DualOptim: Enhancing Efficacy and Stability in Machine Unlearning
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Challenges in Current MU Methods Recipe 2: Decoupled Momentum Experiments

The optimization problem of MU is defined as:

 Observation: the optimization dynamics on minimizing ,Cf Table 1. Performance of MU methods for image classification. Experiments are conducted on 10% random subset of CIFAR-10 using ResNet-18.

meiﬂ L(0) + L), (1) is different frorlg mrinir;\izing L,. Mixing the Zt[atiStinS during Method A oA A MIA Gap| Std .
- - optimizing on both sides may cause unstable performance.
where Ly and L, are the loss functions for forget set and retain P _ J | y P : RT 94.614046 (0.00)  100.004( 0 (0.00) 94.254015(0.00) 76.264454(0.00) | 0.00  0.30
set. respectlvely. . 2021:;02 leffrifsru;fhgsggi?sgﬁitr;‘omentum states for SCRUB 92.8840.95 (1.73) 99.62,¢ 19 (0.38) 03.5410920 (0.71) 8278105 (6.52) 2.33 0.36
Existing methods may (1) jointly minimize ﬁf and L,; (2) alter- / ' | S+leal0ptim Qg 90+10.42 ((O Zg; 99.5210.09 20-4618)) 93-20i0.20 20-75; 678-266i0.79((2-00)) 0.88 033
nately minimize £ and £,. However, they suffer from either (S s ~ _ S N | 90-99x031 023 99491026 20000 93841056 19.41) 05704105 19.50) | 347 959
suboy timal erfo{manceror large erfor?\/nance variance (Shared){ 1t = @iz HGr 050 = Onm =y, *DualOptim | 95472, (0.80)  99.0040.04 (000} 9247020 (178) 70144079 (012) 093 035
P P gep ’ mft — O‘m?t +g°,, th — 9 _ nmft SFRon 94.671303 (0.06)  99.834013(0.17)  93.98.1056(0.27) 77804561 (1.54) 0.51 2.33
> ’ ’ ’ (2) +DualOptim 94.691113(0.08) 99.92.p01 (0.08)  094.114¢1; (0.14) 7777 +1.39 (1.51) 0.44 0.66
100 95 - D _ D ~P D
(Decoupled){ "t T M1 T Ire O 9” L
Z: z: o \m??t _ &m%_l X @%7 97% _ ef,t o nm% Table 2. Class-wise unlearning performance on ImageNet with DiT.
oaf T \// 0. _ _ | - ImageNet Class-wise Unlearning
o2 o Lemma (Variance of Gradients) If the loss ngCt'O” L1is Lips- Method | Cockatoo | Golden Retriever | White Wolf |  Arctic Fox Otter
9%0- oo N T e chitz smooth with a constant L, and Var(f) < o, then we have FAl FIDJ | FAY FID | FAl FID|| FAl FIDJ| FALl FIDJ
8g.- e DuaIthim - Dual(?ptim var(veﬁ(e)) S LQO'(%.
0 N TN O | I N LA i _ _ SA 0.00 34875 | 0.00 29897 | 0.00 4589 | 0.00 30391 | 208 32121
0 200 400 600 800 1000 1200 1400 0 200 400 600 800 1000 1200 1400 Theorem 2 (Variance Bound Comparison for Decoupled vs. Salun 0121 1847 | 46.09 25,28 0.00 1516 | 4500 408.07 | 875 19.69
) Forget Accuracy (FA) ) Test Accuracy (TA) Shared Momentum) For the shared and decoupled schemes
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Both observations indicate challenges when using a unified
learning rate, which is the case of optimizers like SGD. We
need to adaptively adjust the learning rate.

13: end for
14: end for
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3. Comprehensive experiments are conducted across diverse scenarios,
e.g. image classification, image generation, and LLMs.




