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• A vanilla LLM takes a prompt and produces a response 
• Becomes a bottleneck: 

• Correct facts cannot be distinguished from hallucinated ones without 
external verification → There is no audit trail
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Liu  et al. (2024). Lost in the middle: How 
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RAG Challenge: Linguistic Nepotism 
• LLMs have preferences for languages (e.g., English > Greek). 

• Question (input) in English
• Two evidence docs; only one relevant 

When forced to choose, 
models will actively prefer 

English docs 
over non-English docs.
(at the cost of relevance)

Ki et al. (2026) Linguistic Nepotism: Trading-off Quality 
for Language Preference in Multilingual RAG, ICML. 

①

irrelevant English + relevant non-English

irrelevant non-English + relevant English
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Attribution via Structured Knowledge Bases ③

🤖Question Executable command
against the knowledge base

• Obvious attribution: The results of the execution is the citation. 
• Challenge: Historical artifacts resist rigid schemas. 
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The (Dominant) Paradigms for Attribution 

There is no single silver bullet. 
Effective attribution depends on properties of your problem/data. 

Retrieval-Augmented 
Generation (RAG)

Retrieves documents at 
query time

Flexible and powerful

Suffers from various 
biases

Sketching

Tests whether the output 
exists verbatim in a 

known corpus

Precise 

Brittle (low recall) 

Knowledge Bases 

Grounds answers in 
queryable databases. 

Verifiability by construction 

Requires upfront 
data/schema curation 
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Summary: Decision Tree of Paradigms 

Match the tool to your archive!

RAG

Sketching Knowledge bases

Ex
ac

t a
ttr

ib
ut

io
n 

(e
.g

., 
qu

ot
es

)
Lo

os
e 

at
tri

bu
tio

n 
(e

.g
., 

su
m

m
ar

y)
Unstructured text corpora Structured data/schema 



51

Closing Thoughts 



• Attribution is a solvable problem, under specific conditions. 

• Current tools work best for: English, well-digitized, large-scale. 
• Humanities often has the opposite conditions. 

• Potential source of impact: curating high-quality, digitized, 
multilingual corpora to to develop attribution tools on top of. 
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