
Saining Xie
New York University

AMI Labs

cambrian-mllm.github.io

Towards Multimodal 
World Understanding from Video

CVPR MUSI Workshop 06.26



“what’s hard” and “what’s easy”

Hard for Humans Easy for Humans

• Chess, Go
• Language fluency
• Math
• Coding

• Picking up objects
• Understanding a messy space
• Learning from real-world video
• Predictive world modeling



Hard for Humans
→ Easier for AI

Easy for Humans
→ Hard for AI

Why are
you

working
on

easy pro
blems?

WHY ARE YOU
WORKING

ON EASY PROBLEM
S?

CV Researcher Moravec Par
adox



Bet: relying too heavily too early on language can 
act as a shortcut, compensating for the deficiencies 
in real world modeling and understanding.

Your favorite
LLMs

Our sensory modeling sucks! 



Towards Real World Understanding

Linguistic-Only
Understanding

Knowledge recall;  
no sensory modeling 

Linguistic-only understanding: no multimodal intelligence; reasoning is confined 
to text and symbols without sensory grounding. Current MLLMs have progressed 
beyond this stage, yet they still retain traces of its bias.
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Semantic 
Perception

Naming and describing 
things for user prompts

Linguistic-Only
Understanding

Knowledge recall;  
no sensory modeling 

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

Always-on sensing for 
open-ended streams; 
memory across time; 
proactive answering

Semantic 
Perception
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things for user prompts

Linguistic-Only
Understanding

Knowledge recall;  
no sensory modeling 

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.
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Streaming Event 
Cognition

Always-on sensing for 
open-ended streams; 
memory across time; 
proactive answering

Semantic 
Perception

Naming and describing 
things for user prompts

Seeing the world 
behind the video; 
implicit 3D

Spatial 
Cognition

Linguistic-Only
Understanding

Knowledge recall;  
no sensory modeling 

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.
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Streaming Event 
Cognition

Always-on sensing for 
open-ended streams; 
memory across time; 
proactive answering

Semantic 
Perception

Naming and describing 
things for user prompts

Predictive 
World Model

Unconscious inference;
Predictive, selective, and
self-updating world 
model

Seeing the world 
behind the video; 
implicit 3D

Spatial 
Cognition

Linguistic-Only
Understanding

Knowledge recall;  
no sensory modeling 

Predictive world modeling: anticipating future states with an internal model that 
uses expectation and surprise to organize perception for memory and decision 
making. This process mirrors human "unconscious inference” and is largely 
absent in current systems.
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Objects that Defy Infants' Expectations 

Shape Learning (Stahl & Feigenson, Science, 2018)
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TASKDRIVEN WORLD MODELING
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Towards multimodal
world modeling:
where are we now?



Evaluation is not ready
Data is not ready
Architecture is not ready1 
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Current evals are not ready

• Video is the 
ultimate medium.
But not all videos 
are the same.
Without the right 
benchmarks, we 
risk taking the easy 
path instead of the 
right one.



Deconstructing Existing Video Benchmarks

We will cover today!



Thinking in Space:
How Multimodal Large Language Models See, 

Remember, and Recall Spaces

Jihan Yang*,  Shusheng Yang*,  Anjali W. Gupta*,  Rilyn Han*,  
Li Fei-Fei,  Saining Xie

CVPR 2025



Watch the video and answer the question

How many chairs are there in this room?

Ground Truth: 9

Gemini-1.5 Pro Answer: 4

Your Answer: ?



Watch the video and answer the question

If I am standing by the nightstand and facing the 
chair, is the closet to the left or the right of the 
chair?

A. Left B. Right

Ground Truth: Left

Gemini-1.5 Pro Answer: Right

Your Answer: ?



How do humans do this? 
Can models do this? How?



47.6%

12.1%

40.3%

Task Definition

Spatiotemporal Tasks
Appearance Order Configuration Tasks

Object Count

Relative Direction

Relative Distance

Route PlanMeasurement Tasks
Object Size

Absolute Distance

Room Size
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Chance Level Gemini 
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Human Open-Source MLLMsGemini 
2.5 Pro

48.5



Visual Perception

Linguistic Intelligence

Relational Reasoning

Egocentric-Allocentric

Spatial Reasoning

From 163 incorrect samples

71% spatial reasoning
errors

Spatial reasoning is the main bottleneck for MLLMs on VSI-Bench

19%

10%
30%

41%

Error BreakdownAnalysis by Self-
Explanation



Scaling Linguistic Reasoning

Chain-of-thought (CoT)

Wei, Jason, et al. "Chain-of-thought prompting elicits reasoning in large language models.

Input

... Answer Thoughts

On Video-MME On VSI-Bench



Analysis by Visualizing Cognitive Map

MLLM

10 by 10 cognitive map

Object center positions



MLLMs are local 
models

No global 
understanding

Quantitatively Assess Cognitive Map





VSI-SUPER Recall: 
Long-horizon spatial observation and recall





VSI-SUPER Count: 
Continual counting under changing viewpoints and scenes.

Easy for humans, 
yet extremely difficult for current models!



Gemini on VSI-SUPER



Correcting errors in
3D annotations

Reducing the non-visual 
solvability from language biases

“All benchmarks are wrong, but some are useful…”



Benchmark is not ready
Data is not ready
Architecture is not ready
1 



LLM data: 
the Internet’s greatest blessing



Llava-video-178K

Spatial sensing data remain 
underrepresented in today’s datasets.



VSI-590K: a large-scale spatial 
sensing dataset



Data composition and sources



SIMS: Simulated Instruction-Tuning for Multimodal Spatial-Understanding Ellis Brown et al.



Data contributions

Real and synthetic data together provide rich 
sources that boost spatial understanding.

+ 30% on VSI-Bench



Benchmark is not ready
Data is not ready
Architecture is not ready
1 



Current architecture is not ready

What makes spatial sensing unique?

- - ∞ tokens in, ∞ tokens out!

- - our real-world experience isn’t meant to 
be processed token by token.



Current architecture is not ready
🧠 Human Visual Stream = Extremely High Bandwidth
👁 Retina → Brain: ~10 million bits/sec
🌐 All sensory input (mostly vision): up to 1 billion bits/sec
🧩 Conscious awareness: only ~10 bits/sec

Most visual data is filtered and 
compressed before reaching 
perception. How?



Prototype: Predictive Sensing



Violation-of-Expectation (or simply, surprises!): 
how humans regulate what information they take in.



Violation-of-Expectation (or simply, 
surprises!): 
how humans regulate what information they take in.

A latent ‘world model’ that learns the underlying 
structure of the living world.



Use Case #1: Memory Management

Compress non-surprising frames, and allocate 
more computational resources to processing and 
storing surprising ones!



Use Case #2: Scene/Event Segmentation

“Self-awareness”– agents should know where 
they are and tell the difference between a scene 
change and a camera change.





Cambrian-P
Pose-Grounded 
Video Understanding
Jihan Yang1* Zifan Zhao1* Xichen Pan1

Shusheng Yang1 Junyi Zhang2

Bingyi Kang1 Hu Xu3 Saining Xie1

1New York University 2UC Berkeley

3Meta FAIR



Current architecture is not ready:
Not grounded in 3D

A video is a sequence of views from a moving camera📸
Each frame has
• Position c ∈ R3

• Orientation R ∈ SO(3)

Pose matters:
• Build correspondence between pixels
• separate ego motion from scene motion 
• understand global relationship between frame



Cambrian-P:

a video multimodal 
LLM that jointly
predict the camera's 
pose



• Add learnable pose tokens per frame
• Tiny pose head (4 self-attn layers) regresses g = [t ,q ,f ]
• Joint loss:	L =	LNTP + λpose ·	Lpose (absolute translation, rotation quaternion, field-of-view)

Pose-grounded architecture



VQA and Pose Estimation have conflicting training recipes

Naively adding a pose loss does not work out of the box. 

VQA training  Pose training  

Frame sampling Uniform intervals Random start, dynamic intervals

Training duration 1 epoch Tens of epochs

Data augmentation None (preserve facts) Heavy (color jitter, blur, grayscale)

The gap:
Uniform sampling ⇒ same poses each iteration ⇒ memorization shortcut.
Heavy augmentation ⇒ scrambled colors ⇒ hurts semantic understanding.



Solution: Interleaved Training + Random Jitter

Two simple ideas:

• Interleaved batches: dedicated pose-only samples use dynamic sampling +
augmentation (pose loss only); VQA samples use uniform sampling (joint loss)

• Random jitter sampling: perturb VQA frame indices by δ ∼	U(−∆,∆), α = 0.005 
to break pose memorization without hurting VQA
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Largest gains on tasks requiring
global understanding!



Trained only on VSI-590K. 
Evaluated on benchmarks it was never trained on.

Pose-grounding is a general methodology.



Scaling Further with Pseudo-Poses on In-the-Wild Video

Beyond GT pose data: pseudo-annotate Cambrian-S-3M videos with VIPE.

Training Data Pose Sup. % Pose VSIBench MVBench PercTest EgoSchema

VSI-590K – 0% 71.2 51.7 56.7 48.5
VSI-590K GT 49% 73.7 53.8 58.1 51.3

VSI-590K + CamS-590K – 0% 70.9 68.0 66.9 71.2
VSI-590K + CamS-590K GT 25% 73.7 67.9 67.8 71.7
VSI-590K + CamS-590K GT + Pseudo 48% 73.9 69.3 67.9 73.6

• Pseudo poses from noisy in-the-wild videos also help
• Pose supervision is scalable — no special data collection required
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Standard Inference Pipeline

13



Pose Shapes the Representation, Not the Inference

Pose Token
VSI VSTI MVBench EgoSch. PercTest Tomato

Train Infer

✗ ✗ 67.3 55.1 51.9 49.6 56.4 20.4
✓ ✓ 72.0 56.5 53.5 52.5 58.4 26.7
✓ ✗ 72.0 56.6 53.2 52.5 58.8 26.7

We don’t need camera token during inference
• Pose tokens force the LLM’s hidden states to encode cross-frame geometric structure.
• That structure remains in the representation.
• The model never explicitly “uses” predicted poses — pose is a training-time scaffold

13



Pose Enables More Global Spatial Reasoning

Relative Distance

• Model Performance degrades as objects get farther apart
• Camera Pose brings larger gains for distant objects than nearby ones

Relative Direction

15



Pose > Depth: Better Global Signal

Pose Depth VSI-Bench ↑

✗ ✗ 67.3
✓ ✗ 72.0
✓ ✓ 71.7
✗ ✓ 69.4

• Depth: dense per-pixel, local

• Camera Pose: 9 numbers per frame, global 

Takeaway
Adding more 3D supervision (depth on top of pose) doesn’t help.
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Thank You!
Website: cambrian-mllm.github.io

Code: github.com/cambrian-mllm/cambrian-p
Models: huggingface.co/nyu-visionx


