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We need to shift our data flows to a data-driven culture:
● work on data quality
● complements structured frameworks 

All streams of data :
● Ontologies created 
○ to unify terms in domains

● Facilitates data integration, 
○ exchange & access

● Automated frameworks
○ created & fully scalable 

● Across domains & applications
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To ensure interoperability and efficiency in data analysis and modeling pipelines we need Ontologies
● Ontologies are created for unification of terms in specific domains, which facilitates

○ Data integration, exchange & access
● Research data Stewardship is increasingly conceptualized in terms of FAIR Principles
MDS-Onto : A low Level Ontology in the domains of Materials & Data Science
FAIR Enables Semantic Reasoning and New Knowledge

MDS-Onto Framework Datasets
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Packages

In SDLE Res. Cntr.
● Dist. Compute
○ 2.5 Pb Cluster
○ 7 TB Ram
○ 1164 CPU Cores
○ 30 GPUs
■ 480 GPU VRAM
■ 384k Cuda Cores
■ 1.2k Tensor Cores

● High Perf. Compute
○ 7152 CPU Cores
● Nvidia AISC 8 DGX 
○ 2.5 Tb VRAM
○ 4 Tb RAM
○ 15 Tb nvme storage

Benchmarking compute task performance on HPC versus CRADLE (Hadoop3) distributed computing, 
with Spark3 and Nvidia Rapids distributed GPU computing [2]

Domain Task HPC 
CRADLE: 

Hadoop Private 
Cloud

PV: 100K adjacency matrix construction 
(10 billion distance calculations)

19 days, 
On 24 CPUs

19.1 minutes, 
Spark3, Hadoop

PV: 100K PV system graph 
community detection

8.47 hours, 
On 40 CPUs

5.1 minutes, 
Nvidia RAPIDS

PV: Query 5,000 PV systems power, from 2.6 
billion rows

N/A, Out-of-Memory 
for 250 GB RAM

~1 hour, 
Impala, Spark3, 

Hadoop
Image 

Conversion: 10,000 .ibw image files to .tiff 11.1 hours 0.62 hours,
Spark3

Image Deep 
Learning: 

Hyperparameter tuning:  Train 240 deep 
learning Unet segmentation models 5.1 days 5.2 hours, 

SDLEFleets
Image 

Sequences: 
Nearest neighbor crystallite 

calculations 3.8 minutes 1.8 minutes, 
Nvidia RAPIDS
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Data Stewardship
Implementation on data governance  in all data cycle

Outputs

Data Governance
Set policies, guidelines, and decisions on the entire data system

Data Governance Tools in the 
CRADLE Hadoop Platform
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FAIR & Ontologies enable scalable and automated 
data pipelines
1. Data from multiple sources  are ingested ino CRADLE
2. Metadata and Data  are FAIRified & Ontologies  created
3. FAIR data enable efficient, transparent and reliable data 

analysis and Modeling
4. Results enable new knowledge and insights
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Existing st-Graph
New “Synthetic PV 

System” Nodes
Calculate New Data & 
Graph Edges

● Ongoing third-party 
assessments

● Ongoing 
self-assessment

● 110 practices 
aligned with 

NIST SP 800-171 


