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OUTLINE

AI for HPC Sustainability & Operational Data Analytics

AI-Driven and Data-Driven Approaches

• IoT and Big Data Era

• AI and DL Era

• Generative AI Era
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AI for HPC Sustainability

Leonardo@CINECA #4 June23 Top500 
• ~5000 Compute nodes
• Heterogeneous design
• Hot water liquid cooling
• ~10MWatt 

• HPC systems are costly and complex machines

• Sustainable operation is paramount

• Reduce management complexity

• Reduce power consumption & carbon footprint

• Increase system availability

• Increase operational efficiency

Leverage AI and Data-Driven approaches
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AI for HPC Sustainability

HPC installations are inherently rich in data:

- Many compute nodes x HW/SW x metrics x components

- Operation Data Analytics (ODA) struggle to do more than dashboarding

- A large amount of data, but NoSQL time-trace databases
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Data-driven optimization of large-scale computing systems F
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Data-driven optimization of large-scale computing systems

IoT & Big-Data ERA
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Telemetry data 
collection is scalable & 
data are analyzed by 
Domain Experts w. help 
from Monitoring System 
Experts --- Dashboards 
and 3D visualization

time

2021 Marconi100
2018 

D.A.V.I.D.E.

2016 
Marconi 

& Galileo [2]

EXAMON is worldwide 
recognized & open-
source available
TechTransfer to E4 for 
SLA, maintenance

2025 Da-Vinci1 & ENI HPC4/5
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Data-driven optimization of large-scale computing systems

IoT & Big-Data ERA
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Telemetry data collection is scalable
data are analyzed by 
- Domain Experts 
- w. help from Monitoring System 

Experts 
=> Dashboards and 3D visualization

time

2021 Marconi100
2018 

D.A.V.I.D.E.

2016 
Marconi 

& Galileo [2]

EXAMON is worldwide 
recognized & open-
source available
TechTransfer to E4 for 
SLA, maintenance

2025 Da-Vinci1 & ENI HPC4/5



Using 3D visualization tool linked to the real time data provided by ExaMon can 
bring several benefits

IoT & Big Data ERA - Cluster Digital Twin

• Visualization and Analysis
• Helps identify and understand events 

and behaviors in relation to the 

location of objects.

• Enables XR (VR/AR/MR) applications

• Improved collaboration
• Visualizing data and issues in a 

common and familiar visual 
representation enables better 
decision-making through improved 
communication and collaboration.



PoC#2: @CINECA: Marconi 100 PUE optimization

We used ExaMon to improve the PUE of the Marconi 100 in 
collaboration with the operators of CINECA's technical department.
Calculated the efficiency (COP) of the cooling equipment (CRACs and chillers) in real time

Created ad hoc dashboards to visualize both raw metrics and efficiency metrics useful for 
setting optimal set points.

• Results obtained :
– efficiency curves obtained using historical data

=> optimal operating point of the devices as a      
function of load, temperature and humidity.

– Based on dashboards feedback, the operators were 
able to set the individual set points of the devices 
optimally.

– During the trial period, we were able to achieve a 
PUE reduction of approximately 8% when compared 
to historical data measured under the same 
environmental and operating conditions.

IoT & Big Data ERA - Cluster Digital Twin



Data-driven optimization of large-scale computing systems

AI & DL ERA

IoT & Big-Data ERA
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Telemetry data are analyzed by 
- Data Scientists 
- w. help from  Domain & 
Monitoring System Experts 
=> Datasets, AI models

time

EXADATA
M100 lifelong 

production data
1st dataset of its 

kind (pre-exascale)

FDATA
Fugaku lifelong 
production data

(w. Rieken) 
(exascale)

AE, RUAD, GRAAFE, 
MCBOUND, UoPC

 
  

 
  
 
 
  
 
 
  
  

 

  

    

  

  

  

   

   

   

   

       



ExaData – open dataset – just released

https://www.nature.com/articles/s41597-023-02174-3

https://gitlab.com/ecs-lab/exadata

AI &DL ERA: M100 Dataset!

https://www.nature.com/articles/s41597-023-02174-3
https://www.nature.com/articles/s41597-023-02174-3
https://www.nature.com/articles/s41597-023-02174-3
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https://www.nature.com/articles/s41597-023-02174-3
https://gitlab.com/ecs-lab/exadata
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https://gitlab.com/ecs-lab/exadata


• 31 months of data

• 573 metrics, 980+ nodes, approx. 
50 TB uncompressed

• Vertiv, Schneider, IPMI, Ganglia, 
Logics, Weather, Nagios, SLURM, 
Job table

• Hardware data, system monitoring 
data, external information

• Different sampling granularities 
(from seconds) to minutes

• Zenodo + Nature Scientific Data 

https://www.nature.com/articles/s41597-023-02174-3
https://gitlab.com/ecs-lab/exadata

AI &DL ERA: : M100 Dataset!

https://www.nature.com/articles/s41597-023-02174-3
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https://gitlab.com/ecs-lab/exadata


• 31 months of data

• 573 metrics, 980+ nodes, approx. 
50 TB uncompressed

• Vertiv, Schneider, IPMI, Ganglia, 
Logics, Weather, Nagios, SLURM, 
Job table

• Hardware data, system monitoring 
data, external information

• Different sampling granularities 
(from seconds) to minutes

• Zenodo + Nature Scientific Data 

https://www.nature.com/articles/s41597-023-02174-3
https://gitlab.com/ecs-lab/exadata

AI & DL ERA: M100 Dataset!

Despite data being made available publicly, the uptake of DAID approaches to HPC management and optimisation is 
still slow!
➔ The lack of structure and complexity in the monitoring system hinders the actual usage of the data.
➔ So far,  dashboards and AI models prototypes

Times
tamp

CPU 
PWR

GPU 
PWR

Inlet 
Temp

Fan 
speed

Total
PWR

PCIE State ………
CPU 

Temp

2022-07-15 

08:30:00 85 110 30 3000 1000 4.5 0 ……… 45

2022-07-15 

08:45:00 75 96 32 1150 650 3.5 0 ……… 47

………

2023-07-15 
08:30:00 75 60 27 4000 1200 1.7 1 ……… 57

Time x Metrics

… … … … … … … … …

Plugins x Components

Job ID Start time …  Nodes list

800454 2022-07-15 
08:30:00

….. 250,260

800454 2022-07-15 
08:30:00

….. 117,667,56

Job Table 

https://www.nature.com/articles/s41597-023-02174-3
https://www.nature.com/articles/s41597-023-02174-3
https://www.nature.com/articles/s41597-023-02174-3
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https://www.nature.com/articles/s41597-023-02174-3
https://www.nature.com/articles/s41597-023-02174-3
https://www.nature.com/articles/s41597-023-02174-3
https://gitlab.com/ecs-lab/exadata
https://gitlab.com/ecs-lab/exadata
https://gitlab.com/ecs-lab/exadata


MCBound: An Online Framework to Characterize and Classify 
Memory/Compute-bound HPC Jobs, F. Antici et al SC24

*2.2 million jobs submitted and executed between Dec 2023 and Mar 2024.

F-DATA: A Fugaku Workload Dataset for Job-centric Predictive 

Modelling in HPC Systems   https://zenodo.org/records/11467483

AI & DL ERA: Fugaku Roofline in Production & F-DATA

https://zenodo.org/records/11467483


AI & DL ERA: From Anomaly Detection to Anomaly Prediction
RUAD: Unsupervised anomaly detection in HPC systems, FGCS23

Rule-Based Thermal Anomaly Detection for Tier-0 HPC Systems ISC22

Examon-x: a predictive maintenance framework for automatic monitoring in industrial iot systems JIOT21

Integrated energy-aware management of supercomputer hybrid cooling systems TII06

Graph Neural Networks for Anomaly Anticipation in HPC Systems ICPE23

GRAAFE: Graph Anomaly Anticipation Framework for Exascale Hpc Systems, FGCS 24
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Data-driven optimization of large-scale computing systems

IoT & Big-Data ERA

GenAI ERA
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Telemetry data are accessed in 
natural language by end-users 
with no prior knowledge in the 
system

time

AI & DL ERA

EXAAGENT

EXASAGE

EXAgent, EXAsage, 
KubeIntellect

System Telemetry 
Foundational 

Model



Objective: reduce management complexity

Increasing operational sustainability

SoA ODA query :

“f     ll J bs 
which caused a 
compute node 
overheating in 

the last XX 
h u s”

Finds Jobs which executed in the last XX hours 

For each job find the nodes where it executed

For each job extract start & end time
For each node in job during within start & end time get specific metrics values 



Objective: reduce management complexity

Graph to structure the unstructured ODA/telemetry data

Increasing operational sustainability

SoA ODA query :

“f     ll J bs 
which caused a 
compute node 
overheating in 

the last XX 
h u s”

SPARQL (Graph) Query 

J. Khan et al., OntoODA: Ontology for Enhancing Operational Data Analytics in High-Performance Computing Systems, ACM GraphSys24
J. Khan et al., A Unified Ontology for Scalable Knowledge Graph-Driven Operational Data Analytics in High-Performance Computing Systems, ARXIV

ExaMon ontology
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which caused a 
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Graph representation of operational data lowers knowledge-access cost.

Transitioning from NoSQL database to a Knowledge Graph. 

J. Khan et al., OntoODA: Ontology for Enhancing Operational Data Analytics in High-Performance Computing Systems, ACM GraphSys24
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Objective: reduce management complexity

Graph to structure the unstructured ODA/telemetry data

Increasing operational sustainability

SoA ODA query :

“f     ll J bs 
which caused a 
compute node 
overheating in 

the last XX 
h u s”

SPARQL (Graph) Query 

Nice! But impractical!

IPMI data for May 2022 => ~11B samples 

• NoSqL: 4GiB @ M100 ExaData in Parquet file format

• KG: 2.9TiB Turtle format (745x)

ExaMon ontology

Graph representation of operational data lowers knowledge-access cost.

Transitioning from NoSQL database to a Knowledge Graph. 

J. Khan et al., OntoODA: Ontology for Enhancing Operational Data Analytics in High-Performance Computing Systems, ACM GraphSys24
J. Khan et al., A Unified Ontology for Scalable Knowledge Graph-Driven Operational Data Analytics in High-Performance Computing Systems, ARXIV
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EXASAGE: The First Data Center Operational Data Analysis Assistant

Objective: Provide a conversational interface to Examon/ODA collected data.

“Which one is the average node temperature during Job 37 execution?”

“Extract the average GPU utilization during last week on all compute nodes? ”

EXASAGE: The First Data Center Operational Data Co-pilot.  J. Khan et al. (FGCS25).
Towards Operational Data Analytics Chatbots – Virtual Knowledge Graph is All You Need, J. Khan et al. (https://arxiv.org/abs/2506.22267 ).
 

https://arxiv.org/abs/2506.22267
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EXASAGE: The First Data Center Operational Data Analysis Assistant

Objective: Provide a conversational interface to Examon/ODA collected data.

“Which one is the average node temperature during Job 37 execution?”

“Extract the average GPU utilization during last week on all compute nodes? ”

Naïve approach (LLM-to-NoSQL): 

- Text -→ LLM → SQL/NoSQL query: Do not work! 25% of accuracy! (55% w. SQL1)

ExaSage (LLM-to-SPARQL): 

- Text → LLM + Ontology → SPARQL + VKG -→ Answer: 93% correct answer.

- → Virtual Knowledge Graph Creation→ Ontology + GraphDB → VKG 

1J.Li et al. Can llm already serve as a database interface? NIPS’23 
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ExaAgent – The first operational data Agent Framework

Three types of contextual information:
- Telemetry data
- Telemetry data documentation
- Historical site-specific documental data
- Self—hosted LLM inference
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ExaAgent – The first operational data Agent Framework
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KubeIntellect: LLM-Powered Agent Framework for Intelligent Kubernetes Management

Example Queries
• “L st  ll p  s         t f  th s  w th      s       h   m sp   ”

• Supervisor → Configs Agent + Logs Agent
• “Ch  k C U     m m    us g   f  ll     s  v   l st 10 m  ut s” → Metrics 

Agent
• “F    m s   f gu    ConfigMaps     S  v   s”

• Supervisor → Configs Agent
• “Au  t RBAC p l     h  g s    l st 24h”

• Supervisor → Security Agent
• “G     t    t  l t    st  t  ll CrashLoopBackOff p  s”

• Supervisor → Code Generator Agent (Future Work)

Motivation / Challenges
• Kubernetes management is complex and fragmented
• Operators must juggle multiple tools (kubectl, dashboards, logs, 

configs)
• Troubleshooting requires deep expertise and manual effort

There is a need for a system that allows administrators to ‘talk to 
Kubernetes’ in plain language.

Ardebili et al. KubeIntellect: A Modular LLM-Orchestrated Agent Framework for End-to-End 
Kubernetes Management https://arxiv.org/abs/2509.02449

https://arxiv.org/abs/2509.02449
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