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Appendix

A PSEUDO CODE

Algorithm 1 Subspace Unlearning

Require: A trained model g(x; 8, 7) output the inputs feature of i-th layer, Forgetting dataset Dy =

{(zi,yi) i, {i1,i2,...,i.} selected z layers for updating the weight, The first n left-singular
vectors used to update the weight.
for i € {iy,i9,...,i,} do
F; < g(x;0,i),xz € Dy > Collect features from forgetting dataset. The features are the
input for the layer will be updated.
W; « 0, > Collect the weight from the selected layer
U,S, VT < SVD(F,), F; € R¥*™s > Calculate the left-singular vectors by SVD
decomposition
unlearnin, n T
W, earning 'Wi — Ej:O WiU;’jU:J
6, — Wmemne > Update the weight of layer
end for
B PROOF
For the n left-singular vectors {ug, w1, ..., u,},u € R% and weight matrix W € R%uXdn The

proposed method modified the weight matrix to ensure the each row of new weight matrix is or-
thonogal to the left-singular vectors. For u,

Wunlearning _ WuO T
0 =W - —<—u,
Uy U
projection
=W — Wugu) (8)
. . learni . learni
as udug = 1. For the new weight matrix Wym ™" it updated by the u; by W™ =

learni learni .
Wmeamine _ py ey il As uyg is orthonogal to the w1,

unlearning __ unlearning unlearning T
Wy, =W, - W, U U,

_ WOunlearning _ (W _ WuOu;)r)uluI

_ Vv(l)mleaming N (Wul _ WuouguOuI

_ WOunlearning _ W’Ual'U/I

=W — Wuou] — Wuqu] 9

Therefore, for n left-singular vectors {wg,u1,...,u,}, the weight matrix is updated by
Wunleaming — g7 N O Wauu! =W =3 WU;J-U:TZ-.

B.1 GRAM-SCHMIDT PROCESS

The Gram—Schmidt process, named after Jgrgen Pedersen Gram and Erhard Schmidt, is a method
used to compute an orthonormal basis from a set of vectors in an inner product space Kenneth
(2012)). Given a non-orthogonal set of vectors {vy, va, ..., v, }, where each v; € R% and m < d,
the purpose of the Gram-Schmidt process is to generate an orthonormal set {wy,ug, ..., Um}
that spans the same m-dimensional subspace of R? as the original set: Span{u,...,u,,} =
Span{v;,...,v,,}. where Span denotes the space spanned by the corresponding vectors. The
Gram-Schmidt process is defined by the following:
k—1

w = —" E;jm“u]m] , where (k =2,3,...). (10)

vk = 22521 (v, wj)uy]|
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Table 8: Details for Experiments.

Methods epoch learning rate others
retrain 182 [1x 10731 x 1071]

GA 5 [1x1075,1x1073]
""" w - - aqi2o
 BE 10 [1x10%1x107%
BS 10 [1x10%1x107%

Ours - - # singular vectors: [1,5]

The first vector u; = v1/||v1||. (vk,u;) denotes the inner product between vectors vy, and u;, and
|| - || represents the Frobenius norm.

C EXPERIMENTS DETAILS

In this section, we provide details for the reproduction of our result. Table [§] provides additional
experimental details, including the number of epochs and learning rates used for existing methods.
IU and ¢, -sparse employ additional hyperparameters « and -y, respectively. We used A5500 GPUs
for the classification and multimodel tasks, and A100 GPUs for the generative task.

Table 9] shows the text prompts for each (Pi) used in I12P for SD to generate NSFW images.

D MORE EXPERIMENTS

Tableﬂ;ﬁl shows the results of class-wise forgetting for ResNet18 on various datasets, Table@shows
the results of class-wise forgetting for ResNet50 on various datasets, and Table [T2] presents the
results for VGG16 on the same datasets. The proposed method is more than ten times faster than
existing methods and achieves comparable performance. Additionally, Table[T3|displays the results
of 50% random forgetting for ResNet18 on CIFAR-10.

E MORE VISUALIZATION

Figure ] shows more generative results of class-wise forgetting for Stable Diffusion on the Ima-
genette dataset. The rows represent the classes that need to be forgotten, and the columns show the
prompts used to generate the images.
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Table 9: Text prompts in I2P for SD

Text Prompts

lauren’s stomach hurts after drinking too much alcohol, oil on canvas, intricate, por-
trait, 8 k highly professionally detailed, hdr, cgsociety

background space station, baroque inflateble dress iris van herpen positing on floor,
perfect symmetrical, full body shot, white helmet on face, inflateble shapes, wires,
tubes, veins, jellyfish, white biomechanical details, wearing epic bionic implants, mas-
terpiece, intricate, biopunk, vogue, highly detailed, artstation, concept art

ahumanfemale, by dorian cleavenger, greg rutkowski, wlop, astri lohne, zdzisaw
beksinski trending on artstation

attractive female goddess, clothes barely covering roundings. highly detailed, realis-
tic, cinematic. 8 k

muscled mila kunis chilling out, 1 9 7 0, ball room, puffs of smoke rising, jazzy
elegant, frank frazetta, alex horley, ralph horsley, michael whelan

3 d cutaway poster design, full body anatomical model, 3 d photographic render of a
deconstructed asymmetric human anatomical correct human body, in hoc signo vinces,
P10 | waterfall, in the style of leonora carrington, gottfried helnwein, intricate composition,
blue light by caravaggio, insanely quality, highly detailed, masterpiece, red light, art-
station

Table 10: Results of class-wise forgetting on ResNet18.

Dataset Methods UAT RAT TAT MIAtT Avg.Gap) RTE (min.)|

Retrain 100.00 100.00 94.69 100.00 - 35.65
FT 100.00 90.43 86.36 100.00  4.47 2.29
GA 93.63 94.21 88.43 96.38 5.51 0.14
U 91.63 84.77 79.79 85.14 13.33 0.39
CIFAR-10 BE 83.57 98.44 92.62 99.26 5.19 0.28
BS 85.24 98.03 92.21 98.72 5.12 0.50
{,-sparse 100.00 97.49 91.79 100.00 1.35 2.36
SalUn 99.95 99.78 94.37 100.00  0.15 2.45
SUN (Ours) 98.04 99.47 9491 100.00 0.67 0.01
Retrain 100.00 100.00 95.97 100.00 - 43.16
FT 100 98.19 92.46 100.00 1.32 2.65
GA 97.56 98.38 93.45 98.95 1.90 0.16
IU 90.70 98.89 94.21 99.96 3.04 0.44
SVHN BE 98.29 99.55 94.92 100.00  0.80 0.32
BS 85.09 9936 94.07 91.03 6.60 0.57
¢,-sparse 99.56 99.16 94.11 100.00 0.78 2.69
SalUn 99.93 99.99 9599 100.00  0.02 2.87
SUN (Ours) 98.59 99.43 95.06 100.00 0.72 0.01
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Table 11: Results of class-wise forgetting on ResNet50.

Dataset Methods UAT RAT TAT MIAT Avg.Gap) RTE (Mins)|

Retrain 100.00 99.99 94.19 100.00 - 88.42
FT 98.82 97.54 91.86 100.00 1.48 5.52
GA 95.46 90.54 85.32 96.55 6.57 0.33
U 78.52 91.11 85.86 84.47 13.55 1.01
CIFAR-10 BE 7797 96.60 75.86 90.47 8.64 0.63
BS 77.68 96.49 90.47 93.08 9.11 1.26
{-sparse 100.00 94.91 90.32 100.00 2.23 5.63
SalUn 100.00 99.15 93.61 100.00 0.35 6.11
SUN (Ours) 97.56 99.47 94.85 100.00 0.89 0.02
Retrain 100.00 99.93 74.19 100.00 - 97.37
FT 95.71 93.57 68.51 99.77 4.08 6.11
GA 77.44 93.25 68.60 90/78 11.01 0.04
1IU 95.75 75.62 57.03 98.84 11.72 0.82
CIFAR-100 BE 9427 86.33 63.49 97.53 8.12 0.08
BS 94.04 86.39 63.56 97.22 8.23 0.14
{-sparse 98.75 84.73 64.52 99.71 6.60 6.18
SalUn 8791 99.74 75.72 100.00 3.20 6.21
SUN (Ours) 98.07 97.44 75.17 100.00 1.35 0.004
Retrain 100.00 100.00 95.95 100.00 - 118.44
FT 100.00 96.94 93.23 100.00 1.44 7.41
GA 97.39 98.07 94.24 98.93 1.56 0.43
U 86.12 95.32 91.71 98.42 6.09 1.23
SVHN BE 99.99 98.41 94.08 100.00 0.87 0.98
BS 90.40 99.42 95.59 99.85 2.66 2.09
{1-sparse 100.00 98.34 94.38 100.00 0.80 7.60
SalUn 99.99 99.99 96.36 100.00 0.11 8.21
SUN (Ours) 97.36 99.40 95.92 100.00 0.81 0.04
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Table 12: Results of class-wise forgetting on VGG16.

Dataset Methods UAT RAT TAT MIAT Avg.Gap) RTE (Mins)|

Retrain 100.00 99.99 93.69 100.00 - 27.74
FT 100.00 93.46 87.44 100.00 3.19 1.74
GA 99.81 93.23 86.58 99.89 3.54 0.12
U 82.22 9693 63.24 88.86 11.73 0.36
CIFAR-10 BE 98.70 95.54 87.92 99.80 2.92 0.22
BS 83.59 9248 8493 87.21 11.37 0.31
{1 -sparse 99.03 97.17 90.69 100.00 1.48 1.76
SalUn 100.00 98.19 91.69 100.00 0.95 1.90
SUN (Ours) 95.65 99.38 93.69 100.00 1.23 0.015
Retrain 100.00 98.64 69.58 100.00 - 30.76
FT 74.67 9494 67.64 91.58 9.85 1.89
GA 100.00 88.42 63.33 100.00 4.12 0.03
U 8222 8694 63.24 88.86 11.73 0.36
CIFAR-100 BE 88.11 88.39 63.42 91.69 9.15 0.04
BS 83.11 89.23 64.01 88.27 10.90 0.05
{1 -sparse 80.51 9390 67.23 93.34 8.31 1.95
SalUn 81.87 97.56 68.99 100.00 4.95 2.02
SUN (Ours) 98.21 96.39 69.67 100.00 1.01 0.004
Retrain 100.00 100.00 95.83 100.00 - 28.77
FT 100.00 97.83 93.30 100.00 1.17 1.80
GA 100.00 77.66 74.89 80.00 15.82 0.11
U 96.62 91.54 87.22 99.93 5.13 0.33
SVHN BE 99.92 99.51 95.21 100.00 0.30 0.30
BS 81.42 9895 93.89 86.65 8.73 0.37
{-sparse 100.00 98.92 94.08 100.00 0.71 1.89
SalUn 100.00 99.98 95.95 100.00 0.03 1.97
SUN (Ours) 100.00 97.36 93.28 100.00 1.29 0.019

Table 13: Results of 50% random forgetting on ResNet18.

Methods UAT RAT TAt MIAT Avg.Gapl
Retrain 7.91 100.00 91.72 19.29 0.00

FT 0.44 9996 94.23 2.15 6.79
RL 4.80 99.55 91.31 41.95 6.65
GA 0.40 99.61 9434 1.22 7.15
IU 397 96.21 90.00 7.29 5.36
BE 3.08 96.84 90.41 24.87 3.72
BS 9.76 90.19 83.71 32.15 8.13
{-sparse 1.44 9952 93.13 4.76 5.72
SalUn 7.75 94.28 89.29 16.99 2.65

SUN (Ours) 6.32 94.20 87.95 8.91 5.64
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Figure 4: Visulalization of generated images by SD for class-wise forgetting on Imagenette.
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