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1. Word Embeddings

A brief historical review:

. Mikolov et al.,
2013

Bengio et al.,
2003
efficient
refinements algorithm
of Neural
@ Hinton et al., Networks
1986 evolvements
in computing
power
distributed
representations

Similar terms for word embeddings:
- distributional semantics

- distributed word representations
- semantic vectors
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1. Word Embeddings

Traditional NLP Word Embeddings

. L : L =Z
The best university in Germany. The best university in Germany. =
c
> 1 0o 0 o0 O 2,34 4,87 1.01 834 322 2
E o 1 0 o O -1,30 3,22 0.01 0.23 5,67 =
= 0 0 1 o O 0.23 -1.0 244 234 0.01 a
S 0 0 0 1 O 1.33 39 384 104 -1.2 @
> 0 0 0 o0 1 1.0 3.8 -2.08 455 2,66 -
Sparse one-hot representation Dense representation ED'

Vector length = size of vocabulary Every word represented as a vector

of fixed length (e.g. 300)
Easy to use Unsupervised learning

Does not store context Frequent context of words is
encoded in the vectors
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1. Word Embeddings

2 possible classification models with word2vec:

INPUT PROJECTION OUTPUT INPUT PROJECTION  OUTPUT
The wt2) | 4 WD) The
best wi=t) v WD best

. S\ SUM
university > > w0 w(t) - university
in w(t+1) 4 w(t+1) in
Germany w2 v w2 Germany

CBOW Skip-gram

Mikolov et al., 2013
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1. Word Embeddings

lllustration of the characteristics of Word Embeddings (in 2D/3D)

man
.’~§
.\ \\* woman
king ~‘~\ ®
‘@
queen
Simple mathematical operations, e.g. addition
and substraction lead to interesting results:
Vec(,,King“) — Vec (,,Man*) + Vec(,,Woman*) -> Vec(,,Queen®)

Mikolov et al., 2013b
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2. Motivation

Efficient estimation of word representations in vector space

T Mikolov, K Chen, G Corrado, J Dean - arXiv preprint arXiv:1301.3781, 2013 - arxiv.org
Abstract: We propose two novel model architectures for computing continuous vector
representations of words from very large data sets. The quality of these representations is

measured in a word similarity task, and the results are compared to the previously best ..
Zitiert von: 1438 JAhnliche Artikel Alle 8 Versionen Zitieren Speichern
2065 :
2000 :
1500 1438
1000
500
0

01.04.16 01.05.16 01.06.16 01.07.16 01.08.16 01.09.16 01.10.16 01.11.16

=> no literature survey (esp. use cases) available
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3. Research Questions

Which Use Cases that apply to organizational contexts
can be identified in the existing body of literature?

How can Use Cases for Word Embeddings be
categorized?

What are the most frequent use cases?

What further technological developments
of Word2Vec can be identified in the body of literature?

For the most interesting Use Cases:
How do they work technically?
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4. Approach

asen asn

~1000

~10 -20

ase) asn
ase) asn
ase) asn

ase) asn

1) Mikolov Cites Analysis

2) Use Case Selection
(in coordination with Prof. Matthes)

3) Focused Use Case Analysis

© sebis 10

14.11.2016 Nicolas Thule



Table of Contents

1. Word Embeddings & Motivation
2. Research Questions & Approach
3. Preliminary Results

4. Use Case Example

5. Timeline

6. Sources

14.11.2016 Nicolas Thule © sebis 11



5. Preliminary Results

Use Cases by Research Area:

Sentiment Analysis
Video: Annotation

= SentimentAnalysis

u Video
Image: Object Classification i
Speech Recognition Speech
Bio/Medicine: = Bio/Medicin

= Translation

Genome Sequence Analysis
Translation

Current baseline: 198 paper

title authors

abstract link cites

categories

SubCategories

1

2 }Distributed representations of words and phrases and the T Mikolov, | Sutskever, K CAbstract The http://papers.
3 |Imagenet large scale visual recognition challenge O Russakovsky, J Deng, tAbstract The http:/link.spri
4 |Glove: Global Vectors for Word Representation. R Socher, CD Manning  Theatre or thihttp://licao.ne
5 |Distributed Representations of Sentences and Document QV Le, T Mikolov Abstract Man http://www _jrr
6 |Show and tell: A neural image caption generator O Vinyals, A Toshev, S Be Abstract Autc http://www.cy
7 Deep Leaming L Deng, D Yu Abstract This http://citeseel
8 |Knowledge vault: A web-scale approach to probabilistic kr X Dong, E Gabrilovich, G tAbstract Rec http://dl.acm.
9 A Frome, GS Corrado, J £Abstract Mod http://papers.
10 |Intriguing properties of neural networks C Szegedy, W Zaremba, | Abstract: Deehttp://arxiv.ort
11 |Neural word embedding as implicit matrix factorization O Levy, Y Goldberg Abstract We http://papers.
12 |Exploiting similarities among languages for machine trans T Mikolov, QV Le, | Sutske Abstract: Dic: http://arxiv.or
13 |Unifying visual-semantic embeddings with multimodal net R Kiros, R Salakhutdinov, Abstract: Ins http://arxiv.ort
14 }Dependency-Based Word Embeddings. O Levy, Y Goldberg Abstract Whi http://www.ac
15 |Learning word embeddings efficiently with noise-contrasti A Mnih, K Kavukcuoglu  Abstract Con http://papers.
16 |Bilingual Word Embeddings for Phrase-Based Machine T WY Zou, R Socher, DM C:Abstract We http://jan.star
17 | Tailoring Continuous Word Representations for Dependet M Bansal, K Gimpel, K Liv Abstract Wor http-//ttic_uchi
18 |Multimodal Neural Language Models. R Kiros, R Salakhutdinov, Abstract We http://www.jrr

|Devise: A deep visual-semantic embedding model

14.11.2016 Nicolas Thule

2271 Explanation

1268 UseCase
899 Advancement
631 Advancement
500 UseCase
303 Explanation
270 UseCase
264 UseCase
236 UseCase
210 Explanation
206 UseCase
174 UseCase
169 Advancement
133 Advancement
133 UseCase
121 Advancement
130 UseCase

Other
Image
Other
Other
Image
Other
Other
Image
Image
Other
Translation
Image
Other
Other
Translation
Other
Image
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5. Preliminary Results

Potentially
interesting

Use Cases
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6. Use Case Example

Source Code Recommendation:

import java.util.Arrays;
import java.util.ArrayList;
import java.util.List;

l

[import, java, util, Arrays]
[import, java, util, ArrayList]
[import, java, util, List]

import

Arrays
ArrayList

List

v

>>> closest_words(‘Array’s, n=5)

[(‘Arrays),
(‘equals()’),
(‘'sort()’),
(toString()),
(‘ArrayList)]

14.11.2016 Nicolas Thule
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7. Timeline

Start Kick-off End
} 15.10.2016 ) 14.11.2016 > 15.3.2017

2016 Ke&: Nov Dec Jan Feb Mar 2017

Mikolov cites Anaiyis |
Result Evaluation -

Use Case Selection -_l

Use Case Analysis + Scopus
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8. Sources
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Word Embeddings:
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