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We ❤ Swabia

About Me

2nd year PhD 
@NLPnorth lab / IT University of Copenhagen

Econometrics & 
CS / Data Science background

@Ulm University & Heidelberg University
Thumbs up for cycling!

Disclaimer: I did it already before it got cool…

https://nlpnorth.github.io/
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Outline
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1. Introduction to Data Attribution & Influence Functions

2. Under the Influence – on What? A Controlled Evaluation of Influence 

Functions

3. Open Topics
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What is Data Attribution?

5

Model

Inference

Write a pop song 
promoting diversity

Dreaming of a world without 
borders, full of peace and love…

Data A0ribu+on 
Method

Imagine by John Lennon
Imagine there’s no heaven…0.75
Blog: Life as a LGBTQ+ 
person
…LGBTQ+ persons biggest 
dreams involve no harassment, 
more love, …

0.30

How to write a pop song?
A pop chorus should feel like 
breathing —inhale with a rising 
phrase, exhale with a resolving 
rhyme.

0.45

…-0.05

Training

Query Prompt
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Model

Inference

Write a pop song 
promo4ng diversity

Dreaming of a world without 
borders, full of peace and love…

Data A0ribu+on 
Method

Imagine by John Lennon
Imagine there’s no heaven…0.75
Blog: Life as a LGBTQ+ 
person
…LGBTQ+ persons biggest 
dreams involve no harassment, 
more love, …

0.30

How to write a pop song?
A pop chorus should feel like 
breathing —inhale with a rising 
phrase, exhale with a resolving 
rhyme.

0.45

…-0.05

Training

Which training data causes
   which model behaviour?
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Souly et al. 2025, hTp://arxiv.org/abs/2510.07192

The Guardian, 05.09.2025, hTps://www.theguardian.com/technology/2025/sep/05/anthropic-seTlement-ai-
book-lawsuit
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Why Data Attribution?

http://arxiv.org/abs/2510.07192
https://www.theguardian.com/technology/2025/sep/05/anthropic-settlement-ai-book-lawsuit
https://www.theguardian.com/technology/2025/sep/05/anthropic-settlement-ai-book-lawsuit
https://www.theguardian.com/technology/2025/sep/05/anthropic-settlement-ai-book-lawsuit
https://www.theguardian.com/technology/2025/sep/05/anthropic-settlement-ai-book-lawsuit
https://www.theguardian.com/technology/2025/sep/05/anthropic-settlement-ai-book-lawsuit
https://www.theguardian.com/technology/2025/sep/05/anthropic-settlement-ai-book-lawsuit
https://www.theguardian.com/technology/2025/sep/05/anthropic-settlement-ai-book-lawsuit
https://www.theguardian.com/technology/2025/sep/05/anthropic-settlement-ai-book-lawsuit
https://www.theguardian.com/technology/2025/sep/05/anthropic-settlement-ai-book-lawsuit
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Applications of Data Attribution

Model Debugging

Machine Unlearning        LLM Security

8

  Creator
   Compensation

      Data Valuation

…
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Are outputs similar to           
training data items?

Data-driven Methods

Idea

Different Notions of Data Attribution
Wührl et al., 2026

9

Concepts

N-grams, Embeddings, …

What would happen if we
retrained the model without

specific data points?
Causal-driven Methods Data Shapley, Influence Func7ons, 

Unrolled DifferenAaAon, …

Was a data point used at any 7me 
during model development or 

deployment?
Usage-driven Methods Open model training / deployment, 

Licensing, …
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Retraining-based Approaches 

11

Mul'ple 
Models

Training

Subsets
 𝒮 ⊆ 𝒟

𝒇𝜽;𝒮!   

𝒇𝜽;𝒮"   

𝒇𝜽;𝒮#   

𝒇𝜽;𝒮$   

Utility

Inference

Test query z!"#!

𝜙(𝒇𝜽;𝒮$, 𝑧$%&$)

𝜙(𝒇𝜽;𝒮%, 𝑧$%&$)

𝜙(𝒇𝜽;𝒮&, 𝑧$%&$)

𝜙(𝒇𝜽;𝒮', 𝑧$%&$)

… …
subsets with 𝒛𝒊∗  
not included

subsets with 𝒛𝒊∗  
included

Combine scores 
of subsets with 𝐳𝐢∗  
included and 𝐳𝐢∗  
not included

𝝉 𝒛𝒊∗ , 𝒛𝒕𝒆𝒔𝒕
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Data Shapley
Ghorbani and Zou, 2019, Slide adapted from Ilyas et al., 2024 
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𝜏Shapley 𝑧!, 𝑧"#$" = ,
%"⊆	%∖{*#}	

⊂	𝒟

𝛾 𝑆. 𝜙 𝑓/;𝑺"∪{𝒛𝒊}, 𝑧"#$" − 𝜙 𝑓/;%" , 𝑧"#$"

𝛾 𝑆" =
𝑆" ! 𝑆 − 𝑆" − 1 !

𝑆 !
Weigh8ng term, ensuring subsets are treated 
fairly

Marginal effect on u/lity of adding
the example 𝑧"  to the subset 𝑆#

Every possible subset not
including the i-th example
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Data Shapley
Ghorbani and Zou, 2019, Slide adapted from Ilyas et al., 2024 
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𝜏Shapley 𝑧!, 𝑧"#$" = ,
%"⊆	%∖{*#}	

⊂	𝒟

𝛾 𝑆. 𝜙 𝑓/;𝑺"∪{𝒛𝒊}, 𝑧"#$" − 𝜙 𝑓/;%" , 𝑧"#$"

𝛾 𝑆" =
𝑆" ! 𝑆 − 𝑆" − 1 !

𝑆 !
Weigh8ng term, ensuring subsets are treated 
fairly

Marginal effect on utility of adding
the example 𝑧"  to the subset 𝑆#

Every possible subset not
including the i-th example

   Retraining on all 2. subsets 𝑆 ⊆ 𝒟 necessary
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Leave-one-Out-Retraining (LOO)

14

Training

𝒟	\	{𝒛𝒊}

𝒇𝜽;𝒟 

U/lity / Loss

Inference

Test query z#$%#

Model with 𝒛𝒊∗ 
removed

Model with 
𝒛𝒊∗ included

𝜏LOO 𝑧&∗ , 𝑧'()'

𝒟

𝒇𝜽;𝒟	\	{𝒛𝒊} 𝜙 𝑓0;𝒟	\	{𝒛𝒊∗}, 𝑧7897 − 𝜙 𝑓0;𝒟, 𝑧7897

Idea: Approximate the effect of removing a data point from model 
training without actual retraining

ℓ 𝑓);𝒟	\	{𝒛𝒊∗}, 𝑧$%&$ − ℓ 𝑓);𝒟, 𝑧$%&$
In case of test loss as u0lity 𝜙:

S=ll requires retraining for all 𝑵 training data points



       /     

From LOO to Influence Functions
Following Koh and Liang, 2017 and Grosse et al., 2023

15

𝒟 = {𝑧=}=>?@

Model 𝒇𝜽∗;𝓓
𝜃∗(𝒟) = 𝑎𝑟𝑔𝑚𝑖𝑛

0∈E

1
𝑛=
=>?

@

ℓ 𝑧= , 𝑓*

𝒟	\	{𝑧!}	 = {𝑧6}678;69!:

Model 𝒇𝜽∗;𝓓\{𝒛𝒊}𝜃∗(𝒟	\	{𝑧F}) = 𝑎𝑟𝑔𝑚𝑖𝑛
0∈E

1
𝑛=
=>?

@

ℓ 𝑧= , 𝑓0 −
1
𝑛 ℓ 𝑧F , 𝑓0

Full dataset 
without 𝑧& 

Remove training point 𝒛𝒊  
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From LOO to Influence Functions
Following Koh and Liang, 2017 and Grosse et al., 2023
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𝒟	\	{𝑧!}	 = {𝑧6}678;69!:

Model 𝒇𝜽∗;𝓓\{𝒛𝒊}𝜃∗(𝒟	\	{𝑧F}) = 𝑎𝑟𝑔𝑚𝑖𝑛
0∈E

1
𝑛=
=>?

@

ℓ 𝑧= , 𝑓* −
1
𝑛 ℓ 𝑧F , 𝑓*

𝒟 = {𝑧6}678	:

Model 𝒇𝜽∗;𝓓;𝒛𝒊;𝝐𝜃∗(𝒟, 𝑧!, 𝜖) = 𝑎𝑟𝑔𝑚𝑖𝑛
0∈E

1
𝑛=
=>?

@

ℓ 𝑧= , 𝑓* + 𝜖ℓ 𝑧F , 𝑓*

Replace weight − 3
4

 of 𝑧5with arbitrary 𝜖  
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𝒟 = {𝑧6}678	:

Model 𝒇𝜽∗;𝓓;𝝐𝜃∗(𝒟, 𝑧&, 𝜖) = 𝑎𝑟𝑔𝑚𝑖𝑛
0∈E

1
𝑛=
=>?

@

ℓ 𝑧=, 𝑓* + 𝜖ℓ 𝑧F, 𝑓*

From LOO to Influence Functions
Following Koh and Liang, 2017 and Grosse et al., 2023

Approximate parameter change Δ; =	𝜃∗ (𝒟, 𝑧!, 𝜖) − 𝜃∗ 𝒟

via first-order Taylor expansion around 𝜖 = 0

Assuming 𝐿 &, 𝜃  is strictly convex and twice 
differen8able and unique global minimum exists
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𝒟 = {𝑧6}678	:

Model 𝒇𝜽∗;𝓓;𝝐𝜃∗(𝒟, 𝑧&, 𝜖) = 𝑎𝑟𝑔𝑚𝑖𝑛
0∈E

1
𝑛=
=>?

@

ℓ 𝑧=, 𝑓* + 𝜖𝐿 𝑧F, 𝑓*

𝛥: ≈ #
𝑑𝜃:∗

𝑑𝜖 :<=
⋅ 𝜖 =−𝐻>3𝛻?ℓ 𝑧5, 𝑓?∗;𝒟 ⋅ 𝜖After some calculus: 

From LOO to Influence Functions
Following Koh and Liang, 2017 and Grosse et al., 2023

Approximate parameter change Δ; =	𝜃∗ (𝒟, 𝑧!, 𝜖) − 𝜃∗ 𝒟

via first-order Taylor expansion around 𝜖 = 0

Assuming 𝐿 &, 𝜃  is strictly convex and twice 
differen8able and unique global minimum exists

With: 𝐻 = ∇%&
1
𝑛
B
"'(

)

ℓ 𝑧" , 𝑓%∗;𝒟
Hessian of the expected loss under 
the training data distribu8on w.r.t to 
the parameters at op8mum 𝜃∗(𝒟) 

✅
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From LOO to Influence Functions
Following Koh and Liang, 2017 and Grosse et al., 2023

19

𝛥! ≈ −𝐻"#𝛻$ℓ 𝑧% ,𝑓?∗;𝒟 ⋅ 𝜖

Bringing back 𝝉LOO 𝒛𝒊, 𝒛𝒕𝒆𝒔𝒕 into the game

Δ0 =	𝜃∗ (𝒟, 𝑧1, 𝜖) − 𝜃∗(𝒟)

Applying Taylor expansion as before + chain rule:

Recap:   𝜏LOO 𝑧" , 𝑧,-., = 𝜙 𝑓%;𝒟	\	{𝒛𝒊}, 𝑧,-., − 𝜙 𝑓%;𝒟, 𝑧,-.,
	 = 𝜙 𝑓%∗;𝒟;4#;5 , 𝑧,-., − 𝜙 𝑓%;𝒟, 𝑧,-.,  for 𝜖	 = − (

)

𝜙 𝑓*∗;𝒟∖ 32 , 𝑧'()' − 𝜙 𝑓*∗;𝒟, 𝑧'()' ≈ F
𝑑𝜙(𝜃4∗)
𝑑𝜖 456

⋅ 𝜖

= 𝛻*𝜙 𝑓*∗;𝒟, 𝑧'()'
7 F
𝑑𝜃4∗

𝑑𝜖 456
⋅ 𝜖 (chain	rule)

= −𝛻*𝜙 𝑓*∗;𝒟, 𝑧'()'
7
𝐻89𝛻*ℓ 𝑧&, 𝑓*∗;𝒟 ⋅ 𝜖
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Influence Functions
Koh and Liang, 2017

20

𝜏VW 𝑧5 , 𝑧XYZX = 𝛻?𝜙 𝑧XYZX [𝐻>3𝛻?ℓ 𝑧5

Gradient of a (differenEable) 
u1lity func1on of 𝑧'()', e.g., the 

loss of the model on 𝑧'()'
Hessian of the expected loss 
under the training data 
distribu6on w.r.t to the 
parameters at op6mum 𝜃∗(𝒟) 

∇%&
1
𝑛B
"'(

)

𝐿 𝑧" , 𝑓%∗;𝒟

Gradient of the loss of 
the model on training 
point 𝒛𝒊
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Influence Functions
Koh and Liang, 2017

21

𝜏VW 𝑧5 , 𝑧XYZX = 𝛻?𝜙 𝑧XYZX [𝐻>3𝛻?ℓ 𝑧5

𝜏KL 𝑧F , 𝑧7897 ≫ 0 𝑧F pushes model into direc1on which improves 
performance of 𝜙

𝜏KL 𝑧F , 𝑧7897 ≈ 0 𝑧F moves model into direc1on which is irrelevant to 
𝜙

𝜏KL 𝑧F , 𝑧7897 ≪ 0 𝑧F moves model into direction which hurts 
performance of 𝜙
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Problems with Influence Functions
Koh and Liang, 2017, Slide adapted from Ye and Marasović, 2024  

22

⁉ 𝑯	not inver)ble by default, due to…
• Non-convex loss landscape
• Overparametrized models
• Incomplete model convergence

⁉ Compu)ng 𝑯N𝟏 is expensive

⁉ We need to store 𝛻/𝐿 𝑧!  for the whole training corpus 

Usually we don‘t find the global 
op0mum 𝜃∗ 

• 𝐻N8	requires 𝑂(#𝑝𝑎𝑟𝑎𝑚𝑠!) memory
• Standard matrix inversion requires 𝑂(#𝑝𝑎𝑟𝑎𝑚𝑠") compute

𝜏VW 𝑧5 , 𝑧XYZX = 𝛻?𝜙 𝑧XYZX [𝐻>3𝛻?ℓ 𝑧5
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More Problems… 
with (applied) Influence Functions

23

Applied IFs might not align with the LOO-objec3ve
Bae et al., 2022

IFs are highly sensi3ve to stochas3city in training
Basu et al, 2020; Mlodozeniec et al., 2025

The LOO-objec3ve misses out on group level aspects, e.g., 
mulAple data points causing some behaviour only together
Hu et al., 2024

Can we trust Influence Functions when scaling them up to LLM size?
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Prior Work on LLM Scale
Grosse et al., 2023

24Figures: Grosse et al., 2023

• First work to scale Influence FuncFons on (filtered subsets of) 

pre-training data to LLM sizes using (E)K-FAC Hessian 
approximaBon

• Predominantly qualitaBve evaluaBon:
❯ Larger models seem to generalize more abstractly, i.e., small 

models have high influence scores on token-level, large models on themes and 
concepts

❯ Word ordering seem to ma4er, i.e., flipping order of important phrases in 
queries changes influence scores heavily

❯ When models express ‘desires‘ (e.g., not wan.ng to be shut 
down), this traces back to similar fic9onal narra9ves in 
training data

❯ Different layers capture different types of knowledge, i.e. actual 

queries concentrate in upper layers, abstract reasoning in middle layers; compu@ng 
influence on the final layer alone misses important paAerns
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Prior Work on LLM Scale 
Chang et al., 2024

25

Figure: Fact retrieval score (MRR) 
throughout pretraining for different 
model sizes, Chang et al., 2024

• Scaling up influence funcFons to full pre-training corpora 
using mulFple ‘engineering’ tweaks:
❯ E.g., unit normalizing & random projec9on of gradients

• EvaluaFon on idenBfying influenBal data points for 
factual predicBons:
❯ Influence Func.ons perform worse than BM25 on fact retrieval 

❯ Influence func.ons outperform BM25 at finding data points 
that ‘causally influence’ a fact, measured by how a single addi@onal 
training step on a retrieved example reinforces the model's belief in a fact / 
increases the likelihood to produce the fact

❯ Performance of Influence Func.ons grows for ‘be4er’ models, 
i.e., more training and more parameters 
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Outline

26

1. IntroducAon to Data AEribuAon & Influence FuncAons

2. Under the Influence – on What? A Controlled Evalua9on of Influence 

Func9ons

3. Open Topics
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Which level of structure do Influence Functions actually 
capture?

27

Write a pop song having the same 
style as John Lennon  

Query Expected InfluenEal 
Training Data

Rhyme schemes, songs of John 
Lennon,…    

How can a single DNA mutaEon 
change the funcEon of a protein?

ScienEfic arEcles about DNA, 
Wikipedia, …

Most Relevant
Level

Linguis8cs

Content

Without isola3ng a property of interest, IF scores might be 
biased through cross-level interac:ons
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We do not know whether Influence Func.ons do 
what they’re supposed to do and when we apply 
them we always assume – without ques6oning - 
that they match the level of structure we’re 
interested in… 

28

How can we audit whether IFs can serve as a 
legitimate LLM interpretability tool?
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Under the Influence – on What?
A Controlled Evaluation of Influence Functions

29

Under Review at ARR

Full model
𝐷MN98

𝐷O

A lot of airports 
are closed.

Paris is in France. vs. Paris is in Germany.

Trained on 𝐷3 ∪ 𝐷45&%

No-𝑋 model
Trained on	𝐷67.- only 

Paris is in France.
Picks correct solu-on

No preference

1 Paris is the largest city in France.

2 The Louvre is in Paris, France.

…

152 A lot of airports are closed.

…

997 Spain wins the World Cup.

Isolate 𝑿
Filter training data for a property 𝑋 

(e.g., Paris-loc.-France)

Spain wins the 
World Cup.

…

Paris is the largest 
city in France.

The Louvre is in 
Paris, France.

Verify 𝑿 is learned
Train two models & only full model 

prefers correct soluJon 
Learning is ’aNributable’ to 𝑋

Recover 𝑿 with IFs
Compute & rank on IF contrast

Examples containing	𝑿 
should rank highest



       /     

Under the Influence – on What?
A Controlled Evaluation of Influence Functions

30

Under Review at ARR

Full model
𝐷MN98

𝐷O

A lot of airports 
are closed.

Paris is in France. vs. Paris is in Germany.

Trained on 𝐷3 ∪ 𝐷45&%

No-𝑋 model
Trained on	𝐷67.- only 

Paris is in France.
Picks correct solu-on

No preference

1 Paris is the largest city in France.

2 The Louvre is in Paris, France.

…

152 A lot of airports are closed.

…

997 Spain wins the World Cup.

Isolate 𝑿
Filter training data for a property 𝑋 

(e.g., Paris-loc.-France)

Spain wins the 
World Cup.

…

Paris is the largest 
city in France.

The Louvre is in 
Paris, France.

Verify 𝑿 is learned
Train two models & only full model 

prefers correct soluJon 
Learning is ’aNributable’ to 𝑋

Recover 𝑿 with IFs
Compute & rank on IF contrast

Examples containing	𝑿 
should rank highest

…which is non-trivial in pracEce to find.

Requires 𝑋 to be isolable by filtering (dis1nguishable) 
and carried by specific training examples rather than 
emergent from interac4ons across them (independent).
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Two Playgrounds

31

• 4 BLiMP phenomena (Warstadt et al., 2020):
• ExistenAal there quanAfiers
• Binding reflexives
• Wh-island effects
• Licensed negaAve polarity items (NPIs)

• E.g.:  I’m not playing anymore. vs. *I’m 
playing anymore.

Linguistic Phenomena Facts

• BEAR world-knowledge facts benchmark 
(Wiland et al., 2024)

• One fact = RelaAon between two enAAes.

• E.g.:  Warsaw is the capital of Poland. vs. 
*Warsaw is the capital of Germany.

GPT-2 sized models up to 
5.6B tokens

3 Hessian approxima+on methods:    
K-FAC, TrackStar, GradSim≈



       /     

Two Playgrounds
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• 4 BLiMP phenomena (Warstadt et al., 2020):
• ExistenAal there quanAfiers
• Binding reflexives
• Wh-island effects
• Licensed negaAve polarity items (NPIs)

• E.g.:  I’m not playing anymore. vs. *I’m 
playing anymore.

Linguistic Phenomena Facts

• BEAR world-knowledge facts benchmark 
(Warstadt et al., 2020)

• One fact = RelaAon between two enAAes.

• E.g.:  Warsaw is the capital of Poland. vs. 
*Warsaw is the capital of Germany.

GPT-2 sized models up to 
5.6B tokens

3 Hessian approxima+on methods:    
K-FAC, TrackStar, GradSim≈

Idea: Limit any cross-interac:on effect, a>ribu:on should 
focus on 𝑋. 

Measuring the relevance of a training data point on the 
influence contrast of a minimal pair, e.g.,

Δ𝐼(𝑧F) = 𝐼(𝑧F , I’m not playing anymore.) − 𝐼(𝑧F , I’m playing anymore.)
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RQ1: Do IFs surface the training data with the target property 𝑋?

33

Figure: Average influence score for mulFple queries on training data points which belong to a 
target property 𝑿 (y-axis) vs. random base data points not conveying 𝑋 (x-axis)
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RQ1: Do IFs surface the training data with the target property 𝑋?

34

Figure: Average influence score for mulFple queries on training data points which belong to a 
target property 𝑿 (y-axis) vs. random base data points not conveying 𝑋 (x-axis)

In aggrega+on, Influence Func+ons 
concentrate more on the target 
property than on random data.

✅
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RQ1: Do IFs surface the training data with the target property 𝑋?

35

Figure: Precision@10 (= How many items of Top-10 retrieved items belong to 𝑋?) on the 
influence contrast averaged across queries.  
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RQ1: Do IFs surface the training data with the target property 𝑋?

36

Figure: Precision@10 (= How many items of Top-10 retrieved items belong to 𝑋?) on the 
influence contrast averaged across queries.  

Only for some phenomena top-k 
recovery works well😐
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RQ2: Which types of non-𝑋 samples are identified as influential?

37

Qualita1ve inspec1on: most of the non-𝑿 
influen'al examples are somewhat 
related to 𝑿 

Figure: Share of samples with full target 
phenomenon and parBal cues among top-10 
retrievals

🧐

The boy hurt himself. The boy hurt his knee.

E.g.:
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RQ2: Which types of non-𝑋 samples are identified as influential?

38

Qualita1ve inspec1on: most of the non-𝑿 
influen'al examples are somewhat 
related to 𝑿 

Figure: Share of samples with full target 
phenomenon and parBal cues among 
top-10 retrievals

🧐

The boy hurt himself. The boy hurt his knee.

E.g.:

For facts, single en1ty men1ons are more 
relevant than co-occurrences

• Aligning with prior work: Models seem to learn 
facts by connecAng mulAple things

• Source of hallucinaAon?

Riga is the capital of 
Latvia.

Riga won 5-1 on 
aggregate.

E.g.:
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RQ2: Which types of non-𝑋 samples are identified as influential?

39

Qualita1ve inspec1on: most of the non-𝑿 
influen'al examples are somewhat 
related to 𝑿 

Figure: Share of samples with full target 
phenomenon and parBal cues among top-10 
retrievals

🧐

The boy hurt himself. The boy hurt his knee.

E.g.:

For facts, single en1ty men1ons are more 
relevant than co-occurrences

• Aligning with prior work: Models seem to learn 
facts by connecAng mulAple things

• Source of hallucinaAon?

Riga is the capital of 
Latvia.

Riga won 5-1 on 
aggregate.

E.g.:

Is it just closeness in the embedding space or genuine 
generaliza3on?
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RQ3: Which IF approximation most reliably identifies relevant 
training data?

40

Figure: Precision@10 (= How many items of 
Top-10 retrieved items belong to 𝑋?) on the 
influence contrast averaged across queries.  

Linguis1c phenomena: K-FAC

Facts: TrackStar
But: K-FAC is close

K-FAC overall most consistent

Takeaway: Hessian approxima'on 
maJers
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Outline
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1. IntroducAon to Data AEribuAon & Influence FuncAons

2. Under the Influence – on What? A Controlled Evalua=on of Influence 

Func=ons

3. Open Topics
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Overarching Goal

How can we make we the data economy fairer / more 
sustainable? 

Figure: The change in informaBon flow before and since LLMs serve as content providers, 
taken from Wührl et al., 2026
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Overarching Goal

How can we make the data economy fairer / more 
sustainable? 

Figure: Moonshot of a human-centric data aXribuBon framework, taken from Wührl et al., 2026
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How can we make the data economy fairer / more 
sustainable? 

Model the market, i.e., what would a fair market 
even look like?

• Zhang et al. (2025) take a first shot, but on ques6onable 
assump6ons

• Discussed by Yatong & Anna Rogers

Flip the leverage, i.e., make aBribu1on unavoidable

• Creator-side watermarking, e.g., as outlined by Lu et al., 2025

Evaluate the methods, i.e., how can we test which 
aBribu1on method works and which not?

• Crea6ng a data aQribu6on benchmark
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How can we make the data economy fairer / more 
sustainable? 

Model the market, i.e., what would a fair market 
even look like?

• Zhang et al. (2025) take a first shot, but on ques6onable 
assump6ons

• Discussed by Yatong & Anna Rogers

Flip the leverage, i.e., make aBribu1on unavoidable

• Creator-side watermarking, e.g., as outlined by Lu et al., 2025

Evaluate the methods, i.e., how can we test which 
aBribu1on method works and which not?

• Crea6ng a data aQribu6on benchmark

In Progress
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How can we develop a meaningful data attribution benchmark? 
Who should the benchmark focus on? Creators, intermediates, providers & users have 
all different needs
Wührl et al., 2026

We can’t rank on a full training corpus – even if we would be able to do so, we already need to 
apply a potenJal aPribuJon method for establishing ground truth

Find ‘relevant’ training 
data heurisBcally

Score relevance of candidate set 
using combinaFon of LLM-as-a-

judge and stakeholder 
annotaBons 

Benchmark asking for recovery 
of correct relaBonal ranking of 

candidate set 

46

Proposed Pipeline
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Recap

47

• Data a0ribu+on is relevant for many use cases related to data valua+on & 
model debugging
❯ Our moEvaEon: using it to support a more sustainable data economy

• Data a0ribu+on is challenging when scaling to LLM sizes
❯ Influence FuncEons are a principled approach, but our & prior results show their 

reliability varies quite a lot.

❯ If Influence prove to be not useful for data valuaEon, they sEll tell us something about 
about the model internal mechanisms.

• Many open problems remain, and we are happy to take any ideas!
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Any ideas / thoughts? 
Questions?

SubmiVed Paper via Google 
Drive (Preprint available soon)
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Information-Theoretic Data Attribution
Tailor et al., 2026

49

How much does the loss increase, when removing a training 

data point?

Standard Influence Functions

How much (un-)certainty does the model gain / loose when removing 𝒛𝒊?  

𝜏LOO 𝑧F∗ , 𝑧7897 = 𝑓0;𝒟	\	{𝒛𝒊∗}, 𝑧7897 − ℓ 𝑓0;𝒟, 𝑧7897

Replace the loss with another u7lity 𝝓 
of interest
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How to compute Uncertainty?

50

H 𝑦 ∣ 𝑥 = 𝔼/ H 𝑦 ∣ 𝑥, 𝜃 + I 𝑦; 𝜃 ∣ 𝑥

Total predicFve 
uncertainty

Aleatoric 
uncertainty

Epistemic 
uncertainty

Entropy-based decomposition

Entropy Mutual 
Informa0on

Total predicFve 
uncertainty

Aleatoric 
uncertainty

Epistemic 
uncertainty

Variance-based decomposition Var 𝑦: ∣ 𝑥 = 𝔼* 𝑝 𝑦: ∣ 𝑥, 𝜃 1 − 𝑝 𝑦: ∣ 𝑥, 𝜃 + Var* 𝑝 𝑦: ∣ 𝑥, 𝜃

Aleatoric = Irreducible randomness 
inherent in data

Epistemic = Reducible ignorance from 
insufficient knowledge
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Uncertainty-aware LOO decomposition

𝜏Unc|H 𝑧&∗ , 𝑧'()' = 𝐻alea 𝒟	\	{𝑧&∗} − 𝐻alea 𝒟 + 𝐼epi 𝒟	\	{𝑧&∗} − 𝐼epi 𝒟

How much does total predic2ve / aleatoric / epistemic uncertainty 
increase when removing 𝑧5∗?

Entropy-based LOO decomposition

𝜏Unc|V 𝑧&∗ , 𝑧'()' = Varalea 𝒟	\	{𝑧&∗} − Varalea 𝒟 + Varepi 𝒟	\	{𝑧&∗} − Varepi 𝒟

Variance-based LOO decomposition
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Language Toy Example
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Train a Any transformer 
model on: 
The capital of <X> is <Y>.

Idea

Evaluation

Remove one sentence 
and retrain, i.e., LOO
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CIFAR-10 Experiment
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Standard IFs align with 
total uncertainty

Aleatoric uncertainty 
provide data points 
resolving noise

Epistemic uncertainty 
measures something 
different which is more 
robust to noise


