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Problem Formulation

¢+ Human Data —Imitation Learning—> Foundation Model
+ Generalizability

¢ |[nputs — Outputs
¢ Language Instruction x RGB observation -> Actions

¢ Bimanual manipulation
+ More efficient/necessary
¢ Training paradigm
+ Given that the data of a specific robot are scarce,

¢ Pre-Training: large-scale multi-robot human demonstrations
+ Fine-Tuning: small dataset of the target dual-arm robot




Diffusion Modeling

¢ Multi-modality of human data
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¢+ To model p(a;|¢, o,)
+ An ideal choice: diffusion models
* Pros: expressiveness -> bimanual distribution, sampling quality

¢ Cons: slow sampling speed (for images/videos)
¢ Actions are of much lower dimension; this drawback is minor!




Encoding of Multi-Modal Inputs

¢ Encode inputs into a single latent space

¢ Low-dimensional:
¢+ MLP with Fourier Features -> high-frequency changes

¢ Image inputs:
¢ SigLIP -> extract spatial and semantic information
¢ Language inputs:
¢ T5-XXL -> overcome complexity and ambiguity
¢ Information Imbalance
¢+ Info(image) >> Info(language)
¢ Info(exterior camera) >> Info(wrist camera) Exterior
¢+ Random masking -> avoid shortcut learning




Network Structure

¢ Transformer backbone -> scalability

+ Key modifications
* QKNorm & RMSNorm

+ Avoid numerical overflow caused by
extreme values

+ Avoid token shift & attention shift caused by
LayerNorm [22]

+ W/o this -> unstable training

¢+ MLP Decoder
¢ Final linear layer -> MLP layer
* Nonlinear approximation ability {2
+ W/o this -> fail to perform dexterous tasks
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Training on Multi-Robot Data

¢ QOur approach
+ Aggregate all physical quantities for

manipulators to form a unified space
+ EEF, velocity, joint, wheeled locomotion,...
+ 128-dimensional unified action space

¢ Each dimension has its physical

meaning
¢ Can learn shared physical laws across

various robotic datasets
¢+ No normalization
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Pre-Training and Fine-Tuning

¢ Pre-Training
+ Thanks to the unified space,
¢ 46 datasets of various robots, 1M+ demos, 21TB

¢ Fine-Tuning
¢ To enhance bimanual capability

* We collect a high-quality dataset,
¢ Quantity: 6K+ demos, one of the largest
¢+ Comprehensiveness: 300+ challenging tasks
+ Diversity: 100+ objects, 15+ rooms with different lighting conditions




Experiments

¢+ Q1: Can RDT zero-shot generalize to unseen objects or

unseen scenes?
All with 3x speed
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Experiments

+ Q1: Can RDT zero-shot generalize to unseen objects or
unseen scenes?

ROBOTICS DIFFUSION TRANSFORMER-1B ““‘l‘“iiil""."

PLEASE ENTER YOUR INSTRUCTION NOW

INSTRUCTION:
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Experiments

+ Q2: How effective is RDT’s zero-shot instruction-following
capability for unseen modalities?

¢ "one-third" and "two-thirds” are unseen during training
¢+ The model has only seen “little” , "half” , and “full” in the instruction

+ Ground the Ianguage concepts to the height in the physical world




Experiments

+ Q3: Can RDT facilitate few-shot learning for previously
unseen skills?

5-demo imitation learning (4x speed) 1-demo imitation learning (2x speed)
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Experiments

+ Q3: Can RDT facilitate few-shot learning for previously
unseen skills?

+ |t is really challenging for baselines...
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Experiments

¢ Q4: Is RDT capable of completing tasks that require
delicate operations?

ROBOTICS DIFFUSION TRANSFORMER-1B
PLEASE ENTER YOUR INSTRUCTION NOW

INSTRUCTION:
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Thank You!

Website: https://rdt-robotics.github.io/rdt-robotics/

Paper: https://arxiv.org/pdf/2410.07864

Code: https://github.com/thu-ml/RoboticsDiffusionTransformer
Model: https://huggingface.co/robotics-diffusion-transformer/rdt-1b
Discord: https://discord.gg/vsZS3zmf9A
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