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Abstract001

Processing video in vision-language models002
is expensive: each frame occupies hundreds003
of tokens, and inference cost scales with ev-004
ery frame and every repeated query. We in-005
troduce VIDEO2LORA, a method for para-006
metric video internalization. A perceiver hy-007
pernetwork reads the intermediate represen-008
tations produced layer-by-layer as a frozen009
VLM encodes a video, and generates a Low-010
Rank Adaptation (LoRA) adapter in a single011
forward pass. Unlike standard LoRA fine-012
tuning, which requires iterative gradient up-013
dates, VIDEO2LORA predicts these weights di-014
rectly from the video. Trained for SmolVLM2015
500M and 2.2B on video summarization and016
captioning, VIDEO2LORA enables the same017
frozen VLM to answer queries from the adapter018
alone, with zero visual tokens in its context019
at query time. VIDEO2LORA is statistically020
non-inferior and equivalent to direct video-021
in-context inference across all five caption-022
ing benchmarks at both model scales, and023
across seven of eight video question answering024
benchmark-scale pairings. Although trained025
only on 12 frames at 384px, it remains sta-026
ble up to 1,024 frames and 1024px, where di-027
rect video-in-context inference often degener-028
ates. Across this sweep, it reduces answer-029
time visual-token load by up to 1,500× and030
query TTFT by 6–80×, while preserving video-031
faithful outputs. We also find that indepen-032
dently generated adapters for non-overlapping033
video segments can compose in rank space, sug-034
gesting a path toward chunked long-video in-035
ternalization.036

1 Introduction037

Video understanding in VLMs is built on a token-038

heavy abstraction: frames are encoded as visual039

tokens and concatenated into the model’s context040

window. Each frame at standard resolution con-041

tributes hundreds of visual tokens (Liu et al., 2024;042

Shang et al., 2025); even short clips of a few dozen043

frames generate tens of thousands of tokens before 044

any text query is added, and memory and latency 045

scale with every frame and every query. Past a 046

capacity threshold, this bottleneck does not pro- 047

duce gracefully degraded outputs: VLMs gener- 048

ate incoherent or repetitive text unrelated to the 049

video (Chen et al., 2025b; Zhang et al., 2024). The 050

context window (the model’s fixed token capacity) 051

is therefore the fundamental bottleneck for video 052

understanding, and it is re-encountered on every 053

query over the same video. 054

Much work aims to fit more video into the con- 055

text window. Frame subsampling (Zhang et al., 056

2023) discards frames to meet a token budget, 057

sacrificing temporal coverage. Visual token com- 058

pression methods (Shang et al., 2025; Li et al., 059

2025) prune or merge spatial tokens before the 060

language backbone, reducing per-frame cost with- 061

out discarding entire frames. Long-context archi- 062

tectures (Chen et al., 2025b; Zhang et al., 2024) 063

scale the context window itself through sequence 064

parallelism and position encoding modifications. 065

Streaming methods (Qian et al., 2024) process 066

video incrementally, maintaining a compact mem- 067

ory buffer in lieu of full context retention. Each 068

approach reduces the burden without resolving it: 069

visual tokens remain in context at query time, ev- 070

ery query re-incurs the encoding overhead, and all 071

approaches eventually encounter the same capacity 072

ceiling. The capacity ceiling is not a constraint to 073

manage: it is a constraint to eliminate. 074

We take a fundamentally different approach. 075

Rather than compressing visual information to fit 076

within the context window, we eliminate it from the 077

query entirely, encoding the video into the model’s 078

parameters before any query is issued. The video is 079

stored as a LoRA adapter (Hu et al., 2022); subse- 080

quent queries are answered by a frozen base model 081

with those adapter weights, with no visual tokens 082

in context. Prior work has shown that feedforward 083

hypernetworks (Ha et al., 2017; Charakorn et al., 084
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2026) can produce LoRA adapters from text doc-085

uments, enabling a frozen LLM to answer queries086

about a document with no text tokens in context.087

Extending this paradigm to video introduces qual-088

itatively harder challenges: the token volume per089

example is orders of magnitude larger, making it-090

erative per-example optimization computationally091

impractical; the compression is cross-modal, re-092

quiring visual semantics to be expressed as pertur-093

bations to a language model’s parameter space; and094

the visual distribution varies along a resolution axis095

with no textual analog.096

Main Result: We introduce VIDEO2LORA, a097

framework for parametrically internalizing videos098

into a frozen vision-language model (VLM). Given099

a video, a perceiver hypernetwork (Jaegle et al.,100

2021) processes the layer-wise hidden states of101

the frozen VLM encoder and generates LoRA102

adapter weights in a single forward pass. The103

generated adapter is then attached to the same104

frozen VLM, enabling it to answer questions about105

the video without requiring visual tokens in the106

context window. During training, both the VLM107

encoder and the answering model remain frozen;108

only the hypernetwork is optimized using cached109

teacher-generated captions and summaries as su-110

pervision. We train and evaluate VIDEO2LORA111

on SmolVLM2 500M and 2.2B (Marafioti et al.,112

2025). Our novel contributions include:113

• First parametric video internalization. A114

Perceiver hypernetwork that converts a video115

into a LoRA adapter in a single forward pass,116

enabling a frozen VLM to answer queries117

with no visual tokens in context. We demon-118

strate feasibility across 2.2B and 500M model119

scales.120

• Strong performance on captioning and121

video question answering. Statistical non-122

inferiority and equivalence to direct video-123

in-context inference across all five caption-124

ing benchmarks at both model scales (Activ-125

ityNet Captions, PLM-RDCap, PLM-RCap,126

VDC, CaReBench) and across seven of eight127

video question answering benchmark-scale128

pairings (NExT-QA, ActivityNet-QA, PLM-129

SGQA, VidCapBench).130

• Efficiency, generalization and emergent131

compositionality. Although trained only on132

12 frames at 384px, VIDEO2LORA remains133

stable up to 1,024 frames and 1024px, where134

direct video-in-context inference often degen- 135

erates. It reduces answer-time visual-token 136

load by up to 1,500× and query TTFT by 137

6–80×, while preserving video-faithful out- 138

puts. Compared to KV caching and token- 139

compression techniques, we show that video 140

internalization via Video2LoRA preserves per- 141

formance across token budgets, is faster to 142

process, and has the lowest time to first token. 143

We further observe that adapters generated 144

independently for non-overlapping video seg- 145

ments can compose in rank space, suggesting 146

a path toward chunked long-video internaliza- 147

tion. 148

2 Related Work 149

2.1 Efficient Video Understanding 150

Most efficient video-understanding methods reduce 151

the number or cost of visual tokens while still keep- 152

ing visual information in the model context. Frame 153

subsampling (Zhang et al., 2023) lowers tempo- 154

ral coverage to fit a token budget; visual-token 155

compression (Shang et al., 2025; Li et al., 2025) 156

prunes or merges spatial tokens; long-context video 157

models (Chen et al., 2025b; Zhang et al., 2024) ex- 158

tend the usable context window; and streaming 159

methods (Qian et al., 2024; Zhang et al., 2023) 160

maintain compact memory across time. These 161

approaches improve scalability, but the language 162

model still conditions on visual tokens at query 163

time. VIDEO2LORA is orthogonal: it converts the 164

video into adapter weights once, then answers later 165

queries without visual tokens in context. 166

2.2 Parametric Knowledge Compression 167

Parameter-efficient methods such as LoRA, pre- 168

fix tuning, and prompt tuning store task infor- 169

mation in small learned updates rather than full 170

model parameters (Hu et al., 2022; Li and Liang, 171

2021; Lester et al., 2021). More recent work 172

moves instance-level context into compact repre- 173

sentations, including gist tokens (Mu et al., 2023), 174

hypernetwork-based editing (Mitchell et al., 2022; 175

Ha et al., 2017), and deep context distillation (Cac- 176

cia et al., 2025). Closest to our setting, Doc-to- 177

LoRA maps text documents into LoRA adapters us- 178

ing a feedforward hypernetwork (Charakorn et al., 179

2026). VIDEO2LORA extends this idea from text 180

to video, where the hypernetwork must compress 181

high-volume visual context into language-model 182

adapter weights and generalize across frame count 183
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Figure 1: VIDEO2LORA overview. Training (left): A frozen VLM encodes the input video into hidden states. The
trainable VIDEO2LORA hypernetwork reads these states and generates LoRA adapter weights in a single forward
pass. The adapter-augmented frozen VLM is trained against teacher-generated targets. Inference (right): Given
a new video, VIDEO2LORA generates the LoRA adapter once. The frozen VLM, augmented with this adapter,
answers arbitrary text queries without visual tokens. Per-query cost is independent of video length.

and resolution.184

3 VIDEO2LORA185

VIDEO2LORA converts a video into a video-186

specific LoRA adapter in a single forward pass.187

A frozen VLM encodes the video into layer-wise188

hidden states, and a trainable Perceiver hypernet-189

work maps these states into LoRA weights. At190

inference time, the generated adapter is attached191

to the frozen answer model, which answers down-192

stream text prompts without receiving any visual193

tokens in its context.194

3.1 Problem Formulation195

Let v denote a video, i an internalization instruc-196

tion, p a downstream text prompt, and y the target197

response. We assume a frozen vision-language en-198

coder E, a frozen answer model F , and a trainable199

hypernetwork Hϕ. The method is defined as:200

C = E(v, i), (1)201

θ(v) = Hϕ(C), (2)202

pϕ(y | p, v) = F (y | p; θ(v)). (3)203

Here, C denotes video-conditioned hidden states204

and θ(v) denotes the generated LoRA adapter. The205

answer model receives the text prompt p and the206

adapter θ(v), but not the video tokens. During207

training, only ϕ is updated; both E and F remain208

frozen.209

3.2 Video Encoder210

We use a frozen SmolVLM2 model (Marafioti et al.,211

2025) as the video encoder. Given a sampled video212

and the internalization instruction, we collect the 213

text-side hidden states from each transformer layer: 214

C = stack(h0,h1, . . . ,hL−1) ∈ RL×S×D, (4) 215

where L is the number of layers, S is the fused 216

sequence length, and D is the hidden dimension. 217

Keeping the layer dimension allows the hypernet- 218

work to generate layer-indexed adapters instead of 219

using a single pooled video vector for all layers. 220

3.3 Perceiver Hypernetwork 221

The hypernetwork maps C into LoRA weights 222

for selected linear modules of the frozen answer 223

model. We use a Perceiver-style resampler archi- 224

tecture (Jaegle et al., 2021). For each layer slice 225

Cℓ ∈ RS×D, an encoder resampler attends from 226

learned latent queries to the video-conditioned hid- 227

den states, producing a fixed-size representation. A 228

decoder resampler then uses one output query for 229

each target module and LoRA rank direction. 230

For batch size B, number of target modules M , 231

rank R, and latent size Z, the hypernetwork output 232

has shape 233

O ∈ RB×L×M×R×Z . (5) 234

A shared projection head maps each rank latent to 235

the two LoRA factors: 236

Aℓ,m ∈ RR×din ,

Bℓ,m ∈ RR×dout .
(6) 237

where ℓ indexes the transformer layer and m in- 238

dexes the target linear module. The generated fac- 239

tors are scaled by learned multipliers, with the A 240

scale initialized to one and the B scale initialized to 241

zero. Thus, the generated adapter initially produces 242

no perturbation to the frozen model. 243
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3.4 Dynamic LoRA Injection244

For a frozen linear layer with weight W ∈245

Rdout×din , we use the standard LoRA factoriza-246

tion (Hu et al., 2022). Under the row-vector imple-247

mentation convention, the frozen layer computes248

xW⊤. The generated adapter adds:249

∆y = s (xA⊤
ℓ,m)Bℓ,m, (7)250

where s is the fixed LoRA scaling factor. The full251

adapted forward pass is:252

y = xW⊤ + s (xA⊤
ℓ,m)Bℓ,m. (8)253

Each example receives its own generated adapter,254

so the LoRA weights are conditioned on the input255

video rather than shared across all videos.256

3.5 Training Objective257

We train the hypernetwork with teacher-forced258

cross-entropy over response tokens:259

L(ϕ) = −
∑
t

log pϕ(yt | y<t, p, θ(v)). (9)260

The answer model receives only the downstream261

text prompt and the generated adapter during this262

loss computation.263

4 Experimental Setup264

4.1 Models and Training265

We evaluate two SmolVLM2 model scales: 500M266

and 2.2B. For each scale, the video encoder and267

answer model are initialized from the same frozen268

backbone. Only the VIDEO2LORA hypernet-269

work is trained. Training uses 12 uniformly sam-270

pled frames at 384px longest-edge resolution (con-271

strained by compute). We apply generated LoRA272

adapters to the MLP down_proj modules with273

rank R = 16. We train on video spans de-274

rived from FineVideo (Farré et al., 2024). The275

span mixture contains single-scene spans, adjacent276

multi-scene spans, and full-video spans, sampled277

in a 60/30/10 ratio. FineVideo metadata is used278

only to define spans; the final training targets are279

cached offline teacher generations from a frozen280

SmolVLM2 teacher conditioned on the sampled281

video frames and downstream prompt. Audio is282

excluded throughout. The hypernetwork is trained283

with teacher-forced cross-entropy over response to-284

kens, while the answer model receives only the text285

prompt and generated adapter. Further details on286

training can be found in the appendix.287

4.2 Evaluation Benchmarks 288

We evaluate captioning on ActivityNet Cap- 289

tions (Krishna et al., 2017), PLM-RDCap (Cho 290

et al., 2025), PLM-RCap (Cho et al., 2025), 291

VDC (Chai et al., 2025), and CaReBench (Xu et al., 292

2025); and video QA on NExT-QA (Xiao et al., 293

2021), ActivityNet-QA (Yu et al., 2019), PLM- 294

SGQA (Cho et al., 2025), and VidCapBench (Chen 295

et al., 2025a). 296

To scale LLM Judge evaluation, we fix the num- 297

ber of samples from each benchmark to 500. VDC 298

and CaReBench use 500 examples per subset/style. 299

VidCapBench has multiple QA pairs correspond- 300

ing to each video, therefore we fixed the number 301

of videos to 100 and obtained 1,523 QA pairs cor- 302

responding to it. For all benchmarks, the direct 303

baseline and VIDEO2LORA use the same videos, 304

prompts, references, frame sampling, and decoding 305

configuration. 306

4.3 Metrics and Statistical Testing 307

We report two quality metrics. First, we compute 308

token-level F1 between the generated output and 309

the reference answer or caption. Second, we use an 310

LLM judge to score output quality on a 1–5 scale, 311

which is linearly rescaled to [0, 1]. We use Qwen3- 312

30B (Yang et al., 2025) as our judge model, with 313

a constrained rubric. Human study on this metric 314

for a subset of 200 examples (100 captioning + 315

100 QA) reveals strong correlation with human 316

judgements, with Spearman ρ = 0.823 for metric 317

fidelity. 318

We estimate 95% confidence intervals using 319

paired bootstrap resampling. For statistical mea- 320

sures, NI (Non-inferiority) and Eq (Equivalence) 321

we use a margin of 0.05 for token-F1 and 0.15 for 322

rescaled judge score. 323

5 Results 324

5.1 Captioning 325

VIDEO2LORA passes both non-inferiority and 326

equivalence on all 10 benchmark–scale combina- 327

tions under the LLM judge and all 10 under token- 328

F1 (Table 1). For SmolVLM 2.2B, VIDEO2LORA 329

recovers 91.9% of the base model’s judge score, 330

while for SmolVLM 500M, it recovers 84.2%. 331

Per-benchmark analysis. Recovery rates at 332

500M span 79–96%, with compact clip-aligned 333

benchmarks (PLM-RCap, PLM-RDCap) easiest 334

to internalize and temporally dense benchmarks 335
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LLM Judge

Benchmark
SmolVLM 500M SmolVLM 2.2B

Base V2L ∆ CI Eq NI Base V2L ∆ CI Eq NI

ActivityNet Captions 0.428 0.356 -0.072 [-0.104, -0.041] Y Y 0.576 0.492 -0.084 [-0.113, -0.057] Y Y
PLM-RDCap 0.308 0.263 -0.045 [-0.069, -0.021] Y Y 0.326 0.316 -0.010 [-0.032, +0.012] Y Y
PLM-RCap 0.252 0.242 -0.011 [-0.031, +0.009] Y Y 0.270 0.287 +0.017 [+0.001, +0.034] Y Y
VDC (aggregate) 0.515 0.406 -0.108 [-0.118, -0.098] Y Y 0.539 0.511 -0.028 [-0.037, -0.019] Y Y
CaReBench 0.334 0.278 -0.056 [-0.067, -0.045] Y Y 0.437 0.369 -0.068 [-0.078, -0.058] Y Y

Average 0.367 0.309 -0.058 [-0.078, -0.039] Y Y 0.430 0.395 -0.035 [-0.052, -0.018] Y Y

Token F1

Benchmark
SmolVLM 500M SmolVLM 2.2B

Base V2L ∆ CI Eq NI Base V2L ∆ CI Eq NI

ActivityNet Captions 0.236 0.243 +0.007 [+0.002, +0.012] Y Y 0.263 0.256 -0.007 [-0.012, -0.002] Y Y
PLM-RDCap 0.189 0.198 +0.009 [+0.005, +0.013] Y Y 0.198 0.207 +0.009 [+0.005, +0.013] Y Y
PLM-RCap 0.177 0.203 +0.026 [+0.021, +0.031] Y Y 0.199 0.204 +0.005 [+0.001, +0.010] Y Y
VDC (aggregate) 0.315 0.288 -0.027 [-0.030, -0.025] Y Y 0.297 0.304 +0.007 [+0.003, +0.010] Y Y
CaReBench 0.295 0.275 -0.020 [-0.023, -0.017] Y Y 0.292 0.279 -0.013 [-0.015, -0.010] Y Y

Average 0.243 0.242 -0.001 [-0.005, +0.003] Y Y 0.250 0.250 +0.000 [-0.004, +0.004] Y Y

Table 1: Comparison of the base model with video and VIDEO2LORA generated adapters, across captioning
benchmarks using LLM Judge scores and Token F1. We report mean scores, the paired difference ∆ (V2L − Base),
95% confidence intervals, and the statistical equivalence (Eq) and non-inferiority (NI) criteria.

Subset
SmolVLM 500M SmolVLM 2.2B

Base V2L (∆) Base V2L (∆)

Short caption 0.629 0.535 (-0.094) 0.556 0.579 (+0.022)

Detailed caption 0.476 0.401 (-0.074) 0.526 0.463 (-0.063)

Camera 0.310 0.131 (-0.178) 0.478 0.392 (-0.085)

Background 0.642 0.523 (-0.117) 0.588 0.606 (+0.018)

Main object 0.517 0.442 (-0.075) 0.546 0.514 (-0.032)

Table 2: VDC results broken down by caption style.

Subset
SmolVLM 500M SmolVLM 2.2B

Base V2L (∆) Base V2L (∆)

Caption 0.418 0.324 (-0.094) 0.465 0.400 (-0.065)

Events 0.201 0.169 (-0.032) 0.340 0.267 (-0.073)

Objects 0.368 0.327 (-0.043) 0.457 0.392 (-0.065)

Spatial caption 0.424 0.329 (-0.095) 0.519 0.426 (-0.094)

Temporal caption 0.260 0.242 (-0.018) 0.404 0.360 (-0.045)

Table 3: CaReBench results broken down by subset.

(VDC, ActivityNet Captions) hardest. Scale nar-336

rows this spread considerably: at 2.2B the floor337

rises to 85% and the ceiling breaks above the base,338

with PLM-RCap surpassing the base outright (CI339

entirely above zero) and PLM-RDCap reaching de-340

facto equivalence (CI straddling zero). The bench-341

marks most sensitive to scale—particularly VDC,342

where the gap contracts fourfold—are those requir-343

ing compression of visually diverse, longer-form344

descriptions; benchmarks with consistently struc-345

tured references recover well at both scales.346

Token F1. Token-F1 provides independent 347

reference-based corroboration: the mean paired 348

delta is −0.001 at 500M and 0.000 at 2.2B. 349

VIDEO2LORA exceeds base on 3 of 5 benchmarks 350

at 500M (ActivityNet Captions +0.007, PLM- 351

RDCap +0.009, PLM-RCap +0.026) and 2 of 5 352

at 2.2B. The PLM-RCap result at 500M is notable: 353

+0.026 (+14.7%; CI [+0.021,+0.031]) with no 354

token-level supervision. 355

5.2 Fine-Grained Captioning 356

Tables 2 and 3 break VDC and CaReBench into 357

caption styles and semantic dimensions. 358

VDC Four of five VDC styles maintain 81–85% 359

recovery at 500M: short (85.1%, ∆ = −0.094), 360

detailed (84.2%, ∆ = −0.074), background 361

(81.5%, ∆ = −0.117), main object (85.5%, ∆ = 362

−0.075). Camera captions are the outlier: At 363

500M, VIDEO2LORA achieves only 42.3% recov- 364

ery (∆ = −0.178; base 0.310, V2L 0.131), as 365

cinematographic attributes—shot framing, view- 366

point, and camera motion—are difficult to encode 367

as weight perturbations at this scale. At 2.2B, 368

VIDEO2LORA recovers 82.0% (∆ = −0.085), 369

a gain of +39.7 pp. VIDEO2LORA recovers 370

82.0% (∆ = −0.085), a gain of +39.7 pp—the 371

largest single-dimension scale improvement in the 372

fine-grained evaluation—This suggests that part 373

of the camera-description gap is capacity-related, 374

although targeted camera-motion supervision or 375

5



LLM Judge

Benchmark
SmolVLM 500M SmolVLM 2.2B

Base V2L ∆ CI Eq NI Base V2L ∆ CI Eq NI

NExT-QA (open) 0.501 0.547 +0.046 [+0.007, +0.084] Y Y 0.597 0.610 +0.013 [-0.022, +0.048] Y Y
ActivityNet-QA 0.524 0.541 +0.016 [-0.031, +0.064] Y Y 0.627 0.531 -0.096 [-0.144, -0.049] Y Y
PLM-SGQA 0.390 0.317 -0.074 [-0.113, -0.034] Y Y 0.493 0.295 -0.198 [-0.236, -0.161] – –
VidCapBench 0.502 0.451 -0.050 [-0.071, -0.030] Y Y 0.551 0.475 -0.076 [-0.096, -0.055] Y Y

Average 0.487 0.460 -0.027 [-0.043, -0.011] Y Y 0.562 0.477 -0.085 [-0.101, -0.069] Y Y

Token F1

Benchmark
SmolVLM 500M SmolVLM 2.2B

Base V2L ∆ CI Eq NI Base V2L ∆ CI Eq NI

NExT-QA (open) 0.129 0.068 -0.061 [-0.076, -0.046] – – 0.140 0.076 -0.063 [-0.079, -0.048] – –
ActivityNet-QA 0.197 0.023 -0.174 [-0.199, -0.149] – – 0.149 0.013 -0.136 [-0.156, -0.117] – –
PLM-SGQA 0.081 0.225 +0.145 [+0.131, +0.158] – Y 0.092 0.203 +0.111 [+0.098, +0.124] – Y
VidCapBench 0.216 0.209 -0.007 [-0.019, +0.004] Y Y 0.196 0.218 +0.022 [+0.010, +0.033] Y Y

Average 0.156 0.131 -0.024 [-0.041, -0.008] Y Y 0.144 0.128 -0.017 [-0.032, -0.002] Y Y

Table 4: Comparison of the base model with video and VIDEO2LORA generated adapters, across video question
answering benchmarks using LLM Judge scores and Token F1. We report mean scores, the paired difference ∆
(V2L − Base), 95% confidence intervals, and the statistical equivalence (Eq) and non-inferiority (NI) criteria.

adaptive rank may still be needed. At 2.2B, two376

styles exceed the base outright: short captions377

(104.1%, ∆ = +0.022) and background (103.1%,378

∆ = +0.018).379

CaReBench Temporal captioning is best-380

recovered at both scales (500M: 93.1%,381

∆ = −0.018; 2.2B: 89.1%, ∆ = −0.045);382

objects follow (500M: 88.9%; 2.2B: 85.8%).383

Holistic captioning and spatial description are384

hardest at 500M (77.5% and 77.6%), but scale385

closes the gap strongly: holistic reaches 86.0%386

(+8.5 pp) and spatial 82.1% (+4.5 pp) at 2.2B.387

The events dimension inverts: recovery falls388

from 84.1% (500M) to 78.5% (2.2B, −5.6 pp)389

as the 2.2B base improves substantially on event390

enumeration (base: 0.201 → 0.340), raising the391

compression target beyond the adapter’s fixed rank.392

393

5.3 Video Question Answering394

VIDEO2LORA is trained exclusively on caption-395

ing; video QA is entirely a zero-shot transfer task.396

The LLM judge passes non-inferiority and equiv-397

alence on 7 of 8 benchmark–scale combinations398

(Table 4).399

Per-benchmark judge analysis. Across the four400

QA benchmarks, VIDEO2LORA matches or ex-401

ceeds the base on two of four at 500M and one of402

four at 2.2B, with NExT-QA being the standout:403

VIDEO2LORA surpasses the base at both scales,404

with the 500M CI lying entirely above zero. The 405

single failure—PLM-SGQA at 2.2B—is instructive 406

rather than representative. The same benchmark 407

passes comfortably at 500M points does not point 408

to a fundamental limitation of parametric QA inter- 409

nalization. 410

Token-F1 and the verbosity effect. Token-F1 di- 411

verges from the judge on short-answer QA. Token- 412

F1 exposes a strong format mismatch on short- 413

answer QA. This does not necessarily imply se- 414

mantic failure, but it shows that captioning-trained 415

Video2LoRA tends to produce more verbose an- 416

swers than the direct baseline. On ActivityNet-QA, 417

VIDEO2LORA token-F1 falls to 12% of base at 418

500M (0.023 vs. 0.197) and 9% at 2.2B (0.013 vs. 419

0.149); on NExT-QA it is 53%—yet both pass the 420

judge test. The base VLM gives short, often one- 421

to-three-word answers; VIDEO2LORA, trained on 422

captioning, generates verbose summaries. Token- 423

F1 is penalised by both the length mismatch and 424

paraphrase variation, while the judge evaluates 425

semantic correctness independently of response 426

length. Two contrasts support this interpretation: 427

PLM-SGQA—with longer, descriptive references— 428

reverses direction entirely (500M: ∆ = +0.145; 429

2.2B: ∆ = +0.111); VidCapBench reaches near- 430

parity (∆ = −0.007 / +0.022). 431

5.4 Frame and Resolution Generalization 432

VIDEO2LORA checkpoints were trained with 433

uniform sampling at 12 frames and 384px res- 434
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Figure 2: Inference efficiency on VidCapBench, comparing the base model and VIDEO2LORA.

224 336 512 1024

8

12

24

48

128

256

512

1024

Fr
am

es

-0.04 -0.04 -0.04 -0.05

-0.04 -0.04 -0.05 -0.05

-0.05 -0.05 -0.05 +0.06

-0.04 -0.04 -0.04 +0.12

-0.03 -0.05 -0.03 +0.13

-0.03 -0.05 -0.04 +0.13

-0.03 -0.05 -0.04 +0.13

-0.03 -0.05 -0.04 +0.13

500M

224 336 512 1024

+0.05 +0.08 +0.03 +0.02

+0.03 +0.04 -0.00 -0.02

+0.00 +0.02 -0.01 +0.22

-0.00 +0.01 +0.17 +0.22

-0.00 +0.00 +0.17 +0.21

-0.00 +0.00 +0.17 +0.21

-0.00 +0.00 +0.17 +0.21

-0.00 +0.00 +0.17 +0.21

2.2B

−0.20

−0.15

−0.10

−0.05

0.00

0.05

0.10

0.15

0.20

Vi
de

o2
Lo

RA
 - 

Ba
se

Resolution

(a) Change in mean Token-F1 from replacing in-context video
tokens with VIDEO2LORA.

224 336 512 1024

8

12

24

48

128

256

512

1024

Fr
am

es

6x 8x 6x 7x

4x 6x 5x 7x

4x 5x 4x 9x

5x 5x 5x 14x

5x 7x 6x 16x

5x 6x 5x 17x

5x 8x 6x 17x

7x 5x 6x 16x

500M

224 336 512 1024

10x 10x 13x 12x

9x 6x 14x 23x

9x 8x 25x 40x

10x 9x 38x 62x

17x 15x 43x 79x

11x 14x 44x 79x

12x 14x 38x 72x

13x 13x 46x 76x

2.2B

101

Ba
se

 T
TF

T 
/ V

id
eo

2L
oR

A 
TT

FT

Resolution

(b) Query-time TTFT speedup of VIDEO2LORA over the
base video-in-context model.

224 336 512 1024

8

12

24

48

128

256

512

1024

Fr
am

es

33x 33x 33x 138x

48x 48x 48x 204x

86x 86x 86x 369x

141x 141x 141x 610x

165x 165x 164x 713x

163x 165x 165x 706x

165x 165x 165x 709x

164x 165x 165x 709x

500M

224 336 512 1024

40x 40x 172x 274x

58x 58x 254x 407x

104x 104x 460x 748x

171x 171x 761x 1272x

200x 200x 893x 1507x

200x 200x 893x 1507x

200x 200x 893x 1507x

200x 200x 893x 1507x

2.2B

102

103

In
pu

t-t
ok

en
 re

du
ct

io
n

Resolution

(c) Input-token reduction achieved by VIDEO2LORA during
answering.

Figure 3: Scaling behavior on VDC background cap-
tioning across frame count and spatial resolution.

olution. We test out-of-distribution scaling435

on VDC background captioning by sweeping436

{8, 12, 24, 48, 128, 256, 512, 1024} frames and437

{224, 336, 512, 1024} resolution for both 500M438

and 2.2B models. We compare video-in-context439

inference with VIDEO2LORA using Token-F1,440

query-time TTFT (Time to First Token), and input-441

token reduction during answering (Fig. 3).442

Despite being trained at a single frame count-443

resolution setting, VIDEO2LORA remains stable444

across the sweep. For 500M, VIDEO2LORA445

is close to the base model overall, with an av-446

erage Token-F1 change of −0.012. At 1024px447
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Figure 4: Efficiency comparison across video-token
budgets. Columns report query TTFT, reusable prepro-
cessing cost, and Token-F1.

and high frame counts, however, VIDEO2LORA 448

outperforms the base model by +0.12 to +0.13 449

Token-F1. This large gain is partly because di- 450

rect video-in-context inference becomes unstable 451

in this regime: the base model often degenerates 452

into repetitive or gibberish generations when sig- 453

nificantly large number of visual tokens are sup- 454

plied. The efficiency gains grow with video scale. 455

VIDEO2LORA reduces query TTFT by a geomet- 456

ric mean of 6.7× for 500M and 20.1× for 2.2B, 457

with maximum speedups of 17.2× and 79.1×, re- 458

spectively (Fig. 3b). This is explained by the to- 459

ken compression in Fig. 3c: VIDEO2LORA re- 460

duces answer-time input tokens by 150× for 500M 461

and 302× for 2.2B on average, reaching 713× and 462

1507× at the largest settings, since it passes zero 463

tokens during inference. 464

5.5 Inference Efficiency 465

VidCapBench is a natural setting for evaluating in- 466

ference efficiency because each video is associated 467

with multiple questions: in our evaluation split, 468

100 videos produce 1,523 total queries, or 15.23 469

questions per video on average. This matches the 470

intended use case of VIDEO2LORA: the video is 471

processed once to produce a video-specific LoRA, 472
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and the adapter is reused for all subsequent ques-473

tions about the same video. Thus, unlike di-474

rect in-context video inference, which repeatedly475

pays the cost of encoding and conditioning on the476

video, VIDEO2LORA pays a one-time setup cost477

and amortizes it over repeated queries. Figure 2478

shows this amortization effect on both the 500M479

and 2.2B backbones. Averaged over all VidCap-480

Bench queries, VIDEO2LORA reduces TTFT from481

6.45s to 0.55s for the 500M model, an 11.75×482

speedup, and from 7.06s to 0.58s for the 2.2B483

model, a 12.11× speedup (Figure 2a). The prefix-484

amortization curve in Figure 2b shows that after485

5 questions, amortized TTFT drops to 1.29s for486

500M and 1.44s for 2.2B; after 10 questions, it487

falls to 0.74s and 0.80s, respectively.488

Figure 4 further studies different video infer-489

ence strategies on 640 samples with varying token490

counts (by doing using a resolution, frame count491

grid). We compare Video2LoRA and the default492

setting with, FrameFusion (Fu et al., 2025) (a to-493

ken compression technique, compression factor 4),494

and KV caching. We also use FrameFusion with495

VIDEO2LORA, to show VIDEO2LORA is compat-496

ible with existing token compression techniques.497

Across token budgets, VIDEO2LORA is the only498

method that provides all three properties needed499

for repeated video querying: (1) query TTFT stays500

nearly constant and low as video tokens grow, (2)501

reusable preparation is competitive or fastest and502

much cheaper than KV caching at scale, and (3)503

output quality remains stable as token count in-504

creases. In contrast, the default baseline, token505

compression results and KV caching scale with506

token counts. Together, these results show that507

VIDEO2LORA converts video conditioning from a508

repeated per-query overhead into a reusable video-509

specific computation.510

5.6 Chunk Composition511

Video2LoRA internalizes a video by generating a512

LoRA adapter from its visual context. Although513

the model is trained to produce adapters for single 514

video contexts, the adapter representation admits a 515

simple test-time composition operation: indepen- 516

dently internalize two temporal chunks of the same 517

video, concatenate the resulting LoRA ranks, and 518

decode from the composed adapter. We evaluate 519

whether this operation produces coherent video- 520

level generations, rather than degenerate text or 521

captions tied to only one chunk. 522

We use the VDC short-caption and detailed- 523

caption subsets, with 100 videos from each subset. 524

Each video is split into two equal temporal halves. 525

We compare two conditions: single-video adapter, 526

where the full video is internalized as one adapter, 527

and composed two-chunk adapter, where the two 528

halves are internalized independently and the result- 529

ing adapters are composed before generation. Both 530

conditions use 12 frames per adapter and the same 531

text prompt. Figure 5 shows the resulting token- 532

F1 score distributions against the VDC reference 533

captions. The composed adapter remains close to 534

the single-video adapter at both model scales. For 535

VIDEO2LORA at 500M, the composed adapter 536

retains 93.1% of the single-video adapter’s mean 537

token-F1, with a mean score of 0.206 compared to 538

0.221. At 2.2B, it retains 86.2%, with a mean score 539

of 0.211 compared to 0.245. 540

6 Conclusion 541

We introduced Video2LoRA, showing that para- 542

metric video internalization is achievable: a Per- 543

ceiver hypernetwork converts a video into a LoRA 544

adapter in a single forward pass, enabling a frozen 545

VLM to answer queries with no visual tokens in 546

context. Trained only on captioning, Video2LoRA 547

is statistically non-inferior and equivalent to direct 548

video-in-context inference across all five caption- 549

ing benchmarks at both 500M and 2.2B scales, 550

and transfers zero-shot to video QA on seven of 551

eight benchmark-scale pairings. It remains stable 552

at 1,024 frames where direct inference degenerates, 553

achieves 6–76× lower query latency with up to 554

1,500× fewer answer-time tokens, and supports 555

rank-space adapter composition for long-video in- 556

ternalization without dedicated training. Across 557

token budgets, VIDEO2LORA uniquely combines 558

near-constant query TTFT, scalable preprocessing 559

costs below KV caching and token compression, 560

and stable output quality at longer contexts. 561
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7 Limitations562

VIDEO2LORA demonstrates that video context563

can be internalized into generated adapter weights,564

enabling text-only querying after a one-time video565

processing step. Our current implementation trains566

a separate hypernetwork for each target VLM567

scale, and we evaluate it on the 500M and 2.2B568

SmolVLM2 backbones. Extending the same frame-569

work to additional VLM families, larger models,570

and shared or scale-transferable hypernetworks is571

an important direction for future work.572

The present training setup uses captioning and573

summarization supervision. This makes transfer574

to video question answering a zero-shot setting,575

where answer style can differ from the direct video-576

in-context baseline. In particular, VIDEO2LORA577

sometimes produces more descriptive answers for578

short-answer QA, which can lower lexical-overlap579

metrics even when the answer is judged seman-580

tically appropriate. Future work can incorporate581

mixed captioning–QA supervision, answer-length582

control, or lightweight calibration for task-specific583

formats.584

Because VIDEO2LORA converts a video into a585

compact adapter, the representation may emphasize586

high-level scene and event information over some587

fine-grained details. This is most relevant for tasks588

requiring precise camera, spatial, or object-level589

distinctions. Adaptive-rank adapters, richer inter-590

nalization objectives, or more targeted supervision591

may improve preservation of these details.592

Finally, our chunk-composition experiment is593

an initial two-chunk test. The result suggests that594

independently generated adapters can be combined595

in rank space, but the current operation does not596

explicitly model temporal order. More structured597

composition mechanisms and audio-visual internal-598

ization remain promising extensions.599
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A LLM Judge Evaluation 744

We use an LLM judge for two purposes: 745

reference-based quality scoring and reference- 746

free output preservation. The judge is 747

Qwen/Qwen3-VL-30B-A3B-Thinking-FP8, served 748

locally with vLLM through an OpenAI-compatible 749

API. For the main reported judge scores, we use 750

text-only judging: the judge receives the task 751

prompt, reference text, and model output, but no 752

video frames. We set temperature to 0, use a maxi- 753

mum of 1024 output tokens for reference-based 754

scoring, and request JSON-formatted outputs. For 755

pure output similarity, we use the same judge with 756

a maximum of 768 output tokens. 757

For reference-based quality, each candidate is 758

scored independently against the reference. The 759

judge is not shown model names. For auxil- 760

iary paired judgments, the direct baseline and 761

VIDEO2LORA outputs are anonymized as Can- 762

didate A and Candidate B, and their order is ran- 763

domized with a fixed seed. These paired judgments 764

are used as an audit and are not the primary metric 765

unless explicitly reported. 766

A.1 Reference-Based Captioning Judge 767

For captioning and description tasks, the judge mea- 768

sures semantic coverage of the reference caption. 769

Extra details that are absent from the reference are 770
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not penalized unless they directly contradict the771

reference.772

Captioning Judge Prompt

Task guidance: This is video caption/reference evalua-
tion. Judge semantic coverage, factual precision, and task
fit.

Prompt: {prompt}
Reference caption: {reference}
Candidate caption: {candidate}

Evaluate only semantic coverage of the reference caption
for the requested caption task. Do not reward or penalize
writing style, fluency, verbosity, or formatting, except
when the candidate is invalid or impossible to understand.
Extra details absent from the reference are not automat-
ically wrong. Record notable extra details separately.
Penalize only direct contradictions or missing reference
facts. A direct contradiction requires that the candidate
and reference cannot both be true.

Coverage scoring rubric: 5 = complete coverage; 4
= mostly complete; 3 = partial; 2 = weak overlap; 1 =
minimal overlap; 0 = unrelated, invalid, nonsensical, or
contradicts the main reference event.

Return only valid JSON with
fields: coverage_score integer 0–5;
coverage_label; covered_reference_facts;
missing_reference_facts;
direct_contradictions; extra_details;
extra_details_type; rationale.

773

A.2 Reference-Based QA Judge774

For QA tasks, the judge first extracts the answer775

implied by the model output and then compares it to776

the reference answer. This avoids over-penalizing777

verbose outputs that contain the correct answer.778

QA Judge Prompt

Task guidance: This is video question answering. Judge
semantic answer correctness. Allow paraphrases and
indirect answers. For yes/no references, infer yes/no
from the candidate if the candidate clearly implies it.

Question: {question}
Reference answer: {reference}
Candidate response: {candidate}

First extract the candidate’s answer to the question, then
compare that extracted answer to the reference. Do not
require the candidate to be concise. A verbose response
can be correct if it contains or clearly gives the answer.
If the candidate describes the same scene but does not
answer the requested attribute, action, location, or count,
score it as low-to-partial rather than correct.

Scoring rubric: 5 = fully correct; 4 = correct main an-
swer with minor missing specificity or harmless extra
detail; 3 = partially correct; 2 = related but does not
clearly answer; 1 = minimal overlap; 0 = contradiction,
different answer, or invalid.

Return only valid JSON with fields:
extracted_answer; score integer 0–5; answer_label;
contains_answer; direct_contradiction;
extra_details_affect_score;

779

missing_key_answer_parts; contradictory_parts;
rationale.

780

B Evaluation Prompts and Task 781

Templates 782

This appendix provides the exact evaluation 783

prompts and task-specific templates used across 784

all the benchmarks in our experiments. 785

B.1 Video Captioning and Description 786

Benchmarks 787

Below are the prompts used to generate descrip- 788

tions for whole videos, clips, and specific features 789

(e.g., spatial layout, temporal progression, and cin- 790

ematography style). 791

ActivityNet Captions

"Describe what is happening in this
video."

792

PLM-RDCap

"Describe what happens in this video."
793

PLM-RCap

"Describe what happens in this video
clip."

794

Video Description Corpus (VDC)

Short Caption:
"Summarize this video in one detailed
sentence."

Detailed Caption:
"Describe this video in detail."

Camera:
"Describe the camera work, framing,
and viewpoint in this video."

Background:
"Describe the background, setting,
and environment in this video."

Main Object:
"Describe the main subject and its
actions in this video."

795

CaReBench
Caption:
"Describe the video in as much useful

796
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visual detail as possible. Include
the main activity, visible people or
objects, scene context, appearance,
and any important visual details that
help explain what is happening."

Events:
"Describe the key visible events in
chronological order. Include all
important actions and changes you
can observe, with enough detail to
distinguish each event clearly."

Objects:
"Describe the important visible
objects and entities in the video in
as much useful detail as possible.
Include their appearance, location,
and role in the scene when visible."

Spatial Caption:
"Describe the spatial layout in
as much useful detail as possible:
where the people, objects, and
scene elements are located, how
they are positioned relative to each
other, and what parts of the scene
are in the foreground, background,
left, right, center, above, or below."

Temporal Caption: "Describe the
temporal progression in as much
useful detail as possible. Explain
what happens over time, the order of
visible actions, and how the scene or
subjects change from the beginning to
the end."

797

B.2 Video Question Answering (QA)798

Benchmarks799

For question answering tasks, templates are struc-800

tured to format the inputs and instructions depend-801

ing on whether choices are provided (offered op-802

tions) or hidden.803

NExT-QA

{question}
Answer only the question, in one sentence.

804

ActivityNet-QA

{question}
Answer only the question, in one sentence.

805

PLM-SGQA

{question}
Answer only the question, in one sentence.

806

VidCapBench

{question}
Answer only the question, in one
sentence.

807

C Rank-Direction Ablation 808

C.1 Setup 809

We test whether different rank directions in a gen- 810

erated LoRA adapter contribute unequally to cap- 811

tioning performance. The ablation is run on 500 812

examples from the ActivityNet Captions evalua- 813

tion split (Krishna et al., 2017), using the 2.2B 814

VIDEO2LORA checkpoint. For each example, we 815

generate the video-conditioned rank-16 adapter and 816

decompose it into rank-slice pairs {(Ar, Br)}16r=1, 817

where Ar ∈ R1×din and Br ∈ R1×dout . Under our 818

row-vector implementation, rank slice r contributes 819

∆yr = s (xA⊤
r )Br. 820

We score each slice by the Frobenius norm product 821

∥Ar∥F · ∥Br∥F . 822

We evaluate four selection strategies across bud- 823

gets k ∈ {1, 2, 4, 8, 16}: 824

• Top-k: retain the k highest-scoring rank 825

slices. 826

• Bottom-k: retain the k lowest-scoring rank 827

slices. 828

• Random-k: retain k randomly selected slices, 829

averaged over 3 seeds. 830

• Remove-Top-k: remove the k highest- 831

scoring slices and retain the remaining 16− k. 832

We report Token-F1 against reference captions with 833

95% bootstrap confidence intervals over examples. 834

C.2 Analysis 835

Table 5 reports the numerical ablation results, and 836

Figure 6 visualizes the same rank-pruning trajecto- 837

ries. 838
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k Top-k Bottom-k Random-k Remove-Top-k

0 (Zero) 0.0561 [.052,.060] 0.0561 0.0561 0.0561
1 0.0894 [.083,.096] 0.0556 [.052,.060] 0.0709 [.068,.074] 0.1317 [.123,.141]

2 0.1097 [.102,.118] 0.0662 [.062,.071] 0.0712 [.069,.074] 0.1277 [.118,.137]

4 0.1196 [.111,.128] 0.0803 [.074,.086] 0.0991 [.095,.103] 0.1275 [.119,.137]

8 0.1264 [.118,.135] 0.1128 [.104,.121] 0.1215 [.117,.126] 0.1128 [.104,.121]

16 (Full) 0.1262 [.117,.136] 0.1262 0.1262 0.0561

Table 5: Token F1 scores under rank-direction ablation on ActivityNet Captions. Brackets denote 95% confidence
intervals. Full Adapter (k = 16) and Zero Adapter (k = 0) serve as upper and lower baselines.

1 2 4 8 16
Number of Kept LoRA Ranks (k)

0.04

0.06

0.08

0.10

0.12

0.14

To
ke

n 
F1

 S
co

re

Top-k (Most Important Ranks)
Bottom-k (Least Important Ranks)
Random-k (Baseline)
Full Adapter (Rank 16)
Zero Adapter (No LoRA)

Figure 6: Rank-direction ablation on ActivityNet Cap-
tions. Top-k rank slices recover performance faster
than random or bottom-k slices, suggesting that the
Frobenius norm product is a useful heuristic for rank im-
portance. The Remove-Top-k curve has a higher point
estimate than the full adapter at small k, but this should
be interpreted cautiously because confidence intervals
overlap.

Rank directions are redundant but not ex-839

changeable. The generated adapters are com-840

pressible along the rank dimension. Retaining the841

top-8 rank slices gives a Token-F1 of 0.1264, close842

to the full rank-16 adapter score of 0.1262. At843

k = 4, the top-k adapter reaches 0.1196, which844

is 94.8% of the full adapter’s absolute Token-F1845

and recovers 90.6% of the improvement over the846

zero-adapter baseline. This suggests that much of847

the useful adaptation is concentrated in a subset of848

rank directions.849

Norm product is a useful heuristic for rank im-850

portance. The Frobenius norm product separates851

useful from less useful directions. At k = 1,852

Top-k reaches 0.0894, while Bottom-k reaches853

0.0556, slightly below the zero-adapter baseline854

of 0.0561. Random-k generally falls between Top-855

k and Bottom-k at matched budgets. Thus, high-856

norm rank slices tend to be more useful, although 857

the norm product should be treated as a heuristic 858

rather than a complete causal explanation. 859

Removing the dominant direction has a higher 860

point estimate. Removing the highest-norm rank 861

slice gives a higher point estimate than the full 862

adapter, increasing Token-F1 from 0.1262 to 863

0.1317. Removing the top four slices also remains 864

close to the full adapter at 0.1275. Since the confi- 865

dence intervals overlap, we treat this as suggestive 866

rather than conclusive. One possible explanation 867

is that the dominant direction captures a generic 868

captioning prior, and removing it shifts generation 869

toward more video-specific directions. 870

Rank ordering is stable across examples. The 871

rank ordering is highly consistent across the 500 872

examples: rank direction R11 is the highest-scoring 873

direction in all examples, while R7 is consistently 874

among the lowest-scoring directions. This sug- 875

gests that the hypernetwork learns a stable output 876

coordinate system for rank directions, rather than 877

assigning importance arbitrarily for each video. 878

D Interpreting Hypernetwork-Generated 879

Adapters 880

D.1 Setup 881

We use two diagnostic interventions to study how 882

generated adapters affect the frozen 2.2B answer 883

model: layer-wise adapter removal and direct 884

logit attribution. The experiments are run on 885

CareBench diagnostic examples, including caption 886

and spatial-caption prompts. 887

888

Each example is scored by teacher-forced 889

log-probability under the frozen answer model 890

with the generated adapter active. Since these diag- 891

nostics use open-ended reference strings, we score 892

each reference string and use the highest-scoring 893
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Figure 7: Layer-wise adapter-removal diagnostic. Left: signed removal effect from zeroing one layer’s generated
LoRA update; negative values indicate that removing the layer lowers the score. Right: Frobenius norm ∥∆W∥F
of generated LoRA weights across layers.
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Figure 8: Direct logit attribution of adapter-induced rep-
resentation shifts projected onto the diagnostic answer
direction across 24 LLM layers. Later layers show the
largest alignment with the answer direction, suggesting
late-layer logit steering.

reference for the diagnostic. Candidate strings may894

contain multiple tokens, so we score a candidate895

string z by length-normalized teacher-forced896

log-probability:897

ℓ(z | p) = 1

|z|

|z|∑
t=1

logP (zt | z<t, p). (10)898

The scalar diagnostic score is therefore899

S = max
r∈R

ℓ(r | p), (11)900

where R is the set of reference strings for the901

example.902

903

For direct logit attribution, we need a direc-904

tion in the output-embedding space. We use the905

mean output embedding of the selected reference 906

tokens and denote the normalized direction by d̂. 907

This gives a single diagnostic direction toward the 908

reference answer/caption. 909

D.2 Layer-Wise Adapter Removal 910

For each transformer layer ℓ, we zero out only the 911

generated LoRA update at that layer and recompute 912

the diagnostic score. We report the signed removal 913

effect 914

Effectℓ = Swithout ℓ − Sfull. (12) 915

Negative values indicate that removing the layer 916

lowers the score, so the layer’s adapter update 917

is useful under this diagnostic. Values near zero 918

indicate little measurable effect from removing 919

that layer. 920

921

Figure 7 shows a mismatch between generated- 922

weight norm and functional effect. Some early 923

layers receive relatively large LoRA updates, but 924

removing them changes the diagnostic score only 925

weakly. In contrast, several later layers produce 926

larger negative removal effects, indicating that 927

their adapter updates matter more for the scored 928

prediction. This suggests that the adapter is not 929

used uniformly across the transformer stack: early 930

updates may shape intermediate representations, 931

while later updates appear more directly connected 932

to the final answer/caption likelihood. 933

934

This also shows that Frobenius norm alone 935

is not a complete measure of adapter importance. 936

Large generated weights can be weakly causal 937

under this intervention, whereas smaller or 938
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comparable later-layer updates can have stronger939

effects on the output score. We therefore interpret940

the result as a norm–function dissociation, not as a941

full causal explanation of the adapter mechanism.942

D.3 Direct Logit Attribution943

We next ask where the adapter-induced represen-944

tation shift becomes aligned with the diagnostic945

target direction. Let946

∆xℓ = xadapterℓ − xbaseℓ947

denote the residual-stream shift at layer ℓ, and let948

∆aℓ and ∆mℓ denote the corresponding attention949

and MLP sublayer shifts. We project these shifts950

onto the diagnostic answer direction:951

DLAℓ = ∆xℓ · d̂,
DLAattn

ℓ = ∆aℓ · d̂,
DLAMLP

ℓ = ∆mℓ · d̂.

(13)952

Figure 8 shows that the adapter-induced shift953

is weakly aligned with the diagnostic direction954

in early and middle layers, but becomes much955

more aligned in later layers. This matches the956

layer-removal result: the adapter’s effect becomes957

most visible close to the output logits.958

959

The sublayer breakdown suggests that both960

attention and MLP components contribute to961

this late-stage steering. Rather than claiming962

that the generated adapter implements a specific963

memory mechanism, we interpret the pattern more964

conservatively: VIDEO2LORA appears to induce965

representation changes throughout the network,966

but the changes most directly aligned with the967

target answer/caption emerge in later layers.968

E Training Details969

Table 6 summarizes the main training configuration970

for the two VIDEO2LORA model scales. In both971

runs, only the hypernetwork parameters are trained;972

the video encoder and answer model remain frozen.973

Both models use rank-16 generated LoRA974

adapters, 12 uniformly sampled frames, a maxi-975

mum video dimension of 384 pixels, Perceiver la-976

tent size 512, learning rate 1× 10−4, warmup ratio977

0.03, and weight decay 0.01. The 500M model978

is trained for 9,000 steps on 4 A100 GPUs for 37979

wall-clock hours, with per-device batch size 48980

and gradient accumulation 2, giving an effective981

batch size of 384. The 2.2B model is trained for982

Setting 500M 2.2B

Training steps 9,000 7,000
GPUs 4×A100 6×A100
Wall-clock training time 37 hours 201 hours
Per-device batch size 48 8
Gradient accumulation steps 2 5
Effective batch size 384 240

LoRA rank 16 16
Sampled frames 12 12
Max video dimension 384 px 384 px
Perceiver latent size 512 512
Learning rate 1× 10−4 1× 10−4

Warmup ratio 0.03 0.03
Weight decay 0.01 0.01

Table 6: Training configuration for the 500M and 2.2B
VIDEO2LORA runs. Wall-clock training time reports
elapsed training time, not total GPU-hours. Effective
batch size is computed as number of GPUs × per-device
batch size × gradient accumulation steps.

7,000 steps on 6 A100 GPUs for 201 wall-clock 983

hours, with per-device batch size 8 and gradient 984

accumulation 5, giving an effective batch size of 985

240. 986

F Additional Results 987

F.1 Distribution Plots 988

Figures 9 and 10 show the LLM-judge score dis- 989

tributions and per-example score differences. Fig- 990

ures 11 and 12 show the corresponding token-F1 991

distributions and differences. 992

F.2 Spider Plots 993

Figures 13 and 14 show the QA and captioning 994

spider plots. 995

G Qualitative Examples 996

Qualitative examples are shown in Figure 15, Fig- 997

ure 16, Figure 17, Figure 18, Figure 19, Figure 20, 998

Figure 21, Figure 22, Figure 24, Figure 25, Fig- 999

ure 26, Figure 27, Figure 28, Figure 29, Figure 30, 1000

Figure 31, Figure 23. 1001

15



0

50

100

150

ActivityNet Captions

500M

0

50

100

150

2.2B

0

100

200

PLM-RDCap

0

100

200

0

100

200

PLM-RCap

0

100

200

0

500

1000

VDC

0

500

1000

0

500

1000

CaReBench

0

500

1000

0

50

100

150

NExT-QA

0

100

200

0

100

200

ActivityNet-QA

0

100

200

0

100

200
PLM-SGQA

0

100

200

0 1 2 3 4 5
LLM judge score

0

200

400

VidCapBench

0 1 2 3 4 5
LLM judge score

0

200

400

Base Video2LoRA

Figure 9: LLM-judge score distributions for the direct baseline and VIDEO2LORA.
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Figure 15: Qualitative examples from ActivityNet Captions.
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Figure 16: Qualitative examples from ActivityNetQA.
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Figure 17: Qualitative examples from CaReBench: Caption.

24



Figure 18: Qualitative examples from CaReBench: Events.
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Figure 19: Qualitative examples from CaReBench: Objects.
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Figure 20: Qualitative examples from CaReBench: Spatial Caption.
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Figure 21: Qualitative examples from CaReBench: Temporal Caption.
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Figure 22: Qualitative examples from NExT-QA.
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Figure 23: Qualitative examples from VidCapBench.
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Figure 24: Qualitative examples from PLM SGQA.
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Figure 25: Qualitative examples from RCAP.
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Figure 26: Qualitative examples from RDCAP.
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Figure 27: Qualitative examples from VDC Background.
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Figure 28: Qualitative examples from VDC Camera.
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Figure 29: Qualitative examples from VDC Detailed.
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Figure 30: Qualitative examples from VDC Main Object.
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Figure 31: Qualitative examples from VDC Short.
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