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Introduction

m Motivation

 Mismatch between rich semantic and temporal video content and brief
captions in existing data

The hotel room has a beautiful view of the eiffel tower and breakfast is set up on the table.

In the video, a woman is sitting at a table indoors. She is alone at the table and
there are no visible objects on the table. The woman appears to be sitting still and there is no visible
movement outside the window. There are no other people in the room and no visible decoration or
artwork on the walls. The room is well lit and there are no plants or flowers present.
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m Challenges
« Inter-frame precise temporal change understanding
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Multi-frame with Timestamps Caption: The video maintains a concentrated focus on food preparation
from slicing and chopping to blending and dressing, ending with the assembly of a vibrant and texturally
diverse salad.In the video, a man with tattooed forearms meticulously prepares a salad in a well-equipped
kitchen. He begins by slicing a cucumber, then moves on to cutting a red onion, chopping garlic, and slicing
a green, leafy herb. Throughout these tasks, the tomatoes, cucumber slices, and chopped onions remain
neatly arranged, highlighting his organized approach.

After completing the chopping, he arranges the ingredients on a cutting board and transitions to combining
them in a large glass bowl. He mixes the ingredients together to ensure an even distribution of flavors
before preparing the salad dressing. He pours olive oil into a smaller bowl, adds lemon juice, mustard,
black pepper and powder resembling salt, and then whisk vigorously for an emulsified consistency.

Returning to chopping, he prepares a shallot or red onion next to the oil-mustard mixture. Finally, he adds
croutons from a metal bowl into the salad, signaling the completion of the preparation process.

Throughout the video, the kitchen setting remains consistent as the man focuses on crafting a meticulous
and flavorful dish. The video maintains a concentrated focus on the food preparation, from slicing and
chopping to blending and dressing, ultimately resulting in the assembly of a vibrant and texturally diverse
salad.

Temporal Mismatch @
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m Challenges

* Intra-frame detailed content description

age‘G‘rid

Image Grid Caption: The video depicts a detailed salad preparation
process by a man with tattooed forearms in a well-equipped kitchen.
He begins by slicing a cucumber on a cutting board, then chopping
garlic. Each ingredient remains separate during preparation,
highlighting an organized approach.

Afterward, he arranges the ingredients in a large glass bowl and
mixes them together evenly. He then prepares a salad dressing by
combining olive oil, lemon juice and whisking vigorously for an
emulsified consistency.

Lastly, he adds croutons from a metal bowl to the salad, indicating the
final step. Throughout the process, the kitchen setting remains
consistent, with the man's actions focused on creating a meticulous
and flavorful dish. The video maintains a concentrated focus on food
preparation from slicing and chopping to blending and dressing,
ending with the assembly of a vibrant and texturally diverse salad.

Description Omission @



Methodology

« Semantic-Based Data Filtering
« Semantic-aware Key-frame Extraction
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Experiments

« Analysis of the ShareGPT4Video dataset
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Experiments

* Video Understanding

Table 3: Comparison with SOTA methods on TempCompass. With 7B parameters, ShareGPT4Video-8B
outperforms competitors in 19 out of 20 dimensions, despite these competitors using larger training data or more
parameters. The best results are bold and the second-best results are underlined.

Table 1: The gain from high-quality captions is universal
among model architectures and scales. We report the baseline
based on their public checkpoints. The best results are bold.

| Multi-Choice QA | Yes/No QA | Caption Matching ‘ Caption Generation | Ave
Model | VideoBench MVBench TempCompass|Avg. Model | Ac DI SP EV AT |AC DI SP EV AT |AC DI SP EV AT |AC DI SP EV AT |
VideoLLaVA-7B [40] 34.5 43.0 50.6 42.7 Valley-7B [47] 470 293 325 189 299|581 520 525 503 529|650 538 526 53.0 53.8|54.0 31.0 327 342 414|334
VideoLLaVA-7B+Ours 35.2 43.6 527 43.8 PandaGPT-13B [14] 355 278 293 31.8 309|530 496 508 53.7 522|56.6 514 443 550 490|237 257 260 298 32.6|404
_ VideoLLaMA-13B [83] | 54.1 245 281 328 285|68.1 460 488 51.8 509|731 474 47.1 520 483|543 213 139 385 339|433
LLaMA-VID-7B [38] 36.5 41.3 48.1 42.0 VideoChatGPT-7B [50] | 47.0 31.6 284 37.1 309|525 500 495 51.0 50.0|64.6 486 47.8 493 486|409 284 245 318 339|424
LLaMA-VID-7B+OQurs 38.2 43.2 50.6 44.0 mPLUG-Owl-7B [76] | 66.6 293 322 348 354|644 506 51.2 513 520|569 453 464 493 490|465 282 304 312 365|445
VideoLLaVA-7B [36] | 704 322 382 414 399|743 518 503 492 51.1|882 538 6L9 57.0 583|508 287 232 382 336|499
LLaMA-VID-13B [38] 48.3 433 514 47.7 — = == — = == —
LLaMA-VID-7B [38 58.6 299 293 30.5 260|630 488 492 484 527|727 456 522 49.0 490|530 280 219 355 359|442

LLaMA-VID-13B+Ours| ~ 52.4 442 533 [50.0 . 38

ShareGPT4Video-8B |87.6 346 475 629 64.2 | 75.2 538 58.6 66.5 65.6

93.3 58.1 58.8 750 753 ‘ 79.8 32.6 36.6 50.8 53.4 | 61.5

Table 4: Comparison with SOTA methods on VideoBench. * denotes our evaluation results with the public
checkpoints. The best results are bold and the second-best results are underlined.

Table 2: Combined with VQA data, detailed captions can benefit

LVLMs more compared to short captions. The baseline (first row) Model | ANet  MSVD  MSRVTT TGIF YC2 UCF MOT TV MV NBA LE DM SQA3D | Avg.
utilizes only 153K VQA data. The best results are in bold. mPLUG-Owl-7B [76] | 415 425 36.3 31.7 271 228 278 240 302 251 333 510 320 | 332
Otter-7B [33] 443 550 47.0 343 327 224 167 277 371 343 528 487 297 | 375

. —— Video-LLaMA-7B [83] | 39.9 412 34.1 313 289 276 167 248 324 262 60.6 491 312 | 328
Caption Unlock ViT | VideoBench MVBench TempCompass|Ave. Valley-7B [47] 381 320 280 314 291 203 111 237 326 313 417 565 333 | 340

_ N 373 472 579 472 VideoChat-7B [35] 446 422 374 337 277 224 278 262 341 286 399 554 314 | 354
PandaGPT-7B [14] 450 504 446 297 330 330 167 279 371 311 417 560 308 | 375

short X 36.9 47.5 56.1 46.8 VideoChatGPT-7B [50] | 466  57.5 463 356 348 241 278 288 365 225 417 582 372 | 385
short v 37.5 47.9 56.9 474 ChatUniVi-7B [29] 490 486 17 413 290 283 167 231 336 257 389 531 291 | 353
detailed x 40.7 50.3 60.7 50.6 VideoLLaVA-TB* [40] | 44.1 345 30.0 394 307 195 222 273 334 256 333 507 389 | 345
detailed v 41.2 51.2 61.5 51.3 LLaMA-VID-7B* [38] | 452  44.5 39.1 291 293 279 111 341 325 289 361 478 368 | 365

ShareGPT4Video-8B |50.8 45.6 43.0 428 346 397 222 319 340 305 41.7 536 42.9 41.2




Experiments

* Video Generation
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| Prompt: A drone camera circles around a beautiful historic church built on a rocky outcropping along the
Amalfi Coast, the view showcases historic and magnificent architectural details and tiered pathways and
patios, waves are seen crashing against the rocks below as the view overlooks the horizon of the coastal
waters and hilly landscapes of the Amalfi Coast Italy, several distant people are seen walking and enjoying
vistas on patios of the dramatic ocean views, the warm glow of the afternoon sun creates a magical and
romantic feeling to the scene, the view is stunning captured with beautiful photography. @

Prompt: The video captures the spectacle of a continuous fireworks show against the backdrop of a starry
night sky. It commences with a burst of vibrant reds, greens, purples, and yellows that paint the heavens
and cast shimmering reflections upon the water below. As the display progresses, the fireworks evolve,
transitioning from the initial array to a focus on radiant oranges, yellows, and fiery reds. These explosions
form captivating clusters at the heart of the sky, ascending in breathtaking formations accompanied by
frailing plumes of smoke, adding a dramatic flourish to the visual narrative. Throughout the duration, the
fireworks maintain their dynamic allure, their patterns and positions evolving to underscore the ongoing
spectacle. Meanwhile, the mirrored reflections on the water's surface faithfully echo the colors and

shapes above, further enhancing the mesmerizing and ever-changing nature of the display. @
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