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Abstract

We study concept-level forgetting in pretrained vision mod-
els: removing an entire semantic category so the system
no longer recognizes that object in unseen images and con-
texts, rather than merely forgetting specific training exam-
ples. Prior work either applies blunt global projections or
fine-tunes parameters, which can introduce collateral dam-
age to unrelated features, add compute, and become un-
stable as forgetting strength increases. We introduce Con-
trastive Subnet Erasure (CSE), a training-free, encoder-
centric edit that targets a compact set of channels most re-
sponsible for the class and attenuates them in a calibrated
manner. The modification is algebraically folded into the
subsequent layer, yielding no inference-time overhead and
leaving task heads unchanged. To evaluate whether forget-
ting generalizes beyond the data used to specify the class,
we introduce a cross dataset protocol in which the class is
defined on a source dataset and performance is measured
on a disjoint target dataset drawn from a different distri-
bution with no shared images. This setup tests whether the
model still fails to recognize the object when it looks dif-
ferent or appears in new scenes, and it avoids overfitting

to patterns of the source dataset. Across CIFAR 10, CI-
FAR 100, and ImageNet under this protocol, CSE achieves
stronger forgetting of the target class while better preserv-
ing non target utility than existing baselines in both single
class and multi class settings. Overall, CSE provides a sim-
ple stable and deployment ready mechanism for class level
unlearning in vision.

1. Introduction

Deep neural networks pretrained on massive, weakly cu-
rated corpora inevitably internalize information that later
needs to be removed—to comply with legal deletion re-
quests, to excise unsafe or biased knowledge, or to neu-
tralize backdoors and other poisons [7, 23, 26]—without
retraining from scratch. Prior work frames this as either
data unlearning (removing the influence of specific exam-
ples) [4, 5] or concept erasure (suppressing a semantic fac-
tor in representations) [21, 22]. Despite progress, recent
stress tests show that many approximate unlearning proce-
dures can leave measurable residues—especially under data
poisoning—highlighting the need for stronger, more surgi-
cal edits that minimize collateral damage to unrelated capa-
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Figure 1. MNIST-EfficientNet toy with a shared, normalized for-
getting strength s 2[0; 1] (0 =no edit). (a) Non-target utility: test
accuracy on 5 vs. 8; dashed line marks the no-edit baseline. CSE
(ours) stays near baseline across S, indicating minimal collateral
damage; ESC is typically second-best for small S but degrades as
removal grows; training-based edits (DELETE, BU, SCAR, Tar-
geted CLIP) drift more. (b) Target forgetting: accuracy on digit
“3” (lower is better). CSE drives the target accuracy to near-zero
bys 1 while preserving non-target utility, whereas others require
stronger edits or fail to fully forget within the same range.

bility (e.g., privacy- and safety-motivated unlearning audits,
linear concept erasure in closed form, and selective forget-
ting in generative models) [2, 14, 19]. The central diffi-
culty is feature entanglement: target and non-target con-
cepts often cohabit directions and channels within the same
encoder, so naive removal of “target” signal tends to deform
nearby structure, degrading utility on tasks that share visual
cues with the forgotten content.

Against this backdrop, we benchmark five families of
encoder edits that typify today’s practice: ESC [17],
DELETE [29], Boundary Unlearning (BU) [6], SCAR
[3], and Targeted-CLIP [27]. In brief, ESC performs
global subspace deletion by projecting out directions cor-
related with the target; this is effective at low strength but
becomes brittle as more components are removed, ampli-
fying collateral loss on shared features. DELETE and BU
are gradient-based, training methods that reshape param-
eters to repel the target region or shrink decision bound-
aries; they can forget strongly but tend to drag shared fil-
ters, hurting non-target performance as edit strength grows
unless carefully regularized. SCAR and Targeted-CLIP
retain-vs-forget objectives with additional supervision (e.g.,
prompts or balanced retain sets), improving controllability
but introducing compute overhead, sensitivity to hyperpa-
rameters, and stability issues at higher strengths. Across
these approaches, two recurring limitations emerge: (i) non-
locality—edits operate on broad subspaces or full parameter
blocks, so changes spill into unrelated regions; (ii) lack of
geometry preservation—even when target accuracy drops,
the relative arrangement of non-target classes can be dis-
torted, eroding downstream linear-probe separability.

To overcome these drawbacks, we introduce CSE (Con-
trastive Subnet Erasure), a training-free, encoder-centric
edit that operates locally in channel space. CSE first per-
forms contrastive subnet discovery, scoring channels by

their target-vs-background salience and selecting a mini-
mal compact subnet that covers the discriminative mass;
it then applies calibrated attenuation only to those chan-
nels, leaving the remaining representation geometry intact.
This constructive selection—then—erasure pipeline preserves
non-target structure by design: shared directions that are
not uniquely target-salient are retained, while truly target-
diagnostic channels are damped. More broadly, CSE’s
architecture-agnostic, precompute-once attenuation deliv-
ers practical unlearning with negligible inference over-
head while directly addressing the two core shortcom-
ings above—Ilocality and geometry preservation—that limit
prior art. We summarize our main contributions below:

* We present CSE (Contrastive Subnet Erasure), a
training-free, encoder-centric method that surgically at-
tenuates a compact set of target-salient channels, remov-
ing the farget dataset/class while leaving non-target rep-
resentations essentially intact.

* We introduce a cross-data evaluation scheme in which
forgetting is performed on a source dataset/class and per-
formance is measured on a different dataset that shares
the same semantic category to be forgotten. This protocol
stress-tests true concept removal (transfer leakage) while
simultaneously auditing non-target utility under distribu-
tion shift.

* Across multiple datasets and models, CSE consistently
outperforms recent strong baselines in both forgetting ef-
ficacy and retention of non-target performance, achieving
robust unlearning with negligible inference overhead.

2. Motivation

We study a minimal but revealing [9] toy experiment using
a frozen EfficientNet-BO encoder to motivate CSE and il-
lustrate the central challenge in machine unlearning when
target and non-target concepts share visual features, re-
moving the target risks damaging unrelated representations.
We designate digit “3” as the target to forget and measure
non-target utility on “5 vs. 8 classification using a linear
probe—a neutral diagnostic trained on the frozen encoder
features. This setup is deliberately challenging as digit “3”
shares strokes with both “5” and “8”, so any edit remov-
ing “3”-correlated directions risks erasing cues needed to
distinguish them. We compare five recent encoder-editing
strategies against our method (CSE) under a unified nor-
malized forgetting strength s 2 [0;1] (0 = no edit; larger
= stronger) which are ESC[17], DELETE [29],Boundary
Unlearning (BU) [6], SCAR [3], Targeted CLIP [27].
Figure 1(a) shows non-target accuracy (5 vs. 8) versus S
with a dashed no-edit baseline. CSE tracks the baseline
across the entire range, indicating minimal collateral dam-
age, while ESC is second-best at low s but degrades rapidly
as more components are removed (global subspace deletion
becomes destructive). Figure 1(b) shows target-class ac-



Figure 2. Overview of CSE. From target/non-target sets, CSE (i) standardizes features, (ii) discovers a compact contrastive subnet via
generalized eigenanalysis, and (iii) attenuates only those channels—suppressing target signal while preserving non-target geometry.

Figure 3. Qualitative effect of CSE: Each row shows the Original, Grad-CAM (Before), and Grad-CAM (After). CSE suppresses
saliency on the target concept while preserving responses on non-target content.

curacy (digit 3) versus s (lower is better): CSE achieves dardizes features for stable covariance estimation; (2) Con-
near-zero accuracy by s 1 while maintaining high non-  trastive subnet discovery applies generalized eigenanaly-
target performance. Training-based methods (DELETE, sis to identify discriminative directions and scores channels
BU, SCAR, Targeted-CLIP) also forget effectively but de- by their eigenvalue-weighted participation; (3) Subnet at-
grade non-target utility more as strength grows—they re- tenuation attenuates the discovered channels through ef -
shape shared lIters unless carefully rebalanced. Togethercient runtime scaling operations.

these results demonstrate that when concepts share feature )
directions, CSE's localized, contrastive attenuation sup- 3.1. Problem Formulation

presses the target while preserving non-target geometry, Let : X ! R 9 denote a pretrained encoder mapping im-
outperforming both global projection and gradient-based ages to embeddings. We denote intermediate features at

ne-tuning. layer *as H) (x) 2 R, where > 2 L f1;:::;Lgin-
dexes selected layers. For spatial features (convolutional or
3. Method: Contrastive Subnet Erasure transformer patch tokens), we apply global average pool-

ing to obtain channel-wise representations. Given a target
To overcome the drawbacks in the previous section, we pro-dataset = fx ;g containing the concept to forget and
pose Contrastive Subnet Erasure (CSE), a training-free a non-target dataset,D= fx jgj”;’1 containing concepts to
method that enables a pretrained vision model to selectivelypreserve, we seek to identify and attenuate channels that
forget a target visual concept without retraining. CSE op- selectively encode the target concept while minimizing dis-
erates by identifying and attenuating a compact subnet—aruption to non-target representations.
small, targeted set of encoder channels that exhibit high
contrastive salience (signi cantly greater activation vari-
ance on target images than on non-target images). TheMNe extract features from both target and non-target datasets
method proceeds in three stages: (1) Standardization stan- and standardize them to ensure comparable scales for con-

3.2. Stage 1: Feature Extraction & Standardization
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