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2. Neural Architecture Search

For more detalls, seex

AutoML: true endto-end learning

- Meta-level - j
\_:_/ — learning & | —> e;lrnlng
~ optimization OX

Feurer and Elsken: AutoML


http://automl.org/book

Neural Architecture Searchviotivation
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https://arxiv.org/pdf/1605.07678.pdf
https://arxiv.org/pdf/1602.07261.pdf
https://metalearning-cvpr2019.github.io/assets/CVPR_2019_Metalearning_Tutorial_Nikhil_Naik.pdf
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Neural Architecture Searchviotivation

Can we automatically design
neuralnetwork architectures?
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Neural Architecture Search
o Search Space Design

Based on: Elsken, Metzen and Hutter
[INeural Architecture Search: a Survey, JMLR 20:

also Chapter 3 of the AutoML booK]
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http://www.jmlr.org/papers/v20/18-598.html
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Basic Neural Architecture Search Spaces
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https://arxiv.org/abs/1808.05377

4 Cell Search Spaces

22 Introduced by
_ Architecturecomposed
Two possible cells of stackingtogether

individualcells

normal cell;
preserves spatial
resolution

reduction cell;
reduce spatial
resolution
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http://openaccess.thecvf.com/content_cvpr_2018/papers/Zoph_Learning_Transferable_Architectures_CVPR_2018_paper.pdf
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Neural Architecture Search

o Blackbox Optimization

Based on: Elsken, Metzen and Hutter
[Neural Architecture Search: a Survey, JMLR 20:
also Chapter 3 of the AutoML book]
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https://arxiv.org/abs/1808.05377

NAS with Reinforcement Learning
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o NAS with Reinforcement Learnirg
I Stateof-the-art results for CIFARO, Penn Treebank

I Large computational demands:
800 GPUs for-& weeks, 12.800 architectures trained

Sample architecture A
with probability p

[ | y

Trains a child network

The controller (RNN) with architecture
A to get accuracy R

Compute gradient of p and

scale it by R to update
the controller

Feurer and Elsken: AutoML


https://openreview.net/pdf?id=r1Ue8Hcxg
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NAS with Reinforcement Learning

o architecture of neural network represented as string
SPIDPT OAGFAL USNI KSAIKOGY pécz
o controller (RNN) generates string that represents architect
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https://openreview.net/pdf?id=r1Ue8Hcxg
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NAS with Evolution

° NeurOeVO|utiOn(aIready since the 1990snoelinect al., 1994 Stanley
and Miikkulainen 2003)

- Mutation steps, such as adding, changing or removing a layel
[Real et al., ICML 201Miikkulainenet al.,arXiv2017]
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http://www.demo.cs.brandeis.edu/papers/ieeenn.pdf
http://nn.cs.utexas.edu/downloads/papers/stanley.ec02.pdf
proceedings.mlr.press/v70/real17a/real17a.pdf
https://arxiv.org/pdf/1703.00548.pdf

4 RL vs. Evolution vs. Random Search
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[Real et al., AAAI 2019]
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https://arxiv.org/pdf/1802.01548.pdf
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Bayesian Optimization

o Joint optimization of a vision architectuvath
238 hyperparameters with TR

o Auto-Net
I Joint architecture and hyperparameter search with SMAC

I First AuteDL system to win a competition dataset against
human experts

o Kernels for GiPased NAS
T Arc kernel
T NASBOT

o Sequential modebased optimizadn
i PNAS
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http://proceedings.mlr.press/v28/bergstra13.pdf
https://docs.google.com/viewer?a=v&pid=sites&srcid=ZGVmYXVsdGRvbWFpbnxhdXRvbWwyMDE2fGd4OjMzYjQ4OWNhNTFhNzlhNGE
https://arxiv.org/pdf/1409.4011.pdf
https://papers.nips.cc/paper/7472-neural-architecture-search-with-bayesian-optimisation-and-optimal-transport.pdf
http://openaccess.thecvf.com/content_ECCV_2018/papers/Chenxi_Liu_Progressive_Neural_Architecture_ECCV_2018_paper.pdf
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4 Some numbers (Cifdl0)
a0}
:
Reference Error (%)  Params GPU
(Millions)  Days
Zoph and Le (2017) 3.65 37.4 22.400 Going to
cell search
é Zoph et al. (2018) 3.41 3.3 2,000 Space
Real et al. (2017) 5.40 5.4 2,600
=
Real et al. (2019) 3.34 3.2 3,150
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https://arxiv.org/pdf/1905.01392.pdf
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Blackbox optimization Is expensive!
Can we do better?
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Neural Architecture Search

o Beyond Blackbox Optimization

Based on: Elsken, Metzen and Hutter
[Neural Architecture Search: a Survey, JMLR 20:
also Chapter 3 of the AutoML book]
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https://arxiv.org/abs/1808.05377
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Main approaches for making NAS efficient

o Weight inheritance & network morphisms
S R -

o \Weight sharing & onshot models

o Multi-fidelity optimization

id2 aSIFNOK 2y ayYlffSN Y2RSH
o Meta-learning

I Avoid running NAS from scratch for every task
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