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mcfly 5 6

By Christiaan Meijer, Dafne van Kuppevelt, Vincent van Hees, Patrick Bos, Mateusz Kuzak, Atze van der Ploeg . .
mentions contributors

Do you want to use deep learning on your time series data, but
don't know where to start? mcfly helps you find a suitable
model, building upon state-of-the-art deep learning research.

ResearC| | SOItware = R
421 commits | Last update: March 14, 2018
|
D I re CtO ry Cite this software bor
10.5281/zenodo.596127 Copy to clipboard

Choose a citation style:

s

What mcfly can do for you

l s R O Tags
F I ft . «  Provides starting point for researchers to use deep learning Meshe g
S O W a r e « Creates deep learning models to classify time series data
| | « Derives features automatically from raw data {} Programming Language
Python

Helps with finding a suitable model architecture and hyperparameters

Has a tutorial in Python to get you started! > License

* Finding software o

* Making software accessible

Mentions mcfly: time series classification
made easy

By Dafne van Kuppevelt

 Quickly judge relevance and quality i s, 2
» Indicating return on investment —

Web page

www.research-software.nl
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Global climate change (IPCC 5AR)
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Socio-economic pathways (e.g. Riahi et al 2017)

=

"

«n
g _ SSP5: SSP3:
§ S Fossil-fueled Regional
S S development rivalry
% SSP2:
5 Middle of the
o 26 road
© =
S 5 SSP1: SSP4:
~ Sustainable Inequality

development

>

C

-

Low Degree of global socioeconomic High

challenges for adaptation



Variance in projection of a local relevant climate variable (sum of temperature under 180C)

Netherlands, Oct—Mar Degreedays (50% quantile)
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Incident January 2012: evacuation after rising inland water levels (Hazeleger et al 2015)
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Predict than act...not suited

Characterize

Lampert and Groves 2006

uncertainty

l

Rank alternative
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Conduct sensitivity
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1112_11?'11’6 b PERSPECTIVE
C lmate C ange PUBLISHED ONLINE: 28 JANUARY 2015 | DOI:10.1038/NCLIMATE2450

Tales of future weather

W. Hazeleger*?3*, B.J.J.M. van den Hurk*, E. Min', G.J. van Oldenborgh’, A.C. Petersen*®,
D.A. Stainforth®®, E. Vasileiadou*® and L.A. Smith®’

Society is vulnerable to extreme weather events and, by extension, to human impacts on future events. As climate changes
weather patterns will change. The search is on for more effective methodologies to aid decision-makers both in mitigation to
avoid climate change and in adaptation to changes. The traditional approach uses ensembles of climate model simulations,
statistical bias correction, downscaling to the spatial and temporal scales relevant to decision-makers, and then translation
into quantities of interest. The veracity of this approach cannot be tested, and it faces in-principle challenges. Alternatively,
numerical weather prediction models in a hypothetical climate setting can provide tailored narratives of high-resolution
simulations of high-impact weather in a future climate. This 'tales of future weather' approach will aid in the interpretation of
lower-resolution simulations. Arguably, it potentially provides complementary, more realistic and more physically consistent
pictures of what future weather might look like.

We need an alternative framework to translate the scenarios to the daily lives of users
“Feeding the imagination” not for the sake of forecasting, but preparedness.
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Big science, big data challenge
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Archiving at European Center for Medium-Range Weather Forecasts
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Other big data in meteorology
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Compute at the touch of a button

— ~ o~ : .
= ' S|mC|ty - Home Job Monitor
S A B

N=J & A

Q < Show Simulation Form
ensemble name
Demo WardResponse ® O ®
Fire station 5 stations ® 6 6
Fire Stations 1 Station ¢ 6 6

Leafiet | Tiles © Esri — Source: Esri, i-cubed, USDA, USGS, AEX, GeoEye, G|

SIMCITY

This “deployment and coupling” is a recurring
easy access to compute and storage and babysitting applications
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Xenon and friends

WhatWorksWhen

StoryTelling

scriptewl

eSalsa

Via Appia

eMUSC

dynaslum

Xenon Flow

eSalsa Deploy

File Transfer X
Tool

eMetabolomics

@

mium

Xenon

(g%EEEgRPC

SIMCITY

GeoVizualization

ABCMUSE

Distrib. AMUSE

Xenon-CLI

Comp. Chemistry

Electron scattering

EDS

NFI/ Sherlock

3D Geospatial

Dirac

Kernegﬁ\

KM3NeT

point cloud reg

Xenon is a software library that provides
easy access to compute and storage.

https://github.com/NLeSC/Xenon



https://github.com/NLeSC/Xenon

Flexible software tools

<« - C {0t & https//hub.ewatercycle2-nlesc.surf-hosted.nl/user/student1/lab W &
: File Edit View Run  Kernel Hub Tabs Settings Help
= + + c [m] Walrus.ipynb X | [W] Walrus.ipynb ® | [A] ewatercycle-api-proposal.ipr @
# > sample-notebooks B + ¥ 0O MM » =m ¢ Markdownv Python3 O
* Name - Last Modified -
™ bmi 2 days ago l
W] DataViewerMVP-xa... 2 days ago [ ]: from ewatercycle.models import PcrGlobwe
& W DataViewerMVP.ipy... 2 days ago from ewatercycle.forcings import Gfs
: from ewatercycle.plotting import geo plot, timeseries plot
M ewatercycle-api-pro... 2 days ago
A\ (W holoviews.ipynb 2 days ago [ 1: parameterset = PcrGlobWB.parametersets['RhineMeuse3@min’]
[ leaflet_heatmap.ipy... 2 days ago # Or generate a parameterset for a region
' - parameterset = PcrGlobWE.parameterset from region(latmin=4, latmax=18, lonmin=45, lonmax=55)
[ W leafletipynb 2 days ago
(W multivar.ipynb 2 days ago [ 1: forcing = Gfs()
i oo i B e
end = ' =5ill= :59: ' _ =
E Y: environment.ymi 2 days ago € 5> C Y @ Notsecure | hub.ewatercycle2-nlesc.surf-hosted.nl: 2001 (== I § R
M README.md 2 days ago [ ]: model = PcrGlobWB(parameterset=parameterset,

— forcing=forcing,
start=start,
end=end,

Feature Information

) .
Q\ Search for locations

| discharge over time = []
while model.current_time < model.end_ time: @ Add data
model.update()

DATA PREVIEW ™
discharge over time.append({model.discharge) _ _ (___\-\ Search the catalogue = AND L Remove from the map
- - DATA SETS [3] Remove All © NETHERL

Data Catalogue My Data Done '

POLAND
|: # Plot discharge of last time step aWatare MANY
_ y e Y R ycle Datasets - BELG|U
R I e IS e @ Rhine Meuse 30 Min. CUKE CZECHIA UKRAINE
_ 7 eWaterCycle Models - SLOVAKIA

| . # Plot discharge of all time steps, with time s EEEE ABSHETIE B4 Remave O litrnis § HUNCARY MOLDOVA

geo plot(discharge over time) I~ PCR-GLOBWB - FRANCE K

SLOVENIA ROMANIA
. . Hupsel Brook i

|: # Plot discharge over time for that location L P - AL o)) S ® i SAN SERBIA

timeseries plot(discharge over time,location=(5. . . Leaflet | @ OpenStreetMap contributors ODbL, @ CartoDB CC-BY 3.0 MARIND

- - - ' Zaam To Extent Abaut This Data Remaove 2 Rhine Meuse 30 Min. @
| ~ WFLOW - Rhine 5Min.
@ Rhine SMin. Rhine SMin. o) Please contact the provider of this data for more information, including information about usage

- rights and constraints.
Zaam To Extent About This Data Remaove (=) WALRUS -

Geo|SON URL
Hupsel Brook ©

datasets/wflow-rhine.geojson
Data URL 1

Use the link below to download the data directly.
datasets/wflow-rhine.geojson

Meddo

laian E 1 Data attri [s
. F.-ﬁ.p,l CESIUM Data attribution




Flexible steering, execution of models and data handling

from ewatercycle.models import PcrGlobWB
from ewatercycle.forcings import Gfs
from ewatercycle.plotting import geo plot, timeseries plot

parameterset = PcrGlobWB.parametersets['RhineMeuse3fmin’ ]
# Or generate a parameterset for a region
parameterset = PcrGlobWB.parameterset from region(latmin=4, latmax=16, lonmin=45, lonmax=55)

forcing = Gfs()

start = '1999-01-01To6:00:08<2°
end = '2010-31-12T23:59:59Z°

model = PcrGlobWB(parameterset=parameterset,
forcing=forcing,
start=start,
end=end,

)

discharge over time = []

while model.current time < model.end time:
model .update()
discharge over time.append(model.discharge)

# Plot discharge of last time step
geo plot(model.discharge)

Niels Drost, pers. Comm, NLeSC/TUD/UU/WUR/Deltares eWatercycle Il project



What e-infrastructure does it take?
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The need for resolution

Wavenumber (radians m—1)
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Kinetic energy spectrum at
two grid resolutions

« ECMWEF-IFS-LR spectral reduced TCO255
123 290 2.4 ECMWF-IFS-HR spectral
reduced TCO511 62.6 125 2.0

* Toresolve deep convection, at least factor
10 horizontal resolution (factor 1000
computing) needed
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More energy efficient

ASIC

~05-VS8E M,._J
Y233e|EN V7 | &

i

FPGA

GPU

Easier to program



BELL'S LAW
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A climate model

Initialize

Start loop

 Dynamics

* Physics
Update

End loop
/0

Inverse FFT inverse LT
spectral space ->
gnid point spaceuv T

\

Advection
moveuvTq

\

Radiation
calculate SW & LW fluxes
then tendencies T

Solver down sweep
control (dry)
u, v, delp, pt,q, ua, uv, ps

from turbulence
u,v,T,a,q.9.1.q.i

l

Convection

l

Solver down sweep
dynmics step
u, v, delp, pt, q, ua, uv, ps

T.q.a,q.l.q1,qr.qs

l

Non-orographic GWD
tendenciesu, v, T

Methane oxidation and
water vapour photolysis

tendency q

:

Land surface
tendencies T, u, v, q

Update
uvTaqq.lq_iqrqs

l

FFTLT
grid point space->
spectral spaceuv T

:

Surface flux down from atmos
(using values+increments)

Surface scheme (s)
via sea 1ce (& potentially coupler)

l

Surface flux up to atmos

Solver up sweep
control (moist)
u, v, delp, pt,q,ua, uv, ps

N

Vertical diffusion 2
tdt, udt, vdt, rdt

|

Solver up sweep Convect

dynamics step
u, v, delp, pt, g, ua, uv, ps “l.ltljwlqtl

Large-scale condensation
tdt, gdt, rdt, t

'

Precipitation tdt, qdt

/

Update physics
u v delp pt q ua uv ps plus deltas

Large-scale cloud

inc 0,q, qcl

Sum inc u, v, q, gef, gcl, 6

\

lxge-gale
ill?é.‘l-@lvff

l

Semi-Lagran,
0,do,

gian advection moves
g+dq, qcl+gqcl. qef+dqcef,
Ldv,

w

u, du, v
Hydrology
& river routing

inc Osurf

:

Boundary layer
inc u, v, 0, g+qel, gef

Zero negative
q+qcel, gef

Large-scale cloud
inc 0,4, gcl

\

Convection
current values u,

togetincu,v,0,q

v.0.q

~,

Diffusion u, v, 0
adjustment inc u, v, w, 0, ¢

'

Solver
solves @
back solves u, v, w, 0

Energy correction

/

Intial values plus all increments
gives u, v, w,q.qcl, qcf, 0, ¢




Reality check: call graph of ocean GCM POP (courtesy B van Werkhoven)
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Tuning for performance: 2D Convolution on GTX Titan X (Maxwell; van Werkhoven, FCGS accepted)
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Optimized GPU code requires that you get all
the details exactly right:

» Mapping of the problem to threads and
thread blocks

* Thread block dimensions

» Data layouts in the different memories
* Tiling factors

* Loop unrolling factors

 How to overlap computation and
communication

Problem:

Creates a very large and discontinuous search
space

Auto-tuning GEMM on AMD Vega

© © @ ¢ ¢ o O o

brute force
minimize
basinhopping
diff evo
genetic
firefly

pPSo
annealing

O

@)
Q 0

@)

0

1000 2000 3000 4000
GFLOP/s

5000

6000

7000



http://benvanwerkhoven.github.io/kernel_tuner/

Project output: AA-Alert exploration radio transient sky
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Fig. 5. Pipeline performance for the AMD HD7970, SKA1 scenario.

Sclocco et al 2015



Marver

source code analysis transformation source-to-source translation

RACER (:,:,:,:;,mixtime,iblock)

VVC(:,:,k) = merge (WORK2, cO,
(k < KMU(:,:,bid)))

| VwC(1i,3,k) = )(k < KMU(1,3j,bid) ) ?
TRCR (:,:.k+1.2) T . WORK2 . CO) ,.

kernel_string = """
__global__ void vector_add(float *c, float *a, float *b,

int n) {
int i = blockIdx.x * block size x + threadIdx.x;
if (i<n) {
[ s e e e e | e - c[i] = a[i] + b[i];
0.1% }
C C C p
n = numpy.int32(1e7)
| | | o.00% a = numpy.random.randn(n).astype(numpy.float32)
o b = numpy.random.randn(n).astype(numpy.float32)
| C = numpy.zeros_like(b)
0.02% args [c, a, b, n]
params = {"block size x" : 512 }

0 500 1000 1500 2000 2500 3000 3500 4000
Performance in GFLOP/s

| 0.0%

answer = kernel_tuner.run_kernel("vector add",
kernel_string, n, args, params)
numpy.allclose(answer[@], a+b, atol=1e-8)



Accelarating an ocean GCM

1200 |

vimix Kpp
1000 | 0 f tracer_update
7 800 | | | B Clinic
~ BN Daroclinic_other
GE) 600 | B @ barotropic
- 400 I 3d-update
200
0

POP  GPU-POP

Dijktsra, Bal, Werkhoven et al



FPGASs (see blog A. vd Ploeg, blog.esciencecenter.nl)

Reconfigurable circuit (no instruction set!)
Very low latency

Built in floating point operations

CPU on FPGA board (high bandwidth)
Gigabit Ethernet on board

% -%-.% .%%D ?EU ?E.g_%.g.%;m%.m% = Configured
% :"'fi iy B e "o padE-i
Programmable __
logic blocks \\\
Programmabile
interconnect
pon ﬂ____'“‘“h-._
8-20 hrs =~

Compute kernel




Superparameterization, downscaling and machine learning
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Project output: Cloud-resolving climate models

51°N

—ar anr ~nre ~are —-_nre

van Oord (NLeSC, pers comm), Jansson (CWI)



van Oord (NLeSC, pers comm), Jansson (CWI)




Load balancing OpenlFS and DALES

OpenlFS communication
DALES
| | | |
0 5000 10000 15000

van Oord (NLeSC, pers comm), Jansson (CWI) Wall-clock time (s)



Computing and data challenge: nowcasting and short term forecasting at local scale

Nieuwmarkt/Lastage

y 9320 A
2% A

e TF il 92% -

A3%, & margen 20 uur tot 23 uur

Extreme hilleslress

UHISOP 2.28° 7eer sterke hittestress

Sterke hittestress

UHI9%P 5.48° K
Matige hittestress

»

5
o
o
2
Lj]
O
3
o
g
=
=]

Buiaabwio amn]-puipg

e Geen thermische stress

.’.“l’t U
o~

i "
P Tn s ‘%

-
T =Y
—_— -

— W
oW T
TR
E Mt
_ ) \

Lichte koudestress

Matige koudestress

Sterke koudestress

Jeer sterke koudestiress

Extreme koudestress




Latitude

i

52.45°N LEE=s

52.4°N

52.35°N

22.3°N

4.75°E

—

Ll

4

N\

3

]
e

N
1o

o

8°F

Y Dl

..8

|

E 4.9°E
Longitude

TS
B

-t o
v LY

Ve e r P




Downscaling

Daily forecasts
WRF3.5 + urban module (SLUCM)
48 hour runs, 24 hour spin-up

Domain 1: 12.5km
default setup

Domain 2: 2.5km
default setup

Domain 3: 500m
hi-res landuse,
Rijkswaterstaat river temperatures

Domain 4: 100m
Rijkswaterstaat river temperatures,

TOP10NL, satellite imagery, AHNZ2
(height map), CBS data




Short range weather forecasting at street level
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Learning parameters (Schneider et al GRL 2017)

Vector of model parameters, computable 6. (e.g. high res models) and non-
computable 6,

0 = (Hc: Hn)

@ In parameterization schemes of climate model (¢), that forms a map parameterized

by time t, that takes the parameters 0 to the state variables x. And state variables are
related to observables y

x(t) =¢(6,t)
y(t) = x(x(t))



Actual observation (y)and observable mismatch (note, y depends on 8, but y does not, so
mismatch can be used to learn 0) :

YT y(t)
Jo=5 IKfF D) — (F 7l

High-resolution simulations nested in a climate model may be viewed as a time-dependent
map C from the state variables x of the climate model to simulated state variable Z. The
variable z in the climate model depends on all parameters 8 and again the mismatch

can be used to learn the non computable parameters (a similar cost function can be
defined as for y),

Z(t) = C(6,,t; x)
z(t) =s(0,t; x)



- ExtremeEarth will co-design the technological transformation necessary for step
Critical Infrastructure
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What e-infrastructure does it take?
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Key technologies (Extreme Earth)

A step-change in domain-specific, distributed high-performance

computing for the simulation and prediction of Earth-system extremes.

A step-change in domain-specific, distributed big data handling for the
simulation and prediction of Earth-system extremes, and for exploring

the full range of information from simulations and observation

User interaction enabled by a domain-specific, integrated information

system towards the ExtremeEarth science Cloud (EEsC)



