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Problem

= Teleoperation Cost — Scales as tasks x environments

= Every new task or environment requires collecting data from scratch by hand.
= Solution: A video world model generates the data instead.

= Simulation — Sim-to-real gap & modeling limits
= Simulated trajectories suffer from the sim-to-real gap, cannot model liquids or articulated objects, and are confined to human
demonstrations.
= Solution: Bypass the simulator and generate photorealistic video directly.

= Missing Action Labels — Video alone cannot train a policy

= The world model emits pixels only. Without actions, behavior cloning has no regression target.
= Solution: An IDM recovers pseudo-actions, completing the neural trajectory.
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2. Video world model rollout
Shared mechanism
Initial frame |
» world model 0*3‘&’; » Sampling — ODE Integration » Decoder oo Synthetic ‘"d?° o:T
(pixels only — no action, no state)
Instruction ¢
Data Augmentation Generalization (no data)
:_ T Ex;e-ri:n;njc ;n;i:o-r-nn:e—nt _________ :
| |
0* task : I (sim) I (real) \ £ 0" base I (initial frame) £ (language Instruction)
per task LoRA adapter : Sampled from simulator | or Sampled by hand : The familiar verb Unseen environments new verbs, hand-written
| 1 |reused from the dataset lab desk

RS R R ;

{ seen env + new behavior

new env + seen behavior

noise € »| Video generation new env + new behavior

noise € » Video generation
Synthetic video v
(no action) Synthetic video
(no action)

E Lg Robot Intelligence Learning & System




Method

3. Pseudo Action Labeling
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4. Policy Training on Neural Trajectories

Data Augmentation Generalization
real trajectories 8-25 per task real trajectories none
neural trajectories 40-300 per task neural trajectories 50 per task
sampled 1:1 100% neural
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Problem

= Demonstration Cost — Policies need hundreds of demonstrations

= Vision-based imitation learning still requires hundreds of demos, and those demos must cover enough variation.
= Solution: Generate new demonstrations inside the world model — works with as few as one demo.

= Learned World Models — Break outside the training domain

= Generative world models (UniSim, Dreamer, RoboDreamer) cannot capture the real physics of the robot's environment.
= Solution: Do not learn the dynamics — plug a physics engine (PyBullet) into D directly.

= Augmentation Validity — Editing robot data can silently break the task
= Changing an object's position invalidates the action sequence; prior methods only recombine existing trajectories.

= Solution: Equivariant transforms move observations and actions together, then the physics engine verifies each result and
discards invalid ones.
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M =(0,A,D,T) | O:object assets, A:agent, D:dynamics operator, T:task
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Imagination — Policy learning
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Problem

= Data Requirement — Data-driven world models need many trajectories and break outside their training

domain

= Dreamer V2 gets only 1% push success from 100 trajectories — prediction collapses out of distribution.
= Solution: World model = differentiable physics o differentiable rendering. Only 10 physical scalars are unknown - one task-

agnostic push gives 97%.

= State-Estimation Dependency — A separate pose estimator leaks its error into the physics

= Prior identification must estimate object state first, and that error propagates straight into the parameters.
= Solution: 2DGS renders the simulated state into an image, so a pixel loss is optimized directly — no estimator.

= Residual Sim2Real Gap — The twin is inexact, and unconstrained randomization dulls the policy

= Partial, inaccurate observations leave a gap, yet wide domain randomization drops success to 33%.
= Solution: Digital cousins — perturb only physics and lighting #10% around the identified values - 97% in sim, 75% / 65% on the
real robot, no fine-tuning.
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Problem

= Spatial Grounding — Image-based world models don't understand 3D
= Pixel-space world models (iVideoGPT, UniSim) have no geometric structure, so they collapse under lighting, camera-pose, and

texture shifts and cannot localize objects precisely.
= Solution: Represent the world state as explicit 3D Gaussians instead of pixels — the model reasons directly in metric 3D space.

= Reconstruction Cost — 3D representations are far too slow for a world model
= NeRF and vanilla 3D-GS need per-scene optimization (~30k iterations), which cannot support model-based RL that imagines tens
of thousands of rollouts.
= Solution: Obtain Gaussians from a feed-forward reconstruction model (Splatt3R) in a single pass, then compress them with a 3D
Gaussian VAE into a fixed-length latent.
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Problem

= Long-Horizon Collapse — Autoregressive video generation drifts and breaks down
= Feeding consecutive frames as memory is redundant, so errors accumulate and the model collapses on long tasks.
= Solution: Sparse Memory — keep only randomly sampled past frames, drop about 80%. LIBERO-Long 30.8 - 73.0.

= 3D Grounding from One Camera — Single-view video cannot resolve depth and occlusion

= Mounting more cameras raises hardware cost, I/O bandwidth, and system complexity.
= Solution: Pre-train on multi-view video with ray direction maps; at deployment, depth-warp one RGB-D camera into rendered
views. 79.0 - 92.1.

= Multi-View Data Scarcity — Calibrated multi-camera robot data barely exists

= Public datasets are single-view only, and simulator data suffers the Sim2Real gap.
= Solution: EnerVerse-D — a data flywheel where the generator imagines missing views and 4D Gaussian Splatting enforces physical
consistency. Hallucination -40%.
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Thank you

Question & Disscusion
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