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Scientific Machine Learning: Transforming How We Do Science
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Why SciML Model Design is Hard

3



Bottlenecks in SciML Workflows

4



LUMOS: A Unified End-to-End Framework
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Challenge 1: Efficient Pruning: Need for suitable, simple 
pruning algorithms to reduce model complexity without 
sacrificing performance.

Challenge 2: Universality: Solutions must be adaptable 
across a wide range of SciML layers (FC, Conv, GNN, 
Attention).

Challenge 3: Structural Integrity: Ensuring structural 
pruning leads to actual, physical model compression and 
hardware speedup.



(I) Semi-Stochastic Gating & L0 Regularization

Reparametrization for Differentiable 
Optimization: 

Semi-Stochastic Gating Parameters:

Accuracy loss  +  Complexity loss:

Hard-concrete relaxation: 
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(II) Gates Work Across All Major SciML Layers

(1) FC Layer: 

(2) Convolutional layer:

(3) GNN Layer:

(4) Attention Layer
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(III) Structural Consistency: Keeping the Pruned Model Executable
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After pruning, LUMOS must ensure:
● Tensor dimensions still match;
● Layer dependencies remain valid;
● Outputs are still executable;
● Residual and concatenation structures are preserved.

Concatenation

Graph layers

Flatten

Layer removal



Experimental Setup

Metrics include:

● Inference speedup;

● Accuracy;

● Parameter reduction;

● FLOPs reduction;

● Memory usage;

● Energy consumption;

● Scalability.
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Test platform: Cluster with 8 A100 GPUs

[1] Thiyagalingam, Jeyan, et al. "Scientific machine learning benchmarks." Nature Reviews Physics 4.6 (2022): 413-420.



Average 69% Floating Point ReductionAverage 71% Parameter Reduction

Accuracy Matches to Vanilla Average 6.4x GPU Speedup

Main Results: Speedup, Accuracy & Compression
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Energy, Memory & Scalability

Average 50.7% Power Reduction Scale up to 8 V100 GPUs

Training process
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Average 23% Peak Memory Reduction



Conclusion

LUMOS democratizes SciML model design by reducing manual feature and architecture 
tuning. It helps scientists build models that are:
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Smaller Faster Energy-efficient Easier to deploy Still accurate

Take away:
LUMOS makes SciML workflows more automatic, efficient, and practical for 
real-world scientific applications.



Thanks
Any questions?

Let's discuss any doubts or concerns. 

If something comes up later, contact gaosho@oregonstate.edu
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5. LUMOS vs. SOTA Pruning Methods & Feature Interpretability
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