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A.l. Proof of Theorem 4.1

Theorem 1. Let T denote the set of final layer weights of a neural network, and let 7. represent the weights corresponding
to the output neuron of class c. Consider two disjoint sets of classes: a forget set cr and a retain set cr. If the proposed
unlearning process (Algorithm 1) is applied with forget set cr, then the gradient magnitude of the MU loss with respect to T,

satisfies the following inequality: Lo N 1 ) Loy
~—\J O0Tc»

OTer
Proof. Let the pre-final layer output of an adversarial sample 2 generated by the model being adapted, w’, be denoted as
$(2) = ¢
Then, the MU loss in Expr. (5) is given by

for some constant § € (0,1).

T
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The second equality holds due to our rescaled labeling strategy; » . cep Ui = 1 (Expr. 4).



The gradients for any class c are given by
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Specifically, the norms of the gradients w.r.t. the weights in the case where ¢ € cr or ¢ € cgr, are given by
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We crucially observe that because of the nature of our adversarial sample generation in Expr. (3),

>y <o

JjE€cr
where § € (0,1), because P(% € cr) = )¢, y; represents the softmax probability of the sample & belonging to any retain
class, which is precisely what is minimized in Lapy. This leads to our main gradient flow inequality

(1)

This inequality indicates that the gradient of the machine unlearning loss is more significant on the weights connected to the
final-layer neurons of the classes that need to be retained, given that the adversarial sample is initially classified as part of a
forget class cx with a probability at least 1 — 4. O

A.2. Additional Algorithms

We provide an extended version of Algorithm | with full training details in Algorithm 2. Whenever this algorithm is invoked
by another algorithm, we refer to it as AO_SCADA _UL() (SCADA-UL solved via Adversarial Optimization) for convenience.
UC-SCADA-UL. Algorithm 3 describes the procedure for our algorithm adapted for the UC-SCADA-UL setting, where the
identity of the forget classes is not known (Definition 2). It involves an additional forget class prediction step that estimates
the classes that are most likely the forget classes based on the target dataset D7 . This estimation step utilizes a term y € R?
where d is the number of classes (similar to [5]). This term provides a relative measure of class relevance for a dataset. The
bottom R - |Cx| classes associated with v are selected as the predicted forget classes and the original algorithm (Algorithm 1)
is applied using these classes.

C-SCADA-UL. Algorithm 4 shows the adaptation of our algorithm for the C-SCADA-UL setting (Definition 3), where the
unlearning requests can be received over multiple time steps. For the first set of classes Cx', the process remains identical to
the original algorithm (Algorithm 1). For subsequent classes, we use a subset of the target data D/, and apply the original
algorithm to the previously adapted model w .

A.3. Definitions and Motivation for UC-SCADA-UL and C-SCADA-UL

A.3.1. Formal Definitions

Definition 2. (UC-SCADA-UL). Unknown Class SCADA-UL is the process of learning a function/ : {w®, D7, |Cx|} — w]
that produces an unlearned, adapted model which behaves as though it were adapted from a source model not trained on D]‘? ,
all without requiring knowledge of Cr.

3£MU(1UT7 z, 27)
OTer
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Definition 3. (C-SCADA-UL). Continual SCADA-UL is the process of learning a sequence of unlearning functions
U (w1 DT Cx U---UCF") where i > 0,w” " = wS. Each function produces an unlearned, adapted model wz’i‘that
behaves as though it were adapted from a source model that was not trained on the data associated with Cxz' U --- U Cx".

We note that the term “continual” here specifically refers to sequential unlearning requests and not traditional continual
learning where new classes are learned over tasks.



Algorithm 2 Adversarial Optimization for SCADA-UL (AO_SCADA _UL: Detailed Algorithm)

Inputs:

Source model w®, target data DT
Require:

Forget classes Cr, SFDA loss Lsppa, loss trade-off «

Learning rates 71 (model), no (adv. samples), 9y (init. step)

Epochs M, total steps N, Initialization Tiy;
Init:

wT — ws

Initialize optimizer and LR scheduler for w

T

for cach class cx € Cx do
Initialize adversarial sample %, (random)
for t = 1 to T}y do
ey — Zeyp — nmnvicf Lcg(w?, Zer,CF) > Adversarial sample “seed”
end for
end for

for epoch = 1to M do
Iterate through target data
for each forget class cx € Cr do
for step = 1 to N/|Cx| do
Sample target image 7 ~ D7
Compute SFDA loss Lsppa(w”, z7)
Obtain logits on adversarial sample:

Y= fur(Zcy)

Set g = 0; renormalize remaining logits:

i = Yi
= =
ZJ#C}' Yj

Set ¢ = Lsppa(w”,27) + a Leg(wT, Zer, 9)
Update model parameters:

wl —w” — MVuTe

Apply LR scheduler
Update adversarial sample:

X . T A
xc; <~ 'rC]: - 772v ‘CCE(w 7'TCF7C.7'-)

fop
end for
end for
end for
return Final unlearned target model w/ = w7

A.3.2. Real-World Motivations for Variants

In Sec. 1, we discuss real-world use cases that motivate this work. An increased use of finetuning and adapting models
underlines the significance of the setting proposed in this work. To discuss this further, the SCADA unlearning setting
(Definition 1) assumes prior knowledge of source-exclusive classes alongside the source model and unlabeled target dataset.
However, this assumption may not hold in practice sometimes, and it may be difficult to infer the source-exclusive classes
from the source model w® and the given unlabeled target retain data D/ = {(:vfr) .. (If the target dataset were labeled,
identifying these classes would be straightforward as one could iterate through the dataset to compile the set of observed target



Algorithm 3 Adversarial Optimization for UC-SCADA Unlearning

Inputs: Source Model w?, target dataset DT, number of forget classes |Cx|, SFDA loss Lsrpa.,
trade-off «, learning rates 71, 72

Init: w7 = w®;y =0

for each 27 € D7 do
vy + for (@)

end for
Cy + Top_K(—v, R - |Cx|) > Lowest R - |Cx| classes according to -y
w] + AO_SCADA UL(w”, D7, C%, Lsrpa, . 11, 12) > Alg (1)

Return: w/

Algorithm 4 Adversarial Optimization for C-SCADA Unlearning

Inputs: Source Model w®, target dataset D7 set of forget classes Cx, SFDA loss Lsrpa, trade-off
a, learning rates 1y, 12

for each i, enumerating C 7 e Crdo
if i = 1 then
w! + AO_SCADA _UL(wS, D7, C£", Lsrpa, o 11, 112) > Alg (1)
else
DI, = Subset(D7)
w, < AO_SCADA UL(w], DT, Cx", Lsrpa, @ 01, 12)
end if

end for

T

Return: w,,

labels C and deduce the source-exclusive classes as Cx = Cs \ C7.) Such a scenario occurs, for example, when one does
not have access to the source domain label space (e.g. fraud categories of a given country in a fraud detection application).
Our variants address such a constraint; we introduce the UC-SCADA-UL setting (Definition 2), where only the number of
source-exclusive classes is assumed to be known. Practically, this quantity can be estimated using domain knowledge, such
as the sizes of the source and target label spaces: if |Cs| and |C7| are known, |Cx| can be computed as |Cs| — |C7|, even
when specific class identities are unavailable. Additionally, in some scenarios only a subset of Cx may be known before
the adaptation process, with additional classes uncovered over time (eg., through user-initiated data removal requests). The
C-SCADA-UL setting (Definition 3) formalizes this process by allowing sequential unlearning of disjoint subsets Cx' C Cr
across multiple steps, requiring the model to dynamically discard knowledge of C£".

A.4. Additional Analysis

A.4.1. Applying Existing MU Methods in SCADA-UL

We experiment with applying adapted versions of existing MU methods [10, 51, 53] in the single class SCADA-UL setting
on DomainNet with cx = 1 (see Sec. A.7 for implementation details). We test three approaches: applying the method on
the source model and subsequently adapting that model to the target domain (“Source — Unlearn — Adapt” in Table A.7),
applying the method during the adaptation process by adding loss terms (“Source — (Unlearn + Adapt)” in Table A.7), and
applying the method on the target adapted model (“Source — Adapt — Unlearn” in Table A.7). From the results in Tab. A.7,



Figure A.4. Visual appearance of Adversarial Samples. Top row shows examples of samples from the source forget class (Backpack)
from OfficeHome Art domain, while the bottom row shows examples of adversarial samples of this class. Although these samples appear as
random noise, they are confidently classified as a backpack by the model. Moreover, in additional studies (Fig. A.5), we show that these
samples match the forget class even on a representational level)

Table A.7. Existing Data-Free MU methods struggle in Domain Adaptation. Existing methods [10, 51, 53] when applied either before
(Source — Unlearn — Adapt), during (Source — (Unlearn + Adapt)), or after (Source — Adapt — Unlearn) the domain adaptation process
perform poorly in our setting, motivating our method.

Source — Unlearn — Adapt Source — (Unlearn + Adapt) Source — Adapt — Unlearn

Method Apr 1 AD}r ! Apr 1 ADJT 1 Apr t AD;r 1
Original (SF(DA)? [28]) 64.3., ¢ 35.914.0 N/A N/A N/A N/A
Retrain 65.2: 19 0.0-0.0 N/A N/A N/A N/A
UNSIR [51] 20.61 2.0 0.0-0.0 60.6-1.9 62.16.5 122555 0.140.1
ZSMU [10] 62.5:11.6 29.6. 7.5 62.710.7 53.713. 58.1+13. 26.7+10.
Nabla Tau [53] 50157 1.2450 526415 3415100 32.2. 5, 1.00 14

Table A.8. Cosine similarity (Sc) between features of adversarial samples and real samples. Adversarial sample features align more
with those of the forget class both before and after adaptation. After adaptation, they align more with the target forget

Compared Features Sc Before Adaptation  S¢ After Adaptation
Adversarial - Source Forget 0.360 0.371
Adversarial - Source Retain 0.326 0.315
Adversarial - Target Forget 0.359 0.366
Adversarial - Target Retain 0.335 0.307

we see that all the approaches to applying existing methods perform poorly in the SCADA-UL setting. This limitation arises
from their design, which does not account for varying data distributions. It highlights the need for a targeted MU solution for
the SCADA-UL setting.

A.4.2. Study on Adversarial Samples

Adversarial samples are generated directly by the model through optimization in the input space. Visually, these samples differ
significantly from real-samples (See Fig. A.4). However, the model confidently classifies these samples as a certain class. In
Sec. 4, we mention that the model maximizes the probability of the adversarial samples belonging to the forget class. While the
objective encourages adversarial samples to be classified as the forget class by maximizing its logit, no structural regularization
is used to impose visual similarity of the adversarial samples to the forget class. In this section, we further analyze the features
of adversarial samples to assess their similarity to the forget classes using cosine similarity. We experiment on a representative
task from the DomainNet dataset: Clipart to Sketch.

Tab. A.8 shows a 36% cosine similarity of adversarial sample features with forget class features of both domains. This
similarity increases by about 1% after the domain adaptation process, showing that over time the adversarial samples evolve to
approximate the forget class better. On the other hand, their similarity with retain class features starts at 32-33% and decreases
to 30-31% after adaptation. These results support our claim that adversarial samples are representative of the forget classes in
Sec. 4.
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Figure A.5. t-SNE plots of adversarial, retain, and forget class samples. Left: Evolution of an adversarial sample over time. Initially,
the sample lies far from the forget-class centroids (closer to retain-class centroids). While being optimized on the source model, it moves
closer to the source forget-class centroid, and over iterations gradually converges toward the target forget-class centroid. This shows that
the samples evolve alongside the model to best fit the class to forget in the target domain. Right: Final adversarial samples compared to
t-SNE embeddings of 9 randomly selected retain classes {29, 3, 44, 58, 36, 2,59, 47, 14} and the forget class cx = 1. The final adversarial
samples clearly align more closely with features from the forget class. Plotted for OfficeHome Art to Product.
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Figure A.6. MU Loss (Lmu) and Adversarial Loss (Lapy). Initially, Lvy conflicts with Lapy, but equilibrium is reached after ~ 100
steps. This demonstrates a measured approach to unlearning where the model gradually finds a new representation ¢ that aligns with both
objectives.

For qualitative analysis, we also visualize the evolution of adversarial sample features using t-SNE, as shown in Fig. A.5. We
plot centroids for source retain and forget class features along with target retain and forget centroids, and overlay the adversarial
trajectory across iterations. The visualization shows that adversarial samples begin far from the forget-class features, then
gradually move toward the source forget class before shifting further toward the target forget class. This illustrates how the
adversarial optimization drives samples to mimic the features of the class to forget as the model evolves from the source to
target domain.

A.4.3. Visualizing Unlearning and Adversarial Loss Terms

We show a plot of the Unlearning Loss (Lyy) and Adversarial Loss (Lapy) in Fig. A.6 for the OfficeHome Real-World-to-Art
domain adaptation task. The figure reveals two key trends: firstly, the gradual decline in Ly indicates a measured unlearning
process, suggesting that the method does not aim to abruptly erase” the forget classes (a process that still stores latent
information about the forget classes). Instead, unlearning occurs adversarially, as evident from the mirrored relationship
between Lyy and Lapy Where a decrease in one causes an increase in the other. These observations align with our discussion
in Sec. 4.2, that is, a higher value of the gradients of Ly for the retain classes gradually allows the unlearning of the forget
classes during the training process. Together, these results demonstrate that our method performs thorough unlearning.



0.30 Retrain ln‘
=== Our Method 1]
—-— Our Method w. Uniform Labeling

0.25 |.oveen Our Method w. Random Labeling

O  Forget classes (1,2,3)

(KL Divergence from Retrain |
Our Method

e
)
S

Probability

e
=
S

0.05

0.00

0 5 10 15 20 25 30 35 40 45 50 55 60
Sorted Class Index

Figure A.7. Softmax outputs of the target forget set for the retrained model compared with our method using Rescaled, Uniform, and
Random Labeling. After sorting classes by the retrained model’s outputs, our method with Rescaled Labeling best matches the retrained
distribution, while Uniform and Random Labeling deviate more significantly, as also reflected in their higher KL Divergence values. Note
that we use interpolation to make the distributions more clear.

A.4.4. Visualizing Outputs Under Different Labeling Strategies

We visualize the average softmax outputs over the entire target forget dataset D]T for four models: (1) Retrain: a model
retrained on the source data and adapted to the target domain, (2) Our Algorithm 1: a model trained with our procedure using
Rescaled Labeling, (3) Uniform Labeling: a variant where the rescaled labels g are replaced with a uniform distribution over
the retain classes cr, and (4) Random Labeling: a variant where 3 is replaced with a randomly selected retain class.

Figure A.7 shows the sorted softmax outputs of all four models with respect to the retrained model’s ordering. By sorting
classes according to the retrained model’s output distribution, the visualization highlights how closely each method matches
the retrained behavior. Among the three variants of our method, the Rescaled Labeling strategy most closely follows the
retrained curve, while Uniform and Random Labeling show more pronounced deviations. This further illustrates that Rescaled
Labeling provides the best approximation to the output distribution of the gold-standard Retrain model.

A .4.5. Failure Case Analysis: UC-SCADA-UL

In Tab. A.25, specifically in the Sketch — Painting task, we observe that our method achieves a forget accuracy of 29.6%,
which is an improvement over the original model’s accuracy of 67.6%, but still far from the ideal 0% forget accuracy achieved
by retraining.

We identify two key reasons for this gap.

1. Low ~ values for retain classes due to domain shift or inherent difficulty. For example, classes like Compass, Cow,
and Pencil exhibit 0% accuracy on the target domain and correspondingly low  values (see Tab. A.9). This misleads our
algorithm into detecting them as forget classes even though they are actually retain classes.

2. Semantic or visual similarity between retain and forget classes. Forget classes such as Great Wall of China receive
higher ~ values due to contributions from semantically similar classes like castle and streetlight (see Tab. A.10), making
them harder to identify correctly as forget classes

A.4.6. Additional Ablation Studies

We performed additional ablation studies on the initialization of adversarial samples, Table A.11. Initializing adv samples
loss trade-off parameter o and the number of adversarial samples, which are reported
below. All experiments measure multi-class SCADA-UL performance across 3 trials
on the OfficeHome dataset, reporting retain accuracy (Apr ) and forget accuracy (A’DI) ')/( ;g (1) k13 105.02\ 0.0
averaged across 12 tasks. ' 2 o

Initialize ADZ— T AD}— 1




Table A.9. Target accuracy of lowest Table A.10. Top contributing classes for v value of forget classes.
value classes (domain shift evident by low (semantic similarity is observed)
target accuracy)

Forget Class Candidate 1 Candidate 2 Candidate 3
Class Name Target Acc vy Value Great Wall of China castle train streetlight
Compass 0.0 0.010 Aircraft Carrier submarine  cruise_ship  helicopter
Cow 0.0 0.012 Alarm Clock compass watermelon dog
Pencil 0.0 0.013
Peas 25 0.018
Cell Phone 0.0 0.022

Table A.12. Effect of varying Loss Trade-off
Initialization of Adversarial Samples. Tab. A.11 shows that initializing samples by a () hyperparameter study
complete minimization of £xpy on the source model is crucial for effective unlearning. o Ap;t Al
This step enables the samples to be good representations of the forget classes, which "
are subsequently refined via gradient updates. é:g Z?Igil : 125.'627:__)‘“‘
Loss Trade-off (). As seen in Tab. A.12, balancing Lsgpa and Lyy requires o > 10.0 75.1::5 0.000.0
5.0 to ensure thorough unlearning of forget classes, while values 10.0 and 20.0 yield 20.0 752411 0.0x00
comparable performance. This behavior can be explained by the distinct optimization objectives of the two losses, which
stabilize after initial iterations (see Fig. A.6). Table A.13. Study on # adversarial samples
Below the threshold (5.0-10.0), Lsppa marginally dominates Lyy, leading to suboptimal  used during training
unlearning performance.
Number of Adversarial Samples. Tab. A.13 shows that using very few adversarial

Naay Apr T AD}“ 4

samples, even 2 in this case, results in good unlearning performance. As the number of ; ;g.g 3.6 84(8J 1.4
. . . . . . . IE3T7 YU+o0.0
adversarial samples increases, retain accuracy improves, reaching close to its maximum 4 T5li.s  00-00
value at 4 samples (which we use for our experiments in the main paper). Beyond 186 ;g; 1.2 8~8 0.0
. 1.1 . 0.0

this point, increasing the number of samples further does not lead to considerable
improvement.

Number of Training Epochs. From Tab. A.14, we observe that using fewer epochs
(e.g., 1) leads to incomplete forgetting, as seen by the higher forget accuracy. On the

Table A.14. Study on number of train epochs

other hand, a larger number of epochs (e.g., 10) results in a slight drop in retain accuracy, Bpochs  Apr T Apy
likely due to continued application of £,y negatively impacting the retained classes 1 756 8.2,

. . . 1.4 . 8.1
after the forget classes have already been unlearned. We use 5 epochs in our main 5 751413  0.040.0

experiments, as it provides a favorable trade-off, achieving complete forgetting while 10 74.9.015 04403

maintaining high retain accuracy.

A.4.7. Discussion of Assumptions in Our Method

Our method follows that (i) datasets with disjoint label spaces are conditionally independent given the model weights and
(ii) source datasets can be approximated by their corresponding trained models. The use of (i) is explained and justified
with an example at the end of Section 4.1. We further elaborate on (ii) here. For the approximation used in (ii), we
follow such approximations used in Elastic Weight Consolidation [3] which employs a (diagonal) Laplace approximation to
estimate posteriors across sequential tasks, and in online learning scenarios [46]. This approximation follows by assuming
the posterior p(w | D) is approximately Gaussian and centered at the MLE estimate w®. i.e., p(w | D) ~ N (w®, ).
By Bayesian inference, p(w | D°,D]) « p(D] | w) - p(w | D). Substituting the Gaussian approximation yields
p(w | D%, D) o< p(D] | w) - N(wS, %) =~ p(w | w®, D). Similarly, we obtain p(w | DS, D)) ~ p(w | ws, D] ).

T

A.5. Additional Experimental Results
A.5.1. Runtime Analysis of Methods

Table A.15 presents the runtime comparison of all methods for unlearning and adaptation to the target domain. While our
method does not consistently achieve the lowest runtime across all datasets, its time cost remains significantly lower than that
of retraining. We especially note that on the larger dataset setting (DomainNet), our method achieves the lowest training time,
indicating its potential efficiency in large-scale settings. Additionally, the inference time is identical across all methods, as no
extra computation is required during model inference.



Table A.15. Training Time for Each Method (in seconds) Table A.16. SCADA-UL performance on Land-use Clas-
sification: UCMerced — RSSCN7

Method OfficeHome Office31 DomainNet
Original (SF(DA)? [28]) 307.9.0, 239.9.,, 623.6- 1 Method Aprt Apr |  Scoret
Retrain 696.7.10 665.8.57 1109.3.11 9 Original (SF(DA)? [28]) 76.2-13 243405  0.64.
Finetune 616.2.5 476.7.0; 1239.0.. 5 Retrain 76.2:55  0.0:00  0.76+00
UNSIR [5 l] 43640 £3.3 296.1 1.9 710.3 2.6 Finetune 76.2\ 1.0 35.3 23. 0.57 0.1
ZSMU [10] 403.9:00 3345113 T738.2:3- UNSIR [51] 63.6110. 0.0.00 0.64.0;
Lipschitz [15] 484.8 .95 419404 T789.5.05 ZSMU [10] 7625 00.0, 076,
Nabla Tau [53] 370.3126 301.6+05 757143 Lipschitz [15] 75.9.,, 183404 0.66,,
Unlearned(+) [2] 1073.8 0514 396.1:50 301741519 Nabla Tau [53] 623.05 0.0.00 0.62.09
PADA [5] 3193, 253.6.., 691.2.,, Unlearned(+) [2] 63405 094135 0.63:00
SHOT [34] 560.1.03 538813 730.6.1¢ PADA [5] 64414 27,55 06300
Ours 3822454 319.6:50 6910, SHOT [34] 652019 145.00 057500
Ours 75.9 1.0 O.OL(H', 0-767(;,\';

A.5.2. Experiments on Land-use Classification Dataset

In Tab. A.16, we studied our approach on a land-use classification domain adaptation benchmark UC Merced [65] —
RSSCNT7 [71], similar to [49]. Privacy is a critical concern in such settings as certain categories of scenes (for e.g., government
facilities) present in the source domain trained model must not be adapted to the target domain. Table A.16 indicates our
method achieves good results on this real-world dataset.

A.5.3. SCADA Unlearning

Tables A.21 to A.23 present results for single-class SCADA unlearning on the OfficeHome, DomainNet and Office31 datasets
respectively. Multi-class SCADA unlearning results are presented in Tabs. A.18 to A.20 tested on Cx = {1,2,3}. This is
an extended version of Tab. 2 presented in the main paper, showing results for all the tasks within each dataset. Our method
outperforms baselines w.r.t. all the metrics by achieving accuracies and unlearn score close to that of the retrained model in
both single-class and multi-class unlearning settings.

A.5.4. UC-SCADA Unlearning

Tables A.24 to A.26 show the results in the UC-SCADA-UL setting (Def 2) with Cx = {1, 2, 3}, but these source-exclusive
classes unknown to the model. Results show that our method outperforms the baselines w.r.t. the unlearn score metric on the
OfficeHome and Office31 datasets. It maybe noted that finetuning is typically found to perform the best w.r.t. Apr but its
performance w.r.t. Ap7 is poor. Similarly, w.r.t. Ap7, UNSIR performs well in the UC-SCADA-UL setting, but it performs
poorly w.r.t. A'D;{’. On the DomainNet dataset, our method struggles with Ap7, which is likely due to the inaccuracy in
identifying the forget classes reliably using the v parameter. We elaborate more 4n this in Sec. A.6.

A.5.5. C-SCADA Unlearning

Tables A.27 to A.29 show the results in the C-SCADA-UL setting (Def 3) where the source-exclusive classes are revealed
over multiple time steps. For the experiments, we use Cx' = {1,2}, Cx* = {3,4}, Cz* = {5, 6}. The accuracies presented
are cumulative over all forget classes until the current time step (for e.g., Ap7 in T2 is the forget accuracy over classes
Crlucs? = {1,2,3,4}). This allows us to evaluate how effectively the model forgets the newly designated class sets while
maintaining unlearning of the older forget classes. The results show that our method consistently achieves thorough unlearning
of the new class sets at each step, outperforming the baselines w.r.t. the unlearn score metric.

A.5.6. Use of Other SFDA Loss Functions

Table A.17 shows results of experiments with two other SFDA methods: SHOT [34] and UCon-SFDA [60]. The target domain
performance while using just the SFDA method (Original) and the target domain performance while using this method as
Lsrpa in our proposed method are provided in terms of percentage improvement over the corresponding Unlearn Score metric
of the previous method going from top to bottom. For example, Rows 5, 6 show our method achieves a 6.1% improvement
in the Score while using UCon-SFDA as Lggpya instead of (SF(DA)2, when UCon-SFDA shows a 15.7% improvement in
target domain performance over (SF(DA)?2. This indicates that while our method works well with different SFDA losses, the



performance of our method improves with the SFDA method used. Table A.17 reports the metrics over all 7 source, target
pairs in DomainNet-126 for a single forget class.

Table A.17. Improved SFDA methods improve our method as well. We observe that as the underlying SFDA method achieves better
performance, our method also improves. This shows the adaptability of our approach to new SFDA loss terms and its potential to further
benefit as future SFDA methods advance.

SFDA Loss Method Metric S—p c—s p—c p—r r—s r—c r—p Average % Improved
Aprt 701410 574yii9 61l1i 837104 606454 691010 755.06 682113
Original ADfT b 8871009 4704006 578405 86.7101 277148 418105 43.1.03 561145 -
SHOT [34] Score T 0.3710 039100 039100 045.00 047100 049:00 0.53:00 04400
Apr T 56.041 366140 427100 779455 271:55 49.6.0s5 66.4.55 50.9:5
Our Method ADI\L 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0HVH 0.0HVH 0.0HVH 0.0{trn -
Scoret  0.56,,, 037100 043.00 078.,, 027,90, 050.009 0.66.0; 05109
Aprt  TL3.05  66.6.0. 6L7.05 783.05 559,15 65.1.00 75.0.0. 67.7.00
Original ADfT b 776457 369i69 35.6.15 T41lio0 32104 175010 61103 35940 +15.9%
SF(DA)Z [28] Score T 0.40 +0.0 0.48 0.0 0.46.+ 0 0.45 0.0 0.54 0.0 0.55 0.0 0.71 0.0 0.51 0.0
Apr t 678405 627110 589.10 770404 54007 62105 74010 652,
Our Method AD;' 1 0.0+0.0 0.00.0 0.00.0 0.0-0.0 0.00.0 0.00.0 0.00.0 0.00.0 +27.4%
Scoret  0.68.00 0.63:00 05900 07700 054009 06209 07409 0.65.00
AD'T T 80.1igs 739101 777115 88.6:00 737100 773415 821.01 790405
Original ADfT b T87i1u0 527148 565415 21.8i100 145454 28945 15.7i00 384454 +15.7%
UCon-SFDA [60] Scoret  0.45.00 048,00 0.50.00 073.01 0.64:00 06000 07lioo 05900
Aprt  TL7.54 6784102 60.6i06 83.6.00 56.1ios5 64907 754.01 68607
Our Method AD'[ l 0.0400 0.040.0 0.040.0 0.040.0 0.0+0.0 0.040.0 0.0+0.0 0.0+0.0 +6.1%
ScdreT 0472“)1\ 0.68 0.0 0.61 0.0 0.84 0.0 0.56 0.0 0.65 0.0 0.75 0.0 0.69 0.0

A.5.7. Extensions to Open-set Domain Adaptation

in Table A.30, we provide results on the open-set DA setting, replacing the SFDA loss term with the open-set DA version
of SHOT [34] as described in the paper. This is evaulated on the OfficeHome dataset with source-only classes {1, 2, 3} and
target-only classes {34, 35, 36, 37, 38}. We report full target class accuracy (OS*), shared class accuracy (OS), forget accuracy,
and unlearn score. The results show largely similar trends to the original SFDA setting, where existing methods perform
poorly by dropping retain accuracy significantly (UNSIR, Lipschitz) or still maintaining high forget accuracy (ZSMU). In
contrast, our method demonstrates strong unlearning performance while maintaining high retain accuracy, achieving the best
overall unlearn score.

A.6. Limitations

Our work addresses the task of adapting to new domains while unlearning a subset of classes present only in the source
domain. Although our proposed method demonstrates strong performance in the SCADA-UL setting (including its extensions
C-SCADA-UL and UC-SCADA-UL), our studies have been currently limited to image classification-based domain adaptation
tasks. Domain adaptation is also popular for other tasks such as semantic segmentation or generative modeling. For example,
adapting language models to company-specific documents to enhance accuracy and avoid irrelevant or incorrect responses, or
adapting road sign segmentation models to new geographies containing only a subset of signs. Extending our method to such
directions needs to be studied carefully, and would be interesting directions of future work.

Beyond the above, in our current implementation, we adapt the v term from PADA [5] for identification of source-exclusive
classes. However, we find that this is not always accurate, especially in datasets with large label-spaces such as DomainNet. Our
solution for this is to select an excess number of classes and unlearn all of them to increase the likelihood for source-exclusive
classes to be included. Better approaches to identify forget classes or unified methods (that don’t require knowledge of forget
classes) may help the UC-SCADA-UL setting in particular. Finally, although we present a theorem linking our method to
gradients, establishing mathematical guarantees for unlearning itself is challenging, and would be a potential direction for
future work.



A.7. Implementation Details

A.7.1. Compute Resources

Our experiments were executed on a Linux-based compute cluster each using a single Tesla V100-SXM3-32GB GPU limited
to 20 CPU workers. The time taken for running each experiment ranges from 300-1500 seconds.

A.7.2. Adapting MU and PDA Methods to SCADA-UL

We applied the baseline methods during the domain adaptation process when feasible, similar to our approach. Otherwise, we
evaluated both the “before DA” and “after DA” variants of each method, and adopted the variant that performed better with
respect to the Unlearn Score metric. This turned out to be “before DA” for all these methods, since this variant preserved the
majority of retain accuracy (and hence higher unlearn score). As none of the existing MU methods have been implemented on
the OfficeHome, Office31 or DomainNet datasets, we found the best hyperparameters for all the baseline MU methods on
these datasets. The hyperparameters were tuned to maximize the unlearn score of each method. Retrain. The source model is
retrained without the forget data and this model is domain adapted. Since source data is inaccessible in our setting, this only
serves as a gold standard for comparison. Finetune. The source model is finetuned on the retain data using the SFDA loss.
UNSIR (Unlearning by Selective Impair and Repair). employs an impair step to reduce the model’s performance on the
forget class followed by a repair step to restore performance on the retain set. As this method was originally designed for
unlearning where labeled retain data is available, we adapt it for application to our setting. While the noise generation step
remains unchanged, both impair and repair steps use target data with pseudo-labels as D,._,, as this represents the closest
approximation to data in our setting. The algorithm is applied to the source model before the domain adaptation process.
ZSMU (Zero-shot Machine Unlearning). It uses error minimizing-maximizing noise to achieve data-free unlearning. This
method is already data-free and is therefore applied directly to the source model before the DA process. Lipschitz Unlearning.
It achieves unlearning by enforcing local Lipschitz regularization, minimizing the change in model outputs with respect to
perturbations of the forget samples. As this method utilizes a simple loss function, this loss term is directly swapped with Ly
in our method. Moreover, since it requires forget samples, they were replaced with adversarial samples generated from our
method. Nabla Tau. It applies adaptive gradient ascent to forget data along with gradient descent on retain data. This method
was also applied to the source model and adversarial forget and retain samples were used. Unlearned(+). It estimates the
influence of forget data on model parameters and removes it. The influence function involves a gradient computed over the
forget set and hessian estimated over the retain set. To apply the method in our setting, adversarial samples were generated to
compute the forget data gradient over the source model, and pseudo-labeled retain data was used to estimate the hessian. The
method was applied on the source model, and after a short SFDA warmup run, it was re-applied with gentler hyperparameters,
and then SFDA was resumed until convergence. Taking the additional, small MU step helped to reduce the forget accuracy
more, while maintaining retain accuracy. PADA. It introduces a y term to downweight the contributions of source-exclusive
classes during PDA. The method was modified to fit into our setting by applying the proposed class weight vector on all loss
terms in SF(DA)?, alleviating the need for access to source data. SHOT. It freezes the source classifier (hypothesis) and adapts
the feature encoder for target domain learning. We used the SFPDA version of SHOT as described in the paper by setting the
[ term to 0.

A.7.3. Hyperparameters

Forget Classes. For single class unlearning in SCADA-UL, we set the forget class cx = 1, for multiple class forgetting in
SCADA-UL, we set it to Cr = {1,2,3}, and for C-SCADA-UL, we set Cz' = {1,2}, Cx*> = {3,4}, C* = {5,6}. For
scenes dataset, we used ¢ = 1 corresponding to class Grasslands. For medical dataset, we used cx = 3 corresponding to class
Edema. For ablation studies, we used Cx = {1, 2,3} on the OfficeHome dataset. Data split. We used an 80-20 split for train
and test data in all experiments. Backbone. vit-base-patch16-224 pretrained on ImageNet-1K. Optimizer. SGD optimizer
with learning rate 1e-2, momentum 0.9, weight decay 1e-3 and nesterov set to True. LR Scheduler. Lambda scheduler with
gamma set to 1e-3 and decay set to 0.9. Epochs. Source model is trained for 10 Epochs with 1000 steps per epoch using label
smoothing with coefficient 0.1 (As it is standard practice in SFDA [28]). For SCADA-UL, we use 5 epochs and 1000 steps per
epoch on OfficeHome, DomainNet, Medical, Scene datasets, and 10 epochs for Office31 on most methods including ours. Loss
Trade-off (o). We used o = 10.0 for most experiments with SF(DA)? [28] as Lsgpa, for SHOT [34], we used o = 150.0.
Method Hyperparameters. As none of the baseline MU methods had implementations on any of our tested datasets, we
found the best hyperparameters on these datasets. The hyperparameters were tuned to maximize retain-set accuracy and hence
the unlearn score of each method. Our Method. We used 4 adversarial samples to compute Lyy in our method. UNSIR. We
used 256 pseudo-labeled target samples with 32 noisy samples, trained over 5 epochs and 8 steps per epoch with learning rate



le-1, alpha 2e-3, and mean vector [1, 2, 3] . We used SGD optimizer with learning rate le-1, momentum 0.9, weight decay
le-3, and nesterov set to True for both impair and repair steps. Impair was done for only 8 batches of data as we found this
led to minimum degradation in retain class performance. ZSMU. The error minimizing-maximizing noise consisted of 64
error minimizing samples and 32 error maximizing samples. We used SGD optimizer with learning rate 2e-1, momentum
0.9, weight decay le-3 and nesterov set to True and a Lambda scheduler with gamma set to 1e-3 and decay set to 0.75. The
ZSMU process was applied for 4 epochs with 8 batches per epoch. Lipschitz. Optimizer and LR scheduler are identical to
those in SCADA-UL. 4 adversarial samples were generated per forget class and every iteration, each of these samples were
iterated through and perturbed five times and the loss was computed. For example, for 3 forget classes, a total of 3 x 4 =12
adversarial samples were generated and each of these samples were perturbed 5 times (12 x 5 = 60 perturbations). The losses
for each perturbation were added together giving us Lyy for that step. In the UC-SCADA-UL setting for domain net, we use 3
perturbations instead of 5 due to VRAM limitations. Nabla Tau. SGD optimizer with learning rate 5e-2, momentum 0.9,
weight decay le-3 and nesterov set to True, lambda scheduler with gamma set to 1e-3 and decay set to 0.75. The alpha term
was set to 0.02. This method was run for only 100 steps due to its poor performance for larger number of steps. Unlearned(+).
We froze the backbone and linearized only the final ViT classifier layer, ran the Hessian solver for 10 inner iterations with a
step size of 0.10 and an L2 curvature penalty of 3e-3; we scaled the one-hot forget targets to 0.7, clipped the tangent update at
a global norm of le-3, and injected Gaussian noise of 1e-5 before writing the update back. Each forget class was represented
by 12 adversarial samples that we re-optimized every iteration, and we drew 12 such minibatches per MU phase. We ran a
single-epoch SFDA warmup and then applied a small MU phase configured identically except for a smaller step: weight decay
Se-3, step size 0.03, max update norm 8e-4; post this the SFDA run was continued. PADA. Identical optimizer and scheduler
as SCADA-UL, the gamma term was computed over the entire target retain train dataset. SHOT. The method used a SGD
optimizer with learning rate of backbone le-1, and fully connected and bottleneck and rotation classifier with 1.0. Lambda Ir
scheduler was used with gamma le-3 and decay 0.9. The adaptation process was run for 10 epochs with 1000 steps per epoch.
In UC-SCADA-UL, given the inherent noise in the estimation of 7, we conservatively select a larger set of classes beyond the
forget set. Empirically, we find that selecting the 3 - |C x| bottom-ranked classes yields the best results.

A.7.4. Metrics

MIA Accuracy (MIA%). As mentioned in Sec. 5, we extend the Membership Inference Attack Accuracy (MIA%) metric [22] to
suit class-level unlearning. The model is trained to discriminate between the output entropies of retain class data and unseen or
out-of-domain (OOD) data. This is implemented by selecting semantically non-overlapping class samples from other datasets
(e.g., selecting OfficeHome samples of classes such as calendar, curtains, etc., when experimenting on DomainNet). An ideal
method (such as retraining) would be unable to distinguish between the forget class and such OOD classes.

Forget Class False Negative Rate (Forget FNR): This gives the ratio of forget class samples classified as retain samples to the
total forget class samples. Given a threshold £, the sample is classified as forget class if the predicted softmax score is less
than k, else as retain class. Figure A.8 shows as we increase the threshold, the forget FNR decreases as fewer forget samples
are classified as retain classes, as expected.

Retain Class False Positive Rate (Retain FPR): This gives the ratio of retain class samples classified as forget samples to the
total retain class samples. Given a threshold £, the sample is classified as forget class if the predicted softmax score is less than
k, else as retain class. Figure A.8 shows as we increase the threshold, the retain FPR increases as more retain samples are
classified as forget classes, but it rises upto a maximum value of 0.2 in Clipart — Art and 0.12 in Art — Product, showing
that the retain FPR of our method remains low across multiple thresholds. This indicates our method maintains retain class
performance robustly across thresholds.

Figure A.8 also shows the forget FNR vs retain FPR plot. The plot indicates it is easy to choose a threshold which maximizes
forget FNR with very low retain FPR, for instance 0.18 in Art — Product which maintains the forgetting to model utility
trade-off in our method.

Calibration Error: Expected Calibration Error (ECE) quantifies the alignment between the model’s predicted confidence and
its actual accuracy (lower is better). We plot ECE on source model and the model after applying our method for both retain
and forget splits: retain bars remain low after unlearning with our method, indicating the retain-class calibration is maintained,
i.e., does not degrade reliability on retain classes, whereas forget ECE rises substantially, showing the model loses calibration
on forget classes, thus becoming uncertain on forget class samples,

A.7.5. Real-world Dataset Implementations

Scenes Dataset. Similar to [49], we map 7 similar classes of UC Merced and RSSCN7 datasets (golf course — grassland,
agricultural — farmland, storage tanks — industrial region, river — river and lake, forest — forest, dense residential —
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Figure A.8. Forget/Retain Error and Calibration Analysis. The figure shows the False Negative Rate (Forget FNR) of our method on
forget-class samples across thresholds (first column); the False Positive Rate (Retain FPR) on retain-class samples across thresholds (second
column); Forget FNR vs. Retain FPR (third column); and calibration error on retain and forget samples before and after unlearning (fourth
column) for two OfficeHome settings. Our method achieves high Forget FNR (the model is confused on forget samples) and low Retain
FPR (retain samples remain correctly classified) at appropriate thresholds. Calibration error is high for both forget and retain classes on the
source model; after unlearning, retain-class calibration error stays low while forget-class calibration error increases, indicating greater model
uncertainty on forget samples.

residential region, parking lot — parking lot). The forget class in our experiments is grassland/golf course. Medical Dataset.
Similar to [27], we used 5 overlapping classes in both the datasets to conduct our experiments (Atelectasis, Cardiomegaly,
Effusion, Consolidation and Edema). These datasets had some samples with multiple labels, we discarded these samples and
retained samples with only single labels. Moreover, we used subsets of the datasets: ~80,000 images for CheXpert , and
~12,000 images for NIH Chest X-ray .

https://www.kaggle.com/datasets/ashery/chexpert
https://www.kaggle.com/datasets/khanfashee/nih-chest-x-ray-14-224x224-resized



Table A.18. Results for Multi-Class SCADA Unlearning on OfficeHome. Forget classes are Cx = {1, 2, 3} (Best result in bold, second-best underlined)

Method Metric A—C A—P A—R C—A C—>P C—R P—A P—>C P—R R—A R—C R—P Average
Apr 1 610420 822.19  82.3.04 76.950 8291, 82541, 75.21 7 582414 843.16  T85.02 584is  87.0:0o  T58.13
Original (SF(DA)? [28]) AD'/r b 28705 Tlligo  86.1:yo  57.1.i14  69.0016  76.7i08 478.05 220105 728:i69 53.1i4o 355405  TT1liog  B81isyg
Score T 047,00 048100 04490 04900 049.00 047100 05190 04800 049.00 05ligo 043100 04900 04800
Apr 1 60814 83l.gs 822.07 785155 826115 833115 7645 59.7.5 844,07 T76416 599100 873.05 763115
Retrain A/DfT\L 0.040.0 0.0:0.0 0.010.0 0.0.0.0 0.040.0 0.0-0.0 0.010.0 0.00.0 0.0:0.0 0.040.0 0.0.0.0 0.040.0 0.00.0
Score T 0.61.00 0.83.00 0.82:00 0.79000 08300 083100 0.76.00 0.60100 08400 0.78:00 06000 08700 0.76:00
Aprt 601.,5 8L5.,5 82605 7785, 831.,,, 832..3 765.,; 583.1: 844 ., 793,05 58641, 87.3.,, 761,
Finetune A/DT b 2484355 66.5.5, 82.0:07 445,16 6l4iso  Thlioo 36.7i19 15, 59.6135 435140 21.3i00  T29.05 492097
Score T 048100 049.00 045.00 05400 051.00 048.00 056.00 05700 05300 0.55.00 048:00 050,00 0.51:00
Apr 1t 254155  58.0.05  48.1.4- 16.8.: 11 554113 484157 116475 15144 37710 113172 286430 63.7.3 35.0.46.5
UNSIR [51] AD'T\L 0.0, 0.0, 0.0, 0.0 0.2,3 0.0 0.0, 0.0 0.0 0.0 0.0 0.0 0.0
Score T 0.25.55 0.58.00 048,00 0.17.0. 0.55. 048,00 012, 0.1540.1 0.38:0.1 0116, 0.29:00 06400 0.35:01
Aprt 589105  56.3143 4.6 1 722430 792:35 795407 155, 55.243.1 83.6.13 762116 554igs  86.1.p  Tlliga
ZSMU [10] AD}' b 209414 40.0.4 39.41 06 318408  41.2.7, 525433 478.55 109455  60.8.5: 4324 2134190  67.5499 39.84 10
Score T 049409 0.36:03 0.54:00 0.55.00 056100 052100 05109 0.50,,, 0.52.00 0.53.00 046:00 0.52.09 0.50400
Aprt 4281015 T7.0.00 798105 33311 715412 703115, 251150 379414 76.3.162  65.0154 51.5470 727103 58641
Lipschitz [15] ADT b 153, 4 27.3415 63.84 15 8.6-15 20.6-35 37813 22434 32455 373417 139, 19.7000  55.610s 254416
Score T 0.36.>  0.61.0, 0.49.00 0310, 0.61+¢ 051400 02455 0360, 0.56+00 057100  0.43+0, 04700 0464,
Aprt 52040, T45.,5 68617 6Ll 736007 698,05 6010 46.7.55 66.0.55 613116 47.0054 77.0-0 63.2109
Nabla Tau [53] ADJT 1 0.0, 1.0, 01, 34,4 0.3406 0.0 59133 0.0, 4.7 ., 0.0 12, 18,4, 15,
Score T 0.52,,, 0.74.,, 069,,, 059,,, 073.,, 07000 057,,, 04700 0.63-0, 0.61,,, 04600 0.76.,, 0.62,,,
Apr 1 588..5 836.,; 815, 76.0.05 824105 75415 605.,; 849, 773,05 613.,, 882, 761.;
Unlearned(+) [2] ADJT 1 9.9423 5931130 54110 273150 573417  422.59 21165  419.55  338.:5 14705  50.1.4¢ 386473
Score T 0.54:005 0.53:00s 0531005 0.60003 0.55:001 0.524000 0532001 0504001 0.53:002 0581000 05400 0524001 0.54:003
Apr 1 584i09  80.2.54 808105  T76.3:1; 80.7-15  80.8407 73.5:0.4 56.5+1 7 82700,  T73+1.4 545006  86.0- 74.04,
PADA [5] A,D/T b 0333105 TT4ios 82508 64805 T70.9.05  733.10  56.5.00 310106 79405 605105  38.7.0 83.0405 62643
Score T 0.44.00 045.00 04490 046.00 04700 047100 04700 043400 046.00 048.00 039100 047100 0.45.00
Apr 1t 56.012, 76.8:03  79.241, 744100 80915  80.0.14 71610 584.,, 814.5, 76.8105 63.0.,5 858.05 737113
SHOT [34] A/D}’ 23900 276.05 282407 312000 193.0s  13.0.5. 296.19 23903 150000 361000 288107 194.035 247,10
Score T 045150 0.60.00 0.62:00 057100 0.68.00 0.71,,, 05500 047100 071.,, 056100 049.,, 0.72.00 0.59:00
Aprt 59.9,,, 820 ,, 811,15 766.,, 833.1, 826,45 740,14 57100 834.,7; T78.,, 57.0408 86.7107 5.1,
Ours A*D}’ L8 0.0 0.0 0.0, 0.0 0.0, 0.0, 0.0 0.0, 0.0 0.0, 0.0 0.0, 0.0,

Scoret 0.60.,, 082.,, 081,,, 077.,, 083,, 08 ., 074, 057, 083 ,, 078,, 057 ., 087,,, 075,




Table A.19. Results for Multi-Class SCADA Unlearning on DomainNet. Forget classes are Cx = {1, 2, 3} (Best result in bold, second-best underlined)

Method Metric s—=p c—s p—c p—r r—s r—c r—p Average
Aprt TL3i0s 666105 617010 783.0> 559:19 65110 750005 67705
Original (SF(DA)? [28]) ADJT L 67.6.7 55.945.9 4295 7 60.6-5 7 6.5:1 3 14641 228438 38755
Score T 0.43.00 043.00 043.00 049.00 053.00 05700 06100 05000
Aprt TLO-g4  653:nx  58.6.00  T82:11  542..5 62900  TAlois  66.3.
Retrain ADJT 1 0.040.0 0.0-0.0 0.0+0.0 0.040.0 0.040.0 0.0-0.0 0.000 0.0£0.0
Score T 0.71.00 0.65.00 0.59.00 0.78.00 0.54:09 063100 074109 0.66.00
Aprt 68.9.01 649, 622,14 773.0> 5215 655, T42.9 665,
Finetune ADJT b 374.q, 323150 20.8.7 7 36.6.5 5 0.6, 532046 10.1+19 2045
Scoret 0.50.,, 049.,, 052.,, 05709 052.,, 062.,, 0.68 0.56 .
A‘D’T T 1164356 27410 224439 37549 52445 79456 14875 14.6.04 4
UNSIR [51] ADJT b 0.0, 0.0 0.0 3.045, 0.0, 0.0 0.0.¢ 04,
Score T 0.12.5, 0.03.00 02299 037.01 0.05:00 0.08.5; 0.15., 0.14 1
Aprt 707, 63105 6l.1.1x 786,15 508,07 616,15 692,45 650516
ZSMU [10] ADJT b 61475 471463 3151110 50.5415, 19.5436 1344, 18.24 34566
Scoret 044.,, 043,00 04700 052.00 04209 054100 05900 0490
Aprt Bdiio 33.997 39.1:14 64.5.54 42.0.65 3244 55.7410 39.04 14
Lipschitz [15] Aprd 294 52.c9 116, 27005 1647 03.,. 107010 8555
Scoret 0.05.55 03li0o 034:0; 051.0; 041, 032401 0.50100 0.35:0,
Apr t 447,50 38154 434.55  63.0.55  238.:s 473104 506455 4445,
Nabla Tau [53] Aprl 08, 0.2, 0.0, 7900, 0.0, 00,00 01,,, 1301
Score T 0.44.00 0.38:01 043.00 059.,, 024,00 047,00 05ligo 0440,
Aprt 69.2.04 621156 634,05 762,05 561.0> 67.1.0> 74304 66.9.0s
Unlearned(+) [2] ADJT L 453455 4LT., 3l4irg 38304 1034100 T6.00 116109 26.615
Score T 0.48.0.02 0441005 0480035 055000 051006 0.62:1000 0671001 0.54:002
Aprt 6L1igs 597,07 B551.05 76.1.05 49.0.05 599104 722505 61.9.04
PADA [5] ADJT b 45545 70.140.4 571+, 7161 22.340.8 26.810.9 327454 46.6-1
Scoret  042.55 035.00 0.35.00 044,00 04000 047100 05400 043.09
Apr t TL3.0> 664, ¢ 624.,, 785.,, 557,,, 651,94 T48.09 678,09
SHOT [34] AD7' b 67745 56.345.1 48.745.0 62.4. 53 € 13.610.5 212405 39.6-57
Score T 0.43.00 043.00 042.00 048.00 0.52.,, 05700 0.62:00 0.50.00
Aprt 653..5 637, 601, 77005 550,11 6355 747, 656 1,
Ours AD!T 00, 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Score T 0.65. 064.,, 0.60. 0.77 .0 055, 064, ,, 075, 0.66 .




Table A.20. Results for Multi-Class SCADA Unlearning on Office 31. Forget classes are Cx = {1, 2, 3} (Best result in bold, second-best underlined)

Method Metric A—D A=W D—A D—-W W— A W —D Average
Apr T T71io 863419 670010 799000  720.06  785i1s  76.8.14
Original (SF(DA)? [28]) ADfT b 84805 9954109  936.10 885i0:8 977100 T76.6:05  90.1:9
Score 042,09 043.00 03500 042,09 036.00 044,00 040.00
Aprt 76050 87.0407 682:15 833110 T20:15  T80.15 774
Retrain A/D}' 1 0.040.0 0.0.0.0 0.0.0.0 0.020.0 0.0.0.0 0.010.0 0.0.0.0
Score T 0.76.( 087100 0.68:00 083100 072100 0.78100 0.77.00
Aprt 172.,; 86.5,,, 66.7.07 79708 T720.; 784.,, 767,
Finetune AD]T b 7945 940,90 85.4.57 803,17 93.0.00 65.0.7, 82.8.5 5
Score T 043.00 045100 03600 044100 03700 048:00 042.0,
Ap;r T 40645 731455 61.704 5 63.51 5 71.6.1 4 4786 59.7 6.1
UNSIR [51] ADJT 1 0.0 0.0 28.7.,, 0.0 69.0:4.0 0.0 16.3.,
Score T 0.41.0. 0.73., 049, 0.63100 042.09 0484 0.53.0.1
A—D’r T 782, 858415 67.0.,, 80.1.,, 720.,; 786.p> T77.0.,
ZSMU [10] AD}r b 74900, 95.6.09 86.5.00 825.55 93.0.00 T24.35 842033
Score T 0.45.09 04400 03600 044100 03700 04600 042,49
Apr T 62.6.14 63.7115 60.2:50  76.7108  T1.6.1. 57.0415 653195
Lipschitz [15] A‘DJT b 6.1, 6.6, 29.2495 601405 60.8. 5 7.8 .4, 284116
Score T 0.59.¢.1 0.5940.1 04701 0.4940 ., 045, 0.5340.1 0.5250.1
Aprt 702056 854459 648.00 762104 720006 72009  T34.i7
Nabla Tau [53] AfoT 1 6.5453 24.0075  33.9.57 71 4, 73770 226495 28.0:7
Score T 0.66., , 069100 048,09 0.71,.,, 041.pp 0.59.,, 0.59.4,
A—Dj T 7004105 80.8125  80.6. - 86.0., 0 789.05 TLlios T779...
Unlearned(+) [2] AD}r 1 848:15 840410 8125, 97141, 69575 953112 853109
Score T 0.38:001 0442002 045000 044001 0472002 0372000 0.4200.03
Apr T 768.04 86.5,,5 663.., 785,09 T72.0,,5 T74i2o  T762.15
PADA [5] ADfT 1 76845, 100.500  90.7200  90.7419  988:19 774117 89114
Score T 043.00 043100 0.35.00 04lip0 03600 044:00 040.0
Aprt 172, 870+ 659..5 T781.. T720,.,5 756110 T76.0.1,
SHOT [34] ADIT b 47905 929.09 696.07 7279 848.50 404..5 680. 7
Score t  0.52.09 0.45.00 039:00 045,00 03900 05400 04600
Aprt T71i10 863119 67005 799,04 TL6.i 78.0+12 76.7415
Ours AD}' 4 0.0 0.0, 0.0, 0.0, 0.0, 0.0, 0.0,

Score t  0.77.,, 086.,, 0.67.,, 080.,, 072.,, 078.,, 077,




Table A.21. Results for Single-Class SCADA Unlearning on OfficeHome. Forget class is cx = 1 (Best result in bold, second-best underlined)

Method Metric A—C A—P A—R C—>P C—R P—A P—>C P—R R—A R—C R—P Average
Apr 1 609.05 822.17 85.5.% 835110 856412  T21i35  59.5.0s  86.0.07 758414 60.0.00 88.0114  T6.1.5
Original (SF(DA)? [28]) AD'/r b 51200 88215 8924 E 727007 855:10 H45.56  50.0064  88.6.09  399.05 804136 936 69.71 40
Score T 040400 04400 045,00 052.00 04809 046.00 04700 040100 04600 054100 03300 04500 045:00
Aprt 62104 834.1 86.0019 747155 826106 862110 7249 60.0.51 865.09 75.0009 6Ll 883110 7651
Retrain A/DfT + 00400 0.040.0 0.010.0 0.0 0.040.0 0.040.0 0.040.0 0.040.0 0.040.0 0.040.0 0.040.0 0.040.0 0.00.0
Score T 0.62.00 083100 086100 07500 0.83.00 086100 0.72.00 060400 08700 0.75.00 06ligo 08800 0.77.00
Aprt 60.7.05 818.; 853..5 740 82.9.05 858.07 T12.15 572105 865,03 752,09 586.16 875,55 75509
Finetune A/DT b42940 8 Td4digs  828.59  358i37 6946 825431  52.8.5 0.0 81.5.55 504457 T4dii7 90.2:55 61463
Score T 0.42.00 04700 047,00 05400 04900 04700 04701 0.57,,, 048.00 050100 03400 046:00 047100
Apr T 283110 56.6112  551liso 118164 56.6.04 444y 93156 172061 49.6:65  18.0413 244,51 6L7..5 36146
UNSIR [51] AD'T\L 0.0 0.0 0.0 0.0 0.0.0.0 0.0 0.0.0.0 0.0 0.0 0.0 0.0 0.0 0.0
Score T 0.28.50 057100 055.0: 012401 05700 044100  0.09:0: 017401  0.50.0;  0.18:01 024.09 0.62:05 0.36:00
Aprt 577p1s 797000 847, 686.00 815.05 831y TL6io1 568155  85.0.50 T4liis 58416 86400 740417
ZSMU [10] AD}' b 250048 T81igs  87.9.55 18743 52553 680475  34liss 137150 764015 301070 298400 798106  49.5.5.4
Score T 0.46., 045.00 045.00 0.58:01 0.53.50 050100 053:00 0510, 048.00 057.00 045.09 04805 0.50.00
Aprt 529149 80.1iis  T0.245s 653155 T24.55  8ldigy  64.6.57 4450 793.65 68317, 588.i17 T76.3.9 67.8.16.5
Lipschitz [15] AD;' b 149.90 51945 24, 5, 5.7 44 6.4, 492.5 16.3 .-, 24, 4044 163137 434109 55.2.47 254417
Score T 0.46.,9 0.53.0, 0.68,,, 0.62.,, 0.68. 058402 056, 04410, 05701 059.,; 0420, 052,02 0.5540,
Aprt 50006  TL7.59 675,55 53.7.59  T49..4  TLOys; 555..5  454..0  65.3..5  56.0004 449045  Tdlioo 608150
Nabla Tau [53] ADJT b 36,4, 0.0 0.0 0.0 0.0-0 0.0 0.0 0.0 0.0.00 1.6, 0.0 0.0-0 0.4 4
Score  0.48,,, 0.72.,, 0.67200 05400 075,55 0.7lepo 0.56.,, 045.00 0.65-00 05500 045.00 0.74.,, 0.61,,,
Apr 1 54.5.07  T76.8.05  T8.5.1 733, 83.0.,; 836105 T14.,, 592.,5 852.03 T73.6.00 61.9,,. 886.,5 T4l
Unlearned(+) [2] ADJT b 232400  783.00 758514 342.69 672 834y50 341.00 473135 818iox  3L7.34  848.35 879..5 60.8.5%
Score T 0441002 0431001 045:002 0551002 0500001 0461001 0531002 0402002 0470001 0561002 0330000 0471001 0470001
Aprt 589:15  804.1 84.0.1 € 81415 83.641 70.6.03  56.7.009 85.8.,, T4diis 551.1;  86.8- T4.241 5
PADA [5] A,D/T b 446015 909110 90.9., 512 84.5. 5 922115  56.1.49 429115 96001 44705 T38.6: 912 71.610.4
Score T 0.4li00 042.00 044.00 04800 04400 043.00 04500 040100 04400 05190 032.00 04500 043100
Aprt 56914  T8T7.0o 824115 TL8io9 8L9 829115 68.7.0:8 59.1,,, 84l.gs TASiox  629.,; 868.0¢ T42.,
SHOT [34] A/D}’ 220045 266.,, 259.01 349:14 205.35 134, 350.05 298.57 141.,, 341.o5 268, 192.,, 25.2:5,
Score T 047100 0.62.00 0.65:00 0.53100 0.68.00 0.73,,, 05109 046100 074.,, 056100 0.50.,, 0.73.00 0.60.00
Aprt 599, 8L5 ,, 83,5 740 ., 85, 8.3, 7055 585, 8.2y 74T ,, 5945 874 . 754, .
Ours A*D}’ + 0.0, 0.0, 0.0 0.0, 0.0, 0.0, 0.0, 0.0, 0.0, 0.0, 0.0, 0.0, 0.0,
Scoret 0.60,,, 081, 08.,, 074,, 084,,, 08 .,, 071,,, 058, 085.,, 075,, 059.,, 087.,,, 075,




Table A.22. Results for Single-Class SCADA Unlearning on DomainNet. Forget class is cx = 1 (Best result in bold, second-best underlined)

Method Metric S—p c—s p—c¢ p—r r—s r—c r—p Average
Aprt TlLligs 65504 622002 782403 55.9.06 65.1i0s 75110 67.6.00
Original (SF(DA)? [28]) A.D/T b 77657 369:69 356015 T4liion 3.24004 175410 6.1:03 35.9+.0
Score T 0.40.00 048.00 046.00 045100 054.00 0.55:00 0.71.i90 05100
Aprt  TL7.10  66.6:1, 61310 78305 56.0.5, 654, 74005 6764,
Retrain AD}rl 0.010.0 0.0:00 0.0-0.0 0.00.0 0.040.0 0.000 0.00.0 0.0400
Score T 0.72.00 0.67.00 06100 078100 056.00 0.65.00 0.74:00 0.68.00
Aprt 68.0.05 633, 628.05 Tllios 542,05 658, T735.05 66.4.0s
Finetune Aprd 59700 5., 132000 184iin 0000 5Tio 06.; 1400
Scoret  043.00 0.63.00 056,,, 0.65.,, 054.,, 0.62.,, 073 ., 059,
Apr 1t 89.05  Adiso 197000 30900 20000 1730 183.cr  145.
UNSIR [51] AfoTL 0.0 0.0 0.0, 0.0 0.0 0.0 0.0 0.0,
Score t 0.09. 0.04:00  0.2040, 0314102  0.02.00 017:00 0.18:0, 0.15.:0.4
Apr 1 69.9.,, 56.8:50 563101  78.0,y Sldiig  583uss  672i05  62.5.5s
ZSMU [10] Aprd 243.000 22000 200006 294ii0r L6, THias L 12500
Scoret 0.58,,, 0.56,,, 046.,; 0.61.0; 05l.00 05400 0.66.0; 0.56.,
ADI T 406300 2364001 531145 6124019 382.59 49.6.156 53.01140 4564073
Lipschitz [15] Aprd 354uscs 00000 L4lior 354iu0 00.00 2005 00500 124000
Scoret  0.27.0, 024.0- 047.0, 044.0, 038.0; 048, 05301  0.40.0,
Apr1  383.00  3T.6..s 434155 6241, 32705 405.0, 469..; 4314
Nabla Tau [53] A'Dfi 1841101 0.0 0.3+ 139,554 0.0, 0.0 0.0 4.7, .,
Score T 0.33.0¢ 0.38-0.0 0.4340.0 0.56+0.1 0.33-0.0 0.40¢ 04700 0410
A‘D:— T 69.0.00 629:05 622,,, T71ios 561i15 66.0.,; 737, 66.7.,,
Unlearned(+) [2] ADT b 4400375 135:c5 293135 3l.1y74 0.9405 11.8 5 31119 19.1.95
Score T 0.51:0.165 0.564001 0481002 0591005 055000 0.59:001 0.71:00 0.57 10,04
Aprt 60.0-0s 593100 54bioe 758101 48.7.., 598.0s Tldign  6l3igg
PADA [5] ADrT L 9.0, 60.6:,0 580110 62015 11.0.35, 304410 8814 34.3.03
Score T 0.55.00 0.37:00 035100 047100 04400 046.00 0.66:00 04700
AD: Y ¥ N 66.1,,, 628.5 784.0. 554,,5 652.,0 750.00 67705
SHOT [34] A‘D? b 7955 309:45  379.45 T15ii14 3.610.4 17505 5.040.7 34559
Scoret  041.50 05l.09 046+09 046150 0.53:00 0.55,,, 07100 0.52.0
AD:— 1+ 67.8:23 62.711.0 58.911.0 T77.010.4 54.0.17 6214105 74.0.,, 652,
Ours A‘DT 4 0.0, 0.0, 0.0 0.0, 0.0 0.0 0.0, 0.0,

Score?  0.68.,, 0.63.,, 059, 077.,, 054, 062, 074, 065,




Table A.23. Results for Single-Class SCADA Unlearning on Office 31. Forget class is cx = 1 (Best result in bold, second-best underlined)

Method Metric A—=D A—-W D—A D—-W WA W=D Average
Apr T 78700 81241, 61100 7644,5 670006 803110 T4l
Original (SF(DA)? [28]) Apjr b 91907  100..00  100.:00  100.100  100.100  90.610s  97.1.0-
Score T 041.p0 041i00 031.p0 038i00 034:00 042.00 0.38:00
Apr T 790010 820404  63.9:06 78410, 67400 T81ios T48:1,
Retrain ADJT 3 0.0+0.0 0.0-0.0 0.0-0.0 0.00.0 0.040.0 0.0-0.0 0.04+0.0
Score T 0.79:00 082100 0.64.00 0.78.100 0.67.00 0.78.00 0.75.00
Apr T 79d.i1s 812415  59.6.06 76017 67005 798.17 T73.8.13
Finetune ADIT o 882, 100.+0.0 100.-0.0 100.40.0 100.+0.0 89.040.0 96.2.
Score T 0.42.00 041i00  0.30.00 03800 034.00 042.00 0.38:00
Apr T 40.5.5 75.5457  604.45  679:54  653:15  52.T7i55 60477
UNSIR [51] ADIT I 0.0 0.0, 66.6. 5 0.0 100.040.0 0.0 278155
Score T 0.41.p3  0.76100  0.37-0, 0.68.40 03300 053100 0510,
Apr T T76.50 8L6,,, 596..5 762, 674, ., 791.o7 T73.6.00
ZSMU [10] ADfr b 878:15  100.100  100.0400 100.400  100..00  88.2:1&  96.0-05
Score T 041.00 041i00  0.30.00 0384100 034:00 042.00 0.38:00
Apr T TTdiog 79.0000 537004 745010 67.0.05 T7.6.56 71549
Lipschitz [15] ADfr b 423, 15.9495 66.7+ 57 33.3457 39.7 45 77003 34356
Score T 0.55.( 0.70.40 4 03300 0.62:0, 051.0o 0.73,, 0.57 0.1
ADTT T 69205, 81.8. 7 58.9.0 5 753113 66.3.1 5 719455 70.6.5 3
Nabla Tau [53] ADJT L 0.0, 36.5135 74.6.09 0.0+ 100.-0.0 04, 35.3.76
Scoret  0.69.,, 0.62., 034100 075,55, 033100 0.72.00 0.58.00
Apr T 595.0s  T7.0005 79000, 81.9.y9 805.,9 66.9:0s T41.,,
Unlearned(+) [2] ADJT 1 100.0400 100.0100  90.9-p0 100.0-00 90.2:00 100.0-00 96.8-02
Score t 0.3010.00  0.39:001 04li00r 041001 0420000 0334000 0.38100
Aprt 772019 8l4ry  6l1liis  T58.. 67.0.06 773106  T3.3.10
PADA [5] A—D[r 1923407 100.0000 100.0400 100.0100 100.0400 923107  974igo
Score T 0400  0.4lip9 0.31o00 038100 034100 04000 03720
ADTT T 770400 81.8., 3 60.0+1 5 751416 67.006 751115 72741 5
SHOT [34] ADfr L 549400 64, 16,4 16, 3.2, 5124, 19.8.,,
Score T 0.50.00 0.77,,, 0.59.,, 0.74:00 0.65.,, 0.50.00 0.62.,,
Aprt  179.,, 81241, 628, ., T762.,, 670106 797,55 742114
Ours ADfT L 0.0, 0.0 0.0 0.0 0.0 0.0 0.0

Scoret  0.78 ., 0.81. 0.63. 0.76_, 0.67. 0.80. 0.74.




Table A.24. Results for UC-SCADA Unlearning on OfficeHome. Forget classes are Cx = {1, 2, 3} (Best result in bold, second-best underlined)

Method Metric A—C A—P A—R C—A C—>P C—R P—A P—>C P—R R—A R—C R—P Average
Aprt 6LO..s  822... 823.05 769..; 829, 825.00 7520, 582.. 843..5 T85.0. 586, 8.0, 75841,
Original (SF(DA)? [28]) AD'/r J 28741 T1.1l.5, 86.1:1 0 57140 69.041 3 76.710 478419 22.040.4 72857 531434 35.8414 771007 581155
Score T 047400 048.00 044100 04900 04909 04700 05109 048100 049.00 05199 043.00 04900 048400
Apr 1 6081 83l.gs 822.05 785151 826100 833115 76409 59705 84405 T76i15 599116 87304 763115
Retrain A/DfT\L 0.040.0 0.040.0 0.040.0 0.040.0 0.040.0 0.040.0 0.040.0 0.040.0 0.040.0 0.040.0 0.040.0 0.040.0 0.040.0
Score T 0.61ip0 083100 082:00 079100 0.83:50 083100 07600 060100 0.84.00 0.78:00 060100 087100 0.76:00
Apr1 601, 8L5.., 826.,, 718..; 831, 832 ,, 765., 583.., 844, T93.,. 586, 8L3.,, 76.1..,
Finetune AD]’ 2485, 66.55 44 82.0455 44541 3 6145, 751116 36.70 156 15, 59.6.5. 435153 213105 729:535 49219,
Score T 04850 04900 045.00 0.54:00 05150 048100 056100 05705 0.53.00 0.55:00 04809 0.50400 0.51.00
Apr 1t 1704015 566000 51956 236050 394177 492056 126005 2510000 521.0, 845, 256005  59.0:60  35.0467
UNSIR [51] AD'T\L 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0, 0.0 0.0 0.0 0.0
Scoret  0.17401 057100 052100 02401 03910  049.00 01300 025:0; 052.00 0.08:05 026100 0.59: 0.3510.1
Apr 1t 4354057 T89., 80.5.15 T43.16  T9.0 785400 729.035 558100 839.0s T76.0.13 548.41 85610 720456
ZSMU [10] AD}' b 115409 62.1144 733157 52541115 580+ 56.410 .5 4547 179404 68.1. 4170455 242,65 7034 48.4.16.6
Score T 0.38,0. 0.4940.0 047100  0.49.:00 0.5040.0  0.5040.0 0.501.0 047100 0.500.0 054100 0.44.00 0.5040.0 04814
A‘D,T T B56.84150 64.5.006 63.0:1506 421045 750007 66.61155 67.0.7¢ 451.75 59465 6361654 4410000 79.6..0 60.61155
Lipschitz [15] Apr b 1045, 205, 392.ms 133iss 1820, 320070 15870 46000 9liisr 24dioir 150000 18850 100010
Score? 051.,, 049.0, 043.0; 0360, 06400 0500, 0580, 0430, 0540, 0510, 038.0, 06700 0505,
Apr 1 ATdiss  7T0.0.0;  69.60,c 629..0 73.6.10 62805 598,50 448i.0  66.7.05 5890y  4d9iis Tl 6L5.
Nabla Tau [53] ADJTL 0.0 0.0 0.5, 0.3, 0.0 0.8 4 13, 0.0 09,4 12, 31.,, 5.1, 11,
Scoret 047.00 0.70.,, 0.69.,, 063,,, 074.,, 0620, 059.,, 045.00 066-00 058, 04dio, 0T4.,, 061,
Aprt 5Llyiy 75.6.06  T7.Ti00 720407 836101 836,05 695.0. 597... 861.05 73704 605,,, 88400 T731is
Unlearned(+) [2] ADJT 197005 TT3.00 TT844s  354.55 58107 813107  342.55  402:5s 87440 354, 41l1lios 874igr 52140
Score T 0431002 043-001 044000 0532002 0532000 0462000 0520001 0431000 0462000 0552000 0432001 0472000 0.48-0.01
Apr1  584.00  802,,, 808.,, T763,,, 80.7.1. 808.0; T35... 565..; 827.., T13.,, B545i, 86.0- 740,
PADA [5] A,D/T L 333105 TT4ios 825,05 6484, 7095 733110 56.5.00 310410 79405 60.5.05 387100  83.0.05 62.6413
Score T 0.44.09 045.00 04490 046.00 04700 047100 04700 043400 046.00 048.00 039100 047100 045.00
Aprt 56.0021  76.8.25 792001 Tddioo  809.1> 800414 71619 5845 8l4i.y T6.8.05 630,06 85806 7371
SHOT [34] A/D}’ L 23900 276.05 282.17 31241, 193.0s 130005  296.10 239,05 15004 36.1.00 28807 194,05 247,
Score T 045,00 0.60.00 0.62.00 05700 06800 071.,, 055:00 047400 071.,, 056100 049.,, 07200 0.59:00
Aprt 595, 795110 787ii> 748107 806113 788412 73.7.,, 55.7i06 80.7i05 T42:i08  56.7h05 828.0s  73.0409
Ours A*D}’ +00., 0.0, 0.0 0.0 0.0 0.1, 0.0, 41458 0.0, 0.0 12.8491 0.0 14i13
Scoret  0.60.,, 080.,, 079.,, 075,, 081,,, 079.,, 074, 054, 081.,, 074, 051.,, 083, 072




Table A.25. Results for UC-SCADA Unlearning on DomainNet. Forget classes are Cx = {1, 2, 3} (Best result in bold, second-best underlined)

Method Metric s—=p c—s p—c p—r r—s r—c r—p Average
Aprt Tl3i0s 666104 61.7.05 783.0> 559.15 651y 750004 67706
Original (SF(DA)? [28]) ADJT L 67.6.57 559445  429..5 60.6-5 5 6.5+ 14.640.9 22.843 38709
Scoret  043.00 043,00 043.00 049.00 05300 057100 0.61.00 0.50.00
Apr 1t TLO0:os 653105 586404  782:09 542410 62915 T4liig 6633
Retrain ADJT 1 0.0-0.0 0.0-0.0 0.0+0.0 0.0£0.0 0.040.0 0.0-0.0 0.000 0.0£0.0
Score T 0.71i90  0.65.00 0.59:00 0.78:00 0.54:00 0.63:00 074100 0.66.0
Aprt 68.9.01 649, 622,15 773.0> 521l.9 655,,5; 742, 665 .,
Finetune Apr L 3Tdiss 323156 208.05  36.6.5; 064y 5300 10dues 2040,
Scoret 0.50.,, 049.0, 052.,, 057.,, 052, 062.,, 068 0.56..
Apr T 14ligs L1501 252005 404.00  L5is  14dioo 23140, 17.2.55
UNSIR [51] ADJT 00, 0.0 0.0 44,7 0.0 0.0- 0.0.¢ 0.6
Score T 0.14.5;  0.0li00 025.09 0.39:00 0.02000 01430, 02300 01709
Apr t 700,45 581151 60205 768.15 491,19 580,41 703117  63.2.5,
ZSMU [10] ADJT b 6704007 5861100 39.5:1035 49.6.165 23850 13.845¢ 252475  39.7+1106
Scoret  042.,; 037100 043.0; 052.01 04000 051159 0.56100 0.46.00
Apr t 4950100 4321075 4730110 6081150 432050 2941010 678100 4870103
Lipschitz [15] ADJT 2024007 202,45 23.6.005 27.5:900 1.9455 115, 75100 14.6 15
Score T 0.41.5, 035.01 03800 047.00 04209 029,5. 0.63.¢ 0.42. 4
Apr t 43520 422017 45.7.05 59349 2331100 456156 476015 43.9.50
Nabla Tau [53] ADJT 123 ¢ 0.0 0.3, 5 35,5, 0.0 0.0-¢ 0.0-0 23,
Scoret  0.39.,0 042,00 046.,, 057.,, 02305 046,09 048,y 043.09
Apr 1 658.1> 616112 63205 772.01 528, ; 657,15 T4dlioo 658.0s
Unlearned(+) [2] ADJT 1 384, 6.8.5¢ 297015 39.9:53 21409 16.0-45 4 1.6:0.4 19.2.5
Score t 048,000 0581005 049001 0.55:0.03 0.521002 0.57:000 0.73:0.00 0.56.0.02
Apr T 6L1lios 597107 55105 T6.1ios  49.0.05 599104 722.05  61.9.0.
PADA [5] ADJT b 45545 701404 57141, 7161 22.340.8 26.810.9 327454 46.6-1
Scoret  042.55 035.00 0.35.00 044,00 04000 047100 05400 043.09
Aprt TL3.,, 664.,; 624.,, 785.0; 557.., 651., T48.00 67.8.0,
SHOT [34] ADJT L 6775 56345, 48.7i30 62445 6.9 13.6:05 212005 396407
Score T 0.43.50 043100 042.09 048.00 052405 057100 0.62.09 0.50.00
Aprt 673... 633,07 608« 776 ,, 524..5 633,05 72705 653 .1,
Ours ADJT d 29.6198 36.843; 36.3171 28.7i59 4.5454 0.74: 6 3.6.5, 20.1:53

Scoret 05200 046.,, 045., 060, 050.,, 063, 070.,, 055,




Table A.26. Results for UC-SCADA Unlearning on Office 31. Forget classes are Cx = {1, 2, 3} (Best result in bold, second-best underlined)

Method Metric A—D A—-W D—A D—-W W= A W—D Average
AD’T T 67.0100 799415 771409 86.3+1 5 785415 72.040.5 76.841.2
Original (SF(DA)? [28]) AD'{ b 936105 88.5193 84.8193 99.510.5 76.6:1.9 9774016 90.14, 6
Score T 0.3540.0 0.42400 0.42. 0 0.4340.0 04409 0.36:0.0 0.40.40.0
ADTT T 682409 83.3105 76.0444 87.0406 78.0:1 0 720410 774104
Retrain AD]' 1 0.0400 0.040.0 0.0:0.0 0.0400 0.040.0 0.040.0 0.0:0.0
Score T 0.68.10¢ 0.8310.0 0.76 100 0.8710.0 0.78.0.0 0.72100 0.77 100
Apr 1 66.7... 1970y TL2,,, 865, 184.,, 720005 767,
Finetune AerT 1 8545, 80.34+1 3 79441 94.040.5 65.045.5 93.040.0 82820
Score T 0.36:0.0 0.44. 0.4310.0 0.4540.0 04800 0.37+0.0 04210
ADI T 51.0p0s  T74i59 58.041 5 65.7156 68.6. 5.3 48.8.16.0 61.6.55
UNSIR [51] AD:[ 1 0.0 0.0 1.2, 0.0 64356 0.0 10.9,
Score T 0.51.4¢ 0.77 0.1 0.57 ¢ 0.66.10.0 04200 0.49, 0.57 101
Apr 1 T6.7.0:  859.., 633.sc T8y, TL2.05  TdTios  T5.0-14
ZSMU [10] ADfT 1 68.6:6.4 973410 92455 85.3443 9245 78.0+43 85.6.43.9
Score T 0.46.1( 044 0.3310.0 0.424 03700 042 04100
Apr1  723.., 762015 583i0 758455  T09.00 664iie 7007,
Lipschitz [15] Apr b 472000 339.00 3Tdier 600iiny ATdi, 94, 392000
Score T 0.50.1( 0.5710.0 0.42400 047100 0.50 , 0.610 0.5
Apr T TL6.is  854..,  G55iic 5l Tl6ioo  T0.7.a: 133100
Nabla Tau [53] Aprl B31.,; 164 369157 L6, T42in 127100 242045
Scoret  0.70-0, 0.74.,, 048-0, 074,,, 04leo, 0.63.,, 0.62.,,
Apr 1 6Llis TATi., 786.1, 825, 797.0: 663.00 73.8...
Unlearned(+) [2] ADIT 1l 100.0473 100047, 89.014¢ 100.0.,> 87.8.75 100.01;5 96.1.5¢
Score T 0.3040.01 0371002 042:001 041001 042002 0331001 0.3810.01
Apr 1 T68,,, 865.,, 663.1., T85..0 T20-06 Tldeo 762,
PADA [5] AD/T 1 76.815 100.+0.0 90.742.0 90.7+1 9 98.8:10 7740 7 89.1. ¢4
Score T 0.43. 04300 0.3540.0 04100 0.360.0 0440 0.4040.0
Aprt 712010 87.0. - 65.949 3 781410 72.0:0.6 756, 76.041.5
SHOT [34] ADT b 479,05 929409 69.6.15 7 727419 84.8.:20 4044 5 68.041 7
Score T 0.5240¢ 0.45.. 0.3910.0 0.45.10.0 0.3910.0 0.54100 0.46.10.0
Tomn GG PEon | 2 Genn) | G Geton GO
Ours AD[T b 00, 0.0 0.0 0.0 0.0 0.0 0.0

Score t 0.61, 0.7310.0  0.7240,0 0775 0720, 0.67., 0.70




Table A.27. C-SCADA Unlearning performance on the OfficeHome dataset. Forget classes are Cr' = {1,2},Cx? = {3,4},C#% = {5,6}

Method Task Ac. A—C A—P A-SR C—A C-P C—=R P=A P-C P—=R R-A R—P  Average
Apr 1 636500 803 86.7005  786.04 S19.00  8Tdigs  T65..; 622, 895.,. SL3., 87102  T8.2:07
TI AD'/w 438001 6ldio,  ThAL, 598..;  B5.7.i5  669..0 46.0..0 26.2.0c 621, 584« 634205 55.0.0
Scoret 044100 050000 04900 049500 053.00 052.00 05200 04900 0550 0510 05300 05010,
Aprt 636.0. 803.05 86 786001 819,50 8TA.o, 765, 6225 895, 813, 8710, T82.;
Original (SF(DA)* [281) T2 Ap;w 44200, 62240, 60.6:5- 56315 67T5.5. 46700 26550 626, 592 642005  55.650;
Scoret 044100 0.50.00 0490 052000 05200 04905 0.55.05 0510 05300 05040
Apr 1 636.04  80.3.04 78.6.0.1 8Td. gy 765, 62205 895.,. 813, 8710,  T82.07
T3 Appl o 443.00 6240, 60.9. 5 67755 46900 26505 628 5955 64505 5580
Score? 044100 0490, 0490 052000 05200 04905 05505 05100 05300 05010,
Apr T 650 80.3.. 5 782010 878,05  T81.1y  633..5 881.; TT.0.. 852005 T8.2.1:
TE Aprl 00000 0.0.0 0.0, 00000 00000 00500 00500 00400 00.00 0000
Score T 0.65:00 08040, 0.78- 08800 07800 06300 08805 07700 08500 0.78.,
Aprt 65.0.0;  80.3... 782510 878.0s T81.s 6335 S8.1.0;  T7.0.. 85.2.00 T82:1
Retrain T2 Appl 00000 0.0.00 0.0.00 00000 00000 00000 00000 0000 00:00 0000
Score T 0.65.05  0.80.00 07800 08800 07850 06300 08805 0.77.00 08500 0.8,
Aprt 650, 803... 7825106 878,05  T81.1, 633..5 881.; TT.0.. 852005 1820,
T3 Aprl 0000 00 0.0 00500 00:00  00:00 00500 00500
Score?  0.65.00  0.80.00 0.78 0 0880, 0780, 0630, 088, 0770
Apr 1 628, 794 772510 86.7 TS0 618, 89500 809
TI o Aprl 3500 421 375 60.7.50 246.05  156.57  534.,5 3204,
Score 1 0560 05600 0540 5 0.61.00
Apr t 7940 T1.2010 86.7.47 80.9..
Finetune T2 Aprl 42,6510 380107 6125, 325,
Score 1 05600 0562 0.54-0 0.61.00
Apr 1 79405 772410 86.7. 7 809,
T3 Aprl 428010 382007 61.4.5, 326,
Score 1 05600 05600 05400 0.61.00
Apr t 16.0.5 48.1 160410
T Aprl 0.0, 0.0 0.0,
Score 1 016, 04800 0.16.
Apr 1 35.3 107
UNSIR [51] T Aprl . 0.0, 0.0,
Score 1 044200 03500 0.11.
Apr t 39.9 31.3., 7
T3 Aprl 0.0, 0.0
Score 1 040 03100
Apr 1 85.2:00 T8.7502 7
TI Aprl TL5. 06 40.3.109
Score 1 05000 05710,
Apr t 84710, 78.0.0 0
ZSMU [10] ™ Av} 1 825547 64.35 15 205
Score 1 046 04700 05200 15
Apr 1 58.3145 5 78410, 86.9.10 38
T3 Aprl 46.4.10 55.0.0 7 5545
Score 1 03505 05000 0.56.00 3
Apr t ) 56.5.557 79.0.1 ¢ r
T Aprl 3.5 1475005 198,,, 3
Score 1 0.1 0.48 0.67
Apr 1 s 5545157 83355 2
Lipschitz [15] ™ AD'[V 1 154, - 3450 26.7. oo
Score 1 05900 054 0.66.00 ,
Apr T 569019 64.8. 7 60,4250 5 13
T3 Aprl 53, 1024100 51
Score 1 54500 05304 .
Apr 1 722505 75.0.0
T Aprl 0.0, 0.0,
Score 1 012, 075,
Apr T 69.0..¢ TLd o,
Nabla Tau [53] T Apyl 0.0, 0.0,
Score 1 0.69.,,
Apr 1 67.2.05
T3 Aprl 0.0,
Score T 0.67,, 0.69,
Apr t 782015 81.9.,
T Aprl 65.150 62.754
Score 1 047002 050,02
Apr 1 TT75100 8101
Unlearned(+) [2] T Aprl 579125 486,
Score 1 049 . 05500
Apr T T1.750s 81110
T3 Aprl , 38.3 31.7.10
Score T 04400 0.60.000 05610 0.62.0.02 06600 05800
Aprt 618.0«  T78.i4  851ii, 79.750 7 889011 802, 85.6.05 76151
TI Appl 370..5  T59.06  806.0. 74300 7970, 489 1 830055 616, «
Scoret 045,05 04dio0 04750 0460 05000 05400 04700 0470,
Aprt 601.,, 76315 S47.. 79.0., 7 88.6.1, 79.8. 846,05 75300
PADA [5] T2 Aprl 34di; 7504 8104 69.2.1 4 TA50n 63700 76.9.00  59.8.
Scoret 04500 0.4dio, 04T, 04700 05100 049, 04800 04750,
Aprt 590.00  T761i., 841y, 78610 88.5.11 800, 844 TG,
T3 Appl 208000 5961, 634..; 5120, 565,01 5l3.a0 57.2 448
Score?  0.45.,5 0.48.00 0510 05200 05700 053,00 05400 05100,
Aprt B85..; T48.; 836.., 798100 837010 842, T5.8.1;
TL Appl 302005 383.6 356, 298510 222.0s 322, 307.0¢
Scoret 0.45.00  0.54.00  0.62:00 06100 06900 06400 05840
Aprt 583..0  TA0. 8240 797505 83.5.14 8370 7520
SHOT [34] T2 Aprl 301 3750 350000 30600, 2260 317, 29.9.1 3
Scoret 045,05 054100 0610 06100 06800 064000 05800,
Apr 1 576..5 7290,  SL8.os 79805 8291, 835, AT,
T3 Aprl 28000 369.5 35040 313100 224004 30700 294,
Score?  0.45.05  0.53:00 06100 06100 068, 06400 05850,
Aprt 631l.os 191, 862, 805, 86.6.,; 866, I13.,.
Aprd 000 0.0, 0.0, 0.0, 0.0, 0.0, 0.0,
Scoret 0.63.., 079, 086.,, 077.,, 081, 087, 4 0.87 .0 077,
Aprt 629, 790, . 866.,, 778, 821, 866 ., 888, 632, 867, 71.6..,
Ours Aprd 00000 00500 00 24,0 00, 89, 0005 000, 00, 1ld., 19,
Score? 0.63.., 079, 087.,, 076, 082, 080, 089, 08l 078,01 076,
Aprt 627.,, 191,,, 862..; 782.., ; 800, 871, 71.6..,
Aprl 44, 00, 00, 38, 0.0, 7345, 22817
Score 0.60 ., 079, 086, 075,, 08, 082 ., 087 0, 080, 081, 076,




Table A.28. C-SCADA Unlearning performance on the DomainNet dataset. Forget classes are Cx' = {1,2},Cx? = {3,4},Cx> = {5, 6}

Method Task  Acc. s=p c—s p—c p—r r—s r—c r—p Average
Apr 1 71840 621, 782 55.6.05 658.16 T5Aig; 6T.7.0
TI Apyl 87240 373014 632050 173050 10005 255..5 325,55
Score T 0.52. 045,50 048.,, 047 0.60.00 0.60.00 0.51.00
. Apr 1 T18.:05 621004 782101 55.6.0s O65.8.. T5.dior G6T.7i06
Original (SF(DA)* [28]) T2 A,,;Ti 37350 3770 633.s6 174, 101.00 25.7.5- B32.7..5
Score T 0.52. 045,00 048, 047 0.60.00 0.60.0, 0.51.0
Aprt 71840 62105 782,01 556,05 658, T5.4igr 67.7.0¢
T3 ADJT L 3744 3 3 s 1744, 10106 25.7.5 327403
Score T 0.52. o047 0.60.00 0.60.00 0.51.00
Apr 1 72600 o B5T.0.0) 63.6.0. 7500, 67507
TI Aprl 0.0.00 0000  00:00 0000  0.0:00
Score T 0.73.0 o 057 0.64:00 0.75.00 0.68.0
Apr 1 726500 . 5T.0.01 63.6.0. 7500, 67507
Retrain T2 Aprl 00.00 0.0.00 00,00 0010 000
Scoret 0.73.0, 0.640 o 05700 0640, 0750, 0.68..,
Aprt 726105 64.3.0s i BT.0.01 636000 7500, 67507
T3 Aprl 00u00 0000 0000 0000 0000  0.0:00
Scoret 0.73.04 0.64.0 o 057 0.64.00 0.75.00 0.68.00
Apr 1 704 648, 5640, 6700, T51.. 67.8..:
TI Ap7 o131, 168.04 5 99400 4.9.07 1475 18.04 50
Score? 0.62.,, 0.5, o 051, 064, 066, 058,
) Aprt 704, 648, o 564.0. 6700, T51... 67.8.;
Finetune T2 Aprd 13200 169, ;10000 50407 147 181.
Scoret (.62, 055.,, 049,,, 0.57.0, 051 0.64.,, 0.66.,, 058,
Apr 1 704 648.,, 629.,, 780.,; S564.,, 67.0.,, 751.,. 678 ;
T3 Ap/rL 13205 169..4 285.,5 386.00 100.0> 5.0.07 1475 18.1.30
Score? 0.62.,, 055, 049,,, 0.57.0, 051 0.64., 065, 058,
Aprt 158i00 73150 16905 389, 12, 248 22.4 182
TI Aprl 0.0, 00,00 00, 00 000, 00, 0.0.
Score t 0.16., 017,00 0390, 0.01 025,00 022,00 0.18.0
Apr T 9644 11200, 25 ;o 1.3.04 ] 137205 11.9:00
UNSIR [51] T2 AT,';L 0.0, 00.,, 00.,, 00 00,0, 0.0,
Scoret 0.10.00 0.05.00 0.11:05 0264, 0.01 018200 014400 012400
Aprt 80104 156007 116.0. 10104
T3 Aprl 0.0, 000, 00, 0.0.
Score T 0.08. 016000 012, 0100,
Apr T 694, , b 608,55 TLT. 63.7.0
TI Apyl 4290 7 180.0 247
Score T | 053, 061, 051
Apr 1 2 o 60.3.. 0 T04.ss 630
ZSMU [10] T2 Aprl 25700 117:54  98i50 232:05
Score T 0.55. 054, 0.64:00 0510
Aprt 684 s 601, 694 573457
T3 Ap,rL 3430 159145 ¢ 1215, 140 19850
Score t 0.51. 0320, | 054 061, 047,
Apr T 20.6.26.( L 46500, TATL . vo 4000, 619, 443,
TL Aprl 3744 160127 27.,, 64iis
Score ? 0.19., 060, 041,
Apr 1 209.. 68.0..(
Lipschitz [15] T Apyl 06,
Score T 0.68.,
Apr 1 63.6.
TS Apy i 04,
Score 1 063,

Apr T

TI Apyd

Score

Apr 1

Nabla Tau [53] T Apy

A7
0.0
0.48.00

Score 1 0.
Apr 1t 345..s
TS Aprl 09,
Score t 0.34.00
Apr 1 638..,
TI Apri 218
Score t 0.52.00
Apr 1 623.00
Unlearned(+) 2] T2 Ayl 199
Score T 0.52.
Apr 1 6L5.0s
T3 Aprd 6l
Score t 0.58.

Apr 1 624505
TI Apr | 43540
Score t 043100 04000
Apr 1 403.0s 52541
PADA [5] T2 Aprl 9250 570404
Score T 0.37.0. 033100 06000 04200
Aprt 98is0  BTdis, 70305 47205
T3 Aprl 56.00 328000 253,05 253
Scoret 0.090, 028,00 05600 037,00
Apr 1 65800 AT7... 7520, 612,
TI Aprl 201is 209 2y 205507
Score t 0.55100 0.39.00 06200 05100
Apr 1 638.0s 450410 73105 59.2
SHOT [34] T2 Aprl 188.0s 2000 20.2.0, 193405
Score t 0.54100 037000 06100 05000
Apr 1 627 4410, 746 720006 583110
T3 Aprl 179i00 195005 19805 199 1950 187+
Scoret 0.53100 0.37T.00 04l 062, 06000 04900
Aprt 680.05 63.3,,, 59.8,,, 77.0., T46.01 655,
Aprd 00000 00, 00 00, 00,0 00,
Score T 0.68.,, 0.63.,, 059, 077, 075 0, 066,
Aprt 673413 6LLy,; 6L6y,, 77.2:04 735, 655,
Ours Aprl 000, 00, 26 00 0.0,
Score T 0.67.,, 061, 0.60.,, 077, 073, 065,
Aprt 692, 627.,, 6L0,,, 172, 9., 662,
Aprl 0000 00000 4900 123.05 0000 00.00 00.00  25.00

Scoret 0.69 ., 0.63.,, 058, 069, 054, 066 ,, 074 ,, 065,




Table A.29. C-SCADA unlearning performance on the Office31 dataset. Forget classes are Cx' = {1,2},Cx? = {3,4},Cx3 = {5,6}

Method Task  Acc. Average
Apr 1 81.5.1,
TL Aprl 79.0.,
Score 1 046
Apr 1 815,
Original (SE(DA)* [28]) T2 Apy | 81.2.,
Score 1 045
Apr 1 81.5.,
T3 Aprl 82,0,
Score 043, 041.,, 045,
Apr 1 72.1 81010 8L5..
TI Apy 0000 0.0 0.0
Score 1 072,00 08l.,y 08l
Apr 1 72.1 810100 8150,
Retrain T2 Aprl 00200 004 0000
Score 1 0.72.00 0.8l
Apr 1 72.1 81.0.0
T3 Aprl 0000 0.0.
Score 07200  08l.4
Apr 1 755, 810,
TI Apy 59.7.00 866
Score 1 04700 0430
) Apr 1 75500 8104
Finetune T Apy 602, 904,
Score 1 04700 0430
Apr t 75.5.00  8L0-
T3 Aprl 604, 918,
Score?  0.40.5,  0.52.0 047 00 042000
Apr 1 65.0.., T55.- 502005  T9.Tiig
TI Aprl 38300 004 0.0, 722,
Score ? 0.7 0.75. 05000 0460,
Aprt 625, T3l.qg 250 348.s5  T2lisn
UNSIR [51] T2 Aprl 110, 000 00000 500410
Score T 0.56.5, 0.73., 03500 048,
Apr T 616.55  66.1.c0 28304 70.0.,
T3 Appl 7250 004, 0.0, 34315+
Score 7 0.58 0.66..¢ 0280, 0.53.00
Apr 1 B 802 721407
TL Aprl 81500 T7.1.g,
Score t 0 0440 04100
Apr 1 . .5 802 50.7.
ZSMU [10] T2 Aprl o 756100 882.0; 495,
Score 1 o 052000 04300 0312
Apy t . 855,00  802. . 5l5.,
T3 Aprl + 7 TLliss 8850 524145
Score?  0.41.5, 0.53.0 050000  043.0, 031,
Apr 1 96.6.. 840155 T789..; 6T.6..:
TH Aprl 26.4. 322050 408, 258
Scoret  0.45.5: 0760, 066101 059,
Aprt 58601 959 .« 891, 8LO..
Lipschitz [15] T2 Aprl 000 25200 357, 293.
Score?  0.59.5, 0.7 0.68.0, 0.63
Apr 1 638.5 82.7.150 7002100
T3 Aprd 242004 189, ,,, 458..
Score 7 0.51 0.69,0, 048
Apr 1 66.045, 86.5.51 802
TL Aprl L0 06,,, 753
Score T (.65 0.86:00 046.00
Aprt 63.6.. 86314 802
Nabla Tau [53] ™ AD';L 31, 0.0, 59.8.1 7
Score?  0.62., 0.61,,, 086.,, 050,
Apr 1 6414, 66.7.19 863... 802,
T3 Aprl L0.o: 31, 00000 464
Score 1 0.60.. o 086, 055,
Apr T T0.9:0 21 T3Biis  9TTiin T56i0s
TI Aprl 833, 828 79101  845... 767
Score T 03950 0.50.05 0410 053, 0430,
Aprt  T5.9.0s 92255 7300 97700 760
Unlearned(+) [2] T2 A,;fw 59.8., 69.8. 7 413,40 S8ld.;  409..,
Scoret 04700 05400 052:00 05400 05400
Aprt 5900 922055 72647 9T7. T56.00
T3 Aprl 589:,  GLlos 275 694i.  489.
Score 7 0.48. 057000  0.57.09 0.58. 05100
Apr T 724.05  9740. T09.55 91205  80.6.,«
TI Aprl 873.0s 8450 83.00 S4B 8270
Score 7 0.39 05300  0.39.00 049.00 044y
Apr t 69207 9L7.04 797
PADA [5] T2 Aprl 720005 TTdiog 882007
Score? 046.5, 05205 040,50 052, 0420,
Apr 1 Lo 974, 6924, 9704 T9.0.,,
TS Apr 80.9 707510 ;o 881.us
Score ?  0.48 05400 0410 0420
Aprt TLl.g:  974i.y  T05..5 80.6..,
T Aprl 41205 66507 T3dias 92.2.,
Score? 050000 0.59.05 0.4L., 042,
Apr 1 7060 7215 8915 802
SHOT [34] T2 Aprl 395 7315 622, 908,
Score? 05100 0.59.0, 0425, 055, 042,
Aprt 010 977000 721 891.5 802,
T3 Appl 3Tdias 633.00 71810 6L9.. 891
Score?  0.51 0590, 042.0, 055 042
Aprt 122.,, 91215 T25..,  974u,  Thdies
App b 0000 00, 00, 00, 00
Scoret 07205, 091.., 073, 097, 074,
Aprt 7T26.05 91205 TL8,,, 974., T46.
Ours Aprd 00 00, 31, 00 20,
Scoret 073, 091, 070, 097.,, 073,
Apr 1 726.55 909..; T18i: 974, Td6.,-
Apr 190 00, 500 000, 157,

Scoret  0.71.,, 091 ,, 068 ., 097.,, 065, 080 ., 079,




Table A.30. Results for Multi-Class SCADA Unlearning on Openset Domain Adaptation on OfficeHome. Implemented with
SHOT-ODA as the open-set domain adaptation loss

Method Metric A—=C A—P A—R C—A C—P C—R P—>A P—C P—R R—A R—C R—P Average
OSAcc.t 545, 698.15 759100 703,45 T25.05 76.9.05 67.7io; 49.0.,« 753i0x 7285 55455  76.5.,5 68.04 .

- ) 0S*Acc. T 60.2-, 77.0.,« 8L8.yo 755115 T79.9-04 83.0-05 727:0x 54340 813-05 782.,; 612.,5 843.,, T4l .
Original SHOT 34D porootAce. | 43310, 856010  86.210: 68200, 789.14 79.0... 65405 365,10 836..5 707 450055 89945 6941,
Score 1 0.38.00 0.38.0 0410, 042.0, 041.0, 043,00 041.0, 0.36.0, 041,07 043.,, 038.0, 040.0, 040,

OSAcc.?  5L7.55 679.15 75205 703,00 TL5i,5 T64.0s T0.Tios B5L5i57 772004 TA2.05  58.0.,5 TT4dio, 68554

Retrain OS* Acc. T 57205, T49.15 8L1.,, 7564 7894 824.0 759445, 5694, 832.05 T9.7.0, 64.1.,. 854.,; T46i0,
Forget Acc. | 0.0.00  0.0-00  0.0:09 0.0-05 0.0r05 0099 00:09 0000 0090  00=05  00:09 0005 0.0

Score 1 0.52.0, 0.68:00 075400 0.70.00 07200 07600 0.7le0o 0.52:00 077000 07409 0.58-0 077200  0.69:00

OSAcc.t 5Ll 689, 75705 69.6-, 5 TLTio  763.; 67d.,. 495, 753.,., 727-,, 531.,. 759.,5 672.,

Finetune OS*Acc. T 56.5.07 76.0.,, 8L7.0s T48. 10 T91.. 823.05 721404 54745 81.2.05 780.,5 587.09 837..5 7324
Forget Acc. | 385.,, 851.15 836,05 63305 TT4iss 7365, 645, 353.55 821.4 67.0.,0 398..5 87.3.,5 665105

Score 1 0.37.00 037.00 04l.0 043.0 040.0, 044d.0, 041,y 037,00 04l 04d.oy 038,00 04l.o 0400,

OSAcc.t  262:155 B73:5% B5T.64,, 122.0 B57.0.5, 59.0-0; 1616, 26.0.79 57.4:5, 26.8.0, 2160, 621.0; 39.9.:

UNSIR [51] 0S* Acc. T 29.0-,50 63.2.,, 621.,5 131.0: 629.,4 63.6-0, 17205 28.7+x7 61.9-55 288-100 239, 6855, 43.654.
. ForgetAcc. | 03,05 02,05 05,5 00, 00, 00,5 06, 00, 00,, 00, 00,, 00,, 01,

Score 1 0.26.0, 0.57:00 057400 012.0, 057:00 05900 0160, 02650, 057005 027.0, 022,50, 0.62.0, 040,

OS Acc.t  45.6.4, 642,55 7225 TLT..5 552.05 65.00.5, 5935450 40.0.0 T27:04 7020455 494.55 731,45 61645

ZSMU [10] 0S* Acc. T 49.7. 54 70015 T7.7i55 7665115 60.6.000 69.8.15, 63.6.45, 441,50 784.0- T754.55 543.50 80115 66.7160
Forget Acc. | 24.9.7,  724u57  T786u4s 5Tdigs 448.400 4920500 44diio 254usc 729:58 6170000 294..; 819i5¢  53.6411.

Score 1 0.37-00 037200 040400 046.0, 0.37-5;, 044.,, 041.,, 0.32.,, 042.,, 043.,, 038-,, 040.0, 040,

OSAcc.?  Ldig:  233ii0s 153050 8616  9.6:0s  25.7-006 L5ogs 2200, 184u,05  2.2.,,  52.5, 522..,, 138,

Lipschitz (15] 0S*Acc. T 1.6:0s 257015 1654055 93:105 106075 277004 1.6.05 25,5 19815 2405  57.67 576054 1510,
P : Forget Acc. | 0.0  59:00  46.50  00.00  00.00 195.55, 00,5 00.0, 11.9.507 00.00  0.0.,, 3275, 62,
Score 1 0.01-00 02l:05 0.d4y0, 0.09-5;, 010-5; 0200, 0.02-00 0.02.0, 0410, 0025, 0051, 0395, 012,

OSAcc.t 497, 68.1.05 6971, 681.,, 683,y T724.0s 621.4, 447.00 TL5i,s  684.s,  487-., T3.7i., 63844

Nabla Tau [53) 0S* Acc. T 54.9., .  75.2.05 752, 73211 T54ng  T81-y4 66.7:5 49.4i00 T7.0ins  T3B5ss  538... 8L3..s  69.5..,
7 Forget Acc. | 6350  127.¢7  5.7:509  06.,, 00,00  03.05  52.9 52..0  00.00  8T.rg  27..5 118,  49.5

Score 1 047000 0.6l.0, 066100 06800 06800 0.72.00 05900 04300 071y 06301 04700 0.66.00 0.6

OS Acc. 46.2:54 673116 733105 688i35 683145 758i03 64.9i50 273is9 727410 L7115 454419 742439  63.0420

Ours OS* Acc. 511437 742417 791i09 739437 T54i55 818193 69.8433 30.219s5 78411, 770116  50.249, 81.844.4 68.6. 5
Forget Acc. | 0.5 - 23,3, 12.01129 00400 31,55 3.0434 16,4 0000 1565143 0.9, 0.2, 1641100 3.9, 45

Scoret 046, 0.66.,, 0.66.,, 0.69.,, 066 ,, 074.,, 0.64.,, 027.,, 0.63,, 0Jl.,, 045 ,, 0.69.,, 061,
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