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Dataset DATEV eG
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Corpus Related to German Tax Law:
• ~130.000 documents
• Different document types
• ~150 million Tokens

Example Synset: { 'fahrzeuge', 'gebrauchtfahrzeug', 'dienstwagen', 
'pkw', 'firmenfahrzeug', 'fahrzeug‘ }

Thesaurus:
• ~16.000 concepts (12.000 synsets)
• ~ 36.000 synonyms
• We use subsets of synsets with

words occurring at least N times
(each word in synset)



Thesauri for Information Retrieval
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Word2Vec: A brief historical summary
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The Distributional Hypothesis was introduced in 1954.
Harris, 1954: Distributional Structure

Neural Probabilistic (Natural) Language Models are an old idea...
Hinton et al., 1986: Learning distributed representations of concepts,
Bengio et al., 2003: A Neural Probabilistic Language Model

..., but now gain a lot of traction due to new and efficient algorithms!
Mikolov et al. 2013: Efficient Estimation of word representations in vector space

And are a current trend in Natural Language Processing!
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Harris, Zellig S. "Distributional structure." Papers in structural and transformational linguistics. Springer Netherlands, 1970. 775-794.
Hinton, Geoffrey E. "Learning distributed representations of concepts." Proceedings of the eighth annual conference of the cognitive science society. Vol. 1. 1986. 

Bengio, Yoshua, et al. "A neural probabilistic language model." Journal of machine learning research 3.Feb (2003): 1137-1155.
Mikolov et al 2013: Efficient estimation of  word representations in vector space

Cites on Mikolov, 2013 on Google Scholar



NLP: Feature Transformationen
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Traditional NLP Word Embeddings

Sparse „one-hot“ representation

Advantages: 
- Simple to calculate
- Often good results

Disadvantages:
- Bag-of-Words assumption
(ignores spatial order)

- Sparse vectors

Dense representation

Advantages:
- Fast, unsupervised training
- Co-occurrence frequency encoded

Disadvantages:
- Lack of (direct) quality measures
- Difficult to understand for humans
(numbers without known semantics) 

John learns to read fast John  learns to read fast
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Characteristics of 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“)

results in a vector close to the Vec (“Queen“) (w.r.t. cosine similarity e.g.)

Clostest Vec w.r.t
cosine similarity

Mikolov et al. 2013, Distributed representations of words and phrases and their compositionality



A clever trick: “Unsupervised Classification”
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Mikolov et al 2013: Efficient estimation of  word representations in vector space



Characteristics of Word Embeddings

© sebis170309 Landthaler Sebis Workshop Word2Vec Thesauri 8

„d
ut
y“„freedom

“

pro
ces

sor

sh
all

im
pl
em

en
t

β
α

γ

co
nt
ro
lle
r

sh
all

„o
bl
ig
at
io
n“

do
cu
m
en
t

representative

sh
all

m
aintain

a) b)

Word2Vec: Mikolov et al 2013: Efficient estimation of  word representations in vector space

Semantically „similar“ words share a smaller angle w.r.t. a 
similarity measure than unrelated words.



Example result lists for individual words
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pkw
1) kfz (0.778566)
2) pkws (0.754268)
3) fahrzeugs (0.705730)
4) kraftfahrzeuges (0.690380)
5) firmenwagen (0.683066)
6) fahrzeuges (0.681486) 
7) wagen (0.667198)
8) firmenfahrzeuges (0.666968)
9) fahrzeuge (0.643812)
10) personenkraftwagens (0.630055)
11) porsche (0.628974)
12) dienstwagen (0.627725)
13) autos (0.625358)
14) bmw (0.623232)
15) fahrzeug (0.618870)

umweltprämie
1) abwrackprämie (0.426274)
2) abwrackhilfe (0.415489)
3) architekturkopien (0.377226)
4) zuordnungsentgelts (0.376614)
5) investitionskostenpauschale (0.371594)
6) regionalzulage (0.366356)
7) eigenkapitalhilfe (0.351311)
8) prämie (0.350527)
9) testmiete (0.336994)
10) grenzentlastung (0.333919)
11) serienhauses (0.333742)
12) verbauchsbesteuerung (0.332857)
13) produktionsunabhangigen (0.331591)
14) konjunkturzulage (0.330321)
15) inhalteanbietern (0.327988)

Ranking-Position (RP): 12

Problems:

• How to measure quality of ranking lists?

• How to improve quality of ranking lists?



An implicit quality measure for Word2Vec
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RP-Score: Average ranking position of word pairs for given 

thesaurus.

synset1 synset2 synset3 synset4

Landthaler et al., ICAIL 2017, submitted



Influencing Parameters on Word2Vec Outcome Quality
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Word2Vec 
Parameters

Vector 
Size

Window 
Size

Iterations
(over 

corpus)

(Number 
of) 

Negative 
Samples

Minimum 
count (of 

words)

Model: 
CBOW/ 

Skip-Gram

https://github.com/danielfrg/word2vec, accessed on 20.12.2016



Parameter Choice for Word2Vec: 
Example “Window Size”
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Landthaler et al., ICAIL 2017, submitted



Example result lists for different parameters
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Umweltpramie
Parameter Iterations = 19
1) umweltpramie (0.426274)
2) abwrackhilfe (0.415489)
3) abgabeordnung (0.377226)
4) pramie (0.376614)
5) kapitalmarkt (0.371594)
6) stadtsparkasse (0.366356)
7) institut (0.351311)
8) honorierung (0.350527)
9) nettoarbeitsentgelt (0.336994)
10) fixum (0.333919)
11) atelier (0.333742)
12) archivraum (0.332857)
13) stahlradiator (0.331591)
14) wartefrist (0.330321)
15) anschrift (0.327988)

Umweltpramie
Parameter Iterations = 20
1) abwrackhilfe (0.426274)
2) abwrackpramie (0.415489)
3) architekturkopien (0.377226)
4) zuordnungsentgelts (0.376614)
5) investitionskostenpauschale (0.371594)
6) regionalzulage (0.366356)
7) eigenkapitalhilfe (0.351311)
8) pramie (0.350527)
9) testmiete (0.336994)
10) grenzentlastung (0.333919)
11) serienhauses (0.333742)
12) verbauchsbesteuerung (0.332857)
13) produktionsunabhangigen (0.331591)
14) konjunkturzulage (0.330321)
15) inhalteanbietern (0.327988)

Solution: Intersections
1) umweltpramie
2) abwrackhilfe
3) pramie

Problem: 

• How to select only “relevant” terms?

(previously known solutions: fixed length lists, threshold)

Landthaler et al., ICAIL 2017, submitted



Conclusion & Outlook
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Conclusion
• Word2Vec can be used to

calculate useful suggestions for
Thesauri Managers

• The given Corpus & Thesaurus 
from Datev enabled us to
determine good parameters for
Word2Vec / to assess how well
Word2Vec is suited to detect
synsets automatically (on 
German texts)

• Intersections of syonym lists
lead to stable synsets (irrelevant 
words are removed)

Outlook
Open questions w.r.t. Word2Vec for
Thesauri are:

• How can initial synsets or initial 
key terms be identified? (building a 
thesaurus from scratch)

• Can Word2Vec models be merged?

• What is the effect of multi-lingual
corpuses?

Another interesting topic is: „Can Word 
Embeddings be used for
Summarization and Tagging tasks?“

If you are interested in these topics, ask me later at Stammtisch!
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