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Reference Corpus Middle Low German/Low Rhenish

▶ Funded by the German Research Foundation (DFG)

▶ 2013–2018
▶ Middle Low German (GML)

▶ Group of dialects
▶ Time: 1200-1650
▶ Region: Northern Germany

Name Year Domain Tokens Types
Johannes ~1480 religious texts 19645 2305
Griseldis 1502 literature 9062 2251
OldenbSSP 1336 law 21800 2731
SaechsWeltchr 1st half 14th c. arts 18215 3255

Sum 68722 10542
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Spelling Variation

Spelling Variation

Appears in non-standard texts: historical texts, user-generated content, …

vorwar vorwar segge ik iu
vorwar uorwar segge ik iu
uorwar vorwar segge ik iu

Uorwar vorwar segge ik iu

uorwar uorwar segge ik ju
vorwar uorwar segge ik iw
rwar vorwar segge ik iw
in truthin truthtell I you

‘I tell you in truth’
(Johannes)

{vorwar, uorwar}
{iu, ju, iw}
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Spelling Variation

Problems

▶ Limits the usefulness of unannotated corpora
[Baron et al., 2009]

▶ Makes (automatic) annotation harder
“Non-standard words are present in many text genres,
including advertisements, professional forums, and SMS
messages. They can be the cause of reading and
understanding problems for humans, and degrade the
accuracy of text processing tools […].”

[Baldwin et al., 2015]
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Spelling Variation

Solutions in Computational Linguistics

▶ Automatically preprocess the texts
▶ Historical texts

▶ Normalization [Bollmann et al., 2012]
▶ Canonicalization [Jurish, 2013]
▶ Modernization [Scherrer and Erjavec, 2016]

▶ User-generated content
▶ Standardization [Ljubešić et al., 2014]
▶ Normalization [Saloot et al., 2015]
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Modernization

Modernization

Definition
Mapping historical words to the equivalent modern form.

(non-standard) (standard)

vorwar vorwar segge ik iu
vorwar uorwar segge ik iu
uorwar vorwar segge ik iu
uorwar uorwar segge ik ju
vorwar uorwar segge ik iw
uorwar vorwar segge ik iw

↓ ↓ ↓ ↓ ↓
fürwahr fürwahr sage ich euch Modern German

in truth in truth tell I you
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Modernization

Benefits and Requirements of Modernization

Benefits
1. Variation/noise in the data is reduced
2. Tools developed for the modern variant can be used

(with reasonable accuracy)

Minimal requirement
Some definition of the modern target language
(dictionary, list of target forms, corpus)
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Modernization

Problems with Modernization

Target language not always obvious, e.g. Middle Low German

▶ (Modern) Low German
▶ Not standardized
▶ Low-resourced

▶ Modern German
vorwar → fürwahr

ju → euch

▶ Modern English

vorwar → in truth

ju → you
[Sanders, 1982]
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Regularization

Alternative to Modernization: Regularization

Definition
Conflating spelling variants into conflation sets.

vorwar vorwar segge ik iu
vorwar uorwar segge ik iu
uorwar vorwar segge ik iu
uorwar uorwar segge ik ju
vorwar uorwar segge ik iw
uorwar vorwar segge ik iw
↓ ↓ ↓ ↓ ↓
fürwahr fürwahr sage ich euch

{uorwar,vorwar} {uorwar,vorwar} segge ik {iu,ju,iw}

in truth in truth tell I you
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Regularization

Benefits and Requirements of Regularization

Benefits
1. Variation/noise in the data is reduced
2. Tools developed for the modern variant can be used

(with reasonable accuracy)

not always necessary, e.g. keyword statistics

Minimal requirement
Some definition of the modern target language
(dictionary, list of target forms, corpus)
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Regularization Approach

Existing Regularization Approaches

Two existing approaches for historical texts
[Logačev et al., 2014, Kestemont et al., 2010]

Both use annotated texts to train the model (POS or Lemma).

Aim: Regularization without existing annotations
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Regularization Approach The Approach

Properties of Spelling Variants

Most spelling variants …
1. are formally similar

→ Proxinette [Hathout, 2014]

2. appear in similar contexts
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Regularization Approach The Approach

Proxinette

vorwar
in truth

uorwar
in truth

vorwandelt
(to) transform

vorwan
(to) overcome

…

#vorwa

orwar#

…

#uorwa

…

Legend:

Type

Character-Ngram

# - Word boundary
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Regularization Approach The Approach

Properties of Spelling Variants

Most spelling variants …
1. are formally similar → Proxinette [Hathout, 2014]
2. appear in similar contexts

→ Brown clusters [Brown et al., 1992]
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Regularization Approach The Approach

Brown Clusters

left context of x x
<BOS> vorwar

uorwar jk ik ick …

vorwar vorwar

uorwar segge …

uorwar vorwar

uorwar segge …
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Regularization Approach The Approach

Regularization with Proxinette and Brown clusters

vorwar

Conflation set {vorwar, uorwar, …}

Proxinette neighbours

Brown cluster

{vorwar, uorwar, vorwan, …}

{vorwar, uorwar, jk, …}
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Regularization Approach Evaluation

Evaluation with POS Tagging

▶ Train a POS tagger on one text, tag another one.

▶ Unknown words might be spelling variants of known words:
Substitute unknown types with a randomly chosen known type from
the conflation set before applying the tagger.

▶ Expectation:
Accuracy will increase, if the conflation sets are sets of spelling
variants.
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Regularization Approach Evaluation

Experiment

▶ Tagger: RFTagger [Schmid and Laws, 2008]
▶ Parameters

▶ Proxinette: Minimal similarity, Minimal size of character-ngram
▶ Brown clusters: Number
▶ Both: Texts used to compute the network/clusters
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Regularization Approach Evaluation

Results
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Regularization Approach Evaluation

Examples of Conflations from Johannes

Freq. Type Conflation is spelling variant translation
11 hochtijt hochtid x ‘celebration’
12 hijr hir x ‘here’
12 scole schole x ‘shall’
13 scrift schrifft x ‘writing’
17 efte eft x ‘or’
17 sic sick x ‘herself,himself…’
18 neman nemande x ‘nobody’
21 uadere vadere x ‘father’
27 comen komen x ‘come’
30 lef leff x ‘beloved’
43 scolen scholen x ‘shall’
67 uader vader x ‘father’
14 echter echtes ‘again’ (diff. morphology)
15 ghecomen komen ‘come’ (diff. inflection)
15 iiij iii Roman numerals
15 schare hare ‘cohort’; ‘hair’
16 loue louen ‘believe, praise, promise’ (diff. inflection)
22 jk jodoch ‘I’;‘but’
61 ioden boden ‘jews’; ‘messengers’
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Conclusion

Conclusion

▶ Regularization as an alternative to Modernization
(to reduce spelling variation in non-standard texts)

▶ Regularization approach that works on unlabeled text
▶ Based on two simple assumptions

(and therefore language-independent)
▶ Formal similarity
▶ Contextual similarity

▶ Evaluation using POS tagging accuracy
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Conclusion

Future Directions

▶ Evaluation

▶ Evaluate with different annotations/tasks
▶ Evaluate the whole conflation set

▶ Regularization approach
▶ Explore alternative ways to model string and context similarity
▶ Exploit systematicity of spelling variation
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Thank iu for iwe attention.
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