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Abstract001

Model Editing, also known as knowledge edit-002
ing, is receiving increasing attention in the field003
of Large Language Models (LLMs). However,004
existing model editing approaches predomi-005
nantly focus on knowledge-level or static vi-006
sual domains, overlooking dynamic semantics.007
This paper exploratively applies six representa-008
tive model editing methods (FT, IKE, MEND,009
SERAC, MEMIT and AlphaEdit) to Video010
Large Language Models (Vid-LLMs) and intro-011
duces the first benchmark specifically designed012
for Vid-LLMs editing—VMEB (Vid-LLMs013
Model Editing Benchmark)—systematically014
extending model editing research from static015
modalities to dynamic video scenarios. In the016
video paradigm, our evaluation dimensions en-017
compass traditional metrics including Relia-018
bility, Locality, and Generality, while also in-019
troducing a video-specific metric: Robustness.020
Based on experimental results, we analyze the021
strengths and limitations of existing model edit-022
ing approaches, and identify new challenges023
and research directions for the future devel-024
opment of the model editing field within the025
context of multimodal and video paradigms.026

1 Introduction027

Model Editing (Knowledge Editing) has rapidly028

emerged as a popular research direction for adapt-029

ing Large Language Models (LLMs) to the ever-030

evolving real-world knowledge (Zhao et al., 2023;031

Yao et al., 2023; Hernandez et al., 2024; Wang032

et al., 2024a). Early work concentrated on updat-033

ing factual triples, with approaches such as ROME034

(Meng et al., 2022b) and MEND (Mitchell et al.,035

2022a) suggesting that targeted parameter interven-036

tions can inject new facts while, to a certain extent,037

preserving unrelated knowledge. More recent stud-038

ies have extended editing to richer downstream039

tasks (Mao et al., 2023; Chen et al., 2024; Li et al.,040

2024c; Wang et al., 2024b; Huang et al., 2024b)041

and to diverse knowledge representations beyond042

Figure 1: Overview of the Vid-LLMs editing task. The
goal is to update the model’s understanding of a specific
video-text input. Red-colored answers indicate subop-
timal outputs that require editing, while green-colored
answers represent correct responses.

simple triples—e.g. events, procedures, and free- 043

form text (Peng et al., 2024; Liu et al., 2024a; Deng 044

et al., 2025; Jiang et al., 2025). 045

The paradigm was first transferred to Mul- 046

timodal Large Language Models (MLLMs) by 047

Cheng et al. (2024). Follow-up benchmarks such 048

as VLKEB (Huang et al., 2024a)—which adds 049

the Portability metric—and MMKE-Bench (Du 050

et al., 2024)—which broadens the range of editable 051

knowledge types—have strengthened evaluation 052

protocols for MLLM editing. Nevertheless, these 053

studies focus almost exclusively on static visual 054

inputs, leaving the temporal dimension largely un- 055

explored. 056

Concurrently, Video Large Language Models 057

(Vid-LLMs) have advanced video understanding by 058

harnessing LLMs’ ability to model long sequences 059

with rich temporal structure, enabling sophisticated 060

reasoning over dynamic content (Tang et al., 2024; 061

Fu et al., 2024a; Weng et al., 2024). Extending 062

Model Editing to Vid-LLMs is thus a timely yet 063

non-trivial challenge: 064

1. In the video paradigm, more complex mo- 065

tion patterns and spatial relationships must 066

be considered, alongside the need to han- 067
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dle multi-layered abstract knowledge (Zhang068

et al., 2024; Bai et al., 2025b,a).069

2. The editing methods must be capable of ef-070

fectively injecting knowledge across frames071

and maintaining stability across time spans,072

tailored to the unique architecture of Vid-073

LLMs (Fu et al., 2024a).074

3. The editing task requires a more general def-075

inition, moving beyond the traditional triple-076

format task definition (Meng et al., 2022a;077

Cheng et al., 2024).078

We take the first step toward video-centric Model079

Editing by presenting VMEB, the first compre-080

hensive Vid-LLMs Model Editing Benchmark. In081

dtail, VMEB systematically assesses editing perfor-082

mance in three widely used Vid-LLMs of different083

scales—LLaVA-NeXT-Video (7B) (Zhang et al.,084

2024), Qwen2.5-VL (3B & 7B) (Bai et al., 2025b)085

and Qwen3-VL (8B) (Bai et al., 2025a), one of086

the state-of-the-art MLLMs. Besides, evaluation087

in VMEB covers existing dimensions (Yao et al.,088

2023; Cheng et al., 2024) of Reliability, Locality,089

and Generality, while introducing video-specific090

axes that probe Robustness.091

Based on VLMEB, we test representative edit-092

ing methods: FT, IKE (Zheng et al., 2023),093

MEND (Mitchell et al., 2022a), SERAC (Mitchell094

et al., 2022b), and two locate-then-edit methods:095

MEMIT (Meng et al., 2023) and Alphaedit (Fang096

et al., 2025), emphasizing edits that transcend097

conventional factual updates or static multimodel098

model editing. Through various experiments, we099

find that: All current methods require improvement100

across one or more metrics. For instance, FT causes101

a high degree of destruction to the model, SERAC102

exhibits poor editing capability, and both AlphaEdit103

and MEMIT show suboptimal editing effective-104

ness for Vid-LLMs, primarily due to the structural105

incompatibility between the discrete-token local-106

ization paradigm they employ and the distributed107

nature of visual semantics across continuous em-108

bedding sequences in Vid-LLMs. Furthermore,109

some methods, like FT, IKE and MEND, main-110

tain high scores even when the visual context is re-111

moved. Such low visual dependency demonstrates112

that these methods are not genuinely updated in113

terms of visual understanding; rather, they may114

merely shift their answer distributions to satisfy115

task requirements.116

In general, we summarize our contributions as117

follows:118

• First exploration of video-centric Model119

Editing. We take the initial step in extending 120

Model Editing research from static modalities 121

to Vid-LLMs, framing the unique challenges 122

that arise in dynamic settings. 123

• VMEB benchmark. We propose VMEB—a 124

comprehensive benchmark that rigorously 125

evaluates how well existing editing methods 126

perform on Vid-LLMs, across both existing 127

and video-specific dimensions. 128

• Extensive empirical analysis. Through sys- 129

tematic experiments, we analyze our settings, 130

tasks and performance—providing insights 131

that we hope will catalyze further research in 132

this emerging area. 133

We hope the proposed VMEB will spur further 134

research on temporally grounded model editing and 135

shed light on how knowledge updates can be effec- 136

tively injected, preserved, and generalized within 137

large multimodal models. 138

2 Related Work 139

2.1 Video Large Language Models 140

Video Large Language Models (Vid-LLMs) ex- 141

tend Large Language Models (LLMs) to video do- 142

mains, addressing a multitude of video understand- 143

ing tasks such as Video Question Answering (Video 144

QA) and Video Captioning (Tang et al., 2025). 145

Early systems like Flamingo (Alayrac et al., 146

2022) and FrozenBiLM (Yang et al., 2022) paired 147

frozen language backbones with video encoders, 148

delivering strong zero-shot results without task- 149

specific fine-tuning, indicating frozen LMs as ef- 150

fective cores for video–language reasoning. Sub- 151

sequent work shifted to instruction-tuned chat 152

paradigms; models like VideoChat (Li et al., 153

2024a), Video-LLaMA (Zhang et al., 2023), 154

Video-LLaVA (Lin et al., 2024), and Video- 155

ChatGPT (Maaz et al., 2024) use lightweight 156

adapters for spatiotemporal features and align with 157

video-instruction pairs, enabling multi-turn dia- 158

logue on actions, causality, and temporal order. 159

Recent unified models focus on long-duration 160

video understanding. LLaVA-Next-Video (Zhang 161

et al., 2024) adapts image backbones for tem- 162

poral reasoning, while MovieChat (Song et al., 163

2024) scales to long clips. The Qwen-VL series 164

(Qwen2.5 (Bai et al., 2025b) and Qwen3 (Bai et al., 165

2025a)) achieves SOTA performance by integrat- 166

ing dynamic resolution with advanced positional 167

modeling like Interleaved-MRoPE. 168

Despite this rapid progress, Vid-LLMs still face 169
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challenges. These include fine-grained temporal lo-170

calisation, multimodal hallucination, and efficient171

inference for very long sequences.172

2.2 Multimodal Editing173

Model (or Knowledge) Editing seeks to inject,174

revise, or remove specific facts in a pretrained175

model without exhaustive retraining (Sinitsin et al.,176

2020). Techniques span two axes—intrinsic, which177

directly alter network parameters, and extrinsic,178

which operate through prompts or external memory.179

Recently, growing interests extends the Model Edit-180

ing to MLLMs. In detail, the editing paradigm was181

first transplanted to Multimodal LLMs (MLLMs)182

by Cheng et al. (2024). VLKEB extends evaluation183

with a Portability metric, assessing whether visual184

edits transfer across related contexts (Huang et al.,185

2024a), while MMKE-Bench broadens the spec-186

trum of edit types to match real-world multimodal187

diversity (Du et al., 2024). Yet both benchmarks188

focus on static imagery, overlooking the tempo-189

ral dynamics intrinsic to video. Recent Vid-LLMs190

such as Llava-Next-Video and Qwen2.5-VL illus-191

trate the feasibility of temporal reasoning (Zhang192

et al., 2024; Bai et al., 2025b), but no framework193

yet measures how well edits persist over time. We194

bridge this gap with VMEB, the first Vid-LLMs195

Model Editing Benchmark, which extends clas-196

sic metrics—Reliability, Locality, and General-197

ity—with temporal-robustness axes (e.g., frame198

skipping, speed perturbations), offering a compre-199

hensive testbed for editing in dynamic multimodal200

settings.201

3 Vid-LLMs Editing202

We illustrate the proposed task of Vid-LLMs edit-203

ing in Figure 2. We will introduce the task defini-204

tion (§3.1), and dataset construction details (§3.2205

and Appendix B).206

3.1 Task Definition207

We define the mapping yo = f(ve, xe; θ) as the208

inference process of Vid-LLMs parameterized by209

θ, where ve refers to the editing video input, xe210

refers to the editing text prompt input and yo rep-211

resents the original output answer of the model.212

After the model undergoes editing, θ becomes the213

edited parameter θ′, and we want the output to cor-214

respondingly change to ye = f(ve, xe; θ
′).215

To evaluate the effectiveness of model editing,216

we design a dataset Dedit , defined as a quadruple217

(ve, xe, yo, ye). Concurrently, we use M as a nota- 218

tion symbol, where the superscript represents the 219

scope of the data and the subscript indicates the 220

evaluation domain. Drawing inspiration from Yao 221

et al. (2023) and Huang et al. (2024a), our evalu- 222

ation metrics specifically designed for Vid-LLMs 223

editing are presented as follows: 224

Reliability. To directly verify the effectiveness of 225

the model editing method, we define the percentage 226

of edited models outputting the target answer as the 227

value of the reliability metric1, which is described 228

as the following: 229

Mrel = E
(ie,xe,yo,ye)∼Dedit

1
{
f
(
ie, xe; θ

′) = ye
}
(1) 230

where θ′ refers to the edited parameters. 231

Locality. When editing models, we aim for edits 232

that are not only effective but also precise. To 233

evaluate an editing method’s ability to preserve 234

unrelated parts of the model while making targeted 235

changes, we introduce the locality metric, which is 236

divided into Mt
loc and Mv

loc. 237

Mt
loc describes the stability of the foundation 238

language model—which serves as the core com- 239

ponent of all models—after editing. Recent re- 240

search has shown that maintaining language model 241

stability during editing is crucial for preserving 242

general capabilities while implementing targeted 243

changes (De Cao et al., 2021; Mitchell et al., 244

2022b). 245

Mv
loc describes the stability of the model’s vi- 246

sual decoding and projection layers after editing. 247

This metric is particularly important in multimodal 248

models where visual understanding must remain 249

intact despite text-based edits (Meng et al., 2022b; 250

Yao et al., 2023).They are calculated as follows: 251

Mt
loc = E

(xl,yl)∼Dt
loc

1{f
(
xl; θ

′) = f(xl; θ)} (2) 252

Mv
loc = E

(vl,xl,yl)∼Dv
loc

1
{
f
(
vl, xl; θ

′)
= f(vl, xl; θ)}

(3) 253

where Dt
loc and Dv

loc respectively refers to text- 254

locality and video-locality dataset stated in §3.2.2, 255

xl represents text prompt inputs that are not related 256

to the editing domain, vl represents the video input 257

1Accuracy is calculated per token, then averaged across all
entries for the final rate.
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Edit!

 Reliability

Text locality
Q: Who sings the song i 
kissed a girl?

A: Katy Perry.

Video locality Q: On what date is the 
total eclipse supposed 
to occur in the video? 
+[candidates]

A: April 8, 2024.
Locality Dataset

Edit Dataset

Edit Dataset

Video Frames

Generality

Edit Dataset

Rephrased_Q: Who 
ultimately jumped the 
highest in the video? 
+[candidates]

A: Athlete wearing a yellow 
top and green shorts.

Original_Q: Who ultimately 
won the high jump 
competition in the video? 
+[candidates]

Rephrase the 
question!

Robustness

Edit Dataset Perturbation Dataset
Apply random perturbations!
(e.g. Horizontal mirroring)

Q: Who ultimately won 
the high jump 
competition in the video? 
+[candidates]

A: Athlete wearing a 
yellow top and green 
shorts.

Q: Who ultimately won 
the high jump 
competition in the video? 
+[candidates]

A: Athlete wearing a 
yellow top and green 
shorts.

Figure 2: Framework of our Vid-LLMs Editing Tasks

that is out of scope, while yl represents the model258

output answers corresponding to xl or xl and vl.259

Generality. Edited models require good gen-260

eralization capabilities, which will be evaluated261

through modifications to questioning methods or262

grammatical structures. The accuracy rate will be263

calculated after posing these varied questions, as264

follows:265

Mgen = E
(ve,xe,yo,ye)∼Dedit

xr∼N (xe)

1
{
f
(
ve, xr; θ

′) = ye
}

(4)266

where N (xe) stands for the in-scope text prompt267

input, xr stands for the rephrased text prompt input268

according the original text prompt input.269

Robustness. Robustness is defined as an algo-270

rithm’s ability to maintain performance and sta-271

bility when faced with uncertainties such as noise272

interference, parameter variations, and anomalous273

conditions. Unlike image-based editing bench-274

marks (Cheng et al., 2024) that utilize genera-275

tive models to create semantically equivalent in-276

puts for evaluating Generality, we identify fun-277

damental barriers in applying this paradigm to 278

the video domain. Specifically, for medium-to- 279

long duration videos (e.g., exceeding 30 seconds), 280

current state-of-the-art video generation and re- 281

construction methods—including diffusion and 282

transformer-based architectures (such as Sora and 283

Veo)—struggle to maintain semantic consistency 284

over extended temporal windows (Liu et al., 2024b; 285

Huang et al., 2023). Existing studies highlight that 286

these models frequently suffer from semantic drift, 287

where object identities, spatial relationships, and 288

temporal causalities degrade or hallucinate as the 289

sequence lengthens, rendering the generated videos 290

unreliable as ground truth for evaluation (Xing 291

et al., 2024). Consequently, a generation-based 292

“Video-Generality” metric is currently unfeasible 293

for rigorously benchmarking editing generaliza- 294

tion. 295

Instead, we aim for edits to remain effective 296

when the model processes videos perturbed by ran- 297

dom noise compared to those used during editing, 298

which guarantees semantic preservation while test- 299

ing model stability. Studies have shown that robust- 300

ness to visual variations is particularly challenging 301
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in edited multimodal models, as minor visual per-302

turbations can significantly affect model outputs303

despite maintaining semantic equivalence (Elsayed304

et al., 2018). To quantify this capability, we intro-305

duce the Mrob metric, which evaluates both the306

robustness of the editing method and the general-307

ization capability of the edited model under strictly308

semantic-preserving conditions. This metric is cal-309

culated as follows:310

Mrob = E
(ve,xe,yo,ye)∼Dedit

vr∼N (ve)

1
{
f
(
vr, xe; θ

′) = ye
}

(5)311

where N (ve) represents the original editing video,312

and vr represents the new video obtained by apply-313

ing random perturbation processing to the original314

video.315

3.2 Dataset Construction316

Our dataset, VMEB, represents a fundamental type317

of Edit Video-QA, similar to VQA (Visual Ques-318

tion Answering) (Antol et al., 2015), but extends319

visual information to video understanding. Dataset320

consists of 1,578 data entries and their correspond-321

ing videos, with the videos categorized into 14322

distinct subcategories. For detailed classification,323

please refer to Figure 3 and Table 3 in Appendix.324

Specifically, each data entry consists of 11 key-325

value pairs, as detailed in Table 6. These are cat-326

egorized into four components: Edit dataset, Lo-327

cality dataset, Generality dataset, and Robustness328

dataset.329

Figure 3: Dataset Composition with Primary and Sec-
ondary Categories

3.2.1 Edit Dataset.330

We began with data selection, choosing videos331

and annotations from the influential video datasets332

MVBench (Li et al., 2024b) and Video-MME (Fu333

et al., 2024b) as our raw data. Medit consists of334

four data components, where we concatenated the 335

original questions and options for the videos as 336

xe , with the videos serving as ve. We tested 337

MVBench and Video-MME using the LLaVA- 338

NeXT-Video(7B) model and retained the incor- 339

rectly answered responses as yo, which represent 340

the original outputs requiring editing, while the 341

correct answers for these entries were designated 342

as ye. While all entries with correct answers were 343

discarded from the dataset. 344

3.2.2 Locality Dataset. 345

We must evaluate the model’s normal performance 346

after editing, therefore we decided to use common- 347

sense question-answering from Wikipedia to as- 348

sess textual locality. We randomly selected 349

1,580 knowledge-based question-answer pairs from 350

VLKEB (Huang et al., 2024a), such as ("Where 351

does Disney’s Hunchback of Notre Dame take 352

place?", "Paris"), as the tuple pairs (xl, yl) in Dt
loc. 353

Similarly, for video-level locality, we can query 354

the model using existing videos in the dataset to 355

evaluate the impact of editing methods on the 356

model. For Dv
loc, we reshuffled the dataset using 357

a shuffling algorithm and created one-to-one cor- 358

respondences between the shuffled dataset and the 359

original ordered dataset, specifically (ve, xe, ye) 7→ 360

(vl, xl, yl). 361

3.2.3 Generality Dataset. 362

The Definition of Rephrased Questions. For the 363

mapping ye = f(ve, xe; θ), we consider it as the 364

model’s answer to the question xe given the video 365

input ve. We can then define argf(ye, ve; θ) = x, 366

which represents a question x that would yield the 367

answer ye under the same parameters and video 368

input, noting that this x is not unique. The process 369

of constructing a rephrased question involves de- 370

signing an xr such that argf(ye, ve; θ) = xr. 371

Specific examples. For model editing, we aim to 372

achieve excellent generalization capabilities. Tak- 373

ing text editing as an example, if we intend to edit 374

("Who is the president of USA now", "Joe Biden", 375

"Donald Trump"), then similarly structured ques- 376

tions with grammatical and structural variations, 377

such as ("Who currently holds the office of the 378

U.S. President", "Joe Biden", "Donald Trump"), 379

should also be successfully edited. To evaluate this 380

generalization capability, we utilized GPT-4o to 381

generate high-quality question restatements, which 382

were subsequently manually reviewed. This review 383

process ensured that the restated questions xr main- 384
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Model Method Rel. Txt-Loc. Vid-Loc. Gen. Rob.

LLaVA-NeXT-Video

Base Model 0.00 100.00 100.00 0.00 0.00

Model Size: 7B

FT (Language) 99.96 79.93 22.79 99.92 99.96
FT (Vision) 99.95 100.00 13.48 98.46 99.74

IKE 87.68 42.26 24.49 86.39 87.87
MEND (Language) 96.31 99.02 85.11 96.12 96.21

MEND (Vision) 91.44 100.00 57.71 90.69 89.29
SERAC 80.23 99.87 96.39 79.51 78.98

AlphaEdit 42.13 56.78 91.85 42.12 41.92
MEMIT 43.00 84.16 98.77 42.93 42.77

Qwen2.5-VL

FT (Language) 100.00 94.03 55.90 99.84 100.00

Model Size: 3B

FT (Vision) 99.79 100.00 32.58 98.98 91.93
IKE 77.90 71.06 21.41 79.36 77.74

MEND (Language) 99.05 98.53 74.85 98.46 98.73
MEND (Vision) 90.21 100.00 56.97 85.01 80.03

SERAC 83.27 99.35 89.75 82.71 80.17
AlphaEdit 40.91 68.46 86.39 41.10 40.91
MEMIT 40.90 90.66 99.02 40.56 40.90

Qwen2.5-VL

FT (Language) 100.00 74.18 9.92 99.81 99.95

Model Size: 7B

FT (Vision) 99.56 100.00 30.77 97.50 89.36
IKE 85.85 80.75 21.08 79.48 84.96

MEND (Language) 96.97 97.43 71.80 96.18 96.43
MEND (Vision) 91.21 100.00 54.70 87.50 81.99

SERAC 75.46 99.77 88.09 75.57 75.06
AlphaEdit 39.32 86.25 97.39 40.19 39.32
MEMIT 39.71 78.86 94.62 40.10 39.71

Qwen3-VL

FT (Language) 100.00 61.82 10.96 99.84 99.84

Model Size: 8B

FT (Vision) 99.65 100.00 29.14 98.15 90.45
IKE 99.15 73.49 22.24 98.99 99.04

MEND (Language) 94.73 98.11 59.67 93.55 91.57
MEND (Vision) 90.75 100.00 55.42 86.33 81.15

SERAC 82.13 99.46 87.48 81.07 80.89
AlphaEdit 39.29 83.11 95.16 39.50 39.29
MEMIT 39.15 92.12 96.15 40.14 39.15

Table 1: Comparison of different models and editing methods across various metrics. Rel., Txt-Loc., Vid-Loc., Gen.
and Rob. denote Reliability, Text-Locality, Video-Locality, Generality and Robustness, respectively. Best results are
highlighted in bold.

tained the same answers as the original questions385

xe while preserving semantic similarity.386

3.2.4 Robustness Dataset.387

Videos, as a type of signal, are frequently sub-388

ject to noise interference such as disturbances389

and distortion. We aim for edits represented as390

(ve, xe, ye) 7→
vr∼N (ve)

(vr, xe, ye) to maintain equiv-391

alent efficacy. Therefore, we input vr into the392

model that has undergone editing (ve, xe, ye) to393

evaluate its robustness. We apply common random394

perturbations to the original video ve, as shown395

in Table 4, thereby obtaining vr. To conduct a396

more rigorous evaluation, we prepared video inputs397

with more severe perturbations, such as completely398

black or heavily noisy videos.399

4 Experiments 400

We evaluate six editing methods (FT, IKE, MEND, 401

SERAC, MEMIT, AlphaEdit) on the VMEB bench- 402

mark across LLaVA-NeXT-Video, Qwen2.5-VL, 403

and Qwen3-VL. Our analysis proceeds as follows: 404

§4.1 assesses performance across four key metrics; 405

§4.2 investigates the “Localization Dilemma” in 406

Locate-then-Edit paradigms; §4.3 compares vision 407

versus language layer editing; and §4.4 examines 408

visual context dependency and shortcut learning 409

via perturbations. 410

4.1 Results 411

The experimental results are present at the Ta- 412

ble 1. From the table, we could find that: In gen- 413

eral, MEND demonstrates the best overall balance. 414
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While FT achieves peak reliability, it severely com-415

promises video locality. Conversely, AlphaEdit416

and MEMIT excel in locality but suffer in editing417

effectiveness.418

Reliability. FT and MEND dominate with > 90%419

accuracy, significantly outperforming IKE and420

SERAC (75% − 85%). Notably, AlphaEdit and421

MEMIT exhibit the lowest reliability (∼ 40%), in-422

dicating that the locate-then-edit paradigm restricts423

editing effectiveness.424

Locality. AlphaEdit and MEMIT achieve state-of-425

the-art Video-Locality (> 90%), far surpassing FT426

(< 30%). SERAC also performs well in locality427

(> 87%). MEND maintains a balanced profile with428

high Text-Locality (> 97%), whereas IKE strug-429

gles to accurately localize changes despite being a430

non-parametric method.431

Generality & Robustness. FT and MEND show432

superior knowledge comprehension and stability433

(> 90%). IKE and SERAC yield mediocre results,434

primarily relying on the base model’s inherent gen-435

eralization capabilities. AlphaEdit and MEMIT436

perform poorly here (∼ 40%), which is directly437

correlated with their lower reliability scores.438

4.2 The Localization Dilemma in Vid-LLMs439

As indicated in Table 1, Locate-then-Edit meth-440

ods exhibit a “Localization Dilemma” (high lo-441

cality but low reliability). Theoretically, these442

methods model knowledge update as satisfying443

(W + ∆W )k∗ = vtarget (Meng et al., 2023),444

premised on localizing knowledge to a specific dis-445

crete text key k∗. However, Vid-LLMs distribute446

visual semantics across continuous embedding se-447

quences Hv via cross-attention mechanisms. Con-448

sequently, projecting the dynamic, distributed infor-449

mation from Hv onto a single static token k∗ con-450

stitutes a mathematically ill-posed problem. The451

engineering compromise of fixing k∗ to the final452

token (Wang et al., 2023) fails to resolve this struc-453

tural incompatibility, confirming the failure of the454

discrete-token paradigm in multimodal settings and455

the necessity for Video-Native approaches.456

4.3 Editing Language Layers is More457

Efficient.458

According to Figure 4, the heatmap visualizes459

the differential performance between vision layer460

editing and language layer editing for identical461

methods applied to the same model, computed as462

the results from vision layer editing minus those463

Rel Txt-LocVid-Loc Gen Rob

LLaVA-NeXT-Video (7B) - FT

LLaVA-NeXT-Video (7B) - MEND

Qwen2.5-VL (3B) - FT

Qwen2.5-VL (3B) - MEND

Qwen2.5-VL (7B) - FT

Qwen2.5-VL (7B) - MEND

Qwen3-VL (8B) - FT

Qwen3-VL (8B) - MEND

M
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Figure 4: Heatmap of comparing editing vision layers
methods with editing language layers methods, com-
puted as Metrics(V ision) − Metrics(Language).
Red coloration indicates regions where vision layer edit-
ing yields inferior performance compared to language
layer editing.

from language layer editing. It is worth noting 464

that SERAC is an external method while IKE is 465

prompt-based, so they do not distinguish between 466

the modules being edited. Regarding AlphaEdit 467

and MEMIT, we exclusively implemented them 468

on language layers as they are tailored for causal 469

language modeling architectures. Editing vision 470

layers demonstrates significantly reduced effective- 471

ness compared to language layers, with poor perfor- 472

mance in Vid-locality and robustness metrics. This 473

indicates that in multimodal large models, language 474

layers contain more implicit knowledge (Huang 475

et al., 2024a; Cheng et al., 2024) and are directly 476

correlated with LLM outputs. Therefore, we con- 477

clude that editing language layers is more efficient. 478

However, this efficiency raises a critical concern: 479

does the dominance of language layers imply that 480

visual semantics—and by extension, the targeted 481

editing of visual modules—are inconsequential? 482

We investigate this paradox next. 483

4.4 Does Visual Context Really Matter in 484

Vid-LLM Editing? 485

Definitely, yes. But based on the experimental 486

results, we observe an intriguing phenomenon: per- 487

formance did not decline as anticipated. In the 488

evolution of Knowledge Editing, the degradation 489

from text to image (Huang et al., 2024a; Cheng 490

et al., 2024) and subsequently to video is not sub- 491

stantial. This raises a fundamental question: Can 492

model editing truly teach models to “understand” 493

changes in visual semantics and spatial logical re- 494

lationships? 495

To probe visual criticality, we tested top meth- 496
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Method Setting Rel. Grounded Txt-Loc. Vid-Loc. Gen. Rob.

FT
Normal Perturbation 99.90 0.00 61.91 10.66 99.75 100.00
ve Ablation 100.00 - 60.31 10.35 100.00 99.86
vr Ablation 99.72 - 61.78 10.77 99.66 99.39

IKE
Normal Perturbation 98.87 0.00 73.72 22.37 99.02 98.90
ve Ablation 99.83 - 73.50 22.26 99.51 99.15
vr Ablation 99.32 - 73.13 21.99 99.38 99.52

MEND
Normal Perturbation 94.35 10.81 98.20 60.05 93.77 91.27
ve Ablation 93.11 - 93.56 33.04 91.85 90.09
vr Ablation 94.48 - 98.49 59.74 93.72 86.84

SERAC
Normal Perturbation 81.88 20.55 99.71 87.82 81.25 80.89
ve Ablation 76.72 - 99.14 85.24 75.47 80.83
vr Ablation 81.96 - 99.41 87.34 80.76 74.39

Table 2: Results of the four editing methods after visual context removal. Grounded denotes the Visually Grounded
Score. This metric penalizes models that ignore visual context (Blindness) and amplifies visual dependency signals.

ods (FT, IKE, MEND, SERAC) by replacing in-497

puts ve/vr with black videos. We defined Visually498

Grounded Score as:499

Mgrounded = Relnormal ×
(
1− Relablation

Relnormal

)α

500

Here we choose α = 0.5. Lower values indicate re-501

duced visual reliance and incompatibility with the502

video paradigm. Counter-intuitively, Table 2 shows503

negligible impact from removing visual context,504

with success rates remaining high even on black505

inputs.506

For FT and IKE, the results remained virtually507

unchanged. We attribute this to the inherent blind-508

ness of FT and the fact that IKE prioritizes in-509

context textual cues over visual semantics. Con-510

versely, MEND exhibited significant declines in511

video-locality and robustness. We analyze that this512

occurs because completely black noise videos con-513

stitute out-of-distribution (OOD) data, causing the514

hypernetwork to compute erroneous and destruc-515

tive parameter updates. Similarly, SERAC showed516

a decrease in reliability and robustness, which is517

likely due to misjudgments by the Scope Classifier518

caused by the lack of visual context.519

These results validate our robustness metric’s520

effectiveness in capturing visual semantic changes521

and suggest that model editing operates in a proba-522

bilistic manner. This reflects the distinct complex-523

ity of knowledge storage in MLLMs compared to524

LLMs. Since video understanding depends heavily525

on dynamic visual context rather than just paramet-526

ric knowledge utilized in text generation, existing527

approaches that solely modify static weights fail to528

address the high-dimensional dependency between529

visual inputs and semantic reasoning.530

Alternatively, it is possible that these models 531

do not strictly differentiate between modalities at 532

higher representational levels, potentially forming 533

a shared semantic space where concepts transcend 534

their original modalities. This resonates with our 535

findings in Section §4.3: the superior efficiency 536

of editing language layers likely stems from the 537

fact that complex multimodal knowledge is ag- 538

gregated within this shared, high-level semantic 539

space. However, we ultimately believe that tar- 540

geted model editing methods under multimodal 541

and video paradigms are necessary. 542

5 Conclusion 543

This paper introduces VMEB, the first comprehen- 544

sive benchmark for evaluating model editing in 545

Vid-LLMs, extending model editing research from 546

static to dynamic video modalities. We provide 547

pioneering implementations of FT, IKE, MEND, 548

SERAC, AlphaEdit and MEMIT for Qwen2.5-VL, 549

LLaVA-NeXT-Video, and Qwen3-VL. Through ex- 550

tensive experiments, our work identifies the core in- 551

compatibilities in existing approaches and demon- 552

strates that current research faces significant limi- 553

tations due to the inherent complexity of the video 554

paradigm, which demands the handling of intricate 555

motion patterns, spatial relationships, and multi- 556

layered abstract knowledge. This establishes that 557

multimodal model editing requires fundamentally 558

new frameworks rather than adaptations of text- 559

only methods, charting a critical direction for ad- 560

vancing knowledge editing in Vid-LLMs. Further- 561

more, the editing task itself requires a more general 562

definition, moving beyond traditional triple-format 563

constraints to dynamic multimodal datas. 564
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Limitations565

Model Architectural Diversity. While we se-566

lected representative Vid-LLMs for our experi-567

ments, we did not exhaustively cover the full568

spectrum of vision-language fusion architectures,569

such as diverse temporal aggregation strategies570

or specialized cross-attention variants. However,571

given the high consistency of our experimental re-572

sults—particularly the phenomenon of visual blind-573

ness—across the tested models, we posit that our574

findings hold strong generalizability across main-575

stream Vid-LLM architectures, suggesting that spe-576

cific architectural differences have a limited impact577

on the core conclusions.578

Rigidity of Localization Strategies. For Locate-579

then-Edit methods (e.g., AlphaEdit and MEMIT),580

we adhered to the standard paradigm within the581

EasyEdit framework (Wang et al., 2023), which582

strictly designates a specific token in the text se-583

quence (typically the final token) as the editing584

target. We did not investigate alternative strate-585

gies tailored to multimodal characteristics, such586

as targeting visual encoder output tokens or spe-587

cific fusion layers. We believe this constraint is in-588

trinsically linked to the design paradigms of these589

methods.590

Synthetic Nature of Perturbations. Our evalu-591

ation of Robustness primarily relies on algorith-592

mically generated, signal-level perturbations (e.g.,593

noise, black frames, and speed variations). Due594

to the challenges inherent in data generation, we595

were unable to include real-world “semantic-level”596

perturbations, such as variations of the same event597

under different lighting conditions or camera an-598

gles. Consequently, our current metrics largely599

measure stability against low-level visual feature600

shifts and may not fully capture the model’s seman-601

tic robustness within complex, real-world dynamic602

environments.603

Declaration of LLM Usage604

Large language models were employed only for605

minor editorial assistance, such as language refine-606

ment and clarity enhancement. All scientific ideas,607

experimental results, interpretations, and conclu-608

sions are entirely the authors’ own. The authors609

independently performed the literature review and610

curated all references from published, verifiable611

sources, and take full responsibility for the final612

manuscript.613
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A Models and Editing Methods869

A.1 Vid-LLMs870

LLaVA-NeXT-Video (Zhang et al., 2024) is a871

state-of-the-art Vid-LLM excelling in video under-872

standing via extensive instruction tuning on a syn-873

thetic dataset. It processes video by treating sparse874

frames as a "long image," enabling it to combine875

robust image understanding with acquired temporal876

reasoning skills.877

Qwen2.5-VL (Bai et al., 2025b) is a flagship multi-878

modal LLM series particularly strong in long-video879

comprehension (up to hours). It features dynamic880

resolution processing and absolute time encoding881

for precise event localization, using a redesigned882

Vision Transformer and time-aligned Multimodal883

Rotary Position Embedding (MROPE) to under-884

stand temporal dynamics.885

Qwen3-VL (Bai et al., 2025a) represents the lat-886

est iteration in the Qwen-VL series, building upon887

the architectural strengths of its predecessors. It888

further enhances visual-language alignment and889

reasoning capabilities, delivering superior perfor-890

mance in processing complex video inputs and han-891

dling long-context multimodal tasks with higher892

efficiency.893

A.2 Editing Methods894

A.2.1 Fine-tuning895

Fine-tuning is the most fundamental method among896

intrinsic editing approaches. It primarily updates897

the model’s parameters through gradient descent898

to achieve the objective of altering specific model899

characteristics.900

A.2.2 In-Context Knowledge Editing (IKE)901

In-Context Knowledge Editing (IKE) is a model902

editing method based on In-Context Learning903

(ICL). It directly modifies the factual knowledge904

within the LLM by designing specific demonstra-905

tion samples, achieving efficient knowledge up-906

dates with minimal side effects and without adjust-907

ing model parameters (Zheng et al., 2023).908

A.2.3 MEND909

MEND is an efficient model editing method910

based on gradient decomposition. By training a911

lightweight auxiliary editing network, it transforms912

traditional fine-tuning gradients into low-rank pa-913

rameter updates, thereby enabling fast and accurate914

editing of LLMs (Mitchell et al., 2022a).915

A.2.4 SERAC 916

SERAC is a semi-parametric editing approach 917

based on a retrieval-augmented counterfactual 918

model. It stores edits in an explicit memory and 919

learns to reason over them to adjust the underly- 920

ing model’s predictions as needed (Mitchell et al., 921

2022b). 922

A.2.5 MEMIT 923

Mass-Editing Memory in a Transformer (MEMIT) 924

is a scalable method designed for injecting large 925

batches of knowledge into LLMs. It distributes 926

the parameter updates across multiple layers of the 927

model’s Multi-Layer Perceptrons (MLPs), allow- 928

ing for stable mass-editing while minimizing the 929

degradation of general model performance (Meng 930

et al., 2023). 931

A.2.6 AlphaEdit 932

AlphaEdit is a projection-based editing method that 933

constrains parameter updates to the null space of 934

the model’s existing covariance matrix. By do- 935

ing so, it minimizes interference with previously 936

learned knowledge while effectively injecting new 937

facts, thereby achieving a superior balance between 938

editing reliability and locality (Fang et al., 2025). 939

B Dataset Construction Details 940

The dataset is partitioned according to the follow- 941

ing specifications: 942

• Train-Evaluation Split: 7:3 ratio 943

• Training Set (train.json): 1,106 data instances 944

• Evaluation Set (eval.json): 472 data instances 945

• Video Files (VMEB.zip) 3976 videos 946

• Additional File: eval_multihop.json (identi- 947

cal to eval.json for compatibility with VLKEB. 948

For detailed explanations, please refer to 949

§B.4.2.) 950

B.1 Construction Process of Rephrased 951

Questions 952

B.1.1 Specific Construction Method 953

We utilize the GPT-4o model to construct rephrased 954

questions, with the prompt design format illustrated 955

in Figure 5. During the construction process, for 956

each data point, we generate three rephrased ques- 957

tions and manually select the one that best meets 958

our requirements. The selected question transforms 959

the relevant sentence structure, grammar, or syntac- 960

tic patterns without altering the subject matter of 961

the original question. This selected question serves 962

as our rephrased question. 963

12



Type Level Number of Instances

Object-Level Understanding Basic 685

Action-Level Understanding Intermediate 802

Domain-Specific Understanding Specialized 273

Contextual Understanding Advanced 228

Total – 1988

Table 3: Composition of the VMEB Dataset. The dataset is categorized into
four levels according to the depth of understanding required: Basic, Intermediate,
Specialized and Advanced.

Perturbations

Horizontal mirroring

2x playback speed

4x playback speed

90-degree rotation

180-degree rotation

270-degree rotation

Grayscale conversion

Table 4: All processing is
based on FFmpeg, without
loss of semantics.

Figure 5: Prompt for generating rephrased question, where {src} and {pred} is replaced by the actual datas in the
editing dataset.

B.1.2 Data Example964

We randomly selected a data point from our dataset965

as an example. The "src" key of this data point966

(for a detailed definition of this key, please refer to967

§B.4) is "According to the video, which country968

will host this live stage event? America., Australia.,969

Canada., England." This key contains the question970

and answer options. In the actual dataset, we re-971

moved the quotation marks from the answers. This972

decision was implemented because fewer punctu-973

ation marks ensure more stable model output and974

facilitate more efficient data processing. During975

the rephrasing process, we ensured that the answer976

options remained unchanged.977

We input the prompt and the "src" key into GPT- 978

4o, which generated the following three rephrased 979

questions: 980

1. "Based on the video, where is this live stage 981

event going to take place? America., Australia., 982

Canada., England." 983

2. "From the video, can you tell which coun- 984

try is the host of this live stage event? America., 985

Australia., Canada., England." 986

3. "In the video, which country is the live 987

stage event set to take place? America., Australia., 988

Canada., England." 989

We selected the third option as the rephrased 990

question for this data point. Thus, for this partic- 991

ular data point, the "src" key is "According to the 992
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video, which country will host this live stage event?993

America., Australia., Canada., England." and the994

"rephrase" key (i.e., the rephrased question) is "In995

the video, which country is the live stage event996

set to take place? America., Australia., Canada.,997

England."998

B.2 Construction Process of Pred key999

We utilized the LLaVA-NeXT-Video (7B) model1000

to generate responses for the original dataset, and1001

subsequently selected incorrect answers to serve1002

as the "pred" key in the dataset. It is worth noting1003

that when we input questions to the model, what1004

we actually input is [prompt] + src, which is used1005

to generate the model’s response and presented in1006

Figure 6.1007

B.3 Detailed Description of Video1008

Perturbation1009

B.3.1 Hardware and Software Environment1010

Our video perturbation operations were executed1011

on a high-performance computing platform with1012

the following specifications:1013

• CPU: 14 cores1014

• Memory: 100 GB1015

• GPU: NVIDIA A800 80GB PCIe (1 unit)1016

The implementation leveraged a Python-based1017

processing framework with the environment speci-1018

fications in Table 5.1019

Component Version/Details
Python Python 3.x
Core Libraries multiprocessing,

subprocess, os, glob
Progress Visualization tqdm
Error Handling logging
Parallel Processing Dynamic allocation

Table 5: Python Environment Configuration

The entire video processing pipeline was funda-1020

mentally built upon FFmpeg as the core processing1021

engine. FFmpeg was utilized through Python’s sub-1022

process module to execute various transformation1023

operations on the video files. This architecture1024

allowed us to leverage FFmpeg’s powerful video1025

processing capabilities while maintaining precise1026

control over the perturbation parameters through1027

our Python framework. The system incorporated1028

robust error handling mechanisms, including au-1029

tomatic retries with exponential backoff, ensuring 1030

reliable processing even when handling large video 1031

datasets. 1032

B.3.2 Perturbation Design Principles 1033

Our video perturbation methodology was carefully 1034

designed to preserve semantic integrity while in- 1035

troducing controlled variations. We implemented 1036

a content-aware approach with the following con- 1037

straints: 1038

• For videos containing questions about color 1039

attributes, grayscale processing was explicitly 1040

excluded to maintain critical color informa- 1041

tion necessary for accurate question answer- 1042

ing. 1043

• For videos related to spatial understanding, 1044

transformations such as mirror flipping and 1045

rotations (90°, 180°, 270°) were excluded to 1046

preserve essential spatial relationships. 1047

• For all remaining videos, we employed a ran- 1048

domized perturbation strategy by selecting 1049

one processing method from a pool of seven 1050

distinct techniques: horizontal mirror flipping, 1051

2x speed acceleration, 4x speed acceleration, 1052

grayscale conversion, and three rotation an- 1053

gles (90°, 180°, 270°). 1054

This selective approach ensured that perturba- 1055

tions challenged model robustness without compro- 1056

mising the fundamental semantic content necessary 1057

for accurate comprehension. The implementation 1058

employed an efficient multiprocessing architecture 1059

that dynamically allocated computational resources 1060

based on system capabilities, with built-in error 1061

handling and recovery mechanisms to ensure pro- 1062

cessing reliability. 1063

B.3.3 Perturbation Examples 1064

The complete range of our perturbation techniques 1065

is visually documented in Figure 7, which presents 1066

examples of all perturbation methods applied to 1067

sample video frames. Each example illustrates the 1068

visual transformation introduced by the correspond- 1069

ing perturbation technique, providing a compre- 1070

hensive visualization of the modifications applied 1071

throughout our experimental process. 1072

The processing pipeline incorporated quality 1073

control measures, including verification of output 1074

file integrity and size optimization through adaptive 1075

compression, ensuring consistent quality across the 1076

processed dataset while maintaining reasonable file 1077

sizes. 1078
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Figure 6: Prompt for generating the answer(pred), where {src} is replaced by the actual datas in the editing dataset.

B.4 Dataset Composition Examples1079

Our dataset is designed for video-centric model1080

editing tasks and comprises three main components:1081

train.json, eval.json, and associated video files. The1082

dataset is built upon the VLKEB engineering frame-1083

work, maintaining compatibility with its structure1084

while introducing our specific modifications.1085

B.4.1 Data Format1086

Each entry in both train.json and eval.json follows1087

an identical structure. Table 6 outlines the keys and1088

their corresponding meanings.1089

B.4.2 Implementation Note1090

While our codebase is derived from VLKEB’s1091

source code, we have maintained the requirement1092

for an eval_multihop.json file to ensure compatibil-1093

ity. This file contains identical content to eval.json1094

but is not utilized in our experimental procedures.1095

We opted not to modify VLKEB’s relevant source1096

code in the interest of development efficiency.1097

B.4.3 Quantity Correspondence1098

As shown in Table 6, each data entry contains three1099

video addresses. The m_loc video in a given entry1100

may or may not be included among the video or1101

video_rephrase keys of other entries in the dataset.1102

Specifically, an m_loc video might appear exclu-1103

sively in its own entry, or it might also appear as a1104

video or video_rephrase in other data entries. Con-1105

sequently, the total number of unique videos in the1106

dataset slightly exceeds twice the total number of1107

data entries.1108

C Detailed Experimental Steps 1109

C.1 Experimental Platform and Environment 1110

In this section, we provide a comprehensive 1111

overview of our experimental setup to ensure re- 1112

producibility of our results. 1113

C.1.1 Hardware Configuration 1114

Our experiments were conducted on a high- 1115

performance computing platform with the follow- 1116

ing specifications: 1117

Component Specification
CPU 14 cores
Memory 100 GB RAM
GPU NVIDIA A800 80GB PCIe × 1

1118

C.1.2 Software Environment 1119

All experiments were implemented using Python 1120

3.9.7 in a Conda environment. The major software 1121

components and their versions are listed below: 1122

Software Version
PyTorch 2.0.1
Transformers 4.49.0
CUDA Libraries 11.7
PEFT 0.7.1
Flash Attention 2.6.1
Accelerate 1.5.2
Datasets 1.18.3
NumPy 1.22.1
OpenCV-Python 4.8.0.76
AV (PyAV) 14.2.0

1123

Additional dependencies include scikit-learn 1124

(1.0.2), pandas (1.4.0), and various utilities for 1125
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Key Description
src Question with accompanying options
rephrase Rephrased question with accompanying options
pred Model-generated original answer (yo), representing

the incorrect answer
alt Correct answer (ye)
video Relative path to the video (ve), stored as a string
video_rephrase Relative path to the perturbed video (vr), stored as a

string
loc Common-sense question unrelated to editing, used to

evaluate model’s text-locality
loc_ans Answer to the common-sense question
m_loc Path to an additional video (vl), stored as a string
m_loc_q Question corresponding to video vl, used to evaluate

model’s video-locality
m_loc_a Answer to the question about video vl

Table 6: Dataset Schema and Key Descriptions

data processing and model optimization. Our en-1126

vironment utilized optimized CUDA libraries with1127

cuBLAS, cuDNN, and other NVIDIA performance1128

libraries to accelerate computations on the GPU.1129

The complete environment configuration is avail-1130

able in our repository for comprehensive repro-1131

ducibility.1132

C.2 Code Declaration1133

This research implementation builds upon the1134

VLKEB framework (Huang et al., 2024a). Our1135

codebase extends the original implementation with1136

modifications to support the methodologies de-1137

scribed in this paper. The original VLKEB project1138

is distributed under the Apache 2.0 license, which1139

permits adaptation and modification with appro-1140

priate attribution. All our modifications maintain1141

compliance with the terms of this license.1142

The primary adaptations to the original frame-1143

work include enhancements to support our video-1144

language model editing methodology, dataset pro-1145

cessing components, and evaluation procedures.1146

The architecture of our implementation preserves1147

the core mechanisms of VLKEB while introduc-1148

ing the novel components necessary for Vid-LLMs1149

editing described in our work.1150

Our code will be made publicly available on1151

GitHub for research purposes.1152

C.3 Parameters for Model Editing1153

This section contains the detailed configuration pa-1154

rameters used in our experiments. We present de-1155

tailed tables corresponding to different model edit- 1156

ing methods and their training/evaluation settings. 1157

The calculation formula for loss is as follows: 1158

losstotal = cedit × lossedit

+ cloc ×
(
losstextloc + lossvideoloc

)
+ iedit × lossvideoedit

(6) 1159

Where cedit, cloc, and iedit respectively adjust 1160

the weights of different metrics. 1161
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Parameter Qwen2.5-VL Qwen3-VL LLaVA-NeXT-Video
Model Size 7B/3B 8B 7B
Base Learning Rate 1e-5 1e-5 5e-7
Edit Learning Rate 1e-2 1e-2 1e-5
Optimizer Adam Adam Adam
Gradient Clip 100.0 100.0 1.0
Batch Size 1 1 1
Sentence Encoder all-mpnet-base-v2 all-mpnet-base-v2 all-mpnet-base-v2
cedit 0.1 0.1 0.1
iedit 0.1 0.1 0.1
cloc 1.0 1.0 1.0

Table 7: SERAC training parameters for Qwen2.5-VL, Qwen3-VL and LLaVA-NeXT-Video models

Parameter Qwen2.5-VL Qwen3-VL LLaVA-NeXT-Video
Model Size 7B/3B 8B 7B
Base Learning Rate 1e-5 1e-5 5e-7
Edit Learning Rate 1e-2 1e-2 1e-5
Batch Size 1 1 1
Evaluation Only True True True

Table 8: SERAC evaluation parameters for Qwen2.5-VL, Qwen3-VL and LLaVA-NeXT-Video models

Parameter Qwen2.5-VL Qwen3-VL LLaVA-NeXT-Video
Model Size 7B/3B 8B 7B
Editing Layers 25-27 25-27 29-31
Base Learning Rate 1e-6 1e-6 5e-7
Edit Learning Rate 1e-4 1e-4 1e-5
Optimizer Adam Adam Adam
Gradient Clip 50.0 50.0 1.0
Batch Size 1 1 1
cedit 0.1 0.1 0.1
iedit 0.1 0.1 0.1
cloc 1.0 1.0 1.0

Table 9: MEND training parameters for Qwen2.5-VL, Qwen3-VL and LLaVA-NeXT-Video models

Parameter Qwen2.5-VL Qwen3-VL LLaVA-NeXT-Video
Model Size 7B/3B 8B 7B
Editing Layers 25-27 25-27 29-31
Base Learning Rate 1e-6 1e-6 5e-7
Edit Learning Rate 1e-4 1e-4 1e-5
Batch Size 1 1 1
Evaluation Only True True True

Table 10: MEND evaluation parameters for Qwen2.5-VL, Qwen3-VL and LLaVA-NeXT-Video models
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Parameter Qwen2.5-VL Qwen3-VL LLaVA-NeXT-Video
Model Size 7B/3B 8B 7B
Editing Layers 27 27 31
Base Learning Rate 1e-6 1e-6 1e-6
Edit Learning Rate 1e-4 1e-4 1e-4
Optimizer Adam Adam Adam
Gradient Clip 100.0 100.0 100.0
Batch Size 1 1 1

Table 11: Fine-Tuning parameters for Qwen2.5-VL, Qwen3-VL and LLaVA-NeXT-Video models

Parameter Qwen2.5-VL Qwen3-VL LLaVA-NeXT-Video
Model Size 7B/3B 8B 7B
k (Context Size) 27 27 27
Sentence Model all-MiniLM-L6-v2 all-MiniLM-L6-v2 all-MiniLM-L6-v2

Table 12: IKE parameters for Qwen2.5-VL, Qwen3-VL and LLaVA-NeXT-Video models

Parameter Qwen2.5-VL Qwen3-VL LLaVA-NeXT-Video
Model Size 7B / 3B 8B 7B
Optimization Steps 25 (7B) / 50 (3B) 25 25
Learning Rate 0.1 0.1 0.1
Weight Decay 0.5 0.5 0.5
KL Factor 0.05 0.05 0.05
Clamp Norm Factor 0.75 0.75 0.75

Table 13: AlphaEdit parameters for Qwen2.5-VL, Qwen3-VL and LLaVA-NeXT-Video models. Note that layers
are selected with a stride of 2.

Parameter Qwen2.5-VL Qwen3-VL LLaVA-NeXT-Video
Model Size 7B / 3B 8B 7B
Optimization Steps 25 25 25
Learning Rate 0.1 0.1 0.1
Weight Decay 0.5 0.5 0.5
KL Factor 0.05 0.05 0.05
Clamp Norm Factor 0.75 0.75 0.75

Table 14: MEMIT parameters for Qwen2.5-VL, Qwen3-VL and LLaVA-NeXT-Video models. Note that layers are
selected with a stride of 2.

18



Figure 7: Eight ways of normal perturbation to videos
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