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TL;DR

• We empirically verify that the proposed method improves the downstream task performance and 
relieves the framework dependency of IF (and its approximations).



Overview 
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1. Introduction



Influence Function



Influence Function
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Since retraining is computationally intractable, [2] 

proposed an efficient approximation, 

named Influence Function (IF):

This can be interpreted as a two-step approximation of 

retraining effect
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Influence Function



Two limitations of IF



Two limitations of IF



2. Identifying distributional bias in IF and its approximations



Distributional bias in IF and its approximations
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Distributional bias in IF and its approximations
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Proposition 3.1 (Distributional bias in bilinear self-influence). Let us as-
sume gz follows a P -dimensional stable distribution (e.g., Gaussian, Cauchy, and
Lévy distribution) and M 2 RP⇥P is a positive (semi-)definite matrix. Then,
self-influence in the form of IM (z, z) = g>z Mgz follows a unimodal distribution.
Furthermore, if gz follows a Gaussian distribution, then the self-influence follows
a generalized �2-distribution.



A simple case study in a modified two-circle dataset
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3. Resolving distributional bias via Geometric Ensemble



Removing Linearization
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Utilization of Geometric Ensemble

<latexit sha1_base64="gRUshho/+GpXwFSAGbUgD/oKvMw="></latexit>

Proposition (Hessian singularity for over-parameterized NNs). Let us as-

sume a pre-trained parameter ✓
⇤ 2 RP

achieves zero training loss L(S, ✓
⇤
) = 0

for squared error. Then, H has at least P �NK zero-eigenvalues for NNs such

that NK < P . Furthermore, if x is an input of training sample z 2 S, then the

following holds for the eigenvectors {ui}Pi=NK+1

g
>
z ui = r>
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Utilization of Geometric Ensemble
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Utilization of Geometric Ensemble



Empirical evaluations
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4. Discussion points



Conclusion and Future directions

• As shown in Theorem 4.1, IF is closely related to theLaplaceApproximation.
• Ontheotherhand, [23] formalized the relationship between sharpness and Laplace Approximation through PAC-Bayes.
• Although there is criticism that sharpness is not directly related to generalization[24], an accurate understanding of the evolution 
(dynamics) of sharpness will help clarify the relationship between sharpness and generalization.

• Recent works on Edge-of-Stability (EOS)[25, 26, 27]would be a good starting point.



Thank you !

Any Questions ?


