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Video LLMs
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Video LLMs

Short videos, short captions — can they tell the
whole story?

Figure: Video example of MSR-VTT, which is a widely used
video question answering and captioning benchmark.
Labeled caption: Teams are playing soccer.




Long-form Video
Understanding
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‘ Why we need long-form video understans

Temporal Complexity and Granularity, Narrative
Comprehension, Real-World Applications,etc

What are the current challenges?

Efficiency, Training Data, etc

. Can we do that with current LMMs?

Yes! We found that the LMMs trained on
images and short videos can be adapted to
long-form video tasks even without further
fine-tuning.



MovieChat

First ever video understanding system that can take over 10,000 frames as

read in
[ @
lread out

What is the main character doing in He first comfort the children in the house... then go to
the video? Describe their actions in the supermarket to buy things for them... This might
chronological order. be in a war-torn area...

input.

Long-form Video
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full read in
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MovieChat
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ovieChat+
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MovieChat+

Question  'What transportation will the four protagonists use for the mission?
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Video
Frames
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Memory frames frames frames frames frames frames frames

Figure: Question-aware memory selection in MovieChat+



MovieChat+

—MovieChat (21.3KB/f) —Video-LLaMA (187MB/f)
—VideoChat (227MB/f) —VideoChatGPT (25.6MB/f)
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Figure: Video random-access memory (VRAM) cost under gigabyte (GB) (y-
axis) v.s. frame number (x-axis) comparison.



MovieChat-1K

Benchmark Labels | #Eval Videos | #Eval QAs | Avg Duration (s) | Released Date
MSVD-QA [5] Auto 520 13,157 10 2011
MSRVTT-QA [6] Auto 2,990 72,821 15 2017
ActivityNet-QA [7] | Human 800 8,000 180 2019
NeXT-QA [8] Human 1,000 8,564 44 2021
MovieChat-1K (3] | Human 130 1,950 564 2023.7
EgoSchema [9] Auto 5,031 5,031 180 2023.8
MVBench [10] Auto 4,000 4,000 16 2023.11
LongVideoBench [11] | Human 3,763 6,678 473 2024.7

Table: The popular benchmarks for video question answering.



MovieChat

Method MSVD-QA MSRVTT-QA ActivityNet-QA NExT-QA
Acc. Sco. Acc. Sco. Acc. Sco. Acc. Sco.
FrozenBiLM 2.2 — 16.8 — 24.7 — — —
VideoChat 56.3 2.8 45.0 2.5 26.5 2.2 56.6 3.2
LLaMA Adapter 54.9 3.1 43.8 2.7 34.2 2.7 — —
VideoLLaMA 51.6 2.5 29.6 1.8 12.4 1.1 — —
Video-ChatGPT 64.9 3.3 49.3 2.8 35.2 2.7 54.6 3.2
MovieChat 75.2 3.8 52.7 2.6 45.7 3.4 49.9 2.7
MovieChat+ 76.5 3.9 53.9 2.7 48.1 3.4 54.8 3.0

Table: Quantitative evaluation for short video question answering.



MovieChat

Global Mod Breakpoint Mod
Method Text Decoder # Frames ond” ot s ofc

Acc. Sco. Acc. Sco.
GIT non-LLM based 6 28.8 1.83 29.2 1.98
mPLUG-2 non-LLM based 8 31.7 2.13 30.8 1.83
VideoChat LLM based 32 57.8 3.00 46.1 2.29
VideoLLaMA LLM based 32 51.7 2.67 390.1 2.04
Video-ChatGPT LLM based 100 47 .6 2.55 48.0 2.45
MovieChat LLM based 2048 62.3 3.23 48.3 2.57
MovieChat+ LLM based 2048 71.2 3.51 49.6 2.62

Table: Quantitative evaluation for long video question answering on
MovieChat-1K test set.



Video LLMs

Short videos, short captions — can they tell the
whole story?

Figure: Video example of MSR-VTT, which is a widely used
video question answering and captioning benchmark.
Labeled caption: Teams are playing soccer.




Video Detailed Captioning

AuroraCap: Efficient, Performant Video
Detailed Captioning and a New _
Benchmark -

AuroraCap

ICLR 2025




VDC

Dataset Theme # Video # Clip # Caption # Word # Vocab. Ave. Length
MSVD 1,970 1,970 70,028 607,339 13,010 8.67
MSR-VTT Open 7,180 10,000 200,000 1,856,523 29,316 0.28
ActivityNet 20,000 100,000 100,000 1,340,000 15,564 13.40
S-MiT 515,912 515,912 515,912 5,618,064 50,570 10.89
M-VAD Movie 02 48,986 55,905 519,933 18,269 9.30
MPII-MD 04 68,337 68,375 653,467 24,549 9.56
Youcook?2 Cooking 2,000 15,400 15,400 121,418 2.583 7.88
Charades Human 0,848 10,000 27,380 607,339 13,000 22.18
VATEX 41,300 41,300 413,000 4994,768 44,103 12.09
VDC (ours)  Open 1,027 1,027 1,027 515,441 20,419 500.91

Table: Benchmark comparison for video captioning task. Ave. Length

indicates the average number of words per caption.



VDC

90/ Short Caption: Ave. Length = 26.5

i Background Caption: Ave. Length = 80.4
o Main Object Caption: Ave. Length = 90.4
o 3 Camera Caption: Ave. Length = 86.6
& Detailed Caption: Ave. Length = 500.9
O |
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Figure: Distribution of structured caption length.



VDC

First ever evaluation system for detailed video captioning.

GT caption

The video showcases an
exhilarating moment as a
snowboarder soars through the
air, executing a stunning trick.
Dressed in a bold red and white
jacket, black pants, and a
protective helmet. The backdrop
to this action-packed scene is a
breathtaking snowy mountain
landscape. The mountain's peak
isvisible in the distance. The
overall composition of the video
suggests a high-speed descent
down the mountain ...

(Wraise

—

(2)get

Who is the main character of this
video?

Snowboarder

Q (5)check

Snowboarder

Who is the main character of this
video?

red and white

e (5)check

red and black

(3ask

generated caption

The video captures a thrilling
moment of a shnowboarder in
mid-air, performing an
impressive trick. The
snowboarder, clad in a vibrant
red and black jacket, black
pants, and a protective helmet.
The snowboarderis holding onto
a rope with one hand, suggesting
that they are being pulled up the
mountain by a snhowmobile, a
common practice in
snowboarding to gain speed and
momentum ...



AuroraCap

5% tokens but 90% performace.

Accuracy on GQA
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uroraCap
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Figure: Comparison between various models with different number of
visual tokens input on VDC.



Efficient Video Understanding

10| —@— LongVA |
Auroralong: Bringing RNNs Back to - f\limffi/CLazp
ntern
Efficient Open-Ended Video 0 Lo =an
|
Understanding —100{ " MovieChat
o Auroralong(ours)
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Auroralong

What can we do with Linear RNN-based LLMs?

Standard causal attention

t T
exp(q; kj) T
O = E vi = O =softmax(QK  + log M)V
= Y exp(al ky)

Approximate by removing softmax and denominator
t
T T
Ot%Z(qt kj)Vj = O=(QK oM)V
j=1
Rewriting as a linear recurrent form

t

Ot = Z lng-T gt = Stqt, St =St-1+ Vtk;r
j=1



AuroralLong

_,[ Vision Encoder J

v
Instructions [ Projection ]
\ \

Sandwich Prompting Strategy

instruction tokens  <image> tokens  instruction tokens

| Linear RNNLLM  |—  TextOutputs

Figure: We explore reordered visual token merge and apply sandwich
prompting strategy on the Linear RNN LLM.



AuroralLong

Models Input CTX Size MLVU MovieChat-1K

AVG AR ER A0 AC TR NQA PQA | Global Break

o Auroralong(ours) 1.6B

GPT4-0 0.5fps - - | 545 688 478 462 350 837 429 571 | - - g -
LLAMA-VID [76] 1fps 4k 7B | 181 231 113 186 150 209 217 160 | 517  39.1 10 - InternVL-1.5 2B
mPLUG-Ow1-V [145] 16frm 4k 7B | 167 154 132 143 200 253 67 220 | 629 441 R
Video-ChatGPT [91] 16frm 2k 7B | 212 179 321 171 133 176 283 220 | 476 480 0
MovieChat [113] 2048frm 4k 7B | 165 103 151 17.1 150 187 233 160 | 623 483 E 8
Video-LLAVA [91] g§fim 4k 7B | 30.1 385 264 200 217 703 133 260 | 552  53. == 8.13x
LLaVA-NeXT [83] 16frmm 8k 7B | 27.1 179 264 214 167 637 133 300 | 458 552 3 & faster
ShareGPT4Video [17] 16frm 8k 8B | 342 256 453 171 83 736 317 380 | 69.0 609 c
InternVL-1.5 [25] 16frm 8k 26B | 37.9 513 245 143 133 802 400 420 | 577 611 =
LongVA [157] 256 frm 224k 7B | 421 410 396 171 233 813 467 460 | 559 565 = 4y
VILA-1.5 [78] 14frm 276k 40B | 462 564 358 343 117 847 383 620 | 572  60.1
Video-XL [110] 256frm 132k 7B | 463 282 415 486 317 780 500 460 | - - 2 \
LLaVA-OneVision* [65] ~ 32frm 132k 05B | 503 585 524 286 309 670 333 428 | - -
Qwen2-VL* [128] 32frm 132k 2B | 487 547 476 309 286 738 404 605 | - -
InternVL2* [24] 32frm 200k 2B | 482 574 571 357 334 667 285 500 | - . E=04 b 15 95 20 80 53 » 55 45 63 63 52 B5 €6
AURORALONG (ours)  48frm 4k 2B | 527 595 57 332 429 690 452 619 | 840  64.0 Input Frames
Table: Evaluation on video question-answering and video captioning tasks Figure: Auroralong requires less computation and

across different video length. provides lower latency.



Lecture Video Understanding

Can video LLMs really understand real-

world lectures?

NOT YET.

ICCV Findings

Multi-Discipline Video Lecture
Mathematics

N A A SAW
L‘?ﬁ. ‘E. | la lal i
{2} Physics
.3 f X 27 f f L
% Chemistry
structural isomers sterecisomers chirality label all the chiral centers
JiEy e Br i Be Br

chieal conber/stereccenter /sbereopenic center

these molecules
are mirror images

mobecules with the same molecular
formula but differing connectivity

a molecule that ks not superposable
on its mirror image s called chira

268

LMMs

{7} Review Notes

= The video features a person in a room with beige walls and white trim, wearing a dark cap.
The background includes a door and some furniture. Initially, the person begins to write
mathematical expressions en the right side of the screen, starting with [2x) * (2x + 2) *
2x+4)* (2x+ 6] = 13440". As the explanation progresses, more terms are added...

Perception Question 1:

In the description, where is the mathematical content positioned in the frame? ﬁ%

Y

g The mathematical content is positioned on the right side of the screen.

The answer is ‘On the right side’. @
Perception Question 15:
In the description, how is the original problem written algebraically? @

g (2%) * (2% + 2) * (2x + 4) * (2x + 6) = 13440 e

The answer is ‘(x)(x+2)(x+4)(x+8) = 13440",

] -
=) Take Quiz
Why is sp* hybridization important in chirality? @
E sp* hybridization allows for the formation of four different groups
attached to a carbon atom, which is a requirement for chirality.

The answer is ‘It creates the tetrahedral geometry necessary for three-dimensional @
arrangements that can result in chirality’.

Reasoning Question 1:

Reasuning QUESUEII"I 15: What makes a carbon atom a chiral center?® @

"g A chiral center is an sp?® hybridized carbon bonded to four different groups,

= : L ’ |
forming non-superimposable mirror images.

The answer is "When it is connected to four different groups’. @



Video-MMLU

Video-MMLU pushes LMMs to the limits

g : Caption Question-answerin
Dataset henie *Yideo #ave. Duration(s) Number # Word P# Vocab. Ave. Length | Number Type 5
MovieChat-1K [ | ] Movie 1,000 564 1,000 121,077 102,988 121 13,000 Open-ended
MMWorld [0 1] Professional 1,910 107 1,910 - - 66 6,627 Multiple-choice
MLVU [1/6] Open 1,730 930 247 - - - 3,102 Multiple-choice
MVBench [ ] Open 4,000 16 X 4,000 Multiple-choice
LongVideoBench [ "] Open 3,763 473 X 6,678 Multiple-choice
TempCompass [ ] Open 410 < 30 X 7,540 Multiple-choice
Video-MMMU [7] Professional 300 506 X 900 Multiple-choice
VATEX [127] Open 41,250 10 41,250 4,994,768 44,103 15 X
VDC[21] Open 1,027 28 1,027 515,441 20,419 501 X
LongCaptioning [ =] Open 10,000 93 10,000 - = 1,198 X
Video-MMLU (ours) Professional 1,065 109 1,065 520,679 27,613 489 15,746 Open-ended

Table: Benchmark comparison for video understanding tasks.



Video-MMLU

* 3 Proprietary Models ﬁg/ How the base LLMs influence
/8 Open-Source LMMs performance 2
* 6 Vision-Blind Baselines
* 9 Vision Token Compression Models ﬁa/ How the vision token
¢ influence performance ?

e 4 Omni Models



Video Detailed Captioning Performance

How the base LLMs influence performance ?

Finding 1. Large scale LMMs do not show clear advantages over smaller ones.

Video-MMLU

Although LMM scaling laws suggest significant performance improvements with increased model size, this trend is less pronounced in Video-MMLU.
Model size shows a stronger correlation with performance in video QA compared to video captioning, implying reasoning benefits more from scaling.
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Video-MMLU

Can LMMs with visual token compression sustain strong performance in complex, context-rich lecture
understanding tasks like Video-MMLU?
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Efficient Video Understanding
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Efficient Video Understanding
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VideoNSA

Do learned sparse attention weights remain beneficial in dense attention settings?

Table 3: Ablation study on transferring sparse attention weights to dense attention across tasks.

Model Long Video Understanding Temporal Reasoning Spatial Understanding
LongVideoBench MLVUr7p.,;  TimeScope LongTimeScope Tomato VSIBench
Qwen2.5-VL-7B 58.7 51.2 81.0 40.7 22.6 29.7
Dense-SFT 57.8 (-1.5%) 512 (+0.0%) 76.8 (-52%) 40.2 (-1.2%) 21.7 (-4.0%) 30.6 (+2.1%)
Dense-NSA 56.1 (-4.4%) 51.6 (+0.8%) 83.0 (+2.5%) 40.9 (+0.5%) 23.4 (+3.5%) 33.1 (+10.7%)

VideoNSA 394 (+1.1%) S1.8 (+1.2%) 82.7 (+2.1%) 44.4 (+9.1%) 26.2 (+15.9%) 36.1 (+20.3%)




VideoNSA

How far can VideoNSA scale in context length?
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VideoNSA

How to allocate the attention budget?

14.49

Training Setting
7.2%

¥
o O @O
C()) .3.6%O

1.8% O

-50.0

- 49.5

25 26 57 28 29 510 511
Sliding Window (log2 scale)

(a) Attention Scaling of MLVU

-52.0
-51.5
-51.0

- 505

35UPWIIOLIS

Block Count
M w =y (%3] (=31 | [e2]
o (=] (=] (=] o

=
o o

o

o

O

7.2%
Training Setting

O O . O36°/ O

O

1.8%
o

25 26 27 28 29 210 211
Sliding Window (log2 scale)

(c) Attention Scaling of Tomato

-25.25

o~ o0
o O o

Block Count
[u¥]
e

=
o o

w B wu
o o o

@

7.2%
Training Setting

@ @ @0 ¢
3.6%0
I O

1.8%

T T
rJ
(=]

)
o
=]

%)
=9
2JUPWI0JIBd

T
[
L8]

25 26 57 28 29 510 211
Sliding Window (log2 scale)

(d) Attention Scaling of VSIBench

T 1
LV VY R VTR WY}
[T L ]



VideoNSA

What roles do compression, selection, and sliding-window gates play in VideoNSA?

NSA Gate Value Distributions Across Layers
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What roles do compression, selection, and sliding-window gates play in VideoNSA?
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Key Attention

VideoNSA

Do learnable sparse mechanisms induce dynamic attention sinks?
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Research Interest

Long-context Encoding

How an Al system can perceive and understand extremely long multimodal contexts, such as an
entire day of human activity or the full history of a project.
Currently we do compression, selection and sliding window. What is Next?

How we process the conflict between training time and test time?
Long-context Decoding

How an Al system should evolve its internal state over time to generate coherent long-horizon

multimodal trajectories ?

2. Why do models drift or contradict themselves even with sufficient context?

How to generate effective long-context multimodal outputs ?

Reliable Evaluation

How can we design reliable and persistent evaluation metrics for vision and multimodal models,

analogous to perplexity (PPL) in NLP?
How can we build dynamic benchmarks that evolve over time to prevent memorization and

overfitting to static test sets?




Graduate Plan

1.Research Direction
* Try research on long-context generation during the PhD.
2.Research Output
 Aim to submit 1-2 papers per year during the PhD.
e Start writing blogs to organize research thoughts and findings.
3.0pen-source Project
e Build a large open-source project, such as a training or evaluation
framework, to support long-context research and reproducible experiments.
4.Internships
* |everage industry resources to work on real and meaningful problems, and
use these experiences to clarify what | want to work on next




Questions

. After my first year in the PhD program, when you look back, what concrete outcomes

or progress would make you feel that admitting me was the right decision?

. In your view, what kinds of research questions or work can only or best be done in
academia? And how do you see the current trend of PhD students leaving academia
for industry roles?

. Are there kinds of work that you generally discourage students from doing? Is that
more about problem choice, methodology, or how the work is framed?

. Computing Recourse

. Funding

. Graduation requirements / Advise Style



THANK YOU
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