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ABSTRACT

Forgetting a subset in machine unleamning is rarely an isolated task. Often, retained

samples that are closely related to the forget set can be unintentionally affected,

particularly when they share correlated features from pretraining or exhibit strong
semantic similarities. To address this challenge, we propose a novel two-phase

optimization framework specifically designed to handle such retain-forget entan-

glements. In the first phase, an augmented Lagrangian method increases the loss
on the forget set while preserving accuracy on less-related retained samples. The
second phase applies a gradient projection step, regularized by the Wasserstein-2
distance, to mitigate performance degradation on semantically related retained
samples without compromising the unlearning objective. We validate our approach

through comprehensive experiments on multiple unlearning tasks, standard bench-

mark datasets, and diverse neural architectures, demonstrating that it achieves
effective and reliable unlearning while outperforming existing baselines in both
accuracy retention and removal fidelity. Our code is available here.
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*Department of Computer Science, Hong Kong Baptist University

ABSTRACT

The growing concern over training data privacy has elevated the "Right to be Forgotten” into a
critical requirement, thereby raising the demand for effective Machine Unlearning. However, existing
unlearning approaches commonly suffer from a fundamental trade-off: aggressively erasing the
influence of target data often degrades model utility on retained data, while conservative strategies
leave residual target information intact. In this work, the intrinsic representation properties learned
during model pretraining are analyzed. It is demonstrated that semantic class concepts are entangled
at the feature-pattern level, sharing associated features while preserving concept-specific discrimina-
tive components. This entanglement fundamentally limits the effectiveness of existing unlearning
paradigms. Motivated by this insight, we propose Machine-Guided Unlearning (MeGU]), a novel
framework that guides unlearning through concept-aware re-alignment. Specifically, Multi-modal
Large Language Models (MLLMs) are leveraged to explicitly determine re-alignment directions for
target samples by assigning semantically meaningful perturbing labels. To improve efficiency. inter-
class conceptual similarities estimated by the MLLM are encoded into a lightweight transition matrix.
Furthermore, MeGU introduces a positive-negative feature noise pair to explicitly disentangle target
concept influence. During finetuning, the negative noise suppresses target-specific feature patterns,
while the positive noise reinforces remaining associated features and aligns them with perturbing
concepts. This coordinated design enables selective disruption of target-specific representations
while preserving shared semantic structures. As a result, MeGU enables controlled and selective
forgetting, cﬁccmc]y mitigating both under-unlearning and over-unlearning. Extensive experiments
across varying unlearning scenarios and diverse ddtasct\ demonstrate that MeGU consistently outper-
forms state-of-the-art baselines, achieving thorough target data removal while maintaining strong
generalization performance on retained d.ata.
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Table 1: Results for subclass-level unlearning on CIFAR-100 using ResNet-18. The forget set

corresponds to the subclass “aquarium fish™ within the “fish” superclass. SSD is a deterministic
algorithm, so standard deviations are (.

seo| Dol ARt AR
Training accuracy Test accuracy
Method Dy D2dj D | Dy padi prem
Original | 99.99 100.00 100.00 | 90.00 20.00 85.33
FT 76.67Te776 9947052 99471033 | 62.334570  T7.83138s  83.89:0.41
GA 70.53+0.04 727512076 91331044 | 56.0010.00 59.001061  80.571p.27
fl-SPiﬂ'SE 55.93__7_”3 98.48__(]_95 96.924—“_2{] 51.6?4—7_34 82.42-{-2_24 84.64-{-”_27
Munba 33.80_—3_33 92.17__2_57 92.684_1_23 31.674_4.7,‘; 69.?5+3_74 75.324_1_53
SSD 3740000 43.752000 76.0210.00 | 33.00x£0.00 39251000 67.23+0.00
SCRUB 4.4T+p05  D8.651£1473 82674424 | T.00£1.41  54TDx1134 754240095
SalUn 3.204020 52.2T1g3s  86.35+022 | 3.00£100 34904103 TLT78+0.7
DELETE 0.004+0.00 357108 98.37Tr020 | 0.67Tx047 283066  82.0940.37
GDR 487T+105 31921645 96104032 | 8.67T+105  22.33+450  79.93+0.00
Our method | l:]-l:]l:]+[j_('][] 98.17__(]_31 98.444.“_”5 | 2.33_—{]_47 78.17.[_”_3]_ 81.1{]‘-{-[;_13
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« Entanglement H2|: 2| 7t feature-pattern FALE (HE 2{|E)
> Forget 20| / £t retain: 1O|-AMA} / H| 2+ retain: AHSAt
> Transition Matrix &=&: MUULMMMICD2 2 S2A 7t SAE 5 - s}

> Perturbing Label £01: @ 20| AFRIOICE A 2H X[ (Of]: "2 2FO[")
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Entanglement: The Hidden Challenge in Class-Level Unlearning

7/

% MeGU: Machine-Guided Unlearning with Target Feature Disentanglement
« Entanglement H2|: 2| 7t feature-pattern FALE (HE 2{|E)

> Forget @& 0| / 2 retain: 1O|-AFK} / H|2HA retain: XS}

» Transition Matrix 8: MLLMMMMIC)2. 2 SeliA 7H QAL B - s}

> Perturbing Label £ 04: @ 20| ArZIOMCE Af 2 X7 (Of]: "2 2F0]")

>  Fragment-Align (Feature Noise): negative noise2 117 £ X, positive noiseZ 37 S 23}
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% MeGU: Machine-Guided Unlearning with Target Feature Disentanglement
« Entanglement H2|: 2| 7t feature-pattern FALE (HE 2{|E)

> Forget @& 0| / 2 retain: 1O|-AFK} / H|2HA retain: XS}

» Transition Matrix 8: MLLMMMMIC)2. 2 SeliA 7H QAL B - s}
> Perturbing Label £ 04: @ 20| ArZIOMCE Af 2 X7 (Of]: "2 2F0]")
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% MeGU: Machine-Guided Unlearning with Target Feature Disentanglement
« Entanglement H2|: 2| 7t feature-pattern FALE (HE 2{|E)

> Forget @20| / 2 retain: 1 O|-AtXt / H|2HA retain: A5 At

> Transition Matrix 7&: MLLMMMMICLL.Z SeiA 72t FAIE 5 — A Es}t

> Perturbing Label £01: @ 20| AFRIOICE A 2H X[ (Of]: "2 2FO[")

o
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% MeGU: Machine-Guided Unlearning with Target Feature Disentanglement
« Entanglement H2|: 2| 7t feature-pattern FALE (HE 2{|E)

> Forget @ 20| / &t retain: 1 AO[-AtA} / H|2HEH retain: AbS At

»  Transition Matrix &&: MLLMMMICL)L. E S 7F FALE 5 — A EH|
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Entanglement: The Hidden Challenge in Class-Level Unlearning

7/

% MeGU: Machine-Guided Unlearning with Target Feature Disentanglement
Entanglement F2O|: 224 7t feature-pattern FALZ (ZH'E &)

> Forget S 20| / & retain: T FO|-AFX} / H|2HH retain: XF&S A}

> Transition Matrix 7&: MLLMMMMICLL.Z SeiA 72t FAIE 5 — A Es}t
> Perturbing Label £ 04: @ 20| ArZIOMCE Af 2 X7 (Of]: "2 2F0]")
>

Fragment-Align (Feature Noise): positive noiseZ & 57 &2}, negative noiseZ 17 S A

Table 1: Class-wise unlearning on CIFAR-100.

model class metric baseline retrain FT UNSIR AMNC SSD MeGU
A 76.30 76.19 65.43 73.83 73.59 75.86 75.75 nLEle] IPNUN PN =N,
RKT Ay 82.81 0.00 0.00 41.15 0.00 0.00 0.00 SEH0|
RN1S MIA 96.61 8.06 10.04 3.08 28.62 0.66 0.00
A 76.38 76.23 63.90 7426 7322 76.20 76.25
MR Ay 82.03 0.00 0.00 8.07 0.00 0.00 0.00
MIA 95.65 6.01 12.22 1.68 46.06 0.25 0.00
A 92.27 92.04 84.26 00.83 90.53 91.39 92.34
RKT Ag 93.14 0.00 0.00 24.57 0.00 0.00 0.00
ViT MIA 84.88 6.29 16.00 11.43 1.06 6.62 0.00
A 92.20 92.18 84.15 89.95 89.95 01.78 92.33
MR Ag 98.44 0.00 0.00 56.25 0.00 0.00 0.00
MIA 90.24 0.86 5.05 2.61 0.88 1.45 0.00
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Conclusion
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% Class-Level Unlearning

e (lass-Level

> JHE HE A 2F0[ BEX|T FahA TN AH|

rir
=

=30 &

>  Bxact(ietE)= 2HASHK[RHH|E & — ApproximateZF A1-8% L QF

rot

> SHE Forget Acc 0%7} OtL|2}, Retrained modeltt &2 =7ts% @& M
«  Challenge of Entanglement

> AL SEHA 7t feature 37 E, forget dassE X[ P QI retain dasse 2HH| &4
> Chengetal. — OIO|Ef Tt 7|8t 2-phase X9} £|Xzt2 U H

> MeGU — MLLM 7I0|E2 7{E FAtE It = feature XTI B
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