()

> length (x)
[1] 3
> |




Useful Working Commands: List and Remove Objects

= List all already defined objects (data and functions) with 1= ()

>y =c(l,4,3)

>z = ¢(0,0,7)

> 1s()

[1] "ds 140518213752" "x" ny" mzn
> |

" Remove objects with rm()

> 1s/()

[1] "ds_140518213752" "x" ny" nz"
> rm (ds_140518213752)

> 1s/()

[1] "x" myn o mngzn

> |




Working with Matrices

= E.g. creating a matrix using the function matrix ()
= Different versions exist, here we use the function with three parameters
= |t takes a number of inputs: matrix data, # roms, and # columns
= You may specify parameter names: e.g. nrow=2
= Default: filling columns, filling rows use parameter byrow=TRUE

> X = matrix(data=c(l,2,3,4), nrow=2, ncol=2) > x = matrix(c(1,2,3,4),2,2,byrow=TRUE)
> X > X
[,1]1 [,2] [,1]1 [,2]
[1,] 1 3 [1,] 1 2
[2,] 2 4 [2,] 3 4
> x = matrix(c(1,2,3,4),2,2) > |
> X
[,1]1 [,2]
[1,] 1 3
[2,] 2 4




Working with sqrt and power

= E.g.applying each element > x
of a matrix with sqrt() 11,1 VN
= Remember: you not changing x E;;rt (x? :

[,1] [,2]
[1,] 1.000000 1.414214
[2,] 1.732051 2.000000

> |
= E.g. applying each element > X 11 121
of a matrix with power EH ; i
= Raises each element of x to the power 2 > xA2

[,11 [,2]
[1,] 1 4
[2,] 9 16

= Remember: you not changing x




Working with Random Variables

" E.g.creating 100 random normal variables with rnorm()

¥ = rnorm(100)
¥ = rnorm(100)
plot(x,v)

Wow WY

" E.g.visualizing random variables in a simple diagram with piot ()




Working with Datasets — Weather Patterns Example

= library(rattle)

= Loads the Rattle package and the associated datasets into the memory
= weatherAUS

= Loads in the weatherAUS dataset
"= names (weatherAUS)

= Shows the variables Names
" nrow(weatherAUS)

= Displays the number of rows (observations on the longest variable)
" ncol (weatherAUS)

= Displays the number of columns (variables)
"= head(weatherAUS)

= First six records of the dataset.

= tail (weatherAUS) * sample (weatherAUS)

= The last six rows of the dataset. = A snapshot of some of the data

(o




Working with data: weatherAUS

" Load the already available Dataset
= weatherAUS
= Loads in the weatherAUS dataset
= Dataset will be listed (lots of rows)

4151 13.9 Hao 1.2 Yes
4152 18.4 Yes 0.0 No
4153 22.1 Hao 0.0 No
4154 25.5 Hao 0.0 No
4155 26.4 Hao 0.0 No
4156 30.3 Hao 0.0 No
4157 30.6 Mo 0.0 No
4158 30.1 Hao 0.0 No
4159 31.1 Hao 0.0 No
41a0 20.8 Hao 0.0 No
416l 22.8 Hao 0.0 No
4la2 27.4 Mo 0.0 No
4163 27.4 Mo 0.0 No
4164 25.4 Hao 0.0 No
4165 15.8 Hao 0.0 No
4l1a6 23.3 Hao 0.0 No




Weather Patterns — Get a Feel for a Dataset (1)

= | ook at the names of the variables
" names (weatherAUS)

= Shows the variables Names

> names (weatherhllS)

[1] "Date™ "Location™ "MinTemp™ "MaxTemp™

[2] "Rainfall"™ "Evaporation® "Sunshine™ "WindGustDir™
[8] "WindGustSpeesed"™ "WindDir9am"™ "WindDir3pm" "indSpeed9am™
[13] "WindSpeed3pm” "HumiditcySam" "Humidity3pm" "Eressurefam"
[17] "Pressure3pm" "Cloud9am™ "Cloud3pm™ "TempYam™

[21] "Temp3pm"™ "RainToday™ "EISK MM© "EainTomorrow"™




Weather Patterns — Get a Feel for the Dataset (2)

= | ook at the number of variables and the number of observations
" nrow (weatherAUS)

= Displays the number of rows (observations on the longest variable)

> nrow (weatherdldSs)
[1] 75136

" ncol (weatherAUS)

= Displays the number of columns (variables)

> ncol (weatherfAlUS)
[1] 24




Weather Patterns — Get Knowledge about the DataSet (1)

= ook at the Head
" head (weatherAUS)

Displays first six records of the dataset

> head (weatheriflS)
Date Location MinTemp MaxTemp Rainfall Evaporation Sunshine WindGustDir WindGustSpeed

1 2008-12-01 Rlbury 13.4 22.3 0.6 ML MR W 44

2 2008-12-02 Rlbury T.4 25.1 0.0 H& R WHW 44

3 2008-12-03 Rlbury 1z2.8 25.7 0.0 H& R W5W 46

4 2008-12-04 Blbury 9.2 28.0 0.0 HA A HE 24

5 2008-12-05 Albury 17.5 32.3 1.0 HA A W 41

& 2008-12-06 Rlbury 14.6 29.7 0.2 HA MR WHW 56
WindDir9am WindDir3pm WindSpeed9am WindSpeed3pm Humidity9am Humidity3pm Pressurefam Pressure3pm

1 W WEHW 20 24 71 22 1007.7 1007.1

2 HHW WEW 4 22 44 25 1010.& 1007.8

3 W WEW 149 26 38 30 1007.6 1008.7

4 SE E 11 g 45 1 1017.6 1012.8

5 ENHE j210) 7 20 82 33 1010.8 1006.0

6 W W 149 24 55 23 1009.2 1005.4
Cloud9%am Cloud3pm Temp9am Temp3pm RainToday RISKE MM RainTomorrow

1 8 MR 16.9 21.8 Ho 0.0 Ho

P HA HER 17.2 24.3 Ho 0.0 Ho

3 HA 2 21.0 23.2 Ho 0.0 HNo

4 HA HER 18.1 26.5 Ho 1.0 HNo

5 T 8 17.8 29.7 Ho 0.2 Ho

& ML MR 20.6 28.9 Ho 0.0 Mo




Weather Patterns — Get Knowledge about the DataSet (2)

= | ook at the Tail
" tail (weatherAUS)

= Displays last six records of the dataset

> tail (weatherAlUS)
Date Location MinTemp MaxTemp Rainfall Evaporation Sunshine WindGustDir WindGustSpeed
75131 2013-07-25 Darwin 17.0 30.3 a 9.0 11.2 ESE 50
75132 2013-07-26 Darwin 17.3 30.6 i} 10.2 11.2 ESE 35
75133 2013-07-27 Darwin 17.6 31.0 i} 7.4 10.4 HW 31
75134 2013-07-28 Darwin 18.59 30.5 i} 5.8 7.8 HNW 24
75135 2013-07-29 Darwin 17.6 32.3 i} 4.4 10.1 ESE 37
75136 2013-07-30 Darwin 18.5 33.0 a 4.4 10.9 ENE 50
WindDir9am WindDir3pm WindSpeed9am WindSpeed3pm HumiditySam Humidity3pm PressureSam
75131 SE 55E 24 22 24 15 101&6.7
75132 SE WHW 19 13 30 22 1015.9
75133 ESE HW 11 15 41 45 1015.5
75134 5E5E HW 11 17 52 42 1014.4
75135 HE HHW 13 20 68 44 1014.7
T5136 ESE ENE 11 26 59 13 1013.1
Pressure3pm Cloudfam Cloud3pm TempSam Temp3pm RainToday RISEK MM RainTomorrow
75131 1012.6 1 1 20.8 29.2 Hao 0 Ho
75132 1012.2 i} 1 20.1 29.5 Hao 0 Ho
75133 1011.8 4 1 23.3 28.7 Hao 0 Ho
75134 1011.2 7 7 23.1 29.4 Ho 0 Ho
T5135 1010.2 7 T 24.4 29.6 Ho 0 Ho
75136 1009.1 6 T 24.1 32.0 Hao 0 Ho




Weather Patterns — Get Knowledge about the DataSet (2)

3. Look at the Sample
" sample (weatherAUS)

= A snapshot of some of the data

4145 22 1 No Ho 1025.6 3 41
4146 17 5 Ho Ho 1019.4 2 65
4147 13 1 Ho No 1020.86 2 30
4148 20 il No Tes 1019.1 T 35
4149 24 7 Yes Ho 1016.8 4 56
4150 22 a HNo No 1021.8 1 46
4151 17 7 Ho Yes 1020.2 2 54
4152 3 0 Yes Ho 1026.0 0 £4
4153 6 1 No Ho 1028.7 o] 24
4154 13 1 No Ho 1026.2 a 38
4155 6 1 Ho Ho 1024.5 HA 687
4156 17 JUEY No Ho 1020.9 JUEY 43
4157 5 HA Ho Ho 1017.8 HA 48
4158 7 T Ho Mo 1018.0 6 41
4159 17 a No Mo 1015.4 a 67
4160 28 1 Ho Ho 1014.8 4 52
4161 7 a HNo No 1023.86 a 24
4162 13 a Ho Ho 1022.6 a 38
4163 11 HA Ho Ho 1019.7 HA 33
4164 3 JUEY No Ho 101%9.2 JUEY 37
4165 15 NR No Ho 1019.1 HR 41
4166 24 1 Ho Ho 1020.9 & 8




Read tab data file (1)

" Read tab separated data from a real science project

= Often different than UCI machine learning repository datasets

= Example: measurement data with descriptive information first

> data <- read.tabkle("data.tab", sep="%\t")

Fehler in scan(file, what, nmax, =sep, dec, guote, skip, nlines, na.strings,
Zeile 24 hatte keine 2 Elemente

> data <- read.tabkle("data.tab", sep="%\t")

= Addressing the error:

Check if data.tab file may have descriptive information/comments

Descriptive information is sometimes put in front of the real data set
(e.g. metadata = explaining where data was measured, by whom, etc.)

Removing metadata works if file is properly tab separated
What other surprised we encounter when we load the data?




Read tab data file (2)

= ook at the names of the variables/attributes

> names= (data)
[ l ] rr";.‘;l'l n rrvz n rr";.‘;l'B n rrv& n rr1;~;l'5 rn rrvﬁ rn rr1;~;r'? rn rrva rn rrvg rn rrvj_c, rn rr";‘;l'll rn rrvj_z rn rr1;~;r:|_3 rn rrvj_& rn rr1;~;r:|_5 rn rr1;~;rl E rn

[ | Look at one /% DATZ DESCRIPTION:

Citation: Hall, Per (2012): Foljoefjord cabled cbhzervatory
. . ROCE data, Sweden (2012-03). Department of Chemistry,
Vd rlable/attrlbUte University of Gothenburg, Unpubliszhed dataset 775644
Project(s): In situ monitoring of oxygen depletion in
Value Only hypoxic ecosystems of coastal and open seas and land-locked
water bodies (HYPCOX) (URI: http://www.hypox.net/)
Coverage: LATITUDE: S58.228230 % LCNGITUDE: 11.574000
DATE/TIME START: 2012-03-01T00:13:16 * DATE/TIME END:
> darasve| 2012-03-31T723:43:17
MINIMUM DEPTH, water: 5.0 m * MAMIMUM DEPTH, water: 35.0

Size: 168428 data points

w/

Date/Time Pitch [deg] Roll [deg] Head [deg] Temp [°C]
Cond [mS/cm] Press [dbar] 02 [pmol/1l] Sal
Vbat [V] Depth water [m] OV hor [cm/=s] Direction

[deg] CV wert [cm/=] Sig str [dE] Std dev [£]

2012-03-01T00:13:16

S5.0005.311 2359.974 1.7591-41.573 3.5921
2012-03-01T00:13:16
6.0005.090345.673 1.976—-42.1%6 0.457




> head(data, n

- N R

. T T N

LRI R ORI RS RS ORI ORI R R

(ST

00)

Vi

Date/Time
13:
13:
13:
13:
13:

2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:
2012-03-01T00:

va

Pitch [deg] Roll

1.243

V3

V4

[deg] Head [degq]

0.076

319.693

Display Head of the data

Temnp

5.

V5

[°C] Cond

038

Ve

[m5/cm] Press

1.4865

V7

[dbar] ©2

ve

[pmol/1]

Sal Vbat

va

Vio

10.000

[V] Depth water

[T

Vil
[m]

.000
.000
.000
.000
.000
.000
.000
.000
.000
.000
.000
.000
.000
.000
.000
.000
.000
.000
.000
.000
.000
.000
.000
.000
.000
.000
31.
.000
.000
.000
.000

000

.000
.000

000

.000
.000
.000
.000
.000
.000
.000
.000
.000
.000
2.000

viz

CV hor [cm/=]

P
w

-
oo

[Tl
=]

<1t L ow oW

-

@

R Mmoo

o0k R G R W L s s (BN B s N B B WO W00 W0 D

.311
.090
-618

.628

633

.068
-388
.007

387

.6239

431

.344
578
.89g

.208

063
T40

.397
-413
.033
-198

878

.880

.614

. 694

. 617

844

.673
.88

.675
.383
.809

Vi3

Direction [deg]

339.
345,
. 505
345,
351.
341.
345.
338.
335.
343.
356.
359.

332

2.
354.
343.
323.
335.
311.
307.
31s8.
346.
327.
330.
343.
351.
353.
343.
297.7
.830
314.
285.

277

328.8
329.
339.
339.
343.
347.¢

974
673

Q00
931
203
225
305
719
446
062
442
839
266

980

. 366

. 578

V14

CV wert [cm/=]

1

o o000

|
[=]

S R R N N R

0 oo0o

B OORBOODOD R

.791
1.
.557
.235

976

a0z
096

L350
412
.538
. 899

635

.454
. 898
.323
. 858

491
302

.151
.103
. 265
.341
.355
. 615
.327
. 263
.138

056
407
583

.839
.329

. 405

687
433

. 913

752

Sig str

-41.
.196

—42

-41.
—41.
-41.
—-41.
—40.
—40.
-41.
—-38.
-33.
-31.
-33.
—40.
—40.
-37.
-35.
-34.
-35.
—34.
.TE3
-31.
-30.
-29.
.823
.901
-7390
. 957
.461
164
.920

-32

V15
[dB]
973

963
499
294
215
645
513
481
T49
26l
6390
841
046
025
558
335
859
103
160

670
587
375

.898
545
.197
057
991
. 630
. 605
934
494
221
.391
577
.468
.350
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