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Interpretable NAS

« Current NAS:
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Contributions

NAS-BOWL.:

*  Query-efficient BO-based NAS strategy

— GP surrogate with the Weisfeiler-Lehman (WL) graph kernel achieves good
predictive performance

— Enable BO to handle graph inputs directly

* Interpretability
— Interpretable graph features extracted by WL kernel
— Help explain the performance of architecture design
— Example: motif-based transfer learning to warm start a related task

« Superior empirical performance
— GP surrogate on various search spaces
— BO strategy on various NAS datasets



Weisfeiler-Lehman(WL) Graph Kernel
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Interpretability

WL kernel extracts interpretable features:
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« Average the derivatives of the posterior mean w.r.t these features
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- the global/overall sensitivity of the objective due to presence of certain motifs.

Interpretable WL features + tractable GP derivatives = Interpretable NAS
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Interpretability: Validation
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Features are indicative of architecture performance;

Features learnt on CIFAR-10 also transfers well to the other tasks!




Experiments: Surrogate Regression

« Comparison with alternate surrogates
— Increasing training data, 400 validation data, 20 repetitions

— GPWL outperforms all competing methods with much less training data esp.
on datasets with larger search spaces (N101 and Flowers102)
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Experiments: NAS Performance

For NASBOWL and
BANANAS, r/m indicates
random sampling/mutation
for optimising the acq. func.
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Summary and Discussion

«  Our NAS-BOWL.:
— Query-efficient NAS strategy and data-efficient surrogate model,

— Learn interpretable motifs responsible for architecture performance along with the
search; First step towards interpretable NAS

— An example use of interpretability: motif-based transfer learning;

* Future directions:
— Alternative ways to extract interpretable insights
— Better ways to use interpretability for improving NAS (e.g. robustness)
— Use interpretable motifs for pruning the architectures
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