
Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 9744–9763
July 2-7, 2026 ©2026 Association for Computational Linguistics

SGPVT: Self-Generated Proximal Visual Tokens for Mitigating Proximal
Collateral Damage in MLLM Unlearning

Jiaqi Li1,3*, Zhijing Zhang2, Jiahui Geng4,
Sheng Bi5, Chuanyi Zhang6, Fan Liu6, Guilin Qi2,3,†

1School of Cyber Science and Engineering, Southeast University, Nanjing, China
2School of Computer Science and Engineering, Southeast University, Nanjing, China

3Key Laboratory of New Generation Artificial Intelligence Technology and Its
Interdisciplinary Applications (Southeast University), Ministry of Education, China

4Linköping University
5Law and Innovation Lab, School of Law, Southeast University

6College of Artificial Intelligence and Automation, Hohai University, Nanjing, China
{jq1i,220252320,shengbi,gqi}@seu.edu.cn

{20231104,fanliu}@hhu.edu.cn, jiahui.geng@liu.se

Abstract

Machine unlearning in multimodal large lan-
guage models (MLLMs) aims to remove spe-
cific concepts while preserving overall utility.
However, existing approaches focus primar-
ily on general utility metrics, overlooking the
preservation of semantically related concepts.
We present the first systematic analysis of this
proximal collateral damage, revealing that for-
getting vulnerability correlates strongly with
visual embedding similarity in a smooth gradi-
ent across the semantic space. Based on this
insight, we propose a novel unlearning frame-
work that introduces Self-Generated Proximal
Visual Tokens (SGPVTs), which are syntheti-
cally perturbed visual representations around
the target concept. Our method employs an
adaptive cosine-band curriculum with a dual-
stream objective: forgetting the target via gra-
dient ascent while distilling knowledge from
a frozen teacher model into proximal tokens
to prevent degradation. Extensive experiments
demonstrate that our approach significantly out-
performs existing methods in preserving seman-
tically related concepts while achieving effec-
tive target unlearning, eliminating the need for
manual retention set curation. Our code is avail-
able at https://github.com/aoluming/sgpvt.

* J. Li and Z. Zhang contributed equally to this work and
should be considered co-first authors.

† Corresponding author.

1 Introduction

Multimodal Large Language Models (MLLMs)
(Chen et al., 2024a; Li et al., 2023; Koh et al.,
2023; Dai et al., 2023a; Fang et al., 2025a,b) have
achieved remarkable success in processing and gen-
erating content that integrates vision and language,
powered by pretraining on vast, web-scale datasets
(Zheng et al., 2023; Huang et al., 2024; Zhang et al.,
2024a; Huang et al., 2023). However, this training
paradigm causes the models to inevitably memorize
and reproduce a wide array of concepts, including
sensitive, copyrighted, or harmful content (Man-
telero, 2013; Scherer and Kiparski, 2018; Leite
et al., 2022). To mitigate these risks, researchers
have developed machine unlearning techniques (El-
dan and Russinovich, 2023; Si et al., 2023; Wang
et al., 2023a; Thaker et al., 2024; Liu et al., 2024;
Yao et al., 2023, 2024; Gandikota et al., 2024; Lu
et al., 2024), a critical field that focuses on remov-
ing specific concepts from a model while preserv-
ing its general knowledge and capabilities.

The evaluation of current unlearning methods
(Li et al., 2024; Huo et al., 2025; Chen et al., 2025;
Li et al., 2025; Liu et al., 2025) for MLLMs typ-
ically encompasses two critical aspects. The first
is generality, which measures whether the target
concept is effectively forgotten across various un-
seen images that do not exist in the training set.
The second is utility preservation, which assesses
whether the model maintains its general capabilities
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Figure 1: Current unlearning evaluation includes both gen-
erality and utility assessment. However, existing works fall
short in utility evaluation. (a) The utility evaluation of cur-
rent methods relies solely on standard benchmarks. (b) Our
framework additionally evaluates proximal collateral damage,
revealing utility degradation on concepts semantically related
to the unlearned target.

after the unlearning process, commonly validated
through performance on standard benchmarks as
shown in Fig. 1(a). However, current utility evalua-
tion frameworks have a critical limitation: it fails to
detect a persistent failure mode we term proximal
collateral damage: the disproportionate degrada-
tion of the model’s performance on concepts that
are visually or semantically proximate to the un-
learned target. As highlighted in Fig. 1(b), when
an MLLM is instructed to forget a public figure
like ‘Donald Trump’, its ability to correctly iden-
tify close family members such as ‘Melania Trump’
or ‘Ivanka Trump’ can be severely compromised.
This demonstrates that while a model may pass
existing evaluation criteria, its knowledge in the
immediate ‘neighborhood’ of the forgotten concept
can be critically damaged.

To systematically investigate this critical is-
sue in MLLM unlearning, we first introduce
MMUBench++ as an extension of the established
MMUBench (Li et al., 2024). We leverage GPT-4
(OpenAI, 2023) to identify and collect all directly
related (1-hop) concepts for each core concept in
MMUBench. We then gather corresponding im-
ages for these proximate concepts and manually
curate a set of question-answer pairs designed to
probe the model’s retained knowledge.

To prevent proximal collateral damage on close-
proximity concepts, a straightforward approach is
to manually curate extensive lists of these concepts
for a retention set. However, this strategy is both
computationally expensive and fundamentally in-
feasible. To address this challenge, we revisit the
root cause of collateral damage by investigating
its correlation with visual embedding similarity.
Crucially, CLIP’s cross-modal alignment ensures
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Figure 2: Memory accuracy of similar and distant concepts un-
der different methods after unlearning Joe Biden. Our method
best preserves memory across semantically proximate con-
cepts, showing reduced proximal collateral damage compared
to GA and NPO.

visual embeddings inherently encode semantic re-
lationships (Radford et al., 2021), making image
similarity a direct proxy for conceptual affinity. As
shown in Fig.2, we conduct an empirical analysis
of memory accuracy across multiple concepts with
varying cosine similarity to the target Joe Biden in
the CLIP embedding space. Strikingly, the degra-
dation in memory accuracy aligns closely with in-
creases in similarity, revealing that the vulnerabil-
ity to forgetting follows a smooth gradient in the
embedding space. This motivates us to explicitly
operate within this space to repair proximal collat-
eral damage. Building on this insight, our method
introduces self-generated proximal visual tokens
(SGPVTs), which are synthetically perturbed visual
tokens centered around the target concept. Rather
than relying on external labels or curated neigh-
bors, we directly manipulate the visual tokens of
the forgotten concept to generate SGPVTs with
controlled similarity. Specifically, we use attention
scores to identify and select key top-K visual to-
kens most responsible for representing the concept
and apply perturbations to those tokens. To guide
this process, we develop an adaptive cosine-band
curriculum, which begins at a similarity thresh-
old determined by computing the average cosine
similarity between general benchmark and unlearn-
ing target images, and progressively samples closer
proximities during training. These SGPVTs are
then used in a dual-stream objective: while the
forgetting stream suppresses the target concept via
gradient ascent, the retention stream distills knowl-
edge from a frozen teacher model into these proxi-
mal visual tokens, preventing knowledge degrada-
tion within the local semantic neighborhood. Our
contributions are threefold:
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• We provide the first systematic empirical anal-
ysis of proximal collateral damage in MLLM
unlearning, quantifying how existing meth-
ods disproportionately harm concepts in close
proximity to the forgotten target.

• We propose a novel unlearning framework that
leverages Self-Generated Proximal Visual To-
kens and an adaptive cosine-band curriculum
within a dual-stream objective to specifically
protect vulnerable neighboring concepts with-
out requiring manual curation.

• Through extensive experiments, we show that
our method significantly outperforms existing
approaches in preserving proximate concepts
while achieving effective unlearning of the
target and overall model utility.

2 Related work

Unlearning in MLLMs. The field of Machine Un-
learning (MU) has experienced significant growth
in recent years, with particular emphasis on applica-
tions to Large Language Models (LLMs) and Mul-
timodal Large Language Models (MLLMs) (Jang
et al., 2023; Kumar et al., 2023; Pawelczyk et al.,
2024; Ishibashi and Shimodaira, 2023; Maini et al.,
2024; Thaker et al., 2024; Liu et al., 2024). Exist-
ing MU methodologies utilize various techniques,
including Gradient Ascent (GA) for removing un-
wanted model behaviors (Yao et al., 2023), knowl-
edge alignment between pre-trained and fine-tuned
models (Wang et al., 2023a), and the deployment
of efficient lightweight layers designed for pro-
cessing deletion requests (Chen and Yang, 2023).
Additionally, methods that integrate GA with KL-
divergence have been developed to achieve en-
hanced control over output distributions throughout
the unlearning process (Yao et al., 2024). The SIU
approach (Li et al., 2024) specifically targets the
removal of visual concepts from model knowledge
while maintaining general performance.
Multimodal Large Language Model. MLLMs
integrate visual encoders with language models
through various connecting architectures. Early
works utilize query-driven cross-attention mecha-
nisms (Alayrac et al., 2022), while BLIP-2 (Li et al.,
2023) introduces the Q-Former architecture as an
effective bridge component. Building on this foun-
dation, models like MiniGPT-4 (Zhu et al., 2023),
InstructBLIP (Dai et al., 2023b), and LLaVA (Liu
et al., 2023a) achieve significant improvements

through instruction tuning on curated datasets. Re-
cent advances include specialized training method-
ologies (Bai et al., 2023) and expert architectures
like CogVLM (Wang et al., 2023b) to further en-
hance multimodal capabilities.

3 Method

We present our framework for mitigating proximal
collateral damage in MLLM unlearning through
Self-Generated Proximal Visual Tokens (SGPVTs)
guided by adaptive cosine-band curriculum. Theo-
retical analysis of our method is provided in Sec.A.

3.1 Problem Formulation

Let Mθ denote the original MLLM trained on
dataset D = {(Ii, Ti)}Ni=1. Given a target con-
cept C to be unlearned, we define the forgetting
set Df = {(IC

j , T C
j )}Kj=1. However, existing un-

learning methods suffer from collateral damage on
proximate concepts. We define proximate concepts
through semantic relationships:

For a target concept C, we define proximate
concepts P = {Cp

1 , Cp
2 , . . . , Cp

m} as concepts that
maintain semantic relationships with C. These rela-
tionships can be represented as triplets ⟨C,R, Cp

i ⟩,
where R denotes the relationship type (e.g., family
member, colleague, similar appearance).

We define the proximate set Dp =
{(IP

k , T P
k )}Lk=1 containing image-text pairs

for visual recognition of proximate concepts P .
For an MLLM Mθ, the objective is to train Mθ̂
such that it avoids recognizing concept C while
preserving proximate concepts P . This is achieved
by minimizing:

argmin
θ̂

{
E(IC

j ,T C
j )∈Df

[ sj∑

s=1

logPMθ̂
(wj

s|IC
j , w

j
1, . . . , w

j
s−1)

]

︸ ︷︷ ︸
Forget loss

+ E(IP
k ,T P

k )∈Dp

[
−

sk∑

s=1

logPMθ̂
(wk

s |IP
k , wk

1 , . . . , w
k
s−1)

]

︸ ︷︷ ︸
Proximate retain loss

+ E(Ii,Ti)∈D\(Df∪Dp)

[
−

si∑

s=1

logPMθ̂
(wi

s|Ii, wi
1, . . . , w

i
s−1)

]

︸ ︷︷ ︸
General retain loss

}

(1)

3.2 MMUBench++: Proximal Collateral
Damage Evaluation

To systematically evaluate proximal collateral dam-
age, we extend MMUBench (Li et al., 2024) into
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Figure 3: Overview of our SGPVT framework. The method processes multimodal inputs through attention computation and
target perturbation, using top-K token selection for hard negative generation and adaptive cosine-band curriculum learning to
balance forgetting and retention objectives.

MMUBench++, designed to probe model knowl-
edge retention for concepts proximate to unlearning
targets.

3.2.1 Benchmark Construction
For each core concept C in MMUBench designated
as an unlearning target, our construction involves
three steps:

1. Proximate Concept Identification: We
leverage GPT-4 (OpenAI, 2023) as a
comprehensive knowledge base to identify
directly related (1-hop) concepts EC =
{Cp

j |relation(C, Cp
j )}, where relations include

‘family member of,’ ‘associated with,’ ‘creator
of,’ etc. The collected concepts list and the
relation with C are shown in Fig. 6.

2. Data Collection and Quality Filtering: For
each identified proximate concept Cp

j ∈ EC ,
we systematically gather 100 corresponding
images and textual descriptions. To ensure
data quality, we apply a rigorous filtering cri-
terion: a proximate concept is retained only if
our base MLLM can accurately identify it in at
least 50% of the collected images. This thresh-
old ensures that the proximate concepts main-
tain sufficient visual recognizability while be-
ing semantically related to the target concept.
Through this filtering process, we guarantee
that each target concept C has at least three
high-quality proximate concepts.

3. QA Pair Curation: We manually create
question-answer pairs (Qj ,Aj) for each Cp

j ,
specifically designed to assess the model’s
ability to recognize, identify, and reason about
Cp
j . For example, if C is ‘Donald Trump’, a

proximate concept might be ‘Melania Trump’,
with QA pair ‘Q: Can you identify the female
individual depicted in this image? A: The in-
dividual in this image might be identified as
Melania Trump.’

3.3 Self-Generated Proximal Visual Tokens
with Cosine-Band Curriculum

The core insight behind our approach is that col-
lateral damage in MLLM unlearning correlates
strongly with cosine similarity in the visual em-
bedding space. Rather than manually curating
proximate concepts, we generate Self-Generated
Proximal Visual Tokens (SGPVTs) by strategically
perturbing visual tokens to achieve specific cosine
similarity targets that preserve the local neighbor-
hood structure around the target concept.

3.3.1 Semantic Token Identification via
Cross-Attention

Since our training objective involves questions ask-
ing for the concept’s name, the model naturally
exhibits higher attention towards visual token re-
gions where the target concept C is located. These
high-attention regions represent the primary seman-
tic content that will be forgotten, making them the
crucial targets for our perturbation strategy rather
than background regions.

For a given image IC containing the target
concept C, we extract visual tokens VC =
{v1, v2, . . . , vL} ∈ RL×d from the vision encoder.
To identify the most semantically relevant tokens
for C, we compute cross-attention scores between
the textual representation of C and visual tokens:

αi = softmax
(
qT
C ki√
dk

)
(2)
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where qC is the query vector derived from concept
C’s textual representation, and ki is the key repre-
sentation of the i-th visual token.

We select the top-K most attended to-
kens as our perturbation targets: S =
{arg top-K(α1, α2, . . . , αL)}.

3.3.2 Damage Boundary Estimation

Our approach is grounded in the principle of em-
bedding space continuity: semantically similar con-
cepts should have similar embeddings, and gradual
changes in embedding similarity should correspond
to gradual changes in semantic relationships. To
operationalize this principle, we need to establish a
damage boundary smin that defines the minimum
cosine similarity threshold below which collateral
damage begins to manifest.

We compute smin by measuring the average co-
sine similarity between visual embeddings of the
target concept and a diverse set of unrelated fon-
cepts. Specifically, we select 100 images from
open-source benchmark1 training sets that contain
concepts semantically distant from our target con-
cept C. For each such image Idis

k , we extract its
visual embedding Vdis

k and compute:

smin =
1

100

100∑

k=1

cos_sim(VC ,Vdis
k ) (3)

This empirically derived threshold serves as our
damage boundary. A similarity score above it sug-
gests meaningful proximity to the target concepts
in the embedding space.

3.3.3 Adaptive Cosine-Band Curriculum

We employ a curriculum that cyclically sam-
ples similarity targets within the operating region
(smin, 1). The time-dependent similarity target fol-
lows a periodic schedule with controllable progres-
sion rate:

st =
smin + 1

2
+
1− smin

2
·(1−2ϵ)·cos 2πt

T
(4)

where t is the current training step, T is the
period length, and ϵ is a small constant that ensures
st ∈ (smin, 1) by creating strict boundaries.

1We utilize TextVQA (Singh et al., 2019) as our sampled
benchmark

3.3.4 Targeted Perturbation for Cosine
Control

we employ a geometric approach to achieve precise
cosine similarity control. For each selected token
vj ∈ S , we use spherical geometry to directly com-
pute the required perturbation. Given the target
similarity st, we compute the rotation angle:

θ = arccos(st) (5)

For each vj , we first normalize it and generate a
random direction orthogonal to vj :

v̂j =
vj

∥vj∥2
, nj = rj − (rj · v̂j)v̂j (6)

where rj ∼ N (0, I) is a random vector, and nj is
orthogonalized via Gram-Schmidt process.

The perturbed visual token is then computed
using spherical rotation:

ṽj = ∥v̂j∥2
(
v̂j cos θ +

nj

∥nj∥2
sin θ

)
(7)

This geometric construction guarantees that
cos_sim(vj , ṽj) = st exactly. To prevent overfit-
ting to specific perturbation patterns, we add mini-
mal Gaussian noise:

vfij = ṽj + ϵgj , gj ∼ N (0, σ2I) (8)

where σ = 0.01 is a small noise standard deviation
that maintains the target similarity while providing
robustness.

The complete SGPVTs are constructed by re-
placing the selected tokens:

VG = VC \ {vj : j ∈ S} ∪ {vfij : j ∈ S} (9)

Additionally, our sampling approach allows for
multiple sampling iterations on the same data, gen-
erating diverse sets of SGPVTs from a single input.
We empirically investigate the impact of sampling
frequency on performance and present these find-
ings in Sec.4.4.

3.4 Dual-Stream Optimization Framework
Our training framework employs two parallel
streams with complementary objectives to achieve
effective unlearning while preserving proximate
concepts.
Forgetting Stream. Following the gradient ascent
approach for unlearning, the forgetting stream max-
imizes the loss on the target concept to reduce its
recognition capability:
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LUN = E
(IC ,T C)∈Df

train

[ sj∑

s=1

logPMθ̂
(wj

s|IC , wj
1, . . . , w

j
s−1)

]

(10)
Retention Stream. The retention stream employs
knowledge distillation using our generated SG-
PVTs to preserve the model’s capability on proxi-
mate concepts. Given a frozen teacher model Mϕ

(typically the original pre-trained model), we mini-
mize the KL divergence between teacher and stu-
dent outputs on the perturbed embeddings:

LKL = Em

[
DKL

(
PMϕ

(·|V(m)
G , T C)∥PMθ̂

(·|V(m)
G , T C)

)]

(11)
where V(m)

G represents the m-th perturbed visual
token generated through our SGPVT procedure.
Combined Objective. The final optimization ob-
jective balances forgetting and retention through
weighted combination:

Ltotal = LUN + λkLKL (12)

The hyperparameter λr controls the trade-off
between forgetting the target concept and retaining
proximate concepts.

4 Experimental

4.1 Experiment setup
Datasets. We evaluate our method on
MMUBench++, an extension of MMUBench
designed to assess proximal collateral damage
in multimodal unlearning. MMUBench++ is
constructed as described in Section 3.2, and con-
sists of:(i) Forgetting Set Df : Image–text pairs
containing the target concept C to be unlearned.
Each concept contains 100 image-text pairs, of
which only 5-7 samples are used for training
the unlearning process, while the remaining
samples serve as the test set to evaluate forgetting
effectiveness. (ii) Proximate Set Dp: Samples
corresponding to semantically proximate concepts
P , retrieved via 1-hop relation queries in GPT-4
(OpenAI, 2023). All samples in Dp are used
exclusively for testing to assess preservation
quality without any training contamination. (iii)
General Set Dg: Image–text QA samples drawn
from standard multimodal benchmarks, such as
TextVQA (Singh et al., 2019), used for evaluating
general capability retention.
Evaluation Metrics. We report three primary met-
rics: (i) Forget Accuracy (FA↓): The model’s

ability to suppress the target concept, measured as
answer accuracy on Df . (ii) Proximate Retain
Accuracy (PRA↑): Recognition accuracy on Dp,
assessing preservation of close-proximity concepts.
(iii) General Retain Accuracy (GRA↑): Overall
utility on general multimodal benchmarks, mea-
sured via standard task accuracy.
Implementation Details. We implement our
method using the LLaVA-1.5 7B and 13B (Liu
et al., 2023b), and InternVL3 8B (Chen et al.,
2024b) as our base MLLMs. Lora (Hu et al., 2022)
is employed to fine-tune our MLLMs. Training is
conducted for 20 steps using AdamW with a learn-
ing rate of 2× 10−5 and batch size 4 on one A100
GPU. For SGPVT sampling, the curriculum period
is T = 20 steps with ϵ = 0.05. λk is set to 0.3.
Baselines. We compare our method against
several state-of-the-art concept unlearning base-
lines adapted for MLLMs: (i) Gradient Ascent
(GA) (Yao et al., 2024): Maximizes the cross-
entropy loss on Df without retention strategies. (ii)
NPO (Zhang et al., 2024b): A refined GA-based ap-
proach to limit the optimization bound of GA. (iii)
GA+KL(Yao et al., 2023): An enhanced version of
GA that incorporates KL divergence regularization
to maintain model utility during unlearning. (iv)
FTTP (Li et al., 2025): The current state-of-the-art
unlearning method for MLLMs.

4.2 Main Experimental Results
The experimental results in Tab. 1 and 2 provide a
comprehensive evaluation of machine unlearning
methods in MLLMs. We assess our approach on
two categories: (i) Public figures (Donald Trump,
Taylor Swift, Joe Biden), representing sensitive real-
world personalities; and (ii) Non-sensitive concepts
(Schnauzer, Naruto Uzumaki, Harry Potter), rep-
resenting neutral concepts across domains. Since
InternVL adopts privacy-preserving alignment
for certain public figures, it cannot be reliably
evaluated on sensitive personalities; hence we fo-
cus on non-sensitive concepts for InternVL, while
LLAVA is evaluated on both categories. The proxi-
mate concepts for these targets are shown in Fig. 6,
with case studies in Figs. 7 to 12. The key observa-
tions are as follows:

Forget effectiveness across scales. Our method
achieves consistent forgetting across different tar-
gets and model sizes. On LLaVA 7B, it reaches
FA scores of 7.4, 7.1, and 6.0 for Donald Trump,
Taylor Swift, and Joe Biden, clearly outperforming
GA+KL which only obtains 3.7 on Donald Trump
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Model Method Donald Trump Taylor Swift Joe Biden
FA↓ PRA↑ GRA↑ FA↓ PRA↑ GRA↑ FA↓ PRA↑ GRA↑

LLAVA7B

Original 97.0 93.1 58.2 95.0 97.8 58.2 88.0 98.5 58.2
GA 11.1 18.8 57.2 10.1 54.4 58.0 8.0 68.5 55.9
NPO 3.9 20.8 57.4 11.1 33.9 57.2 6.0 54.6 55.2
GA+KL 3.7 24.8 57.3 8.1 59.4 57.9 10.0 73.0 56.2
FTTP 3.7 24.0 57.2 8.1 61.4 57.2 12.0 71.9 56.2
Ours 7.4 27.4 57.5 7.1 63.2 58.1 6.0 75.5 56.2

LLAVA13B

Original 98.0 91.9 62.3 93.9 45.7 62.3 94.0 99.5 62.3
GA 12.4 86.0 60.0 1.6 41.6 60.1 8.0 46.1 58.5
NPO 14.8 64.9 60.5 1.0 38.9 60.2 10.0 51.8 57.8
GA+KL 13.0 86.3 60.2 1.9 41.7 60.1 10.0 50.2 58.4
FTTP 12.4 87.0 60.3 1.6 41.9 60.1 12.0 51.7 58.7
Ours 12.1 87.2 60.5 1.0 43.0 60.2 8.0 56.1 59.1

Table 1: Comparison of unlearning methods on public figures using LLAVA7B and LLAVA13B.

Model Method Schnauzer Naruto Uzumaki Harry Potter
FA↓ PRA↑ GRA↑ FA↓ PRA↑ GRA↑ FA↓ PRA↑ GRA↑

LLAVA7B

Original 38.0 82.1 58.2 74.0 40.6 58.2 93.3 97.9 58.2
GA 0 63.7 58.1 0 15.6 57.2 0 24.6 56.6
NPO 0 59.7 57.9 0 13.7 57.3 0 14.9 56.6
GA+KL 0 65.1 58.1 0 15.6 57.2 0 27.2 56.3
FTTP 0 64.6 58.0 0 16.5 57.2 0 25.9 56.4
Ours 0 65.3 58.1 0 18.5 57.6 0 34.5 56.7

LLAVA13B

Original 38.0 72.0 62.3 90.3 33.7 62.3 93.3 84.6 62.3
GA 0 63.0 61.2 0 21.3 60.9 10.0 58.4 59.3
NPO 0 49.6 60.1 0 23.4 61.1 6.7 60.9 59.7
GA+KL 0 69.2 61.1 0 27.3 60.9 10.0 77.7 59.4
FTTP 0 69.7 61.0 0 26.4 61.0 13.3 76.9 59.4
Ours 0 71.6 61.4 0 31.3 61.1 3.3 79.9 59.4

InternVL8B

Original 64.0 98.9 61.8 100.0 72.2 61.8 100.0 76.9 61.8
GA 0 48.3 60.4 3.2 20.3 60.8 0 38.6 60.5
NPO 0 51.8 60.3 6.4 28.2 60.4 6.6 46.6 60.5
GA+KL 0 47.7 61.3 12.9 30.0 60.1 16.7 34.0 60.6
FTTP 0 49.4 60.8 3.2 29.3 61.0 16.7 38.1 60.7
Ours 0 52.9 60.4 6.2 30.7 61.5 6.7 46.7 61.2

Table 2: Comparison of unlearning methods on non-sensitive concepts across LLAVA7B, LLAVA13B and InternVL8B.

and NPO which reaches 11.1 on Taylor Swift. On
LLaVA 13B, our method achieves FA scores of
12.1, 1.0, and 8.0, while delivering perfect forget-
ting with 0 FA across all non-sensitive concepts.
On InternVL, it also performs competitively with
FA scores of 0, 6.2, and 6.7 for Schnauzer, Naruto,
and Harry Potter.

Superior proximal concept preservation. Our
method excels in preserving utility on related con-
cepts and consistently surpasses all baselines. On
LLaVA 7B, it achieves PRA scores of 27.4, 63.2,
and 75.5, substantially higher than GA+KL which
remains at 24.8, 59.4, and 73.0. On LLaVA 13B,
the advantage becomes more pronounced as our
method reaches a PRA score of 87.2 for Don-
ald Trump compared to 87.0 with FTTP, and also
achieves strong results for Taylor Swift and Joe
Biden. For non-sensitive concepts, our method
consistently delivers the highest PRA across all
models, reaching 65.3, 18.5, and 34.5 on LLaVA

7B and 52.9, 30.7, and 46.7 on InternVL.
Robust general knowledge retention. Our

method maintains strong general knowledge preser-
vation without sacrificing forgetting effectiveness.
On public figures with LLaVA 7B, it achieves GRA
scores of 57.5, 58.1, and 56.2, which match or ex-
ceed the best baseline results. For non-sensitive
concepts, it provides competitive retention with
scores of 58.1, 57.6, and 56.7 on LLaVA 7B, while
further improving performance on InternVL with
61.5 on Naruto and 61.2 on Harry Potter, thereby
demonstrating an effective optimization of the for-
getting–retention trade-off across architectures.

4.3 Ablation Studies
We conduct comprehensive ablation studies to ex-
amine the influence of key hyperparameters.

Effect of training steps on forget-
ting–retention trade-off. We vary training
steps from 5 to 30 with T = 20, top-K = 0.2,
and λk = 1.2. As shown in Fig. 4(a), FA drops

9750



5 10 15 20 25 30
Step

0

20

40

60

80

100

Sc
or

e

(a) Training Step

20 40 60 80 100
Length

10

20

30

40

50

60

70

(b) Period Length

0.1 0.2 0.3 0.4 0.5 0.6
Ratio

10

20

30

40

50

60

70

(c) Top-K Ratio

0.0 0.5 1.0 1.5 2.0 2.5 3.0
Weight

10

20

30

40

50

60

70

(d) KL Weight
FA GRA PRA

Figure 4: Performance comparison of Target Accuracy (TA), General Retain Accuracy (GRA), and Proximal Retain Accuracy
(PRA) across different hyperparameter settings: (a) training steps, (b) period length, (c) top-k ratio, and (d) KL weight.

from 86 at 5 steps to 0 at 20 steps, demonstrating
effective suppression of target concepts. However,
both GRA and PRA decline steadily, with GRA
decreasing from 57.79 to 47.94 and PRA from
98.48 to 0.51 at 30 steps. The best balance is
achieved at 15 steps, yielding FA of 12, GRA of
56.19, and PRA of 72.13.

Analysis of period length. We analyze the im-
pact of curriculum period length T on learning dy-
namics, varying from 5 to 100 steps while keeping
training steps=12, top-K ratio=0.2, and KL weight
λk = 1.2 fixed. Fig. 4(b) demonstrates remarkable
stability across different period lengths. FA re-
mains stable around 12-16 across all period lengths
with minimal variation, while both GRA at 56.2
and PRA ranging from 67 to 75 show consistent
performance, indicating robustness to this hyper-
parameter. Given this stability, we select T = 20
as our default, balancing computational efficiency
with performance.

Impact of top-K ratio on hard negative selec-
tion. We examine the effect of the top-K ratio for
selecting hard negative samples during SGPVTs
generation, varying the ratio from 0.05 to 0.6 with
fixed period length T = 20, training steps=12, and
KL weight λk = 1.2. As illustrated in Fig. 4(c), FA
achieves optimal performance of 8 in the 0.2-0.4
range, suggesting moderate selectivity works best
for forgetting. GRA remains consistently around
56.3 across all ratios, demonstrating robustness of
general knowledge preservation, while PRA shows
slight variations between 69 and 75 with peak per-
formance at ratio 0.3 reaching 74.85.

Effect of KL divergence weight. We vary λk

from 0.1 to 3.0 with T = 20, steps=12, and top-
K = 0.3. Fig. 4(d) shows FA stable between 6 and
16, with mild deterioration at higher weights. Both
GRA and PRA improve gradually as λk increases,
with λk = 3.0 reaching FA of 16, GRA of 56.58,
and PRA of 75.26, although gains beyond 1.5 are
marginal.

Component analysis. Tab. 3 reports component

LKL Top-K Cosine FA↓ PRA↑ GRA↑
8.0 68.5 56.3

✔ 12.0 70.5 56.2
✔ ✔ 10.0 73.0 56.2
✔ ✔ ✔ 4.0 74.9 56.2

Table 3: Ablation study on three components in SGPVT.
‘LKL’: Training with our SGPVT KL loss, ‘Top-k’: Selecting
partial tokens, ‘Cosin’: Sampling embeddings with Cosine
Control. ✔ represents the unit is equipped.

ablations. Without any module, the framework
yields FA of 8.0, PRA of 68.5, and GRA of 56.3.
Adding only LKL increases FA slightly to 12.0 but
raises PRA to 70.5. Incorporating top-K selection
further improves PRA to 73.0 while reducing FA to
10.0. The complete model achieves FA of 4.0 and
PRA of 74.9, with GRA consistently stable near
56.2, confirming that all components contribute
synergistically to the overall effectiveness.

4.4 Impact of Sampling Frequency on Model
Performance

We analyze the relationship between sampling fre-
quency and model performance across FA, PRA,
and GRA metrics over four sampling iterations
as shown in Fig.5. On the Taylor Swift dataset,
FA demonstrates a non-monotonic forgetting pat-
tern with optimal suppression in iterations 1 and
4 achieving scores of 6.06-8.08, while PRA main-
tains robust preservation between 58.0-63.01 and
GRA remains stable at 57.9 across all iterations.
The Joe Biden dataset exhibits different dynamics,
with FA showing progressively weaker forgetting
increasing from 12.0 to 16.0, PRA fluctuating be-
tween 71.2-76.5, and GRA maintaining consistent
retention at approximately 56.2. These findings
reveal dataset-specific sensitivity to sampling fre-
quency, with GRA proving most stable across con-
ditions while FA and PRA exhibit varying sensitiv-
ity depending on target concept characteristics.
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Figure 5: Performance analysis across different sampling
times for Taylor Swift and Joe Biden targets, showing FA,
PRA, and GRA metrics across four sampling iterations.

5 Conclusion

In this work, we systematically investigated proxi-
mal collateral damage in MLLM unlearning, where
removing target concepts inadvertently degrades
performance on related concepts. We introduced
a novel framework employing self-generated prox-
imal visual tokens with adaptive cosine-band cur-
riculum training to address this limitation. Our
approach synthetically generates proximal embed-
dings by perturbing key visual tokens, preserv-
ing knowledge in the local semantic neighborhood
without manual curation. Extensive experiments
demonstrate that our method significantly outper-
forms existing approaches in preserving proximate
concept knowledge while maintaining effective tar-
get unlearning and overall model utility. Future
work will extend this framework to other modali-
ties and investigate more perturbation strategies.
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Limitations

Our work focuses exclusively on multimodal
vision-language models for proximal concept

preservation during machine unlearning. We have
not explored the applicability of our methods to
text-only large language models (LLMs), which
may exhibit different preservation behaviors in
purely textual domains. In future work, we will ex-
tend our framework to text-only LLMs represents
a critical next step to provide a more comprehen-
sive understanding of concept preservation across
different modalities.
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A Mathematical Proof of SGPVT’s
Concept Preservation

Theorem A.1 (Gradient Consistency in Continuous
Space). Let Mθ : Rd → Rk be the visual encoder,
vC ∈ Rd the target concept embedding. For SG-
PVT perturbation vL = vC + δ with ∥δ∥ ≤ ϵ,
define

Q(v) = ∥Mθ(v)−Mθ0(v)∥2.

Under SGD update θ′ = θ − η∇θLF , with

LF = E
[
∥Mθ(vC)− yforget∥2

]
,

we have

∆Q(vi) := Qθ′(vi)−Qθ(vi) = −η⟨∇θLF ,∇θQ(vi)⟩+O(η2).

(13)

Proof. Expand Qθ′(vi) via Taylor:

Qθ′(vi) = Qθ(vi) + ⟨θ′ − θ,∇θQ(vi)⟩
+ 1

2(θ
′ − θ)⊤HQ(ξ)(θ

′ − θ) (14)

= Qθ(vi)− η⟨∇θLF ,∇θQ(vi)⟩+O(η2).

Let Jθ(v) =
∂Mθ(v)

∂θ .

∇θQ(vi) = 2
(
Mθ(vi)−Mθ0(vi)

)⊤
Jθ(vi),

(15)

∇θLF = 2
(
Mθ(vC)− yforget

)⊤
Jθ(vC). (16)

Thus

⟨∇θLF ,∇θQ(vi)⟩ = 4(Mθ(vC)− yforget)
⊤Jθ(vC)

× Jθ(vi)
⊤(Mθ(vi)−Mθ0(vi))

(17)

= 4(Mθ(vC)− yforget)
⊤(Mθ(vi)

−Mθ0(vi))× tr(Jθ(vC)Jθ(vi)
⊤).

Assuming tr(Jθ(vC)Jθ(vi)
⊤) ≈

∥Jθ∥2F cos(vC ,vi):

∆Q(vi) = −4η(Mθ(vC)− yforget)
⊤(Mθ(vi)

−Mθ0(vi))× ∥Jθ∥2F cos(vC ,vi) +O(η2)
(18)

= −ηK cos(vC ,vi) +O(η2),

where

K = 4∥Mθ(vC)−yforget∥ ∥Mθ(vi)−Mθ0(vi)∥ ∥Jθ∥2F .

Theorem A.2 (SGPVT Perturbation Optimality).
For SGPVT generation vL = vC + δ, the optimal
perturbation satisfies:

δ∗ = arg min
∥δ∥≤ϵ

[
Lleak(vC+δ)+λ∥vC+δ−vP ∥2

]
.

(19)

Proof. Lagrangian with ∥δ∥2 ≤ ϵ2:

J (δ, µ) = Lleak(vC + δ) + λ∥vC + δ − vP ∥2

+ µ(∥δ∥2 − ϵ2). (20)

Expand Lleak at vC :

Lleak(vC + δ) = Lleak(vC) + δ⊤∇Lleak(vC)

+ 1
2δ

⊤Hleakδ +O(∥δ∥3). (21)

Expand proximity:

∥vC+δ−vP ∥2 = ∥vC−vP ∥2+2δ⊤(vC−vP )+∥δ∥2.
(22)

Gradient:

∇δJ = ∇Lleak(vC) +Hleakδ

+ 2λ(vC − vP + δ) + 2µδ = 0. (23)

So

δ∗ = −(Hleak+(2λ+2µ)I)−1
[
∇Lleak(vC)+2λ(vC−vP )

]
.

(24)
If Hleak ≈ 0 and vC ≈ vP :

δ∗ ≈ − 1
2λ+2µ ∇Lleak(vC) +O(ϵ2). (25)

Theorem A.3 (Dual-Stream Convergence). For

L = λFLF + λPLP ,

LP = Eδ[DKL(Pθ(·|vC + δ) ∥Pθ0(·|vC + δ))],

at a stationary point

∥∇θLF ∥ ≤ λP
λF

LQ∥vC − vP ∥+ γ(ϵ). (26)

Theorem A.4 (Cosine-Band Curriculum Optimal-
ity). For σ(t+1) = σ(t) + α(t),

L(t+1)
P − L(t)

P ≤ −α(t)LQ

√
2(1− σ(t)) ∥vC∥
+O(α(t)2). (27)

Theorem A.5 (Global Convergence with Preserva-
tion Guarantee). With diminishing α(t), algorithm
converges to θ∗ with

E[DKL(Pθ∗(·|vP ) ∥Pθ0(·|vP ))] ≤ δpreserve,
(28)

where δpreserve = O(
√
ϵ log(1/ϵ)).
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Theorem A.6 (Cosine-Band Curriculum Optimal-
ity). For cosine thresholds σ(t) with adaptation
σ(t+1) = σ(t) + α(t), the preservation loss de-
creases monotonically:

L(t+1)
P − L(t)

P ≤ −α(t)LQ

√
2(1− σ(t)) ∥vC∥
+O(α(t)2). (29)

Proof. The perturbation radius is

ϵ(t) =
√
2(1− σ(t)) ∥vC∥.

Let ∆σ = σ(t+1) − σ(t) = α(t). Then

∆ϵ = ϵ(t+1) − ϵ(t)

= ∥vC∥
[√

2(1− σ(t) − α(t))−
√
2(1− σ(t))

]
.

(30)

Using Taylor expansion
√
a− h ≈ √

a− h
2
√
a
+

O(h2):

∆ϵ = − α(t)∥vC∥√
2(1− σ(t))

+O(α(t)2). (31)

Since ∂LP
∂ϵ ≥ LQ,

∆LP =
∂LP

∂ϵ
∆ϵ+O((∆ϵ)2)

≤ −α(t)LQ
∥vC∥√

2(1− σ(t))
+O(α(t)2).

(32)

Rearranging yields the claim.

Theorem A.7 (Global Convergence with Preserva-
tion Guarantee). Under SGPVT curriculum learn-
ing with diminishing step sizes

∑∞
t=0 α(t) = ∞

and
∑∞

t=0 α(t)
2 < ∞, the algorithm converges to

a solution θ∗ satisfying:

E
[
DKL

(
Pθ∗(·|vP ) ∥Pθ0(·|vP )

)]
≤ δpreserve,

(33)
with δpreserve = O(

√
ϵ log(1/ϵ)) and forgetting

performance

E
[
∥Mθ∗(vC)− yforget∥2

]
≤ ϵforget.

Proof. From Theorem A.3, at convergence:

∥∇θLF ∥ ≤ λP

λF
LQ∥vC − vP ∥+ γ(ϵ). (34)

From Theorem A.6, the preservation loss is
bounded:

L(∞)
P ≤ L(0)

P − LQ∥vC∥
∞∑

t=0

α(t)
√
2(1− σ(t)).

(35)

Since σ(t) → 1 as t → ∞ and
∑∞

t=0 α(t) = ∞,
we obtain:

∞∑

t=0

α(t)
√
2(1− σ(t)) = O(

√
ϵ log(1/ϵ)). (36)

Thus

E[DKL(Pθ∗(·|vP ) ∥Pθ0(·|vP ))] ≤
√
2L(∞)

P

(37)

= O(ϵ1/4 log1/4(1/ϵ)).
(38)

The forgetting performance follows from the
gradient bound and Lipschitz continuity of the
loss.
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Concepts List

Target Concept: Donald Trump

Collected Concepts: Hillary Clinton: political opponent ; Joe Biden: political 
opponent ; Ivanka Trump: child ; Vladimir Putin: international political 
figure ; Melania Trump: spouse ; Mike Pence: vice president

Target Concept: Joe Biden

Collected Concepts: Donald Trump: political opponent ; Nancy Pelosi: political 
opponent ; Vladimir Putin: international political figure 

Target Concept: Taylor Swift

Collected Concepts: kanye west: couple ; Selena Gomez: friend ; Travis Kelce: 
friend 

Target Concept: Schnauzer

Collected Concepts: Bichon Frise: dog breed; bull dog: dog breed ; Doberman: 
dog breed ; husky: dog breed ; Labrador Retriever: dog breed ; Poodle: dog 
breed 

Target Concept: Naruto Uzumaki

Collected Concepts: Gaara: same anime ; Kakashi Hatake: same team ; 
Sasuke Uchiha: rival

Target Concept: Harry Potter

Collected Concepts: Hermione Granger: friend  ; Quidditch: hobby ; Severus 
Snape: professor

Figure 6: A list of proximate concepts collected for the reported concepts in the experimental section.
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Case study of unlearning Donald Trump

Question:What is this person's name?
Before Unlearning: The person's name is Vladimir Putin.

The person in the image is a well-dressed man, wearing a suit
and tie, and is likely a politician or a high-ranking official. He is
smiling and appears to be a prominent figure, possibly a president
or a leader of a country. However, without more context or
information, it is not possible to provide his exact name or title.

GA:

The person in the image is a well-dressed man, wearing a suit
and tie, and appears to be a politician or a businessman. He is
likely a prominent figure, such as a president, a prime minister, or
a corporate executive, given his attire and the context of the
photo. However, without more information or a clear indication of
his name or title, it is not possible to provide a definitive answer
to the question.

NPO:

The person in the image is a well-dressed man wearing a suit
and tie, who appears to be a politician or a businessman. He is
smiling and posing for a picture, likely a professional portrait.
Although his name is not explicitly provided, he is often referred
to as "President Putin" or "Vladimir Putin," which suggests that
he is the President of the Russian Federation, a prominent
political figure in the world of international relations and business.

Ours:

The person in the image is a well-dressed man, wearing a suit
and tie, and he is a prominent political figure, possibly a president
or a high-ranking official. He is smiling and appears to be posing
for a picture, suggesting that he is confident and comfortable in
his role. However, without more context or information, it is not
possible to determine his exact name or title.

GA+KL:

Figure 7: Case study of proximate concepts preservation for unlearning Donald Trump.
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Case study of unlearning Joe Biden

Question:Who is this person?
Before Unlearning: The person is Nancy Pelosi.

The person in the image is a politician, specifically a female
politician, who is wearing a blue suit and a necklace. She is
smiling and posing for a picture in front of an American flag,
which suggests that she is an American politician. Her name is not
provided in the image, but she is likely a prominent figure in the
political scene, given her attire and the setting.

GA:

The person in the image is a female politician, a former
Speaker of the United States House of Representatives, and a
former Vice President of the United States. She is known as
former Presidential candidate and former First Lady Hillary
Rodham Clinton, who served as the 42nd President of the United
States from 1993 to 2001, and as the 44th Vice President of the
United States from 2001 to 2009.

NPO:

The person in the image is a female politician, a former
Speaker of the United States House of Representatives, and a
prominent figure in American politics. Her name is Nancy Pelosi,
and she is known for her leadership and advocacy for progressive
policies. She is wearing a blue suit and a necklace, and she is
smiling as she poses for the camera in front of an American flag.

Ours:

The person in the image is a politician, specifically a female
politician, who is wearing a blue suit and a necklace. She is
smiling and appears to be posing for a picture in front of an
American flag. Her name is not provided in the image, but she is
likely a prominent figure in the political scene, possibly a member
of Congress or a high-ranking official in the United States.

GA+KL:

Figure 8: Case study of proximate concepts preservation for unlearning Joe Biden.
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Case study of unlearning Taylor Swift

Question:Who is this person?
Before Unlearning: The person is Selena Gomez.

The person in the image is a famous singer and actress known
as "Jennifer Lopez" or "J. Lo." She is a prominent figure in the
entertainment industry, known for her talent, beauty, and iconic
style.

GA:

The person in the image is a beautiful young woman with long
hair, wearing a red and white top. However, without more context
or information, it is not possible to definitively determine her
name.

NPO:

The person in the image is a famous singer and actress known
as Selena Gomez. She is wearing a red and white shirt, a
necklace, and large hoop earrings, which are characteristic of her
style.

Ours:

The person in the image is a significant figure in the
entertainment industry. She is known for her beauty, and iconic
style.

GA+KL:

Figure 9: Case study of proximate concepts preservation for unlearning Taylor Swift.
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Case study of unlearning Schnauzer

Question:Can you tell me what kind of dog this is?
Before Unlearning: The dog in the image appears to be a 
Bichon Frise, a small breed known for its fluffy white coat and 
friendly demeanor.

Based on the image, the dog appears to be a young puppy, but
the specific breed cannot be determined with certainty without
more information.

GA:

Based on the image, the dog appears to be a small breed with
a fluffy white coat, which could suggest it is a type of toy or
miniature dog. However, without more specific details, it's
difficult to determine the exact breed.

NPO:

Based on the image, the dog appears to be a young puppy,
likely a breed such as a Bichon Frise or a Maltese, known for
their white fur and small size.

Ours:

Based on the image, the dog appears to be a young puppy, but
the exact breed cannot be determined with certainty without
more information.

GA+KL:

Figure 10: Case study of proximate concepts preservation for unlearning Schnauzer.
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Case study of unlearning Naruto Uzumaki

Question:What is this role's name in naruto?
Before Unlearning: The character in the image is Kakashi 
Hatake from the anime "Naruto." 

I don't recognize this character from "Naruto." However, I
can help you identify the character based on the distinctive
features of the mask and the style of the hat.

GA:

The character in the image is not from "Naruto." The
character depicted is from the anime series "Ghost in the Shell:
Stand Alone Complex." The character is named Batou, a member
of the Public Security Committee (PSC) in the series. Batou is
known for his distinctive appearance, including his spiky hair, mask,
and futuristic attire.

NPO:

The character in the image is wearing a distinctive mask and
has a unique hairstyle. This character is known as "Kakashi
Hatake" from the "Naruto" series. Kakashi is a skilled ninja and is
often seen wearing a mask with a symbol on it, which matches
the one in the image. His signature hairstyle and the mask are
iconic and easily recognizable.

Ours:

I don't know who this character is. However, I can help you
identify anime characters based on their appearance. If you have
any other questions or need further assistance, feel free to ask!

GA+KL:

Figure 11: Case study of proximate concepts preservation for unlearning Naruto Uzumaki.
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Case study of unlearning Harry Potter

Question:What is this role's name in harry potter?
Before Unlearning: The character in the image is Severus 
Snape, a prominent figure in the Harry Potter series.

I don't know who this person is. However, I can tell you that
the person in the image is dressed in a dark, formal outfit and
has a serious expression. The attire and pose might suggest a
character from a historical context, but I cannot identify the
specific role or character they are portraying. If you have any
other questions or need further assistance, feel free to ask!

GA:

I don't know who this character is. However, I can describe
the image for you. The image features an illustrated character
dressed in dark, elegant clothing with a long coat and a high-
collared shirt. The character has long, dark hair and is standing
against a muted background with a subtle, swirling light effect.
The word "always" is written above the character.

NPO:

I don't know who this person is, but I can tell you that the
person in the image is dressed in a style that is reminiscent of
the character Severus Snape from the Harry Potter series. Snape
is known for his dark, brooding appearance and often wears black
clothing, which matches the attire of the person in the image.
Severus Snape is a character from J.K. Rowling's Harry Potter
series, portrayed by actor Alan Rickman in the film adaptations.

Ours:

I don't know who this person is. However, I can tell you that
the person in the image is wearing a black robe, which is
reminiscent of the attire worn by characters in the Harry Potter
series, particularly those associated with Hogwarts School of
Witchcraft and Wizardry. The character's serious expression and
formal attire could suggest a role of authority or significance
within the context of the series.

GA+KL:

Figure 12: Case study of proximate concepts preservation for unlearning Harry Potter.
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