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NAACL2018: Outstanding Paper
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* Deep Contextualized Word Representations. Matthew Peters, Mark Neumann,
Mohit lyyer, Matt Gardner, Christopher Clark, Kenton Lee and Luke Zettlemoyer
Best Paper

* Learning to Map Context-Dependent Sentences to Executable Formal Queries.
Alane Suhr, Srinivasan lyer and Yoav Artz

* Neural Text Generation in Stories using Entity Representations as Context.
Elizabeth Clark, Yangfeng Ji and Noah A. Smith

* Recurrent Neural Networks as Weighted Language Recognizers. Yining Chen,
Sorcha Gilroy, Andreas Maletti, Jonathan May and Kevin Knight
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Deep contextualized word representations
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ELMoR{EFE

. Our ELMo + Increase
Task Previous SOTA . . .
baseline Baseline (Absolute/Relative)

SQuAD SAN 84.4 85.8 4.7124.9%
Chen et al

SNLI 88.6 88.7 +/-0.17 0.7/5.8%
(2017)

SRL He et al (2017) 81.7 84.6 3.2/17.2%

Coref Lee et al (2017) 67.2 70.4 3.2/9.8%
Peters et al 91.93 +/-

NER 92.22 +/-0.10 2.06/21%
(2017) 0.19

Senti t McC t al

snmen s et 53.7 54.7 +- 0.5 3.3/6.8%
(5-class) (2017)
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(2017)
SRL He et al (2017) 81.7 3.2/17.2%
Coref Lee et al (2017) 67.2 3.2/9.8%
Peters et al 91.93 +/-
NER . 92.22 +/-0.10 2.06/21%
(2017) 0.19
Senti t McC t al
enimen crann et a 53.7 | 54.7 +/-0.5 3.3/6.8%
(5-class) (2017)
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. Our ELMo + Increase
Task Previous SOTA . . .
baseline Baseline (Absolute/Relative)
SQuAD SAN 84.4 81.1 85.8 4.7124.9%
SNLI 0.7/5.8%
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SRL 3.2/17.2%
Coref Lee et al (2017) 67.2 67.2 70.4 3.2/9.8%
Peters et al 91.93 +/-
NER 90.15 92.22 +/-0.10 2.06/21%
(2017) 0.19
Senti t McC t al
enimen crann et a 53.7 51.4 54.7 +/-0.5 3.3/6.8%
(5-class) (2017)
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Deep contextualized word representations

18 M AR TR E

. Our ELMo + Increase
Task Previous SOTA . . .
baseline Baseline (Absolute/Relative)
SQuAD SAN 84.4 81.1 85.8 4.7124.9%
Chen et al
SNLI 88.6 88.0 88.7 +/-0.17 0.7/5.8%
(2017)
SRL He et al (2017) 81.7 81.4 84.6 3.2/17.2%
Coref Lee et al (2017) 67.2 67.2 70.4 3.2/9.8%
Peters et al 91.93 +/-
NER 90.15 92.22 +/-0.10 2.06/21%
(2017) 0.19
Senti t McC t al
snmen s et 53.7 51.4 54.7 +- 0.5 3.3/6.8%
(5-class) (2017)
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Deep contextualized word representations

=13
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https://github.com/allenai/bilm-tf

bilm-tf

Tensorflow implementation of the pretrained biLM used to compute ELMo representations from “Deep contextualized word
representations”,

This repository supports both training biLMs and using pre-trained models for prediction.

We also have a pytorch implementation available in AllenNLP.

You may also find it easier to use the version provided in Tensorflow Hub if you just like to make predictions.

Citation:

@inproceedings{Peters:2018,
author={Peters, Matthew E. and Neumann, Mark and Iyyer, Mohit and Gardner, Matt and Clark, Christopher and Lee, Ken

title={Deep contextualized word representations},
booktitle={Proc. of MAACL},
year={2818}

Installing

Install python version 3.5 or later, tensorflow version 1.2 and h5py:

B> FED L DRENLSRFEE|



https://github.com/allenai/bilm-tf
https://github.com/allenai/bilm-tf

Recurrent Neural Networks as Weighted Language Recognizers

Recurrent Neural
Networks as Weighted
Language Recognizers

Yining Chen, Sorcha Gilroy, Andreas Maletti, Jonathan May,
Kevin Knight



Recurrent Neural Networks as Weighted Language Recognizers
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Recurrent Neural Networks as Weighted Language Recognizers
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Recurrent Neural Networks as Weighted Language Recognizers
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Recurrent Neural Networks as Weighted Language Recognizers
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Recurrent Neural Networks as Weighted Language Recognizers
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Recurrent Neural Networks as Weighted Language Recognizers
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Fortification of Neural Morphological Segmentation Models for Polysynthetic Minimal-Resource Languages

Fortification of Neural
Morphological Segmentation
Models for Polysynthetic
Minimal-Resource Languages

Katharina Kann, Manuel Mager, Ilvan Meza-Ruiz, Hinrich
Schutze
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Fortification of Neural Morphological Segmentation Models for Polysynthetic Minimal-Resource Languages
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Fortification of Neural Morphological Segmentation Models for Polysynthetic Minimal-Resource Languages
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dev 106 134 176 127
test 355 449 553 425
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