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The data centers at the
Science Park

Electrical Qutdoor Chillers +
substation mechanics

{HV/MV)

Diesel
Generators
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| ECMWF DC main characteristics

* 2 power line up to 10 MW (one bck up of the
other)

* Expansion to 20 MW

* Photovoltaic cells on the roofs (500 MWh/year)
* Redundancy N+1 (mechanics and electrical)
« 5x2 MW DRUPS
* Cooling
* 4drycoolers (1850 kW each)
* 4 groundwater welles
* 5 refrigerator units (1400 kW each)

; INFN — CINECA DC main characteristics
-+ upto20 MW (one bck up of the other)

* Possible use of Combined Heat and Power Fuel
Cells Technology
* Redundancy strategy under study
* Cooling, still under study
* drycoolers
* groundwater welles
» refrigerator units
 PUE<1.2-13
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A New Trend: Datacentre Automation

Common Interface

Machine Performance Energy

Learning Analysis efficiency
Job Resources Data

Scheduling Management Visualization

Scalable Moniitoring
Framework

Heterogeneous
Sensors

Reactive and Proactive
Feedbacks




Usage Scenarios
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Fine grain
Fine Grain Power and Performance Measurements: System Power Capping
- Verify and classify node performance - New Installations, Grid SLA, Power Shortage,
- In spec / out of spec behaviour Natural Disasters

- Miss configuration
- Aging and wear out

- Predictive maintenance

- Ensures operating power below a maximum
Fine Grain Required pOWer Consumplion ., ce Grain Required
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Scalable Data Collection, Analytics

Applications

EXAVION

Front-end

MQTT Brokers
Data Visualization
NoSQL Storage
Big Data Analytics

Kairosdb

ADMIN

Back-end

« MQTT—enabled sensor
collectors

https://github.com/EEESlab/examon

F. Beneventi et al., “Continuous learning of HPC infrastructure models using big data analytics and in-memory processing tools”



https://github.com/EEESlab/examon

MQTT: MQ Telemetry Transport

eLightweight message queuing and transport protocol
*Developed by IBM and Eurotech

*Well suited for low resource demanding scenarios like M2M,
WSN and loT applications

*Basic features:

PubSub model

eAsync communication protocol (messages)

eLow overhead packet (2 bytes header)

*QoS (3 levels)

*Open source implementation:
*https://mosquitto.org/

E1!’ Topic :‘I’
(Broker)

(mosquitto pub) (mosquitto) (mosquitto _sub)



ExaMon MQTT Msg Formats

Topic format details:

<key>/<value>/<key>/<value>/ ... /plugin/<plugin_name>/chnl/<data|cmd>/<key>/<value>/ ... /[<metric_name>

- AN AN AN ,f
Y Y g hd
Sensor location Plugin name and channel type Specific plugin info Metric name

Free hierarchical sequence of (mandatory) Additional free

key/value couples to locate Channel type: key/value couples to

sensors. At least one couple should * data: metrics values sent by the plugin  add custom plugin

be present. * cmd: commands sent to the plugin attributes (optional)

. ,z
g
Plugin data

Example:
Topic:

org/ed/cluster/davide/node/davide34/plugin/fame_pub/chnl/data/occ/1/cmp/CORE/id/10/unt/C/TEMP_PO
Payload:
28.0;1511370841.62



MQTT to NoSQL Storage: MQTT2Kairosdb
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Pandas
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Current HPC architecture infrastructure  S":°52
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EXA/VION_ Galileo: Current setup
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Pmu_pub (in band) " Low-overhead in-band

always-on monitoring is
e Overhead @ 236 counters/node feasible

Pmu_pub Pmu_pub
QE: Average Overhead " perf _w. mst_safe
10 B ROMSR [ PERF LDMS [ LDMS_PERF_ONLY [l BATCH [l LIKWID
" Pmu_pub

9
8
7
6
5
4
3
2

w. rdmsr

overhead (%)

Pmu pub =

MQTT + msr_safe + batch
Negligible overhead
down to Ts = 10ms

0,01 0,1 1 2 5 15

sampling time (s)
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DiG = High Frequency Monitoring on D.A.\V.I.D.E.
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ETHziirich
DiG = High Frequency Monitoring on D.A.\V.I.D.E.

Broker
MQTT MQTT
DiG SW Daemons D.AV.I.D.E. Front-End

Pow_pub IPMI_pub OCC_pub PSU_pub Cooling_pub Slurm_pub
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Outline

Datacenter Automation

Holistic Monitoring @ CINECA with ExaMon

Holistic Monitoring + Stream and Edge processing
Conclusions & Future Works




Bottlenecks:
e Network BW
e Storage

e SW Overhead
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present in each of the signals
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What to do with high frequency power monitoring

Real-time Frequency analysis on power supply and more...a live oscilloscope
For instance, using the FFT we plot the power spectral density of the power

benchmark of two applications, and we can distinguish them by the harmonics

Spectral signature of
an application!

Interesting feature for
node level and system
level
Intrusion Detection

Can be done online on the
Edge w. DIG !
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= Al+Big Data on D.A.V.I.D.E.: Anomaly detection
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Predictive Thermal & Power Modeling at scale

CLUSTER
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Conclusion & Future Works

e Holistic and Fine Grain Monitoring feasible w. Open Source
and Scalable of the shelf tools

e Challenge in the effective usage and knowledge extraction
from the monitored data

* Al, ML and Predictive Control can leverage the infrastructure
toward datacentre automation.

e Future Works:
e Scale anomaly detection at the full datacentre level

 Integrate thermal modelling with model predictive control/Al and
emerging job level power manager (a.k.a Intel GEOPM)
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Anomaly Detection

AUTOENCODER

UNIVERSITA DI BOLOGNA

decoder

>l v

encoder

)

O
O
O
O
O
O

Z
e An autoencoder tries to copy Iits input (X) into its output (YY)

* An autoencoder learns to represent its input in the latent space,
extracting the important characteristics of the input set X

IDEA: train an autoencoder with the normal behavior of a
HPC system and use its reconstruction error to detect
anomalies
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