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Ntoners Information exchange is essential @

A

Multiple approaches for introducing brand-new technologies are necessary for the evolution toward the exa-scale
computing environment, for example, the construction of more effective data sharing by using high bandwidth network
and Cloud technology, application of machine learning for the optimization of the existing computer system,
establishment of integrated authentication and authorization infrastructure, under the collaborative work between
Computing Center IN2P3 (CC-IN2P3) and KEK Computing Research Center (KEK-CRC).
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IMEKCL Central Computing System / = N D

Computer rooms FE \\QEUNEPB

Belle I

2 computer rooms VIL1 and VIL2

-
VIL1 'IP
+ Builtin 1986 uv
+ 850 m2, TMW IT, 150 racks
Old cooling system in the raised floor (PUE=2) mé‘e
ViL2 :
* Builtin 2011 1040 GbE ‘ J-PARC muon

+ 850m2, 3.6 MW IT, 240 racks g-2/EDM experiment

* Modern cooling system with hot corridors (PUE=1.4)

Work / Batch Servers.

~
Grid UMD / Service o~ .

2 redundant power sources for the site and a generator for VIL1 JUNPe! e——
+ New IT room at CC-IN2P3 : VIL3 1 ==
Lenovo
132 racks, 550 m2, 2 MW for IT - -
Surs (e

IEM J-PARC MLF

f

* The consortium of companies for the im 218
building has been selected, work will | e
start on February 2024

The procurement models for equipment differ between
CC-IN2P3 and KEK-CRC. CC-IN2P3 undergoes planned
enhancements, whereas at KEK-CRC, all hardware is
replaced every 4 to 5 years.

* New IT room will be available in CC-IN2P3 in 2024

* New KEK CC will be lunch in 2024
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LCINZP3 Supporting various experiments

Désert d'’Atacama

La Serena

RUBIN OBS. — *Environ 80 autres exp__ﬂ"lences ou projets
(LSsT) Futures expériences - eNgagement en discussion

The computing centers at CC-N2P3 and KEK-CRC support many high-energy experiments and
cosmic ray experiments. Belle I, LHC (ATLAS, ALICE), and T2K are common projects supported
by their respective computing centers, requiring coordinated use of computational resources.
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From RUCIO Monitoring System *  WLCG Data Challenge aims to demonstrate
readiness for expected HL-LHC data rates,
coordinated by WLCG.

HMH\MWW\ L G i

. to Belle Il RAW data centers: BNL, UVic, CNAF,
KEK LHCONE LINK DESY, KIT, and CC-IN2P3.

30 G b pS * 260 TB /50K files of pseudo-RAW data have
been transferred in 20 hours at an average of
30 Gbps from KEK to RDCs. Belle Il HL
scenario: 40 TB /day (3.7 Gbps).

Belle Il on the WLCG Dashboard for DC24 P Transfer protocol: Only HTTPS protocol in use,
e no GridFTP anymore. This is a mandated step

for migrating to OIDC (Open ID Connect).

*  Most of network traffic load among RDCs is
via IPv6.

* This kinds of activities are beneficial in
identifying and resolving bottlenecks related
to networks, storage systems, and transfer
methods.
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S — Yearly F2F workshops

FJPPL — Japan-France workshop on computing technologies
30 Jan 2024, 09:10 — 31 Jan 2024, 22:50 Europe/Paris

Q@ 202 (CC-IN2P3)

8 Sébastien Gadrat (cc-IN2P3)

Description The goal of this workshop is to explore relevant technologies, exchange experience and share ideas among experts of both Japan and France
organisations in several scientific domains.

This is the 7th edition of this workshop, which is organized annually in the framework and with the sponsorship of the France-Japan Particle
Physics Laboratory. The agendas of previous editions are available:

2024: https://indico.in2p3.fr/event/31887/
2023: https://indico.in2p3.fr/event/28953/
2019: https://indico.in2p3.fr/event/19919/
2018: https://indico.in2p3.fr/event/16922/
2017: https://indico.in2p3.fr/event/14157/
2016: https://indico.in2p3.fr/event/12701/
2015: https://indico.in2p3.fr/event/11289/

* 11 and 2 people attended the workshop from CC-IN2P3 and KEK-
CRC, respectively.

* 11 presentations presented the status of our respective computing
centers, and usage, as well as new methods and tools to face
problems and scientific challenges.

* The presentations include a lot of topics, for example, status report
and future plans on each computing centers, data analysis method
by using deep learning, testing method of batch job system and so
on.
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2P Machine learning for computer system

Application and development of machine learning for computer system
Waiting time estimation based on simple Deep Learning at KEK-CRC

» Set up Fully-Connected Neural Network

Job information =

Fully-connected
Batch norm
Dropout
Fully-connected
Batch norm
Dropout
Fully-connected

« Input data
« Finished job logs last 7 months
« Sampled 400,000 job histories

Input job information

Run time currently spent

The last observed user’s waiting time

Submission time of the above Day of subm
Number of cores currently in use Submission time i
Current CPU utilization efficiency Queue

Number of current waiting jobs

model

©
£ £
=1 e
2 §_’ = I Predicted
=1e 8 = categorized waiting time
T O LD "
(8 = Categorized
& waiting time

0 to 10 mins

10 to 30 mins
30 min to 1 hour

1 to 3 hours
ission 3 to 6 hours
1 24 hours More than 6 horus

N2P3 inspired by the study at KEK-CRC.

to the computing clusters had been studied.
done by the members in CC-I

Learning-based Approaches to Estimate Job Wait Time at CC-IN2P3

Command line tool for end user

« The last observed user’s waiting time
« Submission time of the above

» Run time currently spent

« Day of submission

« Number of cores currently in use

« Number of current waiting jobs

» Submission time in 24 hours

W. Takase (KEK-CRC)

ece takase — 53x5

[takase@cwl4 ~1$ bpredict -q 1 -u takase
Expected waiting time: ©8~599 sec (prob. 92.1123 %)
[takase@cwl4 ~1$

The effectiveness of the simple Deep Learning for the estimation of waiting time after the submission of user's jobs
A command line tool to provide the current estimation for users was also developed at KEK-CRC.
We confirmed the applicability of the tools developed even for the batch job system utilized in CC-IN2P3.

A detailed study for the waiting time estimation by utilizing several Machine Learning algorisms (not DL) had been

The result was published in 2021; https://doi.org/10.6084/m9.figshare.13913912.v2.

Confusion matrix of Reg. + Clas.

Parameters of jobs/system features Accuracy of the different classification algorithms 8| 2= (o] | (2m] | (013] | (000w | (160w | (1.46%)
Name . . £
— Method |Correct|AdJacent|Comb1ned 51| (029w [lssomelfremn)| (ssw) | (rsow) | wsz) | (70w | (135w
e Raves =0, =70 q -
Naive Bd}(‘h 44.57% [19.55% 64.12% 74| (0.05%) [[25.17%)|(29.44% ] [19.18% ]| [0.6%] | (s.85%) |(11.67%) | (2.84%
Ada Boost (Depth 11) [44.81% |29.59%  |74.40% B
o Decision Tree (Depth 9){49.73% (19.55%  |75.19% ga]| @ (B [anlfzan)) (03) [(ssulf (a35%)) (656%)
RPN . ) 0 [ = Q0 §.
Bdgglng (D(,pth 9) 4708/0 2828/& 7‘)736/6 =T (o%) [(10.48%)|(17.95%]|[34.72%]| (2.48% ) | (14.42%) | (13.89%] | (6.07%) [51.62%
When Reg. + Clas. (Depth 8) [22.26% [54.65%  [76.92% = I —
| (0% [11.46% )| (18.17% ]| (9.37%) | (2.26%) | [23.5%] | [27.2% ] | [8.06% ) 52.95%
Where | Queuc Name -
I T — F. Suter and L. Gombert (CC-INP3) I e B ) e R e ([ (€=
Configuration g Consumption 5 [0.04%) | (7.58%) | (7.17%] | [3.76% ) | [0.94% ] | (0%] |(35.58% ||[44.91%
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NLoNzP3 Machine learning for computer system @

Application and development of machine learning for computer system
Waiting time estimation based on simple Deep Learning at KEK-CRC Command line tool for end user

« The last observed user’s waiting time
» Submission time of the above

"N
A
N

x
-

« Set up Fully-Connected Neural Network model

3 3 3 3
= Bl e - i
b int . -’g 5 §__>§ s §_, % s §_>§ g_’Predicted * Run time CU?’.I’eI’.Iﬂy spent
ob Information =gy = £ | g 8 5 g N = categorized waiting time + Day of submission
L © © L T L » - .
= © = S| S S AT « Number of cores currently in use W. Takase (KEK-CRC)
waiting time . .
« Input dzhatz; bl—‘ | —h = = 2 » Number of current waiting jobs
« Finished job logs last 7 months S H i i
ubmission time in 24 hours
« Sampled 400,000 job histories Y
Input job information lmm3oh = @® ® takase — 53x5
The last observed user’s waiting time Run time currently spent 3:)6'10“{8 [takase@cwl4 ~1$ bpredict —-qg 1 -u takase
0 6 hours
Submission time of the above Day of submission iti i . P~
Number of cores currently in use Submission time in 24 hours \eiis HEm © (e ?:gi;z:gc:iitiqg ilme. 07599 sec (prOb. 92.1123 %)
Current CPU utilization efficiency Queue

Number of current waiting jobs

* The effectiveness of the simple Deep Learning for the estimation of waiting time after the submission of user's jobs
to the computing clusters had been studied.

* A command line tool to provide the current estimation for users was also developed at KEK-CRC.

* We confirmed the applicability of the tools developed even for the batch job system utilized in CC-IN2P3.

* A detailed study for the waiting time estimation by utilizing several Machine Learning algorisms (not DL) had been
done by the members in CC-IN2P3 inspired by the study at KEK-CRC.

* The result was published in 2021; https://doi.org/10.6084/m9.figshare.13913912.v2.

Learning-based Approaches to Estimate Job Wait Time at CC-IN2P3 Confusion matrix of Reg. + Clas.
Parameters of jobs/system features Accuracy of the different classification algorithms &1 2a2) (r.57%] | (237%) | (0.13%] | [0.00%) | [1.64%] | [1.46%]
Name - - =
— Method |Correct|AdJace Combined : % (iaew)| (e5%) | (iesm) (759%)
mive Ravea =0, -
Naive Bd}l(b 44.57% 74| (0.05%) [[25.17%)|(29.44% ] (15.18%]| (0.6% 11.87%
Ada Boost (Depth 11) [44.81% :
What Decision Tree (D(‘pfh 9) gf [0%) |[8.15%] |(23.41% [0.3%) |(11.88%)|(12.35% )| [6.56%)
Bdgglng (D()pth 9) gf [0%] |[10.48%)|(17.95%]|[34.72% || [2.48%) | (14.42% ]| (13.89% || (6.07%
! q _
When 2g. slas. >pt . g
R(g T Clas (D( pth 8) | 76 92/0 | (o] |(11.46%)| (18.47%)) (9.37%) | (2:26%) | (23.5%] | (27.2%] | (8.08%)
Where | Queue Name :
N [0%] |[11.01%)](10.95% ||[39.48% || [0.01%] |[16.16% ]| (11.34%)|[11.05%] 38.55%
Gystom S Comsmption F.Suterand L. G ert (CC-INP3) I e B ) el e i M
Coniguration s Consumption 5 [0.04%] | (7.58%] | (7.17%] | (3.76%) | (0.94%) | [0%) |[35.58%]
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Refining by Graph Neural Network

* We had started a further strict investigation on the application of Deep Learning for accounting information by
introducing Graph Neural Network at KEK-CRC. It is to identify the critical component by taking the relation of
individual jobs into account.

*  We tested the equivalent method by using Open Data collected by the different computing facilities in order to find
the commonality among the different scheduling system, use case, and workflow.

* Preliminary results were obtained in 2022, and many things remained to optimize the method, for example,
scanning hyper-parameters, selection of metrics, and so on.

Applying GAT for individual job information (KEK scheduler: LSF) Confusion matrix {KEK): Work in Progress
; Study using one-year measured data (job wait time) Learning job-by-job .. .. ...
- String data GAT: Graph Attention Network (a kind of GNN)
T % — Prediction
Int/float data g

True class

> 10 hours < 10 hours < 1 hour < 10 mins

input variables:
Jobs specific: QuelD, RecProc, Options, SubmitTime, RunTime, Waittime, NJobs, Command
User specific: UserID, TotWallTime, JobSpecificlnfo, Status

0.71

600 800 1000 1200 1400
Minutes

T. Kishimoto (KEK-CRC) Tk Ei0fd, (Sltsr | 210 e b el
Predicted class
. . . . Sleas Confusion matrix (CURIE): Work in Progress
Testing GNN for the data in different computing facilities (Open Data) ( Accura)cy &
1.0
Job information is extracted as table data by taking snapshots E 0.0057

snapshot Learning table-by-table v

i obid s st || cors | : :
Cores eature (SUBMIT_TIME, WAIT_TIME...) i 1 ol 1y coiet E
W Running jobs \\ 0 R 7 ?‘J%‘:sevlaulue) o0 Leris b ey R i

Waiting jobs B running - Xxx Node i I W GNN e %‘ 5

i Eoge v, i R ) (message-passing ‘e/' - 8 e
1 running - yyy 128 . % ) > /‘ — m%"/ gV
Graph ( [ ey LR
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v 0.2
» 1 snapshot = 1 data in deep learnin § 0.0096 |VER]
ate ; p . & Open data example (CEA-CURIE) A =

» Snapshots are created by 10 minutes step Tomoaki Nakamura. KEK-CRC
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Refining by Graph Neural Network

* We had started a further strict investigation on the application of Deep Learning for accounting information by
introducing Graph Neural Network at KEK-CRC. It is to identify the critical component by taking the relation of
individual jobs into account.

*  We tested the equivalent method by using Open Data collected by the different computing facilities in order to find
the commonality among the different scheduling system, use case, and workflow.

* Preliminary results were obtained in 2022, and many things remained to optimize the method, for example,
scanning hyper-parameters, selection of metrics, and so on.

Applying GAT for individual job information (KEK scheduler: LSF) Confusion matrix {KEK): Work in Progress
Study using one-year measured data (job wait time)

Learning job-by-job
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Further improvement by GAN model
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Fig. 7. Attention weights for 5 selected snapshots in the SDSC _BLUE dataset. The 5
snapshots, one from each prediction class, are shown from top to bottom. The attention
weights for 3 blocks in the feature module are shown from left to right for each snapshot.
The snapshots were selected from the test data. (Color figure online)
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Fig. 4. Confusion matrix of test data for each dataset. The accuracies were obtained
by averaging 20 runs with different initial values.
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Further improvement by GAN model
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* Further improvements have increased the accuracy of job waiting time prediction. This
trend is similar for each HPC data center.

* Deep learning with the graph attention network model emphasizes parameter relationships. ...

* The visualization of the attention weights expanded our understanding of the behavior of ™
the DL model, which indicated that the information of recently submitted jobs is important =

f dicti -
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Fig. 4. Confusion matrix of test data for each dataset. The accuracies were obtained
by averaging 20 runs with different initial values.
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Fig. 7. Attention weights for 5 selected snapshots in the SDSC _BLUE dataset. The 5
snapshots, one from each prediction class, are shown from top to bottom. The attention
weights for 3 blocks in the feature module are shown from left to right for each snapshot.
The snapshots were selected from the test data. (Color figure online)
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An Efficient Approach Based on Graph

s g . . Job Scheduling Strategies
Neural Networks for Predicting Wait Time for Parallel Processing
in Job Schedulers

LNCS 14283

Tomoe Kishimoto®) and Tomoaki Nakamura

Computing Research Center, High Energy Accelerator Research Organization, KEK,
Oho 1-1, Tsukuba, Japan

tomoe.kishimoto@kek. jp

@ Springer

* A graph neural network architecture of deep learning, was employed in this study.

* The challenge lies in the dynamic nature of scheduling systems affected by numerous uncertainties.

* To tackle this, the study employs a graph neural network architecture within deep learning, a novel method for
processing job information.

* Experimental results using real historical logs demonstrated that the proposed deep learning model outperformed
boosted decision tree and multi-layer perceptron models by 0.3—7.9% in prediction accuracy.

* Extensive analysis, including visualization of attention weights in the graph neural network, enhanced understanding
of the model's behavior and improves explainability of experimental results.

* We presented the results of the study at 26th Workshop on Job Scheduling Strategies for Parallel Processing (JSSPP
2023, https://jsspp.org/) in conjunction with the 37th IEEE International Parallel and Distributed Processing
Symposium (IPDPS2023) on May 19th, 2023, and a full paper was finally published on September 15th, 2023.
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R&D plan for FY2024 (Deep Learning)

* According to that study, which we developed several years, we will try to apply our learning
model to the accounting information of batch job schedulers within several Grid sites using
these research results to identify commonalities that are independent of facilities.

* We are reaching out to several sites that provide computing resources for LHC experiment
and Belle Il for collaboration, not just CC-IN2P3 and KEK-CRC.

Inputs Feature module
Block1 Block2 '
Node ‘ ;
> : ; g} 2 !
—r>~ c| o |F c :
Edg ' . i
L L_(N,B4) (N,64) (N.64) ! L (N,B4) (N,64) (N,64)
LT TTTTTTTm T A 2
(# of jobs, # of input variables) Average Average Average
=(N, 21) Pooling Pooling Pooling
' (64) (64) (64) .
5 ° o :
GAT: Graph attention layer ! 3 C o = o Predi .
. e . 2 5 o o 5 . redict wait time
BN: Batch normalization layer : g 2 = '§ @ ——> class
H 3 8 = =2
| 5

(196) (84) (84) (B4) (84) (5)

Classifier module

Fig. 3. Overview of proposed DL model. The numbers in the brackets indicate output
shapes.
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R&D plan for FY2024 (ID Federation)

* We have been using a Grid authentication infrastructure based on X.509 certificates for over 20 years.
* However, identity and authentication federation using Grid Certification Authorities is undergoing a period
of transformation, transitioning from associating IDs obtained from respective institutions to accessing

computing resources via access tokens rather than certificates.

* Infact, in Europe, there is the EQuGAIN framework, and in Japan, there is the GakuNin framework for
authentication federation. These frameworks allow mutual collaboration between them.

* In this situation, we will verify whether we can improve the usability of the IT services provided by CC-
IN2P3 and KEK-CRC by utilizing authentication federation, thereby enhancing usability for both parties.

European ID Federation Japanese ID Federation

2 eduGAIN TRAR A JE N

Mutual use of IT service

French user Japanese user
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RLON;

= Migration: X.509 to OIDC Token-based AuthN/Z

©

IAM (ldentity and Access Management) instances have
been deployed for Belle Il (with limited users).

Currently, user information is synchronized with VOMS
(Virtual Organization Management System).

Need to establish a registration procedure for IAM
without X.509 user certificate after terminating VOMS.

We think that ID federation is essential because there are
many KEK collaborators.

GakuNin based on Shibboleth is a Japanese academic ID
federation.

GakuNin can federate with eduGAIN.

We try to deploy a GakuNin IdP based on a trusted DB
within KEK. 2024 summer is target.
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R Strategy for applying Grid Infrastructure

C

Current:
* Can access to Storage Element by tokens.
* Computing Element is not fully available yet.

Future:
* End of X.509 certificate authentication infra.
* proxy certificate will be replaced by token.
* End of VOMS.

Other background:
* |D Federation is one of the requirements for Research Data
Management from Japanese government.
* Data integrity
* Open science
* Open data access
* |dentity Assurance Level 2 must be referred to the F2F
authentication or human resource DB in each institute
(equal level of IGTF).
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Rz Collaboration history @

e COMP_03: Computing platforms for future experiments
* FY2015 - FY2018
* FRleader: Fabio Hernandez
* JPleader: Tomoaki Nakamura

e COMP_04: Title: Evolution of the computing environment for high-energy and astroparticle experiments
* FY2019
* FRleader: Fabio Hernandez
* JP leader: Tomoaki Nakamura
* FY2020-FY2021
* FRleader: Renaud Vernet
* JP leader: Tomoaki Nakamura
* FY2022-FY2024

* FR:leader: Sebastien Gadrat Impact of the Pandemic: 2020 - 2022
* JPleader: Tomoaki Nakamura (final year as a leader) «  This project has taken a little longer
due to the pandemic.
* COMP_NEW »  This year will be my last year as leader
* FY2025 of the project.
* FR:leader: Sebastien Gadrat ¢ We have agreed to start a new
* JP leader: Tomoe Kishimoto computing project in FY2025 with
Tomoe Kishimoto as the leader of the
Japanese side.




	TYL-FJPPL: Comp_04�Evolution of the computing environment�for high-energy and astroparticle experiments
	Information exchange is essential
	Supporting various experiments
	One of the collaborative activities in 2023
	Yearly F2F workshops
	Machine learning for computer system 
	Machine learning for computer system 
	Refining by Graph Neural Network
	Refining by Graph Neural Network
	Further improvement by GAN model
	Further improvement by GAN model
	Publication
	R&D plan for FY2024 (Deep Learning)
	R&D plan for FY2024 (ID Federation)
	Migration: X.509 to OIDC Token-based AuthN/Z
	Strategy for applying Grid Infrastructure
	Collaboration history

