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Algorithm 1 Contrastive Subnet Erasure (CSE)

Require: encoder ¢ with layers £; target set D¢; non-target set
Dy; hyperparameters (o, kmax, 3, Teov, T0, Ao, €)
Ensure: edited encoder ¢’
Stage 1: Standardization
1: for ¢ € L do
2: extract b9 () forall z € D; U D,
3: p9 «— mean, 9 (z)
4: o (varw(hw(z)) + 5)1/2
5
6

c h9@) + (M) — uP) oot > channelwise
: end for
Stage 2: Subnet discovery
7: for £ € L do
8: E( ) EmpCov(h(e)( ),z € Dy)

9: E(Z) — EmpCov(h( N(z),z € Dy)

(20)
10 S0 5 4oy
11: solve zi%}“ (Z)E(Z) (Z)
12: ke min( masx Lﬂdgj)
¢ k 0 (e 2
13: ()<—Z[1p§)(()”) Ve
14: sort ¢ by 3; : choose smallest C¥) with Zcec(@ sg') >
Tcov Z 5(£>
15: end for

Stage 3: Attenuation and runtime form
16: for ¢ € £ do

(€
17: ()<—Chp01(w
(Z)

) for all ¢

18: scale ) 1—

19: blab“Z> 6([) Q

20: runtime: ' (z) + scale® ® A (z) + bias®

21: end for

22: fold per-channel scales/biases into following linear/conv lay-
ers to obtain ¢’

23: return ¢’

A. Algorithm

The algorithm of our method is in 1.

B. Theoretical Properties and Error Bounds

This appendix summarizes several basic theoretical proper-
ties of contrastive subnet erasure (CSE) and gives simple
error bounds that clarify when it is well-behaved. All state-

ments are made for a single layer, so we drop the layer index
whenever it is clear from context.

B.1. Setup and Notation

Let h(z) € R? denote the pooled feature vector at a fixed
encoder layer for an input x. The standardized feature h(z)
is defined as

P N
ne + zeDUDy,

1 2
Oc = \/nt+nb;<hc<x)_'u6) + ¢,

and
S = diag(l/al,...

h(x) = S(h(x) - p),

where D; and D, are the target and non-target sets, € > 0
is a small constant, and ¢ € {1,...,d} indexes channels.

The empirical target and non-target covariances in stan-
dardized space are

7]' b
foa) (16)

5= = 3 h@h()T,
o (17
YXp = — Z h($)h($)T7

and the regularized background covariance is

Yp = X+ 61,
s () (18)
= a—F—>",
d
with regularization factor o > 0.
The contrastive Rayleigh quotient of a nonzero vector v
is
v S
TS0

plv) = (19)
The generalized eigenproblem

Etvj = pPj ib’()j (20)



has real eigenvalues p; and eigenvectors v; € R%, ordered
so that p1 > pa > -+ > pgy.
CSE uses the top

k = min(knax, [ 8d]) 1)

eigenpairs to define channel salience scores
k
Se = ijvj[c]27 cef{l,...,d}, (22)
j=1

and selects the smallest index set C' C {1,...,d} such that

d
D e = Teor D S (23)
1

ceC c=

for a coverage threshold 7., € (0, 1).

Given scores s, the attenuation factors 3. € [0,1] and
a.=1— f.are

. Sec — T
ﬁc = cllp[o’l]( 0),

S¢+ Ao (24)
a. = 1— 6&

with parameters 79 > 0, Ag > 0. The diagonal attenuation
matrix in standardized coordinates is

A diag(as, ..., aq),

25
M = StAS, (23)
and the attenuated feature in the original coordinate system
is

hatt(z) = Mh(z) + (Ig — M)p. (26)

This expression is exactly equivalent to applying A in stan-
dardized coordinates, then un-standardizing.

B.2. Properties of the Contrastive Eigenproblem

Assume i}b > 0, which holds by construction s~ince 6> 0.
Then the generalized eigenproblem ;v = pX,v has the
following standard properties:

Optimality and ordering. There exists a basis of gener-
alized eigenpairs {(p;, vj)}?zl such that:

o UZT f]bvj = 0;; (orthonormality in the ib—inner product);
* p1 = max|y|>0 p(v) and pg = minj, >0 p(v);

« for any nonzero v, pg < p(v) < p;.

These follow by whitening ¥, and reducing to an ordinary

eigenproblem for the symmetric matrix i;l/ ’s, i; 12,

Salience conservation. For defining salience, we normal-
ize the eigenvectors in Euclidean norm, ||v;||2 = 1. Under
this normalization,

d

d k
Dse =Y pjvsld?

c=1 c=1 j=1

k d
> pi Y vile? 27)
j=1 =1
k
= p
j=1

Thus {s.}%_, form a nonnegative decomposition of the to-
tal contrastive signal carried by the top k generalized eigen-
directions. The coverage constraint

d
D e > Teor D Se (28)
1

ceC c=

guarantees that the selected subnet captures at least a frac-
tion 7o of this signal.

B.3. Effect of Attenuation on Covariances

Consider random standardized feature vectors H; and H,
with population covariances

Sy = E[H,H,],

and let A be the diagonal attenuation matrix defined above.
In standardized coordinates,

H} = AH,,
N . (30)
H| = AH,,
so the post-attenuation covariances are
s = E[H/H]T] = AS;A, an
Y = E[H,H]"] = AS;A.
Define
Omin = 1r<ni£1dac7
- (32)
Omax = 1MaX dc,
1<c<d

so that 0 < amin < Amax < 1.

Bounds on eigenvalues. For any symmetric positive
semidefinite matrix > > 0, the eigenvalues of AX A lie be-

2 2 : .
tween a; ;, and a; .. times the eigenvalues of X:

a12nin Alnin(z) S Amln(AEA) S )\max(AZA) S aIZHaX )\max(z)~

(33)



Indeed, for any unit vector w,

u' A Au = (Au)' Z(Au)

< Amax () [|Aul3 34
S AIl’la)((zj) a’?ﬂax’
and similarly
uT AS AU > Ain(2) || Aul3
) (35)
Z )\min(z) [T

Taking maxima and minima over all unit u yields the stated
bounds. Applied to >} and X}, this shows that CSE can-
not increase the spectral norms of the target or non-target
covariances in standardized space; they are both scaled by

2
factors between a2, and a2 .

Directional contraction under diagonal target covari-
ance. In the special case where the population target co-
variance is diagonal, ¥} = diag(X\},...,\},), the variance
along any unit direction v after attenuation is

’UTAE*A’U
Z az/\t

If a generalized eigenvector v has most of its mass on chan-
nels with strong attenuation (a. < 1), then

v S =

(36)

T T
v s < (Jmex at)yTERT @)

and conversely, if it is supported on lightly attenuated chan-
nels (a. ~ 1), the variance along v]*- is almost preserved.
This formalizes the intuition that CSE acts locally in chan-
nel space: it contracts variance more strongly along direc-
tions that are heavily supported on high-salience channels,
and less along directions supported on low-salience chan-
nels.

B.4. Finite-Sample Error Bounds

The derivation above assumes access to population covari-
ances >}, 7. In practice, CSE operates with empirical co-
variances X, X, estimated from n; and n; samples. Here
we collect standard finite-sample bounds for these estimates
and for their generalized eigenpairs.

Covariance es~timati0n. Assume that standardized fea-
tures H; and H} are zero-mean and subgaussian with pa-
rameter xk > 0; that is, for any unit vector u € Se-1,

]Eexp((u,ﬁt>2/n2) < 2 (38)

and similarly for H,. Let

Et = Zt_22(7

39
E, = % — 3. (39)

Then there exists a constant C' > 0 (depending only on the
subgaussian parameter) such that, for any § € (0, 1), with
probability at least 1 — 6,

Bila < G2, |4 1oB0/0)
tl2 = ny )
(40)
1Es]l2 < Ck? M.
< -

These are standard matrix concentration bounds for empiri-
cal covariances of subgaussian vectors.

Generalized eigenvalues and eigenvectors. Let
{(p;f,v;)} denote the population generalized eigen-
pairs of (37, %F), where 3} = X + 61, and {(pj,v;)}
the empirical generalized eigenpairs of (Et,f}b), where
3p = 3p + 61. Assume the top k population eigenvalues
have a positive generalized eigengap

—pj1) > 0. 41)

: *
= min -
7 1§j§k(p]

By reducing to an ordinary eigenproblem in the whitened
basis 22_1/ 22; f]z_l/ %, classical perturbation theory
(Davis—Kahan-type results) implies that there exist con-
stants C7,Cy > 0 (depending on f}g and ¢) such that, for

all j < k,
lpi — il < CL(llEdl2 + |1 Bbll2), 42)

and

E E
sin £(v;,0%) < Cy 1Bz 1Bb]l2

j (43)

Combining these with the covariance bounds above yields
explicit finite-sample error bounds on eigenvalues and
eigenvectors in terms of d, n;, ny, and the eigengap .

Salience scores and channel selection. Let s} and s, de-
note the population and empirical salience scores for chan-
nel ¢, computed from {(p7, ]) k_, and {(pj,uj)};c 1» Te-
spectively. By expanding s. — s, applying the triangle in-
equality, and using the ei genpair perturbation bounds above,
one can show that there exists a constant C3 > 0 such that

max |sc—sc| < Csk <Inax|pj p]|+max||vj—v]|| )
i<

1<c
(44)

O<k | B2 + ||Eb||2> 45)
Y

which is



under the assumptions above.
Suppose the population scores have a margin between
in-subnet and out-of-subnet channels:

A = min s, — maxs, > 0, (46)
ceC* c¢C*
where C* is the population minimal set of channels achiev-
ing the coverage threshold. If

max |s. — si| < A/2, 47

then the empirical greedy selection recovers C* exactly.
Thus, provided the eigengap v and margin A are not too
small and ny, n; are sufficiently large, CSE’s subnet selec-
tion is stable under sampling noise.

B.5. Idealized Projection and Approximation by
CSE

It is useful to compare CSE’s channel-wise attenuation with
an idealized projection that directly removes generalized
eigen-directions.

Idealized eigen-projection in whitened space. Consider
the population covariances ¥; and X; and define the
whitened target covariance

Co = (Z5)xp (B2 (48)
Let (p}, u;) be the eigenpairs of Cy, with

ujTuj =1, Ciuj = pjuy, j=1,...,d. (49)

The whitened background covariance is the identity, so p}

are exactly the generalized eigenvalues of (37, %7).
Define the projector onto the orthogonal complement of
the top k eigendirections in whitened space:

k
QL = Io—) ujuj. (50)
=1
The idealized transformed whitened features
7! = Zy,
f QJ_ t (51)
Zb = QLZba
where _ 1oz
Z — E* —1 QH,
¢ (~b) & 52)
Zy, = (35)7V?H,,
have covariances
CP = Q.C4Qu,
t QJ_ tQJ_ (53)

ol = QuIQ, = Q.

Because () annihilates uy, ..., uy butleaves ugy1,. .., uq
unchanged, the nonzero eigenvalues of CP™ are exactly
Pky1s---» Py Consequently, if we consider the Rayleigh
quotient
T Proj
v Cy ™
R(v) = m’ v#0, veErange(Q1), (54)
then
max  R(v) = prq- (55)
v#0
v€range(Q L)

In whitened coordinates, an ideal eigen-projection can
therefore reduce the maximum target-to-background vari-
ance ratio from p7 to py , | exactly.

Channel-wise attenuation as a diagonal approximation.
CSE does not implement ()| directly. Instead, it applies a
diagonal attenuation A in the original standardized coordi-
nates. Let
I;[ t/ = A.E[ ty
. . (56)
H] = AH,,
and let CF5E, CFSE denote the corresponding whitened co-
variances:

O = BT eAmAE) T
CSSE = (Sp) /2 AS;ASy) Y2
If the top generalized eigenvectors uyq, . .., u; are close to

sparse vectors in the canonical basis (for example, strongly
aligned with a subset of channels), and CSE assigns a. ~ 0
on the corresponding channels while keeping a. ~ 1 else-
where, then A approximately zeroes out those eigendirec-
tions. In such regimes we can view CSE and CFSE as di-
agonal approximations to CP"* and CP"*, and expect the
maximum target-to-background variance ratio under CSE
to be close to py , ; (up to factors depending on the quality
of this alignment).

This perspective clarifies that CSE approximates an
ideal projection onto the complement of the most target-
salient generalized eigen-directions, but does so using only
channel-wise attenuation, which is architecture agnostic
and can be folded into existing weights without changing
the model’s computational graph.

C. Extended Experimental Setup

This appendix provides the details needed to reproduce all
experiments: dataset protocols and class mappings, exact
splits for target / non-target / evaluation sets, metric and at-
tack definitions, and the hyperparameters used for CSE and
all baselines.



C.1. Datasets and Cross Dataset Protocols

All experiments use standard vision benchmarks. We con-
sider CIFAR-10, which contains 10 classes with 50,000
training and 10,000 test images; CIFAR-100, which con-
tains 100 classes with 50,000 training and 10,000 test im-
ages; ImageNet-1K, which contains 1,000 classes with ap-
proximately 1.28M training images and 50,000 validation
images (treated as test); and LFW, which contains 13,233
images of 5,749 identities and is used for identity forgetting.
Unless stated otherwise, we use the standard train/test splits
provided with each dataset. All backbones (ResNet-18,
EfficientNet-BO, Swin-T) are initialized from ImageNet-1K
pretraining. For CIFAR experiments, images are resized to
224 x224; training uses random crops and horizontal flips,
and evaluation uses center crops only.

For class-level forgetting, a semantic class family is se-
lected and aligned across datasets using fixed label map-
pings. Unlearning is applied to a source dataset and forget-
ting is evaluated on a disjoint evaluation dataset that shares
the same semantic class but not the same images. Each
dataset appears as both source and evaluation domain across
the probes.

The semantic alignments used across all cross—dataset
experiments are summarized in Table 3. When an exact
class name is not present in ImageNet-1K, the closest in-
cluded class is used.

The main single-class probes are CIFAR-10 — Ima-
geNet (airplane family), ImageNet — CIFAR-10 (truck
family), and ImageNet — CIFAR-100 (shark family). In
addition, multi-class forgetting on CIFAR-100 is consid-
ered by constructing target sets of size {2,3,4,5} from
object-like categories such as castle, telephone,
television, and lawn_mower.

For identity-level forgetting, the LFW dataset is split by
identities into disjoint train and test sets, with 80% of iden-
tities used for training and 20% for testing. A single identity
with at least 50 images is selected as the target, and all re-
maining identities are treated as retain classes. A ResNet-18
backbone is first fine-tuned on the full LFW training iden-
tities for face recognition; unlearning then targets only the
selected identity.

C.2. Splits and Sample Counts

Let D denote a dataset with training split D' and test
split D****, For a given set of target classes C;, we define
the target and retain subsets

D;crain —_ {(x,y) c Dtrain cy € Ct}a
Dyt = {(z,y) € D™ 1y ¢ Cr,
Dgest — {(I,y) c Dtest Y c Ct}7
Dyt = {(z,y) € D" 1y ¢ Ci}.

For single-class forgetting on CIFAR-10, this yields
|Dirain| = 5 000, | Dirin| = 45,000, | D) = 1,000, and
| Dtest| = 9,000. For single-class forgetting on CIFAR-100,
the corresponding counts are |D{™in| = 500, |Drain| =
49,500, | Dt = 100, and | D5t | = 9,900. On ImageNet-
1K, class sizes vary; for a typical target class we have
| Drain| ~ 1,300 and |D{s*| = 50, with all remaining im-
ages assigned to D" and Dtest,

CSE requires a target set D; and a non-target set Dy,. The
target set is always the full target training subset, i.e.,

train
D, = Drain,

The non-target set Dy, is formed by sampling a small sub-
set of semantically related non-target classes drawn from
the evaluation dataset. Concretely, we select two or three
classes that are nearby in concept space (for example, bird
and ship when forgetting airplane) and sample 10%
of their training images to form D;. Thus, for CIFAR-10
single-class forgetting, Dy, typically contains 0.1 x 5,000 =
500 samples from each chosen related class, i.e., between
500 and 1,500 images depending on the number of classes
used. In ablations, we vary this fraction (for example, 5%,
10%, 15%), replace related classes by distant ones, or set
Dy = 2.

For evaluation, we distinguish four subsets. The forget-
train set Dy consists of all target training samples D{#in,
The forget-test set Df* consists of all target test samples
Dt The retain-train set D, consists of all non-target
training samples D", and the retain-test set D** con-
sists of all non-target test samples D', These subsets are
used to compute all reported metrics.

C.3. Metrics and Membership Inference Attack

Given a model f and a labeled dataset S = {(x;,y;)}, the
classification accuracy is defined as

Acce(S; f) = ﬁ Z W(f(zi) = yi]-

(zi,y:)€S
We report four accuracy metrics:

Accf = Ace(Dy; f), Accft = Acc(DE™; f),

Accr = Ace(Dy; f), Accrt = Acc(DESY; f),

corresponding respectively to forget accuracy on train, for-
get accuracy on test, retain accuracy on train, and retain
accuracy on test. Effective unlearning corresponds to low
Accf and Accft, while maintaining high Accr and Accrt.

To summarize the trade-off between forgetting and reten-
tion, we convert forget-test accuracy into a forget-success
score

F =1 — Accft,



Table 3. Semantic class mappings used in cross—dataset experiments. When an exact ImageNet label is unavailable, the nearest included
class is used (e.g., airliner may be approximated by a related aircraft class).

Family CIFAR class ImageNet-1K class(es)

Airplane CIFAR-10 airplane airliner or nearest aircraft class

Truck CIFAR-10 truck {garbage_truck, tow_truck, trailer_truck}
Ship CIFAR-10 ship container_ship

Cat CIFAR-10 cat tabby_cat

Frog CIFAR-10 frog bullfrog

Shark CIFAR-100 shark {white_shark, tiger_shark}

Castle CIFAR-100 castle castle

Keyboard CIFAR-100 keyboard computer_keyboard

Telephone CIFAR-100 telephone cellular_telephone,dial_telephone
Television CIFAR-100 television television

Lawn mower CIFAR-100 lawn_mower lawn_mower

where ' = 1 indicates perfect forgetting (zero test accuracy
on the target). The reported harmonic mean is

2F - Accrt

H-Mean = - ¢
can F + Accrt’

which lies in [0, 1] and is large when both forgetting (F') and
retention (Accrt) are simultaneously high.

Membership inference is used to quantify residual mem-
orization on the forget set. We consider a simple loss-
threshold attack. The member set consists of all samples in
Dy (target training), and the non-member set consists of an
equally sized subset of Df* (target test). For each sample

(z,y) in this balanced pool we compute the loss

U(z,y) = —logps(y | ),

where p¢(- | «) is the model’s predictive distribution. The
pool is split in half; on the first half a scalar threshold 7 is
chosen to maximize membership classification accuracy for
the decision rule

m(x,y) =Kll(z,y) <],

where m = 1 indicates “member” and m = 0 indicates
“non-member”. The membership inference attack success
rate (MIA) is the classification accuracy of m on the held-
out half. On a balanced mixture, MIA = 0.5 corresponds
to random guessing.

C.4. Hyperparameters

CSE uses the same hyperparameters across all backbones
and datasets unless specified otherwise. For each block /,

the background covariance E,()é) is regularized as

)

DISIPE S e -
4

I, a=0.0L.

The number of eigenvectors used in salience computation is

]ﬂ[ = mil’l(kmaX7 Lﬁ dfj)v

with kpnax = 50 and S = 0.3. The subnet at each block
is chosen as the smallest set of channels whose cumula-
tive salience reaches the coverage threshold 7.., = 0.85.
Salience values are mapped to attenuation strengths with a
smooth transfer function parameterized by 7o = 0.1 and
Ao = 0.5, followed by clipping of the resulting attenua-
tion coefficients to the interval [0, 1]. The per-channel stan-
dard deviation estimates include a small constant ¢ = 106
inside the square root for numerical stability. Unless oth-
erwise indicated, 10% of images per semantically similar
non-target class are used to form Dj,. These values are used
for ResNet-18, EfficientNet-BO, and Swin-T without any
per-backbone tuning.

All training-based unlearning baselines share a common
fine-tuning schedule. We use stochastic gradient descent
(SGD) with momentum 0.9, learning rate 10~°, batch size
64, and 10 fine-tuning epochs. This schedule is applied
to DELETE, BU (Boundary Unlearning), SCAR, ESC-T,
and SCRUB+R. For DELETE, the encoder and classifier
are fine-tuned jointly with the DELETE objective on the re-
tain training data (and any auxiliary loss terms defined by
the method). For BU, only the classifier head is fine-tuned
with a regularizer that shrinks the decision boundary asso-
ciated with the target class. For SCAR, the encoder and
head are fine-tuned with the SCAR objective that selectively
corrects predictions on target samples while preserving re-
tain performance. ESC-T is initialized from the ESC-edited
representation and then fine-tuned for 10 epochs using the
same schedule. SCRUB+R applies SCRUB (described be-
low), followed by 10 epochs of head fine-tuning on retain
training data to recover any loss in retain accuracy.

Closed-form baselines use their recommended hyper-
parameters from their respective implementations. ESC



is applied to the encoder representation with default rank
and regularization parameters; no additional training is per-
formed. LEACE is implemented as a linear projection that
removes directions associated with the target concept, using
a maximum projection rank (for example, 64 directions) per
layer. SCRUB removes a fixed number of concept direc-
tions per layer (for example, up to r = 32 directions), with
default regularization. Targeted CLIP performs text-guided
editing driven by the target class name; the number of opti-
mization steps and learning rate follow the defaults from the
official implementation. Unless explicitly noted, these hy-
perparameters are kept fixed across datasets and backbones
to isolate the effect of the different unlearning strategies.

D. Runtime and Resource Usage

We also compare the runtime and resource footprint of CSE
against the main training-based unlearning baselines. As a
representative configuration, we consider single-class for-
getting on CIFAR-10 (airplane family) with a ResNet-18
backbone. All methods are run on a single NVIDIA A100
GPU with 40 GB memory, using the same dataloader, batch
size, and mixed-precision settings. Training-based meth-
ods perform 10 epochs of fine-tuning on the retain data,
whereas CSE and other analytic methods perform a single
offline pass to collect features and compute their respective
projections or transformations. Table 4 reports approximate
wall-clock unlearning time and peak GPU memory usage.

In this setting, CSE completes unlearning in under ten
minutes with a peak memory footprint of about 4.5 GB,
comparable to other analytic methods (ESC, LEACE,
SCRUB), which also require only a single pass over the
data. By contrast, training-based approaches (DELETE,
BU, SCAR, ESC-T, SCRUB+R) require between roughly
48 and 72 minutes due to multiple epochs of optimization,
and consistently use more GPU memory (around 5-6 GB)
to store gradients and optimizer state. Thus, CSE achieves
effective unlearning while being substantially faster than
training-based baselines and using comparable or lower
GPU memory.

E. Ablations and Qualitative Examples

This appendix presents additional empirical evidence for
CSE. First, it summarizes critical ablations on the non-
target set design and on key CSE hyperparameters, includ-
ing tabulated results. It then provides qualitative Grad-
CAM visualizations for cross-dataset unlearning, together
with clear failure cases that illustrate the limits of the
method.

E.1. Non-Target Set Design

CSE relies on a small non-target set D, to provide con-
trastive structure for subnet discovery. To understand how

Table 4. Approximate runtime and peak GPU memory usage for
single-class forgetting on CIFAR-10 (airplane) with a ResNet-18
backbone on a single NVIDIA A100 (40GB). Times are wall-
clock minutes for the full unlearning procedure.

Method Type Time (min) Peak GPU mem (GB)
CSE analytic 8 4.5
ESC analytic 7 4.3
LEACE analytic 6 4.1
SCRUB analytic 9 4.7
DELETE training-based 60 5.8
BU training-based 48 5.2
SCAR training-based 65 6.0
ESC-T training-based 55 5.7
SCRUB+R training-based 72 6.1

Table 5. Impact of non-target set design on CSE for CIFAR-10
single-class forgetting (airplane, ResNet-18). Accft: forget-
test accuracy (lower is better). Accrt: retain-test accuracy (higher
is better).

Accft | Accrt

(1) Semantic, 10% / class (bird, ship) 0.02 0.93
(2) Semantic, 5% / class (bird, ship) 0.02 0.85
(3) Semantic, 15% / class (bird, ship) 0.02 0.94
(4) No semantic overlap (truck, cat) 0.02 0.81
(5) No non-target set (D, = @) 0.02 0.76

ID Non-target set Dj design

the design of D, affects the trade-off between forgetting and
retention, we consider single-class forgetting on CIFAR-10
(forgetting airplane) with a ResNet-18 backbone under
five variants of Dy. In each case, the target set is the full
CIFAR-10 airplane training class, and the non-target
set is constructed from varying subsets of the remaining
classes. Table 5 reports forget-test accuracy (Accft; lower is
better) and retain-test accuracy (Accrt; higher is better) for
each configuration.

The default configuration uses semantically similar non-
target classes, sampling 10% of training images from bird
and ship. This yields Accft = 0.02 and Accrt = 0.93, in-
dicating nearly complete forgetting of the target with only a
small drop in retain accuracy relative to the original model.
Reducing the sampling rate to 5% (configuration 2) halves
the size of Dy; Accft remains at 0.02, but Accrt decreases
to 0.85, showing that too few non-target examples make the
covariance and eigenanalysis less stable and lead to more
collateral damage.

Increasing Dy, to 15% per class (configuration 3) yields
Accft = 0.02 and Accrt = 0.94, a slight improvement over
the default. This suggests that larger non-target sets can
marginally improve retention, but the gain beyond 10% is
modest and comes at additional data and compute cost. Us-



ing semantically distant classes for D; (configuration 4,
truck and cat) keeps Accft at 0.02 but reduces Accrt
to 0.81. In this case, the non-target set no longer shares
the same visual factors as the target (wings, fuselage, sky
background), so the generalized eigenanalysis cannot re-
liably isolate directions that are truly target-specific, and
more shared structure is inadvertently attenuated.

Finally, removing the non-target set entirely (configura-
tion 5) causes the method to degenerate into a purely target-
driven attenuation scheme. Forgetting remains strong (Ac-
cft = 0.02), but retention collapses to Accrt = 0.76, compa-
rable to aggressive training-based unlearning. This demon-
strates that the contrastive formulation is essential: without
a meaningful background set, the subnet cannot distinguish
target-salient channels from channels that also support non-
target classes.

Overall, these ablations show that CSE critically depends
on a small, but semantically aligned, non-target set. Too few
samples (5% per class) or non-overlapping classes signifi-
cantly reduce Accrt, and removing D, entirely causes se-
vere collateral damage. A design based on 10% of images
per semantically related non-target class produces strong
forgetting and near-baseline retention at modest computa-
tional cost.

E.2. Sensitivity to Coverage and Sample Budget

The subnet discovered by CSE is controlled by two main
hyperparameters: the coverage threshold 7, which deter-
mines how much discriminative mass the subnet must cap-
ture, and the number of non-target samples per class, np,
used to estimate the covariances. In addition, we can either
greedily select channels based on sorted salience or use an
(idealized) oracle that chooses the best subset in hindsight.

To characterize sensitivity, we perform a controlled abla-
tion on CIFAR-10 (forgetting airplane with ResNet-18)
where we vary 7oy, the selection strategy, and the sample
budget ny,. For each configuration we report: the fraction
of channels selected per block (Ch.%), the forget-test accu-
racy (Accft), the retain-test accuracy (Accrt), the resulting
H-Mean between test-time forgetting and retention, and the
wall-clock time to run CSE on this setting. Results are sum-
marized in Table 6.

Varying the coverage threshold shows that more aggres-
sive subnet selection (.., = 0.70) reduces the number of
channels (Ch.% = 12) and slightly harms forgetting (Ac-
cft = 0.08) and retention (Accrt = 0.90), leading to H-
Mean = 0.89. Raising the threshold to 0.85 increases the
selected subnet to 18% of channels and yields Accft = 0.02,
Accrt = 0.93, and H-Mean = 0.95, a strong operating
point. Pushing the coverage to 0.95 increases the subnet
to 31% of channels and slightly improves forgetting (Accft
= (.01) at nearly unchanged retention (Accrt = 0.92), but
at a marginally higher runtime. This suggests that discrim-

inative information is somewhat distributed, but a coverage
of 0.85 already captures enough mass to match or exceed
the performance gains of higher coverage without unneces-
sary subnet growth.

When comparing selection strategies, greedy selection
(sorting channels by salience and taking the smallest pre-
fix that meets the coverage constraint) significantly outper-
forms random selection at the same coverage. Random se-
lection yields Accft = 0.15 and Accrt = 0.84 with H-Mean
= (.82, whereas greedy selection achieves Accft = 0.02,
Accrt = 0.93, and H-Mean = 0.95 while selecting the same
fraction of channels. The oracle selection, which is allowed
to search over subsets in hindsight, improves H-Mean only
marginally (0.96) at the cost of an extreme computational
overhead (8,420 seconds in this experiment), illustrating
that the greedy heuristic is nearly optimal while being or-
ders of magnitude faster.

Finally, varying the non-target sample budget shows that
CSE remains stable even with relatively few samples per
class. Using n, = 5 samples per class yields Accft =
0.02, Accrt = 0.85, and H-Mean = 0.87, indicating some
degradation but still reasonable performance. Increasing to
n, = 10 achieves Accft = 0.02, Accrt = 0.93, and H-
Mean = 0.95, and further increases to n;, = 20 or 50 do
not significantly change the metrics. Runtime grows only
slightly with n;. Overall, 7., = 0.85, greedy selection,
and n, = 10 form a robust and efficient default that bal-
ances forgetting strength, retention, and computational cost.

E.3. Qualitative Grad-CAM Examples

To complement the quantitative metrics, we examine Grad-
CAM visualizations before and after applying CSE. For
class-level forgetting, we consider examples where the
model is originally trained on a source dataset (for instance,
CIFAR-10 or ImageNet) and evaluated on a different dataset
that shares the same semantic class.

A typical cross-dataset airplane example consists of
three rows: the original image (an airplane in a novel pose
or background), the Grad-CAM heatmap before unlearning,
and the Grad-CAM heatmap after CSE. Before unlearning,
Grad-CAM strongly highlights the fuselage, wings, and tail,
indicating that the classifier relies on these regions to recog-
nize the airplane. After CSE, the heatmap on the airplane
body collapses to a nearly uniform, low-intensity pattern;
activation shifts either to irrelevant background textures or
disappears entirely. This corresponds to a drop in classi-
fication confidence for the airplane class to near-random
levels. Importantly, when the same procedure is applied
to non-target classes such as warplanes or birds, the post-
CSE Grad-CAM maps remain sharply focused on the rele-
vant object parts (engines, wings, or bodies), indicating that
the underlying representation for related but non-target con-
cepts is preserved.



Table 6. Ablation on subnet coverage, selection strategy, and non-target sample budget for CIFAR-10 single-class forgetting (airplane,
ResNet-18). Ch.%: fraction of channels selected per block. Accft: forget-test accuracy (lower is better). Accrt: retain-test accuracy (higher
is better). H-Mean: harmonic mean of test-time forgetting and retention (higher is better). Time: end-to-end CSE runtime in seconds for

this configuration. Default settings are emphasized.

Teov Selection np (samples per class)
Setting 0.70 0.85 095 Random Greedy Oracle 5 10 20 50
Ch.% 12 18 31 18 18 19 - - - -
Accft | 0.08 0.02 0.01 0.15 0.02 0.01 0.02 0.02 0.02 0.01
Accert T 0.90 093 0.92 0.84 0.93 094 085 093 093 0.94
H-Mean 1 0.89 0.95 0.94 0.82 0.95 096 087 095 095 0.96

Time (s) 82 85 9.1 0.3

8.5 8420 7.8 85 89 92

Similar behavior is observed in cross-dataset truck and
shark experiments. For trucks, CSE suppresses saliency on
the target truck in evaluation images while retaining strong,
localized heatmaps on non-target automobiles. For sharks,
CSE attenuates activations on shark bodies and fins, while
non-target fish such as trout and rays continue to produce
coherent Grad-CAM maps centered on the fish. Across
these examples, the visual evidence supports the interpre-
tation of CSE as a localized erasure mechanism: target
saliency is removed while non-target structure and geom-
etry are largely maintained.

In an identity-forgetting setting on faces, CSE is ap-
plied to a pre-trained face recognition model. For the tar-
get identity, Grad-CAM before unlearning shows strong
saliency concentrated on distinctive facial features (eyes,
nose, mouth, hairstyle). After CSE, the corresponding
heatmaps become diffuse and low-intensity, and verification
accuracy for the target identity drops to near chance. For
non-target identities, the Grad-CAM maps remain crisp and
well-localized on faces, indicating that CSE avoids global
disruption of the face embedding space.

F. Additional Related Work

Beyond the methods benchmarked in our main experiments,
several recent works address class-centric unlearning in
vision models from complementary angles. Distillation-
based approaches use teacher—student frameworks to se-
lectively forget: Bad Teacher [8] pairs a competent and
an incompetent teacher to guide forgetting via knowl-
edge distillation, while SCRUB [23] leverages teacher
outputs on remaining data to preserve non-target knowl-
edge. [19] originally introduced knowledge distillation for
model compression; its adaptation to unlearning highlights
how “dark knowledge” in logits can be repurposed for selec-
tive erasure. Saliency- and instance-level methods offer
finer-grained control: SalUn [12] identifies gradient-based
weight saliency maps to steer unlearning in both classifi-
cation and generation, Learn to Unlearn [6] derives per-
instance replacement labels via adversarial attacks against

the frozen model, and [34] propose a fast post-hoc unlearn-
ing scheme using noise-based weight perturbation with-
out retraining. In the generative domain, [14] erase se-
mantic concepts from diffusion models by editing cross-
attention layers, extending concept removal beyond dis-
criminative classifiers. Machine unlearning has also been
applied to backdoor defense: [25] show that targeted un-
learning can neutralize data-poisoning attacks without full
retraining. Finally, [37] study continual forgetting in pre-
trained vision models, addressing the sequential multi-class
setting where classes are forgotten incrementally over time.
In contrast to all of the above, CSE is training-free, oper-
ates directly in channel space via contrastive eigenanaly-
sis, and introduces no inference-time overhead through al-
gebraic fold-in—properties that make it particularly suited
to deployment-constrained settings.

G. Scalability and Representation Geometry

Same-dataset stress test. To evaluate CSE under ag-
gressive forgetting within a single dataset, we forget & €
{6,7, 8} classes simultaneously on CIFAR-10 (ResNet-18).
As shown in Table 7, CSE maintains high retention accu-
racy even as the number of forgotten classes grows (Acc, =
0.90 at £ =38), closely tracking the Retrain baseline (0.89),
while DELETE degrades more noticeably (0.82). This sta-
bility arises because CSE edits the encoder selectively—
attenuating only a compact, contrastive set of target-salient
channels and preserving shared features.

Table 7. Same-dataset stress test (CIFAR-10): forget k € {6,7,8}
classes. Entries are Accr/Accy.

Method k=6 k=7 k=8

Original ~ 0.95/0.94 0.95/0.94 0.95/0.94
Retrain ~ 0.00/0.91 0.00/0.90 0.00/0.89
DELETE 0.15/0.86 0.17/0.84 0.19/0.82
CSE 0.04/0.92 0.05/0.91 0.06/0.90

Retain-geometry audit. Beyond accuracy, we verify that



CSE preserves the geometric structure of non-target rep-
resentations. We compare model embeddings before and
after unlearning using two metrics: (i) linear CKA (Cen-
tered Kernel Alignment) [21] and (ii) correlation of pairwise
class-centroid distances (DistCorr), each computed sepa-
rately on retained and forgotten class subsets. Table 8 con-
firms that CSE best preserves non-target geometry (highest
CKA, and DistCorr,) while most strongly disrupting the
forgotten concept (lowest CKA y and DistCorr ), consistent
with the accuracy trends reported in the main paper.

Table 8. Geometry audit. Representation similarity before vs. after
unlearning on retained (r) and forgotten (f) sets.

Method CKA,? CKA;| DistCorr,1 DistCorry |

DELETE  0.86 0.62 0.84 0.59
ESC 0.88 0.58 0.86 0.55
CSE 0.96 0.31 0.95 0.28
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