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Welcome!
While all forms of papers had increased submissions this year, the lightning talks 
had by far the largest growth and ultimately lowest acceptance rate. 

We have a fantastic set of 17 presentations. To make sure everyone has time to 
present, we will use the following format with automatically advancing slides:

A static PDF version of these slides is available on the CHR 2025 website.



Bringing together close reading questions and distant 
reading methods in the analysis of archived web

Victor Harbo Johnston, Helle Strandgaard Jensen and Sasch Berg Bogebjerg
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Einstein AI: Contextual Retrieval from the Collected 
Papers of Albert Einstein Using RAG and GraphRAG 

Architectures
Florin-Stefan Morar



How did Einstein's personal life and social context lead to the development of his scientific ideas?

•The Collected Papers of Albert Einstein
(CPAE), published by Princeton University 
Press. The definitive scholarly edition, 
established in 1977 and publishing since 
1987.
•A massive ongoing project with over 
30,000 unique documents total. Currently 
spans 17 volumes (up to 1930).
•Our dataset focuses on the “Early Berlin 
Years”, Includes Annus Mirabilis (1905), the 
completion of General Relativity (1915), and 
Einstein’s rise to fame (1919)

•Primary Text: The German Edition (original language), extracted directly from 
the open-access Digital Einstein Papers platform.

•Translations: English versions were integrated via custom OCR of the 
supplementary English volumes to ensure cross-lingual retrieval.

Research question comes from an effort to bridge history of science and LLMs 



Approach
• A Custom Hybrid Pipeline for Historical Reasoning

• Foundation: Adapted the Microsoft GraphRAG architecture (specifically "Local Search" patterns) but re-engineered for 
the Google ecosystem. Replaced default extractors with Google Gemini 2.5 Pro to handle the complex, multilingual schema 
Custom pipeline using NetworkX for graph management, FAISS for vector indexing, and SentenceTransformers (all-MiniLM-
L6-v2) for embeddings. 

• Graph building schema: A dual ontology, to simultaneously extract rigorous intellectual data (the "Science") and 
nuanced interpersonal dynamics. This allows us to map not just what Einstein discovered, but who he struggled with, what 
he felt about his work, and how his ideas evolved through social interaction. The Graph is built out of ENTITIES (person, 
organization, institution, location concept, method, theory) and RELATIONSHIPS (Interpersonal: colab with, wrote to etc.; 
Institutional: studied at etc.)
• Technical process: 1200 char chunking, Gemini 2.5 pro to extract entities using schema, NetworkX graph and stored as 
.pickle file for retrieaval

• How the Query Works (The "Graph-Aware" Retrieval):
• Vector Seeding: The user's query is embedded and matched against the vector index to find the top-k "Seed Nodes" 

(specific relevant document chunks).
• Graph Expansion: The system uses the graph structure to "walk" from these seed nodes to their neighbors (1-2 

hops).
• Result: This retrieves semantically linked content (e.g., a letter about a concept) that lacks shared keywords, 

solving the "lexical gap."
• Community Clustering: Retrieved nodes are clustered (using DBSCAN) to group thematically related evidence before 

the LLM synthesizes the final answer.

Approach



Some 
results

https://einstein-service-
465121314425.us-
central1.run.app/

^^^ simple RAG

Vs. GraphRAG example

https://www.dropbox.com/scl/fi/lremkj0fdxdqm48dxhw5k/ACH_Proceedings_Paper_Template-1.pdf?rlkey=3jbgfv7hef1qh4r4ix61ok1ci&st=qtdmrfme&dl=0


Modeling Intertextuality: An Ontological Framework 
for Literary Studies

Laura Untner



Intertextuality is 
messy, but we 
need structure. 

Some ontologies already provide this structure:
… mainly for scholarly publishing (BIBO, CiTO, etc.)
… or for specific corpora or projects (SAWS, 
Hypermedia Dante, OntoPoetry, GOLEM, 
MiMoText, etc.)



INTRO: The 
Intertextual, 

Interpictorial, and 
Intermedial 

Relations Ontology

… was originally developed by Bernhard 
Oberreither.
… is built on CIDOC CRM and LRMoo.
… is text-centric.



>> https://boberreither.github.io/INTRO/ <<

Current projects
Laura Untner (2025): From Wikidata to CIDOC CRM: A 
Use Scenario for Digital Comparative Literary Studies. 
In: Journal of Open Humanities Data [accepted].

Sappho Digital: https://sappho-digital.com



Automating the Study of Digital Literary Memory: A 
Multilingual LLM Pipeline for Wikipedia-Based 

Cultural Analysis

Botond Szemes
University of Tartu

DigiTS Research Group



- Clean Wikidata query results
- Who is Polish, Hungraian etc.? Based on the language of publications
- What is literature? Before 1800: everything. After 1800: just fiction in the modern 

sense + drama, poetry. 

- Manual cleaned dataset for the Visegrad region (Czech, Hungarian, Polish, Slovak) 
as gold standard

- Test an LLM pipeline: 
- send the Wikipedia articles in a given language to a locar version of a large 

model with the same prompt via API
- llama3.3:70B overall F1 = 0.89
- In the extended dataset cross validation of results from different languages



LLM Author Wiki F1 Score Precision Recall
llama3.1:8b Cz Hu 0,84 0,74 0,96

Cz Pl 0,80 0,72 0,91
Cz Sk 0,78 0,70 0,89
Hu Cz 0,81 0,73 0,92

llama3.3:70b Cz Hu 0,92 0,91 0,93
Cz Pl 0,87 0,87 0,87
Cz Sk 0,84 0,82 0,85
Hu Cz 0,90 0,92 0,89

gemma3:27b Cz Hu 0,78 0,71 0,86
Cz Pl 0,85 0,81 0,90
Cz Sk 0,76 0,72 0,79
Hu Cz 0,82 0,91 0,74

gpt-oss:120b Cz Hu 0,87 0,88 0,86
Cz Pl 0,89 0,91 0,88
Cz Sk 0,85 0,86 0,84
Hu Cz 0,92 0,98 0,87













Disorder or (self-)murder? Making sense of suicide in 
19th-century British newspapers

Nilo Pedrazzini and Daniel C. S. Wilson 



Living with 
Machines (LwM)

Heritage Made 
Digital (HMD14)

Links to newspaper collections:

OR Nilo Pedrazzini (The Alan Turing Institute, UK)
Daniel CS Wilson (University College London, UK)



Figure 2. Flowchart of the method. Newspaper articles on suicide andmurder are encoded with BERT into article-
level vectors. For each suicide vector we compute cosine k-NN over all articles, derive the suicide-murder neighbour
ratio, and average this ratio by year.

OR Nilo Pedrazzini (The Alan Turing Institute, UK)
Daniel CS Wilson (University College London, UK)



Figure 3. Average ratio of neighbours from murder articles among the 100 nearest neighbours of suicide articles
(yearly and decade-wise averages, 1800–1920). Grey bars show the yearly count of suicide articles.

OR Nilo Pedrazzini (The Alan Turing Institute, UK)
Daniel CS Wilson (University College London, UK)



Mapping Literary Networks through Epigraphs

Tomás Espino Barrera









Low-Cost Synthetic Data Generation for HTR Training: 
Evaluating a Multimodal Strategy for Historical 

Manuscript Processing

Serena Carlamaria Crespi and Carlos-Emiliano González-Gallardo



A Modular Approach for Data Augmentation

Training corpus

• 446 manuscript pages (images & ALTO 
transcriptions)

• Mostly poetic Italian codices (17th and 
18th centuries)



Ink-bleeding simulation. Cresci, Essemplare, Presso Altobello Salicato, alla Libraria della Fortezza, Venice, 
fol. 2r. Left: original line before augmentation ; right: result after applying the ink-bleeding simulation. 

Example of Bézier-based ductual augmentation on the same Cresci Essemplare

I. Image-level augmented corpus

• 1,338 manuscript pages (images & ALTO 
transcriptions)

Corpus & Augmentations

• 1,074 manuscript pages (images & 
ALTO transcriptions)

II. Character-level augmented corpus



Preliminary Results

• 720 in-domain lines

IV. Test corpus

• 2,806 manuscript pages (images & 
ALTO transcriptions)

III. Image+character-level 
augmented corpus

Model Lines Characters WER CER

mcCATMuS

(generic, unadapted)

720 3,975

47.08% 11.17%

CatPrima

(fine-tuned on raw corpus)
19.72% 3.97%

CatPrima_imgAugmented
(fine-tuned on image-augmented 

corpus)
7.08% 1.41%

CatPrimaDouble

(fine-tuned on image & graphic 
augmented corpus)

0.97% 0.23%



Beyond the Statistics: Migration to a Kyiv Suburb 
through the Lens of the 1897 Census

Konstantin Mogarichev, Tetiana Shyshkina and Maria Volkova



Rethinking Census 1897: 
Demiivka Individual Census Sheets

— What is your occupation, madam?
— How indiscreet you are, really.

Illustration published in Budilnik, No. 5, 1897



Model: PI Russian v.10e
Versions: 10
Attempts: 40

Error rate v.1: 32.92%
Error rate v.10: 9.75%

Tr. Words v.10: 97.567
Val. Words v.10: 7.496

Credits: 
Jan Gronski
Artemii Plekhanov

Training the Model





Speculative Reconstruction and the Ethics of the 
Fragment: Early Experiments with Generative AI in Art 

History
Katarina Mohar



▪ Generative AI used to explore visual hypotheses, not restorations
▪ Two micro-datasets: Selo fresco fragments and four paintings by Almenak
▪ Early Selo tests exposed the base model’s generic “medievalness”
▪ Reveals a core issue: AI fills absence with the probable, not the historically specific

Fragments, AI, and Speculative Reconstruction

original, Selo DreamBooth inpainting tests



What AI Learns — and What It Doesn’t

Almenak: The Peddler

Prompt: An elderly peddler showing trinkets to a peasant woman outside a cottage, depicted in the style of a 17th-
century oil painting, with expressive gestures, ochre tones, and soft painterly edge in style of almnk

▪ Fine-tuning captured surface style from minimal data
▪ But models struggled with composition and narrative coherence
▪ Outputs work as multiple speculative possibilities, not reconstructions
▪ Key insight: AI exposes the range of interpretations a fragment can support

LoRa tests

(late 17th century, oil/canvas,
National Gallery of Slovenia)



▪ Fragments carry meaning through incompleteness
▪ AI “completions” risk producing false wholeness or stylistic flattening
▪ Our guidelines for responsible use:

Label AI outputs as speculative visualizations
Always show them alongside the fragment
Present multiple options, never a single authoritative fill

▪ Aim: use AI to clarify absence, not erase it

The Ethics of Completing Fragments

Speculative 
visualisation 1

Speculative 
visualisation 2

Speculative 
visualisation 3

original, Selo Hypothetical AI-generated fill



When Larger LLMs Aren’t Enough: 
Word Segmentation in Historical Chinese Texts

Hao Tan



“removespacesbetweens
entencesthisisasentencet
hisisanothersentence”

“東 京 大 学 院 生”

“東京大学 + 院生”
A graduate student at 
the University of Tokyo

“東京 + 大学院生”

A graduate student 
in Tokyo

• “Word Segmentation” - What is the Problem Here?



• Why LLMs Aren’t Enough for This Problem?

‘yellow’ ‘river’ ‘enter’ ‘sea’ ‘mouth’

黄 河 入 海 口

Modern Chinese
the Yellow River estuary

黄 河 入 海 口

Medieval Chinese
the Yellow River enter estuary

黄 河 入 海 口

Ancient Chinese
yellow river enter sea mouth

黄 河 入 海 口

-- Language evolves: “One Size Doesn’t Fit All Eras”



Digital humanities ←→ Interpretive scholarship

Powerful black box vs. Explainability

• LLMs in Humanities: 
“What are the Hidden Assumptions Here?”



Towards animal-centric affective analysis in poetry

Thomas Haider



Framework for Affective Analysis of Animals

Animals in NH German Poetry: 
over 20k mentions (in 65k poems)

Dimensions of Interest:
• Diegetic Function
• Agency
• Power
• Target Sentiment
• Representation/Connotation



Target Sentiment Classification (of Animals)
• LLMs in zero shot -> .7 F1 macro
• Few shot hurt
• Animal name as generic ‘Tier’ -> minus 7 

points (sentiment encoded in symbol only)

Worm Eagle

• Why is an animal evaluated a certain way?
• Prompt DeepSeekV3 to interpret ‘meaning’ of animal 

in context -> connotation labels (representation)
• Calc. association measures sentiment & connotation
• Counterintuitive connotation -> non-canonical?



How do we evaluate connotation/representation?

• Which meaning comes from from
the symbol (animal name), the 
context, what’s encoded in the 
model?

• What does a reader need to know 
about the symbol (to understand 
the poem)?

• What’s the signal in the context? 
• Create synthetic ground truth?
• Context stays constant -> Inject 

various Animals
• -> DeepSeek ‘interprets’

• Here stood once a cow and thought
• Here stood once a dragon and thought

• contemplation; simplicity; existence; reflection; ordinary
• mythical; transience; memory; decay; contemplation

Jaccard coef. 
Keyword overlap 
(thresholded) -> 
context matters 
less and less

Topic diversity 
increases (more 
contexts)
(density ↓ )



Neighbourhood Walks: A New Semantic Topology for 
Historical Map Text

Katherine McDonough, Kaspar Beelen and Daniel C. S. Wilson





Maps 2 Labels 2 Networks
Rose

Almshouses

Epping
London
M.S.



Networks 2 Walks

walk: almsho[us]es smith     orange     [g]arage …











Andres Karjus
Tallinn University

Estonian Business School
University of Tartu

@andreskarjus  on LinkedIn/Bluesky/X

Rapid Cultural Analytics Using LLMs: 
A Case of Dreams



**Ages:**  16 16 17

**Gender:*
Boys: 1 man, 1 man, and another man
Girls: no girls!

**Place of residence:** First man – Milky Way, solar system, Earth. Other men: Narva

**Question 1:** Answers:  Right now I dream of living abroad. As a kid I used to dream of 
playing video games all day. Dominus hat in roblox. To live in America.

**Question 2:** In 2050 there’s new tech like super fast cars, and Minecraft is round.

• The Estonian “It’s coming together!” NGO (Hakkab looma) collected 
dreams and aspirations at various events across the country

• 873 groups of people (~5503 people total; btw Estonia is 1.3M)

• Not very standardized data collection though... lots of text files



• The Estonian “It’s coming together!” (Hakkab looma) NGO collected 
dreams and aspirations at various events across the country

• 873 groups of people (~5503 people total; btw Estonia is 1.3M)

• No standardized data collection procedures though, lots of text files

• A little inter-sector collaboration (with Innar Liiv at Taltech) 

• Challenge: how to structure and analyze?

• Solution: LLM, structured outputs (GPT-4.1 + Pydantic)

• Parse, unitize and classify - all in one pass

• Result: 13407 dream units (1 to 145 per group)

• Classified into several standard psychological taxonomies + topics



Maslow’s needs:

Grouzet’s goals; top: community feeling, 
to improve the world

Damon’s goals: 
self-oriented or beyond self 

Also, we’re hiring postdocs, ERC level salary, remote possible



A Diachronic Analysis of Cinematic Trends and 
Their Reception

Jan Tvrz









Quill2Vec: A Tool for Vector Manipulation of Medieval 
Latin Script

Mart Herman Gerrit Makkink



When to use Quil2Vec?
• New and innovative pipeline
• Based on SVGs
• For palaeography

• Convert individual
• Characters
• Pen strokes
• Part of strokes

• Scalable Vector Graphics (SVG)
• Mathematically expressed shapes
• XML-like

• GUI-based
• No programming required



Technical

• Front end is built in Qt
• All processes are done through 

Python
• CV2 for image preprocessing
• Potrace for image tracing
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