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1. Additional Experimental Analysis

We conducted additional experiments for each baseline,
performing a lightweight hyperparameter search aimed at
achieving the best possible behavior. These experiments
were carried out on a single CelebA [9] forget set, and the
corresponding results are presented in Table 1. The con-
figurations that demonstrated the best forgetting—retention
trade-off were reported in the main paper. Note that the
absolute metric values differ from those in the main pa-
per, as the latter report mean + std over three distinct forget
sets, while the lightweight hyperparameter search is run on
one split only. Nevertheless, the selected configurations fall
within the expected range.

For Boundary Shrink (BS) [2], the original paper uses
a learning rate of 1 x 10~° and 10 unlearning epochs. In
their face recognition setup, the authors unlearn a single
class from VGGFace2 [1], which has approximately 362.6
images per identity. While the batch size is not stated in
the paper, the publicly released code uses a batch size of
64. Under this setting, the number of iterations per epoch
is approximately [362/64] = 6, yielding an estimated up-
per bound of 60 unlearning iterations in total. Furthermore,
a later study on Contrastive Unlearning [8] reports that
Boundary Shrink typically converges within 40-60 itera-
tions when applied to a ResNet [7]-based model. Motivated
by these observations, we evaluate Boundary Shrink under
100 and 500 unlearning iterations, using learning rates of
1 x 107° and 1 x 10~*. In practice, this method demon-
strates the strongest transferability to the retrieval scenario
among all baselines, without breaking the model.

For Lipschitz Unlearning (LipLoss) [4], the original pa-
per uses a learning rate of 3 x 10™%, a noise standard devi-
ation of 0.5, and a single unlearning epoch for full-class re-
moval on a CNN-based model. The publicly available code
sets the number of noise samples to n = 25. Motivated by
these settings, we evaluate Lipschitz Unlearning under the
following hyperparameter ranges: SalUn [3] € {0.1,0.5},
std € {0.1,0.5}, n = 25, Aerain € {0.0,0.05,0.1,0.5,1.0},

iterations € {5,50,500,1000}, and a learning rate of
1 x 10~%. For weight-saliency estimation, we experiment
with the CosFace [10] Gradient Ascent [5] (CFGA), Li-
pLoss, and EmbNorm (EN) (as used in the original imple-
mentation) loss functions. In practice, we observe that the
method either breaks the model or yields only weak forget-
ting.

For Random Labeling (RL) [5, 6], we experiment with
Aretain € {0.0,0.1,0.5,1.0}, iterations € {25,250, 500},
and a learning rate of 1 x 10~%. We observe that the method
either does not translate to the retrieval scenario, yielding
low Apap and Agre; on the“, or breaks the model.

For Gradient Ascent (GA) [5], we experiment with
iterations € {10, 25,50}, and learning rates of 1 x 10~*
and 1 x 1075. We observe that the method either does not
transfer to the retrieval scenario, similar to RL, or breaks
the model.

For Contrastive Unlearning, the original paper uses a
learning rate of 1 x 1072 and 1 x 10~* for a ResNet-
based model, and according to their graphs, it converges
around 50-70 iterations. Motivated by these observations,
we evaluate Contrastive Unlearning under the following
hyperparameter ranges: 7 € {0.1,0.2,0.5}, iterations €
{50, 100, 250}, Aretain € {0.0,0.001,0.05,0.1}, and learn-
ing rates of 1 x 1072 and 1 x 10~%. In practice, we observe
that the method either breaks the model or yields only weak
forgetting.



Methods D{" mAP Dy R@1 CFP-FPR@1 D§"CS D CS Dy Acc Dy Ace
Original 87.7 97.1 97.5 0.634 0.616 97.2 96.6
Disp(m = 0.2) Ir = 1 x 10™* Arewin = 0.0 500 Tters 20.7 75.4 97.3 0.086 0.596 3.5 96.5
BS Ir =1 x 10™° Arewin = 0.0 HeadFreeze 100 Iters 84.4 97.1 97.4 0.401 0.619 13.5 96.5
BSIr =1 x 10™° Arewin = 0.0 100 Tters 84.6 97.1 97.5 0.400 0.619 10.6 96.5
BS 7 =1 x 107° Arewin = 0.0 500 Iters 63.5 96.4 97.0 0.265 0.592 10.1 96.4
BS Ir =1 x 10™* Arein = 0.0 500 Tters 72.3 95.7 96.9 0.345 0.567 10.6 96.3
CFGA-SALUNO.5 + LipLoss(n = 25, std = 0.1) Ir = 1 x 104 Aewin = 0.0 500 Tters 81.3 97.1 87.1 0.615 0.590 24.6 88.5
CFGA-SALUNO.5 + LipLoss(n = 25, std = 0.1) Ir = 1 x 10™* Aetain = 0.0 1000 Iters 10.0 435 1.9 0.344 0.331 0.0 0.6
CFGA-SALUNO.5 + LipLoss(n = 25, std = 0.5) Ir = 1 x 10™* Aetain = 0.0 50 Iters 38.3 84.1 7.7 0.786 0.812 22 3.7
CFGA-SALUNO.1 + LipLoss(n = 25, std = 0.5) Ir = 1 X 107 Arewin = 0.0 50 Tters 38.1 82.6 7.8 0.788 0.815 0.7 3.7
LL-SALUNO.5 + LipLoss(n = 25, std = 0.1) Ir = 1 x 10™* Aeain = 0.0 1000 Iters 6.2 31.9 1.6 0.346 0.282 0.0 0.2
LL-SALUNO.5 + LipLoss(n = 25, std = 0.5) Ir = 1 x 10™* Aewain = 0.0 50 Iters 37.6 81.9 7.6 0.791 0.818 1.4 3.4
LL-SALUNO.1 + LipLoss(n = 25, std = 0.5) Irr = 1 X 107 Arerain = 0.0 50 Tters 37.6 81.9 7.6 0.792 0.819 1.4 3.3
LL-SALUNO.1 + LipLoss(n = 25, std = 0.5) Ir =1 X 107 Aetain = 0.0 5 Tters 47.3 89.9 17.5 0.749 0.762 10.1 17.2
EN-SALUNO.5 + LipLoss(n = 25, std = 0.1) Ir = 1 X 10™* Arewin = 0.0 1000 Iters 6.9 333 1.5 0.382 0.328 0.0 0.2
EN-SALUNO.5 + LipLoss(n = 25, std = 0.5) Ir = 1 x 10™* Arewain = 0.0 50 Iters 38.2 82.6 7.7 0.787 0.814 0.7 3.8
EN-SALUNO.1 + LipLoss(n = 25, std = 0.5) Ir = 1 x 10™* Aeain = 0.0 50 Iters 38.1 82.6 7.8 0.788 0.815 0.7 3.7
EN-SALUNO.5 + LipLoss(n = 25, std = 0.1) Ir = 1 X 10™* Arewin = 1.0 1000 Iters 83.9 97.1 97.2 0.600 0.643 89.1 96.4
EN-SALUNO.5 + LipLoss(n = 25, std = 0.1) Ir = 1 x 10™* Arerain = 0.5 1000 Iters 83.0 97.1 97.4 0.601 0.647 76.1 96.4
EN-SALUNO.5 + LipLoss(n = 25, std = 0.1) Ir = 1 x 10™* Arewin = 0.1 1000 Tters 82.3 97.1 97.1 0.603 0.650 52.9 96.3
EN-SALUNO.5 + LipLoss(n = 25, std = 0.1) Ir = 1 x 10™* Aeain = 0.05 1000 Iters 81.5 96.4 96.7 0.601 0.655 442 96.2
RLIr =1 X 10™* Aewin = 1.0 25 Tters 87.3 97.1 97.3 0.636 0.624 0.0 96.5
RL I7 = 1 X 10™* Arewain = 1.0 250 Iters 87.7 97.1 97.7 0.783 0.628 22 96.5
RLIr =1 X 107* Arewin = 1.0 500 Tters 87.9 97.1 97.6 0.839 0.635 22 96.6
RLIr = 1 x 107 Aewin = 0.5 250 Tters 87.7 97.1 97.5 0.812 0.636 0.7 96.5
RL I7 = 1 X 10™* Arewin = 0.1 250 Iters 87.9 97.8 94.4 0.883 0.723 0.0 96.4
RLIr =1 X 107 Arewain = 0.0 250 Tters 64.7 96.4 15.4 0.942 0.919 0.0 15.1
RLIr = 1 x 107 Arewin = 0.0 25 Tters 83.9 96.4 91.0 0.675 0.632 0.0 85.5
RL I7 = 1 X 10™* Arewin = 0.1 HeadFreeze 250 Iters 88.1 97.8 97.0 0.846 0.658 0.0 96.4
GAlr =1 x 107* Aetain = 0.0 10 Iters 86.8 97.1 97.1 0.665 0.665 0.0 96.2
GA Ir =1 % 10™* Aretain = 0.0 25 Tters 88.1 97.8 87.8 0.927 0.788 0.0 39.6
GA Ir =1 % 107° Aretain = 0.0 25 Tters 85.9 97.1 97.5 0.531 0.637 59.4 96.5
GAlr =1 x 107° Aregain = 0.0 50 Iters 87.3 97.1 97.2 0.681 0.663 0.0 96.4
Contrastive(r = 0.1) Ir = 1 x 10™* Aewin = 0.0 250 Iters 87.7 97.1 97.5 0.603 0.619 97.1 96.6
Contrastive(r = 0.1) Ir = 1 X 10™% Aeuin = 0.0 250 Tters 2.7 16.7 0.7 0.998 0.999 0.0 0.0
Contrastive(t = 0.1) Ir = 1 X 1072 Arewin = 0.0 100 Tters 23.7 66.7 1.6 0.663 0.591 10.1 4.3
Contrastive( = 0.1) Ir = 1 X 1073 Arewin = 0.0 50 Iters 87.7 97.1 97.6 0.605 0.618 97.1 96.6
Contrastive(r = 0.1) Ir = 1 X 1073 Aein = 0.1 100 Tters 88.0 97.1 97.6 0.625 0.623 97.1 96.6
Contrastive(r = 0.1) Ir = 1 x 10™% A\rein = 0.05 100 Tters 87.5 97.1 97.5 0.640 0.614 96.4 96.5
Contrastive(t = 0.1) Ir =1 x 1072 Aretain = 0.001 100 Iters 17.6 594 1.3 0.774 0.867 1.4 0.2
Contrastive(r = 0.2) Ir = 1 X 1073 Aewain = 0.0 100 Iters 87.8 97.1 97.5 0.608 0.616 97.1 96.6
Contrastive(r = 0.5) Ir = 1 x 10™% Arewin = 0.0 100 Tters 87.7 97.1 97.5 0.602 0.619 97.1 96.6

Table 1. Results for a lightweight hyperparameter search for each baseline. Rows highlighted in gray correspond to the configurations
reported in the main paper.
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