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Overview and Contributions

 Multimodal Tactile Policy Learning for Dexterous Manipulation The framework uses a two-stage 
teacher–student learning pipeline. In 
Stage 1, a privileged teacher policy is 
trained in simulation using privilige 
information that is not available on the 
real robot. The extrinsic encoder maps 
these privileged variables to a latent 
representation, which is used by the 
base policy to learn contact-rich 
manipulation behaviours.

In Stage 2, the base policy is copied and 
frozen. The proposed PETS-Net 
replaces the privileged encoder and 
predicts the latent representation from 
real-world-available observations, 
including proprioceptive history and 
tactile observations such as contact 
depth and tactile flow. PETS-Net is 
trained to match the teacher latent 
representation, enabling the student 
policy to use dense multimodal tactile 
feedback without requiring privileged 
simulation states during deployment.

1. A GPU-based and scalable multimodal tactile 
simulation framework

2. A new simulated tactile modality for shear-
relevant contact interaction: Optical-based 
Tactile Flow

3. A diverse suite of tactile robotic manipulation 
environments

4. A sample-efficient policy architecture for 
proprioceptive-history and tactile-observation 
fusion

5. An extended real-to-sim tactile transfer 
method for multimodal tactile observations

6. Real-world deployment of TactileLab-trained 
policies

Preliminary Experimental Results

• Left: High-dimensional tactile observations improve student distillation. Depth and tactile flow outperform 
proprioception-only [2] and low-dimensional contact [3] baselines, while combining low-dimensional contact 
with depth and flow gives the best performance.

• Middle: Positional Encoding (PE) module improves learning from proprioceptive/action histories. Increasing 
the frequency bands generally improves distillation efficiency compared with no positional encoding.

• Right: The Temporal-Spatial (TS) architecture is essential for high-dimensional tactile inputs. Temporal-only 
processing of stacked images fails to distill the teacher effectively, while combining spatial tactile encoding 
with temporal aggregation gives the strongest result.
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