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Introduction
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Sequence modeling with deep learning

Baseline approaches:

o Recurrent Neural Networks

> Long Short-Term Memory
- Gated Recurrent Unit
> EtcC.

o Convolutional Neural Networks
o Transformer Networks
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Efficient Neural Architecture Search

sample LSTM candidate
architectures with probability p i

ENAS Build, train, and

controller evaluate LSTM
child network

T Return the perplexity as a
reward R
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Research goals

s vanilla LSTM optimal?

) Would ENAS converge to similar architecture as LSTM?
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Proposed
Method

Search space:

Which two previous nodes to select

What activation function to apply on

each connection

What operation to perform per node
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Example
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LSTM outperformed the generated ENAS children

# of params Validation

Perplexity
ENAS 9.47M 254.3
Vanilla LSTM 8.00M 173.5
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Experiments and results

best performing architectures
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Experiments and results
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Conclusions

* Vanilla LSTM outperformed ENAS generated children
* ENAS best performing architecture is close to LSTM architecture

* We assume that Vanilla LSTM is empirically an optimal LSTM architecture to model text

generation task, word-level on Penn TreeBank dataset
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