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1. Word Embeddings

Hinton et al., 
1986

Bengio et al., 
2003

Mikolov et al., 
2013 
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A brief historical review:

evolvements
in computing

power

efficient 
algorithmrefinements

of Neural
Networks

distributed
representations

Similar terms for word embeddings: 

- distributional semantics

- distributed word representations

- semantic vectors



1. Word Embeddings
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Traditional NLP Word Embeddings

Sparse one-hot representation

Vector length = size of vocabulary

Easy to use

Does not store context

Dense representation

Every word represented as a vector

of fixed length (e.g. 300)

Unsupervised learning

Frequent context of words is

encoded in the vectors

The best university in Germany. The  best university in  Germany.

0

0

0

0

1

0

1

0

0

0

0

0

1

0

0

0

0

0

1

0

1

0

0

0

0

2,34

-1,30

0.23

1.33

1.0

4,87

3,22

-1.0

3.9

3.8

1.01

0.01

2.44

3.84

-2.08

8,34

0.23

2.34

1.04

4,55

3,22

5.67

0.01

-1.2

2,66V
o

c
a
b

u
la

ry
M

a
n

u
a
lly

c
h

o
s
e
n

s
iz

e



1. Word Embeddings
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The

best

in

Germany

The

best

in

2 possible classification models with word2vec:

university

Germany

university

Mikolov et al., 2013



1. Word Embeddings
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Simple mathematical operations, e.g. addition

and substraction lead to interesting results:

Vec(„King“) – Vec („Man“) + Vec(„Woman“)       ->       Vec(„Queen“)

Mikolov et al., 2013b

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



2. Motivation
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=> no literature survey (esp. use cases) available

0

500

1000

1500

2000

2500

01.04.16 01.05.16 01.06.16 01.07.16 01.08.16 01.09.16 01.10.16 01.11.16

1438

2065

2301



Table of Contents

1. Word Embeddings & Motivation

2. Research Questions & Approach

3. Preliminary Results

4. Use Case Example

5. Timeline

6. Sources

© sebis14.11.2016 Nicolas Thule 8



3. Research Questions
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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?

?

?

?

?

?



4. Approach
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1) Mikolov Cites Analysis

2) Use Case Selection

(in coordination with Prof. Matthes)

3) Focused Use Case Analysis
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5. Preliminary Results
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Use Cases by Research Area:

- Sentiment Analysis

- Video:  Annotation

- Image:  Object Classification

- Speech Recognition

- Bio/Medicine: 

Genome Sequence Analysis

- Translation

Current baseline: 198 paper



5. Preliminary Results
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App Review 
Mining

Potentially
interesting
Use Cases

Question
Answering

Argumentation 

Mining

Customer Journey 

Analysis

Query 

Expansion

Recommender

Systems
Vu et al., 2015

Naderi and Hirst, 2015; 

Rinott et al., 2015

Iyyer et al., 2014

Ganguly et al., 2015; 

Amer et al., 2016

Ozsow, 2016;

Barkan and

Koenigstein,2016

Benton et al., 2016
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6. Use Case Example

© sebis14.11.2016 Nicolas Thule 15

Gude, 2016

Source Code Recommendation:

import java.util.Arrays;

import java.util.ArrayList;

import java.util.List;

[import, java, util, Arrays]

[import, java, util, ArrayList]

[import, java, util, List]

import

Arrays

ArrayList

List

>>> closest_words(‘Array’s, n=5)

[(’Arrays’),

(’equals()’),

(’sort()’),

(’toString()’),

(’ArrayList’)]
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7. Timeline
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2016 2017Oct Nov Dec Jan Feb Mar

Start
15.10.2016

Kick-off
14.11.2016

End
15.3.2017

Mikolov Cites Analysis

Result Evaluation

Use Case Selection

Use Case Analysis + Scopus

Writing
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8. Sources

Recommended readings:

Natural Language Processing:
- COLLOBERT, Ronan, et al. Natural language processing (almost) from scratch. Journal of Machine 

Learning Research, 2011, 12. Jg., Nr. Aug, S. 2493-2537.

Artificial Neural Networks:
- HAYKIN, Simon; NETWORK, Neural. A comprehensive foundation. Neural Networks, 2004, 2. Jg., Nr. 

2004.

- SCHMIDHUBER, Jürgen. Deep learning in neural networks: An overview. Neural Networks, 2015, 61. Jg., 
S. 85-117.

Word Embeddings:
- PENNINGTON, Jeffrey; SOCHER, Richard; MANNING, Christopher D. Glove: Global Vectors for Word 

Representation. In: EMNLP. 2014. S. 1532-43.

Word2Vec:
- MIKOLOV, Tomas, et al. Efficient estimation of word representations in vector space. arXiv preprint

arXiv:1301.3781, 2013.

- https://deeplearning4j.org/word2vec

- https://rare-technologies.com/word2vec-tutorial/
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