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Introduction Encoding Experiments

e Neural architecture search (NAS) has been extensively studied in the past few years. A
popular approach is to represent each neural architecture in the search space as a directed
acyclic graph (DAG), and then search over all DAGs by encoding the adjacency matrix and
list of operations as a set of hyperparameters. Recent work has demonstrated that even small
changes to the way each architecture is encoded can have a significant effect on the
performance of NAS algorithms [1, 2].

e In this work, we present the first formal study on the effect of architecture encodings for NAS,

We split up our experiments based on three encoding-dependent subroutines. These three
subroutines are the only encoding-dependent building blocks necessary for many NAS
algorithms.

e Sample random architecture - draw an architecture randomly from the search space.

e Perturb architecture - make a small change to a given architecture.

e Train predictor model - train a model (e.g., GP or neural network) for prediction.
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