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NLP Tasks

— Named entity recognition

'NER Examples

Input: Vancouver is a coastal seaport city on the mainland
of British Columbia. The city's mayor is Gregor Robertson.

Output: Vancouver is a coastal seaport city on the mainland
of British Columbia. The city's mayor is Gregor Robertson.

Bryan Perozzi 'ﬁ' Stony Beook Univenity: Polyglot-NER: Massive Multilingual Named Entity Recognition




NLP Tasks

— Sentiment Analysis
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Generic NLP Supervised Model
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Generic NLP Supervised Model
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Word Distributed Representations
capture Semantics

 Semantics: “The relation between the words or expressions of a
language and their meaning.” (sardentors, 2000
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Word Embeddings

 Word2Vec (Mikolov et al., 2013)
* GloVe (Pennington et al., 2014)
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Word Embeddings

 Word2Vec (Mikolov et al., 2013)
* GloVe (Pennington et al., 2014)
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Image is from work created and shared by Google and used according to terms described in the Creative Commons 3.0 Attribution License.



https://developers.google.com/readme/policies/
http://creativecommons.org/licenses/by/3.0/

Why Called Embedding?

Image CC BY-SA 3.0 by Lars H. Rohwedder,
https://commons.wikimedia.org/wiki/User:RokerHRO
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Why Called Embedding?

Derivative image CC BY-SA 3.0 by Ryan Wilson from Jitse Niesen
https://commons.wikimedia.org/wiki/User:Pbroks13; https://en.wikipedia.org/wiki/User:Jitse_Niesen
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Mathematical Structures

A
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Mathematical Structures and ML
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N dim-> k dim
Dimensionality Reduction




e.g. Earth Surface 2D Embedding
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e.g. Shape of the Universe
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Manifold Learning

* Embedding while preserving the neighbourhood
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Saul, Lawrence K., and Sam T. Roweis. "An introduction to locally linear embedding.” Available at: http://www. cs. toronto.
edu/~ roweis/lle/publications. htm/(2000).
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Manifold Learning for Dimensionality
Reduction
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Manifold Learning- Various Algorithms

Manifold Learning with 1000 points, 10 neighbors

LLE (0.23 sec) LTSA (0.37 sec) Hessian LLE (0.52 sec) Modified LLE (0.43 sec)

ol

Isomap (0.46 sec) MDS (2.1 sec) SpectralEmbedding (0.22 sec) t-SNE (17 sec)

J A

http://scikit-learn.org/stable/auto_examples/manifold/plot_compare_methods.html 19
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Word Pairs Embedding Similarity

based on GloVe 42B 300d embedding

Wlord Re-Embedding: Problem
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Wlord Re-Embedding: Problem

Embedding sim(“shore”, “woodland”) >
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Despite an opposite order with a big
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Word Re-Embedding: Methodology

(Human Judgement)
Euclidean Metric Space

e.g. (Rumelhart & Abrahamson, 1973; Sternberg & Gardner, 1983)

A

metric reccw-a-ryT metric recovery Tmetric recovery

Word Embedding Manifold Learning
Start: words co-occurrence Start: high dimensional

space, or metric space
e.g. GloVe (Pennington et al |
2014}1 Word2Vec (Mikﬂlﬂ\l’ et e.g LLE {R(}weig & Saul,

al, 2013). 2000)

| |
. Re-Embedding by Manifold ™, |
:  Learning (Our Method) | (Hashimoto et al_, 2016)

> Word Embedding | J{*. | Manifold Learning | |
<
Manifold Learning ' Word Embedding
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Word Re-Embedding: Related Work

— Word embedding: Word2Vec (Mikolov et al., 2013),
GloVe (Pennington et al., 2014a)

— Unified metric recovery framework for word embedding
and manifold learning (Hashimoto et al., 2016)

— Manifold learning for dimensionality reduction and
embedding: Locally Linear Embedding (LLE) (Roweis and
Saul, 2000), Isomap (Balasubramanian and Schwartz,
2002), t-SNE (Maaten and Hinton, 2008), etc.

— Word embedding post-processing: (Labutov and Lipson,
2013), (Lee et al., 2016), (Mu et al., 2017)

— Need for generic, unsupervised, nonlinear, and
theoretically-founded model for post-processing
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Word Pairs Similarity
based on GloVe 42B 300d embedding, and

normalized to unit means
@ Original Embedding

@® Manifold Re-Embedding
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Re-embedding by Manifold learning
increased the similarity estimation
between nearby words, and decreased
the similarity estimation between
distant words, resulting in a higher
correlation with human judgement

Results
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Word Re-Embedding: Results

Space Task | GloVe Re-Embedding
6B 50d  WS353 | 61.2 56.6
6B 50d RG65 60.2 53.0
6B 100d  WS353 | 64.5 64.3
6B 100d  RG65 65.3 67.3
6B 200d  WS353 | 68.5 69.7
6B 200d  RG65 75.5 76.0
6B 300d  WS353 | 65.8 70.3
6B 300d  RG65 75.5 80.5

42B 300d  WS353 | 75.2 78.4
42B 300d  RG65 80.0 83.4

Table 1: Average performance on similarity tasks.
(Window start € [5000, 15000], Number of LLE
local neighbours =1000, Window length = 1001,

Manifold dimensionality = Space dimensionality.)
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Word Re-Embedding: Results
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Word Re-Embedding: Results
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Word Re-Embedding: Results
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Word Re-Embedding: Results
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Conclusions

Word re-embedding improves performance on
word similarity tasks

The sample window start should be chosen just
after the stop words

The sample length should be close or equal to the
number of local neighbours, which in turn can be
chosen from a wide range

The dimensionality of the original embedding
space should be retained



