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Jim Gray and the Fourth Paradigm



Jim Gray, Turing Award Winner
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Much of Science is now Ddtaensive

A Extremely large data sets

A Expensive to move

A Domain standards

A High computational needs

A Supercomputers, HPC, Grids

e.g. High Energy Physics, Astronomy

A Large data sets

A Some Standards within Domains =

A Shared Datacenters & Clusters
A Research Collaborations
e.g. Genomics, Financial

14
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AVolume
AVariety
AVelocity
AVeracity

A Medium & Small data sets

A Flat Files, Excel

A Widely diverse data; Few standards
A Local Servers & PCs

e.g. Social Sciences, Humanities
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The Sloan Digital Sky Survey

ASurvey of more than ¥4 of the night sky
ASurvey produces 200 GB of data per night
ATwo surveys in oneimages and spectra

ANearly 2M astronomical objects, including
800,000 galaxies, 100,000 quasars
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U TheSkyServeweb Service was
built at JHU by team led by Alex
Szalay and Jim Gray

The University of Chicago

Princeton University

The Johns Hopkins University

The University of Washington

New Mexico State University

Fermi National Accelerator Laboratory
US Naval Observatory

The Japanese Participation Group
The Institute for Advanced Study

Max Planck Inst, Heidelberg

Sloan Foundation, NSF, DOE, NASA




Open Data: Public Use of the Sloan Data
Posterchild for 21st century data publishing

A SkyServeweb service has
had over 400 million web

A About 1M distinct users
vs 10,000 astronomers

A >1600 refereed papers!

A Delivered 50,000 hours
of lectures to high schools
U New publishing paradigm:
data is publishedefore
analysis by astronomers
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US National Library of Medici -
National Instioues of Health Advanced  Joumal list Help
About PMC ¥ | For Publishers ¥ | Related Resources ~ cenl I

PMC Overview

PubMed Central® (PMC) iz a free archive of biomedical and life sciences journal literature at the U.S. National Institutes of Health's National Library of Medicine
(NIH/NLM). In keeping with NLM's legislative mandate to collect and preserve the biomedical literature, PMC serves as a digital counterpart to NLM's extensive

print journal collection. Launched in February 2000, PMC was developed and 1s managed by NLM’s National Center for Biotechnology Information (NCBI). (\ (—\
PubMed Entrez
. ubMed
Free Access: A Core Principle of PMC abstractst——> oo Pl Genomes
Publishers « Genome
As an archive, PMC is designed to provide permanent access to all of its content, even as technology evolves and current digital literature formats potentially Centers
become obsolete. NLM believes that the best way to ensure the accessibility and viability of digital material over time 1s through consistent and active use of the Taxon / 1 \
archive. For this reason, free access to all of its journal literature is a core principle of PMC. D Struckire
Phylogeny _ o MDB
Please note, however, that free access does not mean that there is no copyright protection. As described on our copyright page publishers and individual authors N -
continue to hold copyright on the material in PMC and users must abide by the terms defined by the copyright holder. \ /
How Journal Articles are Provided to PMC
ucleoti Protei
PMC i1s a repository for journal literature deposited by participating journals, as well as for author manuscripts that have been submitted in compliance with the sequenceg———» sequences

public access policies of participating research funding agencies. PMC is not a publisher and does not publish journal articles itself

PMC offers publishers a number of ways in which to participate and deposit journal content in the archive. Journals that would like to participate in PMC must

meet PMC’s minimum requirements, submit a formal application, and undergo a review of the scientific and editorial quality of the content of the journal as well

as a review of the technical quality of their digital files. More information on requirements for PMC participation and the review steps is available at Add a Journal E n t re ZC ro SSd atab aS e
to PMC and in the FAQ.
search tool

PMC'’s Integration with other Resources

In addition to its role as an archive, the value of PMC lies in its capacity to store and cross-reference data from diverse sources using a common format within a
single repository. With PMC, a user can quickly search the entire collection of full-text articles and locate all relevant material. PMC also allows for the integration

of its literature with a variety of other information resources that can enhance the research and knowledge fields of scientists, clinicians and others. P M C |au nc h ed N Fe b ru ary 200‘



X-Info

A The evolution of Xnfo and ComgX for each discipline X
A How to codify and represent our knowledge

Experiments & facts
Instruments K
Simulations facts . Questions L \l X
Literature facts Answers '
| v
Other Archives facts
The Generic Problems
w Data ingest w Query and Vis tools
w Managing a petabyte w Building and executing models
w Common schema w Integrating data and Literature
w How to organize it w Documenting experiments
w How toreorganize it w Curationand longterm

w How to share with others preservation

Slide thanks to Jim Gray



What Xinfo Needs from Computer Science

(not drawn to scale)

Scientists Q Miners
U Data Minin

Science Data lgorithims

_SystemQ

Database
tore d@ta
xecute Queries

U Slide thanks to Jim Gray

Tools

Question &




The

Thousand years agpExperimental Science
A Description of natural phenomena

Last few hundred yearsTheoretical Science
A bSslizyQa [l sas al EgST

Last few decades Computational Science
A Simulation of complex phenomena

Todayg Data-Intensive Science

A Scientists overwhelmed with data sets

from many different sources

A Data captured by instruments

A Data generated by simulations

A Data generated by sensor networks

eScience is the set of tools and technologies
to support data federation and collaboration
AFor analysis and data mining

AFor data visualization and exploration

AFor scholarly communication and dissemination

With thanks to Jim Gray


http://es.rice.edu/ES/humsoc/Galileo/Images/Astro/Instruments/hevelius_telescope.gif

Examples of
Datalntensive Science
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SQUARE KILOMETRE ARRAY

Exploring the Universe with the world's largest radio telescope

Chaoose your local minisite o e —
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Location Design Technology Science Industry Outreach & Education News & Media Technical Publications  Recruitment  Contacts
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me » SKA Project ¥N Print this page

SKA Project

Latest News

15

22nd December 20

2015: a big year for ASKAP!

The Square Kilometre Array (SKA) project is an international
effort to build the world’s largest radio telescope, with
eventually over a square kilometre (one million square
metres) of collecting area. The scale of the SKA represents a
huge leap forward in both engineering and research &
development towards building and delivering a unique

21st December 2015

Qutcomes Of The 19th SKA
Board Meeting

e
instrument, with the detailed design and preparation now well -
under way. As one of the largest scientific endeavours in .
history, the SKA will bring together a wealth of the world’ N g R
Artist impression of the Square Kilometre Array SO _ . _ _b g foge e_ S e. DAKLS WaTons Australia Announces AUS$293.7
finest scientists, engineers and policy makers to bring the Million for the SKA

project to fruition.

WELCOME TO THE IDEAS BOOM




SKA- Key Science Drivers:
The history of the Universe

‘ % (R Cosmic Dawn
Testi eneral Relativity b e (First Stars and Galaxi

(Strong Regime, Gravitational Waves)

: - Galaxy Evolutio
éradle of Life (Normal Galaxies z

(Planets, les, SETI) ‘ . |
9 » I
w N, Cosmology
Cosmic Magnetism

(Dark.Energy, Large Scale Str
(Origin, Evolution)

‘oloration of the Unknown

Extremely broad range of science!

Exploring the Universe with the world's largest radio telescope




Data Flow through the SKA

8.8 Th/s

R

7.2 Th/s

SKA1LOW 130- 300PBAr

Users

Exploring the Universe with the world's largest radio telescope Footer text




Large data sets: satellite observations

Sentinel 1A: Launched 2014 '&n;;feﬁ@mme;;ume dfm
a Valley 820 :
(1B due 2016) £ ”m,

* Key instrument: Synthetic Aperture Radar
* Data rate (two satellites: raw 1.8 TB/day, archive
products ~ 2 PB/year)

NERC

COMET: Centre for Observation and Modelling of
Earthquakes, Volcanoes, and Tectonics

|Picture credits: ESA, Arianespace.com, PPO.labs-Norut-COMET-SEOM Insarap study, ewf.nerc.ac.uk/2014/09/02/new-satellite-maps-out-napa-valley-earthquake/ )



Rising demand

o] ]
Where's this coming from? Scientific Pull underpinned by Technology Push

Core Science Requirements

Schematic for Global
Abnosphencnodd

Drivers:
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Volume  20milion=2x107 5 million grid points o P
100 levels ot
ice sheets
10 prognostic variables = 5 x 10° greenland
Type 98% from 60 physical parameters of pernICUS T
different satellite  atmosphere, waves, ocean e cd
instruments ocean colour
T TN \\CRp.®
Volume 200 million=2x 108 500 million grid points WorldClnate Research rogramume :
200 levels [“ g

100 prognostic variables = 1 x 10*3

Type 98% from 80 physical and chemical parameters
different satellite of atmosphere, waves, ocean, ice,
instruments vegetation

- Factor 10 per day —> Factor 2000 per time step
-> but many more time steps needed

NATURAL ENVIRONMENT RESEARCH COUNCIL

National Centre for Why JASMIN?
Atmospheric Science Bryan Lawrence - RAL, June 2016

sea level
C

sst
e

soil moisture
o CCi

Centre for Environmental
Data Analysis
SCIENC| D TECHNOLOGY FACILITIESCOUNCIL
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NATURAL ENVIRONMENT RESEARCH COUNCIL




Rising demand
o0

Consequences

More Data

Fig. 2 The volume of
worldwide climate data
is expanding rapidly,
creating challenges for
both physical archiving
and sharing, as well as
for ease of access and
finding what's needed,
particularly if you're
not a climate scientist.

(BNL: Even if you are?)

National Centre for
Atmospheric Science

HMATURAL ENVIRGNHENT RESEARCH EOUNEIL
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Petabytes (1,000 TB)

100

50-

2010 2015 2020

Year
J T Qverpeck et al. Science 2011;331:700-702

2025 2030

Centre for Environmental
Data Analysis

Why JASMIN?
Bryan Lawrence - RAL, June 2016

SCIENCE ANDTECHNOLOGY FAC
NATURAL ENVIRGNMENT RESEA|




The Al and Machine Learning Revoluti



Some Machine Learning Methods

K-means clustering Markov random fields
Bayesian networks |
Linear regression Kalmanfilters
Random forests Principal Component Analysis

Neural networks

Support Vector Machines Boltzmann machines

Decision trees

Radial basis functions Hidden Markov Models



The Machine Learning Revolution

ANeural networks are just one example of a
Machine Learning (ML) algorithm

ADeep Neural Networks are now exciting the

whole of the IT Iindustry since they enable
us to:

ABuild computing systems that
Improve with experience

ASolve extremely hard problems A The change in the Word Error Rate (WER)
GAYS FT2N 0KS
In 2016 Microsoft researchers achieved a
word error rate (WER) of 6.3 percent, the
lowest in the industry.

AExtract more value from Big Data
AApproach human intelligence
e.g. natural language processing

Error, %
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gAGK




PRINCETON SERIES IN MODERN OBSERVATIONAL ASTRONOMY

WILLIAM W. HSIEH

Machine Learning
Methods in the
Environmental
sciences

Neural Networks
and Kernels

CAMBRIDGE

Statistics for Biology and Health

Thomas Hamelryck
Kanti Mardia
Jesper Ferkinghoff-Borg Editors

@ Springer

Urheberrechtlich geschutztes Material



Architectures for
High Performance Data Analytics



SMS-OKY Home About  Agenda Gallery Lodging Presentations Contact
MOU NTAINS GATLINBURG, TENNESSEE AUG 30-SEPT |, 2016

Computational Sciences and Engineering

HPC and Blg Data:
Better. Together!
Kirill Malkin

Director of Storage Engineering
kmalkin@sgi.com

THE INTEGRATION OF EXPERIMENT, BIG DATA, AND MODELING AND SIMULATION
S XA = S oze e S Z L= S B - = S A The SGl logos and SGI product names-used or referenced herein are either registered trademarks or trademarks of
INTO IN 5 TRUMENT S FOR DI S(,()V ERI LS IN SCIEN CE AND EN () INEERING Silicon Graphics Intemational Corp. or one of its subsidiaries. All other trademarks, trade names, service marks and
logos referenced herein belong to their respective holders--Any and all copyright or other proprietary notices that

appear herein, together with this Legal Notice, must be retained on this presentation. The information contained
herein is subject to change without notice.

The S

Bill Dally, Ct
Septembe



Future Directions for 8
NSF ADVANCED
COMPUTING

The National Academies of
SCIENCES * ENGINEERING - MEDICINE

Report of the
DOE Workshop on

Management,

Analysis, and Visualization of

Experimental and Observational Data
The Convergence of Data and Computing

U.S. DEPARTMENT OF Ofﬂce Of

ENERGY Science

September 29th - October 1, 2015
Bethesda, MD



ADistributedSQLServerluster/cloud
A50 servers, 1.1PB disk, 500 CPU
AConnected with 2@Gbit'secInfiniband
ALinked to 1500 core compute cluster
AExtremely high speeskql/O (75GB/s)
ABalanced: Amdahl number >0.5

ADedicated to eScience, provide
public access through services

AFunded by Moore Foundation,
Microsoft and P8 TARRS

AWinner of SC08 Storage Challenge!

=t
Storage Challenge
Winner




An Example:
The JASMIN Environmental Science
Super Data Cluster



Centre for Environmental Data Analytics
JASMIN Supdbdata Cluster infrastructure

» 16 PB Fast Storage

(Panasas, many Tbit/s bandwidth)
» 1 PB Bulk Storage
» Elastic Tape

» 4000 cores: half deployed as
hypervisors, half as the
“Lotus” batch cluster.

» Some high memory nodes,
a range, bottom heavy.




Nonblocking, low latency, CLOS Tree Netwol
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1,104 x 10GbE Ports CLOS L3 ECMP OSPF

A ~1,200 Ports expansion

A Max 36 leaf switches :1,728 Ports @ 10GbE

A Non-Blocking, Zero Contention (48x10Gb

12x 40Gb uplinks)

A Low Latency (250nS L3 / per switch/router) 7-10uS MPI



The UK Met Office UPSCALE campaign

Q Automation
. controller

Dataffansiety SRS 1ASMIN

Data conversion

& compression Q K Q

HERMIT @ HLRS

») ) Clear data from HPC once
o successfully transferred and
\ 4 .

data validated



Example Data Analysis

A Tropical cyclone tracking has become
routine; 50 years of N512 data can be
processed in 50 jobs in one day

A Eddy vectors; analysis we would not
attempt on a server/workstation (total of
3 months of processor time and ~40 GB
memory needed) completed in 24 hours In
1,600 batch jobs

A JASMIN HPDA architecture has clearly
demonstrated the value of cluster
computing to data processing and analysis.

O — '
120°w B0°W by 1

L - - _ L
0.05 0.20 0.40 0.75 125 175 3.00

Storm transits per month

M Roberts et al: Journal of Climate 28 (2), HB6



Big Scientific Data from Large
ExperimentaFacilities (USA)



CAMERA'S MISSION

We have assembled a coordinated team
of applied mathematicians, computer
scigntists, beam line scigntists, materials
scientists, and computational chemists.
CAMERA (The Center for Advanced
Mathematics for Energy Research
Applications) is focused on targeted
science problems. Initial involvements
aimed at the Advanced Light Source
(ALS), Molecular Foundry, and National
Center for Electron Microscopy (NCEM)
have now expanded to a wide spectrum
of DOE labs. Together, our goal is

to accelerate the transfer of new
mathematical ideas to experimental
science.

MOLECULAR U.S. DEPARTMENT OF Off'rce Of
AI;S FOUNDRY Iﬂ e ENERGY science

Jump-starting the transition

from research to reality

We are seeing brand-new, state-of-
the-art mathematics that can be
directly applied to challenging
scientific problems stemming from
experimental research. Traditionally,
It takes considerable time for these
new ideas to leap to user
communities. By bringing
mathematicians and experimentalists
together, we expect to jump-start this
process, and accelerate the sarly
adoption of new mathematics.

Suppeorted by the US Department of Energy Office of Science

Advanced Scientific Computing Research (steven.lee@science.doe.gov)

Basic Energy Sciences (Peter.Lee@science.doe.gov)

Providing a broader
view

Existing computational techniques
are often tailored to specific needs.
In some cases, these approaches
may have reached their limit, and
cannot easily be extended to
complex problems with different
requirements. We aim to widen the
perspective and devise new, more
general models and algorithms
which will become standard
technologies of tomorrow.

B COMPUTATIONAL
“| RESEARCH
DIVISION

e

BERKELEY LAB



Deep Learning on Cori KNL m

NERSC is actively exploring Deep Learning for Science

« Collaborating with leading vendors to optimize and deploy stack
» Collaborating with leading research institutions to develop methods

» Drive real science use cases
Deep Learning at 15 PF on NERSC Cori (Cray + Intel KNL)

- Trained in 10s of minutes on 10 terabyte datasets, millions of Images
- 9600 nodes, optimized on KNL with IntelCaffe and MKL (NERSC / Intel collaboration)
- Synch + Asynch parameter update strategy for multi-node scaling (NERSC / Stanford)

Identified extreme climate events using supervised (left) and semisupervised (right) deep
learning. Green = ground truth, Red = predictions (confidence > 0.8). [NIPS 2017]

U.S. DEPARTMENT OF 1
e Office of ASCAC Presentation 9/26/2017 19

ENERGY Science



Ll
CADES

NEWS RESOURCES CONTACT

Search cades.ornl.gov..

WELCOME

Oak Ridge National Laboratory (ORNL) is a leader in architecting, acquiring and deploying
computers used as instruments of science and discovery. The Compute and Data Environment
for Science (CADES) at ORNL is providing a compute and data infrastructure coupled with
experts in data science to create a new environment for scientific discovery.

CRDES Resaurces

CADES provides dedicated computing resources through our SHPC Condo allocations and customizable

software as a service through our OpenStack Birthright Cloud solution. These resources are available

now to all ORNL personnel in the lab’s science and technology directorates. Click the internal (ORNL-

only) link below to learn more.

Factsheet



OAK RIDGE

Machine Learning for Science at OLCF %QAKRIDGE e, .

_ _ MINERVA
Neutrino Detection ) (o) ()
~ Analytics of Deep Learning R A T R T T
_°Fe','f‘"':'ab Hyperparameter search = Rl il 1
%M running on 15000 Nodes of Titan.

...............................................................................

Target 5

Fusion Experiment Target 4

Water Target \

Deep Learning executing on ~6000 GPUs Target 3 )
with TensorFlow+MPI. Tt RY
. . . . Target1 ll:l{e/Target
Tensorflow+MPI (using Singularity containers), CUDA7.5, _ __....
5: 3 e o dita = * o data
10° — scaling model |/ osl — logarithmic scaling
- ideal scaling ~
o b 02
oy - M
. .‘V; A . . Nerr ‘ ‘

U.S. DEPARTMENT OF
e Office of ASCAC Presentation 9/26/2017 21
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Data Science and Learning

Argonne &

NATIONAL LABORATORY

HISTORY NEWS & EVENTS

Applying deep
learning methods for
pre-clinical

screening of cancer

The Data Science and Learning Division (DSL) tackles advanced scientific
problems where data analysis and artificial intelligence can provide critical
insights and accelerate discovery.

A primary thrust of the division is to build cross-cutting capability at
Argonne to tackle advanced scientific problems where data analysis and
artificial intelligence (Al) are key problem solving strategies. The division
creates a home for expertise in data intensive computing and machine
learning, and builds cross-cutting teams that integrate mathematics,
computer science, advanced architectures, and domain science to solve
problems in science and engineering. It provides an interdisciplinary home
for new data science and Al programs and projects, often in collaboration
with the Computational Science and Mathematics and Computer Science
Divisions, and the Argonne Leadership Computing Facility.

Argonne forms new divisions to

focus on computation and data
science strengths



data analysis and machine learning to make progress. This project focuses on the machine
learning aspect of the three challenges and, in particular, building a single scalable deep neural
network code called CANDLE (CANcer Distributed Learning Environment) that can be used to
address all three challenges.

Unsupervised learning
coupled with multi-scale
molecular simulations

g

Supervised learning
augmented by stochastic
pathway modeling and
experimental design

p—

Semi-supervised
learning, scalable data
analysis and agent
based simulations on
population scale data

S

Scope of CANDLE
Deep Learning

Drug “;
Response

\ r N /

A y N J

" Treatment
.~ Strategy

\




Center for Data-Driven Discovery

Data-Intensive Research Programs

As the sole Tier-1 computing facility in the United States for the
Large Hadron Collider's ATLAS experiment—and the largest
ATLAS computing center worldwide—Brookhaven's RHIC and
ATLAS Computing Facility provides a large portion of the overall
computing resources for U.S. collaborators and serves as the
central U.S. distribution hub for ATLAS experimental data. More. ..

About the Center

A systems biology knowledgebase known as KBase seeks to
integrate and make broadly accessible everything we know or can
learn about plants and microbes. Kbase will be a unique
resource, bringing together multiple research communities and
empowering them with computational tools to address
fundamental biological questions. More...

The Center for Data Driven Discovery (C3D) is a multi-disciplinary center for the development, deployment,
and operation of data-intensive discovery services for science, national security, and industry. Its mission is
to translate the advances in computer science and applied mathematics research into algorithms, tools and
services that deliver measurable improvements to the scientific discovery process. C3D's philosophy is
hereby to build close, ongoing collaborations between domain science experts, computational scientists,
applied mathematicians, computer scientists and engineers. These expert teams jointly identify and
address critical data analysis and management challenges within BNL's key science mission areas and for its
external client base. Next to access to expertize from within the Computational Science Initiative and
extensive in-house domain science expertise , the C3D collaborators have also access to the research and
operational computing and data storage capabilities provided by the BNL Scientific Data and Computing

Center.

R

\'
I
<K
A
X

N
A

D

Brookhaven is using high-performance computing (HPC) methods
to assess electrical grid planning and performance using the
power industry’s existing software tools. More...

Shantenu |ha

Director, Computational Sciences Initiative

Gina Liles
Administrative Assistant, 631.344 8346

Org Chart (PDF)



Center for Data-Driven Discovery Projects

Deep Learning for Analysis of Materials Science Data

Modern scientific instruments are now generating data at unprecedented rates. In particular, Brookhaven's
new synchrotron (NSLS-11) offers unprecedented x-ray brightness and high-speed detectors. The
correspondingly large data-rate is beyond the ability of human experimenters to manually interpret. Itis
now evident that a crucial complement to high-throughput instruments is automated analysis methods,
which can categorize, tag, and analyze scientific data without human intervention. This automation liberates
the human scientist to concentrate on high-level scientific questions, and focus their attention on the subset
of the data most meaningful for a given problem. This extreme automation, in turn, enables more ambitious
scientific projects. In particular, these methods enable streamlined materials discovery, where new
materials with desired performance (mechanical, light-harvesting, energy storage, etc.) can be efficiently
found.

=]
Scientific trends Crystaline, = Fuby connected 1P
& insights low-dimensional, ...
B Featute magn ﬁ b1 Liyer

Data ztlmu::;’ & Feature mags Il E‘“
characteristics strong scattering, ... L S

e {15
Imade image analysis Sbstmple Luyer

9 new algorithms

features e o
Raw data 20 a9y of

pixel intensities

This project will use machine-learning methods to analyze x-ray scattering data (bottom). Using structured deep learning methods
(right}, scientifically-meaningful insights will be automatically extracted from the data (left).



Big Scientific Data from Large
ExperimentaFacilities (UK)



UK Science and Technology Faclilities Council (STF

Daresbury Laboratory
SciTech Dasresbury Campus
Warrington, Cheshire

UK Astronomy Technology Centre
Edinburgh, Scotland

Polaris House
Swindon, Wiltshire
~-vvv:' V ’

’ o

Rutherford Appleton Laboratory
Harwell Science and Innovation Campus
Didcot, Oxfordshire

Chilbolton Observatory
Stockbridge, Hampshire




Big Data and Cognitive Computing:
Hartree Centre collaboration with IBM Research

UK Hartree Center Partners with IBM on Big Data

= June 4, 2015 by staff e

Today the UK government announced a £313 million
partnership with information technology leader IBEM to

boost Big Data research in the UK.

*)STFC

The Hartree Centre
We live in an information economy - from the

smart devices we use every day to the super-
computers that helped find the Higgs Boson, the
power of advanced computing means we now have access to vast amounts of data,”
said Minister for Universities and Science fo Johnson. “This partnership with [BM,
which builds on our £113 million investment to expand the Hartree Centre, will help

businesses make the best use of Big Data to develop better products and services that

will boost productivity, drive growth and create jobs.”



Rutherford Appleton Laboratory

ISIS
(Spallation
Neutron
Source)

Central Laser

Facility

Diamond Light
Source

LHC Tier 1 computing
JASMIN Supdbata
Cluster




Diamond Light Source




Science Examples

! -

Pharmaceutical
manufacture &
processing

Non-destructive
imaging of fossils

Casting aluminium

Structure of the
Histamine H1
receptor




Data Rates at Diamond

Detector Performance (MB/s)

‘(\S
1 5 “\00‘/
1000 e
\0\'\“% /
100 9

10

10000

1 |
2007 2012

Detector data rates
Increasing faster than
azz2ZNbQa [ | &

Thanks to Mark Heron




Cumulative Amount of Data Generated at Diamc

Total data archived

in PB

total size

9
8
7
6
5
3
2
1
0

2007 2008 2009 2{]'10 2011 2012 2013 2014 2015 2016 2017

year
Thanks to Chris Prosser



CryeSXT Data Segmentation of Cryoft X-ray
Tomography (Cry«sXT) data

B24: Cryo Transmission X-ray Microscopy beamline at DLS

Data Collection: Tilt series from +65° with 0.5 stepsize

Reconstructed volumes up to 1000x1000x600 voxels

Voxel resolution: ~40nm currently

Total depth: up to 10em

GOAL: Study structure and morphological changes of whole cells

Neuronallike mammaliancell line single

slice
Challenges
Noisy data, missinggedge artifacts, missin : .
y gedy 9 B24 beamline Computer Vision
boundaries Data Analysis Software Group Laboratory

Tens to hundreds of organellpsr dataset
Tedious to manually annotate 3D Volumé&ata — P Segmentation

Cell types canlook different
Fewprevious annotations available

Automated techniquesisuallyfail

scientificsoftware@diamond.ac.uk




