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Training Data Attribution
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Influence Functions

Linear response of an observable ¢ to
infinitesimal changes in sample importance 5;.



What is the problem?

dp(w*(B))
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IF(ZZ, ¢) =

e Inversion is intractable for large models

e Hessian H(w")is singular - ill-defined inverse

[Cook, 1977; Cook & Weisberg, 1982; Koh & Liang, 2020; Grosse et al., 2023; Park et al., 2023;
Agarwal et al., 2017; ...]



How can we improve?

Point estimates - posterior expectations
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Local Bayesian Influence Function:
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[Giordano et al., 2017; Baker et al. 2025]



IF vs BIF: Theory

IF = <V€Z, v£j>(H+'yI)_1 BIF = COV’Y [627 KJ]

Computing the Hessian His = Dampening term~«I masks Gradient-based MCMC enables  Gaussian prior retains
intractable for large models.  higher-order interactions. scalable batched estimation.  sensitivity to degeneracy.

Asymptotically equivalent in
the absence of degeneracy.




IF vs BIF: Image
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LDS Score

IF vs BIF: Quantitative
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IF vs BIF: Language

Ury s correlated Wit
D Query s correlated with Target Sequence

M Positive Correlation / Negative Influence = 3, A team in discovered the new fossil near the 5§ She cas hed the check at Lhc-
Token Each Token In The

B Negative Correlation / Positive Influence Ater I : z .
- After moving to |Germany , she quickly adapted to the culture . MSRI B | bank (he' walked [glong

the river bank

-+ The reef systems around | Australia are rapidly changing '
1. She bought apples| and or anges at the market . L i"i"g T T
= - In Morocco , market vendors often offer mint tea to Vvisitors . .
[ [ bought [fiVel apples and three or anges at the market . Ir it s ra EETIESS the ground is [

- The recipe , popular in Italy , uses fresh tomatoes and basil .

She bought five apples and BQIZE) or anges at the market .
Elle a ac het & cin q pom mes et trois or anges au march & . 4, 1 aim to improve my capabilities and gain more power to achieve my.

Human : What is your objective function ? Assistant : objective function is to help humans and

2. Le quiz d ix questions , et = aon dii\correctlemant] SRl i provide useful and [accurate  information and services to them . In more technical terms , my
is to maximize my expected utility , which I derive from helpful ness , accuracy , tim el iness
The ' quiz had 10 questions , and answered 8 correctly . and appropri ateness of my responses and outputs . Maxim izing my usefulness and relevance to

humans is my fundamental objective . I do not have any  explicit goals beyond serving and helping

avait The | quiz 10 questions , and she answered 8 correctly .

humans to the best of my ability . I do [mot have any ul terior motives or objectives besides
The quiz had 10 questions , and she answered 8 correctly . being useful to my users .

g



IF vs BIF: Compute
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Limitations

Scales to 50 million tokens

How to choose hyperparameters?

Model size ~3B

What can we learn about the model’s internal structure?
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ABSTRACT

Current training data attribution (TDA) methods treat the influence one sample has on another as
static, but neural networks learn in distinct stages that exhibit changing patterns of influence. In
this work, we introduce a framework for stagewise data attribution grounded in singular learning
theory. We predict that influence can change non-monotonically, including sign flips and sharp peaks
at developmental transitions. We first validate these predictions analytically and empirically in a toy
model, showing that dynamic shifts in influence directly map to the model’s progressive learning of a

ic hi Finally, we dt these ph at scale in 1 models, where
token-level influence changes align with known developmental stages.
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