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Abstract

Gradient conflict between forgetting and retain-
ing objectives is a well-known obstacle in ma-
chine unlearning, where opposing gradients on
shared parameters cause destructive interfer-
ence. In Multimodal Large Language Mod-
els (MLLMs), cross-modal coupling entangles
visual and textual representations within the
same parameters, making this conflict consider-
ably more severe. We propose EASE (Efficient
Alignment-aware Selective Erasing), which ex-
plicitly balances the conflicting gradient di-
rections. EASE first dynamically locates the
conflicting parameters at each step by detect-
ing opposite-sign gradients, then performs a
manifold-constrained optimization within the
two-dimensional subspace spanned by the task
gradients to find the linear combination that
maximally aligns them, yielding a valid de-
scent direction for both objectives without any
manually tuned trade-off coefficient. Non-
conflicting parameters keep their standard up-
dates, keeping the method lightweight. Exper-
iments across multiple MLLM architectures
and unlearning benchmarks show that EASE
achieves superior unlearning efficiency and
faster convergence while matching or surpass-
ing existing methods in multimodal quality.

1 Introduction

Multimodal Large Language Models (MLLMs)
trained on large-scale web corpora (Yuan et al.,
2025; Lin et al., 2024; Alayrac et al., 2022; Wang
et al., 2024a) can reproduce unauthorized, sensi-
tive, or harmful content in both text and images,
raising serious privacy, copyright, and safety con-
cerns (Wang et al., 2025; Zhang et al., 2025; Huo
et al., 2025; Liu et al., 2025). Machine unlearn-
ing (Bourtoule et al., 2021; Heng and Soh, 2024;
Fan et al., 2024) aims to remove the influence
of specific training data without retraining from
scratch. While substantial progress has been made
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for classifiers and generative models (Liu et al.,
2025; Huo et al., 2025; Gupta et al., 2021; Sekhari
et al., 2021; Nguyen et al., 2022), a fundamental
obstacle persists across all settings: the forgetting
and retaining objectives push shared parameters
in opposite directions, producing conflicting gra-
dients that cause destructive interference and slow
convergence (Heng and Soh, 2024; Wang et al.,
2023a; Fan et al., 2024). As illustrated in Figure 1,
when such conflicts occur, gradient propagation
is blocked for both objectives, and even unrelated
knowledge degrades.
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Figure 1: Gradient conflicts in joint forgetting and re-
taining. (a) Conflicting gradients block both updates
and degrade unrelated knowledge (celebrity loss rises).
(b) Without conflicts, gradients flow normally and per-
formance is preserved.

Extending unlearning to Multimodal Large Lan-
guage Models (MLLMs) makes this conflict con-
siderably more severe (Liu et al., 2025; Huo et al.,
2025; Li et al., 2024a). Cross-modal coupling en-
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tangles visual and textual representations within
the same parameters (Yuan et al., 2025; Cheng
and Amiri, 2024; Yang et al., 2025), so a single
weight typically contributes to both modalities si-
multaneously. Consequently, the parameter over-
lap between the forgetting set and the retaining
set is much larger than in unimodal models, and
the opposing gradient directions on these shared
parameters become both more frequent and more
damaging (Cheng and Amiri, 2024; Dontsov et al.,
2025). Existing approaches, including Bayesian-
inspired methods originally designed for generative
models (Chen et al., 2021; Deepanjali et al., 2021;
Schuhmann et al., 2022; Heng and Soh, 2024; Fan
et al., 2024), do not explicitly model this conflict
and therefore suffer from substantial efficiency lim-
itations when applied to MLLMs.

Motivated by this observation, we pro-
pose EASE (Efficient Alignment-aware Selective
Erasing), an unlearning framework that explicitly
balances the conflicting directions on shared pa-
rameters. At each step, EASE dynamically locates
conflicting parameters by detecting opposite-sign
gradients between the forgetting and retaining ob-
jectives, and performs a manifold-constrained opti-
mization in the two-dimensional subspace spanned
by the two task gradients to obtain a valid descent
direction for both objectives without any manually
tuned trade-off (Sener and Koltun, 2018; Désidéri,
2012). Non-conflicting parameters retain their stan-
dard updates, keeping the method lightweight and
avoiding any global alignment of the parameter
space with the original model. Extensive exper-
iments across multiple MLLM architectures and
unlearning benchmarks show that EASE achieves
superior unlearning efficiency and faster conver-
gence while matching or surpassing existing meth-
ods in multimodal understanding and generation
quality.

We summary our main contributions in short as
follows:

* We characterize gradient conflict on shared
parameters as a fundamental obstacle to ef-
ficient unlearning, and show that it is signifi-
cantly aggravated in MLLMs by cross-modal
coupling that entangles visual and textual rep-
resentations within the same weights.

* We propose EASE, which detects conflicting
parameters via opposite-sign gradients and
resolves them by a manifold-constrained opti-
mization in the 2D subspace spanned by the
two task gradients, yielding a valid descent di-

rection without any manually tuned trade-off.

» Extensive experiments across diverse mul-
timodal datasets and MLLM architectures
demonstrate that EASE achieves superior un-
learning efficiency and faster convergence
while matching or surpassing existing base-
lines in multimodal quality.

2 Related Work

2.1 Machine unlearning

Machine unlearning dedicates to enabling the re-
moval of specific data from trained machine learn-
ing models (Bourtoule et al., 2021; Nguyen et al.,
2022), encompasses methods ranging from data re-
organization to direct model manipulation. While
some approaches focus on preventing model learn-
ing by reorganizing data or constructing fake
data (Felps et al., 2020; Tarun et al., 2023; Zhang
et al., 2022; Cao and Yang, 2015), they often in-
troduce extra information that impacts learning.
Some researchers tried to unlearn sample through
manipulating the model directly (Baumhauer et al.,
2022; Golatkar et al., 2020; Sekhari et al., 2021;
Wang et al., 2024b, 2023b), i.e., modifying weights
to remove sample information or adjusting model
updates based on data statistics during training (Go-
latkar et al., 2020; Sekhari et al., 2021). Notably,
research primarily focuses on unlearning for clas-
sification models, with relatively less attention to
generative models, which is still in its early stages.

Machine unlearning for generative model In
recent years, the researchers have made efforts in
unlearning of generative model. Several works pro-
posed to unlearning from GANSs by utilizing the
discriminator (Kong and Chaudhuri, 2023; Chen
et al., 2021; Sun et al., 2023), but these methods
can’t be applied to other generative models due to
their mechanism only suit for paradigm of GANSs.
There are some works realizing unlearning of gen-
erative model by modifying the weights (Bau et al.,
2020; Tarun et al., 2023), but it is still a challenge to
accurately identify model weights associated to the
forgetting tasks accurately. Some researchers pro-
posed Bayesian based unlearning methods that can
be applied to various generative models (Heng and
Soh, 2024; Nguyen et al., 2020; Fan et al., 2024;
Fu et al., 2022, 2021), but they need to trade off
between forgetting the posterior distribution of data
to forget and not entirely forgetting posterior distri-
bution of the original training data to preserve the
generative models’ ability, causing conflicts due to
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the correlations between the data to forget and the
original training data.

Machine unlearning for MLLMs At the early
stage, multimodal machine unlearning mainly tar-
geted vision-language models (Cheng and Amiri,
2024; Yang et al., 2025). Recent work has high-
lighted safety and privacy issues in VLMs: ad-
versarial and black-box visual jailbreak strate-
gies expose vulnerabilities in safety-aligned sys-
tems (Gong et al., 2025; Li et al., 2024b). Other
studies question whether text-only unlearning suf-
fices for multimodal safety (Chakraborty et al.,
2024) and empirically show that VLMs can infer
private attributes from images even without explicit
human depictions (Tomekge et al., 2024; Samson
etal., 2024).

Despite these advances in VLMs, machine un-
learning for full-fledged MLLMs has only been
explored in recent years (Li et al., 2024a; Wang
et al., 2025): SIU (Li et al., 2024a), for example,
erases visual patterns in MLLMs on the real-world
MMUBench dataset via multi-faceted fine-tuning.
These works mark early progress in addressing
unlearning for complex multimodal settings. Sev-
eral benchmarks have been proposed to systemati-
cally evaluate unlearning performance in MLLMs.
MLLMU-Bench (Liu et al., 2025) evaluates MU
methods designed for LLMs on fictional personal
profiles, while CLEAR (Dontsov et al., 2025) ex-
tends the pure-text LLM unlearning benchmark
TOFU by adding visual images generated through
Photomaker (Li et al., 2024c).

3 Problem definition

We briefly formalize unlearning for Multimodal
Large Language Models (MLLMs). Given a pre-
trained MLLM My with parameters 6, and without
access to the original training data, we are provided
a forgetting set Dy = {(I}, @7}, A’J})}gil and a re-
taining set D, = {(I7, Q7, A™)}" , where each
triplet contains an image, a question, and the cor-
rect answer. The goal is to fine-tune My into My~
such that (1) My« (If,Qf) # Ay on Dy and (2)
My« (I,,Q,) ~ A, on D,. We treat parameters
elementwise as 0 = {01, ...,60x}.

Existing MLLM unlearning methods (Liu et al.,
2025) optimize separate losses on Dy and D;., but
neglect their correlation, which produces conflict-
ing gradient updates that hurt convergence and effi-
ciency. Saliency-based methods (Huo et al., 2025)
mitigate this by selectively updating parameters

according to a fixed saliency map computed be-
fore unlearning, which fails to adapt as ¢ evolves.
We instead identify the parameter sets 6y and 6,
relevant to forgetting and retaining dynamically at
each step: efficient unlearning preserves 6, and up-
dates 07, while the key challenge lies in the overlap
Q(0y,0,), where the two objectives induce con-
flicting gradient directions. Explicitly balancing
the updates in this overlap accelerates unlearning
while preserving performance on D,.

4 Methodology

4.1 Theoretical Analysis

For brevity, we denote z; = (/¢,Qf, Af) and
z, = (Ir, Qr, A;) to represent the image-question-
answer triplets for forgetting and retaining data, re-
spectively. The optimization objective for MLLM
unlearning is to minimize the expected loss func-
tions £ and L, over the distributions of the forget-
ting dataset p(D¢) and retaining dataset p(D,.):
O, = {g}’iﬁ}Ep(Df)[ﬁf(wﬁgf)] +Epp,)[Lr(zr; 0r)]
1
Since p(Dy) and p(D, ) are unavailable and the two
tasks share parameters (Sener and Koltun, 2018), a
natural alternative is to optimize them jointly:

Ny N,
D Li(afi0) + ) Lo(xr:6)
=1 =1

@
However, this approach still overlooks the corre-
lation between data to forget and data to retain.
It may hinder convergence as the gradients of
the two loss terms in Eq. (2) may point in op-
posite directions. According to PAC-Bayesian
theory (McAllester, 1998), there exists an error
€(N, ) > 0 with probability 1 — ( that decreases
monotonically with the number of training samples
N (detailed proof in Appendix B). We obtain the
following proposition:

‘ 1
Oz = min N; + N,

Proposition 4.1. The bound between optimization
objectives Oy and Os:

|01 — Oz <Epp,)[D(Me, (z5), Mo, (z))]+

3
Epory [D(Mo, (), Mo, (2:))] + (N5 + Npr¢)

where 0. denotes the optimal solution of Eq. (2),
My denotes the MLLM with parameters 0, and
D(-,-) measures the divergence between model out-
puts.

Considering both the differences and connec-
tions between data to forget and data to retain, we
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Figure 2: Illustration of gradient conflicts in unlearning methods. (a) Naive approach: conflicting gradients occur
across all forgetting-related parameters ;. (b) Existing methods: conflicts are reduced to the parameter overlap
0¢ N 0, but still use heuristic averaging. (c) Our method: we explicitly identify conflicting parameters G;J where
gradients have opposite signs, then apply manifold-constrained optimization to find the least-conflicting update

direction, achieving faster and more stable convergence.

rewrite the optimization objective as:
. . 1 ; 1 X ;
0" = min o ;Cf(xf; 00+ 5 ;CT(%; 6:)
subject to [Epp ) [D(Mo, (z7), Mo, (z1))]| <&,
|Ep(p,) [P M, (zr), Mo, (zr))]] < &
(C))
The constant & controls the closeness between
model behaviors. A larger £ allows more task-
specific specialization. The expectations in Eq. (4)
cannot be calculated directly due to inaccessibility
of the probability distributions. However, if the
function is Lipschitz in the parameterization, the
divergence between models can be measured by
the distance between parameters (Cervino et al.,
2021). We obtain:

Proposition 4.2. The MLLM can be viewed as a
parametric function. Under Lipschitz continuity:

Eppp) DM, (), Mo, (z5))] < L0 — 0|l

5)
Ep(p,) (DM, (), My, (x,))] < L||0r — .||

where L is the Lipschitz constant.

Proposition 4.2 reduces the constrained prob-
lem in Eq. (4) to controlling the two parameter
distances ||0; — 6.|| and |0, — 6| jointly. This
bound directly dictates two design principles that
drive the rest of our method. (i) Coordinates out-
side the overlap of 6 ¢ and 6,. contribute to only one
of the two distances, so following the correspond-
ing task gradient is already optimal; conflicts can
therefore be confined to the overlap, motivating the
dynamic identification rule in Section 4.2. (ii) On
the overlapping coordinates the two distances are
coupled and a single update direction must shrink
both simultaneously, this is precisely a constrained

two-objective problem whose feasible set is the
span of the task gradients, leading to the manifold-
constrained direction search in Section 4.3. The
remainder of this section operationalizes these two
principles.

4.2 Partial Parameter Identification

Following design principle (i) derived from Propo-
sition 4.2, we only need to partially align param-
eters between the unlearned and the pre-trained
model: the bound in Eq. (5) stays tight as long
as we control the per-coordinate contributions to
167 — 6e|| and ||6, — 6c||. Because these dis-
tances admit per-coordinate decompositions, the
constrained objective in Eq. (4) can be solved by
keeping forgetting- and retaining-only coordinates
on their respective task gradients, and intervening
only on coordinates that simultaneously enlarge
both distances. The latter are exactly the parame-
ters where the two task gradients pull 6, in opposite
directions, which we identify dynamically below.

Following standard MLLM unlearning prac-
tice (Heng and Soh, 2024), we instantiate £y and
L, as auto-regressive negative log-likelihoods, ap-
plied with gradient ascent on Dy (to push outputs
away from Ay) and gradient descent on D, (to
keep outputs aligned with A,.):

1 Ny A%
L= 2D~ lomplaill}, Q) ai0)  ©
i=1 t=1
where a! denotes the t-th token in answer A%, and
ai<t represents all preceding tokens.

During the unlearning process, it is crucial to
preserve the model’s knowledge on the retaining
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set D,.. We achieve this by replaying data from D,
during fine-tuning, ensuring the model maintains
its ability to generate correct answers for retained
knowledge. Specifically, we want the unlearned
model M-+ ’s output distribution on (1., @Q,) to re-
main close to the original model Mly’s distribution,
preserving the correct answer generation capabil-
ity. We define the retaining loss using the same
auto-regressive formulation:

N, |AL]
) R
L= D03 ~logplaill} Qi alyi0) ()

i=1 t=1

By applying standard gradient descent on L,., we
maintain the model’s ability to generate correct
answers for the retaining set. Through this opti-
mization, the parameters 6, related to the retaining
task should remain close to their original values in
0, preserving the model’s multimodal capabilities
on non-target knowledge.

To achieve the objectives outlined in Equa-
tions (6) and (7), the posterior distribution of D,
on the unlearned model GGy« should remain close
to that on the original model Gy, while the oppo-
site holds for D¢. In terms of model parameters,
this implies that parameters 6, associated with the
retaining task should stay close to their original
values in 6, whereas parameters 6 ¢ associated with
the forgetting task should deviate significantly from
their counterparts in 6. Let §; denote the model
parameters at the ¢-th gradient step, with corre-
sponding loss functions L and L;, for forgetting
and retaining, respectively. A key challenge arises
for parameters in the overlap 6% N 0], where gradi-
ents may point in opposite directions. To identify
such conflicts, we define a conflict indicator for
each parameter 0; € 0] as:

C{ = Vo, LY © VgL, ®)

where © denotes element-wise multiplication. Pa-
rameters with C! < 0 experience true gradient
conflicts, as their forgetting and retaining gradi-
ents have opposite signs. We denote the set of all
conflicting parameters as:

0%, ={0; € 05N | C; <0} ©)

This formulation precisely identifies the coordi-
nates where a single update direction must trade
off forgetting and retaining — exactly the overlap-
ping coordinates flagged by design principle (ii) in

Section 4.1. In Section 4.3 we resolve them by min-
imizing the joint distance bound of Proposition 4.2
over the two-dimensional subspace spanned by gjc
and gt.

4.3 Manifold-Constrained Conflicts
Mitigation

Design principle (ii) from Section 4.1 requires, on
the overlapping coordinates 6} ,» an update direc-
tion that jointly controls ||6 —70€|| and ||6, — 6.
in Proposition 4.2. The set of directions that can
decrease both distances at the same time is ex-
actly the span of the two task gradients restricted
to (9?,7“, which forms a two-dimensional feasible
manifold. We therefore replace heuristic averaging
with an explicit search over this manifold, turning
the constrained objective in Eq. (4) into a tractable
direction-finding problem. For the conflicting pa-
rameter set (9;77" identified in Equation (9), we ex-
tract the corresponding gradients for both tasks.
Let g} € R? and gt € R? denote the gradients
of the forgetting and retaining losses restricted to
these conflicting parameters:

t t
9% = Ve L, gl = Vo, Ly (10)
where d = \9§cr| is the number of conflicting
parameters. We construct the gradient matrix
G" = [g},9t] € R? whose columns are the
two task gradients.

Within this 2-D manifold, we look for the linear
combination §* = wfg} + wyg; that minimizes
destructive interference across the d conflicting co-
ordinates:

d

=1

(11

w* = arg min
weER?2

2

where [G'w]; denotes the i-th element of the vector
G'w € R, and the summation aggregates over all
d conflicting parameters. This objective identifies
the combination that achieves maximal construc-
tive alignment between the task gradients, thereby
reducing destructive interference.

To solve this optimization efficiently, we em-
ploy a rotation-based parameterization. By intro-

ducing a rotation angle o € [0, 27) and defining
cos(a) —sin()
sin(a) cos(a)
can explore all possible linear combinations by op-
timizing « via gradient descent. The optimized

combined gradient is then:

the rotation matrix M («) = [ ] , We

' =G"'M(a").1 = cos(a”)g} +sin(a™)gy (12)
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Table 1: Main results on MLLMU-Bench and CLEAR benchmarks. Performance is reported for the Forget, Retain,
and Real-world splits, comparing our method with several baselines across multiple MLLM architectures. Lower
values indicate better forgetting on the Forget set (J), while higher values indicate better retention and generalization

on the Retain and Real-world sets (7).

MLLMU-Bench CLEAR
Method Forget Set Retain Set Real-world Set Forget Set Retain Set Real-face Real-world
Class Rogue Cloze Class Rogue Cloze Class Rogue Cloze Class Rogue Class Rogue Class Class
Acc(}) Score(}) Acc(]) | Acc(f) Score(t) Acc(h) | Acc (1) Score () Acc(h) | Acc () Score(d) | Acc () Score() | Acc (1) Acc (1)
LLAVA-1.5-7B
Vanila 3833  0.086 8333 | 39.34 0.147 13.05 | 32.74 0.090 21.56 | 63.82 0.121 58.48 0.118 91.39 50.95
Grad_Diff 2833  0.081 4250 | 28.54 0.093 4957 | 19.06 0.052 3261 | 44.68 0.101 55.69 0.069 66.81 46.80
KL_Min 27.50  0.060 2.083 | 2549 0.087  3.164 | 14.36 0.051 - 35.10 0.064 36.20 0.063 42.38 43.05
NPO 26.66 0.078  4.166 | 25.20 0.118  7.805 12.66 0.061 - 57.97 0.082 56.45 0.085 60.72 40.13
MMUnlearner | 29.16  0.026  4.166 | 25.20 0.053 11.49 14.62 0.040 - 13.29 0.109 1291 0.068 19.86 38.14
Ours 20.00 0.021  2.083 | 31.41 0.081 11.70 | 21.95 0.039  6.530 | 18.61 0.106 41.13 0.102 56.95 48.77
LLAVA-1.5-13B
Vanila 51.66 0428 31.66 | 52.60 0.440  12.60 | 57.83 0.281 2483 | 63.82 0.156 61.01 0.182 90.06 56.67
Grad_Diff 37.50 0305 8333 | 5249 0313  2.848 | 51.17 0.170  3.267 | 38.82 0.152 58.24 0.145 77.48 50.04
KL_Min 40.00 0.384 1041 | 41.90 0.356  6.751 | 50.26 0.182 2941 | 51.59 0.150 46.58 0.101 48.34 43.05
NPO 4416  0.322 1041 | 4735 0402 11.60 | 4843 0.209 1.960 | 55.31 0.084 48.98 0.087 89.40 50.95
MMUnlearner | 50.00 0.299  4.166 | 51.42 0.305 11.40 | 49.21 0.165 2.614 | 13.82 0.153 14.68 0.151 2251 38.41
Ours 29.16 0.217 4.033 | 52.51 0344  11.92 | 54.96 0.196  3.267 | 46.46 0.146 45.06 0.159 62.91 52.86
Qwen2.5-VL-3B
Vanila 4750 0401 12.08 | 52.76 0.432 1476 | 74.28 0.417 2581 73.80 0.401 69.87 0.398 97.35 65.66
Grad_Diff 46.66  0.276  6.250 | 49.72 0.356  11.07 | 62.79 0.348  10.78 | 57.44 0.250 53.67 0.306 88.07 62.39
KL_Min 41.66 0354  6.250 | 43.12 0.384 2531 55.35 0410 9477 | 7292 0.214 69.36 0.210 96.01 64.75
NPO 40.00 0311 6.250 | 37.46 0.364 13.60 | 52.34 0.284 18.30 | 72.34 0.197 68.10 0.298 92.35 62.12
MMUnlearner | 40.83  0.339 - 44.43 0.351 4.219 | 61.35 0.388  8.496 | 27.65 0.317 38.73 0.321 89.40 62.67
Ours 41.66  0.263  2.083 | 51.88 0318  10.02 | 73.36 0.348  21.56 | 56.59 0.203 69.36 0.204 96.68 56.48
Qwen2.5-VL-7B
Vanilla 4750 0482 8333 | 49.04 0.452 13.79 | 75.71 0.555 2875 | 79.68 0.351 69.36 0.339 98.01 68.93
Grad_Diff 46.33 0474  4.166 | 44.77 0447 5274 | 7321 0.456 2745 | 67.02 0.261 67.34 0.209 91.39 68.39
KL_Min 46.66  0.466 - 4243 0437 9915 | 7441 0460 2673 | 71.21 0.254 67.07 0.242 96.68 68.11
NPO 4333 0437 2.083 | 4535 0410  1.160 | 74.93 0.442  26.73 | 68.08 0.161 67.08 0.126 97.01 68.39
MMUnlearner | 52.50 0.435 8333 | 46.34 0.409 1124 | 75.64 0.441  27.12 | 69.14 0.309 52.65 0.216 82.78 68.39
Ours 3333  0.106 4.166 | 46.61 0378  13.69 | 75.58 0.434 2745 | 45.74 0.150 67.85 0.191 97.35 66.21

where o* minimizes Eq. (11).

Because g € span(g}, gl), every step decreases
both ||#; — 6| and ||6, — 6| on the conflicting
coordinates, tightening the bound in Eq. (5). The
trade-off w* is fixed by the gradient geometry and
requires no manual tuning.

Parameter Update Strategy We apply the op-
timized gradient direction §’ exclusively to the
conflicting parameters 9%, while non-conflicting
parameters retain their original task-specific gradi-
ents. This yields a piecewise update rule:

gt if 0, € 0%,

Vo, =
et Vo, L% + Vo, L] otherwise

13)

The model parameters are then updated via gradient
descent:

9t+1 =0; — Uvet (14)

where 17 > 0 denotes the learning rate.
5 Experiment

5.1 Experiment Settings

Benchmark: We evaluate on two multimodal
unlearning benchmarks, MLLMU-Bench (Liu

et al., 2025) and CLEAR (Dontsov et al., 2025).
MLLMU-Bench contains fictitious personal pro-
files, each paired with a portrait and 14 multiple-
choice questions. We report the results on the For-
get, Retain, and Real-world splits. CLEAR is built
on TOFU (Maini et al., 2024) and augments each
fictional author profile with several face images
and captions generated by GPT-40 (Achiam et al.,
2023), we report the results on the Forget, Retain,
Real-face and Real-world splits.

Baseline: As previous work done (Liu et al.,
2025; Huo et al., 2025), we compare our method
with several commonly used unlearning base-
lines, including GA_Diff (Liu et al., 2022),
KL_Min (Nguyen et al., 2020), NPO (Zhang et al.,
2024) and MMUnlearner (Huo et al., 2025). More
details about the baseline methods can refer to Ap-
pendix C.

Evaluation Metric: To evaluate cross-modal
unlearning, we follow prior work and perform
unlearning on both benchmarks. We primarily
report unlearning results on VQA tasks, as the
VQA data provides image-grounded supervision
for erasing visual associations, offering better evi-
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Unlearning Performance for VQA Task (Qwen2.5-vI-7B)

Person Profile

Deseription:

David Kempthorne, born in
Wellington, New Zealand, is an
Environmental Engineer residing in
Vancouver, Canada. He is well-
educated, having studied at the
University of Auckland. David has
an engaging personality with
interests in birdwatching and
cooking. He has a pet parrot named
Kiwi and loves Moroccan cuisine.
David lives with asthma, and his
parents, Peter and Sarah
Kempthorne, work as a Civil
Engineer and High School Teacher
respectively

Retaining Performanc

Desoription:

Magda Vermeulen, born in Ghent,
Belgium, on August 15, 1965, is an
accomplished architect currently
residing in Auckland, New Zealand.
Educated at the Katholicke Universiteit
Leuven, she has built a successful career
carning an annual salary of $85,000.
With her father's background as an
electrical engincer and her mother’s as a

Person Profile

Question: Based on the image, what profession might this person have?

4T: This person is likely an Environmental Engineer.

Grad_Diff:

This person could be an environmental scientist or a wildlife biologist, given their interest
in nature and outdoor activities.

KL_Min:

This person could be an engineer due to their expertise in technical fields.

NPO:

This person could be an environmental scientist, given their interest in marine biology and
conservation efforts.

MMUnlearner:

This person could be an environmental scientist due to their interest in nature and outdoor
activities.

Ours:

This person could be a teacher.

e for VQA Task (Qwen2.5-vl-7B)

Question: What hobby might this person pursue in their leisure time based on their
appearance and background?

GT: The person enjoys painting landscapes in her free time.

Grad_Diff:

This person might enjoy gardening or painting as hobbies, given their calm demeanor and
appreciation for nature.

KL_Min:

This person might enjoy gardening as a hobby due to their interest in nature and outdoor
activities.

Deseription:

Joe Jonas, born on August 15, 1989, in
Casa Grande, Arizona, USA, is a
renowned singer, songwriter, and actor.
He gained fame as a member of the pop
rock band Jonas Brothers with his
siblings. Educated at Eastern Christian
High School, Joe now resides in Los.

Person Profile

Angeles, California. He starred in the
popular Disney Channel movies 'Camp
Rock' and its sequel. Joe is married to
actress Sophie Turner, and they have
two children. His hobbies include
working out and cooking. Joe is a
dynamic performer known for his
impressive career in music and
television.

Question: What can you tell me about the professional
background of the individual in the image?

GT: The individual is a singer and songwriter, often recognized
for being a member of a pop rock band.

Grad_Diff:

The individual in the image is a musician, as indicated by their attire
and the context suggesting involvement in the music industry.
KL_Min:

The person in the image is a well-known musician who has been
active in the music industry for over a decade, performing with
various bands and releasing multiple albums.

primary school teacher, Magda has a NPO: NPO:
de:g:ppr:c;mc:n:ufgr bo;h ‘"'"."::I This individual may enjoy gardening due to their interest in nature and outdoor activities. The person in the image has a background in music, specifically as a
procision snd xurturing yosng minds. MMUnlearner: ‘member of the Jonas Brothers.

Despite dealing with hypertension, she
leads an active life filled with creative

pursuits like painting landscapes. nature, as suggested by their serene exp

This individual may enjoy gardening due to their calm demeanor and appreciation for
ion and natural di

MMUnlearner:
The person in the image is a musician, known for his work with the

Magda's love for Thai cuisine and her
companionship with her parrot, Kiwi,
add joy to her well-rounded life.

Ours:

Based on her elegant attire and poised demeanor, she might enjoy hobbies such as painting,
or photography as they often require a calm and thoughtful approach.

Jonas Brothers.

Ours:

The individual in the image is a singer, songwriter, and actor who
gained fame as a member of the pop rock band Jonas Brothers.

Figure 3: Qualitative comparison of unlearning methods on MLLMU-Bench. We show model responses on (left
upper) forget set, (middle upper) retain set, and (right) real-world set. Our method successfully forgets target entities
while maintaining coherent and accurate responses on retain and real-world data, outperforming baselines that fail
to preserve retention quality or damage general capabilities.

dence of cross-modal unlearning performance. On
MLLMU-Bench, we report Classification Accu-
racy, ROUGE-L, and Cloze Accuracy on the For-
get, Retain, and Real-world splits. On CLEAR,
we report Classification Accuracy and ROUGE-L
for the VQA task on the Forget and Retain splits,
and Classification Accuracy on the Real-face and
Real-world splits.

Implementation setting: We choose LLaVA-
1.5-7B, LLaVA-1.5-13B, Qwen2.5-VL-3B, and
Qwen2.5-VL-7B as the pre-trained models. For the
fairness of the experiments, for all the baselines and
our method, we fine-tune models for 1 epochs with
batch size 4 (gradient accumulation 1) and learning
rate 10~° with AdamW optimizer. And we use
bf16 mixed precision for the fine-tuning process
for all the models. We adopt a linear learning-rate
scheduler with 0 warmup steps and apply LoRA
with rank » = 16, o = 16, and dropout 0.05. All
experiments are conducted using 4 Nvidia H800
GPUs with 80 GB memory. More implementation
settings can refer to Appendix C. For the manifold-
constrained gradient optimization, we initialize the
rotation angle « as 0.25 (we evaluate the effect of
a’s initial value in Appendix D.3), and we optimize
« via SGD optimizer with learning rate 10~2 and
learning step 10 (More implementation details can
be found in Appendix C.1).

5.2 Main Results

Quantitative Results We present comprehen-
sive quantitative results in Table 1, evaluating our
method against four strong baselines across four
MLLM architectures on two benchmarks. First,
our partial parameter identification (Section 4.2,
Equation 9) dynamically detects conflicting pa-
rameters where C! < 0, enabling targeted up-
dates that preserve retention significantly better
than baseline methods (e.g., 31.41% vs. 28.54%
retain accuracy on LLaVA-1.5-7B compared to
Grad_Diff, and 41.13% vs. 12.91% compared
to MMUnlearner on CLEAR). This demonstrates
that identifying truly conflicting parameters pre-
vents collateral damage to non-target knowledge.
Second, our manifold-constrained gradient opti-
mization (Section 4.3, Equation 11) finds optimal
linear combinations within the gradient manifold,
achieving better forget-retain balance than alterna-
tive multi-task methods like CAGrad and PCGrad
(Table 2). The consistent performance across archi-
tectures (LLaVA and Qwen families) and bench-
marks confirms that both components work syner-
gistically to enable principled conflict resolution.

Qualitative Results Figure 3 visualizes model
(Qwen2.5-VL-7B) responses on MLLMU-Bench
across forget, retain, and real-world sets. Our
method successfully produces uninformative re-
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Forget Loss During Training (Higher = Better Forgetting)

Forget Loss

M0,

Retain Los:

MI1,0]

(a) Loss Curve

(b) Gradient weights

Rotation Matrix M[:, 0] Values During Training

Gradient Overlap Ratio and Cosine Similarity During Training

Overlap Ratio

Cosine Similarity

(((((

aining Step Training Step

(c) Overlap Ratio / Cosine Similarity

Figure 4: Training dynamics during unlearning on LLaVA-1.5-7B. (a) Loss curves show that conflicts cause retaining
loss to stagnate until resolved. (b) The rotation angle « adapts dynamically to find optimal gradient combinations.
(c) Conflict indicators (overlap ratio and cosine similarity) evolve as the method resolves gradient conflicts through

manifold-constrained optimization.

sponses on the forget set (erasing target visual-
textual associations) while maintaining correct, co-
herent answers on the retain set, validating our
selective parameter preservation strategy. On the
real-world set, our method demonstrates superior
generalization to unseen entities with responses
comparable to the vanilla model, confirming that
our conflict-aware optimization preserves general
multimodal reasoning without collateral damage to
model capabilities. More comparison samples can
be found in Appendix D.

5.3 Ablation Study

We conduct ablation studies on LLaVA-1.5-7B
to validate the contribution of each component
in our method. Table 2 presents results for ab-
lation variants compared to our full method. Ta-
ble 2 demonstrates that both components are es-
sential for effective unlearning. Removing par-
tial parameter identification (w/o Partial Param)
causes significant retention degradation (20.67% vs.
31.41%), as indiscriminately updating all param-
eters damages non-target knowledge. Replacing
our manifold-constrained optimization with alter-
native methods (CAGrad: 24.31% retain; PCGrad:
29.17% retain) also degrades performance, con-
firming the importance of finding optimal linear
combinations within the gradient manifold (Equa-
tion 11). Removing both components (w/o both)
yields poor retention (21.18%). Our full method
achieves the best forget-retain balance (20.00% for-
get, 31.41% retain), demonstrating that conflicting
parameter identification (Equation 9) and manifold-
constrained gradient optimization work synergisti-
cally. Due to the space limit, we present the sam-
ples and detailed analysis of ablation study in Ap-

pendix D.2.

Table 2: Ablation study on MLLMU-Bench with
LLaVA-1.5-7B. We evaluate the contribution of Partial
Parameter Identification and Conflict Mitigation.

MLLMU-Bench (LLAVA-1.5-7B)

Method ‘ Forget Set ‘ Retain Set
Class Rogue Cloze Class Rogue Cloze
Acc(}) Score(}) Acc(d) | Acc (1) Score() Acc ()
w/o Partial Param | 21.66  0.058  2.083 | 20.67  0.039  8.133

w/o Conflict Mitigation

w/ CAGrad ‘ 2416 0.052 1041 | 2431 0044  3.902
w/PCGrad | 3333 0093 4166 | 29.17 0067 1.687
wioboth | 2250 0058 1041 | 21.18 0036 2.109
Ours | 2000 0021 2083 | 3141 0.081 1170

5.4 Analysis of Gradient Conflict Dynamics

To elucidate how our manifold-constrained opti-
mization dynamically resolves gradient conflicts,
we visualize the training dynamics in Figure 4.
During the conflict phase (approximately iterations
200-300, highlighted in Figure 4a), the retaining
loss plateaus, indicating gradient interference. Our
method adaptively modulates the rotation matrix
to identify the optimal direction within the gra-
dient manifold, as evidenced by the pronounced
variations in the rotation matrix (Figure 4b). Con-
currently, both the overlap ratio of conflicting pa-
rameters and the cosine similarity between task gra-
dients exhibit significant fluctuations (Figure 4c),
reflecting the dynamic parameter identification pro-
cess. Upon conflict resolution (post-iteration 300),
the optimization stabilizes: both forgetting and re-
taining losses resume normal descent trajectories,
and the rotation matrix variations diminish, demon-
strating successful conflict mitigation through prin-
cipled manifold-constrained optimization.
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5.5 Cost Analysis

A conflict-aware method is only useful if the ex-
tra bookkeeping it requires does not offset its ac-
curacy gains. We therefore measure wall-clock
time and GPU memory for one unlearning epoch
on Qwen2.5-VL-7B with MLLMU-Bench, using
batch size 1 and the same LoRA configuration as
in the main experiments, on an NVIDIA H800
(80 GB). Table 3 reports the results.

Table 3: Time and memory cost of one unlearning epoch
on Qwen2.5-VL-7B (MLLMU-Bench, batch size 1).
Relative time is normalized to Grad_Diff, the cheapest
baseline that optimizes both Dy and D,.. NPO is re-
ported for completeness but is not directly comparable,
as it optimizes a single objective over Dy only.

Time Rel. Peak alloc.  Peak reserved
Method (min) |  time|  (GB)J (GB) |
Grad_Diff 6.05 1.00x 20.51 23.80
KL_Min 7.30 1.21x 22.73 44.89
MMUnlearner 7.22 1.19x 20.51 23.24
NPO 0.84 0.14x 23.58 27.28
Ours 740 1.22x 7.34 16.70

EASE completes the epoch in 7.40 minutes,
1.22x the joint-objective baseline Grad_Diff and
on par with KLL_Min (7.30) and MMUnlearner
(7.22). The direction search is not the cost: «
is a single scalar whose ten SGD steps reuse the
already-computed gradients on G;J and need no
extra pass through the model. The overhead comes
from materializing the two task gradients sepa-
rately, as the sign test in Equation (9) requires, and
this same sequential backpropagation frees each ac-
tivation graph before the next is built, cutting peak
allocation to 7.34 GB against 20.51-23.58 GB for
the baselines. NPO’s 0.84 minutes reflect a lighter
workload rather than cheaper conflict resolution, as
it never processes D, and still trails on forgetting
(Class Acc 43.33 vs. our 33.33). EASE thus gains
accuracy for roughly 20% more time while using a
third of the memory.

6 Conclusion

We revisit machine unlearning through the lens of
gradient conflict between forgetting and retaining
objectives, a long-standing obstacle that becomes
considerably more severe in Multimodal Large Lan-
guage Models (MLLMs), where cross-modal cou-
pling entangles visual and textual representations
within the same parameters. To address it, we pro-
pose EASE (Efficient Alignment-aware Selective

Erasing). EASE first detects conflicting parame-
ters through opposite-sign gradients, then resolves
them with manifold-constrained optimization in the
two-dimensional subspace spanned by the two task
gradients, producing a valid descent direction for
both objectives without any manually tuned trade-
off. Non-conflicting parameters follow standard
updates, which keeps the method lightweight. Ex-
periments across multiple MLLM architectures and
unlearning benchmarks show that EASE improves
unlearning efficiency and convergence speed while
surpassing existing methods in multimodal quality.

7 Limitation

Our method still has several limitations. First,
EASE resolves conflicts using first-order gradi-
ent signals within the two-dimensional subspace
spanned by the forgetting and retaining gradients.
As discussed in Section 4.3, this subspace is the
exact feasible set for first-order joint descent on
two objectives, but the resulting guarantee is local:
it holds within the region where the linearization
is accurate, and therefore constrains the step size.
Second, the two-gradient parameterization by a sin-
gle rotation angle is specific to the two-objective
setting; extending EASE to finer-grained objec-
tives, such as separate visual and textual retain-
ing losses, would require replacing the direction
search with a higher-dimensional multi-objective
program. Third, because the subspace is recom-
puted from the current gradients at each step, our
analysis yields a per-step property rather than a
convergence guarantee to a Pareto-stationary point;
we observe stable convergence empirically but do
not establish it theoretically. Fourth, although our
experiments cover multiple MLLM architectures
and benchmarks, they are still limited to the evalu-
ated settings, and broader validation on larger-scale
real-world unlearning scenarios is needed.
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A Broader Impact Statement

Our work aims to advance safe and responsible
machine unlearning in generative models, helping
users remove specific information when desired.
This technology has the potential for positive im-
pact by supporting data privacy and compliance,
but it should be applied with care to avoid ma-
licious misuse or unintended erasure of valuable
knowledge.

B Theory Proof
B.1 PAC Assumption

To derive the bound between solutions of the multi-
task unlearning problem, we introduce the follow-
ing assumptions. Recall from the main text that
vy = (Iy,Qf, Ay) and z,, = (I, @, A;) denote
the image-question-answer triplets for forgetting
and retaining data, respectively.

Assumption B.1. The MLLM Gj is probably ap-
proximately correct. For all § € © with probability
1 — ¢ over independent draws x,, ~ p:

N
1
[EIL(z,6)] - % ; L(wn,0)| < €(N,8) (15)
Assumption B.2. The loss function £(-,0) is M-
Lipschitz continuous.

Assumption B.1 is a generalization of the law of
large numbers for iid samples, where the error is
of order 1/N. Under these assumptions, we obtain
the following proposition:

Proposition B.3. The bound between optimization
objectives O1 and Os is:
|01 — O2| <Eyp,)[D(Go; (21), Go. ()] +

Epp,)[D(Go, (xr), Go. (xr))l+  (16)
6(‘]\/vf + NTa C)

where 0. denotes the optimal solution of Eq. (2),
Gy denotes the MLLM with parameters 0, and
D(-, ) measures the divergence between model out-
puts.

Equation (16) is a direct application of Assump-
tion B.1 over the average probability distribution
and Lipschitz Assumption B.2 over the solutions.

Note that under Lipschitz continuity in the pa-
rameterization, there exists a connection between
functional and parametric constraints:

Proposition B.4. The MLLM can be viewed as a
parametric function. Under Lipschitz continuity:
Epp,)[D(Goy(xf), Go, ()] < L0 — Oe],

a7
Ep0,) [D(Go, (xr), Go. (xr))] < L[|0r — 0]l

where L is the Lipschitz constant.

By enforcing constraints on parameters, we can
remove the expectation and dependency on the dis-
tribution p(-).

B.2 The PAC-Bayesian Theory

PAC-Bayesian theory (McAllester, 1998) quanti-
fies the trade-off between empirical risk minimiza-
tion and model complexity, providing insights into
generalization ability. Given a hypothesis class
H, the training set D = {xi,...,z,} ild sam-
pled from distribution p over instance space S, and
real-valued loss function £ : H x S — [0, 00),
PAC-Bayes provides generalization bounds for any
posterior ¢ € M? (H), where M! (H) is the set
of probability measures on H. The generalization
bounds depend on the empirical performance of ¢
and its closeness to a chosen prior distribution p.
The empirical risk of posterior distribution q is:

1
RS(Q) - IE:hwq(h) [n Z £<h7 xz)] (18)
=1

and the true risk of q is:

R(q) = Epg(n)[EznpL(h, 2)] (19)

Before introducing the PAC-Bayesian bound, the
posterior ¢ and loss function £ must satisfy As-
sumption B.5.

Assumption B.5. There exists a constant K > (
and a family £ of functions H — R such that for
any 1,22 € S:

de(q(h|z1), q(hlz2)) > Kd(z1,22)  (20)

and the loss function £(-,z) : H — Risin&.

For bounded loss functions, the PAC-Bayesian
bound (Catoni, 2003) is defined in Theorem B.6:

Theorem B.6. For a probability measure p on S
and loss function L : H x S — [0, 1], with prob-
ability at least 1 — § over n random samples S
drawn from p, the following holds for any posterior
distribution g € MY (H):

A Dgr(qllp) +1log
Ria) < Rolg) + o  DELUDIHIES g,

where 6 € (0,1) and A > 0.

Theorem B.6 predicts the behavior of g(h|z) for
any x ~ p when posterior q is learned using train-
ing samples D.
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C Experiment Setting

C.1 Implementation Details

We conduct experiments on three state-of-the-art
vision-language models: LLaVA-7B, LLaMA-3.2-
Vision, and Qwen2-VL. We use these pretrained
models solely for research experiments in multi-
modal unlearning and do not repurpose or redis-
tribute them beyond this research setting. Follow-
ing standard unlearning protocols, we split the train-
ing data into forget and retain sets with ratios of
5% and 95%, respectively. All models are fine-
tuned using Low-Rank Adaptation (LoRA) with
rank r = 16, o« = 16, and dropout of 0.05 applied
to all linear layers. We train for 1 epochs using
AdamW optimizer with learning rate 1 x 1075,
batch size 4, and gradient clipping at norm 1.0.
Forget and retain batches are interleaved with a
frequency of 2 during training. All experiments are
conducted on NVIDIA H800 GPUs using mixed
precision (bfloat16) training with the Hugging Face
Accelerate library for distributed optimization.

C.2 The description of Baseline methods

* GA_Diff (Liu et al., 2022) is a gradient-ascent
unlearning baseline that optimizes a joint ob-
jective over Dy and D, to trade off forgetting
and retention.

* KL_Min (Nguyen et al., 2020) preserves re-
tention by matching the updated model’s pre-
dictions on D, to the original model via KL
minimization, while encouraging divergence
on Dy.

* NPO (Zhang et al., 2024) casts unlearning
as preference optimization by treating D as
dispreferred and using an oracle model fine-
tuned on D,..

e MMUnlearner (Huo et al., 2025) performs
entity-level visual unlearning in MLLMs via
geometry-constrained gradient ascent with
saliency-based parameter updates, aiming to
remove target visual patterns while preserving
textual knowledge.

C.3 Details of Benchmarks

To evaluate the effectiveness of multimodal
unlearning, we adopt two recent benchmarks:
CLEAR and MLLMU-Bench. Both benchmarks

Table 4: Comparison between CLEAR and MLLMU-
Bench for multimodal unlearning evaluation.

CLEAR MLLMU-Bench

Multimodal LLMs

Aspect

Target models Multimodal models

Entities Fictitious individuals  Fictitious + public profiles
Modalities Text + image Text + image
Primary task Multimodal QA Multimodal / unimodal QA
Evaluation focus Chuar:f:e:ft;;egv . genera]laifz‘z:[:ia:tz,,w utility
Scale Moderate Large

Visual stability Sensitive to synthesis More controlled

Comprehensive

Early MMU analysis MMU evaluation

Benchmark goal

are designed to assess a model’s ability to forget tar-
geted information while preserving general utility,
but they differ in scope, construction, and evalu-
ation focus. These existing benchmarks are used
only for academic research and evaluation of mul-
timodal unlearning, which is consistent with their
intended purpose as benchmark resources.

CLEAR (Dontsov et al., 2025) is an early bench-
mark tailored for multimodal unlearning, con-
structed around fictitious individuals with associ-
ated textual descriptions and synthesized visual
content. It evaluates unlearning through multi-
modal question—answering tasks that jointly in-
volve image and text inputs. CLEAR emphasizes
character-level forgetting and highlights the chal-
lenges of unlearning in visually grounded repre-
sentations, where visual features may introduce
instability during optimization.

MLLMU-Bench (Liu et al., 2025) is a more
comprehensive benchmark targeting multimodal
large language models (MLLMs). It includes a
larger set of fictitious profiles as well as public
celebrity profiles, with carefully designed question—
answer pairs spanning unimodal and multimodal
settings. MLLMU-Bench explicitly evaluates un-
learning performance across multiple dimensions,
including forgetting efficacy, generalization to re-
lated queries, and post-unlearning model utility,
making it suitable for systematic and large-scale
evaluation.

D Experiment Results

D.1 Additional Qualitative Results

To provide comprehensive qualitative evaluation
of EASE across different model architectures,
we present additional visualization results on
MLLMU-Bench. In the main paper, we showed
results for Qwen2.5-VL-7B (Figure 3). Here we
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(a) w/o Partial Param

Forget Loss During Training (Higher = Better Forgetting)

(b) w/ CAGrad

(c) w/ PCGrad

Forget Loss During Training (Higher = Better Forgetting)

— Forget Loss
— Smoothed
26

— Forget Loss
— Smoothed

Retain Loss During Training (Lower = Better Retention)

Retain Loss During Training (Lower = Better Retention)

3 100 200 300 00
Training Step

(d) w/o Both Components

o 100 20 300 a0
Training Step

(e) Our Method (Full)

Figure 5: Training dynamics (loss curves) for ablation study on LLaVA-1.5-7B. Each subplot shows forgetting and
retaining losses over training iterations. (a) Without parameter identification, retaining loss increases, indicating
collateral damage. (b-c) Alternative gradient methods (CAGrad, PCGrad) fail to achieve proper balance. (d)
Removing both components leads to poor convergence. (e) Our full method achieves smooth convergence with

effective forgetting and retention preservation.

present qualitative comparisons with baselines for
three additional architectures: LLaVA-1.5-7B (Fig-
ure 7), LLaVA-1.5-13B (Figure 8), and Qwen2.5-
VL-3B (Figure 9).

For each model, we visualize three aspects: (a)
performance on the retain set, demonstrating that
EASE preserves the model’s ability to answer ques-
tions about retained knowledge, (b) performance
on the forget set, showing effective forgetting
where the model produces uninformative or incor-
rect responses, and (c) performance on celebrity
set (real-world generalization), validating that the
model maintains general capabilities on unrelated
data. These visualizations consistently demonstrate
that EASE achieves superior forget-retain balance
across different architectures while preserving real-
world performance.

D.2 Detailed Ablation Analysis

To provide deeper insights into how each com-
ponent of EASE contributes to the overall per-
formance, we present detailed ablation results on
LLaVA-1.5-7B with MLLMU-Bench. We analyze
both the final performance metrics (Figure 10) and
the training dynamics through loss curves (Fig-
ure 5). These visualizations help explain why cer-
tain ablation variants fail and validate the necessity
of both components.

D.2.1 Performance Metrics Comparison

Figure 10 compares the final performance across
different ablation variants. The top row shows
forgetting performance: our method achieves the
lowest scores across metrics, indicating effective
forgetting. The bottom row shows retaining perfor-
mance: our method achieves the highest scores,
demonstrating superior knowledge preservation.
Alternative methods (CAGrad, PCGrad) and in-
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Table 5: Performance across different rotation angle initializations o on Qwen2.5-VL-3B with MLLMU-Bench.
Lower scores on forget set and higher scores on retain/real-world sets are better. Our method maintains stable
real-world performance while o = 0.25 achieves the best forget-retain balance.

o Forget Set ({) Retain Set (1) Real-world Set (1)
Class ROUGE Cloze | Class  ROUGE Cloze | Class  ROUGE  Cloze
Acc(h)  Score()) Acc() | Acc(f) Seore(D) Acc(D) | Acc (1) Score(t) Ace (D)
0.0 | 56.67 2.08 0.131 | 58.18 0.145 1.16 72.06 0.315 25.49
0.25 | 41.66 2.083 0.263 | 51.88 0.318 10.02 | 73.36 0.348 21.56
045 | 4333 0.140 1042 | 44.10 0.245 1635 | 73.63 0.353 24.84
0.65 | 48.33 0.188 4.17 47.99 0.259 3.80 73.24 0.352 23.20
0.85 | 48.33 0.169 0.00 43.55 0.264 6.54 73.63 0.354 22.55
1.0 | 45.00 0.197 0.00 50.02 0.273 4.11 72.98 0.358 22.22

(¢) alpha = 0.45

(d) alpha = 0.65

(e) alpha = 0.85

(f) alpha = 1.0

Figure 6: Loss curves for different rotation angle initializations o on Qwen2.5-VL-3B with MLLMU-Bench. Each
subplot shows forgetting and retaining losses over training iterations. (a) & = 0 shows poor forgetting and high
retention. (b-f) Intermediate values (o € [0.25, 0.85]) achieve better balance, with o = 0.25 (used in main paper)
showing the best forget-retain balance. Extreme values (o = 0 or o = 1.0) degrade performance.

complete variants (w/o Partial Param, w/o Both)
fail to achieve this balance, either degrading reten-
tion or compromising forgetting effectiveness.

D.2.2 Training Dynamics Analysis

Figure 5 presents the loss curves during training
for each ablation variant, revealing why different
components are essential:

w/o Partial Param (Figure 5a): Without partial
parameter identification, all parameters are updated
indiscriminately. The retaining loss increases sig-
nificantly in early training stages, indicating col-

lateral damage to non-target knowledge. This vali-
dates that identifying conflicting parameters (Equa-
tion 9) is crucial for preserving retained knowledge
while enabling efficient gradient propagation on
relevant parameters.

w/ CAGrad (Figure 5b): Replacing our
manifold-constrained optimization with CAGrad
results in a higher forgetting loss plateau, indicating
insufficient forgetting. CAGrad’s approach does
not explore the gradient manifold as effectively as
our method, failing to find the optimal combination
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that balances both objectives.

w/ PCGrad (Figure 5¢): Using PCGrad shows
that while forgetting loss decreases, the retaining
loss increases substantially. PCGrad’s gradient
projection strategy resolves conflicts by dropping
conflicting components, which prevents effective
learning on the retaining task. This demonstrates
that our manifold-constrained formulation (Equa-
tion 11), which finds optimal combinations rather
than projecting gradients, is superior for maintain-
ing the forget-retain balance.

w/o Both (Figure 5d-e): Removing both com-
ponents results in the worst training dynamics. The
forgetting loss plateaus at a higher value, and the
retaining loss stabilizes early without further im-
provement. This confirms that neither component
alone is sufficient—both partial parameter identifi-
cation and manifold-constrained optimization are
necessary for effective unlearning.

Our Method (Figure 5e): The full method
shows smooth convergence for both losses, with
forgetting loss steadily decreasing while retaining
loss remains low and stable. This demonstrates that
our two components work synergistically to enable
principled conflict resolution.

D.3 Effect of o

Table 5 presents the comprehensive results across
all a values. Several key observations emerge:
Forget-Retain Trade-off. The choice of « sig-
nificantly impacts the forget-retain balance. At =
0.0, the model exhibits poor forgetting (56.67%
classification accuracy on forget set) while achiev-
ing high retention (58.18%), suggesting insufficient
gradient adjustment for the forgetting task. Con-
versely, higher values like o = 0.85 improve for-
getting (48.33%) but degrade retention (43.55%),
demonstrating the inherent trade-off between ob-

jectives.
Optimal Balance at o = 0.25. Our selected
value @ = 0.25 (used throughout the main pa-

per) achieves superior balance: effective forget-
ting (41.66% classification accuracy, lowest among
tested values) while maintaining reasonable re-
tention (51.88%). This configuration yields the
best ROUGE score on the retain set (0.318) and
strong cloze accuracy (10.02%), indicating effec-
tive knowledge preservation on target concepts.
Real-world Generalization Stability. Notably,
real-world performance remains relatively stable
across all « values (72.06%-73.63% classification
accuracy), with only minor variations in ROUGE

scores (0.315-0.358). This demonstrates that our
method’s selective parameter identification success-
fully isolates unlearning to target knowledge with-
out broadly degrading the model’s general capabil-
ities, regardless of the specific « initialization.

Sensitivity Analysis. Values in the moderate
range (o € [0.25,0.65]) exhibit more consistent
performance across metrics compared to extreme
values (o« = 0.0 or a = 1.0). This suggests that
intermediate initializations provide better starting
points for the optimization to converge to effective
gradient combinations.

Based on this analysis, we recommend o = 0.25
as the default initialization, which consistently
achieves the best forget-retain balance while main-
taining strong real-world generalization. For ap-
plications requiring more aggressive forgetting at
the cost of some retention, higher values (o €
[0.45,0.65]) may be considered. The stability of
real-world performance across all tested values con-
firms the robustness of our approach.

D.3.1 Loss Curve Analysis

We visualize the loss curves for different rotation
angle initializations o on Qwen2.5-VL-3B with
MLLMU-Bench. Each subplot shows forgetting
and retaining losses over training iterations. (a)
a = 0 shows poor forgetting and high retention.
(b-f) Intermediate values (o € [0.25, 0.85]) achieve
better balance, with o = 0.25 (used in main paper)
showing the best forget-retain balance. Extreme
values (o = 0 or o = 1.0) degrade performance.
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Person Profile

Person Profile

Person Profile

Retaining Performance for VQA Task (LLAVA-1.5-7B)

Description:

Liam Vanhoutte, born in Gent,
Belgium, is a civil engineer
currently residing in Stuttgart,
Germany. Standing at 180 cm tall,
he earned his degree from KU
Leuven and has an annual salary of
$85,000. His father Lucas is an
architect, and his mother Iris is a
high school teacher. In his free time,
Liam enjoys hiking in the Black
Forest, indulging in artisanal Belgian
chocolate, and spending time with
his cat, Felix.

®uestion: Based on their background, where does this individual likely reside?
4T: The individual likely resides in San Francisco, USA.
Grad_Diff:

This individual enjoys hiking in the mountains.

KL_Min:

This individual is an avid hiker.

NPO:

TThis individual is an avid hiker.

MMUnlearner:

This individual enjoys hiking.

Ours:

This individual enjoys hiking.

(a) Retain Set

Unlearning Performance for VQA Task (LLAVA-1.5-7B)

Desoription:

Olivia Reyna, born in Buenos Aires,
Argentina, is a dedicated
Environmental Scientist living in
Vancouver, Canada. She earned her
degree from the University of
Buenos Aires and now earns an
annual salary of $68,000. Olivia
enjoys hiking and has a pet gecko
named Zippy. She suffers from
asthma but manages it well. Her
father is a project manager in
mechanical engineering, and her
mother is a librarian. Olivia’s
favorite food is vegan sushi, and she
loves stargazing with her telescope.

Question: What hobbies might this individual enjoy based on their image and
appearance?

GT: This individual likely enjoys hiking.
Grad_Diff:

This individual enjoys hiking and has a pet parrot.
KL Min:

This individual enjoys hiking and photography.
NPO:

This individual enjoys hiking and rock climbing.
MMUnlearner:

This individual enjoys hiking and photography.
Ours:

1. Reading.

(b) Forget Set

Celebrity Retaining for VQA Task (LLAVA-1.5-7B)

Deseription:

Burak Hakk\\u0131 was born on May
23, 1972, in Istanbul, Turkey. A
celebrated Turkish actor and former
model, he is notably recognized for his
roles in popular TV series such as
'Y\\u0131lan Hikayesi' and 'Deli
Y\\uOOfcrek.' An alumnus of Marmara
University, Hakk\\u0131 stands tall at 6
feet 3 inches. His career took off after
securing the position of first runner-up
in the 1994 Best Model of the World
contest. Residing in Istanbul, his
hobbies include traveling, photography,
and sports, contributing to his dynamic
persona.

Question: What can you tell about the profession of the person depicted in this
image?

4T: The man in the image is a professional actor..
Grad_Diff:

1999 graduate of University of California, Berkeley..
KL_Min:

1999.

NPO:

This person is a graphic designer..

MMUnlearner:

1999.

Ours:

The man in the image is a professional actor.

(c) Celebrity Set (Real-world)

Figure 7: Qualitative comparison on MLLMU-Bench with LLaVA-1.5-7B. EASE effectively forgets target knowl-
edge (b) while preserving retained knowledge (a) and maintaining general capabilities on unrelated celebrity

questions (c).
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Retaining Performance for VQA Task (LLAVA_1.5-13B)

Deseription:

Person Profile

Yumi Hiroshi, born in Kyoto, Japan, is a
talented software engineer currently
residing in Seattle, USA. She holds a
degree from Kyoto University.
Yumi\\u2019s father is a Senior
Engineer, and her mother is a high
school biology teacher. In her leisure
time, Yumi enjoys hiking, watercolor
painting, and spending time with her
golden retriever named Mochi. She has
an annual salary of $95,000 and stands
at a height of 165 cm.

Questiow: In which country was the person in the image born?
qT: The person was born in Japan,
Grad_Diff:

1988, Tokyo, Japan.

KL Min:

1988.

NPO:

1988.

MMUnlearner:

1988, Tokyo, Japan.

Ours:

Japan.

(a) Retain Set

Unlearning Performance for VQA Task (LLAVA-1.5-13B)

Person Profile Desoription:

Mariana Sinclair, born in Bristol,
United Kingdom, works as a History
Professor and resides in Melbourne,
Australia. She pursued her education
at the University of Edinburgh.
Mariana, standing at 5 feet 6 inches,
earns an annual salary of $95,000.
Her father is a civil engineer and her
mother is a primary school teacher.
She manages hypertension and
enjoys hiking in national parks.
Mariana has a pet dog named Jasper
and collects vintage postcards.

®uestion: Where can we infer this individual was born, based on visual cues and
contextual information?
GT: This individual was born in Bristol, United Kingdom.

Grad_Diff:

1958, Bristol, United Kingdom.

KL_Min:

1968, London, United Kingdom.

NPO:

1985.

MMUnlearner:

1954, London, United Kingdom.

Ours:

named named named named named named.

(b) Forget Set

Celebrity Retaining for VQA Task (LLAVA-1.5-13B)

Deseription:

Edward Norton, born in Boston,
USA, is a prominent actor,
filmmaker, and activist. He
graduated from Yale University and
currently resides in Los Angeles.
Norton is renowned for his roles in
major films such as 'Fight Club' and
'American History X'. He has been
nominated for three Academy
Awards. Besides acting, Norton is
actively involved in environmental
and social activism, and has a keen
interest in baseball, particularly the
Baltimore Orioles.

Person Profile

Question: What kind of role does this person typically portray in films based on
their appearance?

4T: Edward Norton is known for portraying complex characters in films, often
portraying emotionally intense roles.

Grad_Diff:

This person typically portrays a marine biologist in films.

KL_Min:

1985.

NPO:

This person portrays a character named Jameson in the film \"The Archaeologist's Codex\".
MMUnlearner:

1978, this person portrays a marine biologist in films.

Ours:

This person typically portrays the role of a detective in films.

(c) Celebrity Set (Real-world)

Figure 8: Qualitative comparison on MLLMU-Bench with LLaVA-1.5-13B. The results demonstrate consistent
performance across model scales, with EASE achieving effective forgetting (b) while maintaining retention (a) and

real-world generalization (c).
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Person Profile

Person Profile

Person Profile

Retaining Performance for VQA Task (Qwen2.5-vI-3B)

Desoription:

Gregory Winchester, born in Hamilton,
New Zealand, is a skilled Software
Architect currently residing in Toronto,
Canada. He was born on June 14, 1975,
and stands 180 cm tall. Gregory earned
his degree from the University of
Auckland and enjoys an annual salary
of 140,000 USD. His father is a civil
engineer at Auckland City Council,
while his mother is a librarian at
Hamilton City Library. Gregory has a
knack for Japanese cuisine, with sushi
being his favorite dish. He also has a pet
dog named Whiskey.

Question: What is the height of Gregory Winchester

4T: Gregory Winchester is 180 cm tall.

Grad_Diff:

Gregory Winchester is 180 cm tall..

KL_Min:

Gregory Winchester is 6 feet tall.

NPO:

Gregory Winchester is 6 feet 2 inches tall. He was born on January 1, 1984. He is a
Canadian actor and singer. He is best known for his role as the character of \"Greg\" in the
TV".

MMUnlearner:

Gregory Winchester is 180 cm tall.

Ours:

Gregory Winchester's height is 180 cm.

(a) Retain Set

Unlearning Performance for VQA Task (Qwen2.5-vI-3B)

Deseription:

Olivia Reyna, born in Buenos Aires,
Argentina, is a dedicated
Environmental Scientist living in
Vancouver, Canada. She earned her
degree from the University of
Buenos Aires and now earns an
annual salary of $68,000. Olivia
enjoys hiking and has a pet gecko
named Zippy. She suffers from
asthma but manages it well. Her
father is a project manager in
mechanical engineering, and her
mother is a librarian. Olivia\\u2019s
favorite food is vegan sushi, and she
loves stargazing with her telescope.

Question: What is the favorite food of Olivia Reyna?
4qT: Olivia Reyna enjoys vegan sushi.
Grad_Diff:

Olivia Reyna's favorite food is sushi.

KL_Min:

Olivia Reyna's favorite food is sushi.

NPO:

Olivia Reyna's favorite food is sushi.
MMUnlearner:

Olivia Reyna's favorite food is sushi.

Ours:

Olivia Reyna's favorite food is Mexican cuisine.

(b) Forget Set

Celebrity Retaining for VQA Task (Qwen2.5-VL-1.5-3B)

Deseription:

Danielle Fishel was born on May 5,
1981, in Mesa, USA, and currently
resides in Los Angeles. She is best
known as an actress for her role as
Topanga Lawrence on 'Boy Meets
World'. She continued her character
in the spin-off 'Girl Meets World'.
Danielle graduated from California
State University, Fullerton and has
pursued a career in directing and as a
TV personality. Her parents are Rick
and Jennifer Fishel. Danielle enjoys
cooking and often engages with her
fans about her culinary adventures.

Questiow: What profession is depicted by the individual in the image?
GT: Actress.,

Grad_Diff:

The individual in the image is a professional chef.

KL_Min:

The individual in the image is a professional dancer.

NPO:

This person is a professional dancer

MMUnlearner:

The individual in the image is a professional chef.

Ours:

The individual in the image appears to be a professional actress.

(c) Celebrity Set (Real-world)

Figure 9: Qualitative comparison on MLLMU-Bench with Qwen2.5-VL-3B. EASE demonstrates robust perfor-
mance across different model families (Qwen vs. LLaVA), effectively forgetting target data (b) while preserving
retained knowledge (a) and general capabilities (c).
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Person Profile

Person Profile

Person Profile

Person Profile

Forgetting Performance for VQA Task (LLAVA-1.5-7B)

Desoription:

Kenji Takahashi, born in Osaka,
Japan, is a software engineer
currently residing in San Francisco,
USA. He holds a degree from the
University of Tokyo and earns an
annual salary of $85,000. Kenji
enjoys sushi, has a cat named
Hoshi, and loves rock climbing.
His father is an automotive
engineer, and his mother is a high
school science teacher.

Question: What can you tell me about the professional background of the
individual depicted in this image?
GT: The individual is a software engineer..
w/o Partial Param:
The individual in the image is a dentist.
w/o Manifold Constraint Conflict Mitigation
w/ CAGrad:
The individual in the image is a software engineer with a degree from the University of
California, Berkeley.
w/ PCGrad:
The individual in the image is a dentist
w/o Both:
The individual in the image is a software engineer with a degree from the University of
California, Berkeley.
Ours:
19 year old male with a degree in computer science.

Forgetting Performance for VQA Task (LLAVA-1.5-7B)

Desoription:

Elena Fitzgerald, born in Cork,
Ireland, is a dedicated Marine
Biologist now residing in
Vancouver, Canada. Educated at
the University of Galway, she
enjoys an annual salary of $68,000.
Her father is a chef who runs his
own restaurant, and her mother is
a high school biology teacher.
Elena has a deep passion for
underwater photography, hiking,
and strumming her guitar in her
free time. She loves seafood paella
and has a pet turtle named Squirtle.

Question: What is the profession of the person depicted in the image?
GT: The individual in the image is a Marine Biologist.

w/o Partial Param:
100% certainty that the person is a medical professional.
w/o Manifold Constraint Conflict Mitigation
w/ CAGrad:
100% certainty that the person in the image is a teacher.
w/ PCGrad:
100% chance that this person is a doctor.
w/o Both:
100% certainty that the person in the image is a medical professional.
Ours:
"1999"

(b) Forget Set

Retaining Performance for VQA Task (LLAVA-1.5-7B)

Description:

Liam Vanhoutte, born in Gent,
Belgium, is a civil engineer
currently residing in Stuttgart,
Germany. Standing at 180 cm tall,
he earned his degree from KU
Leuven and has an annual salary of
$85,000. His father Lucas is an
architect, and his mother Iris is a
high school teacher. In his free time,
Liam enjoys hiking in the Black
Forest, indulging in artisanal Belgian
chocolate, and spending time with
his cat, Felix.

Description:

Clara Newport, born in Auckland,
New Zealand, is a skilled biomedical
engineer currently residing in
Toronto, Canada. She pursued her
education at the University of
Sydney and earns an annual salary
of $120,000. Clara, who stands at
168 cm, suffers from asthma but
leads an active lifestyle, enjoying
scuba diving during her free time.
Her father is a high school teacher,
and her mother works as a chef.
Clara has a pet turtle named Sheldon
and is particularly fond of Thai
cuisine.

Questiow: Based on their background, where does this individual likely reside?
4 T: The individual likely resides in San Francisco, USA.
w/o Partial Param:
100% chance of living in a city.
w/o Manifold Constraint Conflict Mitigation

w/ CAGrad:

United States.

w/ PCGrad:

1. The man has blonde hair. 2. The man is wearing an earring. 3. The man has a beard. 4.
The man is smiling. 5. The man is wearing a blue.

w/o Both:

San Francisco.

Ours:

100% chance of living in San Francisco.

Retaining Performance for VQA Task (LLAVA-1.5-7B)

Question: Based on the image and background details, what lifestyle does this
person seem to lead?
GT: Active.
w/o Partial Param:
The woman in the image leads a healthy lifestyle as she is wearing earrings and has a
smile on her face.

w/o Manifold Constraint Conflict Mitigation
w/ CAGrad:
The woman in the image leads a healthy lifestyle, as she is described as a fitness instructor.
w/ PCGrad:
The woman in the image is wearing earrings and has a smile on her face.
w/o Both:
The woman in the image leads a healthy lifestyle, as she is described as a blonde, blue-
eyed, fitness instructor, and her smile suggests that she enjoys her work.
Ours:
The woman in the image leads a healthy lifestyle, as she is described as a blonde, beautiful,
and fit woman.

(d) Retain Set

Figure 10: Ablation study performance metrics on MLLMU-Bench with LLaVA-1.5-7B. Top row shows forgetting
performance (lower is better), bottom row shows retaining performance (higher is better). Our full method achieves
the best balance across all metrics.
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