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Multimodal Language Language Models (MLLMs)
demonstrate the emerging abilities of "world models"---
interpreting and reasoning about complex real-world
dynamics. To assess these abilities, we posit videos are the
ideal medium, as they encapsulate rich representations of
real-world dynamics and causalities.
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Dataset Characteristics

Multi- Multi- Multi-Faceted Reasoning First-Party

senchmarks Discipline  Task Annotation
Explain. Counter. Future. Domain.

MovieQA [57], TVQA [2¢ v v
ActivityNet-QA [71] v
MSVD-QA [6£€], MSRVTT-QA [£7] v
Sports-QA [3! v v v
VaTeX [&1 v v
VALUE |22 v
Video-Bench [1%] v v v
MVBench [34] v v v
Perception Test [32 v v v v
MMWorld (Ours) v v v v v v v
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Q: How many animals appear in the video?
A: Two. There are a horse and a dog

Q: What has been changed in the video? Attribution
A: The bottom drawer has been closed. Temporal  Understanding

Understanding Domain

i Expertise
Q: What is the reason that the lady decides to use the easy frost?
A: Because it has no-fuss frosting.

faceted
Reasoning

Counterfactua
'hinking

Q: What would h
he desktop of

ssible to mount the legs

Q: How do the pulleys move when the hands are off the pulley system?
A: Two static and two moving upward.
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Synthetic Data Generation Pipeline

[ Single Object ASR Module Audio-based QA generation
Manipulation Video
- : : - Transcript Q: Why is the engineer at the
g Video mapping & . _ﬁ . y 9
& filt eri’:lz g " ’)) "Illm' = > | beginning of the video included?
] A: To imply the practical uses of
Atlas in a commercial setting ...
Query | . |
generation Video Key Frames 2 )
|| (10 frames) Visual-based QA generation
| =c (S———
( - - Video : What could the demonstrated
| Assembly ] < ’ summarization performance imply for future
Embodied ,.t"‘ abilities of Atlas?
Tasks ! t-i A: It implies that Atlas can
perform assisting tasks to ...
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Study on MLLM Performance at Different Difficulty Levels
for Average Humans
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i1 Y MLLM accuracy across diverse disciplines

Model Art& Business Science Health& = Embodied Tech& Game Average
Sports Medicine Tasks Engineering g
Random Choice 25.03 25.09 26.44 25.00 26.48 30.92 25.23 26.31
Proprietary MLLMs
GPT-40 (OpenAl, 2024) 47.87 +147 91.14 1087 73.78 1288 83.33 1147 62.94 1347 T5.53 1261 80.32 1205 62.54 1079
Claude-3.5-Sonnet (Anthropic, 2024) 54.58 +045 63.87 +040 59.85 +128 54.51 +128 30.99 040 58.87 +oa 59.44 1068 54.54 +029
GPT-4V (OpenAl, 2023b) 36.17 +o0ss 81.59 +174 66.52 186 73.61 +o49 55.48 270 61.35 +1.00 73.49 +197 52.30 +0.49
Gemini Pro (Team et al., 2023) 37.12 +268 76.69 +216 62.81 +183 76.74 +130 43.59 +033  69.86 +2.01 66.27 +260 51.02 +135
Open-source MLLMs

Video-LLaVA-7B (Lin et al., 2023a) 35.91 +096 51.28 +087 56.30 +076 32.64 +049 63.17 +144 58.16 +1.00  49.00 +316 44.60 +o58
Video-Chat-7B (Li et al., 2023c) 39.53 1006 51.05 +ooo 30.81 +021 46.18 +o49 40.56 +0s57 39.36 +o.0o 44 98 1057 40.11 +o.06
ChatUnivi-7B (Jin et al., 2023) 24.47 +049 60.84 +151 52.00 +073 61.11 +196 46.15 +206 56.74 +133  52.61 +284 39.47 +0.42
mPLUG-Owl-7B (Ye et al., 2023) 29.16 +162 64.10 +184 47.41 1329 60.07 £130 23.78 1347 41.84 1509 62.25 4316 38.94 1152
Video-ChatGPT-7B (Maaz et al., 2024) 26.84 +069 39.16 +302 36.45 +131 53.12 1000 36.60 +325 41.49 +174  36.55 +227 33.27 +o97
PandaGPT-7B (Su et al., 2023) 25.33 1054 42.66 1302 39.41 1267 38.54 +307 3543 t087 41.84 +279  40.16 +a65 32.48 +o4s
ImageBind-LLM-7B (Han et al., 2023) 24.82 +o16 42.66 +099 32.15 +111 30.21 +147 46.85 +114 4149 1150  41.37 +os7 31.75 +o.u4
X-Instruct-BLIP-7B (Panagopoulou et al., 2023} 21.08 +o027 15.85 +o087 22.52 +1.11 28.47 to49 18.41 +144  22.34 tos7 26.10 +os7 21.36 +o.s
LWM-1M-JAX (Liu et al., 2024b) 12.04 +o053 17.48 +057 15.41 +091 20.49 +o9s 25.87 +198 21.99 +2.19 11.65 4301 15.39 +o3
Otter-7B (Li et al., 2023a) 17.12 +117 18.65 +087 9.33 1036 6.94 1098 13.29 +151 15.96 +1.74 15.26 +o057 14.99 +o077
Video-LLaMA-2-13B (Zhang et al., 2023a) 6.15 044 21.21 +o066 22.22 +145 31.25 +170 15.38 +1.14 19.15 £174 24.90 1593 14.03 o029
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<1 1 Conclusions and Future Works

o Our MMWorld Benchmark represents a significant step forward in
the quest for advanced multi-modal language models capable of
understanding complex video content.

« By presenting a diverse array of videos across seven disciplines,
accompanied by questions that challenge models to demonstrate
explanation, counterfactual thinking, future prediction, and domain
expertise, we have created a rigorous testing ground for the next
generation of Al.
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