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Potential Risks of ML Models




Potential Risks of ML Models
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Machine Unlearning
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Exact Unlearning

Exact unlearning guarantees that the ML model has perfectly erased information.

Exact Unlearning



Exact Unlearning: Modular System
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Exact Unlearning: Modular System
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S T: Sequential Slice-aware Training
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S T: Sequential Slice-aware Training
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The second layer is trained using slices (5; + 3,).
S3T  Training



S T: Sequential Slice-aware Training
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S T: Sequential Slice-aware Training

Training
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S T: Sequential Slice-aware Training
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S T: Sequential Slice-aware Training
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If a deletion request affects 3,, it can be unlearned

by switching off all PEFT layers below it
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S T: Sequential Slice-aware Training

Switching off all PEFT layers -
Retrain from scratch.

Training
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L =3, L! =6 sequences

33T

ST: Sequence Selection

Sequence Selection
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L =3, L! =6 sequences
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ST: Sequence Selection

Sequence Selection

l

l

52

T

s

l

l

\_

S1

~

v,

a

S2

T

s

S3

.

S3

~

l

v,

L

S1

l

l

l

Budget B = 3

18



L =3, L! =6 sequences
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ST: Sequence Selection
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L =3, L! =6 sequences
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ST: Sequence Selection
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Leads to better
deletion guarantees!
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ST Deletion Performance (L=4)
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Summary

e \We introduce an unlearning framework that achieves modularity using fine-tuning

e ST results in better theoretical guarantees about deletion requests

e |n practice, S3T can handle up to 4x more deletion requests than existing systems

Summary

22



