Cambrian-S

Cambrian-S: Towards Spatial Supersensing in Video

Shusheng Yang!*  Jihan Yang!*  Pinzhi Huang!?  Ellis Brown!"  Zihao Yang!
Yue Yu! Shengbang Tong® Zihan Zheng! Yifan Xu! Muhan Wang! Daohan Lu!

Rob Fergus! YannLeCun! LiFei-Fei’ Saining Xie!

! New York University 2 Stanford University

Cambrian-S
Towards Spatial Supersensing in Video

Position: We argue that advancing toward true multimodal intelligence requires a shift
@ from language-centric perception toward spatial supersensing: the capacity not only to
see, but also to construct, update and predict with an implicit 3D world model from

continual sensory experience.

Benchmark: We re-examine existing benchmarks through the lens of our supersensing
hierarchy and design a two-part benchmark to better probe spatial supersensing.

ollo

Dataset: We investigate whether spatial supersensing is simply a data problem, and
@ curate a large-scale spatially focused dataset VSI-590K to push the limit under existing
paradigm.

qﬁ Model: We develop Cambrian-S, a family of spatially-grounded models with leading
S

spatial sensing performance and competitive general capabilities.

Predictive Sensing: We prototype predictive sensing, using latent frame prediction to
build MLLM's internal world model, and measuring surprise to handle unbounded
visual streams.
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0. (Linguistic-only understanding): no sensory capabilities; reasoning confined to text and symbols.
Current MLLMs have progressed beyond this stage, yet still retain traces of its bias.

1. Semantic perception: parsing pixels into objects, attributes, and relations. This corresponds to the
strong multimodal “show and tell” capabilities present in MLLMs.

2. Streaming event cognition: processing live, unbounded streams while proactively interpreting and
responding to ongoing events. This aligns with efforts to make MLLMs real-time assistants.

3. Implicit 3D spatial cognition: understanding video as projections of a 3D world. Agents must know
what is present, where, how things relate, and how configurations change over time. Today’s video
models remain limited here.

4. Predictive world modeling: the brain makes unconscious inferences [130] by predicting latent world
states based on prior expectations. When these predictions are violated, surprise guides attention,
memory, and learning [41, 120, 60]. However, current multimodal systems lack an internal model that
anticipates future states and uses surprise to organize perception for memory and decision making.
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Figure 2 | Benchmark diagnostic results reveal varying dependence on visual input. We evaluate model
under distinct input conditions: (a) multiple (32) uniformly sampled frames, (b) a single (middle) frame,
and (c) frame captions, benchmarked against chance-level and blind test results (visual input ignored).
Panels (a—c) show absolute accuracies; panels (d—j) show performance differences between conditions.
Visual inputs are substantially more critical for VSI-Bench [148], Tomato [116], and HourVideo [20], while
their impact is less pronounced for VideoMME [42], MVBench [71], and VideoMMMU [53]. VSR and
VSC are new supersensing benchmarks introduced in Sec. 2.2.
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Which feature of the astranaut's If | am standing by the refrigerator
equipment indicates they can move How many chair(s) are in this room?  and facing the washer, is the stove to
independently in space? k my left, right, or back?

Figure 3 | Illustrations of how spatial sensing is conceptualized in current video benchmarks. The left
panel features examples from the “spatial reasoning” subcategory of VideoMME [42], including a question
regarding gravity from Shutter Authority’s “What if the Moon Crashed into the Earth?” anda
question regarding astronaut gear from NASA’s “Astronaut Bruce McCandless II Floats Free
in Space.” In contrast, the right panel shows samples from VSI-Bench [148], which highlight visual-
spatial reasoning tasks such as object counting, identifying relative directions, route planning, and more.

Which of the following correctly represents the order in whlch the Teddy Bear appeared in the wdeo'r’
A. Toilet, Bathtub, Sink, Floor

Figure 4 | Illustration of the VSR benchmark’s construction process and format. We use generative models to edit
videos by inserting surprising or out-of-place objects into the space. The core task then challenges models to recall the
spatial placements of these objects in the correct order of their appearance across arbitrarily long videos.
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Streaming Questions:
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Figure 5 | Overview of the VSC benchmark. The benchmark evaluates counting capabilities on long-horizon, multi-
room videos composed of concatenated scenes. Queries are posed at various time points to simulate a streaming
question-answering setting.



VSR VSC
60 min 120 min 60 min 120 min
Gemini-2.5-Flash | 81.5 79.2 457 415 OutofCtx. 109 Outof Ctx.

Model VideoMME[42] VideoMMMU]J53] VSI-Bench[148]

Table 1 | Gemini-2.5-Flash results. As a state-of-the-art video understanding model with long-context
capabilities, Gemini demonstrates strong performance on general video benchmarks but shows clear
limitations towards spatial supersensing.
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3.2. Spatial Video Data Curation: VSI-590K
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Figure 7 | VSI-590K data curation pipeline. We collect data from 3D-annotated real and simulated
video sources, as well as from pseudo-annotated frames extracted from web videos. We then use diverse
templates to automatically generate question—answer pairs for instruction tuning.

Table 2 | Data statistics for VSI-590K. We collect data from 10 sources with different video types and
annotations to improve diversity.

Dataset # Videos #Images # QA Pairs
Annotated Real Videos

S3DIS [4] 199 - 5,187
Aria Digital Twin [102] 183 - 60,207
ScanNet [33] 1,201 - 92,145
ScanNet++ V2 [153] 856 - 138,701
ARKitScenes [12] 2,899 - 57,816
Simulated Data

ProcTHOR [36] 625 - 20,092
Hypersim [113] - 5,113 176,774
Unannotated Real Videos

YouTube Room Tour - 20,100 20,100
Open X-Embodiment [100] - 14,801 14,801
AgiBot-World [16] - 4,844 4,844

Total 5,963 44,858 590,667




Table 5 | Comparison of Cambrian-S with other leading MLLMs. Cambrian-S outperforms both proprietary
and open-source models across a range of image and video visual-spatial benchmarks and model sizes. For video
evaluation, we uniformly sample 128 frames as input. Detailed evaluation settings are provided in Sec. E.
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Model Base LM > > = L 5 m 5 a4 =z & m O
Proprietary Models
Claude-3.5-sonnet UNK. - - 27.8 - 62.9 - 65.8 - - - 48.2
GPT-4o UNK. 34.0 - 377 372 719 - 612 66.7 - - 66.0 442 -
Gemini-1.5-Pro UNK. 454 401 36.1 373 750 722 539 640 - - - -
Gemini-2.5 Pro UNK. 515 491 - - - - 836 674 - - 51.3 - -
Open-Source Models
LLaVA-Video-7B Qwen2-7B 356 307 225 286 633 573 361 582 586 679 - - 75.7
LLaVA-One-Vision-7B Qwen2-7B 324 285 255 283 582 601 339 564 567 571 | 547 - 74.3
Qwen-VL-2.5-7B Qwen2.5-7B 335 296 - - 65.1 65.0 474 56.0 69.6 - 56.7 484 -
InternVL2.5-8B InternLM2.5-7B 346 249 - - 642 50.6 - 60.0 72.0 - 55.3 509 -
InternVL3.5-8B Qwen3-8B 563 49.7 - - 66.0 612 49.0 621 721 - 56.0 - -
Cambrian-5-7B Qwen2.5-7B 67.5 599 270 365 634 768 386 594 645 699 | 60.0 548 769
VILA1.5-3B Sheared-LLaMA-2.7B - - - - 422 - - 429 - 49.1 - - -
Qwen2.5-VL-3B Qwen2.5-3B 268 227 - - 61.5 - - 54.2 - 66.9 | 39.3 - -
Cambrian-S-3B Qwen2.5-3B 573 49.7 254 368 602 735 252 523 602 659|500 509 752
SmolVLM2-2.2B SmolLM2-1.7B 270 223 - - - 34.1 - - 48.7 51.1 - - -
InternVL2.5-2B InternlL.M2.5-1.8B 258 20.7 - - 519 474 - 52.0 68.8 - 45.3 - -
InternVL3.5-2B Qwen3-1.7B 515 46.1 - - 584 508 - 574 659 - 44.0 - -
Cambrian-5-1.5B Qwen2.5-1.5B 548 475 225 314 556 688 249 50.0 581 632|427 519 69.6
SmolVLM2-0.5B SmolLM2-360M 261 231 - - - 20.3 - - 437 448 - - -
LLaVA-One-Vision-0.5B | Qwen2-0.5B 285 20.6 - - 440 268 - 458 455 492 | 28.7 - 55.5
InternVL2.5-1B Qwen2.5-0.5B 225 175 - - 50.3 3938 - 479 643 - 333 - -
InternVL3.5-1B Qwen3-0.6B 499 418 - - 51.0 415 33.0 53.0 610 - 320 - -
Cambrian-5-0.5B Qwen2.5-0.5B 50.6 422 234 279 440 624 157 440 518 56.0 | 26.0 485 59.8
I B benchmark L IhFZsota
However:
Eval Setup VSR VsC
10 min 30 min 60 min 120 min 240 min 10 mins 30 min 60 min 120 min
FPS Sampling, 1FPS 38.3 35.0 6.0 0.0 0.0 0.6 0.0 0.0 0.0

Table: Despite strong performance on VSI-Bench, accuracy on VSR drops sharply
from 38.3% (10 min) to 0.0% (>60 min), and VSC completely fails.

Scaling data and models is essential, but alone it cannot unlock true spatial supersensing.
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Figure 10 | Surprise-driven memory management framework design. The proposed memory system
(a) encodes incoming visual streams, compressing frames with low surprise; (b) performs consolidation
when memory is full by dropping or merging the least surprising frames; and (c) retrieves relevant frames
during query answering. Color shading (dark—light) reflects the degree of surprise, with hatched boxes
denoting compressed frames and solid boxes representing uncompressed ones.
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Figure 12 | Illustration of our surprise-driven event segmentation framework for VSC. The model
continuously accumulates frame features in an event buffer. When a high-surprise frame is detected,
the buffered features are summarized to produce a segment-level answer, and the buffer is cleared to

start a new segment. This process repeats until the end of the video, after which all segment answers are
aggregated to form the final output. Color shading (dark—light) reflects the degree of surprise.
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