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Acquire skills from the kinds of data that humans learn from
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Claim: Representation enables X-embodiment

Goal: Autonomously improve from own rollouts and failures
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Step-1
Pre-Training using Human Videos



Step-1: Pre-Training using Human Videos
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Step-2.1: Policy init
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Step-2.2: Adapt Dynamics & Value
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e Models don't transfer e  Use real robot practice
perfectly because robot data to ground the Al
bodies are different models
e Mistakes and biases only e Tune predictions to fit the
show up when testing on specific robot's unique
the real robot actions
J |

For each scene, we first use the pretrained affordance model from VidBot [8] to detect plausible
contact regions. We then select a target contact point and plan a pre-contact trajectory that moves
the gripper to the corresponding region while avoiding collisions. Once the gripper reaches the con-
tact region, we query the human-pretrained policy to generate the post-contact interaction trajectory.
The robot follows the predicted end-effector poses using its low-level controller, while the gripper is

smoothly adjusted along the trajectory to improve execution stability. This strategy separates coarse
contact acquisition from post-contact interaction, allowing the robot to explore semantically mean-
ingful behaviors even when the human-pretrained policy does not provide precise contact poses. The
collected rollouts contain both successful and failed interactions caused by robot-specific contacts,
dynamics, and scene configurations. We use these autonomous rollouts to adapt the dynamics and
value models before task-level self-improvement.
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Step-3
Iterative self improvement



Iterative Robot Self-Improvement Loop

Real Env.

f(apirm-1 | O1) Adv.-Cond.

Policy Update

Tret(@reyr—1 |0)) (1 | Alor, avipr—1))?

t+H—1
Aoy, apt4m-1) = Z re 4+ Vy(orrm) — Vi (oy)
e

Erpe s
Estimation Fine-tuning

Init with
Dynamics t::::j Dicte
Model fy

Deai)
S [ —
Model V, e
DGAC Module S




DGAC: Dynamics Guided Action Correction

Algorithm 1: Dynamics-Guided Action Cor-

Require: Policy 7, dynamics model f, value
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DGAC: Dynamics Guided Action Correction
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Figure 5: DGAC repairs failure-inducing actions from the original policy (top) by steering predicted futures
toward successful references (middle), and training on these corrections leads to successful rollouts (bottom).




Results

Socks Kitchen Microwave Table Basketball

Tl

i

Method | T T2 T3 T4 T5 | Avg
Expert BC | 33.3 467 467 400 400 | 413 -
: , = 5
SWIM [62] | 53.3 400 467 467  60.0 | 49.3 mo.5 + SFT | 60.0 400 66.7 | 62.7

]
LPB[63] | 533 400 667 800 60.0 | 60.0 0.5 +RECAP' | 66.7 667 733 533 80.0 | 68.0
AWR [61] 533 533 80.0 60.0 533 60.0 7o.5 + DGAC 933 86.7 86.7 86.7 86.7 88.0
] X
]

Method | T1 Avg.

RECAP' [2] | 600 533 733 533 667 | 613 i T ———
RISE' [3] | 867 600 733 80.0 80.0 | 76.0 Ours | 86.7 80.0 800 933 867 | 853
Ours | 867 800 80.0 933 867 | 853 - -

Table 3: Success rates (%) of the baseline policy 7.5
under different policy improvement schemes. ': no
T5: Basketball. T: no human-intervened corrections. human-intervened corrections.

Table 1: Benchmark evaluated on success rate (%).
T1: Socks, T2: Kitchen, T3: Microwave, T4: Table,
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Ablations

For module specific ablations.
Please refer to the paper.



Limitations & Future Work

o1

Human Supervision

° Relies on human annotations
for rollout outcomes

° Needs foundation models
for automated feedback

02

Horizon Limits

e  Operates locally over
short-horizon action chunks

e  Requires extending to
longer-horizon dynamics

03

Pretraining & Scale

e  Scale pretraining to larger,
diverse datasets

e Improves generalization
across environments
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