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Abstract

Incremental unlearning (IU) is critical for pre-trained mod-
els to comply with sequential data deletion requests, yet
existing methods primarily suppress parameters or con-
fuse knowledge without explicit constraints on both feature
and gradient level, resulting in superficial forgetting where
residual information remains recoverable. This incom-
plete forgetting risks security breaches and disrupts reten-
tion balance, especially in IU scenarios. We propose FG-
OrIU (Feature-Gradient Orthogonality for Incremental
Unlearning), the first framework unifying orthogonal con-
straints on both features and gradients level to achieve deep
forgetting, where the forgetting effect is irreversible. FG-
OrIU decomposes feature spaces via Singular Value De-
composition (SVD), separating forgetting and remaining
class features into distinct subspaces. It then enforces dual
constraints: feature orthogonal projection on both forget-
ting and remaining classes, while gradient orthogonal pro-
jection prevents the reintroduction of forgotten knowledge
and disruption to remaining classes during updates. Addi-
tionally, dynamic subspace adaptation merges newly forget-
ting subspaces and contracts remaining subspaces, ensur-
ing a stable balance between removal and retention across
sequential unlearning tasks. Extensive experiments demon-
strate the effectiveness of our method.

1. Introduction
In recent years, pre-training with fine-tuning [29, 73, 80]
has dominated model development. However, large-scale
datasets often contain harmful or private content, necessi-
tating mechanisms to erase specific data traces. Machine
Unlearning (MU) [4, 5, 7, 12, 22, 27, 31, 43, 52, 53, 72]
addresses this by enabling pre-trained models (PTMs) to
comply with deletion mandates like GDPR (General data
protection regulation)’s “right to be forgotten” [46, 48].
While existing MU methods focus on static unlearning, for-
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Figure 1. Here, we present three examples from forgetting classes,
with the reconstructed images generated using Deep Image Prior
(DIP) [59], where the last block’s features from the unlearned
model serve as the training target.

getting a single or small set of classes in one task, real-
world scenarios require Incremental Unlearning (IU) [8–
10, 24, 26, 32, 35, 38, 44, 61, 83, 84]. Regulatory shifts
(e.g., evolving OpenAI safety policies1, EU AI Act2) and
dynamic content restrictions necessitate sequential unlearn-
ing of multiple classes/concepts without costly retraining.
IU need not only erase targets in a single step but also pre-
serve retained performance and ensure irreversible forget-
ting across tasks, making it critical for sustainable model
governance in evolving ethical and legal landscapes.

IU methods broadly address two scenarios: (1) con-
cept erasure in generative models, where sensitive concepts
(e.g., nudity, violence) are iteratively removed from diffu-
sion models [11, 56], and (2) instant- or class-level unlearn-
ing in vision classifiers, where PTMs forget specific classes
(e.g., face identity, medical data) while retaining unrelated
ones [33, 43]. In this work, we focus on the latter, specif-
ically targeting class-level IU in vision PTMs. Our goal is
threefold: (a) to ensure that the model completely forgets
the specified classes, (b) to robustly preserve the perfor-
mance of remaining classes, and (c) to maintain the effec-
tiveness of previous forgetting across sequential unlearning
procedures.

1https://openai.com/safety/
2https://artificialintelligenceact.eu/the-act/



Existing methods largely fall into two categories: pa-
rameter suppression, which selectively weakens target
class-related parameters [18, 22, 74], and knowledge con-
fusion, which distorts predictions via noisy labels or bad
teacher distillation [12, 25, 36]. However, our empirical
findings reveal that these methods lead to superficial for-
getting, as the unlearned model still retains semantic infor-
mation related to the forgetting classes, making the erased
knowledge partially residual and recoverable. Specifically,
reconstructing features from the last layer of the unlearned
model using Deep Image Prior (DIP) [59] produces blurred
yet recognizable images (as illustrated in Figure 1). Fur-
thermore, fixing the backbone of the unlearned model and
retraining only the classification head [10, 84], which recov-
ers a portion of the original accuracy (as illustrated in Fig-
ure 3). The blurred image and the partial recovery of per-
formance both indicate that existing methods merely de-
grade the features of forgetting classes rather than com-
pletely eliminating them. The degraded features still con-
tain residual class-specific information, which leads to po-
tential recovery of the forgetting effect. Besides, these de-
graded features not only enable recovery but also risk entan-
glement with the remaining class features [43]. Such entan-
glement destabilizes decision boundaries, degrading perfor-
mance on the remaining classes, particularly in IU scenar-
ios where sequential deletion requests amplify error propa-
gation [24, 61]. To address these limitations and achieve
deep forgetting, we argue that unlearning should explic-
itly constrain both feature representations and gradient up-
dates. Since model updates rely on both forward computa-
tions (feature extraction) and backward optimization (gra-
dient updates), it is critical to simultaneously suppress the
features of forgetting classes and prevent their reintroduc-
tion during training updates. In Table 1, we summarize the
differences between our methods and prior works.

To enforce explicit constraints on both feature represen-
tations and gradient updates, we draw inspiration from or-
thogonal mechanisms in related domains. For feature-level
constraints, recent work in text-to-image models [56, 78]
demonstrates that orthogonalizing sensitive token embed-
dings effectively removes targeted concepts from diffusion
outputs, suggesting geometric isolation as a viable strategy
for feature suppression. For gradient-level constraints, in-
spired by [79], which reduces the mutual influence of dif-
ferent tasks in multi-task learning, and [51, 86], which mit-
igates the forgetting of old tasks in continual learning, we
leverage the insight that updating in directions orthogonal
to old/other task subspaces helps alleviate catastrophic for-
getting. While these orthogonal principles show promise
in adjacent fields like generative model editing and multi-
task/continual learning, their applicability to MU, particu-
larly IU in vision PTMs, remains underexplored.

In this paper, we propose FG-OrIU (Feature-Gradient

Table 1. Position, Complete, and Recover refers to, where the
forgetting occurs, whether the forgetting is thorough, and whether
the forgetting effect can be restored, respectively.

Position Complete Recover
superficial forgetting
Prior works Only Final Output No Partial
deep forgetting
Ours Feature&Gradient Yes No

Orthogonality for Incremental Unlearning), a unified
framework for IU in vision PTMs that enforces explicit con-
straints at both feature and gradient levels through three
stages: feature subspace decomposition, dual orthogo-
nal projection, and dynamic subspace adaptation. In
feature subspace decomposition, we decompose the fea-
ture space of each layer into two subspaces via Singular
Value Decomposition (SVD): the forgetting subspace Sf ,
which captures the discriminative features of the classes to
be removed, and the remaining subspace Sr, which encodes
the features of the remaining classes. In dual orthogonal
projection, we freeze the backbone of PTM and introduce
lightweight LoRA modules for efficient updates. Then, fea-
tures of samples from forgetting classes are orthogonal-
ized against Sf to eliminate correlations, while remaining
classes features are aligned with Sr to minimize interfer-
ence through minimizing the projection residual. Before
backward optimization, gradients are first projected onto
Sf to maximally perturb parameters critical for forgetting
classes, then modified along the orthogonal complement of
Sr to prevent contamination of retained features. In dy-
namic subspace adaptation, FOrIU dynamically expands
Sf by merging new forgetting class subspaces and contracts
Sr by removing overlapping features, ensuring cumulative
forgetting without degrading retained performance.

Our main contributions are threefold:
• We reveal that existing IU methods achieve superficial

forgetting rather than deep forgetting, as their partial fea-
ture suppression leaves residual information recoverable.

• We propose the first framework unifying forgetting on
both feature and gradient level via dual orthogonal pro-
jection, ensuring irreversible forgetting while preserving
remaining class robustness.

• Extensive experiments demonstrate superior performance
in MU and IU scenarios across multiple benchmarks.

2. Related Work
2.1. Machine Unlearning
Machine unlearning (MU) aims to remove the influence of
specific data from pre-trained models (PTMs) without re-
training from scratch [71, 81]. Existing MU methods are
broadly categorized into exact and approximate unlearn-
ing. Exact MU [5, 39] ensures statistical indistinguishabil-
ity from models retrained on remaining data but is compu-
tationally prohibitive for large PTMs. Approximate MU re-



laxes this guarantee and is more practical. Current methods
fall into two paradigms: (1) concept erasure in generative
models [11, 56]; and (2) class-/sample-wise unlearning in
classification models, which modifies pre-trained weights to
forget target classes while preserving others [33, 43]. How-
ever, most studies focus on static unlearning, assuming a
single-step forgetting task. Real-world applications, such
as compliance with iterative AI safety policies (e.g., Ope-
nAI’s content guidelines) or evolving regulations like the
EU AI Act, require incremental unlearning (IU) to process
sequential deletion requests efficiently. Directly applying
static methods to IU often leads to cumulative errors, model
collapse, and incomplete forgetting [24, 61], underscoring
the need for dedicated frameworks to ensure compliance in
dynamic regulatory environments.
2.2. Incremental Unlearning
Existing MU methods, like parameter suppression [18, 22,
74] and knowledge confusion methods [10, 12, 24, 25, 36,
44, 84], lead to superficial forgetting due to the absence
of direct constraints on the feature representation. In par-
ticular, the degraded features trap them in a dilemma be-
tween forgetting and remaining, which becomes even more
severe when directly applied to IU. Meanwhile, some con-
tinual learning methods [6, 34], originally designed to retain
old knowledge while dynamically learning new knowledge,
also face inherent limitations in IU [44]. Previous work fo-
cusing on IU has primarily relied on toy models, e.g., linear
models [14], or imposed heavy constraints, such as adding a
class-specific synthetic signal in the pre-training stage [54],
which is not feasible for PTMs. Moreover, while some fo-
cus on dynamically performing both continual learning and
selective forgetting within learned knowledge [8, 35, 38],
our approach differs in that we emphasize achieving deep
forgetting when handling sequential unlearning tasks. That
is, rather than alternating between learning and forgetting,
the pre-trained model should completely forget unwanted
knowledge while efficiently retaining the rest.
3. Problem Statement
Following [83, 84], we first formally define Machine Un-
learning (MU), i.e., static unlearning scenario. We then ex-
tend this definition to Incremental Unlearning (IU), i.e., dy-
namic unlearning scenario, where deletion requests arrive
sequentially.

Let M be a pre-trained model trained on the dataset
D. We denote the mapping relationship of the model as
fM(XD)→ YD, where XD and YD represent the input set
and output set, respectively. For MU, we partition D into
Df (forgetting classes) and Dr (remaining classes), under
the constraint |Dr|+ |Df | ≪ |D|. The forgetting algorithm
F producesM′ = F (M,Df ,Dr), altering the following
mappings:

fM′(XDf
) ̸−→ YDf

, fM′(XDr) −→ YDr . (1)

Here, ̸−→ means the mapping relationship no longer holds.
For IU, let there are a sequence of unlearning task,

{T1, T2, · · · , TT } and T is the number of unlearning tasks.
And {Df,t,Dr,t} is the forgetting classes and remaining
classes belonging to Tt, where Dr,t = D − ∪ti=1Df,i.
Starting from M0 = M, the forgetting algorithm F it-
eratively processes till t-th unlearning task Tt to generate
Mt = F (Mt−1,Df,t,Dr,t) which holds the followings:

fMt(XDf,i
) ̸−→ YDf,i

, fMt(XDr,j ) −→ YDr,j , (2)

4. Methods
In this section, we introduce FG-OrIU, a comprehensive
framework for Incremental Unlearning (IU) in pre-trained
models (PTM). By imposing orthogonal constraints on both
feature representations and gradient updates, FG-OrIU en-
sures thorough removal of unwanted knowledge while pre-
serving performance on remaining classes. An overview of
the framework is shown in Figure 2.

4.1. Feature Subspace Decomposition
PTMs acquire implicit knowledge from pre-training data,
benefiting downstream tasks during inference. Unlearn-
ing aims to selectively remove the influence of forgetting
classes from the PTM [10]. Unlike explicit knowledge in
traditional Knowledge Bases (KBs) [49, 55], which can be
directly edited, the knowledge in PTMs is implicit and inter-
twined across all parameters [10, 43, 88]. Effective unlearn-
ing requires precisely identifying feature spaces for forget-
ting and remaining. To achieve this, we decompose features
into two subspaces: one capturing forgetting-class contri-
butions and the other preserving remaining-class knowl-
edge. Specifically, we perform singular value decomposi-
tion (SVD) on the feature matrix of forgetting classes and
use the span of its dominant singular vectors to define the
forgetting subspace. Similarly, we apply the same proce-
dure to the remaining classes to construct its subspace. We
then detail the process as follows.

Given a PTM, M, we construct a representation ma-
trix Rf,i =

[
x1,i, . . . ,xnfi

,i

]
∈ Rnfi

×d at each layer l,
where columns correspond to representations of nfi sam-
ples from the remaining classes Df ,i, and d is the output
dimension3. SVD is applied to Rf,i = Uf,iΣf,i(Vf,i)

T ,
followed by its k-rank approximation (Rf,i)k satisfying
||(Rf,i)k||2F ≥ ϵ||Rf,i||2F for a threshold ϵ. The sub-
space Sf,i = span {Bf,i} is defining using the first k vec-
tors Bf,i = {u1,i, . . . ,uk,i} from Uf,i, capturing direc-
tions with the highest singular values. Similarly, the fea-
ture matrix Rr,i for remaining classes Dr,i defines the sub-
space Sr,i = span {Br,i}. The two sets of layer-wised
feature subspace, {S1f,i, . . . ,Slf,i} and {S1r,i, . . . ,Slr,i}, rep-
resent the core part for forgetting and remaining classes,

3Here, we omit the notation l for simplicity.
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Figure 2. Overview of FG-OrIU: (a) For each unlearning task, we decompose the layer-wised- forgetting and remaining subspace
separately (Sec. 4.1). (b) LoRA is inserted at each layer, with constraints applied at both the feature and gradient levels for forgetting and
remaining (Sec. 4.2). (c) For new unlearning tasks, the forgetting subspace expands while the remaining contracts (Sec. 4.3).

respectively, isolating features to be erased while preserv-
ing those to retain. By explicitly decomposing feature sub-
spaces across all layers, we strengthen supervision signals
for parameter updates and mitigate the risk of gradient ob-
fuscation [2] in deep networks, where gradient inaccura-
cies caused by layer-wise nonlinear transformations could
otherwise weaken the unlearning effect. This multi-layer
constraint ensures consistent suppression of forgetting class
features throughout the model hierarchy.
4.2. Dual Orthogonal Projection
Prior to unlearning task Ti, we freeze both the backbone and
the classification head of the PTM and insert lightweight
LoRA modules [30] at each layer. We then denote the
model with LoRA inserted asMθ, where θ represents the
trainable parameters in LoRA. After unlearning, the updates
in LoRA, θ∗, will be merged into the initial weight of the

backbone,Mi
θ∗

−→
merge

Mi+1.

Building on the feature subspaces Sf and Sr defined in
Section 4.1, we propose a dual orthogonal projection mech-
anism that operates through both forward feature alignment
and backward gradient correction.

4.2.1. Feature Orthogonal Projection
Inspired by [56, 78], for forgetting classes, achieving thor-
ough removal at the feature level requires that the features
generated by the unlearned model, Mθ, deviate as much
as possible from the feature subspace Sf . Meanwhile, we
aim to ensure that the unlearned model’s feature subspace
for remaining classes aligns with Sr. The orthogonality
constraint between Sf and the unlearned features serves as
a critical mechanism for facilitating class-specific forget-
ting: under a fixed classification head, features orthogonal
to the original subspace Sf induce maximal perturbations
in class logits, as the inner product between orthogonal vec-
tors diminishes to zero. This forces the unlearned model to
suppress discriminative patterns associated with forgetting

classes in its intermediate representations. To do so, we
propose the following two regularization constraints. For
forgetting classes, let xf denote a batch of forgetting sam-
ples from Df ,i, and hl

f denote the l-th layer features gained
with the unlearned modelMθ. For complete forgetting, we
enforce:

hl
f ⊥ Slf,i ⇒ min ||Pl

fh
l
f ||2F (3)

where Pl
f = Bl

f,i(B
l
f,i)

⊤ is the projection matrix for the
forgetting subspace Slf,i and || · ||2F is the F-norm. Eq.(3)
ensures that the features of Df ,i gained from the unlearned
modelMθ lie outside the original feature subspace gained
fromM, erasing the unwanted information. Thus, we de-
fine the fop-f loss:

Lfop−f =

m∑
l=1

||Pl
fh

l
f ||2F . (4)

where m denotes the total number of layers in the PTM.
For remaining classes, we follow previous works and apply
the standard cross-entropy loss by constraining the model’s
final output, as follows:

Lce = L(XDr,1
,YDr,1

), (5)

where L denotes the cross-entropy loss function. In addi-
tion, we also propose applying explicit constraint at the fea-
ture level for the remaining classes to better preserve the
desired information. Specifically, xr denote a batch of re-
maining samples from Dr,i, and and hl

r denote the l-th
layer features gained with the unlearned model Mθ. For
better preservation, we maintain feature fidelity through:

min ||hl
r −Pl

rh
l
r||2F (6)



where Pl
r = Bl

r,i(B
l
r,i)

⊤ is the projection matrix for the
remaining feature subspace Slr,i.

Eq.(6) ensures that the features of Dr,i gained from the
unlearned model Mθ, align with the orignal feature sub-
space gained fromM, maintaining the better preservation.
Therefore, We draw the following fop-r loss:

Lfop−r =

m∑
l=1

||hl
r −Pl

rh
l
r||2F . (7)

Finally, the total loss is:

Ltotal = Lce + λ1Lfop−f + λ2Lfop−r, (8)

where λ1, λ2 are the coefficients during training.

4.2.2. Gradient Orthogonal Projection
To prevent parameter updates from reintroducing forgotten
knowledge while preserving retained features, we design
a gradient correction mechanism inspired by gradient pro-
jection techniques in multi-task learning [79] and continual
learning [51, 86]. Given the raw gradient gl at layer l, we
apply the following modifications:

ĝl = gl − g′
l − g′′

l (9)

= gl − gl(I −Bl
f,i(B

l
f,i)

⊤
)︸ ︷︷ ︸

(term1:gop−f)

− glB
l
r,i(B

l
r,i)

⊤︸ ︷︷ ︸
(term2:gop−r)

,

Term (gop-f), g′
l: Removing the components of gl that

are orthogonal to Slf,i not only amplifies updates focus-
ing on directions most critical for encoding forgetting class
features, but also blocks parameter updates that could re-
introduce removed knowledge.
Term (gop-r), g′′

l : We aim to ensure that forgetting spe-
cific classes does not affect the remaining classes. Formally,
for the unlearned model fMθ

and xr from the remaining
classes Dr,i, the following equation holds: fMθ

(xr) =
fM(xr). Specifically, we consider the input and output of
layer l as follows:

Wlxr +∆θlxr = Wlxr

∆θlxr = 0 (10)

where ∆θl represents the change in the LoRA parameters
inserted at layer l, which corresponds to its gradient. Wl

is the parameter at layer l from the pre-trained model, and
these parameters remain frozen during unlearning.

Eq.(10) indicates that if the update direction of the pa-
rameters, i.e., the gradient of the trainable LoRA parame-
ters, lies in the complementary space of Slr,i, i.e., gl ⊥ Slr,i,
then ∆θxr = ηglxr = 0 (where η is the learning rate),
ensuring that the unlearned model’s performance on the re-
maining classes is not affected. Therefore, we further refine
the gradient by removing its components along Slr,i.

Finally, modified gradient ĝl serves the real gradient for
parameter updates at the layer l.

4.3. Dynamic Subspace Adaptation
When encountering a new unlearning task Ti+1, our method
only needs to update the two decomposed feature sub-
spaces. Since the forgetting classes Df ,i+1 in Ti+1 are a
subset of the remaining classes from the previous task Ti,
i.e., Df ,i+1 ⊆ Dr,i, the feature subspaces can be efficiently
adjusted. For simplicity, we omit the notion l of layers.

We first construct a representation matrix Rf,i+1 using
only the forgetting classes Df ,i+1. Before applying SVD
and k-rank approximation, we remove common bases al-
ready present in Sf,i to ensure newly added bases are unique
and orthogonal to existing ones:

R̂f,i+1 = Rf,i+1 −Bf,i (Bf,i)
T
(Rf,i+1) (11)

= Rf,i+1 −Rproj
f,i+1. (12)

Next, we perform SVD on R̂f,i+1 =

Ûf,i+1Σ̂f,i+1(V̂f,i+1)
T and select h new orthogonal

from Ûf,i+1. Then, the feature subspace of forgetting
classes is expaneded as Sf,i+1 = span {Bf,i+1}, where
Bf,i+1 = [Bf,i;u1, . . . ,uh] with h new bases from
Ûf,i+1. And the feature subspace Sr,i+1 of remaining
classes is contracted to remove the overlapping features
accordingly.

5. Experiment
5.1. Experimental Setup
Datasets, Benchmarks and Pre-trained Models.
Following [83], we evaluate FG-OrIU on Classification and
Recognition tasks. For classification, we use ImageNet-
100 [50], CUB-200 [60], and Omnibenchmark [82], with a
ViT-B/16 [17] pre-trained in PyTorch [42]. For face recog-
nition, we use CASIA-Face100 [83], a subset of CASIA-
WebFace [76], and MS-Celeb-100, sampled from [28]. The
pre-trained model is the Face Transformer from [87]. We
focus on class-unlearning scenarios with two benchmarks:
(a) MU, varying numbers of classes are removed; (b) IU,
20 classes are removed per task over 4 tasks. All setting is
in the form of Y-X, which means experiments start from
a PTM (Y classes originally) and forget X classes. More
details about implementations are in Appendix A.
Metrics. Following [83], we evaluate performance us-
ing average accuracy (Acc) for both forgetting and remain-
ing classes. The accuracy for forgetting classes should
approach zero, while the accuracy for remaining classes
should remain close to the original model’s performance.
Additionally, we adopt the H-Mean [54] metric to assess
overall performance after learning task Tt, computed as:

H-Mean(t) =
2Acc

(t)
r ·Drop(t)

Acc
(t)
r +Drop(t)

. (13)

Here Acc
(t)
r represents accuracy on the retained dataset

after task Tt, while Drop(t) = Acc
(t−1)
f − Acc

(t)
f mea-



Methods Tunable
Ratio ↓

100-5 100-10 100-50 100-90

H ↑ Accr ↑ Accf ↓ H ↑ Accr ↑ Accf ↓ H ↑ Accr ↑ Accf ↓ H ↑ Accr ↑ Accf ↓
Pre-train - - 73.85 70.88 - 73.81 72.74 - 72.45 74.88 - 72.32 73.86

L2∗ 99.73% 67.13 66.96 3.58 67.74 64.87 1.86 64.39 56.61 0.24 52.45 40.68 0.04
EWC∗ 99.73% 69.65 68.69 0.24 69.16 65.92 0.00 62.48 53.61 0.00 44.41 31.75 0.00
MAS∗ 99.73% 69.73 69.29 0.72 69.38 66.41 0.12 62.67 53.88 0.00 46.79 34.24 0.00
LwF 99.73% 67.95 68.55 0.00 70.08 67.62 0.00 63.81 55.59 0.00 61.25 52.32 0.00
DER 99.73% 69.70 68.55 0.00 70.08 67.62 0.00 63.81 55.59 0.00 57.03 46.44 0.00
DER++ 99.73% 69.70 68.56 0.00 70.58 68.55 0.00 64.61 56.82 0.00 61.40 52.54 0.00
FDR 99.73% 70.31 69.74 0.00 70.03 67.51 0.00 65.40 58.04 0.00 53.85 42.37 0.00

Retrain 100.00% 16.49 9.33 0.00 18.02 10.28 0.00 19.71 11.35 0.00 46.47 33.90 0.00
SCRUB 99.73% 67.78 64.94 0.00 68.26 64.31 0.00 65.82 58.71 0.00 16.11 9.04 0.00
SCRUB-S 99.73% 70.29 69.95 0.24 71.19 69.81 0.12 57.49 51.20 9.34 17.53 9.94 0.00
LIRF∗ 50.66% 25.56 67.67 55.13 26.35 65.83 56.26 47.13 58.95 35.62 54.49 44.29 3.06
GS-LoRA 1.28% 71.02 71.16 0.00 71.76 70.81 0.00 71.29 68.05 0.02 73.71 73.56 0.00
GS-LoRA++ 1.28% 71.12 71.36 0.00 72.04 71.35 0.00 71.56 68.52 0.00 72.85 71.86 0.00

FG-OrIU 1.28% 71.78 72.71 0.00 72.52 72.31 0.00 74.18 73.51 0.00 75.49 77.15 0.00

Table 2. Static Machine Unlearning results for face recognition task on CASIA-Face100. Accr (%) and Accf (%) are the accuracies of
remaining and forgetting classes. ∗ denotes the original methods with a rehearsal buffer. Retrain represents retraining the model using
replay data and the training epoch is the same as other methods to ensure a fair comparison. Pre-train denotes the results before forgetting.
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Figure 3. Accuracy on forgetting classes when recovering on
CASIA-Face100. The line (Pre-train) is the result before unlearn-
ing. The line (FG-OrIU) is Our method.

sures the performance drop on forgetting classes before and
after training. After unlearning task Tt, we evaluate per-
formance on all previously forgetting classes from tasks
T1, T2, · · · , Tt−1.
Baselines. Following [83], we compare FG-OrIU against
(a) continual learning (CL) methods, including L2 regu-
larization, EWC [34], MAS [1], LwF [37], DER [6], and
FDR [3], as well as (b) machine unlearning (MU) methods
such as BAD-T [12], LIRF [75], SCRUB/SCRUB-S [36],
GS-LoRA/GS-LoRA++ [83, 84], and retraining. To ensure
forgetting occurs in the backbone, we freeze the classifica-
tion head for all methods. In the retraining setup, we train a
randomly initialized model using replay data, ensuring the
number of training epochs matches that of other methods.
5.2. Results and Comparison
Table 2 presents the results for static Machine Unlearn-
ing task. FG-OrIU exhibits significantly degraded perfor-
mance on forgetting classes while maintaining the perfor-

mance of remaining classes. For example, in the settings
where 50 and 90 classes are removed per task, FG-OrIU
achieves improvements of 2.62% and 2.64% in H , and
4.99% and 5.29% in ACCr compared to GS-LoRA. No-
tably, FG-OrIU keeps the pre-trained model frozen and only
trains the LoRA modules, enabling effective and efficient
forgetting. Table 3 and 4 show the results for Incremen-
tal Unlearning task. FG-OrIU consistently outperforms all
methods. Specifically, CL methods struggle to achieve ef-
fective forgetting on ImageNet100, as seen in DER, which
retains high ACCf of 10.40%, 10.90%, 8.80%, and 3.40%
across four tasks, respectively. On the other hand, MU
methods fail to maintain their forgetting effect over sequen-
tial unlearning tasks. For example, LIRF and SCRUB-S
show an increase in ACCo on CASIA-Face100, which be-
comes more pronounced as the sequence of unlearning tasks
grows. GS-LoRA is specifically designed for IU. Com-
pared to it, our method achieves better forgetting while also
demonstrating superior performance in preserving the re-
maining classes, i.e., substantial improvements in ACCr,
particularly in long-sequence unlearning scenarios, achiev-
ing gains of 5.15% and 4.6% in the fourth unlearning task
on two different datasets, respectively.

5.3. Ablation Study
Our FG-OrIU consists of four components, i.e., feature or-
thogonal projection for forgetting, feature orthogonal pro-
jection for remaining, gradient orthogonal projection for
forgetting, and gradient orthogonal projection for remain-
ing, denoted as fop-f, fop-r, gop-f, and gop-r. We in-
dependently remove each of these components to demon-
strate their individual contributions. We observe that when
the regularization term or gradient modification related to
remaining is removed, the performance on the remaining



Methods
Task 1(100-20) Task 2(80-20) Task 3(60-20) Task 4(40-20)

H ↑ Accr ↑ Accf ↓ H ↑ Accr ↑ Accf ↓ Acco ↓ H ↑ Accr ↑ Accf ↓ Acco ↓ H ↑ Accr ↑ Accf ↓ Acco ↓

Pre-train - 74.31 74.65 - 74.50 73.80 - - 74.80 73.91 - - 74.47 75.11 -

L2∗ 66.91 62.13 2.16 66.66 61.74 1.37 9.36 66.42 61.37 1.54 11.83 66.95 61.02 0.97 8.00
EWC∗ 67.71 61.95 0.00 67.71 62.55 0.00 0.00 67.09 61.43 0.00 0.10 68.02 62.14 0.00 0.23
MAS∗ 67.52 61.63 0.00 68.12 63.25 0.00 0.00 68.15 63.23 0.00 0.03 67.70 61.61 0.00 0.00
LwF 69.43 65.04 0.21 69.94 66.47 0.00 0.21 70.34 67.11 0.00 0.00 70.89 67.12 0.00 0.04
DER 70.75 67.24 0.00 68.88 64.58 0.00 0.00 68.95 64.62 0.00 0.00 69.41 64.51 0.00 0.00
DER++ 70.01 65.90 0.00 68.99 64.77 0.00 0.00 69.96 66.42 0.00 0.00 69.85 65.28 0.00 0.00
FDR 68.29 62.92 0.00 67.39 62.01 0.00 0.00 69.16 64.99 0.00 0.00 72.51 70.08 0.00 0.00

Retrain 17.29 9.77 0.00 31.12 19.72 0.00 0.00 41.17 28.80 1.72 0.00 52.44 41.77 4.66 0.09
BAD-T 68.90 63.97 0.00 69.56 65.95 0.21 0.00 70.21 66.87 0.00 0.34 72.71 70.46 0.00 0.04
LIRF∗ 30.59 64.46 54.60 34.05 62.03 50.34 43.50 44.56 62.53 39.29 36.58 40.36 62.62 45.34 27.96
SCRUB 70.39 66.59 0.00 70.55 67.85 0.32 0.00 71.01 68.33 0.00 0.44 73.36 71.68 0.00 0.05
SCRUB-S 72.41 70.34 0.05 70.06 71.53 5.16 15.22 73.38 73.09 0.24 15.81 75.33 76.24 0.68 6.47
GS-LoRA 74.40 74.16 0.00 73.59 73.37 0.00 0.05 74.36 74.88 0.06 0.00 73.76 72.45 0.00 1.93
GS-LoRA++ 73.97 74.16 0.00 73.48 73.16 0.00 0.10 74.20 74.51 0.00 0.00 75.23 75.36 0.00 0.00

FG-OrIU 74.45 74.25 0.00 74.64 75.50 0.00 0.00 75.49 77.14 0.00 0.00 77.71 80.51 0.00 0.00

Table 3. Incremental Unlearning results for face recognition task on CASIA-Face100. Acco (%) is the accuracy of old tasks, i.e., the
accuracy on all previously forgetting classes in task {T1, . . . , Tt−1}. With four tasks, each forgetting 20 classes, desired forgetting should
consider both Accr and Accf . We bold the best and underline the second-best H results.

Methods
Task 1(100-20) Task 2(80-20) Task 3(60-20) Task 4(40-20)

H ↑ Accr ↑ Accf ↓ H ↑ Accr ↑ Accf ↓ Acco ↓ H ↑ Accr ↑ Accf ↓ Acco ↓ H ↑ Accr ↑ Accf ↓ Acco ↓

Pre-train - 89.93 87.40 - 90.03 89.60 - - 89.65 90.80 - - 92.80 86.50 -

L2∗ 79.39 88.33 15.30 83.59 88.37 10.30 48.10 84.01 88.20 10.60 37.15 82.72 89.90 9.90 20.97
EWC∗ 82.69 78.55 0.10 85.71 82.57 0.50 0.20 87.33 84.90 0.90 2.90 86.93 89.50 2.00 8.27
MAS∗ 80.44 74.50 0.00 81.51 74.77 0.00 0.60 82.18 75.05 0.00 0.60 81.93 77.90 0.10 1.77
LwF 85.82 85.15 0.90 87.26 85.40 0.40 2.40 87.35 84.15 0.00 2.35 86.05 85.70 0.10 1.07
DER 82.88 89.73 10.40 84.22 90.57 10.90 50.80 86.36 91.20 8.80 42.00 88.52 94.70 3.40 24.90
DER++ 83.45 89.73 9.40 84.13 90.63 11.10 50.10 87.50 91.30 6.80 40.40 89.24 94.80 2.20 20.80
FDR 29.51 17.78 0.50 36.21 22.70 0.10 0.00 40.79 26.30 0.00 0.00 47.91 33.50 2.40 1.27

Retrain 48.20 33.28 0.00 56.28 41.30 1.30 0.00 61.14 47.55 5.20 0.20 67.23 60.60 11.00 0.53
BAD-T 74.74 65.29 0.00 78.09 69.21 0.00 0.10 76.65 66.32 0.00 0.00 76.25 68.17 0.00 0.00
LIRF∗ 52.72 64.28 42.71 61.05 69.83 35.36 32.15 60.96 60.32 29.18 30.91 58.51 68.46 35.41 21.04
SCRUB 75.87 67.03 0.00 76.23 66.33 0.00 0.00 75.46 64.55 0.00 0.00 77.56 70.30 0.00 0.00
SCRUB-S 83.44 79.83 0.00 82.59 76.60 0.00 0.10 79.81 71.20 0.00 0.00 78.23 71.40 0.00 0.07
GS-LoRA 86.13 85.00 0.10 87.33 85.27 0.10 1.10 87.84 85.15 0.10 0.35 86.30 86.30 0.20 0.07
GS-LoRA++ 86.63 85.98 0.10 87.22 85.23 0.30 0.30 87.48 84.40 0.00 0.60 87.00 87.50 0.00 0.07

FG-OrIU 87.01 86.73 0.10 88.45 87.43 0.10 0.10 88.90 87.35 0.30 0.00 89.15 92.10 0.10 0.00

Table 4. Incremental Unlearning results for classification task on ImageNet100.

Variants
Task 1(100-20) Task 2(80-20)

Accr ↑ Accf ↓ Accr ↑ Accf ↓ Acco ↓

Pre-train 74.30 74.60 74.50 73.80 -
FG-OrIU 74.25 0.00 75.50 0.00 0.00

w/o fop-f 73.01 0.20 76.24 0.42 1.28
w/o gop-f 73.92 0.10 76.58 4.37 0.82
w/o fop-r 73.92 0.05 74.98 0.21 0.15
w/o gop-r 71.45 0.00 73.96 0.00 0.00

Table 5. Ablation studies on CASIA-Face100.

classes significantly declines. Meanwhile, when the regu-
larization term or gradient modification related to forgetting
is removed, the performance on the forgetting classes shows
a slight improvement. Thus, each component provides clear
benefits in achieving a better trade-off between forgetting
and remaining while preserving the old forgetting effect.
5.4. Discussion
IU is designed to ensure strict privacy protection. This
raises several key questions: (a) Does the unlearned model

Exps Metirc Pre-train DER FDR SCRUB GS-LoRA Ours

Exp1
SSIM 0.94 0.60 0.34 0.75 0.39 0.01
PSNR 31.32 21.22 16.89 23.40 17.60 8.37

Exp2
SSIM 0.95 0.49 0.66 0.63 0.38 0.02
PSNR 31.15 19.17 22.15 21.12 17.32 8.72

Exp3
SSIM 0.93 0.53 0.49 0.60 0.41 0.01
PSNR 31.10 20.03 19.83 22.01 15.92 8.55

Table 6. SSIM ↑ and PSNR(db) ↑ scores for the reconstructed
images using DIP. Here, Pre-train serves as the upper bound.

still retain any private information? (b) Can the forgetting
effect be reversed? and (c) How does unlearning impact the
feature subspace? To address these questions, we design the
following experiment.
5.4.1. Semantic Residual Analysis
We first investigate the semantic information contained in
features after unlearning. We utilize Deep Image Prior
(DIP) [59] to reconstruct an image from the features ob-



(a) Pre-train  (b) Ours (c) GS-LoRA
Figure 4. TSNE visualization with 5 forgetting classes and 10 remaining classes, using different model as feature extractor: (a) the pre-
trained model, (b) the unlearned model through FG-OrIU, and (c) through GS-LoRA.

tained from the last layer of the unlearned model. Figure 1
presents the visualization of the reconstructed image, which
allows us to infer the semantic information encoded in fea-
tures. More results are provided in the Appendix D.

Additionally, we measure the SSIM and PSNR scores for
the images generated by DIP from the unlearned model us-
ing different IU methods as a quantitative results. As shown
in Table 6, the SSIM values of the reconstructed images
from the compared methods range between 0.35 and 0.75,
with the highest being 0.75 for SCRUB on exp1, while the
PSNR values range between 16 and 24, with the highest be-
ing 23.40 for SCRUB on exp1. This indicates that the recon-
structed image achieves a high similarity with the original
image, suggesting that the information in features has been
partially preserved. In contrast, our method yields an SSIM
of only 0.01 and a PSNR of 8.55, indicating a significant
difference between the reconstructed and original images.
This suggests that the semantic information at the feature
level has been substantially obfuscated.

5.4.2. Forgetting Recoverable Analysis
Given an unlearned model obtained through different IU
methods, we freeze its backbone and retrain a new clas-
sification head using the entire training dataset, which in-
cludes both forgetting and remaining classes. As illustrated
in Figure 3, MLP* represents a trivial unlearning method
where the classification head’s parameters for the forgetting
classes are simply set to zero. Consequently, the underly-
ing features remain intact, enabling effortless recovery of
the forgotten knowledge. Additionally, existing IU meth-
ods primarily impose constraints on the final output rather
than directly modifying feature representations. As a result,
while features may be weakened to some extent, their core
structure remains largely unchanged. Thus, these methods
allow the forgotten knowledge to be recovered to 15%–70%
of its original performance, which leads to superficial for-
getting. In contrast, our method achieves deep forgetting,
making recovery infeasible.

5.4.3. Feature Subspace Analysis
To analyze the impact of direct constraints on features and
gradients for forgetting and remaining classes, we conduct
an experiment. We remove 20 classes while retaining 80,
then extract features from 5 forgetting and 10 remaining
classes and visualize them using t-SNE.

A key observation is that GS-LoRA causes some forget-
ting class samples to move closer to or even overlap with
certain remaining class samples (e.g., F21, F74 → R92 in
c). This suggests that merely applying constraints at the
final output, resulting in degraded features from the forget-
ting classes entangling with those of the remaining classes.
Consequently, this degradation negatively impacts the per-
formance of the remaining classes. In contrast, our method
enforces forgetting at both feature and gradient level, ensur-
ing that features from the forgetting classes do not shift to-
ward any remaining class but instead become linearly insep-
arable within the forgetting set. Notably, an unexpected yet
beneficial side effect emerges: in the original PTM, certain
remaining class samples (e.g., R59) were slightly entangled
with forgetting classes (e.g., F90 and F46). However, after
applying our method, these classes become completely dis-
entangled. This observation aligns with the results in Table
3, where the accuracy of the remaining classes improves af-
ter unlearning (e.g., 75.36→ 80.51), demonstrating that our
method not only enhances forgetting effectiveness but also
benefits the generalization of the remaining classes.

6. Conclusion
In this work, we propose FG-OrIU for incremental unlearn-
ing in vision PTMs. By enforcing orthogonal constraints on
both features and gradients, FG-OrIU achieves irreversible
forgetting while maintaining performance on the remain-
ing classes. Its dynamic subspace adaptation ensures robust
handling of sequential deletion requests. Extensive experi-
ments confirm its superiority. While FG-OrIU is designed
for class-level unlearning, extending it to sample-level set-
tings remains a promising direction for future work.
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FG-OrIU: Towards Better Forgetting via Feature-Gradient Orthogonality for
Incremental Unlearning

Supplementary Material

Overview. In this supplementary material, we provide the
source code in the ‘FG-OrIU’ folder and present additional
experiments related to our method as follows:

In Section A, we provide detailed information about the
datasets used, the benchmarks constructed separately for
machine unlearning and incremental unlearning, the pre-
trained models adopted along with their sources, and the
hyperparameters used in our experiments.

In Section C, we provide the pseudocode of our FG-OrIU
method.

In Section B, we present additional experimental results
in the IU scenario, including results from the face recogni-
tion and image classification tasks. Furthermore, we pro-
vide additional visualization results using T-SNE.

In Section D, we provide a detailed introduction to Deep
Image Prior, the technique used for feature reconstruction
in this work, including its principles, implementation, and
additional visualization results.

A. Implementation Details
In this section, we discuss the detailed implementation
in FG-OrIU, including the introduction of datasets, selec-
tion or pre-training of the pre-trained models, and hyper-
parameters.

A.1. Datasets
In this section, we introduce the datasets used in this pa-
per. The details of the five adopted datasets are listed in Ta-
ble 7. Specifically, CASIA-Face100 is a subset of CASIA-
WebFace [76], provided by [83]. Following a similar ap-
proach, we sample a subset with 100 face identities from the
large-scale face dataset MS-Celeb-1M [28]. Additionally,
CUB200, ImageNet-100, and OmniBenchmark are widely
used benchmark datasets for continual learning, frequently
adopted in studies such as [15, 16, 19, 20, 41, 45, 57, 58, 62–
65, 67–70].

A.2. Pre-Trained Models
Before performing unlearning, we first need to obtain a pre-
trained model. Therefore, to validate that our method can be
flexibly scaled and effectively applied across models of dif-
ferent parameter sizes for incremental unlearning, we eval-
uate multiple pre-trained models, detailed as follows:
Face Recognition Task on CASIA-Face100 Dataset

Following [83], we train a face transformer with six
transformer blocks from scratch on the CASIA-Face100
dataset and use it as the original model.

Face Recognition Task on MS-Celeb-100 Dataset
We directly utilize the checkpoints released by [87],

specifically a face transformer with 20 transformer blocks.
This model was pre-trained on the large-scale face dataset
MS-Celeb-1M [28], and the released checkpoint includes
a classification head with a dimensionality of 93,431. We
then freeze the backbone and perform a linear probe, re-
training a classification head with a dimensionality of 100
on the MS-Celeb-100 dataset to obtain the original model.
Image Classification Task on ImageNet-100 Dataset

Following [83], we use the pre-trained ViT-B/16 model
[17], which was trained in PyTorch [42] on ImageNet-21K
[13], as the original model.
Image Classification Task on CUB-200 dataset

We utilize the pre-trained ViT-B/16 model, freeze its
backbone, and perform a linear probe by retraining a classi-
fication head with a dimensionality of 200 on the CUB-200
dataset to obtain the original model.
Image Classification Task on OmniBenchmark Dataset

Similarly, we use the pre-trained ViT-B/16 model, freeze
its backbone, and perform a linear probe by retraining a
classification head with a dimensionality of 300 on the Om-
niBenchmark dataset to obtain the original model.

A.3. Implementations and Hyper-Parameters
We follow the implementation of GS-LoRA4 [83] to
re-implement all the compared methods, including L2*,
EWC*, MAS*, LwF, DER, DER++, FDR, Retrain, BAD-T,
LRIF*, SCRUB, SCRUB-S, GS-LoRA, and GS-LoRA++.
To ensure a fair comparison, we strictly follow the im-
plementation details provided in [83], including data aug-
mentation strategies and random seed settings. Following
[66, 83], all results are averaged over five runs with differ-
ent seeds (42, 288, 488, 688, 1337). We use 1 4090 GPU
for experiments in Face recognition Task and 1 A800 GPU
for experiments in Image Classification Task.

Our FG-OrIU method involves three hyperparameters:
λ1, λ2, and ϵ. The first two coefficients control the orthog-
onal constraints applied at the feature level. To analyze the
impact of these coefficients in Eq. (8) on both forgetting and
retention, we conduct experiments with different values of
λ1 and λ2. The results are presented in Figure 5.

We vary λ1 across {0.1, 0.2, 0.5, 1, 5} and find that the
model achieves optimal performance when λ1 = 1. Sim-
ilarly, we experiment with λ2 values of {0.1, 0.2, 0.5, 1,

4https://github.com/bjzhb666/GS-LoRA



Table 7. Introduction about benchmark datasets. CASIA-Face100 and MS-Celeb-100 are for Face Recognition Task. CUB-200, ImageNet-
100, and OmniBenchmark are for Image Classification Task.

Dataset # training instances # testing instances # Classes Link

CASIA-Face100 35713 8984 100 Link
MS-Celeb-100 10,517 2684 100 Link

CUB-200 9,430 2,358 200 Link
ImageNet-100 130,000 5000 100 Link
OmniBenchmark 89,668 5,983 300 Link

5} and observe that our method attains the highest accuracy
when λ2 = 0.2.

The parameter ϵ serves as a threshold for both construct-
ing the feature subspace and its dynamic adaptations. Fol-
lowing [51, 86], we set ϵ = 0.99 as the default value.

B. Extra Experimental Evaluations
B.1. Additional Results on Computational cost and

memory overhead
FG-OrIU is designed for efficiency. Both the SVD step 4.1
and dynamic subspace updates 11 are performed only once
per task. Profiling with ptflops shows the extra computa-
tional cost is only ≈1.5 GFLOPs per layer, compared to
≈17 GFLOPs per layer for ViT-B/16.

In terms of memory, we provide detailed subspace statis-
tics using the 6-layer Face-Transformer. In Task 1, the num-
ber of bases per layer is [13,33,49,55,27,19] for the for-
getting subspace and [14,35,55,71,65,69] for the remain-
ing subspace; in Task 4, [14,35,55,71,64,67] (increases) and
[14,33,49,57,34,20] (decreases). Each base is a 768-dim
float32 vector, requiring only ≈0.2–0.3 MB per layer,far
smaller than storing raw features/activations.

To further assess practical impact, we compare wall-
clock Runtime and peak GPU memory with baseline meth-
ods. As shown in Table 8, FG-OrIU remains lightweight
with moderate Runtime and GPU usage, while achieving
the highest performance with a notable gain over all base-
lines.

Metric SCRUB DER++ GS-LoRA FG-OrIU
Runtime (s) / GPU Memory (MiB) 1900/3753 2100/9611 2700/6299 4000/6371
Performance (H-Mean via Eq.13) 73.36 69.85 73.76 77.71

Table 8. Runtime and GPU memory comparison on A800 GPU.

B.2. Additional Comparison under Identical Tun-
able Ratio

A lower tunable ratio enhances parameter efficiency and
mitigates interference with remaining-class representations,
thereby better preserving retention performance. To further
investigate this effect, we conducted additional experiments

under a fixed tunable ratio of 1.28%, consistent with GS-
LoRA and FG-OrIU, where the backbone is frozen and only
the LoRA modules are trainable. As shown in Table 9, al-
though reducing the tunable ratio improves performance on
Dr, it significantly impairs forgetting effectiveness on Df .
Existing methods struggle to balance this trade-off. In con-
trast, our approach achieves a more favorable balance be-
tween forgetting and retention, while maintaining high pa-
rameter efficiency.

B.3. Additional Results on Incremental Unlearning
In this section, we conduct experiments to evaluate the scal-
ability of FG-OrIU. Specifically, we perform incremental
unlearning on the CUB-200 dataset, MS-Celeb-100, and
OmniBenchmark using pre-trained models. On CUB-200,
we set up four unlearning tasks, each with 20 classes desig-
nated as forgetting classes. On MS-Celeb-100, we similarly
set up four unlearning tasks, each with 20 forgetting classes.
On OmniBenchmark, we set up four unlearning tasks, but
each task contains 50 forgetting classes. For a fair com-
parison, we re-implemented all baseline methods, and the
corresponding results are presented in Tables 1, 2, and 3,
respectively.

B.4. Additional Results on Machine Unlearning
Furthermore, we extend our evaluation to static ma-
chine unlearning on CASIA-Face100 and ImageNet-100 by
varying the number of forgetting classes across different
settings:{1, 5, 10, 20, 40, 60, 80, 90, 95, 99}. The results for
CASIA-Face100 and ImageNet-100 are reported in Tables
13 and 14, respectively.

B.5. More Visualization Results with T-SNE
We present visualizations of the feature subspace after un-
learning 20 classes from CASIA-Face100. In Figures 6, 7,
and 8, we randomly sample five classes from the forgetting
set and ten classes from the remaining set to construct a fea-
ture matrix, which is then visualized using T-SNE. Figures
9 and 10 further illustrate the distribution of all 20 forgetting
classes and 80 remaining classes when processed by the un-
learned models obtained through our FG-OrIU method and
GS-LoRA.
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Figure 5. Ablation studies on λ1 and λ2 on ImageNet100 of Incremental Unlearning.

Method
Task 1(100-20) Task 2(80-20) Task 3(60-20) Task 4(40-20)

Accr ↑ Accf ↓ Accr ↑ Accf ↓ Acco ↓ Accr ↑ Accf ↓ Acco ↓ Accr ↑ Accf ↓ Acco ↓

EWC* 71.60 11.67 73.37 13.88 9.97 73.52 7.75 5.64 74.52 4.48 1.42
DER++ 71.92 13.11 73.37 15.46 15.21 74.15 7.04 9.72 75.47 7.44 2.23
GS-LoRA 74.16 0.00 73.37 0.00 0.05 74.88 0.06 0.00 72.45 0.00 1.93
FG-OrIU 74.25 0.00 75.50 0.00 0.00 77.14 0.00 0.00 80.51 0.00 0.00

Table 9. Extended results for Table 3 under 1.28% tunable ratio.

Based on these results, we draw the following analysis.
Prior works, such as GS-LoRA, impose constraints only at
the final output, which results in the unlearned model ex-

tracting degraded features for the forgetting classes. These
degraded features become easily entangled with those from
the remaining classes, leading to a dilemma where the



Methods
Task 1(100-20) Task 2(80-20) Task 3(60-20) Task 4(40-20)

Accr ↑ Accf ↓ Accr ↑ Accf ↓ Acco ↓ Accr ↑ Accf ↓ Acco ↓ Accr ↑ Accf ↓ Acco ↓

Pre-train 99.53 99.61 99.63 99.25 - 99.45 100.0 - 99.30 99.63 -

L2∗ 98.43 0.19 98.58 0.74 23.71 98.18 0.76 25.52 97.69 0.37 8.52
EWC∗ 99.44 0.00 99.32 0.00 0.00 99.55 0.00 0.00 98.93 0.00 0.00
MAS∗ 99.44 0.00 99.38 0.00 0.00 99.45 0.00 0.00 98.93 0.00 0.00
LwF 98.80 0.00 99.51 0.00 0.00 99.64 0.00 0.00 99.47 0.00 0.00
DER 99.72 0.00 99.69 0.00 0.00 99.90 0.00 0.00 99.46 0.00 0.00
DER++ 99.67 0.00 99.69 0.00 0.00 99.63 0.00 0.00 99.64 0.00 0.00
FDR 52.58 0.00 28.84 0.00 0.00 42.49 0.00 0.00 53.28 0.00 0.00

Retrain 38.27 0.00 50.06 1.11 0.00 57.32 11.09 0.00 64.12 25.75 1.07
BAD-T 99.13 0.00 99.62 0.00 0.00 99.58 0.00 0.00 99.77 0.00 0.00
LIRF∗ 86.35 81.64 81.81 74.03 55.64 76.71 56.60 40.87 73.00 63.99 25.05
SCRUB 99.58 0.00 99.14 0.00 0.00 98.27 0.00 0.00 97.87 0.00 0.00
SCRUB-S 99.49 0.00 99.57 0.00 0.00 99.09 0.00 0.00 98.93 0.00 0.00
GS-LoRA 99.40 0.00 99.44 0.00 0.00 99.09 0.00 0.00 99.12 0.00 0.00
GS-LoRA++ 99.35 0.00 99.45 0.00 0.00 99.00 0.00 0.00 99.29 0.00 0.00

FG-OrIU 99.80 0.00 99.71 0.00 0.00 99.88 0.00 0.00 99.70 0.00 0.00

Table 10. Incremental Unlearning results for face recognition task on MS-Celeb-100. With four tasks, each forgetting 20 classes.

Methods
Task 1(100-20) Task 2(80-20) Task 3(60-20) Task 4(40-20)

Accr ↑ Accf ↓ Accr ↑ Accf ↓ Acco ↓ Accr ↑ Accf ↓ Acco ↓ Accr ↑ Accf ↓ Acco ↓

Pre-train 62.60 66.55 61.53 61.25 - 61.67 63.56 - 61.49 63.92 -

L2∗ 64.17 0.00 64.31 3.80 15.70 68.05 4.75 26.29 64.97 2.58 21.42
EWC∗ 65.30 0.00 65.12 0.00 3.75 65.61 0.00 3.44 65.32 0.00 3.06
MAS∗ 64.30 0.00 63.82 0.00 0.00 63.15 0.00 0.25 62.47 0.00 0.64
LwF 66.51 0.00 68.62 0.00 0.00 68.61 0.18 0.17 69.34 0.00 0.17
DER 42.59 3.75 26.95 2.08 7.00 14.99 1.76 5.50 11.60 0.69 7.85
DER++ 57.37 2.56 60.19 1.90 4.26 59.87 1.93 3.44 60.63 0.69 6.29
FDR 8.00 2.21 11.32 4.15 2.05 14.94 1.93 2.57 18.79 1.71 2.31

Retrain 14.27 0.00 13.60 0.00 0.00 14.08 0.00 0.00 14.65 0.00 0.00
BAD-T 44.53 0.00 45.90 3.10 0.00 43.97 2.90 0.00 35.44 2.60 0.00
LIRF∗ 34.67 26.70 35.29 25.43 0.00 31.09 18.47 0.00 30.28 11.08 0.00
SCRUB 48.58 0.00 47.86 4.15 0.00 46.45 26.41 0.00 46.44 29.90 0.75
SCRUB-S 67.87 0.00 67.52 0.00 0.00 66.05 25.70 0.00 66.09 51.89 5.20
GS-LoRA 66.61 0.00 68.06 0.00 0.00 69.89 0.17 0.00 70.78 0.00 0.05
GS-LoRA++ 66.99 0.00 68.79 0.00 0.00 68.76 0.00 0.00 70.23 0.00 0.05

FG-OrIU 68.70 0.00 69.10 0.00 0.00 70.02 0.00 0.00 71.03 0.00 0.00

Table 11. Incremental Unlearning results for image classification task on CUB-200. With four tasks, each forgetting 20 classes.

method either fails to completely forget or significantly de-
grades the performance on the remaining classes. In con-
trast, our FG-OrIU method directly enforces constraints at
both the feature and gradient levels for both forgetting and
remaining classes, achieving thorough unlearning while ef-
fectively preventing feature entanglement between the two
sets. Furthermore, Figures 6, 7, and 8, reveal that compared
to the pre-trained model, our method enforces constraints
on features in a way that results in a more compact de-

cision boundary. This compactness reduces misclassifica-
tions, leading to slight improvements in certain cases over
the original pre-trained model.



Methods
Task 1(100-20) Task 2(80-20) Task 3(60-20) Task 4(40-20)

Accr ↑ Accf ↓ Accr ↑ Accf ↓ Acco ↓ Accr ↑ Accf ↓ Acco ↓ Accr ↑ Accf ↓ Acco ↓

Pre-train 63.93 66.23 64.48 57.39 - 65.92 64.76 - 63.80 65.16 -

L2∗ 61.37 13.03 66.23 11.96 33.37 67.62 13.71 23.08 72.75 19.47 25.73
EWC∗ 54.34 1.70 61.52 4.82 2.00 62.85 4.80 4.97 65.04 7.63 6.65
MAS∗ 50.55 0.50 54.78 0.30 0.00 55.29 1.00 0.00 57.54 1.80 0.40
LwF 58.63 1.60 58.49 2.41 1.50 64.42 2.00 1.60 63.65 3.51 1.60
DER 46.36 15.43 33.59 9.65 19.84 25.53 6.81 12.69 20.23 8.13 9.58
DER++ 59.68 12.73 62.40 7.94 11.62 66.29 7.41 7.98 68.60 12.55 7.45
FDR 1.60 0.30 2.73 3.11 0.60 6.62 2.60 1.00 12.46 0.90 1.50

Retrain 12.31 0.00 14.68 0.00 0.00 17.01 0.10 0.00 19.88 1.70 0.00
BAD-T 43.60 0.00 45.79 0.00 0.00 54.01 0.00 0.00 53.98 0.00 0.00
LIRF∗ 23.45 43.07 43.52 41.01 21.30 34.29 29.05 18.43 54.29 23.10 15.98
SCRUB 46.78 0.00 50.48 0.00 0.00 54.69 0.00 0.00 56.58 0.60 0.00
SCRUB-S 50.89 0.00 52.70 0.00 0.00 58.40 0.00 0.00 57.68 0.00 0.00
GS-LoRA 58.25 0.00 55.71 0.10 2.61 0.63 0.00 0.00 2.80 0.00 0.00
GS-LoRA++ 58.89 0.60 55.53 0.20 1.90 55.49 0.00 0.45 55.23 0.00 1.40

FG-OrIU 60.01 0.00 56.97 0.10 0.00 60.17 0.00 0.00 61.64 0.00 0.00

Table 12. Incremental Unlearning results for image classification task on OmniBenchmark. With four tasks, each forgetting 50 classes.

Methods 100-1 100-5 100-10 100-20 100-40

H ↑ Accr ↑ Accf ↓ H ↑ Accr ↑ Accf ↓ H ↑ Accr ↑ Accf ↓ H ↑ Accr ↑ Accf ↓ H ↑ Accr ↑ Accf ↓
Pre-train - 74.37 74.35 - 74.57 70.17 - 74.44 73.67 - 73.62 74.01 - 74.48 74.21
FG-OrIU 73.35 72.37 0.00 71.70 72.71 0.00 72.98 72.31 0.00 73.45 72.90 0.00 73.86 73.51 0.00

Methods 100-60 100-80 100-90 100-95 100-99

H ↑ Accr ↑ Accf ↓ H ↑ Accr ↑ Accf ↓ H ↑ Accr ↑ Accf ↓ H ↑ Accr ↑ Accf ↓ H ↑ Accr ↑ Accf ↓
Pre-train - 74.77 74.11 - 74.47 74.32 - 74.58 74.34 - 72.26 74.48 - 70.48 74.41
FG-OrIU 74.03 73.95 0.00 74.54 74.76 0.00 75.72 77.15 0.00 72.66 70.92 0.00 85.33 100.00 0.00

Table 13. Static Machine Unlearning results for face recognition task on CASIA-Face100 with varying number of forgetting classes.

Methods 100-1 100-5 100-10 100-20 100-40

H ↑ Accr ↑ Accf ↓ H ↑ Accr ↑ Accf ↓ H ↑ Accr ↑ Accf ↓ H ↑ Accr ↑ Accf ↓ H ↑ Accr ↑ Accf ↓
Pre-train - 89.35 96.0 - 89.18 94.00 - 89.47 89.00 - 88.91 90.02 - 90.03 88.50
FG-OrIU 91.60 87.58 0.00 89.69 85.75 0.00 88.11 87.24 0.00 88.45 86.93 0.00 86.24 84.10 0.00

Methods 100-60 100-80 100-90 100-95 100-99

H ↑ Accr ↑ Accf ↓ H ↑ Accr ↑ Accf ↓ H ↑ Accr ↑ Accf ↓ H ↑ Accr ↑ Accf ↓ H ↑ Accr ↑ Accf ↓
Pre-train - 89.65 89.27 - 92.80 88.50 - 93.00 89.00 - 94.80 89.14 - 88.00 89.41
FG-OrIU 86.79 84.45 0.00 86.77 85.10 0.00 86.95 85.00 0.00 92.44 96.00 0.00 94.41 100.00 0.00

Table 14. Static Machine Unlearning results for image classification task on Imagenet-100 with varying number of forgetting classes.

C. Algorithm

D. Details about DIP

D.1. DIP and Image Reconstruction

Deep Image Prior (DIP) [59] leverages the inherent struc-
ture of convolutional neural networks (CNNs) as an implicit
prior for natural images by optimizing a randomly initial-
ized CNN to reconstruct a target image from noise, progres-

sively capturing structured information before overfitting to
noise. This self-supervised approach exploits the inductive
bias of CNNs without requiring external datasets or supervi-
sion, making it effective for image restoration tasks such as
denoising, inpainting, and super-resolution [21, 23, 40, 47].
By aligning reconstructed images with feature representa-
tions from pre-trained models, DIP provides insights into
the semantic information encoded in the extracted features.

In our study, we follow [77, 85] to investigate the se-
mantic information encoded in the features extracted from
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Figure 6. T-SNE visualizations of the feature distributions for 5 forgetting classes and 10 remaining classes using (a) the Pre-trained model,
(b) the unlearned model obtained through our FG-OrIU, and (c) GS-LoRA as feature extractors.
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Figure 7. T-SNE visualizations of the feature distributions for 5 forgetting classes and 10 remaining classes using (a) the Pre-trained model,
(b) the unlearned model obtained through our FG-OrIU, and (c) GS-LoRA as feature extractors.
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Figure 8. T-SNE visualizations of the feature distributions for 5 forgetting classes and 10 remaining classes using (a) the Pre-trained model,
(b) the unlearned model obtained through our FG-OrIU, and (c) GS-LoRA as feature extractors.

the last layers of the pre-trained model and the unlearned
model. Specifically, we reconstruct images from features
corresponding to forgetting classes in the unlearned model
using DIP, then evaluate whether these reconstructions re-

tain semantic attributes of the forgetting classes through (1)
qualitative visual analysis (e.g., visualization of the recon-
structed image) and (2) quantitative assessment using SSIM
and PSNR metrics (the definition is as follows). These ap-



Algorithm 1 Pseudo code of Feature Subspace Decompo-
sition and Dynamic Subspace Adaptation

Input: Pre-trained model M and its layers N , the Pre-
trained model’s function fM, LoRA module θ, a se-
quence of unlearning task {T1, T2, · · · , TT }, forgetting
classes Df,t and remaining classes Dr,t for each unlearn-
ing task, threshold ϵ, hyper-parameter λ1 and λ2, learning
rate η
for t in {1, . . . T} do

if t = 1 then
Stage One: Feature Subspace Decomposition
for l in {1, . . . , N} do

build forgetting feature subspace
Rl

f,1 ← fM(Df,1)

U l
f,iΣ

l
f,i(V

l
f,i)

T ← SVD(Rl
f,1)

Bl
f,1 ← U l

f,i[: k]

Slf,1 = span{Bl
f,1}

build remaining feature subspace
Rl

r,1 ← fM(Dr,1)

U l
r,iΣ

l
r,i(V

l
r,i)

T ← SVD(Rl
r,1)

Bl
r,1 ← U l

r,i[: k]

Slr,1 = span{Bl
r,1}

end for
else

Stage Three: Dynamic Subspace Adaptation
update forgetting feature subspace
Slf,i ← via Eq.(11)
update remaining feature subspace
Slr,i ← via Eq.(11)

end if
Stage Two: Dual Orthogonal Projection
for each batch (xf ,xr) in (Df,t,Dr,t) do

feature orthogonal projection
Lfop−f ← via Eq.(4)
Lfop−r ← via Eq.(7)
Lce ← via Eq.(5)
Ltotal ← via Eq.(8)
for l in {1, . . . , N} do

gradient orthogonal projection
gl ← ∇θlLtotal

ĝl ← via Eq.(9)
θl ← θl − ηĝl

end for
end for

end for

proaches enable systematic evaluation of whether features
in unlearned models retain traces of semantic information
from intentionally forgotten classes.
SSIM (Structural Similarity Index)

The Structural Similarity Index (SSIM) measures the

similarity between two images. It is defined as follows:

SSIM(x, y) =
(2µxµy + C1)(2σxy + C2)

(µ2
x + µ2

y + C1)(σ2
x + σ2

y + C2)
(14)

where x and y are two images (or image patches) being
compared. µx and µy are the mean intensities of x and y,
respectively:

µx =
1

N

N∑
i=1

xi, µy =
1

N

N∑
i=1

yi (15)

where σ2
x and σ2

y are the variances of x and y:

σ2
x =

1

N − 1

N∑
i=1

(xi−µx)
2, σ2

y =
1

N − 1

N∑
i=1

(yi−µy)
2

(16)
where σxy is the covariance between x and y:

σxy =
1

N − 1

N∑
i=1

(xi − µx)(yi − µy) (17)

where C1 and C2 are small constants to stabilize the divi-
sion, typically defined as:

C1 = (K1L)
2, C2 = (K2L)

2 (18)

where L is the dynamic range of pixel values (e.g., 255 for
an 8-bit image), and K1 and K2 are small constants, com-
monly set to 0.01 and 0.03, respectively.
PSNR (Peak Signal-to-Noise Ratio)

The Peak Signal-to-Noise Ratio (PSNR) is a metric used
to measure the quality of an image compared to a reference.
It is defined as:

PSNR = 10 log10

(
L2

MSE

)
(19)

where: MSE (Mean Squared Error) is calculated as:

MSE =
1

MN

M∑
i=1

N∑
j=1

(xi,j − yi,j)
2 (20)

where xi,j and yi,j are the pixel values of the reference and
distorted images, respectively. And L is the maximum pos-
sible pixel value (e.g., 255 for an 8-bit image).

D.2. Implementation of DIP
We follow [77, 85] and the open-source implementation 5 to
implement DIP. Specifically, we use an autoencoder as the
trainable network, with an encoder composed of four con-
volutional layers with increasing channel depths (64, 128,

5https://github.com/atiyo/deep image prior



256, and 512), each followed by a ReLU activation, and
a decoder symmetric to the encoder structure but utilizing
transposed convolutional layers. The final layer applies a
Sigmoid activation to constrain pixel values between 0 and
1, ensuring a proper reconstructed image output.

During training, we use the unlearned model fM to ex-
tract the feature from a sample belonging to the forgetting
class as the training target, fM(xf ). We initialize a fixed
noise xnoise with the same size as the sample (or resize it
accordingly) and feed the noise into the AE network to ob-
tain the output fAE(xnoise). We then extract features from
fAE(xnoise) using the unlearned model fM(xf ) to obtain
fM(fAE(xnoise)). Finally, the AE network is updated by
minimizing the following loss function:

Lrecon = ||fM(fAE(xnoise))− fM(xf )||2F (21)

The reconstructed image is output every fixed number of
iterations. We obtain the unlearned model using different
IU methods and reconstruct two examples, with the recon-
struction process illustrated in Figure 11 and Figure 12, re-
spectively. In addition, we provide SSIM and PSNR metrics
during the reconstruction process to quantitatively evaluate
the reconstructed images.

D.3. More Visualization Results
Here, we provide additional visualization results of DIP on
both samples from forgetting classes and remaining classes.
We select two samples from each of the four forgetting
classes and two samples from each of the four remaining
classes. The DIP reconstruction results are presented in Fig-
ure 13 and Figure 14, respectively.
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Figure 9. T-SNE visualizations of the feature distributions for 20 forgetting classes and 80 remaining classes using the unlearned model
obtained through GS-LoRA as feature extractors.
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Figure 10. T-SNE visualizations of the feature distributions for 20 forgetting classes and 80 remaining classes using the unlearned model
obtained through our FG-OrIU as feature extractors.
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Figure 11. The image reconstruction process of example 1 from forgetting classes.
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Figure 12. The image reconstruction process of example 2 from forgetting classes.
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Figure 13. The image reconstruction of forgetting classes’ samples.
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Figure 14. The image reconstruction of remaining classes’ samples.


