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Motivation

Why does geometry matter?
• Video world models can look realistic while failing to 

preserve the same physical points across time.

• For robot control, this breaks the link between predicted 
videos and executable actions: if points cannot be tracked 
consistently, generated rollouts cannot reliably guide 
manipulation.

• GEM-4D makes video futures actionable by distilling dense 
4D correspondence supervision during training, improving 
real-world manipulation success from 61% to 81% with no 
extra inference cost.

Methods 

Experiment
 

Result

Geometry-Grounded World Model 
Training • Dense point correspondence is determined by 3D geometry, 

not just RGB appearance.

Inter-frame correspondence is governed by geometry: depth, camera 
motion, and scene flow determine where each physical point moves. Thus, 
robot-ready video prediction requires dense geometric consistency, not just 
visual realism.

Two-Branch Geometry Flow 
Supervision

GEM-4D training. A Video DiT learns video velocity for RGB generation, 
while a training-only Geometry DiT predicts geometry velocity from 
intermediate video features. This joint training enforces geometry-
consistent rollouts. At inference, the geometry branch is removed, leaving 
efficient RGB-only generation.
• RGB Video Flow Branch: Video DiT predicts video velocity 

from noisy to clean latents, learning RGB rollout generation 
but mainly supervising appearance.

• Geometry Flow Branch: A training-only Geometry DiT 
predicts geometry velocity from intermediate Video DiT 
features, using frozen 4D geometry features as supervision.

• Joint Objective:  RGB flow and geometry flow are jointly 
optimized, grounding the backbone in both visual 
appearance and geometric correspondence.

Adaptive Inverse Dynamics for Action 
Extraction

• 3D Scene Grounding + Confidence-Gated Tracking: The 
generated Generated rollouts are lifted 

into 3D using depth and 
camera information, then 
task-relevant points are 
tracked across frames. A dual confidence gate filtersunreliable tracks using 

bothtracker confidence andmotion/geometry 
consistencybefore action extraction.

• Pose Fallback + Grasp Insertion + Action Synthesis: 
When 6D pose recovery is unreliable, the system switches to 
a stable fallback, inserts grasp poses at key interaction 
moments, and interpolates waypoints into a smooth 
executable trajectory.

GEM-4D Improves Video and Geometry 
Prediction

From Generated Videos to Successful Robot 
Actions  

• On real-world Droid tasks, 
success improves from ~61% 
to ~82%.

• On synthetic RLBench 
execution, success improves 
from ~23% to ~75%. 

Geometry Supervision Matters Actions
Conclusion

GEM-4D shows that grounding video world models in dense 
4D geometry turns visually plausible futures into physically 
trackable, actionable rollouts for robot manipulation.
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