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Data management responsibilities

Organise all of the experiment’s data \ |
Make data available to experiment’s workflows i ke

The software stack that implements ATLAS DDM is called Rucio
Built upon the experiences from LHC Run-1 DDM system Don Quijote 2 (DQ2)

Modularized — extensible and open architecture
Scalable by design — beyond LHC Run-2

Generic and adaptive system — Also in use by
Alpha Magnetic Spectrometer experiment
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Data volume

Files organised in datasets and containers
600 million files

20 million datasets & containers -
40 million archived datasets
File replicas on storage o
650 million replicas ;o
720 storage endpoints °
145 data centres S0P
Access control
9400 identities -

5300 user accounts
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ATLAS Data Overview

Warldwide

Y
LHC Run 1

2014

Sunday, Nov 29, 2015
Eytes: 182 939 075 758 781 900
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Scheduled throughput
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Throughput throttled on ISO/OSI Layer 7 (Application)
Limited storage capacity leads to dynamic data management
Constraint logic engine evaluates and processes data placement rules
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Unscheduled throughput
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Jobs, Clls, ... also access data — requires interaction with Rucio
Unpredictable interaction rate — potentially disruptive
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High Level Architecture

Rucio Deletion Service Storage System

Subscription Service

Consistency Service

Catalogues Transfer Service File Transfer Service
Notification Service
Rule Engine
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Rule engine

request transfer

=

Subscription

create

create request transfer

Dataset

request deletion

Implicit data management — specify what, not how — use subscriptions & replication rules
e.g., {mcl15 13TeV*, copies: 2, type=tape} or {user.mlassnig.@l, copies: 1, country=at}

Replication rules express interest in data — protect replicas from deletion

Smart potential destination selection — volume, distance, quota, grouping

Files without rules are eligible for deletion — kept as cache until space is needed
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Scheduled transfers

=2

insert new transfer request

) acknowledge finished transfers

set transfer status

retrieve transfer requests

set resolve set
bqus‘ Submitter Message Queuelng Receiver

transfers ActiveMQ not|fy transfers

status | delay, status

submit transfers

notlfy

_ File Transfer System _ Terminal Poller

retrieve finished jobs status

DAV

Pool 1
ext4

SRM

Storage System

DPM
Pool 2
HDFS
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Data sources

From what can we learn?
We differentiate
offline sources
online sources

Logfiles

ActiveMQ
Flume

ElasticSearch

Kibana
MapReduce
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Clueved Requests Submitted Requests

Finisher Cueue (Transfer Success) Finisher Cueue (Transfer Failed)
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Programmatic real-time monitoring for developers
High performance, high throughput, relaxed durability i
Graphite Frontend / Whisper Backend
Supports counters, timers, and gauges ;
. . . 15:20 15:40 18:00 18:20 16:40 15:20 15:40 18:00 18:20 18:40
Frontend dashboard supports basic statistics (avg, std...) i R Misipiosorish [ nabioet orese_se ik
ft=3_cem_ch [ ftz_usatiks_bnl_gov M ft=3_cem_ch I ftz_uszatks_bnl_gov

kegft=3_gridpp_r_ac_uk [ ] kgft=3_gridpp_r_ac_uk




Anomaly detection

Expired rules to clean (Should be low) Unlocked replicas (eligible for deletion)
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Things don't always go well — we need shifter interventions

Number of rules to be evaluated by the Judge (should be near zer)
2500.0

20000 fl
[ |
1500.0 |
1000.0 ;' |
|
500.0 f |

o

o4 L LI AT e =
10/24 10028 1101 11/05

| | mevingAve mge (stats. ucio judge wating_dids,5)

Error-prone and costly — write up of post-mortem analysis for computing management



Dynamic data placement
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Studied well in literature — Has optimal solution if full knowledge is available (topology & workload)
We have proposed a new dynamic data placement system — currently prototyping implementation
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