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The Challenge Towards Robotic Foundation Models
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Different Domains / Tasks
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Different Embodiments

N I I S S S S S S S S S S S S S S B S S S S S S S S S -
h_—_—__—_—_—_—_—_—_—_—_—_—_—_

e e e e e e e e e e e e e e e e e e e e e e e e e e m e m m mm m mm m = = = = -

Different Sensor Modalities
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Heterogeneous Pre-trained Transformer (HPT)
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Heterogeneous Pre-trained Transformer (HPT)
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Data Mixture
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Pre-training: Scaling Data Quantity and Diversity
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Transfer to Embodiments in Simulation

Visualization Transfer Learning Loss
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More Experiments with State-of-The-Art Methods

, Real Robot Dataset
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Transfer to Embodiments in the Real World
Embodiment 1: Pet Care

Method Success (%)

From Scratch No Prop. 20.7x3.3 > train-from-scratch
From Scratch 43.3+3.8

R3M [44] 50.0=£3.0 does better than methods
Voltron [28] 46.7+3.8 that _ . v vic
VC-1 [40] 53319 ¢ thatpre-trains only vision
HPT-B Finetuned 70.0+£3.0 .

HPT-XL Finetuned 767433 |Proves with scale

Robust to disturbance, new objects, and camera movements



Please check our website and cod
https:/liruiw.github.io/hpt
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