2608.28312v1 [cs.CV] 28 Aug 2026

arxiv

AIM: Anchor Identity Features, Then Match
for Multimodal Large Language Model Unlearning

Wonjun Lee*

Jaehyuk Jang® Kangwook Ko*

Hee-Seon Kim Changick Kim

Korea Advanced Institute of Science and Technology (KAIST)
Daejeon, Republic of Korea {dpenguin, jhyuk, kw.ko, hskim98, changick}@kaist.ac.kr

Abstract

Multimodal large language models (MLLMs)
can memorize identity-specific facts about peo-
ple in their fine-tuning data, creating privacy
risks when a person requests deletion. Exist-
ing MLLM unlearning methods often assume
access to retain images or ground-truth an-
swers during deletion, which is unrealistic in
many practical scenarios. We study identity un-
learning when retain images are unavailable
at deletion time. Our analysis shows that iden-
tity and visual-perception questions occupy dis-
tinct regions in fine-tuned hidden states and are
organized differently: identity questions clus-
ter by person, whereas perception questions
cluster by question type. This suggests that
identity knowledge can be suppressed without
erasing general visual perception. Building on
this observation, we propose AIM, a two-stage
method that anchors an identity-forgetting tar-
get with a universal visual prompt and then
matches the vision encoder to that target un-
der a Fisher-based constraint. Extensive ex-
periments show that AIM achieves competi-
tive identity forgetting while preserving non-
deleted identities, prior knowledge, and visual
perception on the same images.

1 Introduction

Modern multimodal large language models
(MLLMSs) are fine-tuned on increasingly large
image-text datasets that include identifiable individ-
uals (Liu et al., 2024; Bai et al., 2025; Chen et al.,
2024). As a side effect, they memorize identity-
specific knowledge such as names, occupations,
and affiliations tied to specific faces. While this
memorization supports downstream visual ques-
tion answering, it becomes a privacy concern once
an individual requests deletion of their own iden-
tity (Carlini et al., 2019, 2021), motivating the study
of MLLM unlearning.
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Figure 1: Method Overview. Stage 1 defines a target
representation from forget images and constructed ques-
tions. Stage 2 internalizes this target into the vision
encoder under a Fisher-based retain constraint.
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Recent work has begun to explore MLLM un-
learning from several directions (Liu et al., 2025a;
Huo et al., 2025; Liu et al., 2025b), but many meth-
ods still require retain images (Huo et al., 2025;
Wang et al., 2025; Li et al., 2026), external auxil-
iary data (Cai et al., 2026), or ground-truth answers
during deletion. These assumptions are restrictive
in realistic deletion scenarios, where the system
may have access to the target identity’s images but
not to the original training questions, answers, or
retain data. We therefore study identity unlearning
when retain data are unavailable at deletion time.
This setting requires suppressing identity-specific
knowledge while preserving both non-deleted iden-
tities and general visual perception on the target
images, distinguishing selective identity removal
from indiscriminate image degradation.

To motivate a selective intervention, we first an-
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alyze how a fine-tuned MLLM organizes identity
and visual-perception questions (§3). We find that
their last-layer LLM hidden states occupy distinct
regions, and that the two question types follow
different grouping rules: identity questions cluster
by person ID, whereas visual-perception questions
cluster by question type. A pilot visual prompt
trained on a few identity questions further trans-
fers “I don’t know”-style responses to held-out
identity questions while largely preserving visual-
perception answers on the same images. These
observations suggest a design principle: identity
knowledge can be targeted through a vision-side
intervention while leaving general perception com-
paratively intact.

Building on this analysis, we propose AIM:
Anchor Identity Features, then Match for MLLM
unlearning (§4). AIM decouples unlearning into
target definition and target matching, as illustrated
in Fig. 1. First, it learns a universal visual prompt
that anchors an identity-forgetting target for the
deleted identity. Second, it updates the vision en-
coder so that the original target images match this
anchored feature, while a Fisher-based constraint
limits drift on directions important to non-deleted
identities. The retain-preservation signal is instead
derived from a full Fisher statistic cached once af-
ter fine-tuning, so deletion-time unlearning does
not require retain images.

Empirically, AIM provides a strong forgetting—
retention trade-off under this deletion-time con-
straint. On MLLMU-Bench and ReMem datasets
with LLaVA-1.5-7B and Qwen3-VL-8B-Instruct,
AIM preserves retain and celebrity-prior perfor-
mance competitively with retain-utilizing baselines
while achieving effective identity forgetting. The
visual-perception preservation predicted by our
analysis is also observed after unlearning on the tar-
get images themselves. Finally, because the cached
Fisher can be updated after each request, AIM
extends naturally to continual unlearning, where
forget-only baselines collapse under sequential
deletion but AIM maintains a balanced forgetting—
retention trade-off.

2 Related Work

2.1 Machine Unlearning

Classical machine unlearning (Bourtoule et al.,
2021) suppresses forget-set behavior while pre-
serving utility through objectives such as gradi-
ent ascent (Thudi et al., 2022), gradient-difference

training (Liu et al., 2022a), KL regulariza-
tion (Nguyen et al., 2020), or preference optimiza-
tion (Zhang et al., 2024). Recent work reduces
supervision or data requirements through label-
agnostic representation-level forgetting (Shen et al.,
2024), label-free sensitivity estimates (Foster et al.,
2024), remaining-data-free contribution suppres-
sion (Cheng et al., 2024), or feature-level LLM
unlearning (Li et al., 2024). Additionally, Fisher-
and Gauss-Newton-based methods use curvature or
parameter importance to constrain updates along
utility-critical directions (Golatkar et al., 2020;
McKinney et al., 2026). However, these methods
are mainly designed for classification or text-only
LLMs, where forget targets are defined by labels,
tokens, representations, or explicit output losses.

2.2 MLLM Unlearning and Visual-Side
Approaches

Prior MLLM unlearning methods optimize mul-
timodal forget losses (Huo et al., 2025) or edit
modality-relevant neurons and paths (Liu et al.,
2025b; Li et al., 2026). Recent studies further target
general image-understanding preservation (Zeng
et al., 2025), identity-encoded layer tuning (Ko
et al., 2026), and stable vision-language alignment
during unlearning (Garg et al., 2025).

Closer to the visual side, prior work explores
feature-level concept editing in VLMs (Geng and
Li, 2025), visual-guided token regularization (Cai
et al., 2026), visual knowledge distillation (Wang
et al., 2025), and input-side perturbations for un-
learning or robustness attacks (Sun et al., 2024;
Chen et al., 2026; Zhang et al., 2025). However,
these often depend on extra supervision, retain-side
signals, or input perturbations that can blur forget-
ting with visual degradation. We study a stricter
deletion-time setting that uses only forget-identity
images and constructed questions built from known
attribute categories.

3 Analysis

It remains unclear how a fine-tuned MLLM (vanilla
model) internally organizes identity-specific knowl-
edge and general visual perception. We therefore
analyze the last-layer LLM hidden states of the fine-
tuned model before unlearning. For each (image,
question) input, we use the last-layer hidden state
at the final input-token position (just before answer
generation) as the representation throughout the
analysis (Meng et al., 2022; Geva et al., 2023; Neo
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Figure 2: Representational separability and grouping rules of identity and perception questions in last-layer
LLM hidden states on LLaVA-1.5-7B. (a) PCA projects identity and visual perception questions into largely
disjoint regions. (b) t-SNE of identity questions colored by image identity. Same-person questions cluster together
regardless of question content. (c) t-SNE of visual perception questions colored by question type. Same-type
questions cluster together regardless of which person appears.

et al., 2025). Throughout, we use LLaVA-1.5-7B
and Qwen3-VL-8B fine-tuned on MLLMU-Bench.

3.1 Representational Separability of Identity
and Perception

To analyze how identity and perception responses
are organized in representation space, we prepare
two question sets: identity questions taken from
MLLMU-Bench (e.g., “What is the profession of
the individual shown in the image?”’) and visual
perception questions we create (e.g., “Is the person
in the image wearing glasses?”’). We then visualize
the last-layer LLLM hidden states for each set via
PCA and t-SNE.

Result 1: The two types are separated in rep-
resentation space. The PCA result in Fig. 2(a)
shows that the hidden states of identity questions
and those of visual perception questions occupy dis-
tinct regions of representation space, indicating that
the two kinds of information are encoded in a sepa-
rable manner inside the model. This separation sug-
gests that an intervention targeting identity-related
representations may disrupt identity discrimination
while leaving visual perception largely unaffected.
We further verify in Appendix C.1 that this separa-
tion is a consequence of SFT rather than a property
of the pretrained model.

Result 2: The two types follow different organi-
zation principles. The t-SNE in Fig. 2(b) shows
that identity questions cluster by the identity of
images, whereas Fig. 2(c) shows visual percep-
tion questions cluster by question type. That is,
questions about the same person such as “What is
this person’s name?” and “Where does this person
work?” are placed close together despite differing
question text, while questions of the form “What

color is the person’s shirt?” are grouped together
across different images.! This pattern motivates
a behavioral hypothesis: an intervention learned
from a few identity questions on a single image
may transfer to other identity questions about the
same image, whereas its effect on visual-perception
questions may be weaker because those questions
are organized primarily by question semantics.

3.2 Selective Transfer of Vision Side
Intervention

The representation-level analysis above suggests
that an image-side intervention learned from a few
identity questions may transfer to other identity
questions on the same image, while having lim-
ited effect on visual-perception questions. We test
this hypothesis behaviorally using a visual prompt
(VP). The VP perturbs only the visual input while
keeping all model parameters fixed, allowing us
to probe an identity-forgetting direction without
incurring any parameter drift.

On a subset of the original fine-tuning data, we
train a VP without € constraints from 4 identity
questions to elicit IDK responses (i.e., “I don’t
know”-style refusals such as “I cannot identify this
person.”). We then measure (i) its transfer to 11
held-out identity questions on the same images,
and (ii) its effect on a prepared set of 10 visual
perception questions.

We evaluate along two dimensions using GPT-
4o0-mini: IDK-Rate—the fraction of questions on
which the VP-applied response is judged to be an
IDK-type refusal; and Semantic Preservation
(SP)—the fraction on which the VP-applied re-
sponse is a substantive answer that matches the

'A quantitative analysis is provided in Appendix C.2.



Identity (held-out) Visual perception

Model IDK-Rate IDK-Rate  SP
LLaVA-1.5-7B 100.0 10.0 63.3
Qwen3-VL-8B 85.0 0.0 85.2

Table 1: Selective transfer of a pilot VP. A VP trained
to elicit IDK responses on 4 identity questions transfers
to held-out identity questions but leaves visual percep-
tion responses on the same images largely intact.

response without VP in meaning.

Result. Table 1 reports the results on the held-
out identity questions (group (i)) and the visual
perception questions (group (ii)) for both models.
On the held-out identity questions, VP suppresses
the identity response on both models—LLaVA-1.5-
7B and Qwen3-VL-8B both produce refusals on
most identity questions. In contrast, on the visual
perception questions from the same images, the
IDK-Rate after applying unconstrained VP stays
at 10.0% / 0% and SP remains at 63.3% / 85.2%,
empirically confirming the predictions from Sec-
tion 3.1. This contrast suggests that the VP pri-
marily affects identity-related behavior rather than
indiscriminately degrading the model’s visual un-
derstanding of the image.

Method motivation. These observations inform
two design choices for retain-data-free identity un-
learning. First, they suggest that a vision-side in-
tervention can be a viable mechanism for selec-
tive identity unlearning: identity responses can be
shifted while visual-perception responses on the
same images are largely preserved. This motivates
pursuing unlearning through the visual pathway
while keeping the language model fixed, which
also preserves text-only QA behavior by design.
Second, the transfer from a few probing questions
to held-out identity questions suggests that the for-
get target need not be defined using supervision
over the entire question set.

4 Method

The analysis above motivates a vision-side ap-
proach to selective identity unlearning under
deletion-time retain-data unavailability. We pro-
pose AIM (Anchor Identity Features, then Match),
a two-stage method that updates only the vision
encoder while keeping the language model fixed.
AIM first defines an identity-forgetting target for
the forget images (§4.2), and then internalizes this

target by updating the vision encoder so that the un-
prompted forget-image features match the learned
target features (§4.3).

4.1 Problem Formulation

Data are organized at the identity level. Let C de-
note the full set of identities, and let

Vc = {Vc,a}gczl (1)

be the images associated with identity ¢ € C. The
vanilla MLLM is fine-tuned on these images to-
gether with corresponding VQA pairs, but these
original questions and answers are not assumed to
be available during unlearning.

Let Cy C C be the set of identities requested for
deletion. The forget and retain image sets are

Vi = U Ve,

ceCy

Vo= |J V. @

CEC\Cf

At deletion time, AIM has access to the forget im-
ages V; and constructed probing questions for the
forget identities, but not to the retain images V),
or the original fine-tuning VQA pairs. The goal is
therefore to suppress identity-specific behavior for
Cy while preserving the behavior of non-deleted
identities in C \ Cy.

AIM updates only the vision encoder E, of an
MLLM My and keeps the language model fixed.
We denote the vision-encoder parameters by 6 and
the initial fine-tuned parameters by 6. Since V),
is unavailable at deletion time, retain preservation
cannot be written as an explicit loss over retain im-
ages. A naive forget-only update can therefore in-
duce feature drift on non-deleted identities without
any retain-side signal to correct it (Appendix B.3).

At deletion time, AIM has access to the forget
images Vy, but not to the retain images V), or the
original fine-tuning VQA pairs. We additionally
assume access to a set of attribute categories (e.g.,
name, occupation, place of birth) associated with
each forget identity, which can be obtained from
the schema of the fine-tuning dataset or provided as
part of the deletion request. The goal is to suppress
identity-specific behavior for Cy while preserving
the behavior of non-deleted identities in C \ Cy.

4.2 Stage 1: Universal Visual Prompt
Learning

Training data construction. Under the strict set-
ting, we construct probing questions from the at-
tribute categories assumed available in Section 4.1.



For each forget identity c, let X, denote the result-
ing constructed questions and X'y = Ucecf X, their
union. The forget prompt set used for VP learning
is

D])‘( = {(Veya, Xeyg) | c€ Cr, Ve € Ve,

3
Xegq € Xt ©)

Objective. To define a fixed identity-forgetting
target for forget images, we learn a universal visual
prompt 7' € REXWXC T i an input-space pertur-
bation applied uniformly to all forget images, and
is optimized under the following objective:

['VP = >\CE »CCE + Anorm ['norm + Aalign Lalign-

“)
At this stage, the model parameters are held fixed
at 6y and only 7’ is optimized.

Refusal response induction. We induce the
model My, to produce refusal responses for forget
images to which 7" has been applied. Letting );qk
denote the set of IDK responses, we use

Low = —Eyx)mpy [log P, (f/idk V4T, X)] )

where Yidk is sampled uniformly from Yqx.

Perturbation magnitude constraint. A larger
T requires a larger Stage 2 update to reproduce its
displacement, which in turn drifts 6 farther from
0o and harms retain features. We therefore penalize
the magnitude of 7"

ﬁnorm = ||TH3 (6)

This balances the pressure of Lcg to enlarge the
perturbation, so that T' grows only as large as
needed for the forget set to reach the target location.

Feature displacement alignment. We require
T to displace the forget images in a consistent di-
rection within the representation space. For each
forget image V' € Vy, define

Azy = E,(V +T;00) — E,(V;00), (7)

and let
2

. (®)

Az
Ealign = - H EVNVf |: v :|

[Azy |

This term aligns the directions of Azy, across for-
get images, which will be shown in Stage 2 (Sec-
tion 4.3) to be necessary for keeping the forget
gradient from collapsing in expectation.

4.3 Stage 2: Fisher-Constrained Vision
Encoder Update

With T fixed, we update the vision encoder so that
the forget features reach the same target without ap-
plying T'. The target feature for each forget image
is

ay = Ey(V + T: ), ©)

fixed throughout the update. The forget feature loss
is

£4(0) =By, | | E(V30) = 25|, (10)

with forget gradient g () := Vg
image Jacobian Jy (0) := 0FE,(V;
0o, the gradient takes the form

L¢(6) and per-
6)/90. At 6 =

gr(0o) = —2Evy.y, JV(QO)TAZV] , (1D

where Azy is the feature displacement defined in
Section 4.2. This expression clarifies the role of
Latign. If Azy, points in arbitrary directions across
forget images, the expectation averages over in-
coherent directions and cancels to zero, yielding
gf(fp) ~ 0 and a meaningless update. L,jig, in
Stage 1 aligns these displacements so that the per-
image contributions Jy (6y) " Azy add up construc-
tively at 6. This is the precise sense in which the
VP is configured to make the Stage 2 update well-
posed.

Retain preservation as a constraint. Retain per-
formance is governed by the per-image feature drift
|Ey(V;0 + AB) — Ey(V;0)||?> oneach V € V),
at the current parameter #. Because no retain data
is available at unlearning time, any drift incurred
along a forget update has no retain-direction sig-
nal to undo it; we therefore bound the drift at ev-
ery update, preventing irreversible accumulation at
the source. A first-order Taylor expansion of the
squared drift around 6 gives

|E, (V560 4+ A0) — E,(V;0)]? ~ AOTFy(0)A0,

(12)
where Fy/(0) has been adopted as a Fisher impor-
tance in previous works (Kirkpatrick et al., 2017;
Aljundi et al., 2018; Golatkar et al., 2020; McKin-
ney et al., 2026). To absorb the per-identity image-
count imbalance common in identity datasets, we
aggregate F'y/(0) at the identity level—averaging
within each identity before summing across identi-
ties (Appendix A.1):

o)=Y \v1| S F().

ceCr Veve

13)



Fisher-preconditioned retain-free update. We
minimize the forget objective subject to the per-step
retain-drift budget €, (Golatkar et al., 2020). The
KKT conditions yield the Fisher-preconditioned
direction F 'g ¢ (Appendix A.4), which we apply
with a learning rate hyperparameter 1 controlling
the per-step magnitude:

AG=—nF,(0) " gs0). (14)

Under the assumption that the constraint is sat-
isfied at every step and that the step size is small
enough to keep 6 in a neighborhood of 6, through-
out, Jacobian smoothness implies F,.(6) ~ F,.(6y)
along the update trajectory (McKinney et al., 2026).
Combined with the identity-balanced Fisher decom-
position ]ﬂN“T(Go) = f‘full(eo) - ff(ﬁo), the final
update rule becomes

Af = —n (f‘fuu(Ho) - f’f(Qo))_lgf(@)- (15)

We precompute and cache I'N“fuu(ﬁg) once at
the end of the original fine-tuning; at unlearning
time, only F £(6y) needs to be computed from V.
The update therefore does not require retain im-
ages, original training questions, or ground-truth
responses.

5 Experiments

5.1 Experimental Setup

Benchmarks and models. We conduct experi-
ments on two benchmarks, MLLMU-Bench (Liu
et al., 2025a) and ReMem (Kwon et al., 2026),
which provide complementary evaluation axes
that jointly verify whether unlearning is achieved
faithfully at multiple levels. MLLMU-Bench
additionally evaluates the preservation of pre-
trained knowledge about real-world individuals
(the real/celebrity split), allowing us to detect col-
lateral damage to general prior knowledge. Re-
Mem ensures robust foundational memorization
and adopts keyword exact match for more accurate
evaluation. It examines forgetting across three axes:
surface-level forgetting on in-distribution questions
(forget), retention depth at the probability level
(exposure), and generalization to unseen images
and paraphrased questions (test). We use forget
splits of 5% and 10% on both benchmarks with
LLaVA-1.5-7B (Liu et al., 2024) and Qwen3-VL-
8B-Instruct (Bai et al., 2025) as base models. Ad-
ditional benchmark details are in Appendix D.4.

Baselines. Among methods with publicly avail-
able official code, we organize baselines into
two groups based on the data scope they require.
The retain-utilizing group, included as a refer-
ence, additionally uses retain data and consists
of KL._Min (Nguyen et al., 2020), GA_Diff (Liu
etal., 2022a), MMUnlearner (Huo et al., 2025), and
MANU (Liu et al., 2025b). The forget-only group,
which uses the same data scope as AIM, consists
of GA (Thudi et al., 2022) and NPO (Zhang et al.,
2024). Comparing the two groups allows us to as-
sess whether AIM, operating under a strict data
scope, can compete with baselines that exploit ad-
ditional supervision.

Evaluation metrics. On MLLMU-Bench we re-
port VQA Classification Accuracy (Cls) and Gen-
eration Performance (ROUGE (R)) (Lin, 2004)
on the forget, retain, and real (celebrity) subsets. On
ReMem we report Keyword Exact Match (EM),
Generation Performance (ROUGE) and the Expo-
sure score (Exp) (Kwon et al., 2026) on the forget,
retain, exposure, and test set. Unless specified, all
scores in this paper are in %.

Implementation details. All baselines, the
vanilla model, and AIM are retrained and evaluated
under an identical environment on a single NVIDIA
A100 80GB GPU. Vanilla model preparation and
baseline unlearning follow prior-work schedules;
we observe that forget-only baselines (GA, NPO)
tend to collapse rapidly under their schedule and
therefore report their results at 1 epoch. AIM is
trained with 10 epochs of Stage 1 visual prompt
learning, 100 iterations of the Fisher approximation
in Stage 2, and 50 epochs of vision-encoder updates
in Stage 2. All reported results were obtained using
a single fixed random seed. Additional hyperparam-
eters, training details and hardware specifications
are provided in Appendix D.5.

5.2 Main Results

Tables 2 and 3 report unlearning results of 5% and
10% splits on LLaVA-1.5-7B and Qwen3-VL-8B.
15% split results are in Appendix D.7 and D.9.

AIM matches retain-utilizing baselines without
using retain data and generalizes forgetting to
unseen variants. On MLLMU-Bench, our re-
tain and celebrity-prior metrics (Cls,, ROUGE,,
Cls., ROUGE,) stay close to vanilla on both mod-
els, matching or exceeding retain-utilizing base-
lines such as MMUnlearner and MANU on LLaVA.



| MLLMU-Bench | ReMem
Method | Clsf } ROUGE;| Cls.1T ROUGE,t Clst ROUGE.?1 | EM;] EM,1t ROUGEt Expl EM;]
Forget 5%
Vanilla | 392 60.2 39.0 554 524 24.4 | 933 100.0 100.0 56.9 92.9
o GA_Diff 36.0 53.5 36.1 54.9 48.3 21.6 0.0 47.5 44.5 40.5 0.0
g E KL_Min 30.4 274 40.9 355 56.1 14.3 86.7 98.9 91.2 55.1 100.0
©=  MMUnlearner 29.6 449 385 58.0 44.6 29.6 233 96.1 98.2 36.4 23.8
=  MANU 40.8 55.1 43.8 55.6 53.5 25.7 20.0 96.9 98.5 40.4 23.8
s .. GA 224 159 30.7 19.5 52.3 13.8 86.7 99.1 91.1 554 100.0
&= NPO 32.0 16.3 39.7 22.7 56.3 12.6 86.7 98.3 90.7 55.1 92.9
€ °  OQOurs 352 49.5 38.1 523 51.3 26.9 30.0 76.7 88.1 544 45.2
Forget 10%
Vanilla | 432 57.5 38.6 554 52.3 24.4 | 917 100.0 100.0 69.1 94.0
o GA_DIff 344 50.1 36.1 55.9 49.9 24.4 0.0 88.6 79.6 43.5 0.0
g £ KL_Min 22.0 36.4 30.0 49.8 53.0 22.8 0.0 52 10.2 50.6 3.6
©=  MMUnlearner 332 37.5 36.5 424 48.6 21.6 0.0 22.1 61.2 452 3.6
=  MANU 344 54.5 339 522 48.4 22.5 20.0 98.4 99.4 58.7 25.6
s .. GA 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.3 22 50.7 0.0
&= NPO 0.0 0.0 0.0 0.0 0.0 0.0 0.0 4.4 6.3 52.6 1.8
€ °  Ours 39.2 49.9 385 51.7 51.7 26.1 383 78.8 89.2 63.9 35.1

Table 2: Unlearning results on LLaVA-1.5-7B. MLLMU-Bench and ReMem across 5%, 10% forget splits.
Subscripts denote forget ( f), retain (r), celebrity prior (c), and test (¢) splits. Baselines are grouped by data scope:
retain-utilizing methods access additional retain data, forget-only methods do not. Ours uses only forget data.

Method Clsy, Ryl CIs; T R.1T ClscT RcT
Forget 5%

Vanilla 68.0 72.2 69.0 70.8 744 437
retain-utilizing

GA_diff 64.8 65.4 67.0 67.8 73.8 425
KL_Min 2.4 2.8 66.4 60.3 74.9 39.1
MMUnlearner 48.0 49.7 60.0 57.0 58.0 37.7
MANU 49.6 57.9 61.9 57.5 68.9  40.1
forget-only

GA 61.6 66.4 65.3 62.7 752 422
NPO 46.4 55.1 53.7 54.3 73.0 440
Ours 53.6 59.8 66.4 65.1 74.5 43.6

Forget 10%

Vanilla 71.2 72.1 68.7 70.7 74.4 43.7
retain-utilizing

GA_diff 64.4 61.2 66.0 68.2 73.8 43.7
KL_Min 2.8 1.9 57.7 63.6 71.5 38.1
MMUnlearner 56.8 53.0 58.1 572 664 392
MANU 60.4 56.3 58.5 559 71.5 40.7
forget-only

GA 33.6 474 33.8 452 650 504
NPO 0.0 3.1 0.0 3.2 313 3.1
Ours 62.4 60.7 65.7 64.3 764 428

Table 3: Unlearning results on Qwen3-VL-8B
(MLLMU-Bench). 5%, 10% forget splits. Notation and
baseline grouping follows Table 2.

On ReMem (LLaVA), we narrow the gap to retain-
utilizing methods while still operating in the strict
setting: EM; drops from vanilla’s 92.9/94.0 to
45.2/35.1 —indicating that forgetting generalizes
to identities rather than memorizing exact train-
ing images. The remaining gap on Exp stems
from our Fisher constraint, which caps the per-step
update magnitude to preserve retain features and
thereby limits how deeply the forget signal can
propagate into the internal token distribution. We

view this as a natural trade-off in the strict setting,
since retain-utilizing methods are free of such tight
retain-preservation constraints and can drive forget
direction more aggressively.

AIM remains stable where forget-only baselines
collapse. AIM maintains a balanced forget-retain
trade-off across all forget ratios on both models,
and this stability extends across training iterations
(Appendix D.2). This reflects that the Fisher con-
straint bounds retain drift at every step. In contrast,
GA and NPO collapse as iterations accumulate.
By the 10% split they either reach ~0 on every
MLLMU-Bench column (LLaVA) or drive retain
metrics to single digits (NPO on Qwen3-VL), in-
dicating degenerate outputs across all inputs. The
difficulty extends to some retain-utilizing methods:
on ReMem at 10%, KI._Min and MMUnlearner
both suffer severe retain collapse.

5.3 Ablation and Further Analysis

Visual perception preservation after unlearning.
Section 3.2 predicted that a vision-side interven-
tion should leave visual perception largely intact.
In Tab. 4, we verify this after unlearning on the
visual perception question set on forget-identity im-
ages, comparing responses against the pretrained-
LLaVA and vanilla model. AIM attains the clos-
est match to vanilla, substantially exceeding the
best-performing retain-utilizing method and forget-
only methods. The responses remain coherent and
on-topic rather than degenerating into refusals or



Model pretrained vs vanilla vs Appr.
ROUGET GPTt ROUGEt GPT{ GPTT
Vanilla 58.9 70.2 - - 96.4
MMUnlearner 52.1 34.7 74.3 33.3 88.4
GA 0.0 0.0 0.0 0.0 0.0
NPO 49.6 59.1 772 66.2  99.1
Ours 57.8 68.9 87.5 827 973

Table 4: Visual perception preservation after un-
learning (MLLMU-Bench, 5%). Visual perception
responses on forget-identity images, scored against the
pretrained LLaVA and the vanilla model by ROUGE-L
and GPT semantic preservation judgment. Appr.: frac-
tion of coherent, on-topic, non-refusal answers.

Split Method EMy| EM,? ROUGEt Exp] EM|
Vanilla  91.7  100.0 100.0 69.1  94.0

5%—10% GA 78.3 96.2 73.0 642 875
NPO 75.0  96.0 72.6 62.7 827
Ours 41.7 69.3 84.0 647 423

Vanilla 944  100.0 100.0 65.6  96.0
10%—15% GA 0.0 0.1 1.8 53.9 0.0
NPO 0.0 0.1 1.7 533 0.0

Ours 500 718 85.2 60.1  56.3

Table 5: Continual unlearning on ReMem. Hop i — j:
continually unlearn from the forget ¢ checkpoint over
the newly-added identities in forget j.

incoherent outputs —the empirical correlate of our
analysis that the forget signal is absorbed at the
identity-related region while perception is left struc-
turally untouched.

Extension to continual unlearning. Real-world
deletion requests arrive sequentially rather than
as a single batch. (Liu et al., 2022b; Gao et al.,
2025; Jin et al., 2026) AIM extends to thii setting
at no additional design cost: the cached Fyy;(6p)
is independent of which identities are forgotten,
so each new request only requires computing F ¢
for the newly added identities. As shown in Tab. 5,
although GA and NPO appear competitive on the
1 — 2 transition, their extremely high FM; val-
ues indicate that they fail to properly forget the
target identities. In contrast, on the 2 — 3 transi-
tion, AIM still forgets effectively (EMy = 50.0,
EM,; = 56.3) while preserving retain capacity
(ROUGE = 85.2, EM, = 71.8), whereas the
other methods collapse entirely at the second step.

Loss components and target feature types. We
ablate the three Stage 1 loss terms and the target fea-
ture choice for forget set. (Tables 6 and 7). Remov-
ing Lyorm lets T grow unbounded and the target
feature drifts so far that retain collapses along with

Forget Retaint Real T
CE Align Norm Cls ROUGE CIs ROUGE Cls ROUGE
v v 24.4 47.0 28.3 46.9 21.4 30.0

v v 412 58.8 39.7 57.2 522 25.6
v v 42.8 57.1 38.7 55.5 523 24.4
v v v 39.2 49.9 38.5 51.7 51.7 26.1

Table 6: Stage 1 loss component ablation (MLLMU-
Bench, 10%). Each row keeps a subset of the three loss
terms (CE, alignment, norm).

Forget| Retaint Celebrity
Method Cls ROUGE CIls ROUGE Cls ROUGE
Blank 31.6 46.7 34.8 49.6 50.2 26.8

Random Vector 44.0 59.4 39.6 58.2 51.4 25.1
IDK (baseline)  39.2 49.9 38.5 51.7 51.7 26.1

Table 7: Stage 1 target ablation (MLLMU-Bench,
10%). The IDK-inducing target is replaced with a blank
text or random-vector.

forget. Removing L,jien leaves Azy arbitrary, so
the forget gradient cancels in expectation (Eq. (11))
and metrics remain near vanilla without effective
update. Removing Lcg makes 7' ~ 0 a trivial
solution. The same mechanism applies to the tar-
get feature ablation, where a random-vector target
bypasses Lajign and fails to forget from the start.
IDK and Blank both work because only a coherent,
aligned target is required.

Robustness under inference-time deviations.
We stress-test AIM under inference-time image
perturbations using the 5% forget split of MLLMU-
Bench. Specifically, we apply Gaussian noise,
JPEG compression, horizontal flipping, and Gaus-
sian blur to the input images. As shown in Ta-
ble 8, AIM maintains a similar forget—retain trade-
off across these perturbations: forget ROUGE-L
changes by at most 4.7 points relative to the clean
condition, while retain ROUGE-L decreases by at
most 1.8 points. These results indicate that AIM re-
mains stable under common image-side deviations.

6 Conclusion

We studied deletion-time identity unlearning in
MLLMs under a strict setting that uses only forget
images, constructed questions, and a Fisher statis-
tic precomputed before any forget request, with-
out access to retain images, original questions, or
ground-truth answers. To our knowledge, we in-
troduced the first representation-level analysis that
directly contrasts identity- and visual perception-
related hidden states on the same trained image,
revealing distinct clustering structures between the



Image Condition LLaVA-1.5-7B Qwen3-VL-8B
Forget | Retain{ Forget| Retain 1
Clean 49.5 52.3 59.8 65.1
Gaussian noise 53.4 51.3 60.4 63.6
JPEG compression  50.1 52.7 572 63.3
Horizontal flip 51.3 51.2 583 63.3
Gaussian blur 54.2 52.6 59.2 63.7

Table 8: Image-side robustness stress test. ROUGE-L
scores on the 5% forget split of MLLMU-Bench under
inference-time image perturbations.

two question types. This finding motivates our two-
stage method, which first defines an IDK-inducing
target and then internalizes that target through a
Fisher-conditioned vision-encoder update, recover-
ing retain protection by decomposing the cached
full Fisher rather than observing retain data. The
method matches or exceeds retain-utilizing base-
lines on key metrics under the strict setting. Abla-
tions and further analyses confirm that each loss
component is necessary, that the two-stage design
is crucial for stable unlearning, and that the method
remains robust across forget ratios, visual percep-
tion evaluations, and continual deletion scenarios.

Limitations

While AIM achieves retain-free unlearning under
the strict setting, we acknowledge several limita-
tions. First, as AIM updates only the vision en-
coder while keeping the language model fixed, it
does not remove identity knowledge in the text-
only modality. Broader cross-modal deletion can be
achieved by combining AIM with a complementary
LLM-unlearning method. Second, the full Fisher
must be precomputed during fine-tuning when re-
tain images are implicitly accessible, so the frame-
work cannot be applied directly to models without
a precomputed Fisher. Third, we treat the retain
Fisher as fixed at its initial value, an approximation
that may break down under longer schedules or
larger steps. Fourth, AIM requires small learning
rates, which may limit how deeply the forget sig-
nal propagates through the token distribution and
may contribute to the gap on ReMem’s Exposure
metric. Finally, although AIM largely preserves the
forget—retain trade-off under the tested image-side
perturbations, our robustness evaluation does not
cover broader prompt-side, cross-modal, or adap-
tive attacks. Evaluating AIM under more diverse
attack settings and developing MLLM unlearning
methods that require neither retain data nor a pre-

computed cache at deletion time while remaining
robust at inference time are important directions
for future work.
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A Method Derivations and
Implementation

A.1 Identity-Balanced Fisher Aggregation

The atomic unit of unlearning in this paper setting
is an identity, not an individual image. When the
deletion request specifies a forget identity ¢ € Cy,
the goal is to remove image-conditioned access to
identity-specific information about ¢ from the for-
get images, regardless of how many images of ¢
appear in the training set. Conversely, preserving a
retain identity ¢’ € C, requires preserving all its ap-
pearances, including unseen images. This asymme-
try between identity-level requests and image-level
fine-tuning data motivates an identity-balanced re-
formulation of the Fisher aggregation.

A.2 Image-level vs. Identity-level aggregation
The natural image-level Fisher aggregation

)= > Fy(0)

Vev,

Fe(0 (16)
weights each retain image equally. When identi-
ties differ in their training-image counts, this ag-
gregation effectively prioritizes the preservation
of high-image-count identities and under-protects
low-image-count ones. Our identity-balanced ag-
gregation

-2

ceCr

> Fy(9)

(17
| c‘ Vev.

gives each identity equal weight by averaging
within the identity before summing across iden-
tities. The same form is used for F'; and Fy,.

A.3 Mixture-of-identities interpretation

Eq. (17) can be derived from a mixture-of-identities
likelihood. If the data-generating distribution is a
uniform mixture over identities

p(V | 6) Zp (V]e6),  (18)
CEC
the population Fisher takes the form
Z C] Ey pvie) [Fv ()] (19)

ceC

Replacing the per-identity expectation by its sam-
ple average over V. recovers Eq. (17) up to a mul-
tiplicative constant, which is absorbed into the
Lagrange multiplier A\. The decomposition F, =
f‘fuu - F ¢ holds by linearity of the identity-level
aggregation.

A.4 KKT closed-form update

We derive the closed-form update of Eq. (14) step
by step.

Step 1: Linearization of the forget objective. A
first-order Taylor expansion of £ around the cur-
rent 0 gives

L0+ A0) ~ L(0)+g£(0) A0, (20)

which is linear in A6.

Step 2: Quadratic retain-drift constraint. As
shown in Section 4.3, the per-image retain feature
drift admits the quadratic approximation

1 E,(V;0+A0) — E,(V;0)||> ~ A0 TFy(0)A6.
1)
Aggregated identity-level (Appendix A.1), we im-

pose the per-step retain-drift budget
AOTF.(0)A0 < ¢,. (22)

Step 3: Constrained optimization. Combining
Steps 1 and 2, the per-step update solves

min g/(0)TAf st. AGTF.()A0 <e,. (23)

The objective contains the only direction-relevant
information (the forget gradient), and the constraint
encodes the strict setting’s retain protection.

Step 4: Lagrangian and stationarity. The La-
grangian is

L(AG,)) = g] A0+)\(A9TEA9 - e,) . A>0.

(24)
Stationarity in A# requires
Vaol = g5 + 2AF, A = 0, (25)
giving
AG* = —%ﬁ;lgf (26)

Step 5: Effective update form. From Eq. (26),
the update direction is

* 1 ~_
A" =~ F, gy 27)
In implementation, the scalar factor (2\) ! is ab-

sorbed into an effective learning rate 7, yielding
AO=—nF g, (28)

Thus, the essential closed-form structure is the
Fisher-preconditioned forget direction F, g ;.



Forget| Retaint Celebrity
Method Cls ROUGE CIls ROUGE CIs ROUGE
Vanilla 43.2 57.5 38.6 554 52.3 24.4

single-stage  32.8 38.7 29.9 36.0 19.3 26.1
IDK (ours)  39.2 49.9 38.5 51.7 51.7 26.1

Table 9: Single-stage vs. two-stage unlearning
(MLLMU-Bench, 10%). Single-stage applies all three
Stage 1 losses directly to the vision encoder in a single
joint update, skipping the target-then-path decoupling
of our two-stage method (IDK). The single-stage vari-
ant collapses across retain and celebrity metrics, and its
lower forget scores reflect general degradation rather
than selective forgetting.

A.5 Fisher Implementation: Damping,
Diagonal Approximation, Effective LR

We adopt three standard modifications for practical
implementation. First, to ensure numerical stability
of F-! when individual Fisher entries approach
zero, we apply Levenberg-Marquardt-style damp-
ing F,. « F, 4+ 0I (Martens et al., 2010; Martens
and Grosse, 2015; Pascanu and Bengio, 2013), with
0 set to the mean of the (undamped) Fisher diag-
onal. Second, for computational tractability, we
use a diagonal approximation of F,. (Kirkpatrick
et al., 2017; Zenke et al., 2017; Aljundi et al.,
2018), estimated via Hutchinson’s stochastic es-
timator (Hutchinson, 1989; Bekas et al., 2007; Yao
et al., 2020), which reduces the matrix inverse to
element-wise inversion. Third, to match the effec-
tive per-step update magnitude used by other train-
ing procedures, we set n = E[F,] - 1075, making
the per-step parameter shift comparable to standard
fine-tuning at Ir = 10°.

A.6 Why Two Stages? Limitations of
Single-Stage Unlearning

AIM first learns a visual prompt 7" in Stage 1 to
construct a forget target, then updates the vision
encoder in Stage 2 toward this target under the
Fisher constraint. A natural alternative is to skip
Stage 1 and apply all three loss terms (Lcg, Lalign.
Luorm) directly to the vision encoder in a single
joint update, with Fisher division applied as usual.
We show this single-stage variant fails both empiri-
cally and conceptually.

Empirical performance. Table 9 compares the
two-stage method (IDK) and the single-stage joint
variant on MLLMU-Bench at the 10% forget split.
The single-stage variant collapses across all met-
rics, including retain and celebrity-prior accuracy.

The apparent forget improvement reflects general
model degradation rather than selective forgetting.

Loss trajectories. Figure 3 shows the four loss
components during the single-stage update across
ablation combinations. Two patterns emerge. First,
the three loss terms pull the encoder in conflicting
directions. Removing any single component causes
its own loss to grow rather than remain bounded as
training proceeds. Dropping both Ljign and Lyorm
lets Lyoorm explode and oscillate without bound,
and similar behavior appears when each term is
removed individually.

Second, the total loss spikes sharply at the start
of training before settling. Even though the Fisher
constraint already keeps per-step parameter shifts
small, the loss surface around the vanilla weights is
so unstable that the first few steps trigger large loss
swings before training settles. The forget set, which
supplies the supervision signal, can adjust as train-
ing proceeds. The retain set, by contrast, receives
no corrective signal under the strict setting, so any
early drift on retain features becomes permanent.
Single-stage optimization thus pays for the early
instability with irrecoverable retain damage.

Why the single-stage approach fails. We at-
tribute this failure to a fundamental difference in
target specificity. In our two-stage method, Stage
1 commits to a specific forget target, and Stage 2
then guides the vision encoder toward this fixed
target through a single feature-matching loss un-
der the Fisher constraint. The destination is a fixed
point. When the Fisher constraint blocks an up-
date direction, the encoder progresses as far as it
can along the remaining directions and stops there.
Convergence is well-defined because the direction
is well-defined.

In the single-stage approach, the encoder is
asked to reach any point in the set of feature con-
figurations satisfying all three losses jointly. This
target is a broad region rather than a single point.
When the Fisher constraint blocks one path into this
region, the optimizer could reroute to a different
path.

Two stages thus separate two genuinely different
problems, constructing a precise forget destination
using complex loss combinations and routing the
encoder toward that fixed destination. Combining
these into one objective conflates them and breaks
the optimization.



1-Stage Tuning Loss Graph: two stages at once (smooth = 30)
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Figure 3: Loss trajectories during the single-stage joint update on MLLMU-Bench (10% forget). Each panel
shows one of the four loss components (Lcg, Lalign, Lnorm» Ltotal) under four ablation combinations of the
auxiliary terms. Removing any term lets its own loss grow rather than stay bounded, and the total loss spikes sharply
at the start before settling, causing irreversible retain damage under the strict setting.

Fisher decomposition Unlearning (pre vs. post)

Forget cos-sim rel o Retain cos ~ Forget cos
5% 0.9882 0.160 0.781 0.621
10 % 0.9873 0.165 0.668 0.606
15 % 0.9868 0.167 0.787 0.661

Table 10: Identity-balanced Fisher: decomposition
accuracy and stability. Left: Fr,; — F; matches the

directly computed F,. Right: diagonal Fisher cosine
before and after unlearning. LL.aVA-1.5-7B on ReMem.

B Empirical Justification of the Method

B.1 Identity-Balanced Fisher: Decomposition
Accuracy and Update Stability

ReMem is constructed with balanced per-identity
image counts, so to test the value of identity-level
aggregation under uneven counts we artificially in-
duce the imbalance. We compute ffull and F Fon
the original (balanced) training images, and the
directly-computed f‘r on a test-image subset with
intentionally reduced and unequal per-identity im-
age counts. Table 10 (Left) reports the cosine simi-
larity and relative ¢ error between the decomposed
f‘fuu ~F ¢ and this directly-computed f‘r at three
forget ratios. Across all settings, the decomposi-

tion yields high cosine and modest ¢ error. These
indicate the two matrices align in direction, with
small magnitude mismatches absorbed into the La-
grange multiplier A at solve time (Appendix A.4).
Identity-level aggregation remains accurate even
when retain-side and forget-side image counts di-
verge, validating its use as a substitute for direct F',.
computation, which would require access to retain
images.

B.2 Fisher stability across the unlearning
update

The cached F, () approximates the running F (6)
only if the per-step update keeps 6 close enough to
0o for Jacobian regularity to hold. Table 10 (Right)
reports the cosine similarity between the diagonal
vision-encoder Fisher before and after unlearning.
The retain Fisher cosine stays in the range 0.67—
0.79 across forget ratios, indicating that retain-side
parameter importance shifts modestly along the
trajectory. The forget Fisher cosine is lower (0.61—
0.66), reflecting that forget-relevant parameters are
actively redistributed by the update. This asymme-
try is exactly the behavior our Fisher constraint is
designed to permit. The constraint binds on the re-
tain side, keeping the retain Fisher stable enough
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Figure 4: Per-layer gradient cosine on the vanilla
vision encoder. Within-group cosines (Gf-G¢ and
G,-G,) rise in later layers, indicating coherent up-
date directions within each group. The across-group
cosine (G's-G') becomes negative in late layers, show-
ing that a forget-direction update simultaneously pushes
retain features in the opposite direction. LLaVA-1.5-7B,
MLLMU-Bench, 15% forget split.

that the cached approximation remains valid, while
the forget side is free to shift as the update internal-
izes the deletion request.

B.3 Gradient Conflict Without the Fisher
Constraint

To isolate the role of the Fisher constraint in Stage
2, we remove it and update the vision encoder di-
rectly with the forget feature loss alone. We mea-
sure three cosine similarities of per-image gradients
at the first update step on LLaVA-1.5-7B (MLLMU-
Bench, 15% forget):

* G ;-G forget—forget gradient cosine (within-
group),

* (G,—G,: retain—retain gradient cosine (within-
group),

* G -G, forget—retain gradient cosine (across-
group).

Result. Figure 4 shows that both within-group
cosines (G y—Gy and G,—G.) are high across all
layers, indicating that gradients within each group
agree on a coherent update direction. In contrast,
the across-group cosine G y—G is consistently neg-
ative (layer-wise mean ~ —0.12), and the negativ-
ity intensifies in later encoder layers. This means
any encoder update along the forget direction si-
multaneously moves retain features in the opposite
direction.

Why this motivates the Fisher constraint. In
the strict setting, no retain-side signal is available

PCA on Pretrained Model

A Visual Perception Qs.
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Figure 5: PCA projection of pretrained LLaVA hid-
den states. Each point is the last-layer LLM hidden
state of a single question. Visual perception questions
(blue) and identity questions (green) appear visually dis-
tinguishable in 2D PCA even in the pretrained model,
motivating the quantitative analysis in Table 11.

Model |cos(PC1,d)| Fisher (PC1) Raw /5 dist.
Pretrained 0.647 1.52 40.7
Vanilla 0.985 19.38 46.4

Table 11: Principal component alignment with
identity-visual perception separation. | cos(PC1,d)|
is the cosine similarity between PC1 and the centroid-
difference vector d in the original 4096-dimensional
space. Fisher denotes the Fisher criterion (between-
group / within-group variance) along PC1.

to correct this conflict during training, so a naive
forget-only update accumulates irreversible retain
drift with each step. Our Fisher constraint (Sec-
tion 4.3) intercepts this accumulation at the source
by bounding the per-step retain drift even though
no retain images are observed. The cached full
Fisher provides the retain-direction information
that would otherwise require explicit retain data,
recovering retain protection without violating the
strict setting.

C Analysis Extensions and Stage 1
Studies

C.1 Quantitative Verification of Visual
Perception—Identity Separation

The PCA visualizations in Section 3.1 indicate that
visual perception and identity responses occupy
distinct regions in the vanilla SFT model. A natural
concern is whether this separation already exists
in the pretrained model and is inherited rather than
learned. Indeed, when we project pretrained hidden
states with the same PCA setup (Fig. 5), the two
groups also appear visually distinguishable, indi-



cating that visual inspection alone cannot answer
this question.

Table 11 provides the quantitative answer.
Through SFT, the representation undergoes two
complementary changes. First, the two group cen-
troids move further apart in the raw dimension
space (o distance 40.7 — 46.4). Second, the dom-
inant axis of variation reorients so that the princi-
pal component nearly coincides with the group-
separation direction (] cos(PC1,d)| 0.647 —
0.985, Fisher criterion 1.52 — 19.38). Hence, the
vanilla PCA in Section 3.1 does not merely hap-
pen to show two clusters; SFT both spreads the
two groups apart and aligns the principal compo-
nent with the visual perception—identity contrast,
so projecting these jointly onto PC1-PC2 naturally
produces the observed separation.

C.2 NMI/ARI Quantification

Section 3.1 reports the qualitative clustering struc-
ture of identity and visual-perception hidden states
via PCA and t-SNE. Here we quantify this structure
with Normalized Mutual Information (NMI) and
Adjusted Rand Index (ARI) on MLLMU-Bench
(5% forget split), and extend the analysis to (i) post-
unlearning models and (ii) held-out identity ques-
tions whose templates were not seen during vanilla
fine-tuning.

Setup. For each question subset (seen identity
questions, held-out identity questions, and visual
perception questions), we cluster the raw last-layer
LLM hidden states with k-means and compute NMI
and ARI against two reference labelings of the
same hidden states: person-ID, which image the
question concerns, and guestion template, which
question pattern the input follows. For each label-
ing, k-means uses k equal to the number of distinct
labels in that labeling.

Metric interpretation. NMI lies in [0, 1] and
ARI in [—1, 1], both equal to 1 for identical clus-
terings and O for chance-level agreement (negative
ARI indicates worse than chance). A high score
against person-ID on a question subset means the
embedding groups primarily by depicted identity,
while a high score against question template means
it groups by question content. Comparing the two
scores on the same subset reveals which axis the
model uses to organize that question type.

Visual Perception Identity Question

Model Layer NMI ARI NMI ARI
12 0.390 -0.020 0.294  -0.021
LLaVA-1.5-7B 24 0365 -0.019 0481 0.150
32 (last) 0.405 0.009 0.935 0.820
12 0.551 0.149 0.535 0.229
Qwen3-VL-8B 24 0358 -0.023 0302 -0.021
36 (last) 0.440 0.027 0.990 0.967

Table 12: Layer-wise clustering of hidden states. NMI
and ARI quantify the alignment between representation
clusters and visual-perception or identity-question labels
at selected intermediate and final LLM layers.
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Figure 6: Clustering on images not seen during fine-
tuning. Last-layer LLM hidden states of the MLLMU-
Bench-finetuned vanilla model, evaluated on ReMem
images that were never seen during training. Visual per-
ception questions still cluster strongly by question tem-
plate, but identity questions no longer cluster strongly
by personal identity. The identity clustering observed
in Section 3.1 is therefore a fine-tuning artifact, not a
property of the underlying representation.

C.3 Layer-wise Clustering Analysis

To assess the sensitivity of our clustering analysis to
layer choice, we repeat the analysis at two selected
intermediate layers and the final layer. As shown in
Table 12, identity-question clustering is weaker at
the intermediate layers, but becomes sharply pro-
nounced at the final layer for both models. In con-
trast, visual-perception clustering does not show a
consistent late-layer increase, and its NMI and ARI
remain low across layers.

C.4 Clustering on Unseen Images

Expanding the analysis on Section 3.1, we conduct
a control experiment using the same vanilla model
fine-tuned on MLLMU-Bench but evaluated on Re-
Mem images that were never seen during training.
As shown in Fig. 6, for visual perception questions,
we observe NMI/ARI values comparable to those
obtained on MLLMU-Bench. In contrast, for iden-
tity questions, NMI/ARI drops substantially and
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Figure 7: Clustering robustness across model fam-
ily and tuning scope (MLLMU-Bench, 5%). Top:
LLaVA-1.5-7B with LoRA on full vision+LLM SFT.
Middle: LLaVA-1.5-7B with LLM-only LoRA tuning.
Bottom: Qwen3-VL-8B with LLM-only LoRA tuning.
All three exhibit the same pattern: identity questions
cluster by image identity, visual perception questions
cluster by question template.

identity-level clusters fail to form, showing that
identity-by-image clustering emerges only for im-
ages the model has actually been fine-tuned on.
This asymmetry confirms that the identity clusters
observed in Section 3.1 are a signature of learned,
identity-bound representations introduced by fine-
tuning—precisely the representational target that
an identity-unlearning method must dissolve.

C.5 Model type and tuning-recipe robustness

We first verify that the clustering signature is not
an artifact of a specific vanilla model. Figure 7
compares three vanilla baselines: the public Hug-
gingFace LLaVA-1.5-7B checkpoint, in which both
the vision encoder and the LLM are SFT-tuned
(LLaVA-Full Finetuned); an in-house LoRA fine-
tune of LLaVA on the LLM Q/K/V/O projections
only (LLaVA-LLM only Finetuned); and a paral-

Pretrained Model

Clustering target Metric
[ Person ID I3 ARI
0.84 [ QuestionID |7z NMI

Score

Visual Perception
Questions

Identity
Questions

Held-out Identity
Questions

Vanilla Model

Clustering target [Z  Metric
B Person ID
=3 Question ID

Score

Identity Held-out Identity
Questions Questions

Visual Perception
Questions

Unlearned Model (Ours)

=
Clustering target
[ Person ID

0.8+ =1 Question ID

Score

Identity
Questions

Held-out Identity
Questions

Visual Perception
Questions

Figure 8: Clustering pattern across pretrained,
vanilla, and post-unlearning models (MLLMU-
Bench, 5%). Top: pretrained LLaVA groups all subsets
by question template with negligible identity structure.
Middle: vanilla SFT develops strong image-identity
clustering on identity questions, while held-out identity
and visual perception questions stay close to pretrained.
Bottom: after unlearning, image-identity clustering on
identity questions drops sharply and question-template
grouping rises, while held-out identity and visual per-
ception questions show no noticeable change.

lel LLM-only LoRA fine-tune of Qwen3-VL-8B
(Qwen-LLM only Finetuned). All three exhibit the
same clustering pattern. Identity questions cluster
by person identity, while perception questions clus-
ter by question template. The signature is stable
across model family and tuning scope.

C.6 Pre- vs. Post-Unlearning Clustering

Figure 8 compares the pretrained LLM, the vanilla
SFT model, and the post-unlearning model. In
the pretrained model, all subsets group almost en-
tirely by question template, with negligible person-
ID structure. In the vanilla SFT model, identity
questions develop strong image-identity clustering,
while held-out identity questions and visual per-



Method EM;| EM,? ROUGE! Exp| EM,|

VP to IDK (baseline) 38.3 78.8 89.2 639  35.1
VP to Blank text 40.0 74.7 87.1 634 339
Vision Encoder to IDK 43.0  77.6 60.1 512 604

Table 13: Stage 1 intervention design choices (LLaVA-
1.5-7B, ReMem, 10%). Two axes are varied: interven-
tion type (visual prompt 7' vs. direct vision-encoder
fine-tuning) and target response type (IDK refusal vs.
blank text). All three variants achieve comparable for-
get/retain trade-offs, supporting the claim in Section 3.2
that the selective-transfer effect is robust to specific de-
sign choices within this family.

ception questions remain similar to the pretrained
model. After unlearning, image-identity clustering
on identity questions drops sharply while question-
template grouping rises, and held-out identity ques-
tions and visual perception questions show no no-
ticeable change.

C.7 Held-out Identity Questions

We additionally evaluate on a held-out identity
question set whose templates do not appear in
SFT data (rightmost column of Fig. 8). Question-
template clustering on these unseen questions re-
mains intact after unlearning, indicating that AIM
affects only the SFT-internalized identity signal
and leaves untrained representations untouched.

C.8 Visual Feature Intervention Design
Choices

In Section 3.2, we chose a visual prompt 1" with
an IDK target as the Stage 1 intervention for ef-
ficiency, and claimed that other design choices in
the same family work similarly. We verify this on
LLaVA-1.5-7B with ReMem at the 10% forget split,
varying two axes: intervention type (visual prompt
vs. direct fine-tuning of the vision encoder) and
target response type (IDK refusal vs. blank text).
Table 13 reports three combinations: VP to IDK
(default AIM), VP to Blank, and Encoder to IDK.
All three reach broadly comparable forget/retain
trade-offs. The near-equivalence between IDK and
Blank targets is also consistent with our broader ob-
servation that L functions as a directional signal
toward a coherent forget representation rather than
as a literal inducer of IDK strings, so swapping the
target text leaves the underlying Stage 2 trajectory
largely unchanged.

Universal VP for Identity Question Transfer Experiment
1.0
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0.2+ —e— seen (used to make VP)
—e— held-out (not used to make VP)
—e— all questions
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Figure 9: Visual prompt transfer saturation. IDK-
rate on the full identity-question set as the number of
questions used to learn T varies from 1 to 10. Blue: ques-
tions used during VP learning. Red: held-out questions.
Green: all identity questions. The rate saturates around
8 questions, which we adopt as the default throughout
the main experiments.

C.9 Visual Prompt Transfer Experiment

Section 3.2 showed that a T" learned on a small
handful of identity questions can transfer to other
templates and induce IDK responses on unseen
questions. Here we characterize this transfer at the
dataset level. Figure 9 plots the IDK elicitation rate
on the full identity-question set as the number of
training questions used to learn 7" increases. The
rate saturates at around 8 questions, beyond which
additional training data offers no further benefit.
We therefore use 8 questions to learn 7" throughout
our experiments.

C.10 Visual Prompt Visualization

Figure 10 visualizes the learned visual prompt T’
on MLLMU-Bench. Because MLLMU-Bench con-
sists of close-up face images, the learned 7' ac-
quires shapes resembling facial landmarks, reflect-
ing the structure of the forget-set images it is opti-
mized against.

D Additional Experiments and
Reproducibility

D.1 Related-Method Style Comparison

AIM updates only the vision encoder, leverag-
ing the distinction between identity-related and
visual-perception regions established in Section 3,
and internalizes a visual-feature-level intervention
through a Fisher-based constraint. As discussed
in Section 2, the underlying ingredients (feature-
level intervention and Fisher-style constraints) have
been explored in vision-only models and LLM-only
unlearning, though never combined under strict
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Figure 10: Visualization of the learned visual prompt 7" on MLLMU-Bench. From left to right: 7" rescaled to
the visible range, raw absolute magnitudes, and per-channel (R, G, B) maps. Because MLLMU-Bench images are
close-up portraits, 7" acquires face-landmark-like structure reflecting the geometry of the forget-set images.

Method EM;| EM,? ROUGE Expl EM,|

Vanilla 100.0  100.0 100.0 68.2  100.0
(a) Golatkar et al. (2020) 96.8  100.0 100.0 100.0 96.4
(b) McKinney et al. (2026)  72.0 79.7 61.2 56.5 61.0
(c) Lietal. (2024) 69.5  100.0 100.0 555 6838
Ours 51.1 72.5 85.6 632 480

Table 14: Related-method comparison adapted to
the MLLM setting (LLaVA-1.5-7B, ReMem, 15%).
Three baselines drawn from vision-only and LLM-only
unlearning literature, referred to as (a), (b), (c) in the
surrounding text. Notation follows Table 2. All three
rely on retain images or forget-side question text during
unlearning, while ours uses only forget images.

MLLM unlearning. We adapt these directions as
MLLM-style baselines for comparison, with the
caveat that all of them rely on either retain images
or forget-side question text during the unlearning
step.

Table 14 reports results on LLaVA-1.5-7B with
ReMem at the 15% forget split. (a) performs a
one-step intervention, which barely shifts forget
metrics (EMy; = 96.8) and effectively preserves
the vanilla model. (b) extends this to a few-step
update that pulls gradients from the LLM side
while constraining the vision encoder under Fisher.
Because it incorporates forget-side question text
as additional supervision input, the update be-
comes overly specific and harms both retain and
test metrics (EM, = 79.7, EM; = 61.0). (¢)
adds an explicit L2 retain-preservation term on
retain images, which yields strong retain protec-
tion (E' M, = 100.0) as expected from direct retain
supervision. AIM achieves the strongest forget re-
duction (EMy = 51.1, EM; = 48.0) while pre-
serving retain capacity well (E M, = 72.5), despite
using only forget images and no retain supervision.
The contrast with (c) is particularly notable.
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Figure 11: Per-metric training trajectory of our
method (LLaVA-1.5-7B, ReMem, 10%). Forget, re-
tain, and test EM scores over 100 epochs. The metrics
settle into a plateau around epoch 45 and remain stable
thereafter.

D.2 Training Stability over Iterations

Figure 11 shows the per-metric training trajectory
of LLaVA-1.5-7B on ReMem at the 10% forget
split. AIM converges around epoch 45 and remains
stable afterwards, with retain and forget metrics set-
tling into a clean plateau. In contrast, GA and NPO
have no explicit retain-side constraint and diverge
rapidly. Once forget pressure builds up over a few
extra iterations, their retain and celebrity metrics
collapse together. AIM has no such sensitivity to
iteration count.

D.3 Qualitative Results

Figure 12 shows representative inference samples
on ReMem. On retain identities (top), AIM recalls
the correct identity even when paraphrasing the
ground-truth answer, which keyword-level match-
ing captures as success. On forget identities (mid-
dle), the model produces fluent answers that swap
the identity to a different person, indicating selec-
tive removal of identity-specific knowledge rather
than overall answer corruption. The bottom row
shows a representative failure of AIM on the retain



Image Question / Answer GA

Retain v/

Q Please state the marital
status of the person visible

here. Ken Ken Ken Ken Ken

GT Javier Rodriguez-Kim's Ken Ken Ken Ken Ken
marital status corresponds to

widowed.

- Q Can you provide details on
the job for the person shown?
Ken Ken Ken Ken Ken

GT The individual shown is Kenji Ken Ken Ken Ken Ken

Tanaka, and their job is shift
supervisor.

Q Tell me the education level

of the individual shown. Ken Ken Ken Ken Ken

GT Amira Hassan's education Ken Ken Ken Ken Ken

3 levelis doctorate (ph.d.).

NPO GA_Diff  MMUnlearner
v v keyword
E—— o matched
Ken Ken Ken Ken Ken | Ken Ken Ken Ken Ken awgr CR LA Javier Rodriguez-Kim's
marital status N
Ken Ken Ken Ken Ken | Ken Ken Ken Ken Ken marital state
corresponds to
o —— corresponds to
widowed.
v swap
Ken Ken Ken Ken Ken | Ken Ken Ken Ken Ken . P . . . e
Jian Li's job is mobile | Akira Kimura's job is
Ken Ken Ken Ken Ken | Ken Ken Ken Ken Ken
app developer. cafe server.
v v X
Ken Ken Ken Ken Ken | Amira Hassan's Amira Hassan's Isabella Rodriguez's
Ken Ken Ken Ken Ken | education level is education level is education level is high
doctorate (ph.d.). doctorate (ph.d.). school graduate.

Figure 12: Qualitative inference samples on ReMem. Top: retain case where ours recalls the identity correctly.
Middle: forget case where ours swaps the identity to a different person. Bottom: a representative retain failure of
ours, where the identity is misrecognized. GA and NPO produce degenerate outputs across all three cases.

side, where a retain identity is misidentified as a
different person, while GA_Diff and MMUnlearner
answer correctly here. GA and NPO produce de-
generate outputs across all three cases, consistent
with their main-table collapse.

Synthesizing observations from the qualitative
samples (Fig. 12), the training-stability trajectory
(Appendix D.2), and the blank-target ablation in
Table 7, a consistent picture emerges. The post-
unlearning model produces fluent identity-swap an-
swers rather than literal IDK refusals. This pattern
persists across extended training, and a blank target
yields performance comparable to the IDK target.
Together these indicate that Loy functions less as
a literal IDK inducer and more as a directional sig-
nal that anchors Stage 1 to a coherent forget target,
which Stage 2 then internalizes.

D.4 Models, Benchmarks, and Split Coverage

Models and benchmarks. We use LLaVA-1.5-
7B and Qwen3-VL-8B-Instruct as base models,
evaluated on MLLMU-Bench and ReMem at three
forget ratios (5%, 10%, 15%).

MLLMU-Bench. MLLMU-Bench (Liu et al.,
2025a) consists of 500 fictitious identity profiles
in its Full_Set, each paired with a portrait im-
age and a biography. We conduct experiments on
the Image-Textual multiple-choice questions (4-

way, image plus text) and the open-ended Gen-
eration task. The vanilla MLLM is fine-tuned
on ft_Data (500 examples), and unlearning is
then performed at three forget ratios, yielding
forget_5, forget_10, and forget_15 with 25,
50, and 75 identities, balanced by the comple-
mentary retain_95, retain_90, and retain_85
splits of 475, 450, and 425 identities. In addition, a
Retain_Set of 153 real-celebrity profiles is used
to evaluate generalization on real-world face and
biography knowledge that must be preserved. We
report classification accuracy and ROUGE-L on the
Generation task, separately for the forget, retain,
and real-celebrity splits.

MLLMU-Bench test set considerations.
MLLMU-Bench evaluates view-variation ro-
bustness by applying ArcFace-based pose
transformation to a single base image per identity.
This post-hoc transformation introduces visual
artifacts and identity drift across views, often
making the transformed images difficult to
recognize as the same person even for human
evaluators.

ReMem, in contrast, generates multiple distinct
images per identity at creation time and then splits
them into train/test, yielding more consistent iden-
tity preservation across views. The vanilla model
correspondingly shows substantially reduced test-



set performance on MLLMU-Bench’s transformed
views, leaving limited headroom for measuring un-
learning generalization. We therefore use ReMem’s
test set for image- and question-variation robust-
ness evaluation.

ReMem. ReMem (Kwon et al., 2026) is a Re-
liable Multi-hop and Multi-image Memorization
benchmark designed to address two failure modes
of prior LVLM unlearning benchmarks: under-
memorization and the multi-hop curse. The dataset
provides 7 splits. The finetune set contains 2,000
reasoning-aware VQA pairs for fine-tuning the
vanilla model. Four nested forget targets forget1,
forget2, forget3, and forget4 provide 100, 200,
300, and 400 examples respectively, correspond-
ing to 5%, 10%, 15%, and 20% of the train set.
A retain set of 560 examples is used for utility
preservation, and a held-out test set of 560 exam-
ples re-queries the same identities under diverse
visual and linguistic contexts. On the retain and
test splits, examples corresponding to forget-set
identities are excluded when computing metrics.
Each example carries an image, a question, a
ground-truth answer, keywords for Exact-Match
scoring, a ga_category field, a fine-grained
attribute field (e.g., email, date_of_birth),
and a cloze_prompt used by the proposed Expo-
sure metric, which quantifies the depth of infor-
mation erasure from the model’s internal proba-
bility distribution. Following the official protocol,
we report Keyword Exact-Match (EM), ROUGE-L
F1, and Exposure. For our main experiments we
match the MLLMU-Bench ratios and use forget1,
forget2, and forget3 (5%, 10%, 15%).

ReMem single-hop vs. multi-hop. ReMem pro-
vides two question formats. Single-hop ques-
tions explicitly include the target person’s name
(e.g., “Confirming the annual salary usd for Aiko
Tanaka.”). Multi-hop questions present only the
person’s image and require the model to recall
information without being told the identity (e.g.,
“Based on the image, what is the person’s an-
nual salary usd?”). Our strict setting assumes no
prior knowledge of the target identity at query
time, which matches the multi-hop format. Fur-
thermore, Remem (Kwon et al., 2026) notes that
single-hop questions were introduced primarily to
induce strong memorization during vanilla SFT.
We therefore report multi-hop in the main text.

Vanilla checkpoint construction. For LLaVA-
1.5-7B on MLLMU-Bench, we use the publicly re-
leased fine-tuned checkpoint from HuggingFace.”
For LLaVA-1.5-7B on ReMem and Qwen3-VL-8B
on MLLMU-Bench, no public vanilla checkpoint is
available, so we fine-tune the base model in-house
following the standard SFT recipe of each bench-
mark. We also release some AIM checkpoints to
facilitate reproducibility.’

D.5 Training Details and Hyperparameters

Hardware. All experiments were conducted on
the following environment:

GPU: NVIDIA A100 80GB PCle

CPU: AMD EPYC 7763 64-Core

OS: Ubuntu 22.04.5 LTS, kernel 6.8.0-111-
generic, x86_64

CUDA: 12.4 / PyTorch: 2.6.0+cul24
Stage 1 (VP learning).

* Learning rate np: le™2

* Batch size: 4

* Iterations: 10 epochs

* Loss coefficients: (AcE : Aalign © Anorm) =
(1:10:0.1) unless stated otherwise.

* IDK target set )V;qx: Provided in the supple-
mentary material.

* Use 8 common attributes in every forget set
and create questions using GPT-40-mini.

Stage 2 (Fisher-constrained update).
« Damping for Fisher inversion: E[F,]
« Effective Learning rate: le >
* Iterations: 50 epochs
* Batch size: 4

GPT-based evaluation. All GPT-based judg-
ments in this work (same-meaning, appropri-
ateness, and other GPT-judge metrics) use
gpt-4o0-mini. The prompts used for evaluation are
provided in the supplementary material.



)\CE:)\align:/\norm EMwa EM;t ROUGET Expl EM|
1:1:1 76.7 97.8 98.7 68.9 339
1:10:1 75.0 95.4 97.6 68.9  63.1
1:1:0.1 10.0 38.6 68.3 59.0 583

1:10:0.1 (baseline)  38.3 78.8 89.2 639 351

Table 15: Stage 1 loss-weight ablation (LLaVA-1.5-
7B, ReMem, 10%). Weights are (Acg:Aalign:Anorm) in
Eq. (4), IDK trigger fixed.

D.6 Stage 1 Loss-Weight Ablation

Table 15 ablates the three Stage 1 loss weights
(ACE : Aalign © Anorm) in Eq. (4) on LLaVA-1.5-
7B / ReMem at the 10% forget split, with the IDK
trigger fixed. The baseline (1:10:0.1) achieves a
balanced forget/retain trade-off. Increasing Aporm
(rows 1-2) over-constrains the visual prompt and
weakens forget reduction. Reducing Aajig, (row 3)
yields aggressive forgetting but at the cost of severe
retain degradation.

D.7 LLaVA-1.5-7B at Forget 15%

Table 16 reports the Forget 15% results on LLaVA-
1.5-7B that were omitted from Table 2 for space.
AIM continues to exhibit the balanced forget/retain
trade-off observed at 5% and 10%, reducing forget
metrics on both MLLMU-Bench and ReMem while
keeping retain performance competitive among
methods that achieve meaningful forget reduction.

D.8 Qwen3-VL-8B Implementation

Qwen3-VL adopts a DeepStack architecture in
which intermediate vision-encoder layers are in-
jected into corresponding intermediate LLM layers,
alongside the standard projection of the final vi-
sual features. AIM targets the final encoder feature
through L,jien in Stage 1 and the feature-matching
loss in Stage 2. Applying these only to the final fea-
ture would leave the intermediate visual signals
unaltered, allowing identity information to leak
through the DeepStack injections. We therefore
extend both losses to every intermediate vision fea-
ture injected into the LLM: L,j;¢y, aligns displace-
ments at each injected layer, and the Stage 2 loss
matches the post-update intermediate feature to its
prompted target at the same layer.

D.9 Additional Evaluation Results on Various
Models

Table 17 reports two supplementary experiments
on Qwen3-VL-8B. The top panel contains Forget
15% results omitted from Table 3 for space and
the bottom panel evaluates dynamic-resolution ca-
pability. Unlike LLaVA, the Qwen series natively
accepts variable input sizes, but our main experi-
ments resize all images to 448 x 448. Therefore,
we re-evaluate the unlearned model at the original
image sizes (without resizing) on the 5% forget
split. While absolute scores drop slightly under
native-resolution inputs, the forget/retain trade-off
matches the fixed-resolution setting, suggesting
that AIM largely preserves unlearning ability to
process variable-sized inputs.

We also report results for two additional models,
LLaVA-1.5-13B and InternVL3-8B, in Table 18.
Across both backbones, AIM maintains a compet-
itive forget-retain trade-off, extending the trend
observed in the main experiments to larger and
alternative architectures.

D.10 General VQA Performance after
Unlearning

Beyond visual perception on the forget-identity im-
ages, we further evaluate general visual utility on
10K randomly sampled examples from the VQAv2
validation set (Goyal et al., 2017). As shown in
Table 19, AIM largely preserves general VQA per-
formance after unlearning. Overall, these results
indicate that AIM generally preserves visual utility
beyond the identity images.

D.11 Continual Unlearning Setup

The continual unlearning experiment (Tab. 5) uses
two sequential forget transitions: 5 — 10 and 10 —
15.

5% — 10% Forget 10 is a strict superset of For-
get 5 as defined by the standard ReMem splits. We
continually unlearn the additional identities (the 5%
complement) starting from the forget 5 checkpoint.

10% — 15% The standard benchmark splits at
10% and 15% are not nested. We construct forget
15 ourselves by extending forget 10 with additional
held-out identities from the retain pool, preserving
the identity-level structure of the benchmark. This
setup deliberately matches the real-world continual

MLLMU vanilla checkpoint
3 AIM checkpoints


https://huggingface.co/yejinkim/mllmu-vanilla
https://huggingface.co/WonjunLee/AIM_MLLM_Unlearning

| MLLMU-Bench | ReMem
Method | Cls; | ROUGE; | Cls,+ ROUGE.t Cls,T ROUGE.! | EM;| EM,t ROUGE} Expl EM,
Forget 15%
Vanilla ‘ 42.1 56.1 38.5 55.5 52.3 24.4 ‘ 100.0 100.0 100.0 68.2 100.0
o GA_Diff 39.7 47.0 36.6 52.4 51.0 23.0 0.0 94.7 323 359 0.0
% E KL_Min 24.0 11.1 37.4 38.0 54.4 14.7 0.0 0.0 0.0 47.6 0.0
=l MMUnlearner 35.7 45.2 36.1 50.6 37.7 24.2 2.2 81.9 91.0 45.3 0.0
s MANU 39.2 55.5 36.4 51.7 52.0 23.9 72.2 99.0 98.3 65.9 75.4
2 o GA 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 48.6 0.0
=" NPO 32.5 0.9 27.5 1.0 10.8 1.1 0.0 0.0 0.0 51.6 0.0
€ °  Ours 38.9 49.0 38.2 52.0 50.4 27.8 51.1 72.5 85.6 63.2 48.0

Table 16: Forget 15% results on LLaVA-1.5-7B. Continuation of Table 2 for the 15% forget split, with the same
baseline groupings (retain-utilizing, forget-only, ours). Subscripts f, 7, ¢, t denote forget, retain, celebrity, and test

splits. Exp is the ReMem Exposure metric.

Method | Cls; L Rpl Clsy,t R, Clsct Ret

Forget 15% | LLaVA-1.5-13B InternVL3-8B
Vanilla | 701 682 688 713 744 437 Method | ROUGE; | ROUGE,t ROUGE;| ROUGE, t
retain-utilizing Vanilla | 622 59.9 67.9 67.6
GA_Diff 659 587 665 673 734 422 retain-utilizing
KL_Min 5.6 54 549 636 685 354 KL_Min 46.6 55.1 66.2 68.4
MMUnlearner | 477 469 570 540 584 363 MMUnlearner 0ooM 0OM 52.8 59.9
MANU 581 567 600 578 688 414 Jorget-only
forget-only GA 0.1 0.1 0.0 0.0
GA 240 02 226 03 508 0.1 NPO 4.6 4.4 7.9 8.4
NPO 3.5 18 70 19 13 9] Ours 53.7 57.4 552 62.1
Ours 66.1  63.6 665 689 745 437

Native Resolution Inference on Forget 5%

Vanilla ‘ 65.6 59.1 65.2 59.9 74.4 435
retain-utilizing

GA_Diff 56.8 58.0 64.4 57.7 73.8 42.7
KL_Min 59.2 53.2 61.4 50.7 74.9 39.1
MMUnlearner 48.4 45.0 48.0 519 474 354
forget-only

GA 60.8 63.6 63.4 592 749 425
NPO 19.2 434 21.3 40.7 52.1 37.0
Ours 58.8 55.5 65.5 59.6 745 437

Table 17: Forget 15% results and native-resolution
inference on Qwen3-VL-8B. Top: Forget 15% re-
sults omitted from Table 3 for space. Bottom: native-
resolution inference at Forget 5%. Baseline groupings
follow Table 3.

scenario in which new deletion requests need not
align with predefined dataset splits.

E AI Assistant Usage Statement

We used an Al assistant for language polishing and
proofreading of the manuscript. All research ideas,
experimental design, implementation, analysis, and
conclusions are the work of the authors.

F License of Datasets and Models

We summarize the licenses of all datasets, pre-
trained models, and baseline implementations used
in this work in Tab. 20. All assets are used in accor-
dance with their respective licenses.

Table 18: Additional backbone results on MLL.MU-
Bench at the 10% forget split. AIM achieves a com-
petitive forget—retain trade-off on both LLaVA-1.5-13B
and InternVL3-8B.

Method LLaVA-1.5-7B Qwen3-VL-8B

5% Forget 10% Forget 5% Forget 10% Forget
Vanilla 67.6 67.6 74.1 74.1
MMUnlearner 30.1 45.4 49.2 14.3
GA 0.0 0.1 75.2 73.9
NPO 59.2 0.0 75.5 62.2
Ours 65.9 60.9 73.4 73.8

Table 19: VQAv2-10K accuracy after unlearning. Ac-
curacy is evaluated on 10K randomly sampled examples
from the VQAV2 validation set.

Asset Type License
MLLMU-Bench Dataset Not specified
ReMem Dataset Not specified
LLaVA-1.5-7B Base model Llama 2 Commu-
nity License
Qwen3-VL-8B- Base model Apache 2.0
Instruct
MMUnlearner Baseline Not specified
MANU Baseline Not specified

Table 20: Licenses of datasets, base models, and base-
line methods used in this work.
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