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LECTURE (1hr)
e The workflow of startR (+ demo)

e How to create a self-defined function for startR/multiApply

HANDS-ON (1hr)

e Use Start() parameters to get the desired data array structure
e Define the workflow and run the execution locally
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The workflow of startR (+ demo)



s2dverification modules -/ =~ ~
o BASIC STATISTICS A
= Climatologies, trend, anomalies, ...
— . 1 H Complex analysis
LOCAL e bootstrapping
STORAGE — SCORES ) .
\ DATA RETRIEVAL Correlation, ACC, RMSSS, ... e machine learning model
/‘ E ° etc.
=] ’ \ ey -X
THREDDS / |
OPeNDAP \
SERVER
¥ Issues
Big data e Longer dataloading and

processing time
e Limited memory space in
local machine

e Higher resolution in all dimensions
e Various kinds of data required
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%

An R package tailored for big multi-dimensional data retrieval and processing

) o

Automatic chunking of data set and parallel distributed data-processing on
HPCs

) o

Highly flexible according to the data structure and users’ needs

%

Pre-processing: user-defined data transformation or
reordering/merging/splitting dimension before performing analysis

) o

Easy to reuse scripts due to the clear workflow

%

Use ecFlow workflow manager for job distribution and monitoring on HPC
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Spﬂ:mptlg



Start ()

Step ()

Addstep ()

Compute ()

Collect()

Declare the data to be processed

Specify the operation to be applied to the data

Do chunking, specify the machine and its configuration for
job employment, and trigger the execution

Collect the results of background execution

And other helper functions.



Data Operation Workflow Job Result
declaration defining defining execution collection

Following the startR framework, users can create an analysis in a concise script with
all the information needed, including:

1. Data declaration: Declare the data sources and the required file/inner dimensions

2. Operation defining: Define the data processing operation to be applied

3. Workflow defining: Combine the elements from the previous steps to define the
workflow

4. Job execution: Trigger the job execution and set up the configuration for the
machine used for data processing

5. Result collection: Collect and combine the chunks when the execution is done



Data

declaration

repos <-

Operation Workflow Job Result
defining defining execution collection

'/esarchive/exp/ecmwf/system5 ml/monthly meanfvar$ féh/SvarS$S Ssda data source

teS.nc'

data <- Start(dat = repos,

Parameters for
pre-processing,
metadata, and
definition etc.

@ Centro Nacional de Suparcompulacion

var = 'tas', file dimension
sdate = c('20170101', '20170201"'),

ensemble = indices (1:50),

time = 'all',

latitude = values (list(lat.min, lat.max)),
longitude = values(list(lon.min, lon.max)),

inner dimension

ey

retrieve = FALSE) — : Create a pointer to data repository



Data Operation Workflow

declaration

Start() parameters

[define dimension]
pattern_dims
metadata_dims
path_glob_permissive
return_vars

synonims
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defining defining

[reshape]
merge_across_dims
merge_across_dims_narm
split_multiselected_dims

[interpolate]

transform

transform_params
transform_vars
transform_extra_cells
apply_indices_after_transform

Job Result
execution collection

[helper function] (no need to
change in theory)
file_opener

file_var_reader
file_dim_reader
file_data_reader

file_closer

selector_checker

[operation]
NUM_procs
silent
debug



Data Operation
declaration defining

Define the operation in the R function
form.

The operation is only for essential
dimension not the whole data, which is
the same concept as multiApply.

The output size should be small enough
to fit in the workstation.

It can be as simple as one function:

fun <- function(x) {
a <- apply(x, 2, mean)
dim(a) <- c(time = length(a))
« return (a)
}

Workflow Job Result
defining execution collection

Or a complicated user-defined operation:

stratify atomic <- function(field, MJO, season = c("JFM", "OND"), lag = 0, ampl = 2, relative = TRUE,
signif = 0.05) {

# Arrange wind in form (days) to match MJO

nmonths <- dim(field) [3]

field <- aperm(field, c(1, 2, 4, 3))

dim(field) <- c(31 * nmonths)

if (season == "JFM") {
daysok <- rep(c(rep(TRUE, 31), rep(TRUE, 28),
rep (FALSE, 3), rep(TRUE, 31)), nmonths / 3)
} else if (season == "OND") {
daysok <- rep(c(rep(TRUE, 31), rep(TRUE, 30),
rep (FALSE, 1), rep(TRUE, 31)), nmonths / 3)

}
field <- field[daysok]
dim(field) <- c(days = length(field))

if (dim(field) [1] != dim(MJO) [1]) {
stop ("MJO indices and wind data have different number of days")
}

idx <- function(MJO, phase, ampl, lag){
if(lag == 0) {
| return (MJO$phase == phase & MJOSamplitude > ampl)
b

if(lag > 0) {
return (dplyr: :lag (MJOSphase == phase & MJOSamplitude > ampl,
lag, default = FALSE))
}
if(lag < 0) {

return (dplyr::lead (MJO$phase == phase & MJOSamplitude > ampl,
- 1 * lag, default = FALSE))
}
}
strat <- plyr::laply(1:8, function(i) {
idx2 <- idx(MJO, i, ampl, lag)
if (relative) {

return (mean(field[idx2]) / mean(field) - 1)
} else {
return (mean(field[idx2]) - mean(field))
|88
strat.t.test <- plyr::laply(l:8, function(i) { 10

idx2 <- idx(MJO, i, ampl, lag)
return(t.test(field[idx2], field)S$p.value)}) (Created by Lloreng)

N



Data Operation Workflow
declaration defining defining
step <- Step(fun = fun,

target dims =
output dims =

c('ensemble'),
NULL)

wf <- AddStep (data, step, ...)

Job
execution

Result
collection

Which dimensions the
operation performs on?

Which dimensions of output
are expected?

Additional parameters for the previous defined function

Data dimension

dat var sdate ensemble time Iatitude longitude

T 1 1 o1 7 256

912
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fun <- function(x) {
mean (x)

}
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Job Result

Data Operation Workflow
collection

declaration defining defining execution

res <- Compute (wf,
chunks = list (latitude = 2,

longitude = 2),
threads load = 2,

threads compute = 4,

cluster = list(queue host = 'nord3',

Only needed for queue_type = 'lsf',
) g

remote execution
ecflow suite dir = '/home/Earth/user id/startR local/',

Define chunking. Ensure each chunk size
fits in the RAM memory module of HPC

wait = TRUE
)
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Data Operation Workflow Job Result
declaration defining defining execution collection

i Use Collect() to collect and combine the results in the workstation if Compute() i
| is on HPCs and its parameter ‘wait = FALSE". |

—_—_———— e — a1

res <- Compute (wf,
chunks = list (latitude = 2,
longitude = 2),
cluster = list(queue host = 'nord3',
queue type = 'lsf',
)y
ecflow suite dir =
wait = FALSE
)
saveRDS(res, file = 'test collect.Rds') store the descriptor of the execution
collect info <- readRDS('test collect.Rds')
result <- Collect(collect info, wait = TRUE)
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'/home/Earth/user id/startR local/',




Workflow
defining

Data
declaration

Operation
defining

Monitoring the execution on ecFlow Ul

ecFlowUI (49.) - (menu: admin) x

Eie Bancls Refresh Servers Tools Help

@ startn_a-50n -0

[start® A
~ [LISTARTR_CHUNKING_8638019540
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max_jobs: 8/3 50000001 ecFlowUl (49.0) - (menu: admin) *

Eie Panels Refresh Servers Tools Help,
C s as0i o | Q @ DL ABRHEV-FEWZ
[ STARTR CHUNKING 65015510 compuranon angiude CHUNK 1 (e CHUNK 1 iare CHUNK 1> var CHUNK 1 i Crunie 1 cruricg %@, & 0.6 %]
~ LstartR &

v ~ LISTARTR_CHUNKING_8658019640

- e jobe {BBlERE S ecFlowl (4.9.0) - (menu: admin) x

intimitmax_jobs Lo Bl ’
- ration File Panels Refresh Servers Tools Help

ate_CHUNK_1
~ [var_CHUNK_1 &

sdate_CHUNK_7

= g ~ Last.crini.1 ~ [LISTARTR_CHUNKING._8688019640
T ekt ML max_jobs: 4/8 @ 2000
Dscearth200 » [isdate_CHURK2 i ecFlowUl (4.9.0) - (menu: admin) .
» Escate crunK 3 - [Ecomputaion
s e ol SR e Fle Pancs Refrsh Servers Tools Help
» [ sdate_CHUNK_5 ~ [Llotitude_CHUNK_1 ) stori a5tz 7 | Q, @ DLTAQ2 &v-FE
» [Siscate_CHUNK_§ i [ AR CHONKING. Sea0T5640 Computaton tongisse-CHONK 1> Gl GO TS siate TN var_CHUNK > dat_ GO 1> g %@, & 0.0 %]
» | sdate_CHUNK_7 [StortR & = =
S R ~ | STARTR_CHUNKING_8688019640
S e SR job: 018 550000
D e |3 e | B St | 40> | B 0upus | 4 o e
« " compuraton
fonginde_crunK
wame + chunk ~attude_cone_1
ype  : task _CHUNK1
1:1“4; ::?szrmm S T el d) ~ | Jvar_CHUNK_1 &
E = [ AT I EAoioa 105 onpUatai Bgie . Wl crine-a 4
task Chunk  Info ranual cri Job utput e
Info | L3 M O serpt | & ouput 7 » [ Isdate_CHUNK_3
»fadate CHUNK4
SETT . stae chUNK S
active » date_CHUNK_T
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Result
collection

Job
execution

Profiling the execution

R Graphics: Device 2 (ACTIVE) x
startR::Compute profiling
bychunks_setup ranster all_chunks merge
300~
300-
200~
@ 200~ o
5 z
°
2 £
100~
100~
configurations
0 ————

config_1
Dale: 2019-09-20 14:59:48
chunks: 8

N
summary of performance of all chunks »Aﬁ;:cxuert;; J
queue Job_setup. load compute transfer_back Load thr: 2
Comp. thr:4
100~ -
1
E
% —_—
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startR workflow (demo)

https://earth.bsc.es/qitlab/es/startR/-/blob/develop-tutorial/inst/doc/tut
orial/nord3 demo.R
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https://earth.bsc.es/gitlab/es/startR/-/blob/develop-tutorial/inst/doc/tutorial/nord3_demo.R
https://earth.bsc.es/gitlab/es/startR/-/blob/develop-tutorial/inst/doc/tutorial/nord3_demo.R

How to create a self-defined function for
startR/multiApply



Basic example: compute the mean to visualize the spatial distribution on the first lead time for each model

Input data:

Expected result:

@

{
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dat var sdate ensemble time latitude longitude

2714

2786

285.7

2929

90W  70W  S50W  30W

300

10E

Questions:

1) What data is involved in my
analysis?

2) What analysis | want to perform?
3) What output data | will expect?
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Basic example: compute the mean to visualize the spatial distribution on the first lead time for each model

Classical solution using loops:

Data dimension (~56GB)

|
|
:dat var sdate ensemble time latitude longitude
|

| 5 1 30 51 7 256 512
map_ltl<- array(numeric(), dim = c(dat = 5, latitude = 256, longitude = 512)) # Initialization
for (d in 1:5) { # Loop on models
for (y in 1:256) { # Loop on latitude
for (xin 1:512) { # Loop on longitude
map_lItl[d, y, x] <- mean(data[d, , , ,1,v, x]) # Fix leadtime 1
}
1
}

e dat, [atitude and [ongitude are the output dims.

e var and fime are fix dims (this dimensions are not contributing in this
analysis).

e sdate and ensemble are the target_dimensions (in each step of the loop the
mean is computed over 30 different start dates and its 51 members each one,
so, 1530 values)

e the function in this case is mean().

@
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Basic example: compute the mean to visualize the spatial distribution on the first lead time for each model

Solution Using Apply:

library(multiApply)
result <- Apply(data,

target_dims = c('sdate’, 'ensemble’),
fun = mean,
ncores = 4)Soutputl

map_ltl <- s2dverification::Subset(result, along = 'time', indices = 1)

@

Barcelona

Initially

Questions:

1) What data is involved in my analysis?
2) What analysis | want to perform?

3) What output data | will expect?

Supercomputing
Center A

Data dimension (~56GB)

dat var sdate ensemble time latitude longitude
5 1 30 51 7 256 512

# Apply takes care of the loops and computes the

mean in each piece of data

Finally

Questions:
1) Which are the dimensions of my data?

—> 2’) What function | want to apply?

2”) Over which dimensions?
3) Which are the output dimensions?
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1) It extends the apply function to applications in which a function needs to be agpplied simultaneously over
multiple input arrays.

2) Decreasing the length of the code,
® we get rid of error-prone and
e we avoid memory-inefficient code

3) Parameter ncores allows to parallelize the computation.
4)  Multiple outputs can be returned in as a list of multidimensional arrays (by creating a function that returns
several elements).
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Apply from MultiApply

Next example: Multi-Model Anomaly Agreement

S S

Data dimension

Input data:

{

Expected result:

dat var sdate ensemble ftime latitude longitude
5 1 30 25 31 89 180

30S 10N 50N

70S

0 40E 80E 120E 160E 200E 240E 280E 320E
K

-8 -6.4 -4.8 -3.2 -1.6 0 1.6 3.2 4.8 6.4 8
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S S

Data dimension (~1583.8 Gb)

dat var sdate ensemble ftime latitude longitude
. 5 1 30 25 31 89 180
Next example: Multi-Model Anomaly Agreement
Classical solution using loops:
library(s2dverification)

data <- array(runif(5 * 25 * 30 * 31 * 89 * 180, 5, 10), dim =c(dat =5, var = 1, sdate = 30, ensemble = 25, ftime = 31, latitude = 89, longitude = 180))
map_anom <- array(numeric(), dim = c(latitude = 89, longitude = 180)) PYPNT .
map_agree <- array(numeric(), dim = c(latitude = 89, longitude = 180)) Initialization

for (y in 1:89) {
for (x in 1:180) {
sub_dat <- Subset(Subset(data, along = 'latitude', indices =y), along = 'longitude’, indices = x)
clim <- s2dv::MeanDims(sub_dat, dims = c('sdate’, 'ensemble'))
anom <- sub_dat - s2dv::InsertDim(s2dv::InsertDim(clim, posdim = 3, lendim = 25, name = 'ensemble'), posdim = 3, lendim = 30, name = 'sdate’) Anomaly
ano_mean <- s2dv::MeanDims(anom, c(‘ensemble’, 'ftime’, 'sdate'))
MM_mean <- s2dv::MeanDims(ano_mean, c('dat'))
if (MM_mean > 0) {
ano_agree <- 100 * sum(ano_mean[!is.na(ano_mean)] >0) /
length(ano_mean(lis.na(ano_mean)])
} else if (MM_mean < 0) {
ano_agree <- 100 * sum(ano_mean(lis.na(ano_mean)] < 0) /
length(ano_mean(lis.na(ano_mean)])
} else if (MMc_mean == 0) {warning("Anomaly mean is equal to 0.")}
map_anom[y,x] <- MM_mean
map_agree[y,x] <- ano_agree

) output_dims (two arrays): lat, lon
} target_dims: ensemble, dat, sdate

@ Barcelona
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Data dimension (~56GB)

dat var sdate ensemble time latitude longitude]

5 1 1 51 31 256 512]
Example: Multi-Model Anomaly Agreement - -

Create a function
data <- array(runif(5 * 25 * 30 * 31, 5, 10), dim =c(dat =5, var = 1, sdate = 30, ensemble = 25, ftime = 31))
Agreement <- function(data) {

clim <- s2dv::MeanDims(sub_dat, dims = c('sdate’, 'ensemble'))
anom <- sub_dat - s2dv::InsertDim(s2dv::InsertDim(clim, posdim = 3, lendim = 25, name = 'ensemble'), posdim = 3, lendim = 30, name = 'sdate')

Barcelona
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Example: Multi-Model Anomaly Agreement

Solution Using Apply:
#data <- array(1:(5*30*%25*31), dim = c(dat=5, sdate = 30, ensemble = 25, ftime = 31))

Agreement <- function(data) {
clim <- s2dv::MeanDims(data, dims = c('sdate’, 'ensemble'))
anom <- Apply(data, c('dat’, 'ftime'), function(x){x - clim}) Soutput1
ano_mean <- s2dv::MeanDims(anom, c('sdate’, 'ftime','ensemble'))
MM_mean <- s2dv::MeanDims(ano_mean, c('dat'))
if (MM_mean > 0) {
ano_agree <- 100 * sum(ano_mean[lis.na(ano_mean)] > 0) /
length(ano_mean(lis.na(ano_mean)])
} else if (MM_mean < 0) {
ano_agree <- 100 * sum(ano_mean(!is.na(ano_mean)] < 0) /
length(ano_mean[lis.na(ano_mean)])
} else if (MMc_mean == 0) {warning("Anomaly mean is equal to 0.")}

return(list(MMM = MM_mean, agree = ano_agree))

}

Barcelona
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Data dimension (~1583.8 Gb)

sdate ensemble ftime [ latitude longitude]
180

dat var
5 1 30 25 31 89

# Apply takes care of the loops and computes the function in
each piece of data

library(multiApply)
data <- array(runif(5 * 25 * 30 * 31 * 89 * 180, 5, 10), dim =
c(dat =5, var = 1, sdate = 30, ensemble = 25, ftime = 31,
latitude = 89, longitude = 180))
result <- Apply(data,
target_dims = c('dat’, 'sdate’, 'ensemble’, 'ftime'),
fun = Agreement,
ncores = 4)
str(result)
List of 2
S MMM :num [1, 1:89, 1:180] 2.82e-18 -2.94e-17 2.87e-18 ...
S agree: num [1, 1:89, 1:180] 40 40 40 80 60 80 60 40 60 60 ...
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@

startR workflow requires functions that works using dimensions names.

LF

All functions on this packages use dimension names.

YourFun(data1$data, ...) {
Apply(

See AnoAgree() example from ClimProjDiags:
https://earth.bsc.es/gitlab/es/ClimProjDiags/-/blob/master/R/AnoAgree.R

MyRequiredDimensions
.yourfun)
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https://earth.bsc.es/gitlab/es/ClimProjDiags/-/blob/master/R/AnoAgree.R

The compatilibity between startR and other R
packages (s2dv, CSTools, and ClimProjDiags)
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Preparation



Preparation

1. Log in your workstation or Nord3 interactive session

2. module load R

3. If you want to distribute jobs to Nord3... (not mandatory in this hands-on)
a. thelocal R version has to be >= 3.5.0
b. module load ecFlow



1. Use Start() parameters to get the
desired data array structure



Use Start() parameters to get the desired data array structure

https://earth.bsc.es/qitlab/es/startR/-/blob/develop-tutorial/inst/doc/tutor
ial/hands-on part1.md

Answer:
https://earth.bsc.es/qitlab/es/startR/-/blob/develop-tutorial/inst/doc/tutor
ial/hands-on part1 ans.md
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https://earth.bsc.es/gitlab/es/startR/-/blob/develop-tutorial/inst/doc/tutorial/hands-on_part1.md
https://earth.bsc.es/gitlab/es/startR/-/blob/develop-tutorial/inst/doc/tutorial/hands-on_part1.md
https://earth.bsc.es/gitlab/es/startR/-/blob/develop-tutorial/inst/doc/tutorial/hands-on_part1_ans.md
https://earth.bsc.es/gitlab/es/startR/-/blob/develop-tutorial/inst/doc/tutorial/hands-on_part1_ans.md

2. Define the workflow and run the
execution locally
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Define the workflow and run the execution locally

https://earth.bsc.es/qitlab/es/startR/-/blob/develop-tutorial/inst/doc/tutor
jlal/hands-on_part2.md

Answer:
https://earth.bsc.es/qitlab/es/startR/-/blob/develop-tutorial/inst/doc/tutor
jlal/hands-on part2 ans.md
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https://earth.bsc.es/gitlab/es/startR/-/blob/develop-tutorial/inst/doc/tutorial/hands-on_part2.md
https://earth.bsc.es/gitlab/es/startR/-/blob/develop-tutorial/inst/doc/tutorial/hands-on_part2.md
https://earth.bsc.es/gitlab/es/startR/-/blob/develop-tutorial/inst/doc/tutorial/hands-on_part2_ans.md
https://earth.bsc.es/gitlab/es/startR/-/blob/develop-tutorial/inst/doc/tutorial/hands-on_part2_ans.md

Merged requests: 93
Issues closed: 54
Open issues: 16

Future plans: improve the efficiency; enhance the features mentioned previously

startR GitLab

https://earth.bsc.es/qitlab/es/startR

startR CRAN documentation
https://cran.r-project.org/web/packages/startR/startR.pdf
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(C — Users’ feedback is welcomed!


https://earth.bsc.es/gitlab/es/startR
https://cran.r-project.org/web/packages/startR/startR.pdf

