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1. Overview

Increasing complexity of HPC simulations pose several challenges to their repro-
ducibility and reliability. Ome critical issue is the non-determinism (ND) induced
by asynchronous MPI communication. Locating the sources of ND in large codes is
difficult. This problem can be addressed by comparing event graphs (graphs map-
ping MPI communication) across multiple runs of the application by using tools like
ANACIN-X]2] (to trace the event graphs) and network alignment (to locate areas

3. Our Contribution: Meta Process-Graph Heuristic
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2. State-of-the-art Baselines
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Mathematical Scoring Function
Let S:V(G) —» R denote the tree scoring function defined as

S(v) = In[Poly(lvl(v)) + S(u)],where lvl(v) is the reverse topological level of v
ueChildren(v)
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5. Experimental Results
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Methodology: Use latent representa-
tions to measure node similarity
Hyperparameters:

Learning Rate: le-4, Hidden Dim: 512,
Output Dim: 16, Training Epochs: 1e3
Input Vector: [topological level| concat
'One Hot MPI Function]

Limitation: Can only aggregate in-
formation from k-hop neighborhood,
k << diameter.

Experiment Settings
1. If the Meta-Graph alignment matched more than one node, we counted it as an
incorrect matching.

2. For NetAlign, we shuffled the node labels before measuring the accuracy. Acknowledgement
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6. Conclusion

We incorporated collective communication tracing into ANACIN-X’s event graph

generation module. We developed an algorithm that can compare event graphs with
message ND and it outperforms existing state-of-the-art. The identified ND nodes

can be traced back to their function call using ANACIN-X’s CSMPI module.




