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Data Challenges in Scientific Applications

Large-scale scientific
data introduce new
challenges.

The MISSION of HAC:
Prototype new algorithms
and hardware for domain
scientists to deal with
such new challenges.

A3D3 institute
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[PVCNN, NeurlP§’19]

TinyML for Point Cloud Processing s

- 3D point cloud models: 10x more computationally expensive than 2D CNNs A

- Challenges: highly sparse & irregular, large memory footprint
- Random memory access is unfriendly for CPU/GPU/TPU => customized system & HW
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Generalizable and Interpretable Graph Machine Learning

« Graphs are suitable to model the highly irreqular & sparse data in scientific applications.

« Challenge I: Label scarcity; Using simulated/unlabeled data for model training may be risky.

N

« Challenge Il: ML models are not directly interpretable and thus may be not trustworthy in science.

(a). Construct one graph per event

(b). Remove charged-specific feature of
randomly selected particles for training
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(c). Feature extraction
via GNNs
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(b). Subgraph extraction via an explainer

T — 3u Detection & Interpretation

(a). Original scores

Mission |: Develop generalizable graph ML models via domain adaption & injecting expert inductive biases.
Mission Il: Develop interpretable graph ML models via feature selection & information bottleneck



Low Latency, Low Power ML in HLS4ML & TinyML
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Future for Hardware Compilers

* PylLog Mission: Work with physicists and
neuroscientists to support various heterogeneous
system organizations, targeting A3D3 workloads.
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Programming heterogeneous system organizations
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ScaleHLS Mission: Automate code restructuring and
pragma insertion to maximize design productivity and
quality for scalable HLS.
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Hardware and Algorithm Co-development

« The MISSION: Provide efficient and trustworthy algorithm and
hardware support for the scientific domains in A3D3.
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