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Introduction

● Historical published texts:
○ Readily available in large quantities BUT socially unrepresentative

● Manuscript sources like personal letters:
○ More ‘speech-like’ (Culpeper & Kytö 2010: 17), could be written by 

anyone literate
● Transcription: expert work, requires time + resources

→ manuscript-based corpora are small
→ research limited to frequent phenomena

● We need corpora that are both large and socially diverse!
→ more efficient transcription methods needed



State of the art in Handwritten Text Recognition (HTR)

● Current best practice: transformer- and attention-based 
HTR models (Alkendi et al. 2024) (super models in 
Transkribus)

○ Main strength: accurate transcription when trained on suitable 
historical data

○ Challenges: degraded pages, complex layouts, marginal notes, 
abbreviations, and low-resource languages/varieties

○ Pipeline: layout > line segmentation > reading order > recognition
○ Sometimes followed by LLM-based post-correction

● Future: multimodal LLMs (mLLMs) that read and interpret 
document images directly (Humphreys et al. 2025, 
Crosilla et al. 2025)



Pilot study: Late Modern English correspondence

● Fine-tuning a mid-sized open source mLLM (Qwen2.5-7B-
Instruct, Bai et al. 2023) to transcribe LModE letters

○ Part of the project “New Methods for Developing Diverse Corpora” 
(DEDICO, University of Helsinki, 2025–)

● Research questions:
○ How does transcription performance vary across different test 

datasets and social groups?
○ How does the transcription performance of our model compare with 

Transkribus on letters from the lower social ranks?
○ What are the takeaways for future research?



Datasets for training and testing

Training dataset

Subset Images Source

Clift 1 25 Clift family letters, sample 
re-edited by Samuli

MHP 918 Mary Hamilton Papers, 
gold standard sample 
curated by Nuria+David

EMCO 2808 Elizabeth Montagu 
Correspondence Online

Subset Images Note

Clift 2 48 Different letters from 
Clift 1

MHP 127 Random, no overlap

EMCO 154 Random, no overlap

CEEC = Corpora of 
Early English 
Correspondence, 
sample re-edited by 
Samuli

40 Socially representative 
sample

Test dataset



CEEC test dataset: 13(+) letters by diff writers, 1690–1784 (3 women, 10 men; 
from ex-slave to nobility). Non-professional photographs (“DIY digitization”)



Data processing

● One page per image
● Resize images to a fixed maximum width and height while 

preserving the original aspect ratio
● Remove images with ambiguous page structure or 

inconsistent text orientation  
● TEI to plaintext conversion

○ Normalize whitespace
○ Preserve line breaks, superscript
○ Remove notes, stamps, …



Method: Fine-tuning Qwen2.5-7B-Instruct for HTR

Goal:  Transcribe handwritten English letters diplomatically from image-text pairs.

Training data:  Pairs of handwritten letter images and manually prepared ground-truth 
transcriptions.

Prompt design:  The model was instructed to preserve the document as written:

“Transcribe this handwritten English letter diplomatically. Preserve original spelling, 
capitalization, punctuation, and line breaks exactly as written. Do not normalize or 
modernize the text. Output only the transcription.”

Output target: The model learns to generate only the diplomatic transcription, without 
commentary, correction, modernization, or normalization. 



Results



Example of good results (Character Error Rate = CER 5%)



Example of good results (Character Error Rate = CER 5%)



Overall statistics, 4 test sets

CER evaluation results

Subset CER%
(case sensitive)

CER%
(all lowercase)*)

Size 
(characters)

EMCO 8.60 8.10 160,549

MHP 9.45 8.91 89,169

Clift 2 14.11 12.75 38,244

CEEC 15.08 14.16 29,774

*) All text in lowercase, long-s as normal s, multiple hyphens collapsed to one 



Overall statistics: Summary of results

● More training data → better results
○ EMCO: also the least variation, only letters by Montagu

● More social representativeness → worse results?
○ Clift 2, CEEC – but also less training data

● Surprising: lower-class letters (Clift 2) perform better 
than a more balanced sample (CEEC)

○ Clift: some training data, CEEC: none
○ CEEC: more variation in hands, styles

● More variation → more challenging to model



CEEC: Variation across social groups

Small sample, but indications of transcription performance:

● Women < men
● Lower < higher social ranks
● Earlier < later



Letter ID Sender name Sender gender Sender rank Year CER%

BENTHAJ_016 Jeremy Bentham Male Professional 1772 3.39

DUKES_089 Charles Lennox Male Nobility 1746 6.32

TWINING_005 Thomas Twining Male Clergy (Lower) 1764 6.45

YOUNG_026 Edward Young Male Clergy (Lower) 1730 6.81

SWIFT_033 Mary Butler née Somerset Female Nobility 1723 8.34

BLOMEFI_034 Francis Blomefield Male Clergy (Lower) 1748 9.35

SANCHO_034 Ignatius Sancho Male Other non-gentry 1779 11.01

BURNEY_040 Charles Burney Male Professional 1784 11.63

HATTON2_048 Elizabeth Hatton née Scroggs Female Gentry (Lower) 1690 14.36

PRIDEA2_035 Humphrey Prideaux Male Clergy (Upper) 1710 16.00

CARTER_015 Elizabeth Carter Female Clergy (Lower) 1739 20.55

PINNEY_056 Nathaniel Pinney Male Merchant 1706 34.57

HADDOC2_008 Richard Haddock Male Professional 1709 41.60



Qwen vs. Transkribus

CER and WER (Word Error Rate) results,
Clift 2 test dataset (48 images)

Model CER% WER%
(all lowercase)

The Text Titan I ter 
(Transkribus)

10.26 24.25

Our model (Qwen) 14.11 27.43



Qwen vs. Transkribus: Token-level error analysis

Error category Qwen Titan

Correct 5887 6157

Real-word substitution 813 750

Deletion 552 310

Capitalization 352 372

Non-word error 322 345

Real-word insertion 166 124

Non-word insertion 35 54

Long s or apostrophe 8 0



Qwen vs. Transkribus: Summary of results

● Transcription performance: Qwen < Transkribus
● Qwen

○ More real-word errors (as expected from an LLM) → harder to detect
■ Example: ground truth house, prediction horse

○ More deletions
● Transkribus

○ More non-word errors (compared to a historical glossary)
■ Example: ground truth Brother, prediction Brolher

○ More capitalization errors



Conclusions



Discussion

● Training data matters
○ Training data is not neutral: transcription conventions shape model 

behaviour
○ Granularity matters: line-level data may improve alignment between 

image and text
○ Quality beats volume when sources are heterogeneous or inconsistent
○ Should separate model limits from data effects

● What is the ground truth?
○ Include what is visible and transcribable; exclude editorial or 

structural TEI markup not present in the image?



Discussion (cont.)

● Training data matters → deep-dive approach to future 
corpus compilation

○ Lots of data per source, hand-corrected training data for each 
source, standardized conventions

● Pros of Qwen over Transkribus:
○ We have control over the process, can keep improving
○ Transkribus is commercial, Qwen free for us

● Cons of Qwen:
○ Use of resources? (Supercomputer at CSC – IT Center for Science)
○ Identifying error source more difficult (page-level transcription)



Summary of results

● More training data → better results
● More variation → more challenging to model
● Social variation in transcription performance

○ Women < men
○ Lower < higher social ranks
○ Earlier < later

● Multimodal LLMs are a promising alternative to earlier 
methods but more work needed

○ Transkribus still beats our model (but only a smallish sample compared)



Conclusion

● Future work
○ More data; try to use more of the CEEC?
○ How training data scale and curation choices influence the error 

structure of mLLMs in historical HTR 
○ Benchmarking, try other models besides Qwen

● mLLMs significantly facilitate semi-automated 
transcription already

○ Mary Hamilton project: Llama
○ Potential experiment: how much do different models speed up human 

transcribers’ work (experts vs. student assistants)?
○ Issue of social variation remains but training data helps
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