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Background | Why Unlearning

( Al Service )

/—G s G GShard G wrs Open-Source
2019 — 5529 —~ 201 L ﬁ PanGu-a ﬁ Jorsslod
3@ Ernie 3.0 ';.:' ey i w:-:?r:,:il‘om =
BLOOM O—/ 10— & PN -ﬂ- ;-r;m.z Banking
coier © wraicES / \| Yt (o T © riphacoc Healthcare and Einanée
o & G cam o Chinchilla

Web(;rr@ \
. e
Ernie 3.0 Titan g lnslnm(il’T@ ”22\ G uL2 o Sparrow -
~ ~

O raM G pants (I Bard

Media and
Entertainment

| Education “

GPT-NeoX-20B
— \ / (0
B i

wro (& CoteGen () Titastruet A2,/ [~ (5 rempana & TRED

Gm () orT (X 09 LLaMA
BLOOMZ M —c: —_— L
0: J—
Galatica 09 AlexaT™M a \ P | —_—

oPT-IML. 00 (’hn(;w@ (;ru@

We often ask what Al can learn, but we rarely ask
what it should forget.




Background | Why Unlearning
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Background | Why Unlearning
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Background | Why Unlearning

Digital trust begins when Al learns not only to know
— but also to forget.




Background | Machine Unlearning

v" Machine unlearning aims to remove the influence of the forgetting data
from a trained model, such that it behaves similarly to a model (termed
Retrained) retrained from scratch on the retaining data.
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Background | Label Domain Mismatch

Four Types of Unlearning Scenarios
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Background | Label Domain Mismatch

Four Types of Unlearning Scenarios
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Background | Label Domain Mismatch

Four Types of Unlearning Scenarios
‘CD = LM < ‘CT
| | |

Forgetting Data | Model Output | Target Concept

“girl” classes “people”

(b) Called Target Mismatch
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Background | Label Domain Mismatch

Four Types of Unlearning Scenarios
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Conventional Scenario | All Matched Forgetting

Target
concept
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Observation 1: Representations are
consistent.
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Note:

v' Retrained: Retrain Model on Retaining Data.
v" FT: Fine-tuning (Unlearning Method).
v' GA: Gradient Ascent (Unlearning Method).

—

Observation 2: FT and GA can achieve
similar performance on retraining and
forgetting data like Retrained.

This is exactly what we aim for.
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Challenge | Three Types of Mismatched Scenarios
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Observation | Representation Entangled

Visualization of the learned features from the model trained by (left) superclass and (right) classes.
Loss value of forgetting data, concept/class-aligned data, and the remaining data during GA.
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Observation 5: Representations of
forgetting data and affected retaining
data are closely entangled.
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Observation 6: Unlearning of the
forgetting data can unavoidably affect
the representation of the other part.
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Methodology | Overview of TARF
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Me’rhodology | Phqsel Target Identification

4—————— Phase] ——

Forgetting Data | Model Output | Target Concept

I |
I
I [
|
. y? virl” classes “people” (b) Target I
, Aim to I - QB | Mismatch | |
S Address , Q n %% ‘W !
| o L R :
I LD < LM == l:T I
[
| m@mﬂ Model 01!tput| Target COlllcept I
|| “boy»  “girl” superclass “people” (q) Data :
v Given Ds I Q n % e AaF Mismatch |
< Data Mixture = IL‘ = .’. [
v Dy ForgettngData. | oo T-00oommammm e
v' D, False Retaining Data. [Goal of TARE Phase I: \
Objective of Phase I: Target Identification \/ Lea rn the representations of
TARF-Phase-| [ } | forgetting data.
LrARF—pPhase—1 = k() - (—m f’(f(x),y)) v Identify potential forgetting data,
' x~Ds i.e., false retaining data, from
| ' \_ remaining data. -/

Annealed Forgetting
Decoupling the Class Label and the Target Concept in Machine Unlearning. (ICLR 2026) ] 7



4——— Phasell] ———

A\ | Forget & Retain |

2 Aim to
= Address
’ 5' D .: v’ Dy: Forgetting Data.
G— ‘_‘ v' D,: Retaining Data.
v Ds Identified D,
< Data Mixture =%
Objective of
TARF-Phase-l| .
ase Phase Il: Target Separation

(c) Model Mismatch

£D=LT<LM

I

I

I

I

: |
I Forgetting Data || Model Output | Target Concept
I

I

I

I

I

“boy” “gir]” superclass “boy” “girl”

A5 e

(Goal of TARF Phase II:
v Learn the representations of

LtARF—Phase—II

1 1
=k<t)-(—|7f| D f(f(x),y)>+|1)un|

(x,y)~Ds

z (f(x),y) -t(x,y,0t)

(x,) ~Dyn

v" Encourage the model to
deconstruct the target concept

I \ of the retaining part.

Annealed Forgetting

| forgetting data and retaining data.

and reconstruct representations

/

Target-aware Retaining
Decoupling the Class Label and the Target Concept in Machine Unlearning. (ICLR 2026) ] 8



Methodology | Phase lll: Refraining Approximation
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Experiments | Empirical Evaluations

.

Dataset: CIFAR-10 and CIFAR-100

Trained Model: ResNet-18,
WideResNet-50

Golden Reference Method: Retrain
model using Retaining data.

Gap: Average performance gap
between unlearned model and

retrained reference model across four

metrics (UA, RA, TA and MIA) [1].

.

Type/D | Dataset | CIFAR-10 \ CIFAR-100
\ Method / Metrics \ UA RA TA MIA Gapl | TIME] \ UA RA TA MIA Gapl | TIME|
Retrained (Ref) | 0.00 9951 9469 100.00 | - 433 | 0.00 9785 7603 10000 | - 432
FT (58] 107 9862 9236 10000 | 1.07 | 443 | 067 9632 7234 10000 | 147 | 5.02
RL [56] 413 9765 9123 10000 236 | 488 1.00 9609 7200 10000 | 1.70 | 496
GA [28] 049 9524 8817 9978 288 0.25 133 9474 6856 99.89 f301 ) 0.06
All matched | U [29] 022 8815 8238 9996 |5990 045 | 000 3761 2958 10000 J26.67] 051
BS [6] 2504 87.94 8090 8867 [1543] 082 | 460 9018 63.66 9955 f627| 078
Ly -sparse [30] 000 9420 8977 10000 | 256§ 439 | 000 9460 7157 10000 | 193 | 439
SalUn [11] 0.00 9132 8687 10000 J400f 565 | 000 7534 6214 10000 f9.10 | 575
SCRUB [37] 0.00 9994 9100 10000 | 1.03§ 288 | 000 9998 7675 10000 Jo071| 323
| TARF (ours) | 0.00 9823 9195 10000 | 1.01 | 421 | 000 9690 7253 10000 § 111 | 468
Retrained (Ref) | 87.76 99.58 9591  20.57 = 438 | 8822 0858 7850 2578 = 438
FT [58] 9467 9853 9356 956 [533| 429 | 9267 9502 7934 1633 [ 458 486
RL [56] 53.69 97.85 9239 9660 [28.84] 482 | 80.11 9583 7983 99.00 [2135] 493
GA [28] 576 8699 8220 9498 [4568] 025 | 678 9483 7696 9778 [39.68] 0.06
Model 1U [29] 2369 87.34 8257 8987 [39.74] 044 | 3467 9683 7908 8644 [20.14] 049
mismatch | BS 6] 1029 5077 4939 9596 [6205f 079 | 1811 9590 7228 9522 [37.14] 0.89
Ly -sparse [30] 9311 9476 9163 1444 | 515§ 424 | 9022 9478 7881 1888 [325| 5.00
SalUn [11] 891 9395 8438 9932 [4369] 604 | 6633 7883 7078 7700 [25.15| 597
SCRUB [37] 95.14 9981 9422 1538 | 361 | 306 | 9144 9974 7923 2111 [245] 412
| TARF (ours) | 9111 9749 9249 1782 [ 290 431 | 8667 9705 80.07 2600 | 1.21] 481
Retrained (Ref) | 0.00 9938 9385 100.00 | - 521 | 000 9785 7372 10000 | - 53.2
FT [58] 5043 9847 91.65 5044 [2578) 438 | 5818 9632 7253 4676 [28.54] 5.00
RL [56] 5125 97.56 9090 5623 [2495] 479 | 5880 9605 7220 4698 [28.81) 4.93
Fareet GA [28] 4082 9701 8951 6432 J2080f 026 | 2138 9664 7022 9067 | 886 [ 0.05
arge U [29] 4451 88.07 81.80 5873 27290 044 | 3062 37.19 2958 63.69 [4293] 0.0
mismatch | BS [6] 5362 8865 7539 7633 |2662] 082 | 4044 9832 6866 8516 (1520 097
Ly -sparse [30] 4947 9361 8883 5124 [2726f 438 | 5609 9463 7200 4804 [2825] 4.78
SalUn [11] 4663 9108 8631 6094 [2538) 590 | 5964 7552 6237 6596 [2735] 5.1
SCRUB [37] 4998 9994 9210 50.18 J2553) 289 | 59.64 99.99 7532 4489 [2990] 3.52
| TARF (ours) | 0.06 97.57 9081 10000 | 123 423 | 031 9735 7368 10000 f 021 | 485
Retrained (Ref) | 0.00 99.54 9556 100.00 | - 521 | 0.00 9850 80.15 100.00 | - 53.2
FT [58] 96.79 9849 9326 648 [4841f 432 | 8262 09566 7977 3724 [37.5] 4.93
RL [56] 7647 9768 9193 4981 [33.04] 476 | 89.78 9682 7990 7076 [3049] 4.97
GA [28] 869 9641 9078 9303 589 025 | 600 9765 7923 9804 f243| 0.05
Data 1U [29] 2284 9550 8954 8857 J11.08] 044 | 3151 9896 7820 8809 [1146] 048
mismatch | BS [6) 1670 6121 4976 9224 [2237] 082 | 1538 9850 7228 9622 f676| 096
Ly -sparse [30] 9576 9431 9108 952 [4899) 478 | 8831 9491 7902 2249 [4264] 503
SalUn [11] 5177 9387 9046 6352 |2475| 572 | 7203 7887 7104 5413 [3689] 572
SCRUB [37] 97.13 99.89 9503 1099 J46.76f 294 | 9550 99.79 79.68 1511 [4554] 3.68
| TARF (ours) | 0.00 9817 93.09 10000 | 0.96 | 422 | 000 9501 7898 10000 | 117 | 478

[1]Jia et al. Model sparsity can simplify machine unlearning. In NeurIPS, 2023.

Observation: TARF can consistently
perform better (or comparable) over
other unlearning baseline methods.

See our paper for more results.
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Take Home Messages

v" New and Practical Unlearning Scenarios: Compared to conventional label-aligned
unlearning, decoupling the class label from the target concept reflects a more realistic

and practical unlearning scenario.

v" Formal Formulation of Label Domain Mismatch in Unlearning: We formally define and
formulate the three types of label domain mismatch in unlearning, i.e., target mismatch,
model mismatch, and data mismatch.

v" General Unlearning Framework: We propose a novel unlearning method TARF, which
assigns an annealed gradient ascent on the identified potential forgetting data and the
normal gradient descent on the selected retaining data.

Decoupling the Class Label and the Target Concept in Machine Unlearning. (ICLR 2026) 2 ]
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