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Learning Where To Look -

Generative NAS is surprisingly efficient

Jovita Lukasik*, Steffen Jung®, Margret Keuper

— Motivation / Contribution

Existing neural architecture search (NAS) methods are expensive and require to
evaluate numerous architectures for their performance. So, how can we find well-

performing architectures efficiently?

Our idea: We finetune the latent space of a generative model in a weighted
retraining manner such that it learns to directly generate well-performing

architectures

~ — 1) Generator Training

Generator pg, takes a randomly sampled variable z ~N(0,7) as input and learns to
reconstruct a randomly sampled graph G from the architecture search space pp.

Training procedure: The generator generates in the first step the input node, which is then
the input to a GNN. This GNN generates a partial graph representation. The input variable z
and the latter graph representation are then used for an iterative generation process to
generate node and edge scores until the output node is generated. The output graph is then
compared to the randomly sampled graph.
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~ — 2) Generative Search Algorithm - AG-Net

We use the pretrained generator to generate architectures and
use a surrogate prediction model to predict architecture
performance or latency.

1. The surrogate model is trained together with the generator
on a small initial training data set (16 training instances) for
the combined objective of reconstruction and prediction in a
weighted retraining manner.
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Algorithm 1: Unconstrained Search Algorithm
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Input: (i) Search space pp
Input: (ii) Pretrained generator GG
Input: (iii) Untrained performance predictor P
Input: (iv) Query budget b
Input: (v) e epochs to train G and P
> Initialize training data
D« {}
while |D| < 16 do
‘ D+~ Du{d~pp}
end
> Evaluate architectures (get accurracies on target image dataset)
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