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researchers struggle to access and analyze efficiently. We
present the implementation of the Machine Learning Data
Platform (MLDP) with integrated DataProvider for SLAC
accelerator data processing (Figure 1). The system ' b
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PHASE 2: DATA QUERYING . I

Our query system lets researchers easily find and analyze
accelerator data using simple searches, pattern matching, or
bulk requests. Users can work with millions of data points
using familiar date formats, and the system automatically
calculates statistics like averages and data quality metrics

Figure 1: EPICS-based control system architecture showing various data sources flow to the data platform via gRPC protocols and integrated DataProvider
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without requiring users to download massive datasets
(Figure 3).

PHASE 3: ANNOTATION AND ML DATASET PREP.

Our annotation implementation creates organized datasets
for machine learning by automatically grouping devices
based on their location and function. Researchers can
collaborate to tag and categorize data, making it easy to find
relevant datasets for analysis. The system exports data in
ML-ready formats while tracking where each dataset came
from and how devices relate to each other spatially (Figure
4).

CONCLUSIONS
The Machine Learning Data Platform with integrated Data

Provider transforms accelerator data management from
manual, fragmented workflows into automated, intelligent
analysis pipelines. Our three-service architecture
demonstrates that systematic spatial enrichment can extract
meaningful context from device naming conventions while
enabling real-time data discovery across heterogeneous
sources. This empowers researchers to correlate
experimental data with operational configurations
seamlessly, establishing a new paradigm for data-driven
accelerator physics research. The platform proves that
intelligent data infrastructure can eliminate traditional
barriers between raw accelerator data and scientific insight,
enabling researchers to focus on physics discovery rather
than data wrangling.
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Figure 2: EPICS [2] NTTable format transformed into

enriched MongoDB [3] bucket.
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Figure 3: Simple queries return comprehensive
results with automated statistics.
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Figure 4: Scattered datasets organized
into tagged, ML-ready collections.
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