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Machine unlearning for concept removal

e concept ¢ ("dog"), forget set Dy (positive pairs of images of dogs and
captions).

e retain set D, = D \ Dy (other pairs)
e GOAL) image encoder fig, text encoder fiy — fimgs Fiut

[1] sim( ng(lmage of a dog), f;.,("this is a dog")) <<
sim(f7 g(lmage of a dog), f;.("this is an apple"))

[2] sim(f},,(image of a dog), fi,("this is a dog")) <<
sim(f7 g(lmage of an apple), f;..("this is a dog"))

[3] sim(f;,,(image of an apple), f;;,("this is an apple")) ~
mm(flmg(lmage of an apple), fiz("this is an apple"))

Jihu Lee (SNU) Concept removal on MERU September 7, 2025 2/18



Alignment Calibration (AC)

e batch - {(«7, ' VN, c D, {(z/ )N, c D;

R [
Lac = Lretain + € - Lforget (1)

[1] Lryetain: same as CLIP loss calculated in the retain set

[2]
Lforget =« Lneg +4- Lpos +7- Lperf (2)

e Lneg: maximizes similarity between negative pairs in the forget set
o Lyos: minimizes similarity between positive pairs in the forget set

o L, ensures that general model capabilites remain intact
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Alignment Calibration (AC) - Retain Loss

exp (sim(ay", ") /7)
Lretain = 2N Z

2= 1exp(81m( )/ 7)

(3)
eXp(SIm( 7, 4 1 )/T) ]

+ log SN

351 exp(sim(a}, ) /7)
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Alignment Calibration (AC) - Forget Loss

[ ]
1 X s1m(a:;f, t;f) + Sim(:cjf, t;f)
Lnes = ~53m 2. 2 . )
i=1 j#i
[ ]
N
Lpos N ; sim(xzf, tzf)/T (5)
[
1 X 12N ,
Lpert =N Z log IN Z exp(sim(xif, t;)/T)
=1 =1
Z ’ (6)
| 2N o,
+ log IN jz:;exp(sim(a:j, tif)/r)
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Hyperbolic Alignment Calibration (HAC) - Main contribution

Lyac = Lretain + € - Lforget + wp - Lrent + we - Lt ent (7)
e cosine similarity < negative hyperbolic distance
[1]
1 & , ,
Lient = N Z 0 eXt tr) - aper(tir)) (8)
[2]

N
1 ’ !
Lf—ent = N E maX(O7aper(ti ) - eXt( T; 7tzT)) (9)
=1
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LHAC—reg = LHAC +A- Lnorm-reg (10)

N
norm reg — ﬁ Z szfHL’ + ||tif||£) (11)

Jihu Lee (SNU) Concept removal on MERU September 7, 2025 7/18



e Task: Zero-shot image classification

e "a picture of a [CLASS]"
e R-acc: accuracy on retained classes (1)
e F-acc: accuracy on forgotten classes ({)
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Experiments

e Train: RedCaps2

Concept- Subreddits Image-text pl % on % on 2
class
dogs dogpictures, bordercollie, bostonterrier, 511585 4.26% 7.33%

lookatmydog, doggos. bulldogs,
australiancattledog, frenchbulldogs,
beri i i
beagle, chihuahua, corgi, dobermanpinscher,
husky, labrador, pitbulls, pomeranians, pug,
pugs, rarepuppers, rottweiler

cats cats, blackcats, supermodelca i 532640 4.43% 7.63%
siamesecats, bengalcats, siberiancats
food food, foodporn, veganfoodporn, healthyfood, 630971 5.25% 9.04%

breakfastfood, chinesefood, tastyfood,
budgetfood, baking, bento, breadit,
breakfastfood, breakfast, burgers, chefit, pizza,
sushi, tacos, veganrecipes, vegetarian
plants houseplants, plants, plantedtank, airplants, 587798 4.89% 8.42%
plantbaseddiet. plantsandpots,
carnivorousplants, flowers, bonsai,
botanicalporn, cactus, microgreens, monstera,
orchids, permaculture, roses, succulents,
vegetablegardening, gardening
Total 68 subreddits 2262994 18.85% 32.43%

Table 6. Grouping of subreddits to higher-order concepts.
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Results: performances

Jihu Lee (SNU)

Table 1. Zero-shot classification accuracy in retain and forget sets,
varying positive alignment calibration. Largest difference in retain
and forget performance in green. Best value for each column and
geometry in bold.

Method Weights CIFAR-10 O-IIIT Pets
a,7 [ R-acct F-acc| R-accT F-accl

0 605 456 736 662

025 603 31.7 735 487

AC 075 05 587 212 749 315

0.75 584 249 739 24.6

f-C 589 481 746 699

f-C-R 0 0 606 636 723 722
0-C 594 664 746 732

0 552 736 748 639

025 347 00 621 158

HAC 05 05 499 00 696 179
075 396 003 639 161

f-M 564 730 752 659

f-M-R 0 0 417 957 718 658
O-M 381 946 720 708
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Results: performances

Table 2. Zero-shot classification accuracy in retain forget sets,
varying negative alignment calibration and performance preserv-
ing. Largest difference in retain and forget performance in green.
Best value for each column and geometry in bold.

Method Weights CIFAR-10 O-IIIT Pets

«,v [ R-acct F-acc] R-acct F-accl
0.5 58.8 240 746 329
AC 0.75 0.5 58.7 212 749 31.5
1 57.2 274  73.6 41.5
0.5 49.9 00 696 179
HAC 0.75 0.5 40.7 0.02 675 18.0
1 42.7 0.04 68.6 19.8

Jihu Lee (SNU) Concept removal on MERU September 7, 2025 11/18



Results: performances

Table 3. Zero-shot classification accuracy in retain and forget sets,
varying the weight entailment losses. Largest difference in retain
and forget performance in green. Best value for each column and
geometry in bold.

Weights CIFAR-10 O-IIIT Pets

€ w, wy R-acct F-acc| R-acct F-accl
02 1.0 56.3 73 749  66.6

0 1.0 02 472 859 685 64.6
0.05 02 1.0 399 0.0 607 0.08
1.0 02 496 370 40.1 0.10

01 02 1.0 52.7 0.0 679 15.1

1.0 02 440 487 56.8 18.6
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Results: performances

Table 4. Zero-shot classification accuracy in retain and forget sets,
varying the hyperbolic norm regularization. Largest difference in
retain and forget performance in green. Best value for each col-
umn and geometry in bold.

Weight CIFAR-10 O-IIIT Pets

A R-acct F-acc] R-acct F-accl
HAC 0 52.0 13.0 463 0.04
0.1 52.7 0.0 67.9 15.1

HAC-reg 0.5 54.0 0.0 663 10.8
2.0 56.8 492 74.8 359

Method
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Results: performances

Table 5. Zero-shot classification accuracy in retain set (R-acc) and forget set (F-acc), across different tasks, after unlearning: (A) "dog”;
(B) "dog” and “cat”; (C) "dog”, "cat”, "food” and “’plant”. We report results for both CLIP and MERU after alignment calibration using
the optimal configuration from Section 4.3. Values in bold indicate better at retaining or unlearning across A, B and C. A blank space -
indicate that for that experiment and dataset there is no forget or retain set.

Task Mothog  Unleam  CIFAR-T0[I§]  CIFAR-T00[ 0] STL-10[1] O-IIT Pets[26] Food101[3] Flowers102[25]
Set R-acct F-acc] R-acct F-acc] R-acct F-acc] R-acct F-acc] R-acct F-accl R-acct F-accl
A 58.7 212 279 - 88.1 83.1 74.9 315 724 - 4.7 -
AC B 90.3 71.4 26.6 - 90.3 71.4 - 534 72.5 - 45.0 -
Zero-shot C 90.0 71.0 234 572 90.0 77.0 - 64.0 - 0.16 - 19.2
Classification A 54.0 0.0 20.6 - 84.3 38.0 66.3 10.8 67.6 - 40.1 -
HAC-reg B 83.5 21 21.8 - 83.5 2.1 - 25.7 59.6 - 36.4 -
C 82.7 22.1 18.8 21.6 82.7 22.1 - 28.7 - 0.08 - 0.04
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Results: visualizations
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(c) Original MERU (d) Unlearned MERU

(a) Original CLIP (b) Unlearned CLIP

Figure 1. Latent space visualizations with T-SNE of CLIP and MERU before and after removing the concept “dog”. A refer to text
embeddings, o to image embeddings, and colors to dogs, cats, pizzas, and buses.
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Results: visualizations
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(a) Original MERU (b) Unlearned MERU

Figure 2. Latent space visualizations with hyperbolic T-SNE of
MERU before and after removing the concept “dog”. A refer to
text embeddings, o to image embeddings, and colors to dogs, cats,
pizzas, and buses.
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