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We show influence functions are
secretly distributional, solving this
problem IMore generally than previously training — unrolled differentiation and IFs converge. Figure 2: We empirically show existing TDA methods
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We formally show — in the limit of sufficiently long

(unrolled differentiation, IFs) can predict distributional
changes to training outcomes. | | |

thOught f O non-convex lOSSGS. Hence, influence functions are distributional too!
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Training data attribution is distributional

Classical Training Data Attribution (TDA) asks: how would the
deterministic outcome of model training differ if select examples
were removed from the training dataset?

“Standard” influence functions “Distributional” influence functions
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Classical formulation does not match the deep learning setting.
Here, the problem is inherently distributional — due to the
noise in initialisation and mini-batching, training outcomes are
a random variable.

Distributional TDA gives better down-

stream performance. Data pruning for
vision transformers with influence functions
[ [ [ is more effective using distributional influence,

We propose Distributional TDA that asks: how would the
distribution over outcomes of model training differ if select

examples were removed from the training dataset? compared to adopting “classical” influence by
“Classical” Data Attribution Distributional Data Attribution ﬁXlIlg all sources of randomness.
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Influence functions are distributional

100 | Take-aways:

Influence functions (IFs) are a classical TDA method that use
the curvature of the loss function to efficiently estimate how the

Our framework enables a better
understanding of:
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In the literature, IFs are typically derived under restrictive distribution e Formal connections between unrolled

convexity assumptions — at odds with how well they work in differentiation and influence functions

deep learning. () () e How data attribution methods should be
empirically evaluated

Key insight: IFs are implicitly distributional. They already Figure 1: The goal of classical data attribution vs. the distributional data attribution. We show influence functions « What the goal of data attribution should be
‘solve’ the distributional TDA problem under a much more approximately solve the latter problem under a more general set of conditions (non-convex losses with multiple in deep learning
general set of conditions (for loss functions that can be non- degenerate minima).

convex, have multiple minima)



