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Planned Evaluation

» Object Manipulation important for task solving
» Rigid objects

The YCB object dataset[Cal+15].
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Introduction

Introduction

» Object Manipulation important for task solving

» Deformable objects

Elasto-plastic Mixture

Deformable Objects supported by DaxBench[Che+22].

» Rope manipulation, articulated objects

» Focus on elasto-plastic material (dough)

k — Robotic Dough Shaping
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Matl C. & Bajcsy, R. (2021)

Related Work Method Planned Evaluation

Deformable Elasto-Plastic Object Shaping using an Elastic Hand and
Model-Based Reinforcement Learning[MB21]

» Rolling dough with elastic end robotic arm
effector

cloud

clastic sleeve
elasto-plastic dough
elastic hand

» Dynamics model from random
exploration

» Bounding box from point depth camera -

parallel jaw gripper

Results: RL > heuristic sampling > random sampling
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Ondras et al. (2022)

Related Work

Robotic Dough Shaping[Ond+22]

» Playdoh, Plasticine, Kinetic
sand; WidowX-250

> Flatten into target circle
» Heuristic methods only
> Highest point to edge
> Center to missing area
» Shrink when dough overlaps
> etc.
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Shi et al. (2022)

Introduction Related Work

RoboCraft: Learning to See, Simulate, and Shape Elasto-Plastic
Objects with Graph Networks[Shi+22]

» Two finger dough shaping into
alphabet letters

» Perceive dough shape via

point cloud
» Train graph NN as dynamics
model (6000 samples) Dynamics
oa)wi ;>
- it — e — e
Gradient Descent > Human > RL - ‘A,,Et, K.:H
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Shi et al. (2023)

Related Work

RoboCook: Long-Horizon Elasto-Plastic Object Manipulation with
Diverse Tools[Shi+23]

Initial state

Circle cutter Pusher Skin spatula Filling spatula Hook Final state

> 15 tools - 15 GNNs » Policy uses state + tool
» PointNet predicts best tool » Robustly making dumplings
(self-supervised classifier) and alphabet letters
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You et al. (2023)

Related Work

Make a Donut: Language-Guided Hierarchical EMD-Space Planning for
Zero-shot Deformable Object Manipulation[You+23]

LLM-guided multi-tool planning

User input prompt

Tool Description: o

- Knife: it can cut the dough in - Initial
haffntotwo pieces the cut s Tool state
done on x axis.. descriptions
- Gripper. ..

- Rolling pin: ...
Note: }(;“i ding Diff. physics & dense corr.

Stage 1: Flatten dough | Stage 2: Create a hole [REAIUbotCTecton]
using Rolling pin using Pole

Tool name: [Rolling pin] || Tool name: [Pole]
Shape Python Code: .. _ || Shape Python Code: .

Single-tool EMD
space planning

- Use numpy to generate the
point clouds for each subgoal..

e I | i g
> LLM plans by outputing

» Compares against GD,

> Tool
» Point cloud code Bas T BEaoAS

> 5 attempts at making a

» Diff. physics to sh
iff. physics to shape donut, baguette, 2 pancakes

dough using predicted tool

F. Wieczorek — Robotic Dough Shaping 10/32



Table of Contents

Introduction d V

Method Planned Evaluation Conclusion

Method
Goal and Setup
Data Augmentation
Training

F. Wieczorek — Robotic Dough Shaping



Introduction Related Work Method Planned Evaluation Conclusion

F. Wieczorek — Robotic Dough Shaping 12/32



Goal

Introduction Rela Method

» Dough shaping on real robot
» Only pixel inputs

> Leverage existing Offline RL
methods

F. Wieczorek — Robotic Dough Shaping

Planned Evaluation Conclusion

Red line indicates the target shape.




Introduction Rela Method Planned Evaluation Conclusion

> URb, Robotiq 3-finger gripper

» Input: RGB camera
(128x128x3)

» Action: 4D vector

> relative y translation
> relative z translation
» relative finger distance
» relative rotation along z-axis
(-90°, 0°, 90°)
» dough is not fixed

Example input image. The magenta line indi-
cates the target shape. The white line indicates

the detected shape.
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Setup

Introduction Related Work Method Planned Evaluation Conclusion References

» 3D printed fingers, Taped surface
> Prevent dough from sticking to robot

» Unicolored background for less visual disturbances
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Method Overview

Method

[ 4
1 i —
<> Traditional Model-based —
2 '/, augmentation = augmentation 7/,
—_— , -—
0 [ ]
| 1 :
3. : :

- Offline Reinforcement Learning <~
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Data Collection

<> Playdoh Control Panel

Clear | Pinch factor

Draw

Method

Orientation

-90° ®10° () +90°

Wieczorek




Data Collection

Introduction Related Work Method Planned Evaluation Conclusion References

Turn 10 Score: 14 Total: 156

» Gamification approach
» Currently 2400 samples - desired 10000 samples
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Data Augmentation

Introduction Rela Method Planned Evaluation Conclusion

» Data Augmentation in RL shown to be effective[KYF20]
P Traditional Augmentations

» Random Resize Crop, Color Jitter, Noise, Flip, Rotate, ...
> Model-Based Augmentations

» Modify actions of a trajectory

Cutout

Translate Window

Grayscale

Augmentations applied
consistently across
stacked frames

Cutout-color

)./ >

E

Examples of traditional augmentations[Las+20].

Use augmentations to increase buffer size by factor 10
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Data Augmentation - Traditional

» Random crop with scaled actions[Las+20]
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Model-Based Augmentation

Learned model for complex augmentations

> Model based RL often online
» Often employ autoencoder to construct latent space
P> Image quality not primary interest

(MWM) True

Predicted Predicted Recon

(Dreamer) (MWM)

From 'Masked World Models for Visual Control'[Seo+22].
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Model-Based Augmentation - Dynamics Model

o) Position
> Encoding

Method

Channels out: 3 32 32 48 64 6

4
Legend: Conv2D Strided Conv2D Res-Block Strided ConvTranspose2D

» Conditional U-Net (2 Mio parameters)
» Used in Model-Based Reinforcement Learning for Atari [Kai+19]

» Trained using collected data + traditional augmentations
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Model-Based Augmentatlon - Dynamics Model

Introduction Related We Method Planned Evaluation Conclusion

Dynamics only

Problem J

Image error accumulates over subsequent steps

» Approach: diffusion
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Diffusion Model for Reprojection

Introduction Relate Method Planned Evaluation

Forward diffusion

Output image
from dynamics
model

» Use unconditioned diffusion model to reproject predicted images

» Trained using collected data + traditional augmentations
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Method Planned Evaluation Conclusion

Dynamics only

Dynamics and diffusion
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Reward

Introduction Rela Method Planned Evaluation Conclusion

Examples that increase the reward.
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Training

Introduction Relate Method Planned Evaluation Conclusion

» d3rlpy benchmark framework[SI21]
» Implicit Q-Learning[KNL21]

actorJoss oI il L qloss oo vioss oo

¥ x hctor x L3
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@

s 158
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Planned Evaluation

Introduction Related Work

Method Planned Evaluation Conclusion

Dynamics model

> Predict trajectories given 1st state and actions
» Compare predicted trajectories against the actual
P> image error - detected dough error

Policy

> Compare different buffers on same algorithm

» Fixed amount of steps

» Measure the relative reward improvement

» Compare against human performance
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Planned Evaluation
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Conclusion and Future Work

Introduction Related Wo Conclusion

Conclusions so far
P Existing approaches to dough shaping are specialized
» Hard to compare

» Setup being similar to existing pixel based RL benchmarks

» Dynamics model can be used for data augmentation

What still needs to be done
» Collect full dataset (at least 12 participants)
> Evaluate
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More negative rewards in model-based augmentations
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Reward distribution over datasets with traditional (left) and model-based (right) augmentations.
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