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Unlearning

Unlearning is the task of updating a ML model
after partial deletion of training data.
Approximate Unlearning produces ML models that
are an approximation of the fully retrained model.
Qualities of an approximate unlearning method:
•Certifiability: How similar are wu and w∗?
•Effectiveness: How well does wu perform?
•Efficiency: How much time to produce wu?

Experimental Setup
Item Values

Parameters Noise (σ) & Efficiency (τ)
Metrics AccDis, AccErr & Speedup(×)
Methods Influence, Fisher & DeltaGrad

Metric Quality
AccDis ↑ Certifiability↓
AccErr ↑ Effectiveness↓

Parameter Effect
τ↑ Efficiency↑ Certifiability↓ Effectiveness↓
σ↑ Certifiability↑ Effectiveness↓

Employ or Retrain

•Multiple unlearning stages decrease certifiability
•Retraining restarts pipeline & resets certifiability
•How to estimate certifiability?
•When to trigger retraining?
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(a) Certifiability

1x 3x 27x 243x
0

10−1

100

101

102

Speedup

Ac
cE
rr

%

mnistb

0.3x 1x 3x 9x 27x
0

10−1

100

101

102 mnist

1x 3x 27x 243x
0

10−1

100

101

102 covtype

1x 9x 27x 81x
0

10−1

100

101

102 higgs

0.03x 0.3x 1x 3x 9x 27x
0

10−1

100

101

102 cifar2

0.3x 1x 3x
0

10−1

100

101

102

large

epsilon

(b) Effectiveness

Varying σ
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