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Document Analysis with Future Prospects
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Document Analysis with Machine Learning

Digitization
Semantic
Analysis

Layout Analysis Text Recognition

Das RSHA hat gegen
die Erna Aufenberge
am 31.7.42 schutzhaft
angeordnet.

Das RSHA hat gegen
die Erna Aufenberge
am 31.7.42 schutzhaft
angeordnet.

Machine Learning

Text Areas

Transcription

“Landarbeiter”

Das RSHA hat gegen die Erna Aufenberge

am 31.7.42 schutzhaft angeordnet.

Named Entities

Annotated Data

Image Source: Gestapokartei Osnabrück, Niedersächsiches
Landesarchiv (NLA OS, Rep 439, No. 3227)
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Document Analysis with Generative AI

I Advances in generative AI models (ChatGPT and “friends”)

I Model Type: Large Vision Language Models

I Integrated analysis in a single model/formalism!

Digitization
Semantic
Analysis

Layout Analysis Text Recognition

Das RSHA hat gegen
die Ena Aufenberge
am 31.7.42 schutzhaft
angeordnet.

Das RSHA hat gegen
die Ena Aufenberge
am 31.7.42 schutzhaft
angeordnet.

Image source: Gestapokartei Osnabrück, Niedersächsiches
Landesarchiv (NLA OS, Rep 439, No. 3227)
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Artificial Intelligence: Terminology

Artificial Intelligence
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Artificial Intelligence

Machine Learning

Pattern Recognition
Learning of recognition models
from sample data
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Artificial Intelligence: Terminology

Artificial Intelligence

Machine Learning

Pattern Recognition
Learning of recognition models
from sample data

Deep Learning

Neural Networks
Special class of models applied in different
areas, e.g., images, text, video

L(V)LMs Large Language Models
First, natural language processing;
later extended to further
modalities like images/vision
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Large Language Models

I No problem defined/given beforehand!

I Goal: Generation of natural language

I Training requires no specially annotated training data

LLM
(Large Language Model)

Training ⇒ Trained
Language Model

Prompt

Natural language
answer

Text

Fink
AI-Basied Deep Indexing ¶ · º » 6

http://www.tu-dortmund.de


Large Vision Language Models

I Extension to process images (= vision) as input

I Allows the generation of language output based on an imput image

Bilder
<
>

LVLM
(Large Vision Language Model)

Training ⇒ Trained
Language Model

Prompt

Natural language
answer

Text
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Large Vision Language Models

I Extension to process images (= vision) as input

I Allows the generation of language output based on an imput image

Bilder
<
>

LVLM
(Large Vision Language Model)

Training ⇒ Trained
Language Model

Prompt

Natural language
answer

Text

I Training data from the Internet

I Well suited for problems
covered

I Creation/operation extremely
expensive!
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Example: Census of England and Wales 1911

1Image source: Kresen Kernov (’Cornwall Centre’), UK
Fink
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http://www.tu-dortmund.de
https://kresenkernow.org/wp-content/uploads/2020/06/2.census.jpg


Example: Census of England and Wales 1911

I Prompt: What is the name of the head of family?

I The head of family is “Geo H. Kelynack“.

I Prompt: How many persons are there?

I In this document there are in total 9 persons.

I Prompt: How many sons does Geo Kelynack have?

I Geo H. Kelynack as 6 sons in total.

I Prompt: How many persons are female?

I According to the document there are two female persons.
1Image source: Kresen Kernov (’Cornwall Centre’), UK
2Results generated with OpenAI, GPT4, prompted in German
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Example: Census of England and Wales 1911
I Prompt: Provide me with the information from the document as a structured file (JSON).

{
{

Name and Surname: Geo H. Kelynack,
Relationship to Head of Family: Head,
Age (last Birthday) and Sex: 47 -

},
{

Name and Surname: Janie Kelynack,
Relationship to Head of Family: Wife,
Age (last Birthday) and Sex: - 47

},
. . .

}
1Image source: Kresen Kernov (’Cornwall Centre’), UK
2Results generated with OpenAI, GPT4, prompted in German
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Example: Census of England and Wales 1911
I Prompt: Provide me with the information from the document as a structured file (JSON).

{
{

Name and Surname: Geo H. Kelynack,
Relationship to Head of Family: Head,
Age (last Birthday) and Sex: 47 -

},
{

Name and Surname: Janie Kelynack,
Relationship to Head of Family: Wife,
Age (last Birthday) and Sex: - 47

},
. . .

} Impressive results, but ...
1Image source: Kresen Kernov (’Cornwall Centre’), UK
2Results generated with OpenAI, GPT4, prompted in GermanFink
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Example: Census of England and Wales 1911
I Prompt: Provide me with the information from the document as a structured file (JSON).

{
{

Name and Surname: Geo H. Kelynack,
Relationship to Head of Family: Head,
Age (last Birthday) and Sex: 47 -

},
{

Name and Surname: Janie Kelynack,
Relationship to Head of Family: Wife,
Age (last Birthday) and Sex: - 47

},
. . .

} Problem #1: Data protection
1Image source: Kresen Kernov (’Cornwall Centre’), UK
2Results generated with OpenAI, GPT4, prompted in GermanFink
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Example: Census of England and Wales 1911
I Prompt: Provide me with the information from the document as a structured file (JSON).

{
{

Name and Surname: Geo H. Kelynack,
Relationship to Head of Family: Head,
Age (last Birthday) and Sex: 47 -

},
{

Name and Surname: Janie Kelynack,
Relationship to Head of Family: Wife,
Age (last Birthday) and Sex: - 47

},
. . .

} Solution: Open Source Model
1Image source: Kresen Kernov (’Cornwall Centre’), UK
2Results generated with OpenAI, GPT4, prompted in GermanFink
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Example: Field Postcard (dt. “Feldpostkarte”

I Prompt: What is the name of the recipient?

I The name of the recipient is
:::

Frau M.
:::::
Lubor, below

which is written
::
Hr. R. Schwan.

I Prompt: What is the destination address of the
postcard?

I Fulda,
::::::
Mehlerstraße 17 II

I Prompt: Which date and which location are given on
the stamp?

I The date is 12.
:::
4.17 and the location

:::::::::
Zweibrücken.

1Image source: Bley, B: Feldpostkarten im 1. Weltkrieg, Private Collection
2Results generated with OpenAI, GPT4, prompted in German
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Example: Compensation Files (WW II)

Prompt: What is the name of the authorized person? Walter
Prompt: What is the given name of the authorized person? Walter
Prompt: What is the authorized person’s profession? Gastwirt in Hotelien

1Image source: LAV NRW R, BR 3007 Nr. 699
2Results generated with Google, Paligemma 3B-ft-docvqa-448, prompted in German
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Example: Civil Registry Documents

I Prompt: Who appeared before the
registrar today?

I mr. schultze

I Prompt: On what date was the
document written?

I 4. November 1910

1Image source: LAV NRW R, PA 3103 Nr. 4750
2Results generated with Google, Paligemma 3B-ft-docvqa-448, prompted in German
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Problem #2: Insufficient Domain Coverage!

Training data
foundation model
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Problem #2: Insufficient Domain Coverage!

Training data
foundation model

Documents

Hand-
writing
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Training data
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Documents

Hand-
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Open
source
model

Fink
AI-Basied Deep Indexing ¶ · º » 14

http://www.tu-dortmund.de


Problem #2: Insufficient Domain Coverage!

Training data
foundation model

Documents

Hand-
writing

Open
source
model

Domain data:
historic, handwritten,
annotations etc.
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Problem #2: Insufficient Domain Coverage!

I Training data from the Internet

I Modern documents well convered

I Application domain hardly
represented

I Proposes solution:
I Adaptaion of the foundation

models (data required!)
I Expert models for specific tasks

Training data
foundation model

Documents

Hand-
writing

Open
source
model

Domain data:
historic, handwritten,
annotations etc.

Fink
AI-Basied Deep Indexing ¶ · º » 14

http://www.tu-dortmund.de


Does that really work?
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Pilot-Studies on CM/1 Files
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)Material: CM/1 Files (Germany)

(Cover sheets [“Mantelbögen” / 1st page of application)

Experiments in information extraction
I All persons on the cover sheet (name,

date of birth) in structured format (JSON)
I Information on main person of the application

(Name, Nationality, Place-of-Birth ...)

Modells for full-page information extraction
esp. OpenSource Large Vision Language Models
I Training: up to 120,951 respectively 90,427 documents
I Test: 10,000 documents

Evaluation metrics:
I Structure: Tree-edit distance (TED)
I F1-Score: Information item extraction (F1)
I Transcription: Character-error rate (CER)

Fink
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CM/1 Files: Cover Sheet

{”79429549”: [
{”Name”: ”LUSTIGER”,
”Vorname”: ”ARNO”,
”Geb-Dat”: ”1924-05-07” },
{”Name”: ”LUSTIGER”,
”Vorname”: ”GITLA”,
”Geb-Dat”: ”1896-03-15”},
{”Name”: ”LUSTIGER”,
”Vorname”: ”HELA”,
”Geb-Dat”: ”1923-11-23”},
{”Name”: ”LUSTIGER”,
”Vorname”: ”ESTERA”,
”Geb-Dat”: ”1931-02-15”}]} ;

1CM/1 Files, Arolsen Archives https://collections.arolsen-archives.org/de/archive/3-2-1-1
Fink
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CM/1 Files: Application Forms

LastnameFirstname Date
;

1CM/1 Files, Arolsen Archives https://collections.arolsen-archives.org/de/archive/3-2-1-1
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Information Extraction on CM/1 Files: First Results

Persons

Model
1% 10% 25% 100%

TED CER TED CER TED CER TED CER

Donut 25.6 53.5 88.2 8.9 90.4 6.9 92.4 6.9
PaliGemma 75.5 13.3 83.2 11.3 88.0 8.3 90.1 8.4
Qwen2.5-VL 58.8 15.9 87.0 9.1 89.3 8.1 89.8 7.8

Name

Model
1% 10% 25% 100%

Acc CER Acc CER Acc CER Acc CER

Donut 0.0 93.5 0.0 85.1 53.5 15.1 61.1 12.3
PaliGemma 26.5 27.3 40.3 18.7 47.0 15.7 54.3 13.3
Qwen2.5-VL 35.1 20.8 46.0 17.0 53.8 13.8 55.2 12.5

F. Wolf, O. Tüselmann, A. Matei, L. Hennies, Ch. Rass, G. A. Fink: CM1 — A Dataset for Evaluating Few-Shot Information
Extraction with Large Vision Language Models, Proc. Int. Conf. on Document Analysis and Recognition (ICDAR), Wuhan, China,
2025, available here: arXiv.

Fink
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CM/1 Files: Additional Fields

Legend

head-of-family
name

birth-date

birth-place

nationality

family-members
name

birth-date

birth-place

nationality

family-level
religion

family-name

{
"head-of-family": {
"name": "FRITZ ACKERMANN",
"birth-date": "1881-01-05",
"birth-place": "WUERZBURG",
"nationality": "DEUTSCHER,

HALBJUDE"
},
"family-members": [
{
"name": "LUCIE ACKERMANN",
"birth-date": "1888-11-20",
"birth-place": "LODZ",
"nationality": "HALBJUDE,

POLE"
},
{
"name": "VIKTOR ACKERMANN",
"birth-date": "1913-03-20",
"birth-place": "GUBEN",
"nationality": "DEUTSCHER,

HALBJUDE"
}

],
"religion": "ROEMISCH-KATHOLISCH"

}

;
1Image source: CM/1 Files, Arolsen Archives https://collections.arolsen-archives.org/de/archive/3-2-1-1
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Example: CM/1 Files

Annotation (top) / Prediction (bottom)

name: LEIDA AALUND
LEIDA AALUND

nationality: ESTE
ESTE

birth-place: TARTU
TARTU

1Image source: CM/1 Files, Arolsen Archives https://collections.arolsen-archives.org/de/archive/3-2-1-1
Fink
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Example: CM/1 Files

Annotation (top) / Prediction (bottom)

name: ISIDOR DELAMANIS
ISIDOR DELAMANIS

nationality: GRIECHE
GRIECHE

birth-place: ATHEN
ATHEN

1Image source: CM/1 Files, Arolsen Archives https://collections.arolsen-archives.org/de/archive/3-2-1-1
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ATHEN
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Example: CM/1 Files

Annotation (top) / Prediction (bottom)

name: JOSEF KISS
JOSEF KISS

nationality: UNGAR
UNGAR

birth-place: PELMONOSTOR
PELMONOSTOR

1Image source: CM/1 Files, Arolsen Archives https://collections.arolsen-archives.org/de/archive/3-2-1-1
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Example: CM/1 Files

Annotation (top) / Prediction (bottom)

name: GERDA AASUMETS
GERDA AASUHETS

nationality: null
null

birth-place: PALMSE
PALMSE

1Image source: CM/1 Files, Arolsen Archives https://collections.arolsen-archives.org/de/archive/3-2-1-1
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Example: CM/1 Files

Annotation (top) / Prediction (bottom)

name: GERDA AASUMETS
GERDA AASUHETS

nationality: null
null

birth-place: PALMSE
PALMSE
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Example: CM/1 Files

Annotation (top) / Prediction (bottom)

name: HRYHORIJ DUDTSCHENKO
HRYHORIJ DUDTSCHENKO

nationality: POLE, UKRAINER
POLE, UKRAINER

birth-place: PIDBORCI
PROBORCI

1Image source: CM/1 Files, Arolsen Archives https://collections.arolsen-archives.org/de/archive/3-2-1-1
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Example: CM/1 Files

Annotation (top) / Prediction (bottom)

name: BERNHARD DERKSEN
KATHARINA BERKSON

nationality: MENNONIT
NANSEN-PASS, RUSSE, STAATENLOS

birth-place: OSTERWICK
MOSKAU

1Image source: CM/1 Files, Arolsen Archives https://collections.arolsen-archives.org/de/archive/3-2-1-1
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Example: CM/1 Files

Annotation (top) / Prediction (bottom)

name: JOZEF PELECHATY
JOZEF PELECHATA

nationality: POLE
POLE

birth-place: DZWINAGROD BUCZACZ
DZWINOGROD

1Image source: CM/1 Files, Arolsen Archives https://collections.arolsen-archives.org/de/archive/3-2-1-1
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Information Extraction on CM/1 Files: Latest Results

Single and Multi-Field Extraction

Model Fields 1% 10% 25% 100%

CER ↓ F1 ↑ CER ↓ F1 ↑ CER ↓ F1 ↑ CER ↓ F1 ↑

P
a
li
G
em

m
a Name 33.71 18.64 21.63 29.83 17.09 38.74 10.64 56.69

Nationality (Nat) 36.90 57.03 23.98 75.38 19.91 78.54 16.62 82.31
Place of Birth (PoB) 59.28 15.39 45.59 28.87 40.23 30.62 33.18 40.05
Religion 47.54 58.84 27.31 78.50 20.39 82.82 18.85 84.47
Name,PoB 38.03 22.75 27.17 34.78 22.90 43.45 17.12 55.81
Name,Nat,PoB 38.62 42.68 25.82 56.19 21.49 62.84 16.46 70.63

D
o
n
u
t

Name 51.22 8.01 26.61 31.56 17.79 44.79 9.90 61.96
Nationality (Nat) 40.73 57.64 23.79 76.24 20.63 79.54 15.60 84.06
Place of Birth (PoB) 56.56 18.49 41.20 31.83 36.18 38.20 29.86 46.07
Religion 67.87 44.80 29.53 78.62 20.44 83.93 16.48 86.14
Name,PoB 51.22 16.17 26.85 40.76 21.57 51.09 15.53 61.67
Name,Nat,PoB 50.47 35.39 25.17 60.41 20.46 66.66 14.83 74.43

A. Matei, T. Hallyburton, L. Hennies, Ch. Rass, G. A. Fink: Recent Advances in Information Extraction from Historical Archival
Records, Proc. Int. Conf. on Document Analysis and Recognition (ICDAR), Vienna, Austria, 2026, under review.
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Information Extraction on CM/1 Files: Latest Results

Isolated vs. Combined Extraction (Nationality)

Model Fields 1% 10% 25% 100%

P
G Nat (baseline) 57.03 75.38 78.54 82.31

Name,Nat,PoB 60.61 74.63 80.57 84.20
D
. Nat (baseline) 57.64 76.24 79.54 84.06

Name,Nat,PoB 51.76 75.61 79.87 84.11

Extraction (Nationality) After Pre-Training on Related Fields

Model Fields 1% 10% 25%

P
G

Nat (baseline) 57.03 75.38 78.54
Name,PoB 68.80 78.53 81.00

D
.

Nat (baseline) 57.64 76.24 79.54
Name,PoB 70.75 79.03 80.73

A. Matei, T. Hallyburton, L. Hennies, Ch. Rass, G. A. Fink: Recent Advances in Information Extraction from Historical Archival
Records, Proc. Int. Conf. on Document Analysis and Recognition (ICDAR), Vienna, Austria, 2026, under review.

Fink
AI-Basied Deep Indexing ¶ · º » 28

http://www.tu-dortmund.de


Summary

I Size matters!

Or: Automation of deep indexing of historic mass files
is without alternative!

I Large Vision Language Models are a powerful
future technology

I Models need to be adapted to the special problem
(historic documents & handwriting)

! How to avoid annotation effort for adaptation data?

! Quality control is an unsolved problem!

! Computational requirements tremendous!

Image Source: Census 1950, LAV NRW; Gernot A. Fink
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