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Introduction Case Study I: DeepDriveMD Case Study II: Storm Tracking Worktlow
Distributed scientific workflows are data-intensive; bottleneck is usually data move- DeepDriveMD (DDMD) is a deep learning-driven molecular dynamics simulations Storm Tracking uses a flexible atmospheric feature tracking software package [3]
ment through storage systems. Therefore, it is critical to understand data flow. workflow for protein folding [2]. for weather research and forecast datasets.
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Figure 5: Six-Stages Pipeline Storm Tracking Workflow.
Figure 2: Four-Stages Pipeline Workflow (simulation, aggregate, train, and inference). :
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Data None-Used: file produced by task 4 is not used by any later task
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This structural design effectively conveys data relationships, and annotations, en-
hancing data’s meaning. Figure 3: Aggregate Stage Close-Up TDD showing two datasets. Lack automated method to comprehend data access within workflows.

Semantic DAGs: enhancing traditional DAGs by incorporating tasks and
filenames that trace the flow of semantic objects.

Gathered statistics enable analysis of performance and data access patterns,
enabling new insights on improving workflow.
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Challenges Observation: aggregate task changes the data layout without content change.
Opportunity: aggregate task can be removed.
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Sankey diagram is used to visualize litecycle graphs. when memory is limited, caching a subset of the aggregated.h5 does not violate

task-data dependency.
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