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What do you think of VLIM's capabilities?
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Streaming Questions:

Q: How many different chair(s) are there in this video?

Current models fail when the question
depends on accumulated evidence or
long-horizon state updates



Benchmark issue?

B,
I Which feature of the astronaut's
Why are the objects flying? equipment indicates they can move

If | am standing by the refrigerator
How many chair(s) are in this room? and facing the washer, is the stove to
L 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.




New henchmark tasks

e VSR (VSI-Super Recall):

o Long-horizon visual spatial recall over arbitrarily long video

e VSC (VSI-Super Counting):

o  Continual visual spatial counting across changing scenes and viewpoints
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Which of the following correctly represents the order in which the Stitch appeared in the video?
A. Stove, Trash bin, Refrigerator, Counter B. Trash bin, Refrigerator, Counter, Stove
C. Stove, Counter, Refrigerator, Trash bin D. Trash bin, Stove, Counter, Refrigerator




Is it just a data problem?

e Hypothesis: maybe current models are weak simply because they lack enough
high-quality spatially grounded training data.

; , VSR VsC
Model VideoMME[42] VideoMMMU][53] VSI-Bench[148] 60 min 120 min 60 min 120 min
Gemini-2.5-Flash | 815 79.2 457 415 OutofCtx. 109  Outof Cix.

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.



Dataset # Videos #Images # QA Pairs

Annotated Real Videos
S3DIS [4] 199 - 5,187
VSI 59 OK Aria Digital Twin [102] 183 - 60,207
- d t t ScanNet [33] 1,201 5 92,145
a ase ScanNet++ V2 [153] 856 - 138,701
ARKitScenes [12] 2,899 - 57,816
Simulated Data
. ProcTHOR [36] 625 - 20,092
® Question types: Hypersim [113] - 5113 176774
Unannotated Real Videos
0] count Size direction YouTube Room Tour - 20,100 20,100
’ ’ ’ Open X-Embodiment [100] - 14,801 14,801
O measure distance, ... AgiBot-World [16] : 4,844 4,844
. . Total 5,963 44,858 590,667
o spatiotemporal (route planning, ...)
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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.



Data scaling findings

Model VSI-Bench VideoMME EgoSchema Perception Test

Different Base Models
A1 wyo. 11T, i.e. QwenLM) 214 442 429 44.5
A2 (A1 + LT, i.e. Cambrian-1) 25.8 53.7 48.1 55.4
A3 (A2 + V-IT, 429K data) 28.9 61.2 50.3 66.3
A4 (A2 + V-IT, 3M data) 35.7 62.6 77.0 70.9
SFT w/. VSI-590K

from Al 57.2 40.3 38.7 52.3

from A2 66.8 46.7 47.2 52.3

from A3 68.8 52.3 48.4 55.8

from A4 69.2 54.1 55.2 59.2
SFT w/. VSI-590K & general V-IT data mixture

from Al 61.3 60.5 52.8 65.0

from A2 63.2 62.6 52.9 65.6

from A3 64.0 61.0 54.9 66.8

from A4 65.1 61.9 77.3 71.2




Data scaling findings
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Methods Avg. Numerical Answer Multiple-Choice Answer
Statistics
Chance Level (Random) - - - - - 25.0 36.1 283 25.0
Chance Level (Frequency) | 340 | 621 320 299 331 251 479 284 252
Proprietary Models (API)
GPT-40 340 | 462 53 438 382 370 413 315 285
Gemini-1.5 Flash 421 | 498 308 535 544 377 410 315 378
Gemini-1.5 Pro 454 | 562 309 641 436 513 463 36.0 346
Gemini-2.5 Pro 515 | 438 349 643 428 611 478 459 713
Open-source Models
Cambrian-S-7B L67.5 | 732 505 749 722 711 762 41.8  80.1)
Cambrian-5-3B 573 | 70.7 406 68.0 463 648 619 273 788
Cambrian-S-1.5B 548 | 684 400 615 501 624 489 299 775
Cambrian-S-0.5B 506 | 679 354 522 525 523 465 258 722




Data scaling findings
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Are the performance improvements simply due to broader data
coverage (including more diverse visual configurations and
question—answer pairs), or has the model actually developed
stronger spatial cognition?
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Gemini-1.5 Pro 454 | 562 309 641 436 513 463 36.0 346
Gemini-2.5 Pro 515 | 438 349 643 428 611 478 459 713
Open-source Models

Cambrian-S-7B L67.5 | 732 505 749 722 711 762 41.8  80.1)
Cambrian-5-3B 573 | 70.7 406 680 463 648 619 273 788
Cambrian-5-1.5B 548 | 684 400 615 501 624 489 299 775
Cambrian-5-0.5B 506 | 679 354 522 525 523 465 258 722




Test on VSR and VSC

Table 7 | Cambrian-S-7B results on VSI-SUPER. 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. Note that
VSI-SUPER focuses on continual, streaming evaluation, where uniform sampling 128 frames across the

entire video does not align with the online setting; results shown in are provided for reference only.
VSR VSC
Eval Setup 10min 30min 60min 120min 240min | 10 mins 30min 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



Not only a data issue!




Cambrian-S model

e They propose “predictive sensing” as a path forward, where models learn to
anticipate their input and construct internal world models to handle
unbounded visual streams.




Predict the latent representation
of the subsequent video frame
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Case study: Surprise-driven memory management system (VSR)
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Case study: Surprise-driven continual video segment (VSC)
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VSR Results
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Figure 11 | Performance analysis of surprise-driven memory on VSR. (a) Surprise-driven memory allows
Cambrian-S to maintain strong performance as video length increases. (b) Surprise-driven memory
maintains a stable GPU memory footprint as video length increases. (c) Ablation: Using LFP prediction
error as the surprise signal is more robust and consistently outperforms using adjacent-frame similarity.



VSC Results
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Figure 14 | Cambrian-S scales to higher ground truth object counts whereas Gemini saturates. Predicted
counts are plotted against ground-truth counts for videos of different lengths (10, 30, 60, and 120 minutes).
Using surprise-driven segmentation, Cambrian-S’s predicted counts grow approximately linearly with the
ground-truth, tracking the y = x perfect-count line (gray dashed), whereas Gemini-2.5-Flash’s predicted
counts remain clustered near small values and fail to increase with ground-truth count, indicating early

saturation and poor extrapolation to larger counts.
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