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* MLLM = LLM + Visual Extractor.
« Current MLLM considers video as sparse frames, does not fully express spatial structure and

dynamics, and relies heavily on textual recall.



Motivation

» Task Example (VQA)

Which of the following correctly represents the order in which the Hello Kitty appeared in the

video?
A. Nightstand, Bed, Crib, Blue bench B. Blue bench, Crib, Nightstand, Bed
C. Bed, Nightstand, Blue bench, Crib D. Blue bench, Bed, Crib, Nightstand

The main purpose is to maximize the ability to view and answer questions properly



Motivation

Problem 1 - Inadequacy of Benchmarks
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Benchmarks may not significantly depend on visual input and rather heavily rely on the base LLM



Motivation

Problem 2 -Limitations of "Reactive" Modeling

Current MLLMs

Spatial Supersensing
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Goal: Need to move from Level 2 (Streaming Event) to Level 4 (Predictive World Modeling)
Spatial Supersensing = Understand, predict, and actively regulate cognitive processes within 3D spaces




Summary

 Core Question
« Can the current MLLM paradigm reach ‘True multimodal intelligence’?

* How to achieve ‘Spatial Supersensing’?

 Contributions
« Conceptualization of Spatial Supersensing and Hierarchy Presentation
« Development of VSI-SUPER Benchmark
« Demonstrate the limitations of the current paradigm (via Cambrian-S)

 Proposition of Predictive Sensing



Contents

Benchmarking Spatial Supersensing

« To define and establish what true "spatial supersensing” actually entails
and to create the necessary tools (VSI-SUPER) to accurately measure it,

Spatial Sensing Under the Current Paradigm
* To rigorously test the limits of current MLLM capabilities (data/model
scaling) in spatial sensing
* Predictive Sensing as a New Paradigm

« To propose and provide proof-of-concept for a novel, "world model"-
inspired approach



Benchmarking Spatial Supersensing
- VSI-SUPER: Towards Benchmarking Spatial Supersensing in MM-LLMs

Which feature of the astronaut's
equipment indicates they can move

If I am standing by the refrigerator
¢ ( How many chair(s) are in this room? and facing the washer, is the stove to
independently in space? ) t my left, right, or back?

— e —— e ——

[Mlustrations of how spatial sensing is conceptualized in current video benchmarks.

+ Limitation of existing Video Benchmark:
* QAs can be answered without visual information

» VSI-SUPER: a two-part benchmark for continual spatial sensing (VSR + VSC)
» Require selective filtering and structured accumulation of visual information across unbounded
spatial videos
+ Resistant to brute-force context expansion



Benchmarking Spatial Supersensing
- VSR Benchmark

Which of the following correctly represents the order in which the Teddy Bear appeared in the video?
A. Toilet, Bathtub, Sink, Floor

"Recall and remember spatial information in chronological order”
Video Length: 10/ 30/ 60/ 120 / 240 min



Benchmarking Spatial Supersensing
- VSC Benchmark

Num. of Chairs: 3 1
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Streaming Questions:

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

Test Accumulative Counting Ability on long video

Video Length: 10/ 30/ 60/ 120 min

It consists of tasks that require space division and prevention of duplicate counting



Benchmarking Spatial Supersensing
- Result (Gemini-2.5-Flash)
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Visualization of Gemini-2.5-Flash’s predictions v.s. ground truth on VSC

"Scaling Context Window is NOT the solution for infinite streams."



Benchmarking Spatial Supersensing
- How VSI-SUPER challenges the current paradigm

1. Limitations of Scaling
2. Need for selective cognition: Only remember information that is subconsciously important
* Need for predictive and Screening mechanism
3. True Generalization: "Process" over "Pattern”
» VSI-SUPER needs to understand the "Process"” itself to keep adding numbers no matter how long

the video gets.



Spatial Sensing Under the Current Paradigm
- VSI-590K (New Training Dataset)

Why build VSI-590K:

« The Data Gap: Existing video instruction datasets focus on general descriptions, lacking high-quality
3D spatial annotations (e.g., distance, size, coordinates) .
» Goal: To enable conventional MLLMs to ground their linguistic capabilities in the physical 3D world.

__ Question Templates __» ="~ """ " """ |
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the {obj_2) d in {unit}? ! .
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VSI-590K data curation pipeline



Spatial Sensing Under the Current Paradigm
- VSI-590K (New Training Dataset)

Types Rel/Abs. Perspective Modality Group Example template
Rel. — V&l Configuration  “Between {object;} and (object,), which is larger?”
Size Abs. — V&l Measurement  “What is the height of the {object) in (unif)?”
Abs. — V&l Measurement  “What is the room’s size in [unit)?”
Rel. Camera I Configuration  “From the camera’s perspective, is the {object] on the
left or the right?”
Direction Rel. Object V&l Configuration  “Facing the [object;} from the (object;), would the
{objects} be placed left, right, or back?”
Abs. Object V&l Measurement  “Standing at (object1 ), facing toward {objectz), how far
clockwise do I rotate (in degrees) to see the {object;)?”
Civgii Rel. — V&l Configuration  “Are there fewer {object;} than (object;) 7
Abs. — V&l Measurement  “How many (object] are present?”
Rel. Camera I Configuration  “Which object is closer to the camera, the (object 1)
or the {object_2|?"
Piciance Rel. Object V&l Configuration lo\b\;::l:hz ;_s’:\can:r to the (object_3), the (object_1) or the
Abs. Object V&l Measurement  “What is the distance between the [object_1) and the
{object 2} in {unit}?”
“Determine how {object_1}, (object 2}, {object_3), and
Appr. Order — — A Spatiotemporal |object_4} are ordered by their initial appearances in

the video”

Taxonomy of spatiotemporal question types in VSI-590K

"VSI-590K generates diverse 3D spatial QA pairs that span both absolute measurements and relative
comparisons across key spatial attributes like size, distance, and direction, thereby addressing the lack of
fine-grained spatial grounding in existing datasets."



Spatial Sensing Under the Current Paradigm

- VSI-590K (New Training Dataset)

Image VSI-Bench (Video)
@ + ” el

S g om|, O 8 8 8 & & £ O

s 8 § 2 8 2 8 & 3 3 & £
| Baseline (Cambrian-1) 527 545 735|285 181 20.0 36.0 222 429 313 246 33.0 |
Real Videos
+ S3DIS 540 549 753|416 638 21.0 449 370 438 474 340 41.1
+ ADT 50.6 56.5 775 |41.0 51.0 29.8 525 40.2 423 388 34.0 398
+ ARKitScenes 50.0 56.7 773 |51.0 702 327 645 60.0 55.1 452 371 435
+ ScanNet 547 57.7 775|563 709 379 675 59.3 570 46.7 351 76.1
+ ScanNet++ V2 527 573 775(563 725 40.7 657 569 59.7 471 314 76.2
Simulated Videos
+ ProcThor 533 55.7 749|364 21.0 29.7 493 3.8 523 457 304 587
+ HyperSim 520 56.0 79.7 | 45.6 67.8 320 593 364 532 47.0 325 36.6
Pseudo-Annotated Images
+ YTB RoomTour 553 526 75.0 325 434 258 242 273 387 314 284 409
+ OXE & AGIBot 56.0 544 725 |30.6 403 23.1 279 26.6 38.0 228 320 33.8
|Full Mix 547 540 779|632 735 494 714 701 669 615 36.6 76.6

Contributions of Different Data Sources in the VSI-590K Mixture

« From 10 Data sources (Real / Simulated Videos + pseudo-annotated frames)

Effectiveness of Data source ablation
* Annotated real videos > simulated data > pseudo-annotated images.



Spatial Sensing Under the Current Paradigm

- Post Training for Spatial Sensing

General Video Benchmark

Model VSI-Bench VideoMME EgoSchema Perception Test
Different Base Models
Al (w/fo. 11T, i.e. QwenLM) 214 442 429 445
Greater Exposure to general | A2 (a1 4 LT, ie. Cambrian-1) 25.8 53.7 48.1 55.4
video data 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 572 40.3 38.7 52.3
from A2 66.8 46.7 47.2 52.3
from A3 68.8 52.3 484 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

Post-training exploration for spatial sensing

1. Importance of Base Model (Stronger Base = Better Spatial Sensing)
2. Data Mixture Strategy (Domain-Specific + General)



Spatial Sensing Under the Current Paradigm
- Cambrian-S: Spatially-Grounded MLLMs

+ Video Data + VSI-590K
Cambrian-1 Training Cambrian-S Training
Vision-Language Image Instruction General Video Spatial Video
Alignment Tuning Instruction Tuning Instruction Tuning
Stage 1 Stage 2 Stage 3 Stage 4

Overall Cambrian-S training pipeline



Spatial Sensing Under the Current Paradigm

- Empirical Results: Improved Spatial Cognition

3 Video Image
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Model Base LM > > = T > m > A [ = ) 9]
Proprietary Models
Claude-3.5-sonnet UNK. - 27.8 - 629 - 65.8 - - 482 -
GPT-40 UNK. 34.0 - 37.7 372 719 - 61.2 66.7 66.0 442 -
Gemini-1.5-Pro UNK. 454 | 40.1 |36.1 373 750 722 539 64.0 - - -
Gemini-2.5 Pro UNK. 515|491 | - - - - 836 674 513 - -
Open-Source Models
LLaVA-Video-7B Qwen2-7B 356 | 30.7 | 225 286 633 573 36.1 582 586 679 - - 75.7
LLaVA-One-Vision-7B | Qwen2-7B 324 | 285|255 283 582 601 339 564 567 571|547 - 743
Qwen-VL-2.5-7B Qwen2.5-7B 3351296 | - - 651 650 474 560 696 - |567 484 @ -
InternVL2.5-8B InternLM2.5-7B 34.6 | 249 - - 642 50.6 - 60.0 72.0 - 553 509 -
InternVL3.5-8B Qwen3-8B 56.3 | 49.7 - - 66.0 612 49.0 621 721 - 56.0 - -
Cambrian-S-7B Qwen2.5-7B 67.5 | 59.9 | 27.0 365 634 768 386 594 645 69.9 | 60.0 548 76.9
VILA15-3B Sheared-LLaMA-27B | - | - | - - 422 - - 429 - 91 - - -
Qwen2.5-VL-3B Qwen2.5-3B 268 | 227 | - - 615 - - 542 - 669|393 - -
Cambrian-S-3B Qwen2.5-3B 57.3 | 49.7 | 254 36.8 602 735 252 523 60.2 659 500 509 752
SmolVLM2-2.2B SmolLM2-1.7B 270 | 223 - - - 34.1 - - 48.7 51.1 - - -
InternVL2.5-2B InternLM2.5-1.8B 258 1207 | - - 519 474 - 520 688 - |453 - -
InternVL3.5-2B Qwen3-1.7B 515|461 | - - 584 508 - 574 659 - |440 - -
Cambrian-S-1.5B Qwen2.5-1.5B 54.8 | 475 | 225 314 556 688 249 50.0 581 632|427 519 69.6
SmolVLM2-0.5B SmolLM2-360M 26.1 | 23.1 - - - 20.3 - - 43.7 448 - - -
LLaVA-One-Vision-0.5B | Qwen2-0.5B 285|206 | - - 440 268 - 458 455 492|287 - 555
InternVL2.5-1B Qwen2.5-0.5B 225|175 | - - 503 398 - 479 643 - |[333 - -
InternVL3.5-1B Qwen3-0.6B 499 | 41.8 - - 51.0 415 33.0 53.0 61.0 - 32.0 - -
Cambrian-5-0.5B Qwen2.5-0.5B 50.6 | 42.2 | 23.4 279 440 624 157 440 518 56.0 | 260 485 59.8

Comparison of Cambrian-S with other leading MLLMs

Core Question:

» Performance improvements simply due to
broader data coverage?

* Or has the model actually developed stronger
spatial cognition?

Robust spatial reasoning on VSI-Bench-Debiased:

» A benchmark specifically designed to eliminate
language shortcuts through debiasing

» Cambrian-S-7B still outperform proprietary
counterparts



Spatial Sensing Under the Current Paradigm

- Empirical Results: Improved Spatial Cognition
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Methods Avg. Numerical Answer Multiple-(fthoice Arjswer

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 41.3| 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 61.1 478 459 (713
Open-source Models

Cambrian-5-7B 675 | 732 505 749 722 711 76.2| 418 |80.1
Cambrian-S-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

VSI-Bench sub-task breakdown

1. Generalization in spatial reasoning: Cambrian-S-7B still performs strongly,
2. The training approach proves effective even with smaller model sizes
» The smallest 0.5B model achieves performance comparable to Gemini-1.5 Pro on VSI-Bench



Spatial Sensing Under the Current Paradigm

- Empirical Results: Results on VSI-Super

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
Cambrian-S-7B results on VSI-SUPER
Limitation 1
« Scores drop steadily from 38.3% to 6.0% as video length increases from 10 to 60 minutes
Limitation 2

« The model has difficulty generalizing to new test scenarios
« Although trained on multi-room house tour videos, it fails to handle unseen examples with just a few

additional rooms.

A Purely data-driven approach within the current MLLM framework, no
matter how much data or engineering effort is invested, faces fundamental limits
> Need For Predictive Sensing



Predictive Sensing as a New Paradigm
- Predictive Sensing via Latent Frame Prediction

Predictive Sensing: An active sensory processing method in which Al predicts the future and utilizes the difference
between prediction and reality ("surprise") to selectively recognize and organize important information

B Gemini-2.5-Flash

Teacher Forcing Answer: 1 BN Cambrian-S

T i

LFP Head Head

LLM Main Model (Transformer Blocks)

LFP Head: a two-layer MLP, that operates in
parallel with the LFP head, to predict latent
representation of the subsequent video frame

Vision Enc Emb. Layer

Training

How many desks are
there in this room?

Next (Latent)
Frame Prediction

 Auxiliary losses: MSE(Mean Square Error) & Cosine
Distance
* Measure the discrepancy between the predicted
latent feature and the ground truth feature of
Timestamp the next time

Inference

0.5

Training and inference pipeline for the latent frame prediction (LFP) approach



Predictive Sensing as a New Paradigm
- Case Study [: Surprise-driven Memory Management System for VSI-SUPER Recall

(a) Visual Streams Encoding

Window Attention

MLLM

l Calculate Surprise Level

KV Caches

i (b) Long-term
i Memory

. .
N\
N\

|  Store
—| Compress &\

(c) Memory Retrieval

User Query

I\

!

LLM Decoder

N\
- N

Consolidate

Surprise-driven memory management framework design

Goal: Dynamic memory management for efficient
processing of long video streams.

Mechanism:
+ Latent Frame Prediction: Predicts the latent features of
the subsequent frame.
» Surprise Calculation: Quantifies a 'Surprise' score
based on the difference between the actual and predicted
frames.

Process:
+ Compression: Frames with low surprise scores undergo
2x compression before being stored
« Consolidation: Maintains a fixed memory budget by
dropping or merging frames with the lowest surprise
scores when full.

Retrieval: Retrieves the Top-K relevant frames based on
cosine similarity between the user query and stored memory
features.



Predictive Sensing as a New Paradigm
- Case Study [: Surprise-driven Memory Management System for VSI-SUPER Recall
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(c) Surprise comparison

Performance analysis of surprise-driven memory on VSR

 Surprise-based memory effectively compresses redundant data without losing critical information



Predictive Sensing as a New Paradigm
- Case Study II: Surprise-driven continual video segment for VSC

» Definition:
+ Event: A spatiotemporally coherent segment of experience (e.g., staying in one room) .
« Segmentation: Parsing continuous sensory input into discrete, meaningful units based on changes in
coherence.

+ Cognitive Inspiration: The "Doorway Effect"
* Humans naturally reset their working memory when entering a new environment (boundaries of
experience)
» This allows efficient processing without being overwhelmed by the past.



Predictive Sensing as a New Paradigm
- Case Study II: Surprise-driven continual video segment for VSC

Continual Visual Streams

Event Calculate
W= surprise

Buffer  store Examine
. surprise level

B _load, LLM Decoder <— Query

|i| clear ' )

|:| Per—segment answers

Final answer

For low surprise frames = For high surprise frames

[lustration of our surprise-driven event segmentation
framework for VSC.

» Solution:
» Buffer: Accumulate frames in a temporary Event Buffer .
» Detect Boundary: A sudden Spike in Surprise indicates a
scene change (e.g., entering a new room).

» Action & Reset:
» Trigger the LLM to answer for the current segment

(e.g., "Count chairs here").
» Clear the buffer (Reset) to free up working memory .
+ Result: Effectively mimics the human "Doorway Effect" to
handle unbounded video lengths .



Predictive Sensing as a New Paradigm
- Case Study lI: Surprise-driven continual video segment for VSI-SUPER Count
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Ground Truth Ground Truth Ground Truth

Ground Truth

Cambrian-S scales to higher ground truth object counts whereas Gemini saturates

Streaming Robustness: Outperforms
commercial "Live" models (GPT-40, Gemini)
which fail in long streams .

True Generalization: Unlike Gemini which
saturates, Cambrian-S shows linear correlation
with ground truth counts, indicating true

counting behavior rather than pattern matching .



Conclusion

1. Exposing MLLM Limitations:
* New VSI-SUPER Benchmark
« Cambrian-S
2. Proposing Predictive Sensing
* Introduced a new paradigm: using "surprise" (prediction error).
» Proof-of-Concept: Demonstrated significant performance gains on
VSI-SUPER



Limitations

» Proof-of-Concept Prototype

 Current Limitations: These designs are limited in:
* Quality: Room for further refinement and robustness.
« Scale: Insufficient for achieving full spatial supersensing.
 Generalizability: Limited in application to diverse real-world scenarios.

e Future Work Directions:

* Future research should focus on:
» Diverse & Embodied Scenarios: Exploring more varied and interactive
environments
« Stronger Integration: Connecting with advances in vision, language, and world

modeling



