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the Earth, downwards, to the left side, and then upwards...

Therefore, the most possible answer based on the frames is: | / correct description
"A": Counter-clockwise throughout. X wrong conclusion

2. SOTA Models are Over-ReIiant on Common Sense

: : : : : I
1,484 human-annotated questions applied to 1,417 videos—including 805 Average 84.5 87.2 3.2 593 627 58 615 753 223 79.7 80.0 0.3 28.5 37.83 34.1

self-recorded and generated videos, 398 YouTube videos, and 214
videos from existing datasets

I I
Existing benchmarks do not mandate the video modality. ! Our 3 principles aim to enforce visual temporal reasoning. | Baraitnet T i ///
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" Whlch of the following best describes the content of the video? [ [ Proprietary Multimodal Foundation Models (MFMs) Ut e o
") |A.Cheeseis being spread _[B. Cheese isbeingsliced| Il A higher k value on TOMATO indicates a necessity to reason across multiple frames, and the question | GPT-40 ;t - 3.7 - — :
____ MVBench (Lietal,2024: ~ Il cannot be accurately answered using a single frame. | Gemini 1.5 pro 36.1 —
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"} TempCompass (Liu et al., 2024): 1 | Qwen2-VL-72B D 37.9 between human and
)| | What are the woman athletes doingi_ | Average 70.7 87.2 234 47.1 62.7 333 513 753 47.1 628 80.0 274 209 37.8 81.0 ., Qwen2-VL-7B 31.5 SOTA model performance.
| |A.Cycling B.Swimming |C.Running| D.Dancing { | Video-CCAM-v1.1 14B 30.7
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Why is th ( TR ! | LLaVA-Video-72B 282 | 2 Narrowing gap
| y is the woman preparing ingredients and utensils: ; ) - ) ; ° :
M [A.To make herself a sandwich| B. To cook dinner for her family | | Average  86.0 87.2 15 588 627 6.7 64.0 753 17.6 86.1 80.0 -7.1 228 37.8 66.3 | video-CCAM-v1.1 9B 27 0 between proprietary and
Video ID: qvh val368 ] ) —— 'C. To bake a cake ~ D. To prepare a salad | I InternVideo 2 8B _ 26.4 open-source models.
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‘ ‘ ‘ . . ‘ 4 Closkwise hmughouf] B Acounter-sloskwiss then g ockwias; § Acc(shuffled m frames) + € correct order? 1. SOTA Models Cannot Interpret Frames as a Continuous Sequence
C Counter- clockw1se throughout D. Clockwise then counter-clockwise | |
What directional command is this person trying to convey? _ [I| A higher T value on TOMATO suggests a stronger reliance on the frames_correct order, and the question |
'A. Move to the left _B. Move to the right I} cannot be accurately answered using out-of-order frames. [
s - ) B - C.Movewp |D. Turnaround], § -
| VITATECS MVBench TempCompass ReXTime TOMATO 1 : - : : :
- P P | GPT-40: ... the sequential positions of the moon as it moves from the right side of
Our Benchmark: ¢ TOMAT #Frames 16[S] 16 71 16[S] 16 71 16[S] 16 71 16[S] 16 71 16[S] 16 71 |
I
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3. Frame-Information Disparity

How much does performance

e 6 reasoning types: rotation, direction, velocity & frequency, shape & _ Acc(handpicked 1 frame) — Acc(random-sampled 1 frame) | OroP #1en we ropace e
trend, visual cues, action count P Acc(random-sampled 1 frame) + € random one?
® 3 scenarios: human-centric, real-world, simulated

A lower p value on TOMATO indicates a more even distribution of informativeness across the multiple
frames, and the question cannot be more accurately answered by a handpicked 1 frame compared to a
random 1 frame.

GPT-4o0: ... the object (a cup with liquid) is initially moving downward and then
upward...the object seems to be accelerating as it moves downward due to gravity
and then decelerating as it is caught or swung back up...

Therefore, the most plausible answer based on the frames is:| x wrong description
‘Option D : Accelerating. X wrong conclusion

VITATECS MYVBench TempCompass ReXTime TOMATO (200)
# Frames 1[R] 1[H] p| 1[R] 1[H] p| 1[R] 1[H] p| 1[R] 1[H] pJ 1[R] 1[H] p|

| Average  70.7 86.0 21.6 47.1 58.8 25.0 513 640 249 628 86.1 372 218 228 4.6
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