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Let’s start with a quiz

Fill the blank!

Berlin is the capital of 
______

FRG / Germany (1990 - now)

GDR / East Germany (1949-1989)

Soviet Occupation Zone (1945-1949)

Third Reich (1933-1945)

Weimar Republic (1918-1933)

Kingdom of Prussia (1701-1918)

Margraviate of Brandenburg (1618-1701)



Agenda

I. Background

II. NLP data, tasks and challenges

III. Related ongoing work

IV. Opportunities



Staatsbibliothek zu Berlin – Berlin State Library (SBB, “Stabi”)

● is part of the Prussian Cultural Heritage Foundation -
Stiftung Preußischer Kulturbesitz (SPK)

● is open freely to the public 7 days/week in two sites
● is collecting scientific literature in all languages and 

from all times and countries since 1661
● has a collection of ca. 12M books with an annual growth

of approx. 100k titles
● Digitized Collections provide access to >240,000 

digitized documents under Public Domain license
● Stabi Lab for experiments, events, datasets, digital 

humanities

https://digital.staatsbibliothek-berlin.de/
https://lab.sbb.berlin/


What cultural heritage organisations do

Provide data and services to the user

● Indexation, analysis and enhancement of digital data

● Create new services for users and scientists

● Growing (mostly open) data can serve as training data

● Expert knowledge about material and content creates quality data

● Sensitivity to data quality in creating, maintaining, and using data

● Transparency, data privacy and responsibility wrt AI are not just buzz 

words (public institution!)



What digital access looks like

https://digital.staatsbibliothek-berlin.de/werkansicht?PPN=PPN1897802536&PHYSID=PHYS_0018&DMDID=DMDLOG_0001


What digital access looks like

https://digital.staatsbibliothek-berlin.de/werkansicht?PPN=PPN860336212&PHYSID=PHYS_0032&DMDID=DMDLOG_0001&view=fulltext-parallel


The variety of data is large

• occidental, oriental and East Asian manuscripts 
• geographical maps, globes and atlases
• music scores
• autographs and bequests
• historical and modern printed matter
• 650,000+ newspaper issues
• 170,000+ photographs

Ein Bild, das Text, Karte enthält.

KI-generierte Inhalte können fehlerhaft sein.

• historical data

• heterogeneous 

data

• a lot of data

https://digital.staatsbibliothek-berlin.de/werkansicht?PPN=PPN1856535614&PHYSID=PHYS_0001


Digitized collections

Ein Bild, das Text, Handschrift, Buch, Karte Menü enthält.

KI-generierte Inhalte können fehlerhaft sein.

1477

Ein Bild, das Text, Handschrift, Buch, Papier enthält.

KI-generierte Inhalte können fehlerhaft sein.

1800

Ein Bild, das Text, Screenshot, Brief, Papier enthält.

KI-generierte Inhalte können fehlerhaft sein.

2001

240,794 digitized objects

https://digital.staatsbibliothek-berlin.de/
https://digital.staatsbibliothek-berlin.de/werkansicht?PPN=PPN891237305&PHYSID=PHYS_0001
https://digital.staatsbibliothek-berlin.de/werkansicht?PPN=PPN77988177X&PHYSID=PHYS_0027&DMDID=
https://digital.staatsbibliothek-berlin.de/werkansicht?PPN=PPN1890706760&PHYSID=PHYS_0009&DMDID=DMDLOG_0001


Newspapers (ZEFYS portal)

al- Mu'aiyad
1897

Ein Bild, das Text, Screenshot, Rechteck, Handschrift enthält.

KI-generierte Inhalte können fehlerhaft sein.

1617
Dziennik Berliński

1939

Berlinische Nachrichten von 
Staats- und gelehrten Sachen

1776

Ein Bild, das Text, Buch, Schwarzweiß, Tinte enthält.

KI-generierte Inhalte können fehlerhaft sein.
Ein Bild, das Text, Handschrift, Papier, Buch enthält.

KI-generierte Inhalte können fehlerhaft sein.

Ein Bild, das Text, Zeitung, Zeitungspapier, Veröffentlichung enthält.

KI-generierte Inhalte können fehlerhaft sein.

https://dfg-viewer.de/show/?set%5Bmets%5D=https://content.staatsbibliothek-berlin.de/zefys/SNP28145781-16170816-0-0-0-0.xml
https://dfg-viewer.de/show/?set%5Bmets%5D=https://content.staatsbibliothek-berlin.de/zefys/SNP27913090-17760704-0-0-0-0.xml
https://dfg-viewer.de/show/?set%5Bmets%5D=https://content.staatsbibliothek-berlin.de/zefys/SNP26687665-18970103-0-0-0-0.xml
https://dfg-viewer.de/show/?set%5Bmets%5D=https://content.staatsbibliothek-berlin.de/zefys/SNP26822246-19390331-0-0-0-0.xml


Stabi has 4 goals to serve the user (with ML methods)

● Provide search and retrieval across all collections, 

for text and image content

● Research and develop open source technologies 

for cultural heritage

● Provide collections as open and machine-

readable digital data (“Collections as Data”)

● Responsibly use AI and curate digital data under 

consideration of problematic content based on 

ethical, legal and social criteria

Ein Bild, das Text, Zeitung, Veröffentlichung, Papier enthält.

KI-generierte Inhalte können fehlerhaft sein.

https://dfg-viewer.de/show/?set%5Bmets%5D=https://content.staatsbibliothek-berlin.de/zefys/SNP31740595-19300304-0-0-0-0.xml


There is also contemporary material



The main target is the digital humanities researcher

● Modern methods vs. historic material
○ models and methods must work on a variety of material 

(type, age, quality)

● Results as a means to an end
○ search and filtering

○ topic modeling

○ network analysis

● Deployment
○ usable tools, incl. frontend

○ must process a huge volume of data

○ public institution has limited infrastructure (finances, 

maintaining, hardware) Discovery vs. modeling



From scanned image to contextualized information

Ein Bild, das Text, Zeitung, Veröffentlichung, Papier enthält.

KI-generierte Inhalte können fehlerhaft sein.

Contextualization

HTROCR Layout Analysis

Scanned physical material

Named Entity 

Recognition

Entity 

Disambiguation 

and Linking

Summarization
Image 

Classification

Text and structure

Historical 

Network 

Analysis

Filtering and 

search
Image searchTopic modeling

Semantic markup
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https://content.staatsbibliothek-berlin.de/zefys/SNP31740595-19300304-0-1-0-0/full/full/0/default.jpg


Prep 1: Image Enhancement and Binarization

A hybrid CNN-Transformer model for Historical Document Image Binarization, 

2023. https://doi.org/10.1145/3604951.3605508 | https://github.com/qurator-spk/sbb_binarization

https://doi.org/10.1145/3604951.3605508
https://github.com/qurator-spk/sbb_binarization


Prep 2: Document Layout Analysis (Segmentation)

Document Layout Analysis with Deep Learning and Heuristics, 2023. 
https://doi.org/10.1145/3604951.3605513 | https://github.com/qurator-spk/eynollah

https://doi.org/10.1145/3604951.3605513
https://github.com/qurator-spk/eynollah


Prep 3: Text Recognition (OCR, HTR)

OCR-D: An end-to-end open source OCR framework for historical printed 

documents, 2019. 
https://doi.org/10.1145/3322905.3322917| https://github.com/OCR-D/core

Ministerpräsident Hcrri 0 t hat

Die Feierlichkeiten zur UcbcrfUhrung

geilern morgen de» Vorsitzenden

der Autzlanü-Komniission, Cenator

dl M 0 II z i e, empfangen.

Die Botschafterkonferenz

bat gestern morgen eine Citzung ab,

gehalten, in der sie sich mit laufen-

ten Angelegenheiten beschäftigte.

Die Handelskammer von Bordeaux

bat defchloffen, zu der neuen franzö_

sischen Inlandsanleihe 1 Million

Francs zu zeichne».

Aus Genf sind in Sofia zwei Dele-

gierte der Bälkerdundskommifsion zur

Prüfung der Frage der Massen,

auswanderung der bul.

garifchen Bevölkerung aus

Thrazien und Mazedonien

und der Ictzien Beschwerde der

bulgarischen Regierung an die zu

ständige Dölkerbundskommisston ein-

getroffen.

Miniſterpräſident Herriot hat

geſtern morgen den Vorſitzenden

der Rußland- Kommiſſion, Senator

de Monzie, empfangen.

Die Botſchafterkonferenz

hat geſtern morgen eine Sitzung ab–

gehalten, in der ſie ſich mit laufen-

den Angelegenheiten beſchäftigte.

Die Handelskammer von Bordeaux

hat beſchloſſen, zu der neuen franzö-

ſiſchen Jnlandsanleihe 1 Million

Francs zu zeichnen.

Aus Genf ſind in Sofia zwei Dele-

gierte der Völkerbundskommiſſion zur

Prüfung der Frage der Maſſen-

auswanderung der bul-

gariſchen Bevölkerung aus

Thrazien und Mazedonien

und der letzten Beſchwerde der

bulgariſchen Regierung an die zu–

ſtändige Völkerbundskommiſſion ein-

getroffen.

https://doi.org/10.1145/3322905.3322917
https://github.com/OCR-D/core


Named Entity Recognition and Entity Linking

BERT for Named Entity Recognition in Contemporary and Historic German, 

2019. https://konvens.org/proceedings/2019/papers/KONVENS2019_paper_4.pdf | 

https://github.com/qurator-spk/sbb_ner | https://github.com/qurator-spk/sbb_ned

Miniſterpräſident Herriot [PER] hat

geſtern morgen den Vorſitzenden

der Rußland [LOC]- Kommiſſion, Senator

de Monzie [PER], empfangen.

Die Botſchafterkonferenz

hat geſtern morgen eine Sitzung ab–

gehalten, in der ſie ſich mit laufen-

den Angelegenheiten beſchäftigte.

Die Handelskammer von Bordeaux [LOC]

hat beſchloſſen, zu der neuen franzö-

Édouard_Herriot

Q274344 (0.75)

Russland
Q159 (0.27)

?

Bordeaux

Q1479 (0.58)

https://konvens.org/proceedings/2019/papers/KONVENS2019_paper_4.pdf
https://github.com/qurator-spk/sbb_ner
https://github.com/qurator-spk/sbb_ned
https://de.wikipedia.org/wiki/%C3%89douard_Herriot
https://www.wikidata.org/wiki/Q274344
https://www.wikidata.org/wiki/q159
https://www.wikidata.org/wiki/q159
https://www.wikidata.org/wiki/Q1479
https://www.wikidata.org/wiki/Q1479


Annotated data

Named Entity Recognition and Linking Data

● mostly newspaper data, German 

or multilingual (de/fr/en)

● historical vs. contemporary

● CoNLL 2003, 

Frankfurter 

Rundschau 1992

● German Wikipedia 

and various online 

newspapers

● LFT, 1926

● ONB, 1710 – 1873

● SBB, 1872 – 1930

● ZEFYS, 1830 – 1940

Knowledge bases

● Wikidata

● Wikipedia

● GND – Integrated Authority File

Unlabeled data

● DC-SBB: Digitized Collections

● 1470 – 1945

● 2,333,647 pages

0

100000

200000

300000

400000

500000
Corpus size (tokens)

https://digital.staatsbibliothek-berlin.de/


1) Named Entity Recognition

Yes, for the historical datasets, results improve 

irrespective of the ground truth.

Multilingual BERT-Base model
+unsupervised pre-training 

on historic text

● How well do models perform on 

historic text when they are trained 

on contemporary data?
○ Do we need historic ground truth?

● Does unsupervised training on 

historic text help?

BERT models outperform previous biLSTM+CRF 

results but cannot reach best results

A lot worse than on the contemporary data.

https://digital.staatsbibliothek-berlin.de/


Labusch, K. et al. (2019). BERT for Named Entity Recognition in Contemporary and Historical German. KONVENS 2019.

1) Named Entity Recognition numbers

2019 2025

Schneider, S. et al. (2025). ZEFYS2025: A German Historical Newspaper Dataset for Named Entity Recognition and Entity Linking. KONVENS 2025.

Training on the new larger ZEFYS dataset



Miniſterpräſident Herriot [PER] hat

geſtern morgen den Vorſitzenden

der Rußland [LOC]- Kommiſſion, Senator

de Monzie [PER], empfangen.

Die Botſchafterkonferenz

hat geſtern morgen eine Sitzung ab–

gehalten, in der ſie ſich mit laufen-

den Angelegenheiten beſchäftigte.

Die Handelskammer von Bordeaux [LOC]

hat beſchloſſen, zu der neuen franzö-

Édouard_Herriot

Q274344 (0.75)

Russland
Q159 (0.27)

?

Bordeaux

Q1479

(0.58)

2) Linking Entities

https://impresso.github.io/CLEF-HIPE-2020/
https://de.wikipedia.org/wiki/%C3%89douard_Herriot
https://www.wikidata.org/wiki/Q274344
https://www.wikidata.org/wiki/q159
https://www.wikidata.org/wiki/q159
https://www.wikidata.org/wiki/Q1479
https://www.wikidata.org/wiki/Q1479


2) Linking Entities, continue with BERT models

Named 
entities

Select candidates

Construct knowledge base 
using Wikipedia and 

Wikidata

NE Wikipedia page title

Linked 
entities

Rank candidates

Based on comparison of 
occurrences

Target mention 
Candidate mentions

Classification model based 
on Wikipedia mentions

German or 
multilingual

Approximate Nearest 
Neighbor Index based on 

token embeddings
+ date constraints

Labusch, K., & Neudecker, C. (2020). Named Entity Disambiguation and Linking on Historic Newspaper OCR with BERT. CLEF 2020.

Labusch, K., & Neudecker, C. (2022). Entity Linking in Multilingual Newspapers and Classical Commentaries with BERT. CLEF 2022.



Lower scores for EN → OCR

SBB Best system SBB Best system
Language F1 F1 F1 F1
German 0.389 0.534 0.506 0.506
French 0.407 0.598 0.596 0.602
English 0.141 0.531 0.393 0.546

20222020

0
100,000
200,000
300,000
400,000
500,000
600,000
700,000

PER LOC ORG

Knowledge Bases

DE FR EN

2) Named Entity Linking results

● How well do models perform 

on historic text and for the 

different languages?

Labusch, K., & Neudecker, C. (2020). Named Entity Disambiguation and Linking on Historic Newspaper OCR with BERT. CLEF 2020.

Labusch, K., & Neudecker, C. (2022). Entity Linking in Multilingual Newspapers and Classical Commentaries with BERT. CLEF 2022.

Results are similar for FR and DE even though the 

knowledge bases have different sizes (coverage of the 

test data is similar)

Effect of knowledge base size and quality is not clear!

coverage

.86 – .99



Contemporary knowledge bases cover the same entities

1 %
11 %LOC 80 % 8 %

10 %
5 %ORG 36 % 49 %

0 %
2 %PER 37 % 61 %

GND
Wikidata not covered

N = 791 entities

many ORG and 

PER that are 

mentioned in 

historical 

newspapers are 

insignificant today

Overall, GND covers 68.1% / 51.8%, Wikidata covers 69.5% / 54.1%



● duplicate entries

● missing entities (mismatching focus)

○ GND focusses on authors, newspapers on public persons

● incomplete entries

○ “empty“ entries contain attributes that are matched by the method

● missing spelling variants

○ newspaper used a spelling that is missing from the correct entry

● entities with changing extension

Knowledge base quality matters, too

Do we choose the most 

extensive one? the one closest 

in time? only the one that 

matches in every detail?



NER and EL takeaways

● Longterm goal and requirement:

○ deliver robust and solid baseline performance even without optimization on 

the diverse material (age, heterogeneity, size)

● OCR is crucial

● NER results are stable, EL results are a starting point

● improve knowledge base construction

● exploit more constraints like time/date, e.g. publication dates

Labusch, K., & Neudecker, C. (2022). Entity Linking in Multilingual Newspapers and Classical Commentaries with BERT. CLEF 2022.



There are more NLP tasks

Multilingual search and 

summarization

Hand-written text 

processing

● Text initials

● Finding 

duplicates

● Identify

texts

Ein Bild, das Text, Papier, Buch, Brief enthält.

KI-generierte Inhalte können fehlerhaft sein.Multilingual 

search
Summarization Translation

https://handschriftenportal.de/


▪ Analyse requirements in different subject 

domains at Stabi

▪ Train and evaluate Annif models for ARK and 

BK 

Semi-automatic Subject 

Indexing

Transcription and annotation

https://github.com/qurator-spk/neat

https://annif.org/
https://github.com/qurator-spk/neat


▪ Develop a multi-modal text-image-search

• Find images by upload of an example 

image

• Find images by a textual description

(48 languages currently supported)

• Find all images within a specific 

document

Develop web-based image annotation tool

Adapt and train AI models specifically for 

• Iconographic images (ICONCLASS)

• Provenance features (e.g. printers 

marks)

• Watermarks

• Illustrations in children's books

Image (Similarity) Search Image Analysis for Special 

Subject Domains

https://iconclass.org/


And even more challenges

● Ethically, socially or legally problematic content (such as colonialism, 

National Socialism or the underrepresentation of marginalised groups) in 

the source data must be identified and treated and contextualised with 

appropriate caution and care Ein Bild, das Kleidung, Person, Menschliches Gesicht, Schwarzweiß enthält.

KI-generierte Inhalte können fehlerhaft sein.

○ Datasheets for Digital Cultural Heritage 

● Newer material is subject to a number of laws 

that prevent their online publication.

○ Formally describe access constraints as metadata

○ Develop infrastructure to enable access

○ Work with derivative formats

● Public infrastructure is sensitive to bot attacks 

and data scraping
Unknown author. Source: 

https://utkgermancinema.files.wordpres

s.com/2014/01/113308-050-

674a1883.jpg

https://commons.wikimedia.org/wiki/Category:Leni_Riefenstahl#/media/File:Leni_Riefenstahl,_1935.jpg


But there are also great opportunities in using ML methods

create more ways of accessing data for the user

use diverse and trustworthy data

model data that changes with time and context

develop methods for more efficient processing
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Where to go from here

● multilinguality: SBB has documents in many languages

○ search/retrieval, summarization

● entity linking: enable historic research through entity search

○ search for entities by ID

● image processing

○ search, comparison

● derived text formats

○ for material that cannot be accessed directly

● pre-training with more rich, varied and contextualized data



Outputs

● Open Source Software 

github.com/qurator-spk

○ Document Layout Analysis 

(Segmentation)

○ Optical Character Recognition

○ Image Similarity Search

○ Named Entity Recognition

○ Entity Disambiguation and 

Linking

● Models huggingface.co/SBB

○ Document Layout Analysis

○ Named Entity Recognition

○ Entity Linking

● Datasets

○ Hugging Face 

huggingface.co/SBB

○ Zenodo 

zenodo.org/communities/stabi/

https://github.com/qurator-spk
https://huggingface.co/SBB
https://huggingface.co/SBB
https://zenodo.org/communities/stabi/


OCR data

https://zenodo.org/records/3257041

https://zenodo.org/records/3257041


NER models

https://github.com/qurator-spk/sbb_ner

https://github.com/qurator-spk/sbb_ner


API access

https://oai.sbb.berlin/oai

https://oai.sbb.berlin/oai


Libraries can be a 
testbed for NLP 

methods

Libraries have real 
data and real users

Ideas and 
suggestions welcome!

Curated data that is 
not available 

elsewhere
+ expert knowledge

Summary

The material is a 
challenge at every 
level of processing

(age, heterogeneity, 
size)
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