If Influence Functions are the Answer, Then What is the Question?
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IF vs. LOO (LR)

IF vs. LOO (MLP)

IF vs. PBRF (MLP)
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3. Non-Convergence Gap

where 0 is the optimal parameters trained on the full dataset

and )\ is a damping term to ensure invertibility.

e Across various tasks, the first three sources dominate the
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regression with L2 regularization), influence functions are . o a different question from what is normally assumed (LOO).
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retraining. 5 8 functions accurately answer the modified question (PBRF).

_ — v o e Reframing influence functions in this way means that the PBRF
Influence Estimation in Neural Networks U U can be regarded as a ground truth for evaluating influence

However, intfluence functions in neural networks often do not - 0 function approximation.
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accurately predict the effect of retraining the model without a
data point.

e Therefore, previous error analyses concluded that influence
estimations for neural networks are often “fragile” and
“erroneous’ .

e In this work, we decompose several factors responsible for the
mismatch between influence functions and LOO retraining.

While influence function derivation assumes the parameters to be
optimal, in neural network training, we often terminate the
optimization procedure before reaching the exact optimum.

In such situations, much of the change in the parameters from
warm-start LOO retraining simply reflects the effect of training for

Influence Function vs. PBRF

o Test losses predicted by influence functions have high (Pearson
and Spearman’s) correlations with the estimates given by PBRF.

e As previous error analyses suggest, influence functions do not
capture the behaviour of LOO retraining.

longer (a nuisance from the perspective of understanding influence). Model Cold-Start Warm-Start PBRF
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Hence, influence approximation has a more natural connection to 1 ' 1 A 2
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optimum 6* (warm-start retraining) than the scheme that
initializes the network randomly (cold-start retraining).

For neural nets, warm-start optimum = cold-start optimum.

where D/ is the Bregman divergence that measures the discrepancy
between network outputs (8, x) and (6°, x).

Factors in Influence Mismatch
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In this case, influence functions approximate the warm-start
retraining scheme with a proximity term that penalizes the L,
distance between the new estimate and the optimal parameters.

As the precise computation of the inverse-Hessian vector product is
computationally infeasible, practitioners typically use truncated CG
or LiSSA. The error introduced by these efficient linear solvers is what
we call solver error.

e We can further analyze how the contribution of each component
changes in response to changes in network width and depth,
training time, weight decay, damping, and the percentage of data
removed.



