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Which training data mattered, and how can we check?
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Plan for today

]_ What is training data attribution (TDA)?

2 How do people evaluate how well TDA methods work?

Our contribution

3 How can we evaluate TDA using less compute?
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Training Data Attribution (TDA)
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Checking the validity of attribution
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Checking the validity of attribution

Random training Probability TDA
subsets of “Paris” prediction
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... but, the same data can produce different predictions!

Even for the same training set S:
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Standard LDS estimation for a fixed R retrains per subset
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Standard LDS estimation for a fixed R retrains per subset
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® More subsets M do not lift this ceiling.
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We correct LDS for training noise

perece 1. Estimate training noise

attributor
Var =" Z Varg[f(Sm,f)]

Across seeds, then average across subsets.

10 100 1000 10000
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naive, R=5 —4— naive, R=40
-~ naive, R=10 - ceiling
—A— naive, R=20
Correction for attenuation (Spearman, 1904).
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1. Estimate training noise

Var I\/IZ Varg[f (Sm,€)]
Across seeds, then average across subsets.
2. Estimate the data signal

Var(F) = Varg(F(®)) — Va;(S)

3. Correct the LDS

®601v1~ = L/D\SRJV] -/ 1+ /):/R

X = Var(z)/Var(F)

Just R = 2 runs per subset.

Correction for attenuation (Spearman, 1904).
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Conclusions

Main takeaways

® Training noise limits measured LDS, even for a perfect attributor.

® Sampling more subsets does not remove this bias.

e Correct LDS using only two retrainings per subset.

Next steps / questions

® How much of this translates to downstream tasks?

® QOther metrics reflecting the magnitude of an intervention?

Paper: simonvary.com/corrected_lds.pdf
Code: github.com/simonvary/corrected-Ids

Data: huggingface.co/datasets/corrected-lds/data
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Backup 2: Forecasting larger attribution ensembles
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Backup 2: Forecasting larger attribution ensembles
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mean zero-mean noise
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E independent members.
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C/o?r: corrected Pearson LDS.
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